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Abstract
Background: The European Commission is funding projects that aim to establish data-sharing platforms. These platforms are
envisioned to enhance and facilitate the international sharing of cohort data. Nevertheless, broad data sharing may be restricted
by the lack of adequate recognition for those who share data.
Objective: The aim of this study is to describe in depth the concerns about acquiring credit for data sharing within epidemiological
research.
Methods: A total of 17 participants linked to European Union–funded data-sharing platforms were recruited for a semistructured
interview. Transcripts were analyzed using inductive content analysis.
Results: Interviewees argued that data sharing within international projects could challenge authorship guidelines in multiple
ways. Some respondents considered that the acquisition of credit for articles with extensive author lists could be problematic in
some instances, such as for junior researchers. In addition, universities may be critical of researchers who share data more often
than leading research. Some considered that the evaluation system undervalues data generators and specialists. Respondents
generally looked favorably upon alternatives to the current evaluation system to potentially ameliorate these issues.
Conclusions: The evaluation system might impede data sharing because it mainly focuses on first and last authorship and
undervalues the contributor’s work. Further movement of crediting models toward contributorship could potentially address this
issue. Appropriate crediting mechanisms that are better aligned with the way science ought to be conducted in the future need to
be developed.
(J Med Internet Res 2022;24(1):e25983) doi:10.2196/25983
KEYWORDS
information dissemination; qualitative research; ethics; database management systems; cohort studies; science policy; incentives;
rewards

Introduction
Background
Data sharing in science maximizes the utility and impact of
cohort data and, therefore, contributes to improving clinical
practice and public health. In this paper, data sharing will be
https://www.jmir.org/2022/1/e25983
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considered as “making data available to other researchers for
carrying out scientific analyses.” This definition encompasses
not only the transfer of data out of the institution but also the
remote use of data from outside the institution (eg, through
federated analyses). Data sharing also increases the
accountability of researchers as others can rerun any analyses
that are published or use different methodologies to answer the
J Med Internet Res 2022 | vol. 24 | iss. 1 | e25983 | p.10
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same research question to replicate findings [1]. Furthermore,
data sets may be used to explore secondary hypotheses, for
meta-analyses within systematic reviews, or for educational
purposes [1]. Despite these advantages, academics from diverse
fields have emphasized that broad data sharing is impeded by
the lack of incentives for those who share data [2-5]. In this
context, incentives for researchers are often understood as
interventions that can stimulate researchers to engage in
particular behavior—here, open science practices. They may
compensate for the lack of recognition or rewards for those who
share their data. Empirical studies on data sharing indicate that
recognition and credit can be major concerns of researchers
[2,6-9]. The salience of granting due credit was also underlined
when the WorldWide Antimalarial Resistance Network data
platform became operational. Within the WorldWide
Antimalarial Resistance Network, many of those who generated
data within their local contexts (hereafter referred to as data
generators) only agreed to contribute after being offered
coauthorship on papers for downstream data use [10].
Offering coauthorship has become a commonly used means of
crediting data generators. Through this mechanism, the rising
prevalence of multi-cohort, multicenter studies has also been
driving authorship inflation over time and has contributed to
the phenomenon of hyperauthorship [11,12]. The term
hyperauthorship was coined in 2001 by Cronin [11], who used
it to refer to articles with “massive coauthorship levels” [12].
In this paper, hyperauthorship will be considered as >100
authors. However, the validity of traditional crediting models
has come under mounting pressure as it raises questions about
credit misconduct, accountability of authors, and the undue
influence of hyperauthorship on popular metrics of scientific
productivity [11-13]. Multiple scholars have suggested that
hyperauthorship has the double effect of multiplying the credit
attributed to the production of knowledge and fragmenting the
responsibility among all authors [13,14]. At the same time, the
academic reputation of all the authors may still be affected by
the errors or mistakes of 1 author, albeit the degree of impact
depends on the author’s position [15]. A recent survey found
that 46.6% and 37.9% of researchers reported having
encountered questionable or unethical behavior with regards to
author naming and ordering, respectively [16]. The highest
degrees of dissatisfaction with author order, ghost authorship,
and gift authorship are found among early-career academics
and within health sciences [16,17].
In response to both challenges, namely academic recognition
and accountability, alternative recognition approaches have
been proposed, such as through designations that elucidate the
contributions to scientific work in a more granular fashion
[18,19]. At the end of the 1990s, Rennie et al [14] argued in
favor of abandoning authorship and moving toward
contributorship, where all contributions would be disclosed.
Contributorship has the advantage of being able to more
adequately recognize specialist authors (ie, those authors who
contribute through 1 or 2 roles within research projects). In
parallel, expert groups providing advice to policy makers are
advocating moving away from commonly used and abused
metrics, such as H-index and the journal impact factor, toward
so-called responsible metrics [20]. The San Francisco
https://www.jmir.org/2022/1/e25983
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Declaration on Research Assessment and the Leiden Manifesto
for Research Metrics take similar positions on the development
of novel indicators of scientific productivity and underscore the
need to reconsider the relationship between quantitative
(indicators) and qualitative (judgment) aspects of evaluation
[21,22]. In recent years, these thoughts have started to gain
traction and have become incorporated within policy documents
on the open science agenda, such as documents of the working
expert groups and mutual learning exercises of the European
Commission [20,23-28]. Central to these documents is the
understanding that incentives partly drive the behavior of
scientists and that the installation of adequate incentives and
rewards is essential to achieve open science practices (including
greater data sharing).

Objective
Although perspective pieces on these issues are plentiful, few
qualitative studies have explored the views of scientists on
potential modifications of the recognition system. Colledge et
al [29] recorded the experiences of biobank stakeholders with
publication credit in collaborative research. Pinel [30,31]
described the dynamics of competition, credit, and financial
resources in collaborations in epigenetics based on an
ethnographic study. Sauerman et al [32] went further and
conducted a survey on researchers’ responses on the perceived
usefulness of contributorship statements for evaluation purposes,
in which qualitative data on researcher perspectives were also
collected. Empirical studies on data sharing and prior
experiences with contributing to data-sharing platforms indicate
that credit is an important factor. Therefore, our study explores
the perspectives of cohort holders and platform developers on
credit for data sharing and aims to describe concerns on this
issue in detail within the context of cohort research.
Furthermore, we asked researchers about their views on potential
alterations to the reward system and gave them the opportunity
to make suggestions for changes.

Methods
Overview
Qualitative methods were used to explore the views and opinions
of cohort holders and platform developers. Cohort holders were
understood to be those involved in generating the cohorts and
platform developers to be those involved in designing
data-sharing platforms. Most participants could be classified as
cohort holders or both cohort holders and platform developers.
They were recruited using a purposive sampling strategy that
explored 3 European projects creating data-sharing platforms
(euCanSHare [a European Union-Canada joint infrastructure
for next-generation multistudy heart research], Common
Infrastructure for National Cohorts in Europe, Canada, and
Africa, and EUCAN-Connect). These 3 projects are funded
under the same Horizon 2020 call. Contact persons for cohorts
within the euCanSHare consortium were identified via a list of
names acquired from the project manager and other lists found
on the web. Within euCanSHare, nearly all European cohorts
were contacted, except those for whom the principal investigator
had passed away or where multiple cohorts were managed by
the same center. Names of contact persons from the Common
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Infrastructure for National Cohorts in Europe, Canada, and
Africa and EUCAN-Connect consortium were acquired by
contacting the project coordinators or by querying the
participating cohorts in databases and registering the first or
last authors on cohort profiles or recent articles. Potential
interviewees were contacted via email. Interviews were
semistructured in nature and were conducted by TD using a
semistructured interview guide. The interview guide was
updated after conducting the first interview. Interviews were
audio recorded, transcribed verbatim, deidentified, and analyzed
using inductive content analysis in which content categories
were derived from the data rather than being predetermined
[33-35]. Transcripts were coded into narrow content categories
using NVivo 12 software (QSR International). Subsequently,
categories were compared, revised, and broadened through
iterative exploration of the excerpts, the coding scheme, and
the original transcripts. Upon completion, the coding scheme
and extracts were checked by MS for consistency and rationale.
The coding scheme was further revised upon receiving feedback.
All participants signed written informed consent. The interviews
were conducted on the web and recorded. In total, 17 interviews
were conducted: of these, 13 (76%) with cohorts affiliated with
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euCanSHare and 4 (24%) with the other data-sharing platforms.
The study was approved by the social and societal ethics
committee at Katholieke Universiteit Leuven (G-2018 10 1348).

Terminology
Cohort holders are those researchers who are apt at deciding on
the use of cohort data in research projects.
Data generators are those researchers who have been involved
in any aspect of the production of cohort data, such as
conception, data collection, or quality assurance.
Data contributors are those researchers who contribute data to
projects to be used by other scientists within the framework of
multicohort, multicenter studies.

Results
The subsections of the interview transcripts pertaining to credit
were classified into the following main categories: (1) authorship
attribution when sharing data, (2) authorship guidelines and
data sharing, (3) authorship and the academic evaluation system,
and (4) alternative crediting and recognition mechanisms. The
tree diagram for these categories is displayed in Figure 1.

Figure 1. Coding scheme for the interview data. CRediT: contributor roles taxonomy.

Authorship Attribution When Sharing Data
Most interviewees communicated that the sharing of data was
usually rewarded with authorship. A minority of interviewees
considered that they or persons within their research team did
not need to be authors when sharing data but required formal
citation (eg, through cohort profiles) or acknowledgment of the
cohort. Most respondents stated that they only shared data when
collaborating on downstream analyses and that the involvement
of researchers affiliated with the study was required:
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In general, [the researchers collecting] the cohorts
are interested in sharing their data and participating
in the analysis [...] They have created their cohorts
for research and [...] they want to be part of the
research and therefore authorship is important [...]
In general, [researchers will not share if they do not
get the opportunity to participate in the analysis]. It
varies very much from center to center. [Interviewee
1]
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Interviewees explained that, within research consortia, various
modes of working could be adopted. Within some consortia,
all participating research teams are able to suggest proposals
for analyses. First, the scientific validity of a research proposal
would be reviewed by a central committee associated with the
consortium. If it passed this stage, it would be subsequently
distributed to all groups in the consortium whose data are to be
used in the requested analysis. All these groups would then be
offered the opportunity to collaborate in the research project
and would have to explicitly confirm their participation. Several
rounds of drafting and circulation of the data analysis plan
among participants would follow, which allow active discussion
of methodology and technical details. In contrast, within larger
consortia, especially genetic research consortia, respondents
argued that it might not be possible to involve all data
contributors in the drafting of the data analysis plan. This created
some frustrations among interviewees, as they would not be
truly involved in the research:
Manuscript leaders should try to increase
transparency over all over the work that they are
doing because if I receive an advanced draft on a
very complicated genetic issue with forty tables only
in the supplementary material and maybe fifteen days
to provide the feedback, this means: Please do not
say anything, just check the affiliation [...] You cannot
have a strict law or rule but it is a gentlemen’s
agreement. [Interviewee 7]
Respondents argued that often 1 or 2 persons per cohort would
be allowed to become coauthors on resultant manuscripts. The
need to limit the number of coauthors on these articles was
mentioned by most respondents, and it was frequently referred
to as a balance between the number of authors and the due credit
to researchers for data production and sharing.

Authorship Guidelines and Data Sharing
The interviewees indicated that receiving approval and
comments from all coauthors was not straightforward. A
minority of interviewees brought up that, within consortia, the
discussion had arisen about whether researchers who have never
responded to emails requesting commentary should still be listed
as coauthors:
You send them the manuscript with the complete
analysis, written and ready to be submitted, asking
them to read and make comments. There are people
that in five, six years, have never answered. Not just
to comment but to say: “Okay, I received the
manuscript and this is okay for me.” [Interviewee 13]
Of the 17 respondents, 1 (6%) respondent argued that for older
cohorts, the researchers involved in the original data collection
might not be available anymore, for example, because of
retirement. This means that persons managing that cohort might
not have been involved in the acquisition of the original data.
This makes it more complicated for researchers to conform with
the first criterion of the International Committee for Medical
Journal Editors (ICMJE) guidelines, which stipulates that
authors need to have delivered “substantial contributions to the
conception or design of the work; or the acquisition, analysis,
or interpretation of data for the work” [36]. Nevertheless,
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interviewees described experiences where cohort holders simply
requested coauthorship regardless of compliance with the
authorship guidelines.
Of the 17 respondents, 1 (6%) respondent pointed out that
limiting the number of coauthors per cohort might mean that
some researchers who have contributed are not recognized. At
the same time, if a center contributes multiple cohorts, more
names might be put on research articles than those that would
qualify for authorship:
It is also maybe a coincidence whose name will be
on this list. For example, if we have five cohorts in a
collaboration, then we can put ten names on the
article and the first two or three will be someone that
will actually have something to do with the data but
the last five or seven names will be like: pick one.
[Interviewee 11]
Respondents generally considered that for multi-authored papers,
the authors who contributed data could only be accountable for
their contributions rather than for the whole content of the paper
or papers. This means that authors must be able to vouch for
the integrity of the data and the proper conduct of any analyses
that were performed locally. They can also review the
manuscript for overinterpretations, errors in the background
information, and an accurate description of the cohort itself.
Respondents mentioned that, apart from their own contributions,
one should simply put trust in others. Notably, a respondent
referred to the need to have data contributors as coauthors, as
the group leading the analysis cannot take responsibility for the
proper handling of the data if they do not understand the
particularities of the data.
Interviewees considered that data contributors might not be able
to exert sufficient influence to correct potential errors in the
manuscript or request additional analyses. Mistakes in the
reporting of the cohort might reveal that data were incorrectly
handled; however, redoing the analysis and reworking the tables
could be very time consuming and substantially delay
publication. Researchers might be disincentivized to comment
if they anticipate that their views will not be duly considered
or if they feel that others might blame them for causing time
delays. Those leading the analysis might give little weight to
comments if these comments are not shared by other researchers.

Authorship and the Academic Evaluation System
The aforementioned difficulties with claiming authorship and
responsibility might create problems for acquiring recognition:
if authorship is considered unjustified or too easily obtained, it
loses its value. Most respondents argued that, for evaluation
purposes, the first and last authors are considered to be most
important, with little focus on other positions. Although some
respondents stated that they were not considered for evaluation
purposes at all, others expressed confidence in the first, last,
and middle authorship being appropriately weighted. Of the 17
interviewees, 3 (18%) reported experiences with funders or
evaluation panels being critical of a large number of papers with
extensive author lists and that these funders and evaluations
panels would not recognize the value in such authorship when
no specific evidential contributions were reported:
J Med Internet Res 2022 | vol. 24 | iss. 1 | e25983 | p.13
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
When I tried to become a research director, it was
good that I valorized the data and the fact that I had
many publications thanks to this, contributed to me
to go through the first step so my file was selected
[and] I could defend my project in front of the jury.
But once I was [there] the [fact] that I was mainly
sharing data and not conducting my own scientific
projects was a very bad thing. [...] I had difficulties
defending [these actions] because it seemed that I
was just a platform and not really directing some
important research. [Interviewee 16]
Interviewees raised concerns over the lack of recognition for
data generators and researchers with specialized roles within
our current system. According to these interviewees, the
recognition system in academia is geared primarily toward
clinical researchers and less toward other types of researchers
such as statisticians and data generators:
Researchers who contribute through data sharing or
the creation of data that then others use, I think that
needs to be acknowledged and is not really
acknowledged in the middle of a paper. [...] There is
a need to be able to recognize people who are doing
more of the hands-on work, the less research-type
work, they are building the resource. That is not
recognized to the same extent as then using the data
and scientific output. [...] [I would prefer] if funders
were more willing to fund support persons rather than
just research, post-docs and clinical [persons] who
all have the incentive to publish in the first and last
authorship role. [Interviewee 12]
Respondents argued that junior researchers are disadvantaged
by this system, as they are in need of publications in which they
are the first author. They are often not experienced enough to
lead the analysis of a large number of cohorts, and when
collaborating, they would only be in positions where their work
remains largely unrecognized. In addition, junior researchers
might intend to perform a similar analysis on local cohort data
as planned by the consortium, which would threaten their
publication opportunities. At the same time, it is often the junior
researchers who might have dedicated a substantial part of their
time to collecting data or performing quality assurance.
Despite the difficulties surrounding authorship in terms of
attribution, accountability, and credit, most interviewees
generally stated that they were satisfied with the ICMJE or
Vancouver guidelines and considered that they form an
appropriate basis for discussing authorship disputes. Many
respondents held pragmatic views on offering authorship, which,
they argued, recognizes scientific work or stimulates data
sharing to the benefit of science. Among the interviewees who
suggested changes, two opposing views could be identified: (1)
authorship should be more inclusive of data generators and
those in supporting roles and (2) authorship should be only for
those who have actively and intellectually contributed to the
analysis. Adherents to the former view based their argumentation
on the inequity of unrecognized work by specialists or data
generators. Adherents to the latter view based their
argumentation primarily on authorship losing its value or going
against what it used to be.
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Alternative Crediting and Recognition Mechanisms
Contributor Roles Taxonomy and Data Authorship
Researchers were asked to state their opinions on multiple
proposals to reform the academic recognition system. Most
respondents declared their willingness to explore alternatives
to authorship, such as the specification of contributorship roles.
Respondents considered that this could resolve the concerns
around accountability to display that one has contributed
substantially to articles with extensive author lists and allow
better recognition of specialized researchers, such as those
contributing to only 1 or 2 tasks within large collaborations.
The principal downsides perceived by participants were related
to increased bureaucracy and complexity for evaluation
purposes. Some argued that contributor roles taxonomy
(CRediT) could disincentivize credit misconduct by forcing
authors to declare their contributions, whereas others argued
that it does not make a difference, as boxes may be very easily
ticked without subsequent verification. Of the 17 respondents,
1 (6%) respondent stated that when data were generated, the
name of the data generator was added to the code. This concept
of data authorship can then make persons eligible for authorship
when the said data are reused. Although respondents were
generally open to alternatives, many explained that their views
would depend on the manner in which these systems are
eventually used for evaluation purposes:
[CRediT] is an interesting concept. It has some
potential. On the other hand, I would not like to see
things getting to complicated, too long lists, different
alternatives. There are then differences in how people
in different countries interpret those boxes [with
different roles]. It might be good but it should be kept
relatively short and relatively clear. [Interviewee 2]
Nevertheless, some respondents considered that the lack of
recognition of these categories by universities and funders could
create barriers to contributing to research. Researchers might
be dissuaded from engaging in activities that do not provide
credit:
The introduction of non-author contributors was a
very big step forward. Now the problem is within the
scientific community, some universities whose actions
are telling [you] that your work is recognized only if
you are an author. They create barriers for the
researchers to contribute to research. [Interviewee
1]

Certification Systems, Data-Level Metrics, and
Alternative Publication Units
In addition to these designations related to publications,
interviewees suggested several systems to confer greater credit
upon those who generate valuable data. Of the 17 respondents,
1 (6%) respondent argued that recognition systems could be set
up by funders or institutions to recognize the broader merit of
cohort studies, such as the way in which it actively involves
participants, the quality of the data collection, and the way in
which it disseminates relevant expertise. Such a certification
system could include evaluating study practices according to
internationally recognized criteria.
J Med Internet Res 2022 | vol. 24 | iss. 1 | e25983 | p.14
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Approximately 18% (3/17) of participants argued in favor of
the implementation of data-level metrics related primarily to
either data quality or data use. Of the 17 interviewees, 1 (6%)
interviewee argued that funders should shift toward indicators
of high-quality data earlier in the process of data generation,
which compares data with a fixed set of quality indicators. Other
interviewees considered such metrics to be highly context
dependent, not always useful for evaluation purposes, or to
potentially instigate undesirable modes of competition (eg, by
stimulating untruthful behavior). Some respondents considered
that data use metrics could be relevant for decision-making. For
example, they could be used to create data set profiles displaying
collaborative sharing, data contribution, and sharing for
educational and training purposes or partnerships with institutes
in other countries.
Of the 17 participants, 1 (6%) participant argued in favor of
publishing other publication units, such as the data dictionary
and study protocol, in dedicated journals. Data generators are
then to be evaluated based on the outputs that are more directly
related to their work.

Discussion
Principal Findings
Our study indicates that granting authorship is commonly used
to reward those who produce and share data. However, there is
substantial divergence in the degree of involvement, from being
actively involved in drafting data analysis plans or performing
local analyses to sharing data without subsequent involvement
in downstream analysis. When sharing data, the number of
authors per cohort may be restricted to keep author lists more
concise. Multiple challenges can arise with regards to the
application of the ICMJE guidelines, such as when collaborators
do not respond to requests for revision of manuscripts or when
researchers who collected the data have already retired. It can
be difficult to acquire credit for papers with extensive author
lists if evaluation procedures for tenure or funding acquisition
put excessive focus on first or last authorship. Those scientists
in roles that are more prone to end up in middle author positions
may be disadvantaged. Furthermore, researchers may be, in
some instances, criticized for spending too much time on sharing
data rather than leading the research themselves. Researchers
look upon alternative crediting systems as potential solutions
for addressing concerns over accountability or credit but refrain
from supporting these endeavors wholeheartedly when the
details of their implementation and its consequences remain
unclear.

Comparison With Previous Work
To some extent, academic credit influences researchers’
decisions to share data and the manner in which the sharing
takes place. As interviewees indicated, there is an opportunity
cost associated with spending time on data sharing, as this time
could be spent on leading research projects instead. If data
sharing is supported by a dedicated staff (eg, for data
harmonization) or if administrative procedures are centralized,
this factor would become less important. The choice between
the 2 activities will then be partly influenced by the perception
of rewards for data sharing in comparison with data analysis.
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If evaluation systems, formally through metrics or informally
through qualitative evaluation, are tailored to primarily evaluate
data analysis, the use of (local) resources could be considered
more rewarding than contributing to collaborative work.
Tornetta et al [37] described this dilemma between publishing
smaller, less clinically relevant studies based on local data or
contributing to large research groups and potentially
jeopardizing one’s career. In contrast, Pinel [30,31] emphasizes
the collaborative imperative in contemporary medical science
but argues that engaging in collaborative work (eg, by joining
consortia) is accompanied by the monopolization of that data
and forced exclusion of outsiders. In addition to gaining credit
for data sharing, this suggests that data sharing may still serve
as the buy-in mechanism of acquiring access to high-quality
data of others (either through reciprocal data sharing one on
one or in consortia).
Multiple scholars have voiced concerns over recognition systems
that may disincentivize scientists from contributing to
multicenter, multidisciplinary research [13,37-39]. A recent
analysis of guidelines for promotion within biomedical faculties
revealed that few universities mention middle authorship or
data sharing as valuable criteria [40]. Within biomedical
sciences, special significance is often attached to first and last
authorship, with the exception of large collaborations where
more focus is on the ones in the beginning (eg, first and second)
and the end of the authorship list (last and second-to-last) [41].
However, Mongeon et al [42] found that, for biomedical sciences
and clinical medicine, the fraction of middle authors in an article
is not connected to the total number of coauthors, implying that
authorship inflation is not only because of an increase in the
number of specialized contributions (eg, those who only
contribute data). At the same time, clinical research and
biomedical sciences possess a great degree of division of labor,
with many researchers contributing to only 1 or 2 specific tasks
[13,43]. These results suggest that focusing exclusively on first
or last authorship for evaluation purposes could be detrimental
to those authors who contributed to many tasks but do not take
the first or last position and those who make many specialized
contributions to various articles. Mazumdar et al [44] argued
that the focus on first authorship is suitable for evaluating the
work of small research groups, yet that this can be a
disadvantage to typical team scientists, such as biostatisticians.
Researchers may consider that certain types of contributions
tend to be undervalued, such as technical analysis, model
creation, and statistical analysis [45]. Through ethnographic
studies, Pinel [30,31] describes the process in (epigenetic) cohort
research, where PhD candidates and research nurses (and to
some extent, postdoc holders) are involved in the invisible
processes of data production, data curation, and housekeeping
jobs of the laboratory. Pinel et al [46] criticize that engaging in
these tasks has low prestige and is perceived as taking away
from the real science and writing of publications. As suggested
during the interviews, last authorship is considered particularly
important for tenure as it emphasizes the independence of the
researcher. Soares [47] has criticized the practice of attributing
too much weight to independence as a criterion and
misrecognizing the existing interdependence between
researchers within collaborative work. The fact that many
proposals for alternative crediting systems capitalize upon the
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perceived lack of recognition for specialized contributors merely
underscores the salience of these issues [48].
One such crediting system that has substantially influenced
authorship and gained popularity is contributorship. In the late
1990s, Rennie et al [14] proposed abandoning authorship and
adopting contributorship in response to (1) changes in authorship
practices and the way scientific research is conducted, (2)
concerns about the dilution of accountability of authors, and
(3) as an attempt to recognize all the authors who contributed
more equitably. Contributors would simply be those who have
contributed substantially and agree to take responsibility for the
contribution without having to be involved in writing or revising
the manuscript. In addition, guarantorship would be introduced,
which refers to those who have contributed substantially to the
article and have made efforts to organize, oversee, and
double-check the integrity of the work [14]. Although its
adoption was initially limited, it has become increasingly
common in journals in the field of biomedicine over time. In
2015, the CRediT was introduced to standardize contributorship
statements [49]. The use of CRediT has become more common
in recent years and is anticipated to increase substantially in the
near future [50]. The use of CRediT is argued to have
advantages such as enabling meta-research programs, reducing
credit misconduct, facilitating cross-disciplinary collaboration,
and appropriately recognizing specialist roles and the
contribution of software or data [18]. Within this interview
study, researchers looked positively upon contributorship to
elucidate who has contributed what to the research article,
facilitate acquiring credit for specialists, and designate
accountability. Along the same lines, Sauermann and Haeussler
[32] found in their survey that >90% of researchers consider
that contributorship statements add at least some additional
information, with 40% seeing considerable or much additional
information. They also found that 45% of respondents favor
authorship order for the evaluation of researchers, whereas 18%
would give greater weight to contributorship statements, with
junior scientists attributing comparatively more weight to
contributorship statements than senior scientists [32]. The lack
of necessity, increased bureaucracy, divergent interpretation of
roles across groups, lack of universal adoption, difficulty in
accessing aggregate data, and the inability to divide teamwork
were touched upon at least once during the interviews. The
supplementary data of the survey by Sauermann and Haeussler
[32] revealed similar concerns of scientists, with the addition
of lack of detail (eg, weight or categories), risk of introducing
conflict, and lack of experience in using alternative schemes
for evaluation. Despite these potential drawbacks,
contributorship could still evolve over time. For example, some
scholars argued in favor of contributorship statements indicating
both absolute (ie, form) and relative contributions (ie,
weightage) [32,41,51]. CRediT could also evolve as science
progresses or could be tailored to become discipline specific
[50]. McNutt et al [52] recommended that authorship roles be
embedded within author metadata to allow indexing and
abstracting, which would facilitate their use for evaluation
purposes.
The opposing views put forward by interviewees that authorship
should (1) reaffirm its more traditional meaning by
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encompassing only those who have contributed intellectually
to the analysis or (2) be expanded to include data generators
and those in supporting roles should be understood from the
history and evolution of data sharing within the ICMJE
guidelines. Before the 2000s, the first criterion of the ICMJE
guidelines stated that acquiring authorship required “substantial
contributions to (1) conception and design, or analysis and
interpretation of data” whereas explicitly stating that the
collection of data itself did not justify authorship [53]. In May
2000, the guidelines were revised, and the acquisition of data
was added to the first criterion [54]. In the version of August
2013, the statement that the collection of data itself does not
merit authorship was omitted [55]. Finally, in 2017, the
guidelines stipulated that data generation and sharing deserve
substantial credit; data generators must be given the opportunity
to collaborate; and if this is impossible, unpractical, or
undesirable, the efforts of those who shared data should still be
recognized [56]. A comparable reversal can be observed in the
notion of accountability. Before the 2000s, all authors were
responsible for the entirety of the work [53]. In May 2000,
authors became responsible for “appropriate portions of the
text” [54]. As of August 2013, authors are accountable for the
parts of the work that they had performed and for which they
needed confidence in the contributions of others [55]. Thus, the
conception of authorship-worthy contributions has broadened
to encompass data sharing, whereas the notion of accountability
has narrowed to resolve the problems created by far-reaching
specializations in science. In this sense, authorship has edged
closer to contributorship over the past 20 years. With this
understanding, the normative positions taken by interviewees
on authorship simply reflect support for or opposition to this
shift. It remains uncertain what the precise connection will be
between authorship and contributorship in the future. As Smith
and Master [43] have argued, perhaps contributorship will not
replace authorship but will become the basis for it.
Finally, any reformation of the academic evaluation system
should consider how research pipelines will commonly be
organized in the future. A true shift from local to big data
epidemiology could entail fundamental policy changes, such
as more emphasis on centrally driven initiatives, fewer
population studies being supported, or dedicated funding streams
for data analysis [57,58]. Therefore, commentators have raised
questions about how the academic interests of original
investigators and data analysts will be balanced in the future
and how participation in multicenter, international
epidemiological studies would be seen in terms of career
advancement [57,58]. Some have expressed concerns that the
shift toward big data epidemiology will preclude junior
researchers from opportunities in first-author articles or that
credit and resources will be accumulated (ie, the Matthew effect)
in fewer hands [59,60]. Contributions to data-sharing platforms
are not disconnected from this social reality of academia, where
academic competition and the acquisition of credit partly
influence researchers’ behavior. Therefore, it remains essential
that robust science policies, including sound recognition
systems, can support these platforms to ensure that their full
potential is realized.
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Limitations
Many of the recruited interviewees actively participated in
collaborative research within the existing consortia. Therefore,
positive experiences with such modes of working may have
steered the opinions in favor of active collaboration. With
cohorts outside of euCanSHare, interviewees held more
heterogeneous views, especially when data generation was
funded for the principal purpose of sharing data broadly, when
already having experiences with progressive evaluation criteria,
or when faced with higher degrees of centralization of research
governance. As such, the discussion on incentives for data
sharing is likely to be highly context dependent, with cultural
differences existing even within different branches of cohort
research and researchers being subject to different national,
institutional, or departmental regulations and rules. This
interview study probed the views of researchers on novel
crediting systems while providing a minimal explanation of
recent evolutions in terms of authorship, contributorship, other
crediting systems, or their place within the open science agenda.
Therefore, engaging with researchers in deliberation, where the
flaws of science policy, the history of particular initiatives, the

Devriendt et al
strengths and shortcomings, and policy evolutions in open
science are explained, may still shift opinions.

Conclusions
The acquisition of credit influences the degree and mode of
sharing. The evaluation system might impede data sharing
through the undervaluation of scientific work as contributors.
The challenges posed by an increase in collaborative science
led to the suggestion of adopting contributorship. Subsequently,
the authorship model has changed positions on accountability
and credit for data production and sharing, whereas
contributorship has become standardized and increasingly
common. These evolutions underscore the salience of providing
due credit to data generators and team scientists. Contributorship
statements may be able to better support recognition systems
for data-intensive and collaborative science. Contributorship
may further evolve by becoming discipline specific,
incorporating relative weight or allowing indexation.
Researchers might accept further movement toward
contributorship, although the final test will be its utility for
evaluation purposes.
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Abstract
Background: Numerous wrist-wearable devices to measure physical activity are currently available, but there is a need to unify
the evidence on how they compare in terms of acceptability and accuracy.
Objective: The aim of this study is to perform a systematic review of the literature to assess the accuracy and acceptability
(willingness to use the device for the task it is designed to support) of wrist-wearable activity trackers.
Methods: We searched MEDLINE, Embase, the Cochrane Central Register of Controlled Trials, and SPORTDiscus for studies
measuring physical activity in the general population using wrist-wearable activity trackers. We screened articles for inclusion
and, for the included studies, reported data on the studies’ setting and population, outcome measured, and risk of bias.
Results: A total of 65 articles were included in our review. Accuracy was assessed for 14 different outcomes, which can be
classified in the following categories: count of specific activities (including step counts), time spent being active, intensity of
physical activity (including energy expenditure), heart rate, distance, and speed. Substantial clinical heterogeneity did not allow
us to perform a meta-analysis of the results. The outcomes assessed most frequently were step counts, heart rate, and energy
expenditure. For step counts, the Fitbit Charge (or the Fitbit Charge HR) had a mean absolute percentage error (MAPE) <25%
across 20 studies. For heart rate, the Apple Watch had a MAPE <10% in 2 studies. For energy expenditure, the MAPE was >30%
for all the brands, showing poor accuracy across devices. Acceptability was most frequently measured through data availability
and wearing time. Data availability was ≥75% for the Fitbit Charge HR, Fitbit Flex 2, and Garmin Vivofit. The wearing time was
89% for both the GENEActiv and Nike FuelBand.
Conclusions: The Fitbit Charge and Fitbit Charge HR were consistently shown to have a good accuracy for step counts and the
Apple Watch for measuring heart rate. None of the tested devices proved to be accurate in measuring energy expenditure. Efforts
should be made to reduce the heterogeneity among studies.
(J Med Internet Res 2022;24(1):e30791) doi:10.2196/30791
KEYWORDS
diagnosis; measurement; wrist-wearable devices; mobile phone
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Introduction
Background
Tracking, measuring, and documenting one’s physical activity
can be a way of monitoring and encouraging oneself to
participate in daily physical activity; increased activity is thought
to translate into important positive health outcomes, both
physical and mental [1]. In the past, most physical activity
tracking was done manually by oneself or an external assessor,
through records, logbooks, or using questionnaires. These are
indirect methods to quantify physical activity, meaning that
they do not measure movement directly as it occurs [2]. The
main disadvantages of such methods are the administrative
burden on either the self-assessor or the external assessor and
the potential imprecision because of recall bias [2,3]. Direct
methods to assess physical activity [2], such as accelerometers
or pedometers that digitally record movement, are preferred
because they eliminate recall bias and are convenient. This
process of activity tracking has become automated, accessible,
and digitized with wearable tracking technology such as
wristband sensors and smartwatches that can be linked to
computer apps on other devices such as smartphones, tablets,
and PCs. When data are uploaded to these devices, users can
review their physical activity log and potentially use this
feedback to make behavior changes with regard to physical
activity.
The ideal device should be acceptable to the end user,
affordable, easy to use, and accurate in measuring physical
activity. Accuracy can be defined as the closeness of the
measured value to the actual value. Accuracy can be calculated
using measures of agreement, sensitivity and specificity, receiver
operating characteristic curves, or absolute and percentage
differences [4]. Agreement can be defined as “the degree of
concordance between two or more sets of measurements” [5].
It can be measured as percentage agreement, that is, the
percentage of cases in which 2 methods of measurements of the
same variable lead to classification in the same category.
Another example of methods of calculating agreement is the κ
statistic, which measures agreement beyond chance [6].
Sensitivity and specificity are the true positive and true negative
proportions, respectively. These proportions are calculated using
the measurement method that we are evaluating as the index
test and another method, known to be accurate, as the reference
standard [4]. Receiver operating characteristic curves are
obtained plotting the sensitivity versus the complement of
specificity and can be used to find optimal cutoff points for the
index test. Absolute and percentage differences are used to
determine how far the index test measurement is from the
reference standard or their average [4]. Acceptability can be
widely defined as “the demonstrable willingness within a user
group to employ information technology for the task it is
designed to support” [7]. It can be assessed qualitatively (eg,
through questionnaires or interviews) or quantitatively (eg,
percentage of the time during which the device is worn or the
data are available or measured using ad hoc scales). On the basis
of a 2019 review, acceptability or acceptance of wrist-wearable
activity-tracking devices is dependent on the type of user and
context of use [8]. This same review indicates that research on
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accuracy has not kept up with the plethora of wearable physical
activity–tracking devices in the market [8]. This may be because
of the rapidly changing landscape as companies continue to
upgrade models with different technical specifications and
features. The purpose of this systematic review is to assess the
acceptability and accuracy of these wrist-wearable
activity-tracking devices through a focused in-depth review of
primary studies assessing these 2 characteristics.

Objectives
The first objective of this systematic review is to assess the
accuracy of wrist-wearable activity-tracking devices for
measuring physical activity.
The second objective is to assess the acceptability of
wrist-wearable activity-tracking devices for measuring physical
activity.

Methods
The methods used for this systematic review have been
registered in the PROSPERO database (CRD42019137420).

Search Strategy
The databases searched were MEDLINE, Embase, the Cochrane
Central Register of Controlled Trials, and SPORTDiscus from
inception to May 28, 2019. Search strategies were developed
to retrieve content on wearable activity trackers and on their
accuracy and reproducibility of results. We used search terms,
including Wearable device and Fitness tracker, to identity
studies on the use of a consumer-based wearable activity tracker,
whereas terms such as data accuracy and reproducibility of
results were included to bring in content focused on activity
tracker validation. The search strategy is available on the web
in the PROSPERO record. A snowball search was conducted
by checking the references of relevant studies and systematic
reviews on this topic that were identified in our original search.

Selection of Studies
For the acceptability objective, the population was the general
population, without sex or age restrictions. The intervention
was the use of a wrist-wearable activity tracker. The outcome
was any quantitative measure of acceptability, including wearing
time, data availability, and questionnaires to assess acceptability.
For the accuracy objective, the population was again the general
population, the index test had to be a wrist-wearable activity
tracker, and the reference standard could be another device or
any method used to measure physical activity, including
questionnaires and direct observation. The outcome could be
any measure of physical activity, including but not limited to
step count, heart rate, distance, speed, activity count, activity
time, and intensity of physical activity.
For both objectives, this review examined both research-grade
devices (activity trackers available only for research purposes)
and commercial devices (those available to the general public).
The included studies were limited to the community-based
everyday-life setting. Laboratory tests such as research studies
were included as long as everyday settings were reproduced,
thereby excluding patients who were institutionalized and those
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who were hospitalized. We set no restrictions on the length of
observation for the original studies.
The exclusion criteria included the following: device not worn
on the wrist, studies measuring sleep, and studies on patients
who were institutionalized or hospitalized.
All studies reporting primary data were considered for inclusion,
with the exception of case reports and case series.
Using the aforementioned inclusion and exclusion criteria and
a piloted form, we initially screened for inclusion from the titles
and abstracts of the retrieved articles, using the web-based
software Rayyan (Rayyan Systems Inc) [9]. Subsequently, we
screened the full texts of the studies identified as potentially
eligible from the title and abstract screening for selection.

Data Extraction and Risk-of-Bias Assessment
Data were extracted to an Excel (Microsoft Corp) file. The data
extraction form was based on a previous publication on the
same topic [8] and adapted to the needs of this review. The
following data were extracted: general study information: first
author’s name, publication year, type of study (prospective vs
retrospective and observational vs interventional), duration of
follow-up (in days), and setting (laboratory vs field);
characteristics of the population: number of participants,
underlying health condition (eg, healthy participants, people
with severe obesity, and chronic joint pain), gender, and age
distribution (mean and SD or median and minimum–maximum
or first and third quartiles); measures of accuracy: step count,
distance, speed, heart rate, activity count, time spent being
active, and intensity of physical activity; and acceptability of
the device, including but not limited to data availability, wearing
time, ease of use. The risk of bias was assessed using the Quality
Assessment of Diagnostic Accuracy Studies, version 2, tool
[10]. This tool guides the assessment of the risk of bias in
diagnostic accuracy studies in 4 domains: patient selection,
index test, reference standard, and flow and timing. We rated
the risk of bias in each domain as High, Probably high, Probably
low, and Low. When necessary, the study authors were contacted
for additional information.
Throughout title and abstract and full-text screening and the
data extraction, each step was performed in duplicate with 2
reviewers (NN and BAP) deciding independently on inclusion
or exclusion and, if needed, later having a discussion with
another author to make a final decision. Disagreements were
solved through discussion and, when needed, with the
intervention of a third reviewer (FG, VBD, or DP). The
reviewers were trained with calibration exercises until an
adequate performance was achieved for each of these steps.

Diagnostic Accuracy Measures
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not available, we extracted other measures in the following
order of priority: mean difference, mean bias (Bland–Altman),
accuracy determined through intraclass correlation coefficient,
and correlation coefficient (Pearson or Spearman). When the
outcome was dichotomized and sensitivity and specificity were
calculated, we reported on these values. When available, we
reported measures of variability or 95% CIs for all the
aforementioned measures. The formulas used for calculating
the MAPE, mean percentage error, mean difference, and mean
bias are reported in Multimedia Appendix 1 [11-75].

Synthesis of Results
Because of the significant heterogeneity observed in the studies’
populations, settings, devices assessed, reference standards,
outcomes assessed, and the outcome measures reported, we
decided not to perform a quantitative synthesis and have
provided a narrative synthesis of the results for both the
objectives. For the accuracy objective, given the high number
of studies retrieved, we summarized results only for devices
that were included in at least two studies reporting the same
outcome. All the remaining results are reported in Multimedia
Appendix 1.

Ethics Approval
This systematic review was based on published data and
therefore did not require a submission to a research ethics board.

Availability of Data and Materials
Most of the data that support the findings of this study are
available in Multimedia Appendix 1. A guide on how to use the
database provided in Multimedia Appendix 1 can be found in
Multimedia Appendix 2. The full data set can be made available
upon reasonable request.

Code Availability
This is not applicable to this systematic review because no
quantitative data synthesis was performed.

Results
Overview
The search identified 1633 records (1614, 98.84%, after the
removal of duplicates). The study flow diagram is presented in
Figure 1. After screening the full texts of 398 articles, 65
(16.3%) were included in the systematic review. The
characteristics of the included studies are summarized in Table
1 and Multimedia Appendix 3 [11-67] for the accuracy objective
and Table 2 for the acceptability objective. All the included
studies were single-center studies, with a prospective,
observational design. The complete results for accuracy and
acceptability have been reported in Multimedia Appendix 1.

When available, we extracted the mean absolute percentage
error (MAPE) or the mean percentage error. When these were
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2009 study flow diagram.
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Table 1. Characteristics of the studies reporting on accuracy (N=57).
First author, year

Setting

FUPa Sample, n Age
(years),
time,
mean
days
(SD)

Female,
%

Underlying health
condition

Outcome

Device brand and
model

Alharbi [11], 2016

Laboratory

<1

48

Patients undergoing
cardiac rehabilitation

Step count and

Fitbit Flex

48

66 (7)

MVPAb

Alsubheen [12],
2016

Field

5

13

40 (12)

38

Healthy

Step count and
energy expenditure

Garmin Vivofit

An [13], 2017

Laboratory
and field

1

35

31 (12)

51

Healthy

Step count

Fitbit Flex, Garmin
Vivofit, Polar Loop,
Basis B1 Band, Misfit
Shine, Jawbone UP24,
and Nike FuelBand
SE

An [14], 2017

Field

<1

62

24 (5)

40

Healthy

Active time

ActiGraph GT3X

Blondeel [15], 2018 Field

14

8

65 (8)

25

COPDc

Step count

Fitbit Alta

Boeselt [16], 2016

Field

3

20

66 (7)

15

COPD

Step count, energy expenditure,
and MVPA

Polar A300

Bruder [17], 2018

Laboratory
and field

395

32

—d

—

Rehabilitation after
radial fracture

Activity count

ActivPAL

Bulathsinghala [18], Laboratory
2014

1

20

70 (10)

—

COPD

Physical activity
intensity

ActiGraph GT3X+

Burton [19], 2018

Laboratory

<1

31

74 (6)

65

Healthy older adults

Step count

Fitbit Flex and Fitbit
Charge HR

Choi [20], 2010

Laboratory

<1

76

13 (2)

62

Healthy

Energy expenditure

ActiGraph GT1M

Chow [21], 2017

Laboratory

1.5

31

24 (5)

39

Healthy

Step count

ActiGraph
wGT3xBT-BT, Fitbit
Flex, Fitbit Charge
HR, and Jawbone
UP24

Chowdhury [22],
2017

Laboratory
and field

2

30

27 (6)

50

Healthy

Energy expenditure

Microsoft Band; Apple Watch, series not
specified; Jawbone
Up24; and Fitbit
Charge

Cohen [23], 2010

Laboratory
and field

3

57

70 (10)

—

COPD

Speed

ActiGraph Mini Motionlogger

Compagnat [24],
2018

Laboratory

<1

46

65 (13)

—

Stroke

Energy expenditure

ActiGraph GT3X+

Dondzila [25], 2018 Laboratory
and field

3-62

40

22 (2)

58

Healthy

Step count, energy expenditure,
and heart rate

Fitbit Charge HR and
Mio Fuse

Dooley [26], 2017

Laboratory

1

62

23 (4)

58

Healthy

Heart rate and en- Apple Watch, series
ergy expenditure not specified; Fitbit
Charge HR; and
Garmin Forerunner
225

Durkalec-Michalski
[27], 2013

Laboratory

2

20

26 (5)

55

Healthy

Energy expenditure

ActiGraph GT1M

Falgoust [28], 2018

Laboratory

1

30

—

—

Healthy

Step count

Fitbit Charge HR, Fitbit Surge, and Garmin
Vivoactive HR
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FUPa Sample, n Age
(years),
time,
mean
days
(SD)

Female,
%

Underlying health
condition

Outcome

Device brand and
model

Ferguson [29], 2015 Field

2

21

33 (10)

52

Healthy

Step count, MVPA, and energy
expenditure

Nike FuelBand, Misfit
Shine, and Jawbone
UP

Gaz [30], 2018

Laboratory
and field

<1

32

36 (8)

69

Healthy

Step count and
distance

Fitbit Charge HR;
Apple Watch, series
not specified; Garmin
Vivofit 2; and Jawbone UP2

Gillinov [31], 2017

Laboratory

<1

50

38 (12)

54

Healthy

Heart rate

Garmin Forerunner
235; TomTom Spark;
Apple Watch, series
not specified; and Fitbit Blaze

Gironda [32], 2007

Laboratory

<1

3

43e

31

Pain syndromes

Activity count

Actiwatch Score

Hargens [33], 2017

Laboratory
and field

7

21

31e

68

Healthy

MVPA, energy
expenditure, and
step count

Fitbit Charge

Hernandez-Vicente
[34], 2016

Field

7

18

21 (1)

50

Healthy

Energy expendi- Polar V800
ture, vigorous active time, active
time, and step
count

Huang [35], 2016

Laboratory

1

40

24 (3)

25

Healthy

Step count and
distance

Jawbone UP24,
Garmin Vivofit, Fitbit
Flex, and Nike FuelBand

Imboden [36], 2018

Laboratory

<1

30

49 (19)

50

Healthy

Energy expenditure, MVPA, and
step count

Fitbit Flex, Jawbone
Up24, and Fitbit Flex

Jo [37], 2016

Laboratory

<1

24

25e

50

Healthy

Heart rate

Basis Peak K and Fitbit Charge

Jones [38], 2018

Laboratory

118

30

33e

—

Healthy

Step count

Fitbit Flex

Kaewkannate [39],
2016

Laboratory

<1

7

31 (0)

14

Healthy

Step count

Fitbit Flex, Jawbone
UP24, Withings
Pulse, and Misfit
Shine

Lamont [40], 2018

Laboratory

<1

33

67 (8)

64

Parkinson disease

Step count

Garmin Vivosmart
HR and Fitbit Charge
HR

Lauritzen [41], 2013 Laboratory
and field

<1

18

—

56

Older adults

Step count

Fitbit Ultra

Lawinger [42], 2015 Laboratory

<1

30

26 (6)

70

Healthy

Activity count

ActiGraph GT3X+

Lemmens [43], 2018 Laboratory

<1

40

31 (5)

100

Parkinson disease

Energy expenditure

Philips optical heart
rate monitor

Magistro [44], 2018 Laboratory

<1

40

74 (7)

60

Healthy

Step count

ADAMO Care Watch

Mandigout [45],
2017

Laboratory

<1

24

68 (14)

60

Stroke

Energy expenditure

Actical and ActiGraph
GTX

Manning [46], 2016 Laboratory

<1

9

15 (1)

—

Severe obesity

Step count

Fitbit One, Fitbit Flex,
Fitbit Zip, ActiGraph
GT3x+, and Jawbone
UP

First author, year

Setting
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FUPa Sample, n Age
(years),
time,
mean
days
(SD)

Female,
%

Underlying health
condition

Outcome

Device brand and
model

Montoye [47], 2017 Laboratory

<1

30

24 (1)

47

Healthy

Step count, energy expenditure,
and heart rate

Fitbit Charge HR

Powierza [48], 2017 Field

<1

22

22 (2)

55

Healthy

Heart rate

Fitbit Charge

Price [49], 2017

<1

14

23e

21

Healthy

Energy expenditure

Fitbit One, Garmin
Vivofit, and Jawbone
UP

Redenius [50], 2019 Laboratory

4

65

42 (12)

72

Healthy

MVPA

Fitbit Flex

Reid [51], 2017

Field

4

22

21 (2)

100

Healthy

MVPA and step
count

Fitbit Flex

Roos [52], 2017

Laboratory

2

20

24 (2)

40

Runners

Energy expenditure

Suunto Ambit,
Garmin Forerunner
920XT, and Polar
V800

Schaffer [53], 2017

Laboratory

<1

24

54 (13)

42

Stroke

Step count

Garmin Vivofit

Scott [54], 2017

Field

7

89

—

54

Healthy

Daily mean activ- GENEActiv
ity and MVPA

Semanik [55], 2020

Laboratory

7

35

52e

69

Chronic joint pain

MVPA

Fitbit Flex

Sirard [56], 2017

Laboratory
and field

7

14

9 (2)

50

Healthy

Energy expenditure, MVPA, and
step count

Movband and Sqord

St-Laurent [57],
2018

Laboratory

7

16

33 (4)

100

Pregnant

Step count and
MVPA

Fitbit Flex

Stackpool [58], 2013 Laboratory

<1

20

22 (1)

50

Healthy

Step count and
energy expenditure

Jawbone UP, Nike
FuelBand, Fitbit Ultra, and Adidas miCoach

Stiles [59], 2013

1

10e

39 (6)

100

Healthy premenopausal women

Loading rate
(BWf/s)

GENEActiv and ActiGraph GT3X+

First author, year

Setting

Laboratory

Laboratory

Støve [60], 2019

Laboratory

<1

29

29 (9)

41

Healthy

Heart rate

Garmin Forerunner

Tam [61], 2018

Laboratory

<1

30

32 (9)

50

Healthy

Step count

Fitbit Charge HR and
Xiaomi Mi Band 2

Thomson [62], 2019 Laboratory

<1

30

24 (3)

50

Healthy

Heart rate

Apple Watch, series
not specified; and Fitbit Charge HR2

Wahl [63], 2017

Laboratory

<1

20

25 (3)

50

Healthy

Step count, energy expenditure,
and distance

Polar Loop, Beurer
AS80, Fitbit Charge
HR, Fitbit Charge,
Bodymedia
Sensewear, Garmin
Vivofit, Garmin
Vivosmart, Garmin
Vivoactive, Garmin
Forerunner 920XT,
Xiaomi Mi Band, and
Withings Pulse

Wallen [64], 2016

Laboratory

<1

22

24 (6)

50

Healthy

Heart rate, energy Apple Watch, series
expenditure, and not specified; Samstep count
sung Gear S; Mio Alpha; and Fitbit Charge
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First author, year

Setting

FUPa Sample, n Age
(years),
time,
mean
days
(SD)

Female,
%

Underlying health
condition

Outcome

Device brand and
model

Wang [65], 2017

Laboratory

<1

9

22 (1)

44

Healthy

Step count

Huawei B1, Xiaomi
Mi Band, Fitbit
Charge, Polar Loop,
Garmin Vivofit 2,
Misfit Shine, and
Jawbone UP

Woodman, 2017
[66]

Laboratory

<1

28

25 (4)

29

Healthy

Energy expenditure

Garmin Vivofit,
Withings Pulse, and
Basis Peak

Zhang [67], 2012

Laboratory

1

60

49 (7)

62

Healthy

Activity classifi- GENEActiv
cation (sedentary,
household, walking, and running)

FUP: follow-up.

b

MVPA: moderate- to vigorous-intensity physical activity.

c

COPD: chronic obstructive pulmonary disease.

d

Not available.

e

SD not reported.

f

BW: body weight.
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Table 2. Characteristics of the studies reporting on acceptability (N=11).
First author, year Setting

a

FUPa Sample, n Age (years),
mean (SD)
time,
days

Female,
%

Underlying health
condition

Outcome assessed

Device brand
and model

Boeselt [16],
2016

Laboratory and field 7

20

66 (7)

15

COPDb

Ease of use and oth- Polar A300
er characteristics

Deka [68], 2018

Field

5

46

65 (12)

67

CHFc

Data availability

Fitbit Charge
HR

Farina [69], 2019 Field

2

26; 26

80 (6); 76
(6)

39; 73

Dementia; caregivers of patients
with dementia

Wearing time

GENEActiv

Fisher [70], 2016 Field

7

34

69d

—e

Parkinson disease

Ease of use and oth- AX3 data loger characteristics
ger

Kaewkannate
[39], 2016

Field

<1

7

31 (0)

14

Healthy

Ease of use and oth- Fitbit Flex,
er characteristics
Jawbone
UP24, Withings Pulse,
and Misfit
Shine

Lahti [71], 2017

Laboratory

120

40

—

—

Schizophrenia

Data availability

Garmin
Vivofit

Marcoux [72],
2019

Field

46

20

73 (7)

20

Idiopathic pulmonary fibrosis

Data availability

Fitbit Flex 2

Naslund [73],
2015

Field

80133

5

48 (9)

90

Serious mental illness

Wearing time

Nike FuelBand

Speier [74], 2018 Laboratory

90

186

—

—

Coronary artery dis- Wearing time
ease

St-Laurent [57],
2018

Laboratory

1

16

33 (4)

100

Pregnant

Ease of use and oth- Fitbit Flex
er characteristics

Rowlands [75],
2018

Field

425

1724

13 (1)

100

Healthy

Data availability

Fitbit Charge
HR2

GENEActiv

FUP: follow-up.

b

COPD: chronic obstructive pulmonary disease.

c

CHF: congestive heart failure.

d

SD not reported.

e

Not available.

Accuracy
The accuracy of wrist-wearable activity trackers was assessed
in 57 studies on 72 devices from 29 brands. Step count, heart
rate, and energy expenditure (EE) were the most commonly
assessed outcomes in the appraised literature. The results of
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these outcomes are summarized in Figure 2 (icons by Nikhil
Bapna, Yoyon Pujiyono, Chintuza, Gregor Cresnar, Andrejs
Kirma, and Yigit Pinarbasi from the Noun Project [76]), in
which we have highlighted the standout device for the most
frequently reported outcomes.
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Figure 2. Summary of the results for the main accuracy outcomes. MAPE: mean absolute percentage error.

Step Counts
A total of 31 studies on 72 devices from 29 brands reported data
on step counts. The reference standards used were manual count
(directly observed or on video, usually with the help of a tally
counter) or automated count through video analysis, an activity
tracker (8 different devices), or a photoelectric cell.
The ActiGraph wGT3xBT-BT, tested against manual count,
showed a mean percentage error of –41.7% (SD 13.5%) [21].
The ActiGraph GT3x+ showed no statistically significant
correlation with the same reference standard [46].
The Apple Watch (series not specified) was evaluated in 6%
(2/31) of studies using manual count as the reference standard
[30,64]. The mean difference between the device and the manual
count varied from –47 (SD 470) steps to 39.44 (SD 151.81)
steps in different walking conditions.
For the Fitbit Alta, the mean step count was 773 (SD 829) higher
(P=.009) than the one obtained with the reference standard, an
accelerometer [15]. For the Fitbit Charge, the mean difference
was –59 (SD 704) steps compared with direct observation [64].
The MAPE for the same device ranged from –4.4% to 20.7%,
using different automated step count methods as the reference
standard [33,63,65]. The Fitbit Charge HR was assessed in 29%
(9/31) of studies, using direct observation [19,21,28,30,61] or
an automated method of step count as the reference standard
https://www.jmir.org/2022/1/e30791

XSL• FO
RenderX

[25,40,47,63]. The MAPE ranged from –12.7% to 24.1%. The
accuracy of the Fitbit Flex in measuring steps was assessed in
35% (11/31) of studies, using manual count
[13,19,21,35,36,38,39,46] or an ActiGraph device [11,51,57]
as the reference standard. The mean percentage error ranged
from –23% to 13%. For the Fitbit One and Fitbit Zip, no
statistically significant correlation was found in step counting
using direct observation as the reference standard [46]. The
correlation coefficient was not reported. For the Fitbit Surge,
the mean difference compared with direct observation was –86.0
steps (P=.004) [28]. For the Fitbit Ultra, the MAPE was 99.6%
(SD 0.8%) [41] and the Pearson correlation coefficient against
manual count ranged from 0.44 to 0.99 in different exercise
conditions [58].
The accuracy of the Garmin Vivofit was assessed in 16% (5/31)
of studies [12,13,35,53,63], with a MAPE ranging from –41%
to 18% [13,53,63]. For the Vivofit 2, a study reported a MAPE
of 4% [65] and another study reported a mean difference ranging
from 5.09 (SD 8.38) steps to 98.06 (SD 137.49) steps in different
walking conditions (over a maximum distance of 1.6 km) [30].
In a study by Wahl et al [63], the MAPE against automated step
counting using a photoelectric cell as the reference standard, in
different exercise types and conditions, ranged from –2.7% to
1.5% for the Garmin Forerunner 920XT, from –1.5% to 0.6%
for the Garmin Vivoactiv, and from –1.1% to –0.3% for the
Garmin Vivosmart [63]. For the Garmin Vivoactive HR, the
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mean difference against manual step count was –19.7 steps
(P=.03) [28]. For the Garmin Vivosmart HR, the mean
difference ranged from –39.7 (SD 54.9) steps to 5.4 (SD 5.8)
steps for different walking speeds and locations (outdoor vs
indoor) over a total of 111-686 steps [40].
For the Jawbone UP, the MAPE was –6.73% in a study [65]
and the mean absolute difference 806 over an average of 9959
steps in another study [29]. For the Jawbone UP2, the mean
difference ranged from 16.19 (SD 29.14) steps to 64 (SD 66.32)
steps for different walking conditions over a maximum distance
of 1.6 km [30]. For the Jawbone UP24, the mean percentage
error ranged from –28% to –0.8% [21,35,36].
For the Misfit Shine, the MAPE ranged from –13% to 23%
[13,65].
For the Mio Fuse, the MAPE ranged from –5% to –16% at
different treadmill speeds [25], whereas in another study, the
mean percentage error was <5% for the Xiaomi Mi Band 2 [61].
For the Nike FuelBand, the mean percentage error ranged from
–34.3% (SD 26.8%) to –16.7% (SD 16.5%) [35], whereas for
the FuelBand SE, the MAPE ranged from 10.2% to 45.0% [13].
The MAPE for the Polar Loop ranged from –13% to 27% in 3
studies [13,63,65]. Regarding 2 other devices from Polar, for
the A300, a Pearson correlation coefficient of 0.96 (P<.01) [16]
was reported, whereas for the V800, the Bland–Altman bias was
equal to 2487 (SD 2293) steps per day over a mean 10,832 (SD
4578) steps per day measured with the reference standard [34].
For the Withings Pulse, the MAPE for step count ranged from
–16.0% to –0.4% [63] and the accuracy from 97.2% to 99.9%
[39]. All the remaining devices were only used in 1 study each,
and the results are reported in Multimedia Appendix 1.

Heart Rate
A total of 9 studies on 15 devices from 7 brands evaluated the
accuracy of activity-tracking devices to measure the participants’
heart rates. The reference standards used were
electrocardiography, pulse oximetry, or another activity tracker
(4 different devices).
For the Apple Watch, the MAPE for measuring heart rate ranged
from 1% (SD ~1%) to 7 (SD ~11%) [26,31].
In the Fitbit family of devices, for the Fitbit Charge, the mean
bias estimated with the Bland–Altman method ranged from –6
(SD 10) bpm to –9 (SD 8) bpm [37,48,64]. For the Fitbit Charge
HR or Fitbit ChargeHR2, the MAPE for measuring heart rate
ranged from 2.4% (SD ~1.5%) to 17% (SD ~20%) [26,47,62].
For the Fitbit Blaze, the MAPE ranged from 6% (SD 6%) to
16% (SD 18%) for different activities [31].

Active Time: Time Spent in Moderate- to
Vigorous-Intensity Physical Activity and Other
Outcomes
A total of 13 studies on 11 devices from 8 brands reported on
the time spent being active, most frequently defined as the time
spent in moderate- to vigorous-intensity physical activity
(MVPA; 11 studies), expressed in minutes per day. The
reference standard for MVPA was another activity tracker (3
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different devices). Other outcomes were time spent being active
(standing+walking+running), time spent running, or time spent
on different types of physical activity, with each of these
outcomes being reported in only 1 study.
For the Fitbit Flex, the MAPE for measuring the time spent in
MVPA varied from 7% (SD 6%) to 74% (SD 13%) [50] and
the mean percentage error ranged from –65% to 10% [11,36].
All the other devices were only used in 1 study each, and the
results are reported in Multimedia Appendix 1.

Intensity of Activity: EE and Other Outcomes
A total of 24 studies on 42 devices from 23 brands focused on
measuring the intensity of physical activity. The most frequent
measure of intensity was EE, expressed as kcal, evaluated in
92% (22/24) of studies. The less frequent measures of intensity
included loading rate and the classification of physical activity
(sedentary, household, walking, and running). For EE, the
reference standard used most commonly was indirect calorimetry
(6 different instruments). Less common reference standards
included EE estimated with other wearable activity trackers (5
different devices), estimated based on the treadmill settings, or
direct room calorimetry.
Among the ActiGraph family, the mean percentage difference
in the EE compared with the reference standard in people with
previous stroke was 3% for walking participants and 47% for
participants with wheelchair using the ActiGraph GT3X+ [24].
The Spearman correlation coefficient was 0.08 (P=.71) if worn
on the plegic side and 0.20 (P=.34) if worn on the nonplegic
side with the ActiGraph GTX [45]. Using the ActiGraph GT1M,
the mean percentage difference was 0.5% (SD 8.0%) in a study
[20], whereas another study found that the device overestimated
EE at moderate intensity by 60% and underestimated EE by
40% at vigorous intensity while being 86% accurate in
measuring EE at light intensity [27].
For the Apple Watch, the MAPE for EE ranged from 15% (SD
10%) to 211% (SD ~96%) [22,26].
In the Fitbit family, the MAPE from the Charge model ranged
from –4.5% to 75.0% in different studies [22,33,63] and from
–12% to 89% for the Charge HR [25,26,47,63]. For the Fitbit
Flex, a mean percentage bias of –13% was reported [36]. For
the Fitbit One, a study reported a mean bias of 2.91 (SD 4.35)
kcal per minute [49], whereas for the Fitbit Ultra, the Pearson
correlation coefficient ranged from 0.24 to 0.67 for different
physical activities [58].
Among the devices from Garmin, the MAPE for EE ranged
from –21% to 45% for the Vivofit [63,66], from –2% to –36%
for the Vivosmart [63], and from 5% to 37% for the Vivoactive
[63].
For the Garmin Forerunner, the MAPE ranged from –27% to
49% for the model 920XT [52,63] and from 31% (SD ~26%)
to 155% (SD ~164%) for the model 225 [26].
In the Polar family, the MAPE for EE ranged from 10% to 40%
for the V800 model [52], with a Bland–Altman bias of 957.5
(SD 679.9) kcal, when the mean EE measured with the reference
standard was 1456.48 (SD 731.40) kcal [34]. For the Polar
Loop, the MAPE for EE ranged from 6% to 56% [63]. The
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Pearson correlation coefficient was 0.74 (P<.01) for the Polar
A300 [16].
For the Withings Pulse, the MAPE for EE ranged from –39%
to 64% [63,66].

Outcomes Reported Less Frequently
Other outcomes that were evaluated less frequently include
distance, reported in 3 studies on 15 devices from 7 brands,
always using the measured distance as the reference standard
[30,35,63]; speed, reported in a study using 1 device, with actual
speed (on a treadmill) as the reference standard [23]; and activity
count, defined as the number of activities (eg, number of arm
movements or body movements based on observation or
measured acceleration data), reported from 4 studies on 4
devices from 4 different brands using as the reference standard
manual count (video recording), video analysis (automated), or
an activity tracker [17,32,42,54].

Germini et al
[74], using the Fitbit Charge 2, enrolled participants with
coronary artery disease. The median time spent wearing the
activity tracker ranged from 44% to 90% over 90 days. Finally,
for Nike FuelBand, in a study on patients with schizophrenia,
the mean wearing time was 89% (SD 13%) over 80-133 days
[73].

Ease of Use and Other Characteristics

Acceptability

In all, 36% (4/11) of studies focused on the ease of use and
similar characteristics of wrist-wearing devices. The Polar A300
was assessed in patients with chronic obstructive pulmonary
disease wearing the device for 3 days using the Post-Study
System Usability Questionnaire, which calculates a score that
ranges from 1 to 7 (the lower the better) for 3 subdomains [16].
The mean scores were 1.46 (SD 0.23) for system quality, 2.41
(SD 0.53) for information quality, and 3.35 (SD 0.62) for
interface quality. The AX3 data logger was assessed in persons
with Parkinson disease wearing the device for 7 days [70]. A
questionnaire created ad hoc was used for the assessment; 94%
of the participants agreed that they were willing to wear the
sensors at home, and 85% agreed that they were willing to wear
the sensors in public. However, some of the participants reported
problems with the strap fitting and the material (number not
reported). The Fitbit Flex was assessed with a questionnaire
created ad hoc in a study on pregnant women followed for 7
days [57]. The Fitbit Flex was reported by 31% to be
inconvenient, 6% to be poorly esthetic, and 12% to be
uncomfortable. Kaewkannate et al [39] asked healthy
participants to wear 4 different devices over 28 days and
compared them using a questionnaire created ad hoc. The
Withings Pulse had the highest satisfaction score, followed by
Misfit Shine, Jawbone UP24, and Fitbit Flex.

The acceptability of wrist-wearable activity trackers was
assessed in 11 studies on 10 devices from 9 brands.

Discussion

Data Availability

Study Findings

In all, 36% (4/11) of studies focused on data availability,
expressed as a proportion of time in which the data were
available, and a different device was used in each of these
studies. The denominator for the proportion could be the study
duration or the time spent exercising. Rowlands et al [75] found
that data availability was 52% in a pediatric healthy population
using the GENEActiv for 14 months. Deka et al [68] focused
on data availability during exercise time. In this study, adult
patients with cardiac heart failure activated their Fitbit Charge
HR in 75% of the exercise sessions (over 5 days) and data were
available for 99% of the time when activated. Marcoux et al
[72] studied the Fitbit Flex 2 in adults with idiopathic pulmonary
fibrosis (for 46 days). Of the 20 patients, 2 did not succeed in
activating the device. Among the remaining participants, data
were available for a mean of 91% (SD 20%) of the time. Lahti
et al [71] studied the Garmin Vivofit in adults with schizophrenia
and found data available for 97% of the time (over 4 months).

We systematically reviewed the available evidence on the
acceptability and accuracy of wrist-wearable activity-tracking
devices for measuring physical activity across different devices
and measures. We found substantial heterogeneity among the
included studies. The main sources of heterogeneity were the
studies’ population and setting, the device used, the reference
standard, the outcome assessed, and the outcome measure
reported.

Risk of Bias
The risk-of-bias assessment for each outcome is reported in
Multimedia Appendix 1. In summary, all the studies were at
high or probably high risk of bias for the domain Patient
selection because they used a convenience sampling technique.
Almost all the studies were at low risk of bias for the domains
Index test and Reference standard because the 2 measurement
methods were applied at the same time and interpreted without
knowledge of the results obtained with the other method. A
small number of studies was identified as high risk for the
domain Flow and timing based on the high percentage (>25%)
of missing data for the index test or reference standard.

Wearing Time
In all, 27% (3/11) of studies reported on the wearing time. Farina
et al [69], using the GENEActiv, found that 89% of the
participants with dementia and 86% of their caregivers wore
the device for the duration of the study (28 days). Speier et al
https://www.jmir.org/2022/1/e30791
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Acceptability was evaluated in 11 studies on 10 devices from
9 brands. Data availability was ≥75% for the Fitbit Charge HR,
Fitbit Flex 2, and Garmin Vivofit. Data availability is defined
as the amount of data captured over a certain time period, which,
in this case, is over a predetermined duration of each respective
study. Data availability can be a measure of how accurate a
device is at capturing data when the device is worn. For
example, if an individual wears the device for 8 hours but only
4 hours of data are available, some questions may be raised on
the capability of the device to capture information accurately.
The wearing time was 89% for both the GENEActiv and Nike
FuelBand. Wearing time is defined as the amount of time the
device is worn over a predetermined duration for each study.
For each study, wearing time may have been assessed
differently; for example, a study may measure wearing time
J Med Internet Res 2022 | vol. 24 | iss. 1 | e30791 | p.32
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
over a day, whereas another study may measure over a week.
Both data availability and wearing time can provide a deeper
look into acceptability because participants may wear a device
more frequently and, ultimately, have more data available if a
device is more acceptable. Accuracy was assessed in 57 studies
on 72 devices from 29 brands. Among 14 outcomes assessed,
step counts, heart rate, and EE were the ones used most
frequently. For step counts, the Fitbit Charge (or the Fitbit
Charge HR) had a MAPE <25% across 20 studies. For heart
rate, the Apple Watch had a MAPE <10% in 2 studies. For EE,
the MAPE was >30% for all the brands, showing poor accuracy
across devices.

Comparison With Other Systematic Reviews
Feehan et al [77] conducted a systematic review on the accuracy
of Fitbit devices for measuring physical activity. The review
did not specifically focus on wrist-wearable activity trackers;
it also included studies using activity trackers worn on other
body locations (torso, ankle, or hip). This systematic review
reported a good accuracy of Fitbit devices in measuring steps,
with 46% of the included studies reporting a measurement error
within –3% to +3%. Regarding EE, the authors concluded that
“Fitbit devices are unlikely to provide accurate measures of
energy expenditure.” Studies on heart rate were not included in
the review. Evenson et al [78] performed a systematic review
focusing on Fitbit and Jawbone devices. Similarly, wearing the
device on the wrist was not an inclusion criterion. The authors
concluded that for step counts, the included studies often showed
a high correlation, with the correlation coefficient ≥0.80 among
devices from both brands, with the reference standards. The
correlation was frequently low for the outcome EE. Similar to
the review by Feehan et al [77], the outcome heart rate was not
included in this systematic review. The results of these
systematic reviews are consistent with our findings for the
devices and outcomes assessed.

Strengths and Limitations
The main strengths of our systematic review include the
inclusion of all the devices reported in the literature; the
reporting on all the outcomes related to acceptability and
accuracy, with no restrictions; and the assessment of the risk of
bias of the included studies. These characteristics make this
review unique for this topic. However, in our systematic review,
we decided to exclude studies in which a wearable device was
not positioned on a wrist. Some devices can be positioned both
on the wrist and other sites (torso, hip, ankle, arm, or brassiere),
and the acceptability and accuracy can vary for the same device
depending on where it is positioned, increasing heterogeneity
[77,78]. Therefore, our results cannot be generalized to the
acceptability and accuracy of devices worn on sites other than
wrists. Acceptability is defined and measured in many different
ways in the literature about wearing devices and about
information technology in general [79]. These definitions are
often broad and nonspecific, with published literature suggesting
that acceptability research should become more robust [80]. For
the purpose of our paper, acceptability was operationalized
using proxies such as wearing time or data availability.
However, other definitions have proposed that acceptability is
related more to the extent to which individuals receiving a health
https://www.jmir.org/2022/1/e30791
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care intervention find it appropriate based on cognitive and
emotional responses to the intervention [80]. It is important to
recognize that acceptability may be more of a holistic and
subjective construct rather than an objective one, and thus wear
time or data availability may not do full justice to acceptability.
Although these metrics have the advantage of being relatively
easy to obtain and reproduce, allowing for quantitative
comparisons, they are only proxies for acceptability, which is
a more nuanced concept. For example, one might wonder if
wearing time is low because a person only wears the device a
few hours each day or only on weekends or if they completely
stopped wearing it after some time. Moreover, wearing time is
more likely to offer valuable information in studies with a long
follow-up, whereas 2 out of 3 studies reporting on this outcome
had a follow-up of <1 week. Because of the presence of
important heterogeneity among studies, we were not able to
perform a meta-analysis.
Regardless, the comprehensive reporting in this review will
allow researchers to assess the available evidence and inform
future studies, either to further assess the accuracy of wearable
devices or to inform the choice of one device over another to
use in interventional studies. To facilitate these choices, we
have provided to readers the database with the results of the
individual included studies and we did our best to offer a
synthesis of the 3 outcomes reported most frequently (step
counts, heart rate, and EE).

Future Research
Further high-quality studies are needed to determine the
accuracy and acceptability of wearable devices for measuring
physical activity. Given the number of devices available (72
included in this review), it is unlikely that a single study will
be able to answer this question. This makes it particularly
important to standardize some aspects of these studies, to reduce
the heterogeneity among them, and allow for meta-syntheses
of the results with comparisons across studies, devices, and
outcomes. If the heterogeneity was acceptable, a network
meta-analysis would also allow researchers to make indirect
comparisons. The main sources of heterogeneity that could be
controlled are the setting of the study, the population, the
reference standard used, and the outcome definition and
measure. A first step in this direction would be putting together
a task force of experts to issue guidelines on how to report these
experiments, similar to guidelines for the EQUATOR network.
A second step would be to issue recommendations on this aspect,
starting with accepted reference standards against which devices
should be tested for each outcome, the conditions in which the
experiment should be conducted, and the way in which the
outcomes should be measured and analyzed. Regarding the
reference standards, some of these are more accurate than others.
Our approach was to take accuracy to mean criterion and
convergent validity in this review, but once there is consensus
on the acceptable reference standard, other comparisons should
not be included in a meta-synthesis. Regarding the method to
report on the accuracy of continuous variables (more common
in this field), this is the order of priority that we suggest: MAPE,
mean percentage error, mean difference, Bland–Altman mean
bias, and measure of correlation as the least preferred. This is
because the percentage error gives the reader a better
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understanding of the importance of the error (a mean error of
50 steps is much more relevant if the total step count was 100
than if it was 10,000). We preferred the MAPE over the mean
absolute error because when the absolute value is not used, there
is a risk of negative and positive errors balancing each other,
with the risk of overestimating the accuracy. We prefer the mean
difference over the Bland–Altman mean bias because in an
accuracy study, the reference standard is supposed to be more
accurate than the index test, and therefore the latter should be
tested against the former, not against their mean. In the case of
the acceptability outcome, consensus should be reached also
on how to define and measure it. For example, defining a
minimum set of outcomes to be reported might help in this
context. This might include reporting the percentage of
abandonment over time. Furthermore, as new devices become
available, their acceptability and accuracy should also be tested
because they could differ from the acceptability and accuracy
of other devices, even those produced by the same company.
Regarding the choice of the device to use in interventional
studies, for example, in studies that aim at increasing physical
activity in a certain population, there is no one-device-fits-all
answer. This choice should be based on the available data on
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acceptability and accuracy and be tailored to the outcome to
measure. In a study with step count as the main outcome, the
Fitbit Charge and Fitbit Charge HR might be appropriate
choices. The Apple Watch might be preferred if the main
outcome is heart rate. Active time was most often measured
through time spent in MVPA, and the Fitbit Flex is the only
device that was used in 3 studies, showing good results in 2 of
these. Regarding EE, we do not feel comfortable suggesting the
use of any device based on the current evidence because the
accuracy was poor across devices. The decision should probably
be driven by the other outcomes used. Broader recommendations
should be issued in the form of guidelines from a panel of
experts using this systematic review as a knowledge base.

Conclusions
We reported on the acceptability and accuracy of 72
wrist-wearable devices for measuring physical activity produced
by 29 companies. The Fitbit Charge and Fitbit Charge HR were
consistently shown to have a good accuracy for step counts and
the Apple Watch for measuring heart rate. None of the tested
devices proved to be accurate in measuring EE. Efforts should
be made to reduce the heterogeneity among studies.
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Abstract
Background: One-third of the US population experiences sleep loss, with the potential to impair physical and cognitive
performance, reduce productivity, and imperil safety during work and daily activities. Computer-based fatigue-management
systems with the ability to predict the effects of sleep schedules on alertness and identify safe and effective caffeine interventions
that maximize its stimulating benefits could help mitigate cognitive impairment due to limited sleep. To provide these capabilities
to broad communities, we previously released 2B-Alert Web, a publicly available tool for predicting the average alertness level
of a group of individuals as a function of time of day, sleep history, and caffeine consumption.
Objective: In this study, we aim to enhance the capability of the 2B-Alert Web tool by providing the means for it to automatically
recommend safe and effective caffeine interventions (time and dose) that lead to optimal alertness levels at user-specified times
under any sleep-loss condition.
Methods: We incorporated a recently developed caffeine-optimization algorithm into the predictive models of the original
2B-Alert Web tool, allowing the system to search for and identify viable caffeine interventions that result in user-specified alertness
levels at desired times of the day. To assess the potential benefits of this new capability, we simulated four sleep-deprivation
conditions (sustained operations, restricted sleep with morning or evening shift, and night shift with daytime sleep) and compared
the alertness levels resulting from the algorithm’s recommendations with those based on the US Army caffeine-countermeasure
guidelines. In addition, we enhanced the usability of the tool by adopting a drag-and-drop graphical interface for the creation of
sleep and caffeine schedules.
Results: For the 4 simulated conditions, the 2B-Alert Web–proposed interventions increased mean alertness by 36% to 94%
and decreased peak alertness impairment by 31% to 71% while using equivalent or smaller doses of caffeine as the corresponding
US Army guidelines.
Conclusions: The enhanced capability of this evidence-based, publicly available tool increases the efficiency by which diverse
communities of users can identify safe and effective caffeine interventions to mitigate the effects of sleep loss in the design of
research studies and work and rest schedules.
(J Med Internet Res 2022;24(1):e29595) doi:10.2196/29595
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Introduction
Background
Previously, we developed and publicly released the 2B-Alert
Web application [1], allowing users to compare and contrast
predictions of alertness levels based on the psychomotor
vigilance test (PVT) for a group of individuals as a function of
time of day, sleep and wake schedule, and caffeine dose [2].
Over the last 15 years, our group at the US Army incrementally
developed and enhanced mathematical models that form the
core of the 2B-Alert Web tool. At each developmental step, we
created models with additional capabilities and independently
validated the model predictions using an array of studies that
investigated different sleep-deprivation conditions [3-8]. In
total, we have assessed the model predictions for nearly 1200
participants from more than 50 laboratory and field studies. The
study conditions ranged from sleep extension (10 h [hours] in
bed) to chronic sleep restriction (3-7 h of sleep per night) to
total sleep deprivation (TSD; up to 88 h of continuous
wakefulness), with several studies performed to investigate the
recuperative effects of caffeine administered in both single and
multiple doses (50-600 mg), under a variety of sleep and wake
schedules.
To date, the 2B-Alert Web tool has nearly 25,000 registered
users from 144 countries, with more than 1800 users from 54
countries accessing the site ≥2 times in the last 12 months and
a daily average of 26 log-ins. This is the only publicly available
tool of its kind. Here, we describe an enhanced version of the
tool, which has the added capability of automatically suggesting
caffeine interventions (time and dose) to optimize alertness
levels for desired (user-specified) times of day. For any
particular combination of user-defined sleep and wake schedule,
desired peak-alertness periods, maximum alertness-impairment
threshold during these periods, and maximum total caffeine
consumption in a 24-h period, the updated tool generates an
optimal and safe caffeine-dosing schedule. Specifically, the
algorithm generates schedules that use the least amount of
caffeine to achieve a user-defined alertness level or achieve
maximum alertness levels for a user-defined amount of caffeine
[9]. This capability would be particularly important during
sleep-deprivation conditions because it maximizes the utility
of caffeine as a fatigue countermeasure.

Caffeine-Optimization Algorithm

[7,8] of the original 2B-Alert Web application [2]. Previously,
the tool predicted alertness levels for user-defined sleep and
wake and caffeine schedules but required multiple trial-and-error
simulations when the user wanted to determine a caffeine
schedule that resulted in peak alertness levels during desired
wake periods. In the new, enhanced version, this process is
performed automatically, leading to a more effective means to
identify safe caffeine interventions to guide the design of work
and rest schedules and caffeine studies. Using this new
capability of the tool, we demonstrated that, compared with the
US Army guidelines for the use of caffeine as a countermeasure
to sleep deprivation [10], the 2B-Alert Web–proposed
interventions increased mean alertness by 36% to 94% and
decreased peak impairment by 31% to 71% while using
equivalent or smaller doses of caffeine. In addition, we enhanced
the usability of the tool by adopting a drag-and-drop graphical
interface for the creation of sleep and caffeine schedules.

Methods
Original and Updated Capabilities
The enhanced 2B-Alert Web tool predicts PVT performance, a
measure of alertness and sustained attention, for a typical
individual (as determined from group data) as a function of time
of day, sleep and wake schedule, and caffeine consumption
(dose and time). It offers the capability to accomplish the
following:
•
•

Compare and contrast the effects of different sleep and
wake and caffeine schedules on alertness.
Automatically identify caffeine interventions that lead to
the desired alertness levels at the desired times of day.

For the former capability, which is also offered in the original
tool [2], it provides alertness-level (ie, PVT) predictions for a
given sleep and wake and caffeine schedule (Figure 1). Now,
the updated tool offers the optional capability to automatically
identify the optimal time and dose of caffeine consumption that
lead to the desired, user-defined alertness outcomes. For (1) a
specified sleep and wake schedule, (2) desired periods of peak
alertness, (3) maximum acceptable alertness-impairment
threshold during peak-alertness periods, and (4) maximum total
caffeine consumption over a 24-h running period, the tool
provides caffeine timing and dosing suggestions to achieve peak
alertness at the desired times to the extent allowed by the limit
on caffeine consumption (Figure 2).

To attain this functionality, we incorporated a recently developed
caffeine-optimization algorithm [9] with the predictive models
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Figure 1. Log-in screen of the 2B-Alert Web application. This initial screen is preloaded with 3 sleep and caffeine schedules. The yellow background
indicates the selected schedule (5 h per night sleep). Users select a schedule by clicking on it and add sleep and caffeine episodes by dragging and
dropping the corresponding icon at the top of the screen onto the schedule timeline. The colors of the alertness-impairment prediction plots match those
of the names of the corresponding schedules, and users select through a drop-down menu one of three predicted alertness outcome statistics for the
psychomotor vigilance test: mean response time (shown), mean speed, or number of lapses >500 ms for a 10-minute psychomotor vigilance test. Users
can obtain brief descriptions of the graphical interface functionalities by hovering over the various buttons with the computer mouse. A more comprehensive
description is available in the user guide accessible by pressing the Help button at the upper right-hand corner of the page. h: hours.

Figure 2. Caffeine-optimization screen. Clicking on the Obtain Optimal Caffeine Schedule checkbox at the bottom of the right-hand panel in Figure
1 takes users to the caffeine-optimization screen shown here, and unchecking the box returns users to the prediction screen in Figure 1. From this screen,
users can define periods of peak alertness by dragging and dropping the green icon at the top of the page onto the selected schedule and obtain caffeine
schedules that result in desired alertness levels for the user-specified peak-alertness periods. The Advanced Options checkbox (lower right-hand panel)
allows users to specify thresholds in the optimization algorithm for total caffeine in a running 24-h period and alertness-impairment levels during periods
of peak alertness. h: hours.
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Overview of the 2B-Alert Web Tool
Upon user log-in, the tool provides brief stepwise instructions
on how to select, edit, and add sleep and caffeine episodes to a
schedule and make predictions (Figure 1, right-hand panel).
Similarly, when the user navigates to the caffeine optimization
screen by clicking the Obtain Optimal Caffeine Schedule
checkbox at the bottom of the right-hand panel in Figure 1, the
tool also provides brief stepwise instructions on how to create
peak alertness periods, obtain an optimal caffeine schedule, and
how to edit the alertness-impairment threshold and the maximum
total caffeine consumption over a 24-h running period (Figure
2, right-hand panel). In addition, users can obtain brief
descriptions of the functionalities of the various
interaction-enabled buttons of the graphical interface by
hovering over the buttons with a mouse. When the user clicks
on the Help button in the upper right-hand corner of the display
window, the system displays a user guide, which provides a
comprehensive description of the functionalities of the system
to facilitate assimilation of the 2B-Alert Web tool.

Comparing and Contrasting Different Sleep and
Caffeine Schedules
The 2B-Alert Web tool can be used to compare and contrast the
effects of different schedules on alertness. A schedule is defined
by a series of sleep episodes and caffeine episodes spanning a
period of up to 30 days (note that all day and time entries are
for the same time zone). In turn, a sleep episode is defined by
start and end days and times, whereas a caffeine episode is
defined by the day, time, and dose of caffeine, with the dose
entered manually or selected from a drop-down list of more
than 30 popular caffeine-containing products. Upon user log-in,
the tool displays three preloaded schedules: 8 h per night sleep,
5 h per night sleep, and 5 h per night sleep + 100 mg caffeine,
with the middle schedule (yellow background) selected, as
shown in the screenshot of the 2B-Alert Web tool interface
(Figure 1).
The user can modify an existing schedule or create a new
schedule. For an existing schedule, users may view and edit the
day and time of sleep episodes (gray icons) as well as
caffeine-dose episodes (cup icons) by clicking on the
corresponding icon. For example, when the user clicks on the
sleep icon of the selected schedule in Figure 1 (5 h per night
sleep), a pop-up window displays the start and end days of the
sleep episode, along with the start (01:00) and end (06:00) times.
Users may also add sleep and caffeine episodes by dragging
and dropping the corresponding icon located above the schedules
onto the timeline of the selected schedule. Users may select a
schedule by clicking on its timeline or by choosing it from the
drop-down list of preloaded timelines under Schedules on the
right-hand side of the figure. The four buttons, from left to right,
on the upper right-hand side of each schedule timeline allow
users to export the schedule as a PDF file, change the schedule
name, save a schedule with the same or a different name, or
delete the schedule, respectively.
To create a new schedule, the user clicks the plus button to the
right of the Schedule drop-down menu (Figure 1, right-hand
panel) and then adds sleep and caffeine episodes. Alternatively,
a schedule can be imported from a Microsoft Excel file (Figure
https://www.jmir.org/2022/1/e29595
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1, Import Data) using a predefined format. Each generated or
edited schedule can be saved with a user-defined name and
exported as a PDF file (Figure 1, left-most of the 4 buttons on
the upper right-hand side of this schedule’s timeline). The
system supports up to 5 schedules and plots per session, where
users can hide (or unhide) plots from view by clicking on the
corresponding schedule name below the x-axis scroll bar. If the
interface is loaded with 5 schedules, to create a new schedule,
the user should delete an existing one.
The predicted alertness impairment for each schedule can be
compared in the graph below the schedules. Figure 1 shows the
3 corresponding predictions for the 3 preloaded schedules using
the mean response time (RT; in ms) PVT statistic, from day 0
through day 4 of the 4-day schedule, which starts on day 1 and
lasts until the start of the sleep episode on day 5. The plots allow
for the comparison of the effects of different sleep durations on
alertness (eg, 5 h vs 8 h of sleep per night), as well as for the
assessment of the beneficial effects of caffeine countermeasures
(eg, 5 h per night of sleep with and without 100 mg of daily
caffeine at 08:00). The displayed plots can be saved in an image
file using the Export Graph button, and the numerical values
for each of the 3 predicted statistics can be exported into an
Excel file, along with the corresponding sleep and wake and
caffeine schedules (Figure 1, Export Data). This allows users
to import and reuse schedules in a future session because the
system does not save schedules or their predictions on the web
(the system erases all data when the user logs out).
In addition to the mean RT, the user can select to display the
plots of alertness-impairment predictions for two other PVT
statistics: mean speed (average of the reciprocal of RT; in 1/s)
and number of lapses (number of RTs >500 ms). The statistics
are for a 10-minute test and are selected from the Alertness
Statistic drop-down menu located above the schedules (Figure
1). To map PVT statistics into a more broadly understood metric
of vigilance deficits, we used the findings from Dawson and
Reid [11] and Williamson et al [12] to obtain an equivalence
between PVT alertness-impairment values and blood alcohol
concentrations (BACs). We estimated that a mean RT of 339
ms attained after 19 h of continued wakefulness corresponded
to a 0.06% BAC (Figure 1, horizontal dashed gray line) and
that a mean RT of 458 ms attained after 24 h of continuous
wakefulness corresponded to a 0.08% BAC. For context, driving
at BACs of 0.06% and 0.08% increase the risk of causing a
traffic accident by 2- and 3-fold, respectively, compared with
control drivers [13,14].

Automatic Identification of Caffeine Interventions
To automatically identify caffeine interventions that lead to
desired alertness levels for a selected sleep and wake schedule,
the user should click the Obtain Optimal Caffeine Schedule
checkbox at the bottom of the right-hand panel in Figure 1,
which takes users to another graphical interface (Figure 2). In
this interface, the user can add a desired period of peak alertness
(start and end days and times), which is a required input, to the
schedule. This is achieved by dragging and dropping the Peak
Alertness icon (green icon) located above the schedules onto
the timeline (Figure 2). Next, clicking the Optimize button in
the lower right-hand panel will generate the optimal caffeine
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schedule and display the corresponding alertness-impairment
prediction. For the selected schedule shown in Figure 1 (5 h per
night sleep), these steps resulted in the identification of the
optimal caffeine intervention named 5 h per night Sleep +
Optimal caffeine solution in Figure 2 and the corresponding
alertness-impairment prediction plot. In this case, peak-alertness
periods from 08:00 to 16:00 for days 1 to 4 required a single
caffeine dose at 07:00 of 100 mg on day 1 and 200 mg on day
2 and two doses at 07:00 and 10:00 of 200 mg and 100 mg,
respectively, on days 3 and 4 (see Figure S1 in Multimedia
Appendix 1 for details; larger cup icons indicate larger caffeine
doses). Optionally, the Advanced Options checkbox at the
bottom of the lower right-hand panel allows users to set
thresholds for maximum total caffeine in a 24-h period
(100-1500 mg; default 400 mg) and the maximum
alertness-impairment level (RT ranging from 150-500 ms;
default 300 ms) by dragging the sliders to the desired values
(Figure 2). As described previously, users can rename, save,
delete, and export the updated schedule, as well as save the
displayed plot as an image file. Unchecking the Obtain Optimal
Caffeine Schedule in the upper right-hand panel takes users
back to the prediction graphical interface (Figure 1).

alertness-impairment
threshold
and
the
peak
alertness-impairment level [9]. To obtain practical and safe
solutions, we added the following constraints: (1) caffeine doses
to be restricted to 100 mg, 200 mg, or 300 mg; (2) dosing to
occur on the hour; (3) the minimum time period between doses
to be 2 h; and (4) the cumulative caffeine concentration in the
blood to be below the maximum level achieved by a single
400-mg dose [17]. The optimization algorithm finds solutions
in a matter of seconds by generating and assessing only caffeine
schedules that are likely to reduce alertness impairment [9]. The
tool attempts to find solutions that use the least amount of
caffeine, while meeting the imposed constraints. However, in
certain cases, even when using the maximum amount of caffeine,
it may not be possible to obtain solutions that reduce the
alertness impairment below the maximum impairment threshold.
To obtain solutions with lower alertness impairment, users may
increase the maximum total caffeine consumption in a 24-h
period (Figure 2, Advanced Options). Alternatively, the
near-optimal 2B-Alert Web solution provides a good starting
point for manual exploration of additional caffeine interventions
that are potentially more effective but likely violate specified
constraints.

Initial Conditions and Assumptions

Simulations to Assess the Optimization Algorithm

We formulated the predictive model in the 2B-Alert Web tool
so that alertness is an inversely related function of sleep debt,
which accumulates over days with <8 h of sleep per day [5,7,8]
but decreases for sleep durations of >8 h per day. We initialized
the tool so that on day 0 there is no sleep debt after 8 h of sleep
(23:00-07:00). However, if sleep debt is nonzero, users need to
enter up to 7 days of sleep history at the beginning of the
schedule (sleep episodes >7 days old have negligible influence
on near-future alertness [5,7,8]).

To assess the efficacy and potential benefits of the automated
caffeine interventions proposed by the 2B-Alert Web algorithm,
we performed 4 simulations encompassing the three
circumstances under which caffeine countermeasures are
considered by the US Army guidelines [10]: sustained
operations, restricted sleep, and night shift. Table 1 summarizes
the US Army guidelines for the use of caffeine as a
countermeasure to sleep deprivation and the simulated
conditions, including the sleep-deprivation schedules and the
assumed periods of peak alertness. For example, for the
sustained operations scenario in condition 1, we simulated a
30-h TSD challenge from 07:00 on day1 to 13:00 on day2 and
arbitrarily assumed a 13-h peak-alertness period from 00:00 to
13:00 on day2 and a maximum alertness-impairment threshold
of 270 ms (Figure 3), which corresponds to the maximum
alertness impairment under well-rested conditions (ie, habitual
sleep of 8 h per day). Then, we used the tool to obtain an optimal
caffeine schedule and compared the resulting alertness
impairment with that obtained by using the US Army guidelines.
Figures S2-S7 in Multimedia Appendix 1 provide details for
the simulations of conditions 2-4.

We assumed that the restorative effect of caffeine depends on
the alertness level; that is, for a given caffeine dose, the larger
the alertness impairment, the greater the beneficial effect of
caffeine [15,16], where the magnitude of the benefit depends
on the impairment level, the caffeine dose, and the residual
concentration of caffeine from previous doses.
For the automatic identification of caffeine interventions that
optimize alertness levels, we formulated the optimization
problem so that, for the desired periods of peak alertness, the
algorithm seeks caffeine-intervention solutions that equally
weigh the cumulative deficit above the maximum
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Table 1. Summary of the US Army guidelines for the use of caffeine as a countermeasure to sleep deprivation, simulated conditions (including type
of sleep challenge, sleep schedule, and desired period of peak alertness), and recommended caffeine countermeasures based on the guidelines and the
2B-Alert Web optimization algorithm.
Condition

Army caffeine guideline

Sleep schedule

Peak-alertness peri- Countermeasure recommendation
od
Army

a

a

b

2B-Alert Web

1. Sustained operations: 30 h
of total sleep deprivation

200 mg every 4 h as need- N/A
ed, starting at 00:00

00:00-13:00 on day 800 mg in 4 doses
2
(Figure 4A)

800 mg in 4 doses
(Figure 4B)

2. Chronic sleep restriction:
morning shift

200 mg upon awakening,
200 mg 4 h later

01:00-06:00 for 5 days

08:00-16:00 for 5
days

2000 mg in 10 dos- 1900 mg in 13 doses (Figure S3Bc)

3. Chronic sleep restriction:
evening shift

200 mg upon awakening,
200 mg 4 h later

01:00-06:00 for 5 days

15:00-23:00 for 5
days

2000 mg in 10 dos- 1700 mg in 11 dos-

4. Night shift with daytime
sleep

200 mg at the beginning of 20:00 to 22:00 and 10:00 00:00 to 08:00 for
the shift
to 15:00 for 5 days
5 days

1000 mg in 5 doses 1000 mg in 5 doses

es (Figure S3Ac)
es (Figure S5Ac)
(Figure S7Ac)

es (Figure S5Bc)
(Figure S7Bc)

h: hours.

b

N/A: not applicable.

c

See Figures S3, S5, and S7 in Multimedia Appendix 1.

Figure 3. 2B-Alert Web tool versus US Army caffeine recommendations for sustained operations (condition 1 in Table 1). Comparison of the effects
of caffeine countermeasures as recommended by the US Army guidelines (top schedule) versus those automatically identified by the 2B-Alert Web tool
(bottom schedule) for 30 h of TSD with a user-defined peak alertness period ranging from midnight to 13:00 on day 2. Although neither solution was
capable of maintaining alertness below the selected 270-ms impairment threshold with 800 mg of caffeine, the tool’s solution (green line) avoided
impairment levels surpassing the 0.06% blood alcohol concentration equivalence level. During the 13 h of peak alertness, it also reduced the mean
alertness impairment by 56% and the peak alertness impairment by 36% (Table 2). h: hours; TSD: total sleep deprivation.

Alertness Improvement Metrics
To quantify the potential benefit of the caffeine-optimization
algorithm, we used two metrics: mean alertness impairment and
peak alertness impairment, each computed over the desired
periods of peak alertness. The mean alertness impairment
accounts for the overall impairment level across the peak
alertness periods, whereas the peak alertness period captures
acute levels of impairment over short periods of time during
the peak alertness periods. For the mean RT PVT metric used
https://www.jmir.org/2022/1/e29595
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in our simulations, we defined the mean alertness impairment
(in ms) as the ratio of the area of the predicted alertness
impairment above the selected maximum alertness-impairment
threshold to the duration of the peak alertness periods. Similarly,
we defined the peak alertness impairment (in ms) as the
maximum mean RT over all periods of desired peak alertness
minus the selected maximum alertness-impairment threshold.
In addition, we computed the total time (in h) that the predicted
alertness impairment was above the 0.06% BAC threshold
during the peak alertness periods as a measure of time for which
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an individual is at an increased risk of making a mistake because
of deficits in alertness.

System Architecture
The overall software architecture of the updated 2B-Alert Web
tool was unchanged from the original release except for the
overhaul of the graphical user interface and the use of updated
versions of the underlying software technologies. We hosted
the tool on an Apache Tomcat web server and provided access
through a secure service over HTTP Secure. We used a three-tier
architecture consisting of (1) a PostgreSQL database server,
which stores user account information; (2) a controller, which
provides access to the alertness-prediction model and
caffeine-optimization algorithm and implements the
functionalities required to create and manage multiple
predictions and optimizations; and (3) an interaction-enabled
user interface, which provides the ability to create schedules by
dragging and dropping sleep, caffeine, and peak-alertness
episodes onto the schedule timeline; show and hide plots; and
dynamically zoom into and out of plots. The system runs without
any plugins and is accessible through multiple web browsers,
including Internet Explorer version 11, Chrome version 74, and
Firefox version 67, or earlier versions thereof.

Access and Privacy
The 2B-Alert Web tool is freely available to registered users
through a secure web browser. Registration consists of users
providing their name, email address, and affiliation, after which
they receive a confirmation email with a username and
password, which can be changed. The system erases all
simulated schedules and results when the user logs out,
providing user privacy and maintaining data confidentiality.

Results

Reifman et al
caffeine countermeasures as recommended by the US Army
guidelines [10] with those of the tool for the 4 conditions
illustrated in Table 1. For the sustained-operations scenario in
condition 1 (Figure 3), the guideline recommended an initial
200-mg caffeine dose at midnight, followed by 200 mg every
4 h thereafter (at 04:00, 08:00, and 12:00) for a total of 800 mg
over a 12-h span (Figure 4A). Figure 3 shows the resulting
alertness-impairment prediction plot in terms of the mean RT
(red line). Figure 3 also shows the optimal caffeine schedule
recommended by the tool and the associated
alertness-impairment prediction plot (green line) for the same
total amount of 800 mg of caffeine. Figure 4B, obtained by
exporting the Optimal caffeine solution for 30 h of TSD schedule
as a PDF, shows the numerical values of the optimal caffeine
times and doses recommended by the tool. By suggesting
caffeine interventions at different time intervals in varying doses
of 100 mg, 200 mg, or 300 mg over a more compressed 7-h
span during which time the circadian-mediated alertness deficits
were greatest, the 2B-Alert Web solution consistently kept
impairment below the 0.06% BAC equivalence level during the
entire peak-alertness period. In contrast, the US Army guideline
solution was less effective, resulting in 3 time periods when
alertness deficits exceeded the 0.06% BAC level for a total of
3.4 h above this threshold and impairment levels as high as 378
ms (270+108 ms) around 08:00 on day 2 (Table 2 and Figure
3). To provide a context of the significance of this difference,
an individual following the US Army guidelines would have a
2-fold increased risk of causing a traffic accident during the
3.4-h period compared with substantially lower increase in risk
with the tool’s recommendations. Nevertheless, for a maximum
of 800 mg of caffeine, neither recommendation was capable of
maintaining alertness levels below the maximum user-defined
threshold of 270 ms for most of the 13-h period of peak
alertness.

Potential Benefits of the 2B-Alert Web
Caffeine-Optimization Algorithm
To demonstrate the potential benefit of the 2B-Alert Web
caffeine-optimization algorithm, we compared the effects of
Figure 4. Sleep schedule, peak-alertness schedule, and caffeine recommendations for the results depicted in Figure 3: (A) US Army guidelines and
(B) optimal caffeine solution automatically generated by the 2B-Alert Web tool. Users export this information as PDF files by clicking on the left-most
of the 4 buttons on the upper right-hand side of each schedule’s timeline in Figure 3. h: hours; TSD: total sleep deprivation.
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Table 2. Predicted alertness impairment during the selected peak-alertness periods for the 4 simulated sleep-challenge conditions in using caffeine
recommendations from the US Army guidelines and the 2B-Alert Web optimization algorithm. Both the mean alertness impairment and the peak alertness
impairment are computed considering impairment above the user-specified maximum alertness-impairment threshold. Although the mean impairment
was averaged over the corresponding peak-alertness periods in the simulated days, the peak impairment values correspond to the maximum impairment
over the same periods. The tool improved the mean alertness on average by 59% (SD 25%) and peak alertness by 45% (SD 18%). The time durations
for which the predictions reached impairment levels above the 0.06% blood alcohol concentration (BAC) equivalent are provided to help with interpretation
of the results.
Condition Mean alertness impairment (ms)

Improvement (%)

Peak alertness impairment (ms) Improvement (%)

Time above 0.06% BAC
equivalent (h)

Army

2B-Alert Web

Army

2B-Alert Web

Army

2B-Alert Web

1

48

21

56

108

69

36

3.4

0.0

2

8

4

50

44

25

43

0.0

0.0

3

18

1

94

38

11

71

0.0

0.0

4

45

29

36

126

87

31

14.6

3.1

Caffeine Recommendations
Similarly, the 2B-Alert Web caffeine recommendations for the
sleep restriction conditions and the night shift with daytime
sleep condition in Table 1 yielded superior results when
compared with the US Army guidelines solutions. The tool’s
recommendations yielded larger improvements in mean alertness
impairment and peak alertness impairment, while using the
same or as much as 300 mg less caffeine than the US Army’s
recommendations (Tables 1 and 2). In condition 2, although the
percentage improvement in mean alertness impairment was
50%, the absolute improvement averaged over the peak-alertness
periods in the 5 simulated days was minimal (4 ms vs 8 ms).
Given the limited amount of sleep deficit, the relatively narrow
period of desired peak alertness (8 h per day), and the relatively
large amount of consumed caffeine per day (400 mg), there
were not enough degrees of freedom in this problem to
demonstrate a considerable improvement of the optimization
algorithm over the guidelines solution because it already
provided near-optimal benefits. For related reasons, at times,
the benefits achieved over peak-alertness periods came at the
detriment of other wakefulness periods (eg, condition 3). Figures
S2-S7 in Multimedia Appendix 1 provide detailed results for
the simulations of conditions 2-4. Overall, our simulation results
show that customized caffeine recommendations intended to
enhance alertness during a specific time of the day consistently
resulted in higher levels of alertness compared with suitable but
generic recommendations.

Discussion
Principal Findings
We have enhanced the publicly available 2B-Alert Web tool to
automatically identify caffeine interventions that safely optimize
alertness within selected time periods for any user-specified
sleep and wake schedule. Users can use the tool to compare and
contrast the effects of different sleep and wake and caffeine
schedules on the alertness of a group of individuals and to
automatically identify safe caffeine interventions to achieve and
sustain desired alertness levels for desired times of day. To
achieve this added capability, we integrated a well-validated
mathematical model, which predicts alertness impairment levels
based on the PVT as a function of time of day, sleep and wake
https://www.jmir.org/2022/1/e29595
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schedule, and caffeine consumption, with a recently developed
caffeine-optimization algorithm, which identifies the minimum
amount of caffeine required to restore alertness levels, while
imposing multiple operational and safety constraints (some of
which can be modified by the user). The 2B-Alert Web tool
synthesizes decades of sleep-physiology and mathematical
modeling research by the US Army into an open-access practical
tool that should find value in research and operational
communities.
To demonstrate the potential benefits of automatically
identifying caffeine recommendations that safely optimize
alertness for desired time periods, we simulated four conditions
of military relevance reflective of sustained operations, restricted
sleep (with morning and evening shifts), and night shift with
daytime sleep (Table 1). Next, we compared the resulting
alertness impairment levels by considering the US Army
guidelines for the use of caffeine as a countermeasure to sleep
deprivation [10] against those automatically obtained by using
the newly implemented caffeine optimization capability [9]
provided by the tool. The results show that the tool consistently
provides solutions with greater improvements in mean alertness
impairment (by 36% to 94%; mean 59%, SD 25%) and peak
alertness impairment (by 31% to 71%; mean 45%, SD 18%),
while using the same or as much as 300 mg less caffeine than
the US Army’s recommendations (Table 2). Although the extent
of such benefits varies as a function of sleep and wake schedule,
time and duration of desired peak alertness periods, acceptable
alertness-impairment threshold, and maximum total amount of
caffeine consumption, the results also demonstrate that the
customized caffeine recommendations provided by this new
capability are superior to generic, one-size-fits-all guidelines.

Limitations
The tool has limitations. First, the predictive models that form
the core of the 2B-Alert Web application have only been
validated for healthy, young adults of military age. The extent
to which the tool is applicable to an older, heterogeneous cohort
is not known. Second, the tool’s predictions of alertness
impairment are in fact surrogates for PVT statistics. Hence,
whether such predictions also serve as surrogates for other
neurocognitive measures of performance impairment remains
to be investigated. Third, all sleep and caffeine times are
assumed to be for the same time zone. The ability to predict
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alertness impairment involving transmeridian travel would
require circadian-phase data across time zones, which we do
not possess. Fourth, the 2B-Alert Web tool does not account for
the potential disruptive effect of caffeine when consumed soon
before sleep episodes. In a future implementation, we could
address this limitation by forbidding caffeine recommendations
during certain times of the day. Fifth, the predictive models do
not account for tolerance to caffeine. However, a sensitivity
analysis of the caffeine-model component suggests that changes
in model parameters to account for this effect have a very small
impact on the predicted alertness [8]. Importantly, experimental
observations indicate that the main determinant of the effect of
caffeine on alertness is the impairment level, regardless of the
caffeine tolerance level [15,16], which is consistent with the
model predictions.
Sixth, the tool has not been prospectively tested in military or
civilian settings such as the Marine Corps Officer Basic School
or shiftwork at hospitals, and we estimated the benefits of the
optimal caffeine schedules for the 4 simulation scenarios in
Tables 1 and 2 using the tool’s prediction models instead of
using actual PVT measurements from an experimental study.
However, the mathematical models at the core of the tool have
been thoroughly validated in dozens of different sleep and
caffeine-consumption conditions. For example, in one of the
validation analyses, Ramakrishnan et al [7] showed that

Reifman et al
approximately 87% of the model predictions are within 2 SEs
of the measured mean data, meaning that, 87% of the time, the
model
group-average
predictions
are
statistically
indistinguishable from the experimental data. Thus, we have
reason to believe that the model will provide good predictions
in conditions for which experimental data are not available,
producing adequate guidance for sleep and caffeine schedules
when it is not possible or desirable to conduct a study. Finally,
we limited predictions to a maximum of 30 consecutive days
to be able to provide solutions in a few (less than approximately
3) minutes. Nevertheless, the user can run longer scheduling
scenarios by carefully breaking the problem into smaller chunks.

Conclusions
The new and unique capability to automatically identify caffeine
interventions that safely optimize alertness transforms the
2B-Alert Web tool from an alertness and performance prediction
tool into an alertness and performance enhancement tool. This
functionality not only results in peak alertness levels during
desired wake periods but, by recommending the right caffeine
doses at correct times, also maximizes the utility of caffeine.
The 2B-Alert Web tool provides caffeine schedules that use the
least amount of caffeine to achieve a desired alertness level,
thus reducing potential side effects of excessive caffeine use,
or that yield maximum alertness levels for a given amount of
caffeine, thus optimizing its recuperative effects.
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Abstract
Background: Gamification refers to the use of game elements in nongame contexts. The use of gamification to change behaviors
and promote physical activity (PA) is a promising avenue for tackling the global physical inactivity pandemic and the current
prevalence of chronic diseases. However, there is no evidence of the effectiveness of gamified interventions with the existence
of mixed results in the literature.
Objective: The aim of this systematic review and meta-analysis is to evaluate the effectiveness of gamified interventions and
their health care potential by testing the generalizability and sustainability of their influence on PA and sedentary behavior.
Methods: A total of 5 electronic databases (PubMed, Embase, Scopus, Web of Science, and the Cochrane Central Register of
Controlled Trials) were searched for randomized controlled trials published in English from 2010 to 2020. Eligibility criteria
were based on the components of the participants, interventions, comparators, and outcomes framework. Studies were included
when they used gamified interventions in daily life with an active or inactive control group and when they assessed a PA or
sedentary behavior outcome. We conducted meta-analyses using a random-effects model approach. Sensitivity analyses, influence
analyses, and publication bias analyses were performed to examine the robustness of our results.
Results: The main meta-analysis performed on 16 studies and 2407 participants revealed a small to medium summary effect
of gamified interventions on PA behavior (Hedges g=0.42, 95% CI 0.14-0.69). No statistical difference among different subgroups
(adults vs adolescents and healthy participants vs adults with chronic diseases) and no interaction effects with moderators such
as age, gender, or BMI were found, suggesting good generalizability of gamified interventions to different user populations. The
effect was statistically significant when gamified interventions were compared with inactive control groups, such as waiting lists
(Hedges g=0.58, 95% CI 0.08-1.07), and active control groups that included a nongamified PA intervention (Hedges g=0.23,
95% CI 0.05-0.41). This suggests that gamified interventions are not only efficient in changing behavior but also more effective
compared with other behavioral interventions. The long-term effect (measured with follow-up averaging 14 weeks after the end
of the intervention) was weaker, with a very small to small effect (Hedges g=0.15, 95% CI 0.07-0.23).
Conclusions: This meta-analysis confirms that gamified interventions are promising for promoting PA in various populations.
Additional analyses revealed that this effect persists after the follow-up period, suggesting that it is not just a novelty effect caused
by the playful nature of gamification, and that gamified products appear effective compared with equivalent nongamified PA
interventions. Future rigorous trials are required to confirm these findings.
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Introduction
Background
Physical inactivity and sedentary behavior (SB) are among the
leading risk factors for global mortality [1]. Each year, physical
inactivity is responsible for >5 million deaths worldwide [2].
In contrast, regular physical activity (PA) prevents the risk of
developing chronic diseases [3,4], limits their progression [5,6],
and reduces early mortality [7]. In parallel, there is a
dose-response relationship between total sedentary time per day
and overall mortality [7]. Meta-analyses demonstrate that the
risk of mortality in adults increases steadily with a sedentary
lifestyle of >3 hours per day and more significantly when this
time exceeds 7 hours per day [8]. However, recent studies have
suggested that high levels of PA could attenuate or even
eliminate the deleterious effects of SB on overall mortality [9].
In this context, it is urgent to develop interventions that can
effectively change PA. Therefore, digital health interventions
constitute a new opportunity to take care of patients by involving
them in their treatment in a dynamic and interactive way.
Gamification is a promising avenue to capitalize on the efficacy
of digital interventions. Gamification is defined as the use of
game design elements in nongame contexts [10]. By integrating
game mechanisms in interventions that are initially devoid of
them, the purpose of gamification is to integrate into daily life
the ingredients that make games enjoyable to motivate
participants to engage in PA [11]. The use of motivational
affordances created by gamification can influence psychological
(eg, motivation, attitude, and enjoyment) and physical outcomes
(eg, physical capacities) [12] and therefore appears as a
potentially powerful technique for behavior change.
By gamifying PA, participants are encouraged to move and
walk to play, which tends to make their activities more enjoyable
and playful [13]. Unlike serious games, which refer to the use
of a full-fledged video game for educational or health purposes
(ie, a video game in its entirety as opposed to selected elements
or individual features of a game) [10] and require a dedicated
time, a location, and implementation [14], gamification
techniques are relatively open to varying situational modes of
engagement [10] and concern instead global PA in all aspects
of daily life (eg, walking, running, or gardening). Gamification
is made possible by mobile technologies and wearable devices
that can track and collect daily activities in a continuous and
web-based manner. This allows for intervening directly on the
lifestyle of individuals without adding material or time
constraints for the participants.
However, several literature reviews [13,15,16] have reported
inconsistent results concerning the use of gamification in
behavioral interventions, with some studies demonstrating
positive effects and other studies providing more mixed effects.
These reviews also emphasized the lack of high-quality studies
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and highlighted the need for more rigorous trials to isolate the
impact of gamification (ie, randomized controlled trials [RCTs]).
Importantly, Koivisto and Hamari [15] suggested that the effects
of gamification could be smaller when using rigorous
experimentation. In sum, these reviews indicate that there is no
clear evidence of the effectiveness of gamified interventions.
Nevertheless, no meta-analysis has been conducted yet.
Quantifying the effect size of gamified interventions and
identifying moderators of this effect would provide important
information about the effectiveness of such interventions.
Moreover, a meta-analysis appears as timely, as there are now
enough RCTs to conduct such an analysis.

This Study
This study is the first to quantify the effects of gamified
interventions on PA. Beyond the effect during or just after the
intervention, we also seek to evaluate the long-term effects to
determine the health relevance of these interventions. Indeed,
we reasoned that to be considered effective, gamification must
sustain its impacts over the long term and offer more than a
short-term novelty effect [11]. The generalizability of
gamification to different user populations is also a major issue
because it would determine whether gamification can be
introduced in health care settings with patients or it is more
suited in prevention for healthy audiences.
The objectives of this systematic review and meta-analysis are
to answer these research gaps by (1) evaluating the effect of
gamified interventions on PA and SB, (2) assessing the
long-term or sustained effects of gamified programs, and (3)
evaluating the generalizability of gamification across different
populations.

Methods
Design
This review was conducted according to the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
guidelines [17]. Following recommendations to minimize bias
and provide evidence of a priori analysis intentions [18], the
study was preregistered under the international prospective
register of systematic reviews (PROSPERO; registration
number: CRD42020186882) and on the Open Science
Framework (OSF) [19]. Moreover, all materials and data are
available on the OSF page of the project to facilitate
reproducibility and transparency of this review [20].

Search Strategy and Information Sources
We conducted a systematic literature search using five electronic
databases: PubMed, Embase, Scopus, Web of Science, and the
Cochrane Central Register of Controlled Trials. We combined
alternate terms and keywords representing synonyms for the
outcomes (PA or SB), intervention (gamification), device
(eHealth), and trial (see Table S1 in Multimedia Appendix 1
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[21-36] for an overview of the terms used). The search strategy
was reviewed by an academic librarian. All databases were
searched individually from January 1, 2010 (2010 being the
date of the widespread adoption of the term gamification [10]),
to December 31, 2020, and the research was restricted to
English-language texts. The complete search equations for all
databases are available in Multimedia Appendix 1. In addition,
we complemented our search with reference harvesting from
the included studies and overview articles.

Eligibility Criteria
Studies were eligible for inclusion if they were RCTs and if
they met other criteria based on the participants, interventions,
comparators, and outcomes framework.

Participants
This review focused on the general population regardless of
age, gender, or health status (ie, patients with chronic diseases
were also included). We excluded studies involving participants
with contraindications to PA or with diseases preventing them
from engaging in PA or understanding the principles of the
game (intellectual and cognitive impairments).

Intervention
Digital interventions targeting PA or SB and incorporating game
elements and gamification techniques, such as points, levels,
rewards, leaderboards, narratives, and teams, were of interest.
We clearly distinguished between gamification and related
constructs, such as serious games. Therefore, we excluded
interventions based on active video games (ie, electronic games
that allow players to physically play with the images on screen)
that are more comparable with serious games than with gamified
products.

Comparators
Studies that attempted to compare gamified interventions with
control groups without gamification elements in a randomized
design were integrated in the review. These groups could be
either inactive (nonexposed control group, such as a waiting
list) or active (another nongamified intervention).

Outcomes
In this review, we included studies assessing change in total PA
or leisure PA (quantity in metabolic equivalent of task [MET]
hour per week or MET minute per week or in duration, energy
expenditure [METs], moderate to vigorous PA [MVPA], step
count, walking time, and active minutes) and change in time
spent in SB (total time, leisure time, work, time spent in front
of the computer, and time spent in front of television). These
outcomes were continuous data either objectively measured
(through accelerometers, pedometers, and smartphones) or
subjectively measured by self-reported questionnaires. Data
measured objectively were always prioritized in the analyses
over self-reported questionnaires, which are more susceptible
to bias with a potential overestimation of PA [37].
In addition, studies were excluded if they came from a review,
commentary, or conference abstract; if they included data
previously published in another study; if they were not
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randomized and controlled; if they were not written in English;
and if they were published before 2010.

Screening
In total, 2 authors (AM and AC) independently screened the
titles and abstracts resulting from the search. Full texts of the
potential included studies were checked before inclusion.
Disagreements were resolved by discussion or by consulting a
third author (MD), and agreement was measured using the κ
statistic. A complete list of excluded studies is available on the
OSF page of the project.

Data Extraction
In the data collection process, AM and AC extracted data
independently and were blinded to each other using a
predetermined and tested template. Disagreements were resolved
by discussion or consultation with a third author (MD).
Extracted data included the results of each study and three types
of potential moderators:
1.

2.

3.

Population-level moderators to assess the generalizability
of the intervention (population characteristics, age, gender,
and pathology).
Intervention-level moderators to better understand
gamification mechanisms (theoretical model used to develop
the intervention, gamification elements, and modality of
the intervention [eg, internet-based, smartphone app, and
presence of social incentives]).
Outcome-level moderators (outcomes, measure of PA or
SB, and device).

Risk of Bias Assessment
For each eligible study, 2 reviewers (AM and AC) assessed the
risk of bias using the purpose-built Cochrane risk of bias tool
(Table 8.5 in the Cochrane Handbook for Systematic Reviews
of Interventions [38]), which evaluates 7 domains (sequence
generation, allocation concealment, blinding of participants and
personnel, blinding of outcome assessment, incomplete outcome
data, selective outcome reporting, and other risk of bias). A
judgment of the potential risk of bias was made from the
extracted information and rated as high risk, low risk, or unclear
if the related information was not available. These evaluations
of bias are reported in the review and included in the analysis,
and a measure of agreement with the κ statistic was calculated.
After the full assessment, we decided not to present the item
blinding of participants and personnel in the review because it
was similar for all studies, which were rated as high risk,
blinding being unfeasible for this kind of intervention.

Data Synthesis and Statistical Analyses
First, data were synthesized in a qualitative review assessing
the key elements of the studies and highlighting intervention
differences. This qualitative review integrates all studies that
met the eligibility criteria, including those for which we were
unable to extract the data.
For the quantitative analysis, means and SDs of continuous PA
or SB outcomes from individual studies were compiled when
available or estimated using the method by Hozo et al [39] when
median and IQR were reported. When the necessary data were
not available in the original article, we first requested them from
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the authors. If data could not be obtained, we extracted them
from the graphs when available. If this was not possible, we
excluded the study from the quantitative analysis.
A global meta-analysis was conducted to obtain a summary
effect. In addition, when sufficient data were available (ie, 4
studies or more reporting an outcome), we conducted different
meta-analyses for each specific outcome (steps, MVPA, and
time in SB) and for the follow-up effect. To address the
nonindependence of data caused by study effect, random-effects
models [40] were preferred to the usual statistical tests. In
addition, the Hartung–Knapp–Sidik–Jonkman method was used
to reduce the production of false positives inherent to the
DerSimonian–Laird method [41] and to obtain more robust
estimates of variance. Continuous outcomes were analyzed
using standardized mean difference (SMD) to account for
different measurement instruments or mean difference (MD)
when the measurements were close enough. We computed
Hedges g [42] for effect sizes, which is similar to Cohen d but
corrects for small sample bias, which are recurrent in the studies
included. Thus, a Hedges g of 0.2 represents a small effect; 0.5,
a moderate effect; and 0.8, a large effect [43]. We computed
SMDs for outcome scores after the intervention (presented in
the review) and change-from-baseline outcomes. Scores on
postintervention effect sizes refer to treatment group results
compared with the control group results after interventions.
Change-from-baseline score effect sizes were calculated as a
comparison between the treatment group pre–post effect size
and control group pre–post effect size.
For studies that included multiple outcomes, we kept in the
main analysis the primary outcome targeted in the initial article.
If none of the PA outcomes reported by a study were the primary
ones, we selected the one that was the most relevant from the
perspective of the intervention and the original experiment. In
designs with multiple time measurements, the assessment that
was the most proximal to the end of the intervention was
conserved. A time assessment had to be performed >2 weeks
after the end of the intervention to be included in the follow-up
analysis. When studies included multiple intervention groups
with gamification features, they were combined into one group
following the formulae recommended by the Cochrane
Handbook [38]. Studies including multiple control groups could
be integrated into different subgroup analyses if they compared
their gamified intervention to both an active and an inactive
control group.
Statistical heterogeneity was tested using forest plots and the
I2 statistic, which is the most common metric for measuring the
magnitude of between-study heterogeneity and is easily
interpretable (0%-40% might not be important, 30%-60% may
represent moderate heterogeneity, 50%-90% may represent
substantial heterogeneity, and 75%-100% may represent
considerable heterogeneity) [44]. We conducted different
influential analyses to address between-study heterogeneity.
We first explored the presence of outliers, defined as studies
with CIs that do not overlap with the CI of the summary effect.
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We also performed leave-one-out analyses, which recalculated
the summary effect several times, with 1 study omitted each
time. Finally, we performed a Baujat plot [45], which is a
diagnostic plot to detect sources of heterogeneity in the
meta-analysis by comparing the contribution of each trial in the
pooled effect with the overall Cochran Q test for heterogeneity.
We applied different methods to detect publication bias (funnel
plot, Egger regression test [46], and Duval and Tweedie
trim-and-fill procedure [47]). In addition, another approach to
determine the evidential value of studies included in the analysis
is to check the statistical power of individual studies. Therefore,
we performed a sunset funnel plot [48], which is a funnel plot
variant that visualizes the statistical power of each study
included in the meta-analysis based on the summary effect size.
Thus, sensitivity analyses were conducted to address studies
with a high risk of bias or a strong heterogeneity in the sample
or studies identified as outliers. Subgroup analyses were
conducted to explore possible sources of heterogeneity and test
for population differences. Therefore, we conducted tests for
subgroup differences using a random-effects model. In addition,
moderation analyses were performed to explore the impact of
potential explanatory variables and moderators on the effect
size with meta-regressions when sufficient data were available
(ie, at least 10 studies for each explanatory variable [38]). The
results were expressed as regression coefficient estimates, 95%
CIs, and P values.
For crossover trials, we first checked whether carry-over or
period effects were problematic in the original texts of studies.
For cluster randomized trials, we checked if the influence of
the different clusters was not too important, analyzing the values
of the intraclass correlation coefficient in the studies. Then, in
the absence of sufficient information in the published articles,
we addressed these studies as traditional parallel trials.
Nevertheless, this procedure increased the probability of a unit
of analysis error. Therefore, we performed sensitivity analyses
without clusters and crossover trials to test the robustness of
our results.
A summary of the analytical procedure is available in
Multimedia Appendix 1 (Figure S1). Analyses were performed
on R (The R Project for Statistical Computing) using the dmetar
package [49]. Risk of bias summary and risk of bias graphs
were made via the robvis R package [50].

Results
Characteristics of Included Studies
We screened the titles and abstracts of 1626 articles, and 51
full-text articles were assessed for eligibility according to the
inclusion criteria. Finally, 18 articles [21-36,51,52] were
included in the qualitative analysis and 16 were included in the
meta-analysis (Figure 1). The κ value of agreement for the
screening phase was 0.64 between the 2 authors, reflecting good
agreement [53].
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analysis) flowchart of the literature search and screening process.
PA: physical activity; RCT: randomized controlled trial.

Table 1 provides an overview of the characteristics of the
included studies. The 16 studies included in the quantitative
analysis involved 2407 participants aged 9-73 years (mean 35.7
years, SD 17.2 years), with sample sizes ranging from 20 to
602. Overall, 67% (12/18) of studies included adult participants
[22,24-30,32,34-36] and 33% (6/18) of studies included
adolescents (ie, <18 years [21,23,31,33,51,52]). A total of 22%
(4/18) of studies included patients with chronic diseases (ie,
obesity [27,36], type 2 diabetes [35], and cardiovascular disease
[28]).
A total of 6 trials were conducted in Europe; 4 in the United
States; 3 in Australia and New Zealand; 3 in Canada; and 2 in
Asia. Studies were published between 2014 and 2020, with 39%
(7/18) published after 2018.

(n=4; [22,26,27,36]). Nishiwaki et al [25] used a pedometer
with computerized game functions. The duration of the
intervention varied from 1 to 24 weeks, with a mean of 11.8
weeks, and the most common length was 24 weeks. The most
used game mechanics were internet-based rewards, such as
badges,
medals,
or
trophies
(13/18,
72%;
[21,22,24,26-28,30,32,33,35,36,51,52]), teams or leagues (13/18,
72%; [21-24,26,27,29,32-34,36,51,52]), levels (9/18, 50%;
[22,26,27,29,33,35,36,51,52]), points or scores (7/18, 39%;
[22,26,27,29,30,35,36]), or the presence of a leaderboard (7/18,
39%; [22,29,30,33,34,51,52]). Almost all studies included social
incentives such as team collaboration, social networking, and
messaging facilities in their intervention (15/18, 83%; all except
Nishiwaki et al [25], Direito et al [31], and Höchsmann et al
[35]).

Most studies were based on a smartphone app (n=10;
[23,28,30-35,51,52]), web-based (n=3; [21,24,29]), or both
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Table 1. Characteristics of included studies.
Participants

Corepal et al [21]b

Adolescents, n=224 (aged
The “StepSmart Challenge” was a web- SDTc
12-14 years; 47% male par- based intervention that used gamification
ticipants)
strategies to encourage and support PA
behavior change; duration: 22 weeks

Dadaczynski et al

Adult workers in an automo- “Healingo Fit” had the objective to pro- SCTe, TPBf, and health Self-reported VPAg, MPAh,
bile manufacture, n=144
mote low levels of PA using a tracking- action process approach and minutes walked
(65% male participants)
based approach measuring PA with a
(min/week; IPAQi)
Fitbit pedometer and a gamified intervention accessible by desktop and mobile
devices; duration: 6 weeks

[22]

b

Direito et al [31]b

Adolescents, n=35 (mean
age 15.7 years, SD 1.2
years; 45% male participants; BMI 22.85)

Intervention

PAa outcomes

Study

Theory

Daily step count and MVPAd (min/day) objectively
measured (Actigraph GT3x)

“Zombies, run! 5K Training app” was a SDT
fully automated training program designed to improve fitness, combined with
an immersing and fun story; duration: 8
weeks

MVPA, VPA, MPA, and
LPAj and sedentary time
(min/day) objectively measured (Actigraph GT3x) and
self-reported PA (PAQ-Ak)

Edney et al [32]b

Adults, n=284 (mean age
41.2 years, SD 11.2 years;
25% male participants; BMI
30.1)

“Active Team” was a mobile app deSCT
signed to encourage inactive adults to
meet PA guidelines. Gamification and
social features were implemented to increase the social comparison, support,
and influence among participants; duration: 12 weeks

MVPA (min/day) objectively measured (GENEActiv)
and self-reported PA (Active
Australia Survey)

Garde et al [51]

Adolescents, n=47 (mean
age 10.3 years, SD 1.9
years; 34% male participants; BMI z-score 0.35)

“MobileKids Monster Manor” was a
mobile exergame synchronized with an
external activity monitor. The overall
goal was to complete the story with PA
and steps; duration: 1 week

SDT

Daily step count and active
min/day objectively measured (Tractivity)

Garde et al [33]b

Adolescents, n=56 (mean
age 11.3 years, SD 1.2
years; 62% male participants; BMI z-score 0.28)

“MobileKids Monster Manor” was a
mobile exergame synchronized with an
external activity monitor. The overall
goal was to complete the story with PA
and steps; duration: 1 week

SDT

Daily step count and active
min/day objectively measured (Tractivity)

Garde et al [52]

Adolescents, n=37 (mean
age 10.6 years, SD 0.5
years; 43% male participants; BMI z-score 0.21)

“MobileKids Monster Manor” was a
mobile exergame synchronized with an
external activity monitor. The overall
goal was to complete the story with PA
and steps; duration: 2 weeks

SDT

Daily step count and active
min/day objectively measured (Tractivity)

Gremaud et al [34]b

Adult office workers, n=144
(mean age 40.5 years, SD
11.4 years; 76% male participants; BMI 29.7)

“MapTrek” was a mobile health platform SCT
that gamified Fitbit use for promoting
PA by placing users in a series of internet-based walking races; duration: 10
weeks

Daily step count and daily
active minutes count objectively measured (Fitbit Zip
activity monitor)

Höchsmann et al

Patients with type 2 diabetes
mellitus and obesity, n=35
(mean age 58.5 years; 53%
male participants; BMI 32)

The intervention was a mobile app includ- Taxonomy of behavior
ing a storyline, virtual rewards, individu- change techniques
alized exercises, and daily PA promotion
through a game; duration: 24 weeks

Daily step count objectively
measured (Garmin Vivofit
2)

[35]b

Kurtzman et al [36]b Adults with obesity, n=196 Participants were in teams of 2 and had
(mean age 41.4 years, SD
to complete weekly goal targets to win
12.2 years; 13% male partic- points and badges; duration: 24 weeks
ipants; BMI 36.2)

Behavioral economics

Leinonen et al [23]b Adolescents, n=496 (mean
age 17.8 years, SD 0.6
years; 100% male participants; BMI 23.1)

Transtheoretical model Daily MVPA and daily
sedentary time objectively
measured (Polar Active)
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The intervention was an app proposing
a mixed-reality conquering game in
which physical and social activities are
rewarded; duration: 24 weeks

Mean step count objectively
measured (Withings wristworn device)
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Study

Participants

Intervention

Maher et al [24]b

Adults, n=110 (mean age
35.6 years, SD 12.4 years;
42% male participants)

“Active Team” was a Facebook (Meta
TPB
Platforms) app designed to encourage
inactive adults to meet PA guidelines.
Gamification and social features were
implemented to increase the social comparison, support, and influence among
participants; duration: 8 weeks

PAa outcomes

Theory

Self-reported MVPA, VPA,
MPA, and minutes walked
(min/week; Active Australia
Survey)

Nishiwaki et al [25]b Adults, n=20 (mean age 31 Participants wore an activity monitor
—l
years, SD 3 years; 30% male with computerized game functions, such
participants; BMI 21.5)
as a story, a character, and objectives;
duration: 6 weeks

Daily step count and MVPA
(metabolic equivalent of
tasks hour/day) objectively
measured (Lifecorder EX)

Patel et al [26]b

Adults, n=200 (mean age
55.9 years, SD 9.9 years;
44% male participants; BMI
27.1)

Participants were entered into a game
with their family in teams and had to
complete weekly goal targets to win
points and badges; duration: 12 weeks

Behavioral economics

Daily step count objectively
measured (Withings wristworn device)

Patel et al [27]b

Adults with overweight and
obesity, n=602 (mean age
38.7 years, SD 10.4 years;
69% male participants; BMI
29.6)

Participants had to complete weekly goal Behavioral economics
targets to win points and levels. There
were 3 versions of the intervention: support, collaboration, and competition;
duration: 24 weeks

Daily step count objectively
measured (Withings wristworn device)

Paul et al [28]b

Patients who survived
In the “STARFISH” app, participants
stroke, n=23 (mean age 55.8 had to complete their PA objectives to
years, SD 10.7 years; 48% improve their avatar; duration: 6 weeks
male participants; BMI 24.5)

Thorsteinsen et al

Adults, n=21 (mean age
55.3 years, SD 11.2 years;
52% male participants)

[29]

b

Zuckerman and Gal- Students, n=59 (mean age
23.4 years, SD 1.4 years;
Oz [30]b
25% male participants)

a

Mazeas et al

Control theory and
Michie taxonomy of
behavior change

Daily step count, sedentary
time, and walking time
(min/week) objectively
measured (ActivPAL)

The intervention “Lifestyle Tool” consist- —
ed of a rule-based website designed to
help people plan and monitor their PA.
The tool incorporated social and individual gaming components to increase motivation and engagement; duration: 12
weeks

Self-reported weekly activity minutes (daily report
form)

“StepByStep” was an accelerometerSDT
based mobile app with virtual rewards
and social comparison intended to motivate people to incorporate more walking
into their daily routine; duration: 1.5
week

Walking time (min/day) objectively measured (smartphone accelerometer)

PA: physical activity.

b

The studies included in the meta-analysis.

c

SDT: self-determination theory.

d

MVPA: moderate to vigorous physical activity.

e

SCT: sociocognitive theory.

f

TPB: theory of planned behavior.

g

VPA: vigorous physical activity.

h

MPA: moderate physical activity.

i

IPAQ: International Physical Activity Questionnaire.

j

LPA: light physical activity.

k

PAQ-A: Physical Activity Questionnaire for Adolescents.

l

No theory mentioned.

Studies comparing gamified interventions with active control
groups used a similar intervention without game elements (ie,
an equivalent nongamified app [30-32] or a self-monitoring
intervention with wearables or activity monitors [25-27,34,36]).
In most studies, the interventions were based on theoretical
models. A total of 6 studies [21,30,31,33,51,52] were based on
the self-determination theory [54]; 5 [22-24,32,34] on
sociocognitive models (ie, the transtheoretical model [55], the
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social cognitive theory [56], the theory of planned behavior
[57], and the health action process approach [58]); and 3
[26,27,36] on behavioral economics models.
Outcomes measured in trials were diverse: they used either total
PA duration or MVPA duration, SB duration, daily step count,
walking duration, or active minute count. A total of 13
experiments measured PA objectively using devices such as
triaxial accelerometers (n=7; [21,28,31-33,51,52]), wearable
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devices for the general population (ie, Fitbit, Garmin, Polar,
and Withings monitors; n=6; [23,26,27,34-36]), pedometers
(n=1; [25]), or smartphones (n=1; [30]), and 5 assessed PA with
self-reported measures (International Physical Activity
Questionnaire [22], Physical Activity Questionnaire for
Adolescents [31], Active Australian Survey [24,32], or other
[29]). A total of 6 trials [21,24,26,27,32,36] completed a
follow-up assessment from 12 to 30 weeks (mean 14.4 weeks)
after the end of the intervention.
A total of 2 studies [51,52] were excluded from the
meta-analysis and were only integrated in the qualitative review
because we were unable to extract their results.

Risk of Bias
The 2 authors extracted the risk of bias data with a κ coefficient
of 0.79, which is synonymous with excellent agreement [53].
Multimedia Appendices 2 [21-36] and 3 present the authors’
judgments about each risk of bias item presented as percentages
across all included studies in the meta-analysis and an overview
of the different biases for each study. Overall, 1 study [28] was
rated as high risk for sequence generation because assignments
were based on recruitment order. Therefore, this study was also
at a high risk for allocation concealment. A total of 3 studies
[24,29,30] were at high risk of bias for the blinding of outcome
assessment item because they measured PA using only
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self-reports. In total, 5 studies [23,29,30,49,52] were at high
risk of bias for the incomplete outcome data item because they
reported high dropout rates and did not include
intention-to-threat analyses and 5 studies [25,28,29,31,52] were
rated at unclear risk for the selective outcome reporting item
because they had not been preregistered or published in a
protocol-study. Finally, 2 studies had other high risks of bias.
The first one [25] was a crossover trial conducted without a
washout condition, and the other one [21] was a cluster
randomized trial with no control of clustering, no consideration
of the clustering in the statistical analysis, and no test of baseline
differences among groups.

Summary Effect
Overall, the SMD after the intervention for all PA outcomes
(MVPA, daily step count, number of active minutes, and
walking time) was a Hedges g of 0.43 (95% CI 0.03-0.82;
I2=86%; Figure 2), representing a statistically significant small
to medium effect. Similarly, we found a statistically significant
SMD effect of a Hedges g of 0.38 (95% CI 0.07-0.69; I2=79%)
for pre–post change scores.
Only 3 studies [23,28,31] assessed sedentary time as an
outcome. Owing to this small sample size, the meta-analysis
was not performed on this outcome.

Figure 2. Forest plot for the effect of gamification versus control on postintervention physical activity outcomes (moderate to vigorous physical activity,
daily step count, number of active minutes, and walking time). Tau-square, chi-square, and I² measures of between-study heterogeneity [21-36]. IV:
inverse variance.

Outliers and Influential Analyses
In the first analysis, substantial statistical heterogeneity was
observed. To address between-study heterogeneity, we first
looked for the presence of outliers. A total of 3 studies were
considered as outliers [21,25,35], and after removing them, we
still obtained a significant effect of a Hedges g of 0.34 (95%
CI 0.17-0.51) with moderate heterogeneity (I2=58%).
Leave-one-out analyses showed that sequential removal of each
study did not have an important impact on the general effect
size, with effect sizes ranging from a Hedges g of 0.33 (95%
CI 0.00-0.66; I2=84%) to a Hedges g of 0.48 (95% CI 0.13-0.83;
I2=78%; Figure S2 in Multimedia Appendix 1).
https://www.jmir.org/2022/1/e26779
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The Baujat plot (Figure S3 in Multimedia Appendix 1) shows
that 4 studies explained more heterogeneity than the others,
more specifically, the study by Corepal et al [21] with a
heterogeneity contribution of 40.13 and an effect size influence
of 3.27.
Therefore, we excluded studies with a high or unclear risk of
bias. After doing so, the effect was not significant (Hedges
g=0.33, 95% CI –0.16 to 0.81; I2=78%).
The inclusion of crossover and cluster randomized trials in the
meta-analysis may lead to biases. Thus, we excluded these
designs from the analysis and obtained a statistically significant
effect of g=0.49 (95% CI 0.05-0.92; I2=67%).
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Finally, we decided to exclude articles by Corepal et al [21] and
Nishiwaki et al [25] in the sensitivity analyses (which have been
repeated afterward for each analysis) considering their influence
on the pooled result, their contribution to overall heterogeneity,
and their huge risk of bias (no control of clustering, no statistical
consideration of clustering, and no test of baseline differences
among groups in the study by Corepal et al [21] and no washout
period and very low power for the study by Nishiwaki et al
[25]). After doing so, we obtained a statistically significant
effect of a Hedges g of 0.42 (95% CI 0.14-0.69; I2=74%).

Subgroup Analyses
We found no statistical differences in the effects between studies
with participants with chronic diseases or healthy participants
(Cochran Q=0.73; P=.39), between adults and adolescents
(Cochran Q=0.26; P=.61), between studies with objective
(devices) or self-reported PA outcomes (Cochran Q=0.23;
P=.63), between active or inactive control groups (Cochran
Q=0.01; P=.92), and between short- and long-term interventions
(less or more than 12 weeks; Cochran Q=0.60; P=.44).
When performing the sensitivity analysis, there was a
statistically significant effect of intervention on PA in adults
(Hedges g=0.36, 95% CI 0.03-0.69; I2=71%; Figure S4 in
Multimedia Appendix 1), on healthy people (Hedges g=0.35,
95% CI 0.15-0.55; I2=63%; Figure S5 in Multimedia Appendix
1), when the PA measure was objective (Hedges g=0.45, 95%
CI 0.08-0.82; I2=80%; Figure S6 in Multimedia Appendix 1),
when the PA measure was self-reported (Hedges g=0.24, 95%
CI 0.08-0.39; I2=0%; Figure S6 in Multimedia Appendix 1),
and for short interventions of <12 weeks (equivalent to a
3-month program; Hedges g=0.44, 95% CI 0.19-0.69; I2=16%;
Figure S7 in Multimedia Appendix 1).
Moreover, subgroup analyses allowed us to examine the effect
of gamified interventions when compared with inactive control
groups and active control groups. After sensitivity analyses, we
found a statistically significant effect of gamified interventions,
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both when compared with inactive control groups (Hedges
g=0.58, 95% CI 0.08-1.07; I2=81%; Figure S8 in Multimedia
Appendix 1) and when compared with active control groups
(Hedges g=0.23, 95% CI 0.05-0.41; I2=37%; Figure S8 in
Multimedia Appendix 1).

Meta-Regressions
The age of participants (β=.01, 95% CI –0.02 to 0.04; P=.39),
their gender (β=.01, 95% CI –0.01 to 0.02; P=.47), their BMI
(β=.04, 95% CI –0.16 to 0.09; P=.53), the duration of the
intervention (β=-.01, 95% CI –0.06 to 0.04; P=.74), or the
number of game mechanics included in the intervention (β=.01,
95% CI –0.17 to 0.19; P=.91) were not statistically significantly
associated with an increase in PA.
Lack of data precluded further meta-regressions, such as
comparisons of leisure PA, or test of moderators, such as the
impact of social incentives or the theoretical model used to
develop the intervention.

Publication Bias
First, an inspection of the funnel plot showed that the effect
sizes of individual studies were relatively symmetrically
distributed around the pooled effect size. This observation was
supported by the Egger test of the intercept, which indicated no
asymmetry in the funnel plot (b0=1.38, 95% CI –0.83 to 4.77;
P=.19). We then applied a bias-correction technique, the
trim-and-fill method, which indicated that 3 studies were missing
at the bottom left of the funnel plot to obtain a full symmetry.
After imputing the effect sizes corresponding of these missing
studies to obtain a totally symmetrical funnel plot (Figure 3),
the bias corrected summary effect was of a Hedges g of 0.24
(95% CI –0.24 to 0.73).
Finally, the sunset funnel plot (Figure 4) showed significant
differences in power among studies, with some characterized
by very low statistical power (7 studies under 45% power and
4 studies under 18%). The median power of all the tests was
63%.
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Figure 3. Funnel plot after trim-and-fill bias correction. A filled circle represents an included study, and an empty circle represents a missing study.

Figure 4. Power-enhanced funnel plot. White circles represent included studies. δ: true effect size; medpower: the median power of all tests; d33%:
effect size needed for achieving 33% of median power; d66%: effect size needed for achieving 66% of median power; E: expected number of positive
studies; O: observed number of positive studies; pTES: test of excess significance P value.

Secondary Analyses
Follow-up
There was no statistically significant effect of gamified
interventions on total PA (MVPA and daily step count) after
https://www.jmir.org/2022/1/e26779
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follow-up periods with an SMD of a Hedges g of 0.09 (95% CI
–0.07 to 0.26; I2=21%). When we performed the sensitivity
analysis, gamification significantly increased PA (MVPA and
daily step count) at follow-up (from 12 to 24 weeks after the
end of the intervention; g=0.15, 95% CI 0.07-0.23; I2=0%;
Figure 5).
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Figure 5. Forest plot for the effect of gamification versus control on PA outcomes (moderate to vigorous physical activity and daily step count) after
a follow-up period (from 12 to 24 weeks after the end of the intervention). Tau-square, chi-square, and I² measures of between-study heterogeneity
[24,26,27,32,36]. IV: inverse variance.

Steps
We found no statistically significant effect of gamified
interventions on step outcomes with an SMD of a Hedges g of
0.53 (95% CI –0.09 to 1.15; I2=89%), but a significant
improvement in the number of daily steps with an MD of
+1420.57 steps per day (95% CI 435.41-2405.73; I2=95%) was

observed. When excluding the 2 studies in the sensitivity
analysis, we obtained a statistically significant effect of
gamification on daily steps of a Hedges g of 0.49 (95% CI
0.05-0.93; I2=75%; Figure 6) and a statistically significant MD
of +1609.56 steps per day (95% CI 372.39-2846.73; I2=86%;
Figure 7).

Figure 6. Forest plot for the effect of gamification versus control on steps outcomes (daily step count and walking time). Tau-square, chi-square, and
I² measures of between-study heterogeneity [22,26-28,30,33-36]. IV: inverse variance.

Figure 7. Forest plot for the mean difference of daily steps between gamification and control. Tau-square, chi-square, and I² measures of between-study
heterogeneity [26-28,33-36]. IV: inverse variance.

Moderate to Vigorous PA
There was no statistically significant effect of gamification on
MVPA with an SMD of a Hedges g of 0.09 (95% CI –0.57 to

0.74; I2=93%). There was no statistically significant effect of
a Hedges g of 0.31 (95% CI –0.19 to 0.80; I2=82%) in the
sensitivity analysis (Figure 8).

Figure 8. Forest plot for the effect of gamification versus control on moderate to vigorous physical activity. Tau-square, chi-square, and I² measures
of between-study heterogeneity [23,24,31,32]. IV: inverse variance.
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Summary of Findings (Grading of Recommendations
Assessment, Development, and Evaluation)
The quality of evidence (grading of recommendations
assessment, development, and evaluation, [GRADE]) in the
included studies after sensitivity analyses for short-term PA,
long-term PA, MVPA, steps, and daily steps was scored from
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high to low (Table 2). The quality was downgraded for some
outcomes because of high heterogeneity, high risk of bias, or
imprecision owing to large CIs. Summaries of the various
meta-analysis conducted in this review both on postintervention
scores and pre–post intervention change scores are presented
in Multimedia Appendix 1 (Figures S9-S11).

Table 2. Summary of findings.

a

Outcome

Number of participants
(number of studies)

Standardized mean difference or
mean difference (95% CI)

Quality of evidence (grading of recommendations
assessment, development, and evaluation)

General PAa

2197 (14)

0.42 (0.14 to 0.69)

Lowb,c,d

General PA (in comparison
with active control groups)

1485 (7)

0.23 (0.05 to 0.41)

High

Long-term PA (follow-up)

1306 (5)

0.15 (0.07 to 0.23)

High

MVPAe

739 (4)

0.31 (–0.19 to 0.80)

Lowb,c,d

Steps

1438 (9)

0.49 (0.05 to 0.93)

Lowb,c,d

Daily steps

1235 (7)

1609.56 (372.39 to 2846.73)

Moderateb,d

PA: physical activity.

b

Downgraded because of high heterogeneity.

c

Downgraded because of risks of bias.

d

Downgraded because of imprecision (large CIs).

e

MVPA: moderate to vigorous physical activity.

Discussion

accessibility through technology and advancing sensors,
permitting to address a large population.

Principal Findings

Long-term Effect

Summary Effect

When we analyzed the long-term effect of these interventions
based on the follow-up measures of PA, carried out from 12 to
24 weeks (mean 14.4 weeks) after the end of the intervention,
we found a statistically significant very small to small effect
size of a Hedges g of 0.15 (95% CI 0.07-0.23) after sensitivity
analyses. These results indicate that the effect of gamification
persists after the end of the program, suggesting that it is not
just a novelty effect due to the playful nature of gamification.
However, this long-term effect was weaker and decreased with
time after the end of the intervention.

This meta-analysis of RCTs, including 16 studies and 2407
participants, revealed a statistically significant effect of gamified
interventions, on average, of 12 weeks on total PA (Hedges
g=0.42, 95% CI 0.14-0.69 after sensitivity analyses). This effect
was small to medium, suggesting the effectiveness of gamified
interventions in promoting PA in both healthy participants and
participants with chronic diseases. This significant effect was
robust, as it persisted even after the different influence analyses
were performed. Moreover, the effect was statistically significant
both for objective measures of PA (Hedges g=0.45, 95% CI
0.08-0.82) and self-reported measures (Hedges g=0.24, 95%
CI 0.08-0.39) after sensitivity analyses. Unsurprisingly,
subgroup analyses revealed after sensitivity analyses that the
effect of gamified interventions is greater when compared with
inactive control groups (such as waiting lists) than when
compared with active control groups benefiting from a
nongamified intervention (Hedges g=0.58, 95% CI 0.08-1.07
vs Hedges g=0.23, 95% CI 0.05-0.41). Nevertheless, these
effects were both statistically significant. This suggests that
gamified interventions are not only efficient in changing
behavior but also, to a lesser extent, effective compared with
equivalent nongamified PA interventions (such as smartphone
apps or self-monitoring interventions). These results are
important considering the assets of gamification, which has the
advantages of (1) reorganizing existing activity rather than
adding additional demands to people’s lives [13], (2) being
easily implemented in natural contexts, and (3) having a broad
https://www.jmir.org/2022/1/e26779
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Generalizability of Gamified Interventions
The absence of subgroup differences or effects of age, gender,
and BMI on the pooled effect suggests a good generalizability
of gamified interventions, which can be used for several types
of populations. Thus, gamification may not only be efficient in
young healthy individuals but can also target any kind of
population regardless of their age or health status.
In sum, gamified interventions appear as an efficient tool to
improve the PA of various populations, with moderate
superiority over other similar interventions, such as mobile
health monitoring apps, and a moderate sustainability of the
effect after the intervention. Nevertheless, if many PA
interventions increase PA levels in the short term, translating
these temporary changes into long-term PA participation
continues to be a challenge for PA research [59]. With that in
mind, the potential of gamification for PA increases in the long
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term, even minimal, is particularly important and promising in
the area of PA interventions.

Additional Findings
Effect of Gamification on the Step Count
If the overall effect of gamified interventions on PA is positive,
they increase the step count more than MVPA. Indeed, after
sensitivity analyses, on the one hand, the meta-analyses revealed
a statistically significant effect (Hedges g=0.49, 95% CI
0.05-0.93) of gamification for steps outcomes, with a statistically
significant improvement of 1609.56 steps per day (95% CI
372.39-2846.73) for participants benefiting from gamified
intervention versus those in the control group. On the other
hand, no statistically significant effect of gamified interventions
on MVPA was found (Hedges g=0.31, 95% CI –0.19 to 0.80).
This can be explained by the game metrics and mechanics of
the interventions included in the review, which are mainly
focused on the step count of participants. Few interventions
directly targeted MVPA. In the included studies, only 2
interventions [31,35] integrated multi-PA intensity goals and
mechanics, notably with physical exercises or running sessions
in the game. In other words, participants played most of the
time with their number of steps and had to generally walk more
to make points and play the game. This results in an increase
in walking time but not necessarily in more intense PA.
These findings are interesting considering the potential health
benefits of increasing the number of daily steps by 1600 because
of gamification. Indeed, previous work showed that walking
was statistically associated with decline in all-cause and
cardiovascular mortality [60-63] and an improvement in body
composition [64]. Moreover, Oja et al [62] suggested that any
walking exposure is beneficial for cardiovascular health,
endorsing the idea that the most important is more global PA
regardless of the intensity [7,65] even when this activity only
includes walking [60]. In comparison, a previous study
evaluating the effectiveness of activity trackers with and without
incentives to increase PA [66] showed a significant improvement
of 1050 daily steps for the cash incentive intervention versus
the control intervention (95% CI 600-1490) but no statistically
significant difference for the Fitbit-only group (340 daily steps,
95% CI –100 to 790]). In light of these results, gamified
interventions appear as an added value compared with current
interventions. Considering that 40% of the volunteers in this
study abandoned their Fitbit monitor within 6 months,
gamification is also a way to keep participants involved and
motivated within the intervention.

Duration of Intervention
Our meta-regression analysis did not find an association between
the observed effect of gamification on PA and intervention
length. However, although no statistically significant effect of
gamification for an intervention length of ≥12 weeks was found
(Hedges g=0.41, 95% CI –0.19 to 1.01), the meta-analysis
revealed a statistically significant effect of gamified
interventions of <12 weeks on global PA (Hedges g=0.44, 95%
CI 0.19-0.69). According to a previous meta-analysis that
reported significant positive effects of smartphone apps on PA
only when used over a short-term period of <3 months [67],
https://www.jmir.org/2022/1/e26779
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these results suggest that a condensed intervention could benefit
more than a longer one, which could become redundant, boring,
and exhausting for participants in the long run.

Statistical Heterogeneity
The meta-analysis also revealed considerable statistical
heterogeneity. This heterogeneity may be explained by
differences in study quality, diversity of designs, and variations
in study populations. Despite several subgroup analyses, we
cannot rule out that these subgroups and characteristics may
not explain all the variance of the interventions. Indeed,
demographic data often do not fully explain the differences in
the effectiveness of interventions [68,69], and more precise
sociopsychological variables such as personality traits or
motivational factors could explain this poorly understood
significant heterogeneity. Moreover, the risk of bias analysis
and the sunset funnel plot showed substantial differences in the
quality of the included studies that can influence the
heterogeneity. Finally, various trial designs were used (ie,
parallel RCT, cluster RCT, and crossover RCT) that can also
contribute to the overall statistical heterogeneity.

Better Understanding Gamification Mechanisms
This meta-analysis is informative regarding the effectiveness
of gamified interventions. In view of the observed heterogeneity,
the next step will be to investigate its causes from an
interventional and theoretical perspective. Gamified
interventions involve multiple interacting elements, and it is
crucial to estimate the weight of each element in the behavior
change process and how they interact with each other. Is it game
mechanics, the implementation of behavior change techniques,
or the presence of social interactions that make gamification
effective? Unfortunately, the small number of studies included
in the meta-analysis impeded us from conducting in-depth
moderation analyses to answer this question. To better
understand these relations, it is essential that both the
development and assessment of gamified interventions be
central, transparent, evidence-based, context-aware, and
research-oriented [70]. Moreover, if theoretical psychological
models are often mentioned in the introduction of articles
included in the review (Table 1), few have investigated the
psychological mechanisms of their interventions in the field
[22,31,71]. Future studies should explicitly discuss motivational
theory and systematically test the effect of gamification on
psychological outcomes known to be involved in behavior
change (eg, self-efficacy, attitudes, and intention) to better
understand its mechanisms. The consideration of personality
traits and psychological variables to determine behavioral
phenotypes [68] is a promising way to evaluate participant’s
responses to the interventions.

Perspectives for Future Research and Implications for
Practice
The findings from this meta-analysis allow us to draw and
discuss future work concerning the gamification of PA and SB.
First, future trials should be conducted with more adequately
powered sample sizes and should be strictly multiple
arms–RCTs to isolate the effects of gamification elements and
better understand gamification mechanisms. Second, the
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long-term effects are currently the main challenge of health
interventions. Thus, it is essential to investigate the evolution
of the effects of gamified interventions over time. Therefore,
there is a need for more long-term follow-up measurements. In
addition, the potentialities of digital technologies and their
capacity to collect a large amount of real-world data could be
used to assess the evolution patterns of the effect, allowing the
detailed identification of its sustainability and evolvement or
even make forecasts via time series analyses. Third, to our
knowledge, only 1 team of researchers worked on a gamified
intervention targeting SB by introducing sedentary breaks as a
gaming part [72]. Following this line of research, it could be
interesting to develop gamified interventions affording
participants to take more sedentary breaks. Finally, the
cost-effectiveness ratio of gamified interventions may be better
than that of many current interventions, considering the ease of
implementation and generalizability of gamification. However,
this assertion will have to be tested in future trials, including
economic analyses.
In light of our results, gamified interventions appear to be a
promising avenue to promote PA in different populations both
in prevention in healthy people and in the treatment of chronic
diseases. Gamified interventions have many benefits for
participants with chronic diseases, such as empowerment of
participants by improving their self-management skills, an effect
across broad audiences enabling to target different types of
pathologies, and an everyday life fit and easy implementation.
Similar to other digital health processes, gamification makes it
possible to address more patients, especially those who are
isolated from health care facilities. Importantly, gamified
interventions are especially pertinent during a health pandemic,
such as the COVID-19 outbreak, in which PAs and social
interactions are restricted because of lockdown or teleworking
and where structured PA possibilities are limited both indoors
and outdoors. Gamifying walking and daily activities is, in this
context, a great way to improve PA and limit SB of individuals
in addition to providing social interaction among players. In the
meantime, the face-to-face management of chronic diseases is
usually suspended during the pandemic, which underlines the
importance of offering remote supervision of PA.
Nevertheless, in view of the weaker postintervention effect, this
study suggests that a one-shot intervention is not sufficient. A
more interesting design would be to address multiple
gamification doses during or after the course of treatment to
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obtain a sustainable implementation of the PA behavior. This
configuration would also provide an ideal duration of
intervention to avoid exhausting the participants with gamified
interventions for >12 weeks.

Strengths and Limitations
To our knowledge, this is the first meta-analysis to quantitatively
evaluate the effects of gamification on PA. This review has
several other strengths. First, we conducted a comprehensive
search strategy using multiple databases in collaboration with
an academic librarian. Second, all stages of the review
(screening and data extraction) were independently realized by
2 reviewers. Finally, various novel publication bias analyses
and influence analyses were conducted in parallel with different
subgroup analyses and meta-regressions.
However, some limitations of this work must be mentioned.
Overall, the meta-analysis included a small number of studies,
and some articles were feasibility or pilot trials. Therefore,
several trials included small sample sizes and were highly
underpowered. Some studies were conducted with a high risk
of bias. One of the main limitations of this work is the
impossibility of demonstrating that the effect of gamified
interventions is led by gamification itself given the lack of
research examining this question. Finally, in the main analysis,
we included diverse PA outcomes evaluating similar constructs
but which are slightly different in practice. Moreover, not all
included outcomes were objectively measured. As the field
matures and new trials are published, an update of this work
will be important to confirm these preliminary results.

Conclusions
To conclude, gamified interventions appear to be a promising
avenue for promoting PA in various populations. Influencing
primarily the number of daily steps of the participants,
gamification is an interesting way to improve daily PA and
appears more efficient than equivalent nongamified
interventions, such as mobile health apps. However, if the effect
of gamification persists during follow-up, suggesting that
gamified interventions are more than a novelty effect, this effect
decreases with time with a smaller long-term effect. The
integration of gamification in more global health care
interventions could be a way to address this limited
sustainability. Future rigorous trials are required to explore these
perspectives.
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Abstract
Background: The virulent and unpredictable nature of COVID-19 combined with a change in reimbursement mechanisms both
forced and enabled the rapid adoption of telemedicine around the world. Thus, it is important to now assess the effects of this
rapid adoption and to determine whether the barriers to such adoption are the same today as they were under prepandemic
conditions.
Objective: The objective of this systematic literature review was to examine the research literature published during the
COVID-19 pandemic to identify facilitators, barriers, and associated medical outcomes as a result of adopting telemedicine, and
to determine if changes have occurred in the industry during this time.
Methods: The systematic review was performed in accordance with the Kruse protocol and the results are reported in accordance
with the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines. We analyzed 46 research
articles from five continents published during the first year of the COVID-19 pandemic that were retrieved from searches in four
research databases: PubMed (MEDLINE), CINAHL, Science Direct, and Web of Science.
Results: Reviewers identified 25 facilitator themes and observations, 12 barrier themes and observations, and 14 results (compared
to a control group) themes and observations. Overall, 22% of the articles analyzed reported strong satisfaction or satisfaction
(zero reported a decline in satisfaction), 27% reported an improvement in administrative or efficiency results (as compared with
a control group), 14% reported no statistically significant difference from the control group, and 40% and 10% reported an
improvement or no statistically significant difference in medical outcomes using the telemedicine modality over the control group,
respectively.
Conclusions: The pandemic encouraged rapid adoption of telemedicine, which also encouraged practices to adopt the modality
regardless of the challenges identified in previous research. Several barriers remain for health policymakers to address; however,
health care administrators can feel confident in the modality as the evidence largely shows that it is safe, effective, and widely
accepted.
(J Med Internet Res 2022;24(1):e31752) doi:10.2196/31752
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telemedicine; pandemic; technology acceptance; COVID-19; digital health; telehealth; health policy; health care
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Introduction
Rationale
The virulent nature of COVID-19 forced social distancing and
a decrease of in-person visits to clinics around the world.
Telemedicine presented health care providers with solutions
that enabled a social-distancing window into the clinical
environment and a continuation of the doctor-patient
relationship.
Telemedicine is defined by the World Health Organization as
healing from a distance through information communications
technologies by all health care professionals for the “exchange
of valid information for diagnosis, treatment and prevention of
disease and injuries, research and evaluation” [1]. Telemedicine
is not a perfect means of patient care; however, it offers great
advantages to overcome geographical barriers to improve health
outcomes [1]. Validated and peer-reviewed international
statistics are elusive on adoption figures, but a recent
question-and-answer session indicates overall low adoption of
telemedicine internationally [2]. In the United States, prior to
the pandemic, telemedicine had only been adopted by 8% of
providers [3]. Providers have recognized wide acceptance of
telemedicine by patients; however, prior to the desperate
circumstances of COVID-19, they had not been willing to adopt
telemedicine on a wide scale [4]. The largest challenges to the
adoption of telemedicine were identified as technically
challenged staff, resistance to change, cost, reimbursement, and
education level of the patient [5]. Telemedicine saves patients
time, consultation fees, and travel expenses [6]. However,
telemedicine requires users at both ends to possess certain levels
of technological skills such as those required to enable video
teleconferencing [7]. Fortunately, some countries enacted
legislation to expand the adoption of telemedicine. For example,
in the United States, telemedicine was not easily reimbursed by
federal programs until the Coronavirus Aid, Relief, and
Economic Security (CARES) Act legislation [8], which greatly
increased reimbursement mechanisms for the telemedicine
modality. This change in reimbursement structure should not
be ignored, and it most likely provided a significant catalyst to
the adoption of telemedicine.
A large number of articles were published in the first 12 months
of the pandemic (February 2020 to February 2021) on the rapid
implementation efforts of telemedicine to enable clinics and
hospitals to continue to see patients and care for their needs
[9,10]. However, providers acknowledge some of the shortfalls
inherent to this modality, such as lack of technical infrastructure,
cost, lack of technical staff, computer literacy of both staff and
patients, and a negative impact on the patient-to-provider
relationship [4,11-13]. A systematic review performed in 2020
on telemedicine and COVID-19 evaluated 44 articles along four
service lines and identified 10 themes of efficiency [14].
However, the authors did not evaluate facilitators and barriers
to adoption or health outcomes. Another systematic review [5]
was performed in 2016 on the barriers to the adoption of
telemedicine worldwide, which evaluated 30 articles across all
service lines in all countries; however, it also did not evaluate
facilitators or health outcomes.
https://www.jmir.org/2022/1/e31752
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Although analyses have been published that highlight the
advantages to the adoption of telemedicine, with an 8% adoption
rate in the United States, the conclusions of these previous
studies may not be as robust as possible. The circumstances
presented by the pandemic have encouraged wider adoption of
this modality of care. Therefore, with proper systematic review
techniques, reviewer observations this far into the pandemic
will undoubtedly be more robust and widely applicable to
medicine.

Objectives
The purpose of this systematic review was to evaluate the
facilitators and barriers to the adoption of telemedicine
worldwide, including an analysis of health outcomes and patient
satisfaction. A brief comparison of the results of this review
with those of reviews performed prior to COVID-19 was further
performed to identify changes in these factors in light of the
pandemic.

Methods
Protocol and Registration
The Kruse protocol for writing a systematic review was
followed, and the findings are reported in accordance with the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analysis) guidelines [15,16]. This systematic review
was registered in PROSPERO on August 2, 2021 (ID
CRD42021235933).

Eligibility Criteria
The search parameters were established to find articles published
in 2020 and 2021 concerning telemedicine in all aspects of care
and for all ages of patients, published in peer-reviewed journals,
using any method of study (mixed method, quantitative, and
qualitative). Other systematic reviews were excluded because
we wanted to compare our results to these previous reviews
without confounding the findings. The Johns Hopkins Nursing
Evidence-Based Practice Rating Scale (JHNEBP) was used to
assess the quality of all articles analyzed [17]. Any studies below
level IV C were discarded due to poor quality.

Information Sources
Four research databases were searched: PubMed (MEDLINE),
CINAHL (excluding MEDLINE), Web of Science, and Science
Direct. We also performed a journal-specific search of the
Journal of Medical Internet Research.

Search Strategy
Google Scholar was used to determine the general trends of
publication on this topic previously and to collect key terms
from published articles. These key terms were entered into the
US Library of Medicine’s Medical Subject Headings (MeSH)
to create an exhaustive search string using Boolean terms. The
actual search string used was: (telemedicine OR telehealth OR
“mobile health” OR mhealth OR ehealth) AND (COVID-19
OR coronavirus). The same search string was used in all
databases. Similar filters were used in each database (not all
filters are the same between databases).
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Study Selection Process
Once the search string was entered into each database, we
filtered the results and screened abstracts for applicability.
Although filters for the four research databases differ, we
generally filtered for the date range (2020-2021), scholarly
journals (no theses or opinions), and “full text” to ensure that
we would have access to the entire article. Articles were rejected
for a variety of reasons: protocol (no results to analyze); opinion
(no data); reviews; did not use telemedicine; or did not
contribute to our objective statement of identifying facilitators,
barriers, or effects on patient satisfaction. The κ statistic was
calculated to identify the level of agreement between reviewers
[18].

Kruse & Heinemann
independently collected and discussed in subsequent consensus
meetings.

Risk of Bias Within and Across Studies
The JHNEBP rating scale was used for assessment of bias within
and across studies. Observations of bias and methodological
weaknesses were noted [17]. The JHNEBP ratings also provided
insight into bias because poor-quality results can limit the
external validity of the experiment.

Summary Measures
Because we included mixed methods and qualitative studies,
we were unable to standardize summary measures as would be
performed in a meta-analysis.

Data Collection Process

Additional Analyses

An Excel spreadsheet was used as a data-extraction tool to
collect data for reporting and analysis. This spreadsheet was
standardized according to the Kruse protocol [15]. We held
three consensus meetings to screen abstracts, analyze articles,
and discuss possible themes. After the second consensus
meeting, we performed a narrative analysis to identify themes
in the articles analyzed [19]. Because there were only two
authors on this project, both authors analyzed all articles (n=46).

We performed a narrative, or thematic, analysis of the
observations to convert them into themes (common threads
between articles) [19]. We calculated the frequency of
occurrence of both themes and individual observations and
report these in a series of affinity matrices (tables). This
technique was used to identify the statistical probability for
identifying each theme, which does not identify a level of
importance but rather identifies a frequency of mention of these
themes in the literature during the period of observation.

Data Items
In accordance with the Kruse protocol, PRISMA standard, and
JHNEBP, the following fields were collected: database source;
date of publication; journal; authors; study title; PICOS
(participants, intervention, results, outcomes, study design);
sample size; bias within study; effect size; country of origin;
statistics used; quality metrics from the JHNEBP scale; and
reviewer observations as they relate specifically to the objective
statement in areas of patient satisfaction, and facilitators and
barriers to adoption [15,17,20]. All data items were
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Results
Study Selection
The database search and study selection process are illustrated
in Figure 1. The κ statistic was 0.95, indicating almost perfect
agreement between reviewers [18,21]. Several studies made it
through all filters, but were still eliminated because they were
protocols (no results), opinions, out of the date range, or other
systematic reviews.

J Med Internet Res 2022 | vol. 24 | iss. 1 | e31752 | p.71
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Kruse & Heinemann

Figure 1. Article search and selection process. WoS: Web of Science.

Study Characteristics
Reviewers collected study characteristics identified by the
PRISMA standard such as PICOS (see Table 1). Of the 46 six
studies analyzed over the 15-month period, 2 (4%) involved
adolescents, 6 (13%) involved adults >60 years, and 38 (83%)
involved adults >18 years as participants. Most participants
were current or former patients who agreed to participate in
studies. More than half the interventions were mobile health
(mHealth), telephone/televideo, or eHealth (26/46, 56%). The
rest were interventions involving telemonitoring, patient portals,
telecoaching, web chat, and social media, which could be
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cross-platform. In these 46 studies, 18 resulted in a positive
outcome over a control group (23%), 12 of which involved
medically measured outcomes (21%) as opposed to clinical and
administrative outcomes. Only 9 of the 46 (20%) studies resulted
in no statistically significant difference between the intervention
and control groups, which means that positive results could be
obtained through telemedicine commensurate with those
obtained using traditional means of care. Four articles analyzed
were published in 2021 [22-25], with the remaining 42 articles
published in 2020 [26-67]. Further explanation of the results
and medical outcomes can be found the Additional Analysis
subsection.
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Table 1. Characteristics of the included studies according to the PICOS (Participants, Intervention, Results, Outcomes, and Study Design) structure.
Study

Participant

Ben-Arye et al [22]

Intervention

Results (compared to
the control group or
other studies)

Medical outcomes

Design

Adult patients (>18
eHealth
years) undergoing adjuvant, neoadjuvant, or
palliative treatment for
solid tumors

Improved compliance/adherence

Not reported

Prospective, controlled,
and nonrandomized
study

Yu et al [25]

Older adult patients
Telephone or televideo
(50% >60 years, 60%
women, 68% one-time
telehealth users) and 45
physicians

Improved patient satisfaction

Not reported

Cross-sectional

Richards et al [24]

Adult respondents from Telephone or televideo
a neurosurgical outpatient clinic (mean age
63 years, 50.3% men)

Improved patient satisfaction

Not reported

Qualitative

Kurihara et al [23]

Adult patients with
Telemedicine self-testParkinson disease (61% ing
women, mean age 67
years) at Fukuoka University Hospital

No control group (non- Not reported
experimental)

Cross-sectional

Alkire et al [26]

Adults (Gen X, Millen- Patient portals
nial)

No control group (non- Not reported
experimental)

Nonexperimental

Ballin et al [27]

Older adults, 70-yearold men, and women
with central obesity

Supervised and webbased

No significant difference; decreased fat
mass

Randomized controlled
trial

Banbury et al [28]

Adults >50 years with
at least one chronic
condition

Telemonitoring

Telemedicine improved Not reported
results compared to
control: companionship,
emotional support,
health literacy, selfmanagement

Mixed methods, quasiexperimental, nonrandomized trial

Barnett et al [29]

Adults (22-27 years; 10 Webchat
men, 10 women),
clients of an alcohol
and drug counseling
service across Australia, and 8 counselors

No control group (non- Not reported
experimental)

Qualitative study, nonexperimental

Batalik et al [30]

Adult cardiac rehabilita- Home-based telerehab
tion patients

No statistically significant difference

Randomized controlled
trial

Beller et al [31]

Adult patients schedTelevideo
uled for video visits
through the University
of Virginal urology departments

No control group (non- Not reported
experimental)

Cohort

Telemedicine improved Improved in at least
results compared to
one area; decreased
control: decreased fat
body weight
mass

Retrospective study of
a randomized clinical
trial

Bernabe-Ortiz et al [32] Adult participants from mHealth
a randomized clinical
trial on a 1-year
mHealtha intervention
on blood pressure and
body weight 4 years
postcompletion

Improved in at least
one area: decreased
fat mass

No statistically significant difference

Bilgrami et al [33]

Adults with inflammato- Telemedicine self-testry bowel disease
ing

No statistically significant difference

No statistically significant difference

Randomized controlled
trial

Broers et al [34]

Adult patients with car- eHealth
diovascular disease

No statistically significant difference; increased quality of life

Not reported

Randomized controlled
trial
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Study

Participant

Cho et al [35]

Results (compared to
the control group or
other studies)

Medical outcomes

Design

Adult participants (30- mHealth
59 years) with at least
2 conditions defined by
the Third Report of the
National Cholesterol
Education Program expert panel (abdominal
obesity, high blood
pressure, high triglycerides, low high-density
lipoprotein cholesterol,
and high fasting glucose level)

Telemedicine improved
results compared to
control (decreased fat
mass)

Improved in at least
one area: decreased
fat mass, decreased
body weight

Randomized controlled
trial

Claes et al [36]

Adult patients with car- eHealth
diovascular disease
from 3 European hospitals

Improved health behav- Not reported
iors

Randomized controlled
trial

Coorey et al [37]

Adults who had comeHealth
pleted 12 months of
follow-up from the
Consumer Navigation
of Electronic Cardiovascular Tools trial

No control group (non- Not reported
experimental): improved self-management, improved health
literacy

Qualitative analysis of
a randomized controlled
study

Ding et al [38]

Adults (mean age 70.1
years) with chronic
heart failure

Telemonitoring

Telemedicine improved Not reported
results compared to
controls: improved
compliance/adherence

Randomized controlled
trial

Geramita et al [39]

Adult lung transplant
recipients

mHealth

No statistically significant difference

Randomized controlled
follow-up study

Gong et al [40]

Adult hypertension

mHealth

Telemedicine improved Improved in at least Randomized controlled
results compared to
one area: reductions trial
controls: improved
in blood pressure
compliance/adherence

Han et al [41]

Adults (<55 years)
eHealth
prepandemic (S1) and
273 follow-up surveys
(S2); university-affiliated, and physicians

No control group (non- Not reported
experimental):
telemedicine improved
results compared to
controls, improved
compliance/adherence

Qualitative

Harding et al [42]

Adult caregivers with
837 patient assessment
outcomes

mHealth

No control group (non- Not reported
experimental)

Qualitative (pilot study)

Hsia et al [43]

Pediatric patients with
asthma

mHealth

Telemedicine improved
results compared to
controls: improved selfmanagement, improved
patient satisfaction

Prospective study

Hsieh et al [44]

Insured adults (>20
years)

Patient portals

No control group (non- Not reported
experimental)

Qualitative

Hutchesson et al [45]

Adult Australian wom- mHealth
en with a recent history
of preeclampsia

No statistically significant difference

Pilot randomized controlled trial

Jiménez-Marrero et al
[46]

Adult patients with
chronic heart failure

Telemedicine improved Improved in at least
results compared to
one area: decreased
controls, decreased cost incidence of heart
failure
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Intervention
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Televideo

Not reported

Improved self-management, decreased
medication use, increase in controlled
asthma

No statistically significant difference

Randomized controlled
trial
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Study

Participant

Katt et al [47]

Results (compared to
the control group or
other studies)

Medical outcomes

Design

180 patients with upTelephone or televideo
per-extremity condition
and 302 physicians

Improved patient satisfaction

Not reported

Qualitative

Kobe et al [48]

Adult patients (52%
Telephone or televideo
men, mean age 62
years, 55.5% African
American) of Duke
University Health System with type 2 diabetes, poorly controlled
hypertension, and on
prescription hypertension and diabetes medication

Telemedicine improved Improved in at least
results compared to
one area, improved
control
annual rate eGFRb
decline

Secondary analysis of
randomized controlled
trial

Lai et al [49]

Adults with Parkinson
disease (telehealth
mean age 63 years,
control mean age 70
years; 70% men, predominantly White)

Telemedicine improved Not reported
results compared to
control: improved compliance/adherence,
health behaviors, and
patient satisfaction

Mixed methods

Lemelin et al [50]

Adult women (mean
Telecoaching
age 32 years) with gestational diabetes mellitus

Improved patient satisfaction: telemedicine
improved results compared to control

Identified other areas for intervention

Prospective and controlled clinical trial

Manning et al [51]

Adults from families
with toddlers

Televideo

No statistically significant difference

Not reported

Mixed method quasiexperimental and longitudinal design

Marques et al [52]

Adult Valladolid University students (74%
women, 67.5% aged
18-23 years)

mHealth

No control group (non- Not reported
experimental)

Martins et al [53]

Adult patients (mean
mHealth
age 62 years, 50%
women) with suspected
acute strokes at a Brazil
university hospital

Telemedicine improved Improved in at least Prospective observationresults compared to
one area: decreased al
control
mortality, decreased
intracranial hemorrhage

McGillicuddy et al [54] Adults (mean 51.5-52.1 mHealth
years) with kidney
transplants (majority
men, African American)

Telemedicine improved Improved in at least Randomized controlled
results compared to
one area: reduction clinical trial
control
in mean tacrolimus
trough coefficient of
variation

Mo et al [55]

Adult patients (51.7Telephone or televideo
53.5 years) with chronic
heart failure (approximately 66% men)

Telemedicine improved
results compared to
control: improved emotional support

Improved in at least
one area: mental
health inventory,
quality of life

Open-label interventional study

Mustonen et al [56]

Adult patients (>45
Telecoaching
years; mean age 65
years) with type 2 diabetes and coronary
artery disease (approximately 40% women)

No statistically significant difference

Not reported

Posttrial analysis of a
randomized controlled
trial

O’Shea et al [57]

Adults (77% men, mean eHealth
age 61 years)

Not reported

Not reported

Posttrial analysis of an
acceptability and feasibility trial

Perri et al [58]

Adults (mean 55.4
Telephone or televideo
years) from 14 counties
in Florida (83% women, 73.9% White)

Telemedicine improved Improved in at least
results compared to
one area: decreased
control: decreased fat
body weight
mass, improved selfmanagement
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Telemonitoring

Qualitative

Randomized clinical
trial
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Participant
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Results (compared to
the control group or
other studies)

Medical outcomes

Design

Piera-Jiménez et al [59] Adults (majority 50-70 Telemonitoring
years and men) from
Spain, the Netherlands,
and Taiwan

Telemedicine improved Improved in at least
results compared to
one area, improved
control
quality of life

Financial randomized
controlled trial

Press et al [60]

Adults (mean 54.5
mHealth
years) with asthma or
chronic obstructive pulmonary disease (majority Black women)

Telemedicine improved Increase in conresults compared to
trolled asthma
control: improved selfmanagement health behaviors

Randomized controlled
trial

Ramirez-Correa et al
[61]

Adults (mean 39.9
years, 56% men)

No control group (non- Not reported
experimental)

Cross-sectional

Ronan et al [62]

Adults with cystic fibro- Televideo
sis involved in a study
on an online Tai Chi intervention

No statistically signifi- Not reported
cant difference, improved health behaviors

Qualitative analysis of
a mixed methods randomized controlled feasibility study

Sacco et al [63]

Older adults (mean age Telephone or video
88.2 years), 59.8%
women

Improved patient satis- Not reported
faction, improved emotion support

Cross-sectional survey

Scheerman et al [64]

Adolescents (12-17
years) and mothers

Social media

Telemedicine improved Not reported
results compared to
control, improved
health behaviors

Cluster randomized
controlled trial

Schrauben et al [65]

Adult Chronic Renal
Insufficiency Cohort
(CRIC) Study participants (mean age 68
years, eGFR 54
mL/min/1.73, 59%
men)

mHealth

No control group (non- Not reported
experimental)

Cross-sectional survey

Shareef et al [66]

Elderly and disabled
Robotics or artificial
people (average age
intelligence
74.5 years, 59% women) in retirement homes
and rehabilitation centers

Improved companionship

Experiment and followup survey

van Dijk et al [67]

Adult women (mean
age 30 years), either
less than 13 weeks
pregnant or trying to
become pregnant, and
36 men

Improved compliImproved in at least
ance/adherence, imone area, improved
proved health behaviors self-management

Telemedicine self-testing

mHealth

Not reported

Randomized controlled
trial

mHealth: mobile health.

b

eGFR: estimated glomerular filtration rate.

Risk of Bias Within and Across Studies
Table 2 summarizes the quality indicators assessed for each
article with the JHNEBP tool. The strength of evidence most
frequently observed was level III followed by level I and level
II. Nearly half of the articles reported strong-evidence studies
that included both a control group and randomization; the next
most common study type was nonexperimental (no control
group) or qualitative, with the least frequent type being
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quasiexperimental (included a control group but no
randomization). The quality of evidence most frequently
observed was A (high quality), followed by B (good quality).
The most common combination of strength and quality was III
B, followed closely by I A, which speaks to both the strength
and quality of evidence evaluated by this review. The III B
combination highlights the number of qualitative studies with
smaller samples or selection bias.
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Table 2. Summary of quality assessments (N=46).
Evidence

Occurrence, n (%)

Strength
I (Experimental study or randomized controlled trial)

22 (48)

III (Nonexperimental, qualitative)

17 (37)

II (quasiexperimental)

7 (15)

Quality
A (High quality)

27 (59)

B (Good quality)

17 (37)

C (Low quality)

2 (4)

Many studies used geographically localized samples, which
may limit the external validity of the results. Some studies
focused only on one gender or race, speaking to the convenience
sample or volunteer-basis of their design. Asking for volunteers
in a technology-oriented experiment invites bias because the
self-selection allows for those who are already
technology-oriented or comfortable with technology to
participate. This group as the intervention can skew the results
because those already comfortable with technology will not
experience the frustration experienced by those who are not
comfortable with technology. This selection bias also limits the
external validity of the results. A comprehensive list of bias,
country of origin, sample size, strength, and quality of evidence
identified for each study can be found in Multimedia Appendix
1.
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Thematic Analysis Based on Results of Individual
Studies
During the analysis phase of the systematic review process, the
reviewers recorded observations to identify instances of patient
satisfaction, as well as both facilitators and barriers to the
adoption of telemedicine. A thematic analysis was then
performed to make sense of the observations [19]. Multiple
instances of the same observation become a theme. A translation
of observations to themes is provided in Multimedia Appendix
2. The summary of analysis is provided in Table 3, which lists
the themes/observations from reviewers that correspond with
the objective statement and sorts articles from the most recent
to the oldest.
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Table 3. Summary of thematic analysis for individual studies.
Authors

Patient satisfaction

Facilitators

Ben-Arye et al [22]

Not reported

Technical literacy, availability of technology, past ex- Availability of technology, confidentiality/seperience with technology
curity

Yu et al [25]

Strong satisfaction

Concerns adequately addressed, improved health behaviors, pandemic created acceptance of technology

Some patients prefer in-person consultations,
decrease in patient-provider communication,
technical literacy

Richards et al [24]

Strong satisfaction

Convenience of telemedicine, increased patientprovider communication, concerns adequately addressed, increased access

Not reported

Kurihara et al [23]

Not reported

Pandemic created acceptance of technology, past experience with technology

Some patients prefer in-person consultations,
technical literacy

Alkirie et al [26]

Not reported

Technical literacy, past experience with technology,
Technology needs further development,
perceived usefulness, increased patient-provider com- technical literacy
munication, perceived ease of use

Ballin et al [27]

Not reported

Increased connectedness, self-management, flexibility, Technology needs further development
and access

Banbury et al [28]

Not reported

Enabled social interaction; decreased anxiety; inHealth literacy, availability of technology,
creased connectedness, technical literacy, and access; technical literacy
televideo enables reading of body language; education;
convenience of telemedicine

Barnett et al [29]

Not reported

Increased efficiency, access, and patient-provider
communication, and improved standard of care

Technology needs further development, decrease in patient-provider communication,
technical literacy, confidentiality/security

Batalik et al [30]

Not reported

Technical literacy, increased self-management, increased access, increased flexibility

Discomfort for wearable monitors, technical
literacy, technology needs further development

Beller et al [31]

Not reported

Pandemic created acceptance of technology, availabil- Limits of reimbursement for telemedicine,
ity of technology, fewer miles driven to appointment, some patients prefer in-person consultations,
convenience of telemedicine, faster initiation of treat- connectivity, technical literacy
ment, decreased costs

Bernabe-Ortiz et al
[32]

Not reported

Increased connectedness, increased adherence, improved health behaviors

Perceived lack of usefulness, lack of personal
desire to get better, some patients prefer inperson consultations

Bilgrami et al [33]

Not reported

Pandemic created acceptance of technology

Not reported

Broers et al [34]

Strong satisfaction

Perceived usefulness, perceived ease of use, increased Decrease in quality of life after intervention
adherence

Cho et al [35]

Not reported

Increased adherence, increased self-management, increased weight loss, technical literacy

Technical literacy, availability of technology

Claes et al [36]

Not reported

Technical literacy, perceived ease of use

Technology needs further development

Coorey et al [37]

Not reported

Increased adherence, increased self-management

Lack of personal desire to get better, technology needs further development, technical literacy

Ding et al [38]

Not reported

Increased adherence, increased self-management

Technology needs further development, cost

Geramita et al [39]

Not reported

Long-term use may not be required to develop good
habits

Cost, confidentiality/security, technology
needs further development

Gong et al [40]

Not reported

Increased adherence, increased self-management

Not reported

Han et al [41]

Not reported

Pandemic created acceptance of technology, increased Cost, technical literacy, interoperability,
efficiency, increased self-management, increased ac- availability of technology
cess, availability of technology

Harding et al [42]

Not reported

Not reported

Hsia et al [43]

Strong satisfaction

Increased quality of life, decreased emergency room Connectivity, technical literacy, cost, availvisits, increased adherence, availability of technology, ability of technology
pandemic created acceptance of technology, perceived
ease of use, convenience of telemedicine
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Barriers

Connectivity, confidentiality/security, technical literacy
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Authors

Patient satisfaction

Facilitators

Barriers

Hsieh et al [44]

Not reported

Health literacy, perceived usefulness, perceived ease
of use

Some patients prefer in-person consultations,
technical literacy, cost

Hutchesson et al [45]

Strong satisfaction

Increased self-management, perceived usefulness,
perceived ease of use

Technology needs further development, perceived lack of usefulness

Jiménez-Marrero et al Not reported
[46]

Decreased costs, increased adherence, increased self- Cost
management

Katt et al [47]

Strong satisfaction

Convenience of telemedicine, pandemic created accep- Some patients prefer in-person consultations,
tance of technology, faster initiation of treatment,
workflow issues for providers
perceived ease of use

Kobe et al [48]

Not reported

Not reported

Lai et al [49]

Strong satisfaction

Convenience of telemedicine, increased social support, Technology needs further development, conincreased self-management
nectivity, decrease in patient-provider communication, technical literacy

Lemelin et al [50]

Strong satisfaction

Education, increased social support

Not reported

Manning et al [51]

Not reported

Pandemic created acceptance of technology

Connectivity, availability of technology

Marquez et al [52]

Not reported

Past experience with technology, decreased costs,
pandemic created acceptance of technology, faster
initiation of treatment, increased access

Some patients prefer in-person consultations

Martins et al [53]

Not reported

Faster initiation of treatment, availability of technolo- Lack of infrastructure, limits of reimbursegy, increased access
ment for telemedicine, connectivity, confidentiality/security

McGillicuddy et al
[54]

Not reported

Increased social support, health literacy

Not reported

Mo et al [55]

Not reported

Increased quality of life, increased social support

Not reported

Mustonen et al [56]

Not reported

Decreased costs

Not reported

O’Shea et al [57]

Satisfaction

Increased self-management

Technical literacy, perceived lack of usefulness, technology needs further development

Perri et al [58]

Not reported

Increased weight loss, increased adherence, increased Not reported
self-management

Piera-Jiménez et al
[59]

Not reported

Decreased costs, no significant difference in cost care Cost

Press et al [60]

Not reported

Decreased costs, education, increased access

Ramirez-Correa et al
[61]

Not reported

Increased patient-provider communication, education, Connectivity
pandemic created acceptance of technology

Ronan et al [62]

Not reported

Convenience of telemedicine, pandemic created accep- Technical literacy, technology needs further
tance of technology, increased social support
development, availability of technology

Sacco et al [63]

Strong satisfaction

Increased social support, increased connectedness

Not reported

Scheerman et al [64]

Not reported

Increased social support, improved standard of care

Not reported

Schrauben et al [65]

Not reported

Health literacy, education

Technical literacy, health literacy, confidentiality/security

Shareef et al [66]

Not reported

Enabled social interaction, increased social support

Confidentiality/security, technical literacy,
perceived lack of usefulness

van Dijk et al [67]

Not reported

Improved health behaviors, increased adherence

Not reported

Patient satisfaction was reported as “strong satisfaction” or
“satisfaction” in 9 (20%) and 1 (2%) of the 46 studies,
respectively, and 36 studies did not report any measure of patient
satisfaction. No studies reported a decline in patient satisfaction
as a result of using telemedicine as the intervention.
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Some patients prefer in-person consultations

Availability of technology, technical literacy

Twenty-five facilitator themes and seven individual observations
were identified in the literature by the two reviewers. Only two
studies did not identify facilitators. Facilitator themes are listed
in Table 4.
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Table 4. Facilitator themes and individual observations (N=132).

a

Themes/observations

References

Occurrence, n (%)

Increased self-management

[27,30,35,37,38,40,41,45,46,49,57,58]

12 (9.1)

Pandemic created acceptance of technology

[23,25,31,33,41,43,47,51,52,61,62]

11 (8.3)

Increased adherence

[32,34,35,37,38,40,43,46,58,67]

10 (7.6)

Increased access

[24,27-30,41,52,53,60]

9 (6.8)

Increased social support

[49,50,54,55,62-64,66]

8 (6.1)

Convenience of telemedicine

[24,28,31,43,47,49,62]

7 (5.3)

Perceived ease of use

[26,34,36,43-45,47]

7 (5.3)

Decreased costs

[31,46,52,56,59,60]

6 (4.5)

Education

[28,50,60,61,65]

5 (3.8)

Technical literacy

[22,26,30,35,36]

5 (3.8)

Availability of technology

[22,31,41,43,53]

5 (3.8)

Increased patient-provider communication

[24,26,29,61]

4 (3.0)

Faster initiation of treatment

[31,47,52,53]

4 (3.0)

Increased connectedness

[27,28,32,63]

4 (3.0)

Perceived usefulness

[26,34,44,45]

4 (3.0)

Past experience with technology

[22,23,26,52]

4 (3.0)

Health literacy

[44,54,65]

3 (2.3)

Improved health behaviors

[25,32,67]

3 (2.3)

Increased efficiency

[29,41]

2 (1.5)

Concerns adequately addressed

[24,25]

2 (1.5)

Enabled social interaction

[28,66]

2 (1.5)

Increased quality of life

[43,55]

2 (1.5)

Improved standard of care

[29,64]

2 (1.5)

Increased flexibility

[27,30]

2 (1.5)

Increased weight loss

[35,58]

2 (1.5)

Decreased anxiety

[28]

1 (0.8)

Increased technical literacy

[28]

1 (0.8)

Televideo enables reading of body language

[28]

1 (0.8)

Fewer miles driven to appointment

[31]

1 (0.8)

Long-term use may not be required to develop good habits

[39]

1 (0.8)

Decreased emergency room visits

[43]

1 (0.8)

No significant difference in cost of care

[59]

1 (0.8)

Not reported

[42,48]

2 (N/Aa)

N/A: not applicable.

The most commonly identified themes were increased
self-management, acceptance of the technology from the
pandemic, adherence to treatment protocols, access, and social
support. For the 46 articles, these themes represent 38% of all
132 occurrences. Other themes included convenience of
telemedicine and perceived ease of use, decreased cost,
opportunity for education, technical literacy, availability of
technology, an increase in patient-provider communication,
faster initiation of treatment, increased connectedness, perceived
usefulness, and past experience with technology. Health literacy
https://www.jmir.org/2022/1/e31752
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and improved health behaviors were identified less frequently,
and increased office efficiencies, medical concerns adequately
addressed, enabled social interaction, increased quality of life,
improved standard of care, increased flexibility, and increased
weight loss were the least frequent themes identified. The
following seven individual observations accounted for 5% of
the total observations: decreased anxiety, increased technical
literacy, televideo enabled reading of body language, fewer
miles driven to appointment, long-term use may not be required
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to develop good habits, decreased emergency room visits, and
no significant difference in cost of care.
Twelve themes and five individual observations were identified
as barriers from the literature by the reviewers; 11 studies did
not identify barriers (11%). Table 5 lists the themes and
individual observations.
The most commonly listed barriers were technical literacy,
technology needs further development, availability of

Kruse & Heinemann
technology, and patient preference, accounting for 55% of the
total
86
occurrences.
Cost,
connectivity,
and
confidentiality/security were also identified, as well as health
literacy, limits of reimbursement for telemedicine, and lack of
personal desire to get better with less frequent occurrences (2
each). The remaining five observations made up a total of 6%
of the total occurrences: decrease in quality of life after
intervention, discomfort for wearing monitors, workflow issues
for providers, lack of data infrastructure, and interoperability.

Table 5. Barrier themes and individual observations (N=86).

a

Themes/observations

References

Occurrence, n (%)

Technical literacy

[23,25,26,28-31,35,37,41-44,49,57,60,62,65,66]

19 (22)

Technology needs further development

[26,27,29,30,36-39,45,49,57,62]

12 (14)

Availability of technology

[22,28,35,41,43,51,60,62]

8 (9)

Cost

[38,39,41,43,44,46,59]

7 (8)

Connectivity

[31,42,43,49,51,53,61]

7 (8)

Confidentiality/security

[22,29,39,42,53,65,66]

7 (8)

Some patients prefer in-person consultations

[23,25,31,32,44,47,48,52]

8 (9)

Perceived lack of usefulness

[32,45,57,66]

4 (5)

Decrease in patient-provider communication

[25,29,49]

3 (3)

Health literacy

[28,65]

2 (2)

Limits of reimbursement for telemedicine

[31,53]

2 (2)

Lack of personal desire to get better

[32,37]

2 (2)

Decrease in quality of life after intervention

[34]

1 (1)

Discomfort for wearable monitors

[30]

1 (1)

Workflow issues for providers

[47]

1 (1)

Lack of infrastructure

[53]

1 (1)

Interoperability

[41]

1 (1)

Not reported

[24,33,40,50,54-56,58,63,64,67]

11 (N/Aa)

N/A: not applicable.

Additional Analyses
Distribution of Publications by Country
Eighteen of the 46 studies (39%) were performed in North
America, 11 (24%) were performed in Europe, 7 (15%) were
performed in Asia, 5 (11%) were performed in Australia, 3 (7%)
were performed in South America, and 2 (4%) were performed
in multiple countries and continents.

Comparisons to a Control Group
Table 6 summarizes the themes and observations recorded for
results as compared to the control group identified by the two
reviewers. There is some overlap between this set of
observations and medical outcomes; the latter represent clinical
observations only, whereas the former are both clinical and
administrative in nature. Ten themes and four individual
observations were identified by the reviewers for a total of 66
occurrences in the literature. Eleven studies were
nonexperimental in nature, which had no control group.
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Eighteen of the studies demonstrated either a clinical or
administrative improvement compared to the control group,
whereas nine reported no statistically significant results from
the control group. Both of these themes demonstrate the efficacy
of the telemedicine modality. The remainder of the list in Table
6 demonstrates the specific improvements that occurred
(multiple improvements occurred in multiple articles), including
improved patient satisfaction, improved behaviors, improved
compliance/adherence to treatment protocol, improved
self-management of condition or disease, decreased fat mass,
improved emotional support, improved companionship, and
improved health literacy. The remainder were individual
observations that combined accounted for 5% of the total
observations: improved informational support, decreased cost,
and increased quality of life. Only one article did not report a
result as compared to the control group because it was a posttrial
analysis and it did not address the control group.
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Table 6. Themes and individual observations for studies with a control group comparison (N=66).

a

Themes/observations

References

Occurrence, n (%)

Telemedicine improved results compared to control

[28,32,35,38,40,41,43,46,48-50,53-55,58-60,64]

18 (27)

No statistically significant difference

[27,30,33,34,39,45,51,56,62]

9 (14)

Improved patient satisfaction

[24,25,43,47,49,50,63]

7 (11)

Improved health behaviors

[36,49,60,62,64,67]

6 (9)

Improved compliance/adherence

[22,38,40,41,49,67]

6 (9)

Improved self-management

[28,37,43,58,60]

5 (8)

Decreased fat mass

[27,32,35,58]

4 (6)

Improved emotional support

[28,55,63]

3 (5)

Improved companionship

[28,66]

2 (3)

Improved health literacy

[28,37]

2 (3)

Improved informational support

[28]

1 (2)

Decreased cost

[46]

1 (2)

Increased quality of life

[34]

1 (2)

Not reported

[57]

1 (2)

No control group (nonexperimental)

[23,26,29,31,37,41,42,44,52,61,65]

11 (N/Aa)

N/A: not applicable.

Medical Outcomes Commensurate With an Intervention
Table 7 summarizes the medical outcomes observed. Seven
themes and nine individual observations were recorded
commensurate with the adoption of telemedicine for a total of
30 occurrences. Twenty-eight studies did not report clinical
outcomes.
Twelve studies reported 12 statistically significant improvements
in clinical outcomes and three reported no statistically significant
difference between modalities of care. Both of these themes
demonstrated the efficacy of the telemedicine modality. The
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most commonly observed theme for medical outcomes was
decreased body weight, followed by decreased fat mass,
improved self-management, increase in controlled asthma, and
increased quality of life. The following individual observations
contributed to 30% of the total observations: reduction in blood
pressure, reduction in mean tacrolimus trough coefficient of
variation, improved annual rate of estimated glomerular filtration
rate (eGFR) decline, decrease in medication use, decrease
incidence of heart failure, decreased mortality, improved mental
health inventory, decreased intracranial hemorrhage, and
telemedicine identified other areas for intervention.
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Table 7. Medical outcome themes and individual observations commensurate with adoption of the intervention/technology (N=30).

a

Themes/observations

References

Occurrence, n (%)

Improved in at least one area

[27,32,35,40,46,48,53-55,58,59,67]

12 (40)

No statistically significant difference

[30,33,45]

3 (10)

Decreased body weight

[32,35,58]

3 (10)

Decreased fat mass

[27,35]

2 (7)

Improved self-management

[43,67]

2 (7)

Increase in controlled asthma

[43,60]

2 (7)

Improved quality of life

[55,59]

2 (7)

Reductions in blood pressure

[40]

1 (3)

Reduction in mean tacrolimus trough coefficient of variation

[54]

1 (3)

Improved annual rate of eGFRa decline

[48]

1 (3)

Decreased medication use

[43]

1 (3)

Decreased incidence of heart failure

[46]

1 (3)

Identified other areas for intervention

[50]

1 (3)

Decreased mortality

[53]

1 (3)

Improved mental health inventory

[55]

1 (3)

Decreased intracranial hemorrhage

[53]

1 (3)

Not reported

[22-26,28,29,31,34,36-39,41,42,44,47,49,51,52,56,57,61-66] 28 (N/Ab)

eGFR: estimated glomerular filtration rate.

b

N/A: not applicable.

Interactions Between Observations
Interventions of mHealth resulted in seven occurrences of a
result (clinical and administrative outcomes) and six occurrences
of an improvement in at least one clinical outcome. The
interventions with telephone or televideo resulted in four
instances of improved patient satisfaction and a decrease in
eGFR and weight loss. The interventions of eHealth resulted in
very few instances of either clinical or administrative outcomes
other than improved compliance and health behaviors.

Discussion
Principal Findings
Telemedicine is examined in countries worldwide, and it is clear
that the COVID-19 pandemic caused a rapid adoption of this
modality of medicine to ensure the viability of practices. A key
issue for discussion is the differences in findings between this
systematic review and another recent similar review [14]. This
systematic review identified key facilitators and barriers, and
further analyzed health outcomes. The other similar review
identified themes of effectiveness but failed to meet the
expectations for a systematic review in terms of medical
outcomes [68]. Common themes between the two reviews were:
rapid telemedicine expansion, education, improved access,
convenience, and patient satisfaction.

Summary of Evidence
This systematic review exercised a set Boolean search string in
four common research databases to analyze 46 articles
https://www.jmir.org/2022/1/e31752
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originating from five continents for themes of facilitators,
barriers, and medical outcomes. Nearly 50% of the articles
demonstrated the strongest evidence and nearly 60%
demonstrated the highest quality of evidence. Various forms of
telemedicine were examined: eHealth, mHealth, audio only,
telemonitoring, telecoaching, telerehab, robotics or artificial
intelligence, and televideo. Twenty-five facilitator themes and
individual observations, 12 results themes and observations,
and 7 medical outcome themes and observations were recorded
and analyzed. Forty-one percent of barrier themes recorded
either an improvement or no statistically significant
improvement in results compared to the control group. Forty
percent of the observations recorded an improvement in at least
one medical outcome.
Health care administrators can focus on the findings
demonstrating that implementation of telemedicine will increase
self-management
[27,30,35,37,38,40,41,45,46,49,57,58],
adherence [32,34,35,37,38,40,43,46,58,67], access [24,27-30,
41,52,53,60], and social support [49,50,54,55,62-64,66].
Telemedicine is shown to be an effective modality of treatment
[28,32,35,38,40,41,43,46,48-50,53-55,58-60,64] at a decreased
cost [31,46,52,56,59,60]. Patients perceive the modality to be
convenient and easy to use [26,34,36,43-45,47], and its
implementation increases patient satisfaction [24,25,43,
47,49,50,63].
Health policymakers should focus on several barriers to increase
the adoption of telemedicine. Because technical literacy,
availability of technology, and connectivity are listed as the
most often cited barriers, public programs should be offered to
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assist those with these difficulties. Technical literacy is often
associated along age or socioeconomic lines, and researchers
acknowledge the dearth of research in the area of how to
overcome this obstacle [69]. However, community centers that
provide access to computers, classes on computers, and a
dedicated broadband connection can all contribute to solutions
to these barriers.

only utilized two researchers to analyze the data; additional
researchers could have identified additional themes. Selection
bias was controlled through independent analysis of all articles
by both reviewers followed by consensus meetings. Publication
bias is the largest limitation because we were unable to query
and analyze unpublished articles.

A key similarity between the 2020 systematic review [14] and
this review is the rapid expansion of telemedicine. Eleven
articles analyzed in this review used a phrase similar to “the
pandemic created an acceptance of telemedicine technology”
[23,25,31,33,41,43,47,51,52,61,62]. A systematic review
published in 2018 cited cost as the chief barrier to adoption,
whereas this review only found cost as a barrier in 8% of all
observations [5]. The COVID-19 pandemic forced acceptance
of the technology and enabled providers to not focus so intently
on the cost of its implementation.

The COVID-19 pandemic caused huge problems to deliver
medicine traditionally. However, these problems created an
environment that limited face-to-face medical encounters and
fostered legislation to reimburse the telemedicine modality for
broad and rapid adoption of telemedicine to expand the access
of care beyond the physical walls of the clinic. Physicians should
feel confident that the telemedicine modality will be reimbursed
and will have very little effect on patient satisfaction. Health
care administrators who have not already adopted telemedicine
should feel confident in the technology; however, they should
ensure that sufficient confidentiality and security measures are
in place. Policymakers should enact legislation to remove or
mitigate barriers such as availability of technology, technical
literacy, and connectivity, as these are commonly referred to in
the literature.

Limitations
This systematic review selected 46 articles for analysis from
four commonly available research databases. A larger group
for analysis could have yielded richer results. This review also

Conclusion
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Abstract
Background: Patients who are chronically ill need novel patient counseling methods to support their self-care at different stages
of the disease. At present, knowledge of how effective digital counseling is at managing patients’ anxiety, depression, and
adherence to treatment seems to be fragmented, and the development of digital counseling will require a more comprehensive
view of this subset of interventions.
Objective: This study aims to identify and synthesize the best available evidence on the effectiveness of digital counseling
environments at improving anxiety, depression, and adherence to treatment among patients who are chronically ill.
Methods: Systematic searches of the EBSCO (CINAHL), PubMed, Scopus, and Web of Science databases were conducted in
May 2019 and complemented in October 2020. The review considered studies that included adult patients aged ≥18 years with
chronic diseases; interventions evaluating digital (mobile, web-based, and ubiquitous) counseling interventions; and anxiety,
depression, and adherence to treatment, including clinical indicators related to adherence to treatment, as outcomes. Methodological
quality was assessed using the standardized Joanna Briggs Institute critical appraisal tool for randomized controlled trials or
quasi-experimental studies. As a meta-analysis could not be conducted because of considerable heterogeneity in the reported
outcomes, narrative synthesis was used to synthesize the results.
Results: Of the 2056 records screened, 20 (0.97%) randomized controlled trials, 4 (0.19%) pilot randomized controlled trials,
and 2 (0.09%) quasi-experimental studies were included. Among the 26 included studies, 10 (38%) digital, web-based interventions
yielded significantly positive effects on anxiety, depression, adherence to treatment, and the clinical indicators related to adherence
to treatment, and another 18 (69%) studies reported positive, albeit statistically nonsignificant, changes among patients who were
chronically ill. The results indicate that an effective digital counseling environment comprises high-quality educational materials
that are enriched with multimedia elements and activities that engage the participant in self-care. Because of the methodological
heterogeneity of the included studies, it is impossible to determine which type of digital intervention is the most effective for
managing anxiety, depression, and adherence to treatment.
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Conclusions: This study provides compelling evidence that digital, web-based counseling environments for patients who are
chronically ill are more effective than, or at least comparable to, standard counseling methods; this suggests that digital environments
could complement standard counseling.
(J Med Internet Res 2022;24(1):e30077) doi:10.2196/30077
KEYWORDS
mHealth; mobile health; eHealth; digital health; mobile apps; smartphone apps; web-based; telemedicine; chronic diseases;
noncommunicable diseases; web-based interventions; mobile phone

Introduction
Background
Chronic diseases account for 71% of all deaths globally.
Furthermore, the recent rapid increase in the number of patients
who are chronically ill will heavily burden the health care sector.
This review focuses on the use of digital counseling
environments among patients with cancer and cardiovascular,
musculoskeletal, and colorectal diseases.
Patients who are chronically ill need a variety of counseling
approaches at different stages of the disease. Patient counseling,
which refers to the interaction between a patient and health care
professionals, can strongly support the patient’s sense of
responsibility in adhering to their treatment [1]. Most of the
novel patient counseling methods, for example, mobile, digital,
or ubiquitous counseling, can increase adherence to treatment,
which has been worryingly low among patients who are
chronically ill [2]. Digital counseling environments can provide
peer support through interaction; motivate self-care; and offer
understandable, reliable, and up-to-date information to help
patients better understand their disease and make lifestyle
changes [3-5]. In addition, novel counseling methods can help
manage patients’ anxiety and fear, as well as enhance patient
safety [2,6,7]. Nevertheless, the current knowledge base
regarding digital counseling for anxiety and adherence to
treatment among patients who are chronically ill seems to be
fragmented, which highlights the need for a comprehensive
summary of the available counseling approaches.
Digital, customer-oriented services may improve a patient's
quality of life and functionality when the service is accessible
regardless of place or time and tailored to the patient’s specific
needs [8,9]. Various technologies now enable the provision of
such services, which can provide individual counseling to
patients at the correct time and in an appropriate manner [10-12].
The provision of materials in different formats promotes tailored
counseling approaches [11-15], with previous research
demonstrating that patients value inclusivity, comprehensibility,
availability, and flexibility in these services [4,13,16-18].
In recent years, digitalization has offered numerous opportunities
for providing health care through digital channels. The World
Health Organization defines digital health as “a broad umbrella
term encompassing e-health, as well as developing areas such
as the use of advanced computer sciences.” Mobile health
(mHealth) is a subarea of digital health, and is described as “the
use of wireless mobile technologies for health,” whereas another
subarea, ubiquitous health, is defined as services delivered
through ubiquitous technologies such as tags, sensors, and
https://www.jmir.org/2022/1/e30077
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biometric devices [19]. The main objective of digital health
could be described as using various technologies to support the
achievement of health goals through the internet. However, the
realm of digital health is wide and, as such, various terms have
been applied in digital health research. This review focuses on
web-based solutions and mobile apps that integrate knowledge
sharing to create participative elements for the patient. Studies
focusing on SMS text messaging and gaming were excluded.
According to the World Health Organization, digital and mobile
technologies support health care systems through targeted and
untargeted
patient
communication,
patient-to-patient
communication, personal health tracking, and citizen-based
reporting. An important objective of digital health interventions
is the widespread promotion of positive changes in behavior to
prevent the onset of chronic disease.
The impacts of various digital health interventions on the
management of chronic diseases, especially diabetes mellitus
[20-26], cardiovascular diseases, and cancer, have been studied
extensively by systematic reviews during recent years
[10,27-47]. However, many of the studies that have been
reviewed suffer from methodological shortcomings, that is,
insufficient power to detect changes in outcomes and relatively
short study duration [31]. This has led to a fragmented
knowledge base, and a comprehensive description of the
available digital health solutions—along with their
effectiveness—is needed to further develop counseling for
patients who are chronically ill. Research implications for future
eHealth studies have recently been identified, categorized, and
prioritized [48]. For example, randomized controlled trial (RCT)
studies with large sample sizes and long follow-up periods,
along with investigations of the cost-effectiveness and user
acceptance of eHealth interventions, should be conducted in the
near future. Furthermore, decision-makers will need an improved
understanding of which components of the studied interventions,
for example, frequency, duration and delivery mode, or patient
characteristics, contribute most to the overall e ectiveness of an
eHealth intervention. Ethical aspects, intervention safety, and
translation of ﬁndings into a practical context were also
identified as necessary research elements [48].

Objectives
This systematic review aims to identify and synthesize the best
available evidence on the effectiveness of digital counseling
environments for managing anxiety, depression, and adherence
to treatment among patients who are chronically ill.
This review answers the following question: What is the
effectiveness of the digital counseling environments compared
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with control (eg, usual care) on anxiety and depression and
clinical outcomes related to adherence to treatment?

Methods
Systematic Review
A systematic review of RCTs was conducted according to the
Centre for Reviews and Dissemination and Joanna Briggs
Institute guidelines [49,50]. The research adhered to the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) statement [51] regarding the reporting of
evidence.

Inclusion and Exclusion Criteria
The selection of studies was based on predefined inclusion and
exclusion criteria, which are reported in the patient, intervention,
comparison, and outcome format [50]. The review considered
studies that included participants who were adult patients aged
≥18 years with chronic diseases; described interventions that
were digital (mobile, web-based, or ubiquitous) counseling
approaches; and reported outcomes that were patient outcomes
(primary outcomes), that is, anxiety, depression, or adherence
to treatment, and clinical indicators (secondary outcomes)
related to adherence to treatment. The comparator was no
treatment, standard care, or another type of intervention. All
RCTs and quasi-experimental studies published in English,
Finnish, or Swedish from 2008 to 2020 were considered; this
specific time period was selected to reflect the growth and
adoption of digital technologies.
Studies focusing on patients aged <18 years or describing
patients with psychiatric disorders or substance abuse problems
were excluded. Furthermore, studies focusing on traditional
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counseling, SMS text message counseling, or eHealth game
development were excluded. Studies were also excluded if they
measured any outcomes other than those defined in the inclusion
criteria or were protocols, reviews, editorial papers, discussions,
recommendations, or parts of books.

Search Strategy
Systematic literature searches were conducted across 4 electronic
databases (CINAHL, PubMed, Scopus, and Web of Science)
in May 2019, after which the search was complemented for the
years 2019-2020 in October 2020. The reference lists of the
included studies were screened for studies that may be relevant
to the study objective, yet were not identified during the
systematic literature search. An information specialist assisted
the researchers in forming a search strategy and conducting the
literature search. The search strategy for different databases is
presented in Multimedia Appendix 1.

Study Selection
A total of 2056 publications were retrieved during the database
searches. These publications were then imported into Zotero
reference manager software (Corporation for Digital
Scholarship). From the 2056 publications, 549 (26.7%)
duplicates were removed. Of the 1507 studies remaining, 1434
(95.16%) were excluded after title and abstract screening by 2
independent researchers (KPP and MK) using predefined
inclusion criteria, leaving 73 (4.84%) full-text articles relevant
to the study objectives. Minor disagreements between the
reviewers were resolved, and the researchers reached agreement.
At the completion of the screening process, of the 73 studies,
50 (68%) met the inclusion criteria and were included in the
critical appraisal. A PRISMA flow diagram was used to present
the study selection process (Figure 1).
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) 2009 flow diagram of study selection process. CINAHL:
Cumulative Index to Nursing and Allied Health Literature.

Critical Appraisal
The methodological quality of the 50 selected studies was
independently assessed by 2 researchers (KPP and MK) using
a standardized Joanna Briggs Institute critical appraisal tool for
RCTs and quasi-experimental studies [52]. The methodological
quality was evaluated by assigning points to each criterion of
the appraisal tool. Studies that scored at least 60% (8/13 points
for RCTs and 5/9 points for quasi-experimental studies) across
the appraisal criteria were included in the review. Of the 50
selected studies, 26 (52%) were included in the final review,
whereas 24 (48%) were excluded based on poor blinding,
unreliable measurement of outcomes, or inappropriate statistical
analysis. Critical appraisal of the selected randomized controlled
trial studies is presented in Multimedia Appendix 2 [53-76].
In the critical appraisal of the selected quasi-experimental
studies (2/26, 8%), both scored 8 points out of 9. Each study
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had a control group, and there were no differences among the
participants in the compared groups. Other than the intervention
of interest, there were no differences between the groups in
terms of care received. Multiple measurements of the outcomes
both before and after the intervention were collected in the same
way in both studies, and appropriate statistical analysis was
conducted. The only unclear criterion concerned whether the
follow-up was complete, and if not, whether differences between
the groups in terms of their follow-up were adequately described
and analyzed.

Data Extraction
Data from the original studies included in the review were
extracted to meet the Centre for Reviews and Dissemination
information requirements [49]. The first author (KPP) entered
the extracted data into a standardized form (Multimedia
Appendix 3 [53-78]) that also included the quality assessment
scores. The second author (MV) confirmed the extracted data.
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Because of the heterogeneity of outcomes reported in the
identified RCTs, a meta-analysis was not possible [49].
Narrative synthesis was used to answer the research question.

Results
Characteristics of the Included Studies
A total of 26 studies were included in this review: 20 (77%)
RCTs [53-72], 4 (15%) pilot RCTs [73-76], and 2 (8%)
quasi-experimental studies [77,78] published from 2010 to 2020
in English in 13 countries. Details of the included studies are
described in Multimedia Appendix 3.

Participants
The participants in the included studies were adult patients aged
≥18 years with a range of diseases: various cancers
[53,63,65,66,69,70,73,75-77], along with cardiovascular
[54,56-58,64,68,71,72,74], musculoskeletal [59,62], colorectal
[55,60,61], and kidney diseases [78]. The sample size ranged
from 29 to 1000 patients, with, of the 26 studies, 9 (35%) having
enrolled fewer than 99 participants [58-60,62,64,68,73,76,78],
9
(35%)
having
enrolled
100-200
participants
[53,54,61,66,69,70,74,75,77], 7 (27%) having enrolled 201-500
participants [55-57,63,65,67,72], and 1 (4%) having enrolled
1000 participants [71]. The follow-up period ranged from days
to 12 months, more specifically, 3 months or less in 46% (12/26)
of the studies [59-61,64,66,68-70,73,74,76,78], 3-6 months in
23% (6/12) of the studies [58,62,63,65,67,71], and 6-12 months
in 31% (8/26) of the studies [53-57,72,75,77].

Interventions
Overview
The patient counseling environments described in the original
publications
included
websites
[53,55-57,59,62,63,
65,66,72,75,76], mobile apps [54,60,61,67-71,73,74,77,78], or
a combination of both [58,64]. Websites could be accessed with
all devices, whereas the mobile apps were accessible with either
a mobile phone or a tablet. The mobile apps were designed to
be both iOS and Android compatible [54,61,64,74], only iOS
compatible [58,60,67,73], or only Android compatible
[68,77,78]. The interventions described in this review were
heterogeneous, with detailed information provided in
Multimedia Appendix 3. The interventions are described
according to the Template for Intervention Description and
Replication checklist [79].

Websites
Of the 26 studies, websites were the primary counseling
approach in 12 (46%). Of these 12 studies, 6 (50%) focused on
patients with cancer [53,63,65,66,75,76], 1 (8%) focused on
patients with colorectal disease [55], 2 (17%) concerned patients
with musculoskeletal disease [59,62], and 3 (25%) covered
patients with cardiovascular disease [56,57,72]. The format,
amount, and use of the counseling materials in the presented
websites varied among the studies.
Counseling materials provided disease- or condition-specific
information in different formats. The materials were gathered
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as learning material libraries [55,65,66,72,75,76], link
collections [53,63,72,75], and patient stories [56,72,75].
In addition, 92% (11/12) of the presented websites included
information-processing functionalities [53,55-57,59,62,63,
65,66,72,76]. Participants were encouraged to assess,
self-monitor, and report personal health data such as heart rate,
blood pressure, blood glucose level, symptoms, distress,
medication
adherence,
daily
exercise,
and
diet
[53,55,57,59,63,65,66,72,76] and fill in web-based medical,
risk factor, and lifestyle forms [55-57,65,66]. Adherence to
treatment was followed by learning tasks [56,66], an e-notebook
or diary [53,55,62,63,66], and action plans [57,72,76].
Participants
also
received
personalized
advice,
recommendations, and feedback based on their activity and
self-reports [53,55-57,59,63,65,66]. All the websites described
in 100% (12/12) of the studies included personalized content
[53,55-57,59,62,63,65,66,72,75,76], that is, counseling,
recommendations, and feedback based on the participants’ inputs
and responses.
Web-based patient–provider counseling was integrated into
58% (7/12) of the presented websites: web-based communication
occurred through e-messages [53,55,57,65,66,75] and
videoconferencing [75]. For 8% (1/12) of the websites,
participants had the option to save an updated list of questions
for the health care team [76]. Furthermore, 25% (3/12) of the
studies included a component, that is, anonymous web-based
forum group discussions [53,62,76] and blog [53], through
which users could share their experiences with other patients.
Website use and activity were measured in 17% (2/12) of the
included studies [53,63]; more specifically, these studies applied
the following website analytics: total hits per user session [53],
hits on program modules and pages [53], total viewing time
[63], number of website log-ins per person [53,63], number of
measures uploaded, amount of e-messages sent, and number of
diary notes and posts in blog [53].

Mobile Apps
Of the 26 studies, mobile apps were the primary approach used
in 12 (46%). Of these 12 studies, 5 (42%) focused on patients
with cardiovascular diseases [54,67,68,71,74], 4 (33%) covered
patients with cancer [69,70,73,77], 2 (17%) focused on patients
with colorectal diseases [60,61], whereas 1 (8%) was conducted
on patients requiring hemodialysis [78].
The format, amount, and use of the counseling materials in the
mobile app varied among the studies. In addition to counseling
materials, 67% (8/12) of the presented apps included
information-processing
functionalities
[54,60,61,
67,68,70,71,74]. Participants were encouraged to self-monitor
and report health data such as blood pressure, physical activity,
diet, medication adherence, symptoms, and sleep
[54,60,67,68,70,71,78]. Participants would then receive
personalized
recommendations,
feedback
[54,60,67,68,70,71,74,78],
and
timed
notifications
[61,67,68,71,77,78] based on their activity and the information
they entered into the app. Furthermore, of the 12 apps, 1 (8%)
included a personal health record [74] that a patient could update
with laboratory test results and use as a risk assessment tool.
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The input data were also used as a clinical decision support tool
by doctors [74]. The presented apps promoted adherence to
treatment through daily or weekly challenges [54,60,67], a diary
feature [54,78], and homework exercises [69]. Of the apps,
100%
(12/12)
provided
personalized
content
[54,60,61,67-71,73,74,77,78],
that
is,
counseling,
recommendations, feedback, or notifications based on the
participants’ inputs and responses.
Of the 12 apps, web-based counseling was integrated into 3
(25%). Of these 3 apps, 1 (33%) included 60 minutes of
individual counseling with a registered dietitian [54], 1 (33%)
involved conversational messages that were responded to by
artificial intelligence [67], and 1 (33%) included counseling
through a bulletin board and SMS text messaging with the
researcher [78].
App use was measured and reported in 33% (4/12) of the studies.
For example, the patient satisfaction rate was calculated
[61,71,74]; the frequency of app use was measured [70,71]; and
the usability, feasibility, and acceptability of the app were
investigated [74]. Of the 4 studies, 2 (50%) reported that the
apps were rated as user friendly and easy to use, as well as
helpful or indispensable [61,74], whereas only 15% of the
participants in 1 (25%) study perceived the app to be very useful,
with more than half of the participants perceiving the app to be
of little use [71].

Combination of Website and Mobile App
Of the 26 studies, 2 (8%) concerning patients with
cardiovascular disease used the combination of a website and
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mobile app as the primary approach for improving patients’
mental health and adherence to treatment [58,64]. The format,
amount, and use of the counseling materials varied between
these 2 reports.
In addition to counseling materials, both studies reported that
the presented intervention included information-processing
functionalities. For example, participants used their mobile
phone to enter health data such as blood pressure, blood glucose
level, medication adherence, and diet [58,64]. Adherence to
treatment was promoted by learning tasks and homework [64],
action plans for lifestyle change [64], and reminders for
self-monitoring [58]. Participants received automated,
personalized recommendations and feedback based on their
activity and input [64]. Furthermore, of the 2 interventions, 1
(50%) enabled the sharing of data, that is, a patient could share
their personal health record with family members, caregivers,
and health professionals [58]. Both the described interventions
included personalized content [58,64].

Outcomes
Overview
Of the 26 studies included in this review, 13 (50%) measured
anxiety
and
depression
[53,55,56,62,63,65,66,69,
70,73,74,76,77], 9 (35%) measured adherence to treatment
[54,55,57,59-61,71,75,78], and 9 (35%) studied how the digital
environment affected ≥1 clinical outcomes related to adherence
to treatment [54,57,58,64,67,68,71,72,78]. The scales used to
measure these outcomes are described in Textbox 1.
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Textbox 1. The scales used to measure the outcomes.
Outcomes and scales
•

•

•

Anxiety and depression
•

Hospital Anxiety and Depression Scale [53,55,62,63,65,66,69,70,73,76,77]

•

General Anxiety Disorder Scale-7 [56]

•

Hamilton Anxiety Rating Scale [69]

•

Distress Thermometer [66,76]

•

Impact of Events Scale [76]

•

EuroQol [74]

•

EuroQol 5-Dimensional Questionnaire, Youth Version [74]

•

Patient Health Questionnaire-9 [56,69]

Adherence to treatment
•

Mediterranean Diet Score [54]

•

Compliance Questionnaire [55]

•

Medical record reviews [75]

•

Framingham Risk Score [57]

•

Numerical scale from 0 to 10 [59]

•

Mean adherence to predefined bundle of patient-dependent elements [60]

•

Compliance with the first low-fiber dietary change and duration of use of the clear liquid diet and bowel cleanliness using 3 scales: the
modified Aronchick scale, the Ottawa Bowel Preparation Scale, and the Chicago Bowel Preparation Scale [61]

•

Morisky Medication Adherence Scale [71]

•

Compliance of Patient Role Behavior Tool [78]

Clinical indicators related to adherence to treatment
•

Blood pressure [54,57,58,64,67,71,72]

•

Weight [54,57,64,78]

•

Total cholesterol [54,57,64,68]

•

High-density lipoprotein cholesterol [54,57,64,68]

•

Low-density lipoprotein cholesterol [54,57,64,68]

•

Triglycerides [54,64,68]

•

Glycosylated hemoglobin level [54,57]

•

High-sensitivity C-reactive protein [54,57]

•

Serum glucose values [64]

•

Frequency of alcohol consumption and frequency of smoking [57,58,64,71]

•

Frequency of exercise [57,58,64]

•

Exercise stress test [64]

•

Alanine aminotransferase, creatinine, and plasma carotenoids [57]

Anxiety and Depression
An analysis of the 26 identified studies revealed that 3 (12%)
reported a statistically significant reduction in anxiety and
depression. A few of the presented websites significantly
reduced anxiety and depression among patients with cancer
[53,65], and a mobile app decreased anxiety and depression
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among patients with cardiovascular disease [74] in comparison
with the control groups.
In an RCT of web-based self-management support for 167
patients with breast cancer, the web choice group reported
significantly lower anxiety (mean difference –0.79, 95% CI
–1.49 to –0.09; P=.03) and depression (mean difference –0.79,
95% CI 1.18 to –0.05; P=.03) scores than the usual care group
[53]. A web-based tailored program for 273 cancer survivors
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was able to significantly decrease patients’ Hospital Anxiety
and Depression Scale (HADS) score (mean difference –0.90,
intervention group SD 3.83-2.79 vs control group SD 3.86-2.59;
95% CI –1.51 to –0.29) compared with the control treatment
[65]. In a pilot RCT that included 209 patients with atrial
fibrillation [74], a mobile app reduced patients’ anxiety and
depression (P=.02) compared with the group that did not use
the app.
Of the 26 studies, in 9 (35%), the experimental group exhibited
positive changes in anxiety and depression; however, these
changes were not statistically significant when compared with
the results of the control group [55,56,62,63,66,69,70,76,77].
Of the 24 RCTs, 2 (8%) [63,66] assessed the effectiveness of
an informational website in reducing distress among patients
with cancer. Among 337 patients with breast cancer [63] and
129 patients newly diagnosed with cancer [66], the mean levels
of anxiety or depression did not significantly differ between the
intervention and control groups. However, the entire study
population exhibited a significant decrease in the HADS score
in 50% (1/2) of these studies (P=.03) [66]. According to the
visual analog scale score (which ranges from 0 to 10), the
intervention group showed significantly lower levels of distress
than the control group (mean difference –0.85, 95% CI –1.60
to –0.10; P=.03) 2 months after an intervention [66].
In a pilot RCT [76] for patients with advanced ovarian cancer,
no differences between the intervention and control groups were
observed for any distress measure, although the group using the
patient-centered, information-based website demonstrated lower,
albeit nonsignificant, general distress as measured by the
Distress Thermometer. In a double-center study of patients with
mild to moderate ulcerative colitis [55], the patients in the
control group in Denmark showed a significant improvement
in depression (P=.01) compared with those in the intervention
group, whereas the patients in Ireland who had used the tested
website demonstrated a significant improvement in anxiety
(P=.02) compared with those in the control group [55]. Of the
24 RCTs, 2 (8%) studies, with 1 (50%) that included patients
with implantable cardioverter defibrillators [56] and 1 (50%)
that included patients undergoing lumbar spine fusion [62],
found that a web-based platform for anxiety did not significantly
affect patients’ anxiety and depression. Furthermore, RCTs
investigating the effect of mobile apps on anxiety in patients
with incurable cancer [69] and patients undergoing breast cancer
chemotherapy [70] reported that both study groups experienced
improvements in anxiety and depression, but no significant
between-group differences existed. However, subsequent
analyses of a subgroup of patients with severe baseline anxiety
revealed that patients using the tested app showed greater
improvements in the Hamilton Anxiety Rating Scale score
(mean difference 7.44, SE 3.35; P=.04) and the HADS score
(mean difference 4.44, SE 1.60; P=.01) than those in the control
group [69]. A Taiwanese quasi-experimental study reported that
a web-based intervention did not significantly improve distress,
anxiety, and depression among breast cancer survivors [77]. A
pilot RCT study of female patients undergoing surgery for breast
cancer [73] reported similar between-group anxiety and
depression scores both preoperatively and immediately after
surgery; however, the control group, which did not have access
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to the additional information provided by the mobile app,
showed significantly lower anxiety and depression scores (P=.03
and P=.02, respectively) 7 days after surgery.

Adherence to Treatment
Of the 26 studies, 4 (15%)—2 (50%) of which tested a website
[55,59] and 2 (50%) of which presented a mobile app
[74,78]—reported statistically significant improvements in
adherence to treatment in the intervention group compared with
the control group. Lambert et al [59] evaluated the effect of a
home exercise website with remote support on self-reported
exercise adherence among 80 people with upper or lower limb
musculoskeletal conditions. The mean between-group difference
for self-reported exercise adherence was 1.3 (11 points; 95%
CI 0.2-2.3) in favor of the intervention group, which was a
statistically significant result (P=.01). A double-center RCT in
Denmark and Ireland reported better ulcerative colitis
compliance among Danish patients who had used the tested
websites than among those in the control group after 12 months,
with adherence to 4 weeks of acute treatment also significantly
better among the patients in the intervention group (73%
compared with 42% among patients in the control group;
P=.005) [55]. At the Irish center, the patients in the intervention
group also showed better adherence to 4 weeks of acute
treatment than those in the control group (73% vs 29%; P=.03).
Moreover, a mobile app for patients with atrial fibrillation
significantly improved drug adherence (P<.001) and
anticoagulant satisfaction (P=.01) compared with usual care
[74]. In a quasi-experimental study of self-management among
84 patients requiring hemodialysis, the use of a mobile app
significantly improved self-efficacy compared with the results
from patients in the control group (mean 4.79, SD 3.51 vs mean
−1.05, SD 2.05; t82=−9.30; P<.001). Treatment compliance also
significantly increased in the experimental group (mean 11.57,
SD 7.63) compared with the control group (mean −1.74, SD
2.71; t82=−10.66; P=.001) [78].
Of the 26 studies included in this review, 6 (23%) found no
significant between-group differences in adherence to treatment,
and 2 (8%) evaluated how the use of a mobile app affects
adherence to care among patients with cardiovascular disease
[54,71]. The presented asynchronous dietary counseling mobile
app resulted in a significantly larger proportion of participants
who complied with the Mediterranean diet (Mediterranean Diet
Scale score ≥9) over time (P<.001); however, no significant
between-group differences were discerned. An RCT focusing
on a mobile app for patients who had undergone surgical
coronary revascularization did not reveal any significant
between-group differences in mean medication adherence scores
(mean difference 0.052, 95% CI –0.087 to 0.191; P=.46) at the
6-month follow-up point [71]. Keyserling et al [57] investigated
whether a web-based lifestyle (n=193) and a medication
intervention (n=192) can reduce coronary heart disease risk.
Both intervention formats reduced coronary heart disease risk
through the 12-month follow-up period; however, no significant
between-group differences were found [57].
Helzlsouer et al [75] reported that a web-based navigation
program for newly diagnosed low-income patients with breast
cancer did not significantly affect treatment completion
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compared with the control group. No significant between-group
differences in the assessed measures of adherence were observed
in 20% (2/10) of the RCTs of mobile apps, the first of which
aimed to improve adherence as part of a recovery program after
colorectal surgery [60] and the second aiming to improve
adherence to bowel cleanliness among patients who had
undergone colonoscopy [61]. However, both the apps were rated
as user friendly and a better alternative to paper instructions
(P<.001). [61]

Clinical Outcomes Related to Adherence
Of the 26 studies, 3 (12%) concerning patients with
cardiovascular disease—1 (33%) presented the combination of
a smartphone app and a website [58], 1 (33%) studied the
effectiveness of a website [72], and 1 (33%) presented a mobile
app [68]—reported that the intervention group differed
significantly from the control group in terms of clinical
indicators related to adherence to treatment.
In a 6-month–long RCT that included 95 participants with
hypertension, the combination of a smartphone app and website
yielded significant improvements in clinical indicators related
to adherence among patients in the intervention group compared
with those in the control group [58]. More specifically, the
results showed reduced consumption of cigarettes (P<.001) and
decreased systolic and diastolic blood pressure levels (baseline:
140.6/89.4 mm Hg; end of study: 136.5/83.9 mm Hg) in the
patients in the intervention group compared with those in the
control group. Furthermore, the frequency at which the patients
in the intervention group achieved blood pressure control
increased from 45% to 59%. Similarly, e-counseling for patients
with hypertension (n=264) resulted in a significant reduction
in systolic blood pressure after 12 months in the patients in the
intervention group compared with those in the control group
(–10.1, 95% CI –12.5 to –7.6 mm Hg vs –6.0, 95% CI –8.5 to
–3.5 mm Hg; P=.02) [72]. A 12-week smartphone app
intervention for 57 patients with cardiovascular disease led to
significant reductions in both triglyceride and total cholesterol
levels in the intervention group compared with the control group
(P=.02 and P=.01, respectively) [68]. In the same study,
medication adherence also significantly increased in the
intervention group (43.33% vs 82.14%; P=.002), whereas the
control group only showed a minor increase (30% vs 37.93%;
P=.52). This between-group difference was statistically
significant (82.14% vs 37.93%; P=.001). No significant
between-group changes were found with respect to low-density
lipoprotein and high-density lipoprotein levels [68].
Digital health interventions for 80 patients with acute coronary
syndrome [64], 100 patients with cardiovascular disease [54],
and 84 patients requiring hemodialysis revealed improved
weight loss in the intervention group compared with the control
group (mean −5.1, SD 6.5 kg vs mean −0.8, SD 3.8 kg; P=.02
[64]; 1.5 kg vs 1.4 kg; P=.04 [54]; and mean −0.56, SD 0.88 vs
mean 0.05, SD 1.08; P=.005 [78], respectively). Among the
patients with cardiovascular disease, the digital health
intervention did not significantly affect systolic blood pressure
[54,57,64,67,71], diastolic blood pressure [54,64,71], lipids
[54,57,64], blood glucose level [64], glycosylated hemoglobin
level, C-reactive protein [54], or smoking frequency [57,71].
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Discussion
Principal Findings
This systematic review identified and synthesized the best
available evidence regarding how effective digital counseling
interventions are at managing anxiety, depression, and adherence
to treatment among patients who are chronically ill.
The results indicate that an effective digital counseling
environment includes both high-quality educational material,
possibly enriched with multimedia elements, and activities that
engage participants. Because of the heterogeneity of the studies
included in this review, it was impossible to determine which
type of digital intervention was the most effective at managing
anxiety, depression, and adherence to treatment. Furthermore,
determining the aspects responsible for changes in
self-management was difficult. Overall, digital, web-based
counseling environments designed for patients who are
chronically ill seem to be more effective than, or at least
comparable to, standard counseling methods. This indicates that
well-accepted digital environments could complement standard
counseling. Patients should be afforded a variety of web-based
educational resources that correspond to their care objectives
and needs. These services should also be provided at an
appropriate time to ensure maximum benefits [39]. Previous
reviews have identified the highly participative features of
mHealth interventions, for example, reminders and continuous
feedback, patient-centeredness, individually tailored content,
and patient–provider communication, to be a large advantage
of these services [28,31,34,41,80,81]. Furthermore, it has
previously been suggested that digital environments have the
potential to increase patient involvement, empowerment, and
security through increased knowledge, symptom management,
participation, engagement, and improved clinician–patient
communication [82,83]. These types of services also do not
depend on location, which will improve access to care for
patients in remote locations where other services may not be
available and, therefore, counteract care inequity. In light of the
COVID-19 pandemic, digital environments can also support
patients who are chronically ill and living in isolated
circumstances [9].
Digital counseling environments can enhance clinical practice
and care by empowering patients with chronic disease
self-management, reducing dependency on health care
professionals, and possibly changing the chronic disease course
in the long term. Furthermore, digital counseling environments
can be accommodated and used for other patient groups by
enhancing diagnostic examination success and optimizing care
procedures.
Nevertheless, digital environments can also contribute to care
inequity if certain patients do not have the ability or resources
to access digital environments. Moreover, digital environments
can cause ambivalence and uncertainty if patients lack the digital
skills and knowledge of how to use these environments [82].
Surprisingly, all the studies included in this review were based
on basic technologies, that is, internet-based environments,
websites, and mobile apps. There were no reports of
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interventions that applied emerging technologies such as
augmented reality, virtual reality, mixed reality, or 360° virtual
reality solutions. Furthermore, none of the presented digital
counseling approaches used ubiquitous elements, for example,
tags or sensors.

Effects of Digital Counseling Environment on Patient
and Clinical Outcomes
Digital interventions significantly improved anxiety and
depression among patients with cancer [53,65] and
cardiovascular disease [74]. Positive, albeit statistically
nonsignificant, changes in anxiety and depression were also
measured among patients with cancer [63,66,69,70,76,77], as
well as individuals with colorectal [55], cardiovascular [56],
and musculoskeletal [62] diseases. However, a pilot study [73]
found that patients in the control group—who did not have
access to the additional information provided by the mobile
app—showed significantly lower anxiety and depression than
the intervention population. As this particular study explored
patients with cancer, it is possible that the increased amount of
knowledge in the app reminded women of the cancer treatment
they were going through. In contrast, a systematic review [38]
reported that 17 studies found eHealth solutions to improve
anxiety among patients with breast cancer. Nevertheless, other
studies have reported eHealth interventions to exert
contradictory effects on anxiety [40,83]. This includes the
surprising finding that increased knowledge does not necessarily
reduce anxiety. This area of research clearly needs to be
investigated in more detail.
Various digital counseling approaches significantly improved
adherence to treatment among patients requiring hemodialysis
[78], as well as individuals with musculoskeletal [59], colorectal
[55], and cardiovascular [74] diseases. In 23% (6/26) of the
studies, although adherence to treatment increased among
patients with cardiovascular [54,57,71] and colorectal diseases
[60,61] and cancer [75], no statistically significant differences
between the groups (intervention and control) were found.
Digital interventions also significantly improved the clinical
indicators related to adherence to treatment among patients with
cardiovascular disease [58,68,72]. For example, eHealth
interventions significantly improved adherence to treatment
[84] and blood pressure control [29,37,41,42,45,85]. Recent
systematic reviews of mHealth interventions for hypertension
[28] and coronary artery disease [30] have provided evidence
that mHealth interventions are effective for blood pressure
control, self-management, and medication adherence. It should
be noted that the overall risk of bias was relatively high in both
these studies.
The lack of significant improvements in the outcomes of patients
who are chronically ill after digital counseling interventions
may be explained by various methodological issues such as a
short follow-up period or insufficient power to detect changes
in outcomes [31,33,34,85]. A recent umbrella review [31]
concluded that telemedicine has the potential to improve clinical
outcomes in patients with diabetes; however, it was not found
to have a significant and clinically meaningful impact on blood
pressure because the outcomes measuring blood pressure showed
low overall certainty. Risk of bias; inconsistency; differences
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in patient populations, settings, and interventions; imprecision;
publication bias; and the underreporting of relevant information
have been listed as the main reasons why previous reports have
only provided low-quality evidence concerning the effectiveness
of digital counseling approaches. In addition, the heterogeneity
in eHealth definitions also makes between-study comparisons
difficult, which are necessary to provide health care
professionals
with
evidence-based
recommendations
[30,48,86,87].

Limitations
This review includes a few inherent limitations. The literature
search conducted for this review excluded gray literature, which
means that relevant studies may have been overlooked.
Language limitations were not used during the search process,
but only studies published in English, Finnish, and Swedish
were considered during the screening process. This may have
resulted in language bias.
A further limitation was the varying quality and heterogeneity
of the selected studies, that is, sample sizes, type of
interventions, and length of follow-up times, which differed
among the studies. The sample sizes were small (fewer than
200 patients overall) in 65% (17/26) of the studies. The complex
digital counseling interventions were diverse and heterogeneous
in content and had various risks of bias in their methodology.
Quality assessment was performed using a standardized Joanna
Briggs Institute critical appraisal tool for RCTs and
quasi-experimental studies [52] to avoid systematic bias. Of the
24 RCT studies, 9 (38%) scored at least 10 points out of 13,
whereas 15 (62%) scored less than 10 points out of 13. Of the
24 RCT studies, 2 (8%) had the lowest score, 8 points out of
13. Both quasi-experimental studies were rated as good quality.
The highest risk of bias in the selected studies related to blinding
of participants and personnel, blinding of outcome assessment,
and incomplete outcome data.
Of the 26 studies, 6 (23%) did not measure anxiety, depression,
or adherence to treatment as a primary outcome of digital
counseling interventions. In addition, several different scales
were used to measure the selected primary outcomes. Because
of the heterogeneity of the outcomes measured and scales used
in the included studies, we could not perform a meta-analysis.
This may have introduced additional bias in the results.
The review was strengthened by the use of a systematic and
extensive search process that used several databases and was
conducted with the assistance of an information specialist. To
avoid subjective selection bias, studies were selected for
inclusion by 2 researchers (KPP and MK) working
independently.

Conclusions
Among the 26 included studies, 10 (38%) digital, web-based
interventions demonstrated statistically significant positive
effects on anxiety and depression, adherence to treatment, and
clinical indicators related to adherence to treatment. Positive,
albeit statistically nonsignificant, changes were reported in 69%
(18/26) of the studies. These results indicate that digital
environments may improve anxiety, depression, and adherence
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to treatment among patients who are chronically ill, and hence
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have significant repercussions for the health care sector.
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Abstract
Background: Advancements in technology offer new opportunities for the prevention and management of type 2 diabetes.
Venture capital companies have been investing in digital diabetes companies that offer digital behavior change interventions
(DBCIs). However, little is known about the scientific evidence underpinning such interventions or the degree to which these
interventions leverage novel technology-driven automated developments such as conversational agents (CAs) or just-in-time
adaptive intervention (JITAI) approaches.
Objective: Our objectives were to identify the top-funded companies offering DBCIs for type 2 diabetes management and
prevention, review the level of scientific evidence underpinning the DBCIs, identify which DBCIs are recognized as evidence-based
programs by quality assurance authorities, and examine the degree to which these DBCIs include novel automated approaches
such as CAs and JITAI mechanisms.
Methods: A systematic search was conducted using 2 venture capital databases (Crunchbase Pro and Pitchbook) to identify the
top-funded companies offering interventions for type 2 diabetes prevention and management. Scientific publications relating to
the identified DBCIs were identified via PubMed, Google Scholar, and the DBCIs’ websites, and data regarding intervention
effectiveness were extracted. The Diabetes Prevention Recognition Program (DPRP) of the Center for Disease Control and
Prevention in the United States was used to identify the recognition status. The DBCIs’ publications, websites, and mobile apps
were reviewed with regard to the intervention characteristics.
Results: The 16 top-funded companies offering DBCIs for type 2 diabetes received a total funding of US $2.4 billion as of June
15, 2021. Only 4 out of the 50 identified publications associated with these DBCIs were fully powered randomized controlled
trials (RCTs). Further, 1 of those 4 RCTs showed a significant difference in glycated hemoglobin A1c (HbA1c) outcomes between
the intervention and control groups. However, all the studies reported HbA1c improvements ranging from 0.2% to 1.9% over the
course of 12 months. In addition, 6 interventions were fully recognized by the DPRP to deliver evidence-based programs, and 2
interventions had a pending recognition status. Health professionals were included in the majority of DBCIs (13/16, 81%,),
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whereas only 10% (1/10) of accessible apps involved a CA as part of the intervention delivery. Self-reports represented most of
the data sources (74/119, 62%) that could be used to tailor JITAIs.
Conclusions: Our findings suggest that the level of funding received by companies offering DBCIs for type 2 diabetes prevention
and management does not coincide with the level of evidence on the intervention effectiveness. There is considerable variation
in the level of evidence underpinning the different DBCIs and an overall need for more rigorous effectiveness trials and transparent
reporting by quality assurance authorities. Currently, very few DBCIs use automated approaches such as CAs and JITAIs, limiting
the scalability and reach of these solutions.
(J Med Internet Res 2022;24(1):e33348) doi:10.2196/33348
KEYWORDS
digital health companies; health care; type 2 diabetes; prevention; management; conversational agent; digital behavior change
intervention; investment; just-in-time adaptive intervention; digital health; diabetes; agent; behavior

Introduction
In 2019, approximately 463 million adults were estimated to
be living with diabetes [1]. This estimate is expected to rise to
more than 700 million by 2045 [1]. More than 90% of this
burden is caused by type 2 diabetes. [1,2]. Over 1 million deaths
worldwide were attributed to this condition in 2017 alone,
making it the ninth leading cause of mortality [3]. Diabetes is
also a leading source of global health expenditure with an
estimated annual cost of US $760 billion in high- and
low-income countries, including the United States (US $259
billion), China (US $109 billion), and Brazil (US $52 billion)
[1].
Guidelines for the prevention and management of type 2 diabetes
include specific recommendations for lifestyle behavior changes
such as diet, exercise, smoking cessation, and the addition of
oral antidiabetic agents or insulin therapy in some cases [4,5].
Traditionally, diabetes prevention and self-management
education programs have been delivered in person with
individual or face-to-face group interactions between health
professionals and participants [6]. However, traditional in-person
approaches have been hampered by low uptake and engagement
rates [7]. Qualitative literature suggests that participants often
find face-to-face programs difficult to attend because of issues
with the timing of the courses, lack of transport, family and
work commitments, or negative feelings toward participating
in groups [8]. More recently, digital behavior change
interventions (DBCIs) for diabetes prevention and management
have emerged as potentially effective, scalable, and low-cost
options to provide behavioral counseling when in-person
programs are not accessible or attractive [9-11].
DBCIs are interventions that use digital technology to encourage
and support behavior change that will maintain or improve
health through the prevention and management of health
problems and can, for example, be delivered through computer
programs, websites, mobile apps, or wearable devices [12].
DBCIs may involve telehealth elements such as remote
monitoring by health professionals who provide virtual support,
either individually or in groups, or fully automated interventions
that are based on algorithms [13]. DBCIs are becoming
increasingly automated, interactive, and personalized because
they use self-reports of users or sensor data to tailor feedback
without the need for inputs from health professionals [14]. This
development is facilitated by new technology-driven
https://www.jmir.org/2022/1/e33348
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developments such as conversational agents (CAs) and
just-in-time adaptive interventions (JITAIs). CAs, also known
as chatbots, are computer systems that imitate human
conversation using text or spoken language and can offer
personalized human-like interactions [15-18]. Evidence from
interventions using CAs show promising findings in terms of
patient satisfaction [19], treatment success [20], and the
capability to build work alliances with the patient [21-23]. CAs
can also foster experiences equivalent to those offered by human
coaches but with the additional advantage of being persistent
and more consistent in providing choices that cultivate user
autonomy [24]. This makes the use of CAs in DBCIs an
encouraging component to complement or replace the need for
human health professionals in intervention delivery.
Moreover, recent advances in wireless devices and mobile
technology have enabled the design of JITAIs that can provide
behavior change support at opportune moments and in response
to an individual’s changing contexts [25-27]. More specifically,
JITAIs adapt the provision of intervention content (eg, the type,
timing, and intensity) by measuring the health condition or
patient behavior with mobile technology such as smartphones,
sensors, and software analytics to deliver intervention content
at the time and in the context that the person needs it the most,
and this is likely to improve health-related behaviors [25,27-29].
Novel technology-driven opportunities for DBCIs in diabetes
care have attracted various health care stakeholders such as
investors, health insurance companies, researchers, physicians,
and patients [30]. The global market for digital diabetes care is
rapidly growing and is expected to be worth US $1.5 billion in
2024 [31]. In 2018 alone, venture capital companies invested
a record US $417 million into digital diabetes companies, a
12-fold increase in funding compared to 2013 [32]. However,
little is known about the DBCIs provided by companies that
have a substantial impact on the market, including the content
of the interventions, how effective they are in managing and
preventing type 2 diabetes, and the degree to which these
interventions leverage new technology-driven developments
such as CAs or JITAIs.
The aim of this paper is to systematically review the solutions
provided by the top-funded companies offering DBCIs for type
2 diabetes prevention and management with a particular focus
on how new technological developments, such as CAs and
JITAIs, are being used to automate and scale-up intervention
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delivery. Therefore, the paper has the following objectives: (1)
to identify the top-funded companies offering DBCIs for type
2 diabetes management and prevention, (2) to appraise the level
of evidence to support these DBCIs in the form of peer-reviewed
publications and recognition by national authorities for
delivering evidence-based programs, and (3) to describe the
characteristics of these DBCIs, with particular focus on the use
of automation involved in the DBCIs by investigating the use
of CAs, involvement of human health professionals, and what
as well as how health and behavioral outcomes are measured
that could be used to tailor JITAIs.

Methods
Searches
Companies
Digital health companies offering DBCIs were identified using
2 venture capital databases, Crunchbase Pro and Pitchbook

Keller et al
[33,34]. Both databases are among the most comprehensive and
accurate venture capital databases and are commonly used as
data sources for academic reports and by investors [35]. We
define digital health companies as companies that build and sell
digital health products or services according to the definition
of Safavi et al [36].
Searches were carried out on July 23, 2020, and they were
updated on April 8, 2021 (Crunchbase Pro only). The total
funding amount was last updated on June 15, 2021 using
Crunchbase Pro). In case of conflicting funding information
between the 2 databases, Crunchbase Pro data were reported,
as Crunchbase Pro has better coverage than Pitchbook with
respect to the financing rounds and total capital committed [35].
The search strategy included an extensive list of terms describing
the constructs “verticals, methods, and industries,” “diabetes,”
and “management and prevention.” The overview of the
complete search strategy used for Crunchbase and Pitchbook
is given in Table 1.

Table 1. Search strategy used in Crunchbase Pro and Pitchbook.
Search category

Search terms

1. Verticals, methods, and industries

Monitoring Equipment OR diagnostic OR HealthTech OR healthcare devices OR connected health* OR
Therapeutic Devices OR Digital Health OR digital health* OR health* technology OR health* app* OR
wearables OR Mobile health OR mhealth OR mobile app OR personal health OR virtual care OR e-health OR
assistive technology OR telehealth OR telemedicine OR health* platform OR healthcare it OR data management
OR Artificial Intelligence & Machine Learning OR Cloud data services OR analytics OR health* diagnostics
OR Big Data OR information OR digital OR data OR biometrics OR home health care OR medtech OR selfmonitoring

2. Diabetes

obesity OR blood sugar OR blood glucose OR insulin OR diabet*

3. Management and prevention

diabetes management OR diabetes treatment OR diabetes control OR diabetes monitoring OR blood sugar
monitoring OR disease monitoring OR disease management OR risk reduction OR disease prevention OR diabetes prevention OR prevention OR prediabet*

Inclusion and Exclusion Criteria
We were interested in the companies having a substantial impact
on the market and their ability to develop evidence-based
solutions. Therefore, we decided to limit the scope of the
analysis to the 15 top-funded companies defined as the leading
companies in terms of the total funding amount, given that these
companies are likely best equipped to develop and evaluate
their interventions.
Companies were included if they (1) offered a DBCI for the
prevention or management of type 2 diabetes and (2) involved
a mobile app as the main intervention component. Companies
were excluded if their DBCI (1) did not predominantly involve
behavior change, (2) did not involve a mobile app as the main
intervention component, and (3) did not focus on type 2 diabetes.
We also excluded companies where the targeted conditions of
the companies’ DBCIs were not clearly identifiable.

Company Selection
Following the removal of duplicates, companies were ranked
in the order of their funding amount. Company screening was
conducted by screening from the most to the least funded
companies until 15 companies eligible for inclusion in the study
were identified. All the remaining companies were excluded
due to insufficient funding amount. The list of the identified
https://www.jmir.org/2022/1/e33348
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companies was reviewed by 3 experts with extensive industry
and academic experience in the fields of digital health and type
2 diabetes to confirm that all relevant companies, covering the
current market, had been identified through database searching.
The experts included 2 scientific researchers with over 10 years
of work experience with DBCIs at universities in the United
Kingdom and United States and 1 industry expert with several
years of work experience at one of the global market leaders
for diabetes management systems in Germany.

Publications
We searched PubMed and Google Scholar for scientific articles
published up to April 30, 2021, using search terms
“Name_Intervention” AND (Smartphone OR Application OR
App OR Intervention OR Mobile Health) relating to the
identified company’s DBCI. In addition, we identified studies
by screening the websites of the companies for publication
references.

Inclusion and Exclusion Criteria
To investigate the impact of the included DBCIs on health or
behavioral outcomes in the study population, we included
publications reporting quantitative results of experimental trials.
Therefore, we excluded studies that did not involve effectiveness
outcomes and those that did not report quantitative results.
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Furthermore, we excluded protocol studies and studies that
targeted conditions other than type 2 diabetes.

DBCIs
All the identified DBCIs included a mobile app as the main
form of intervention delivery. We searched and downloaded all
the identified apps from the 2 most popular app stores, Google
Play Store and Apple App Store [37], between October 12,
2020, and April 10, 2021. If an app was not accessible, the
companies were approached via email to request access. If no
reply was received for the first email, a follow-up email was
sent 2 weeks later. We also reviewed the DBCIs’ and
companies’ websites as well as the identified publications for
information on the characteristics of the DBCIs. Additional
hardware devices such as activity trackers, blood glucose meters,
wireless scales, or blood pressure devices that came as a part
of the intervention program were not available and were
therefore not reviewed.

Data Extraction
Data extraction of companies, publications, and DBCIs was
performed by 2 independent investigators (RK and SH).
Disagreements were discussed and resolved by consensus. If
no agreement was possible, disagreements were resolved
through discussion with a third reviewer (GWT). Data extraction
was performed using the Covidence Systematic Review software
(Veritas Health Innovation Ltd) [38].

Companies
The extracted data for each company included the founding
year, total funding amount, number of employees, and company
headquarter location.

Publications
From the identified publications, we extracted the publication
year, study design, number of participants, measured outcomes,
quality of evidence (using the criteria of the US Preventive
Services Task Force), journal impact factor, comparison to other
treatment methods, and study findings. Similar to Safavi et al
[36], the quality of individual studies was defined according to
the USPSTF hierarchy of research design as follows: Level 1
includes evidence obtained from properly powered and
conducted randomized controlled trials (RCTs), well-conducted
systematic reviews, or meta-analyses of homogeneous RCTs.
Level 2 includes evidence obtained from well-designed
controlled trials without randomization, well-designed cohort
or case-control analysis studies, or multiple time-series designs
with or without the intervention or dramatic results in
uncontrolled studies of large magnitude. Level 3 includes
opinions of respected authorities, based on clinical experience
or descriptive studies, or reports of expert committees [39]. As
we were interested in the best available scientific evidence
regarding the interventions, we extracted the results of
publications with quality level 1. We specifically examined the
primary outcome(s) from RCTs that were powered to detect
change.
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downloads (from Google Play Store only, as this information
is not available on the Apple App Store), operating systems,
cost, addressed category of the health care continuum
(management or prevention), and the involvement of health
professionals. For each DBCI with app access, we also extracted
information on the availability of a CA and the measured health
and behavioral outcomes. We were particularly interested in
what and how health and behavioral outcomes were measured
and if they could potentially be used to tailor JITAIs. Health
and behavioral outcomes were defined as any biomarkers or
health behaviors relevant for diabetes care such as diet, physical
activity, or blood glucose tracking. Measurements included
self-report data or sensor and device analytics [40-42]. More
information on the framework used to assess the measurements
of health and behavioral outcomes can be found in Multimedia
Appendix 1.
We were also interested in whether the DBCIs were recognized
by a national authority as an evidence-based program. For this
purpose, we used the Diabetes Prevention Recognition Program
(DPRP) developed by the US Centers for Disease Control and
Prevention (CDC) [43]. The DPRP is the quality assurance arm
of the National Diabetes Prevention Program, which is a
partnership of public and private organizations that aim to
prevent or delay type 2 diabetes [43]. Through the DPRP, the
US CDC recognizes organizations that have demonstrated their
ability to deliver an effective lifestyle change program. The
organizations are required to use a CDC-approved curriculum
and can deliver the intervention either in person by employing
a trained human health coach or through a virtual setting with
interaction involving a lifestyle coach [44]. The organizations
are evaluated regularly based on the participant data submitted
to the DPRP. These data need to fulfill a set of requirements,
including a reduction in the risk of diabetes by achieving
improvements in participant outcomes such as weight loss or
glycated hemoglobin (HbA1c) reductions [44].

Data Synthesis
The information extracted from the companies, publications,
and DBCIs was summarized narratively.

Results
Selection and Inclusion of Companies

DBCIs

The search yielded a total of 133 companies on Crunchbase Pro
and 399 companies on Pitchbook. After removal of duplicates,
489 companies were eligible for screening. After screening, 54
companies were found to be ineligible for study inclusion, with
the most common reason being not predominantly involving
behavior change (36/54, 67%). Of the remaining 435 companies,
420 were excluded due to insufficient funding to be among the
15 top-funded companies. An additional company (KKT
Technology Pte Ltd) was included on the recommendation of
the independent experts, ultimately resulting in 16 companies
eligible for study inclusion. Figure 1 outlines the selection
process and reasons for exclusion. All the DBCIs of the included
companies were available in English language.

For each DBCI, we extracted the name of the intervention, name
of the app, app accessibility information, number of app

The apps of 6 DBCIs were not accessible to the study authors
(Virta, Dario, Welldoc, Liva, Twin, and Sweetch) because they
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were only available with a subscription service, in a specific
geographic region, with an employer subscription, or when
referred by a physician. Therefore, no information on the health
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and behavioral outcomes, measurements, or availability of CAs
is provided on these apps within the results.

Figure 1. Flowchart of the company selection process.

Company Characteristics
The funding amount of the 16 top-funded digital health
companies chosen for inclusion in the analysis ranged from US
$657.3 to 15.5 million, totaling US $2.355 billion, as indicated
in Table 2. Moreover, 11 companies (69%) were headquartered
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in the United States, 2 (13%) in the United Kingdom (13%),
and 1 each in Denmark, Israel, and Singapore (6%). The year
of founding ranged between 2005 and 2018, with 81% (13/16
companies) founded from 2011 onward. Additional information
regarding the companies’ characteristics can be found in
Multimedia Appendix 2.
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Table 2. Overview of funding amounts determined for the included companies and scientific evidence obtained for the included digital behavior change
interventions.
Company name

Funding

DBCIa name

DPRPc recognitiond

evidence levelb

(million US$)

a

Number of publications categorized by

Level 1

Level 2

Level 3

Noom Inc

657.3

Noom

1

7

0

Full

Virta Health Corp

373

Virta

0

7

0

None

Omada Health Inc

256.5

Omada

0

11

0

Full

Livongo Health Inc

235

Livongo

1

3

0

Full

Vida Health Inc

188

Vida

0

2

0

Full

DarioHealth Corp

169

Dario

0

0

0

None

Informed Data Systems Inc (One Drop)

106.2

One Drop

0

2

0

Pending

Lark Technologies Inc

95.7

Lark

0

1

0

Full

Welldoc Inc

55.2

BlueStar

1

5

0

Pending

Liva Healthcare ApS

43.5

Liva

1

3

0

None

Twin Health Inc

43.5

Twin

0

1

0

None

Oviva Inc

33

Oviva

0

2

0

None

KKT Technology Pte Ltd (Holmusk)

31.3

GlycoLeap

0

1

0

None

Sweetch Health Ltd

27.5

Sweetch

0

1

0

None

Nemaura Medical Inc

25

BEATdiabetes

0

0

0

None

Fruit Street Health Inc

15.5

Fruit Street

0

0

0

Full

DBCI: digital behavior change intervention.

b

Publication evidence level determined using the criteria of the US Preventive Services Task Force.

c

DPRP: Diabetes Prevention Recognition Program.

d

Recognition was established as none, pending, preliminary, or full, in line with the DPRP.

Scientific Evidence
Totally 50 published studies related to the 16 companies’ DBCIs
focusing on effectiveness were identified, as shown in Table 2.
Further details on the study characteristics are available in
Multimedia Appendix 3. The publication dates ranged from
2008 to 2021, with 86% (43/50) of the studies published from
2016 onward. The sample size of each study ranged from 16 to
35,921 participants. Out of the 50 studies, only 4 (8%) had
quality level 1, evaluating DBCIs Noom, Livongo, BlueStar,
and Liva. The remaining 46 studies (92%) had quality level 2.
No studies were found for interventions Dario, BEATdiabetes,
and Fruit Street. For 8 DBCIs, the recognition status in the
DPRP of the US CDC was available, of which 6 DBCIs
achieved full CDC recognition (Noom, Omada, Livongo, Vida,
Lark, and Fruit Street), and 2 DBCIs had a pending recognition
status (One Drop and BlueStar).

Effectiveness of DBCIs
Of the 4 identified studies with quality level 1, 3 were RCTs
having a duration of 12 months involving interventions Noom,
BlueStar, and Liva [45-47], whereas 1 study involving Livongo
[48] was a 6-month-long intervention tested within a randomized
crossover trial spanning 12 months, with crossover at 6 months.
BlueStar was the only intervention that resulted in a significantly
greater improvement in the HbA1c of the intervention group
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than that of the usual care group (mean difference 1.2%; 95%
CI 0.5-1.9; P=.001) at 12 months follow-up [47]. In the study
with Noom, Toro-Ramos et al [46] found no difference in the
HbA1c (mean difference 0.006%; SE 0.07; P=.93) between the
intervention and control groups at 12 months follow-up [46].
Johansen et al [46] found that the Liva intervention did not reach
the prespecified criterion for equivalence (mean difference
−0.26%; 95% CI −0.52 to −0.01; P=.15) [46]. In the randomized
crossover trial of Livongo, Amante et al [49] reported similar
rates of HbA1c change in both groups (intervention/usual care
and usual care/intervention), and a significant treatment effect
(mean change for intervention/usual care −1.1%, SD 1.5; mean
change for usual care/intervention −0.8%, SD 1.5; P<.001)
during the first 6 months. However, in the mixed-effects model,
there was no significant improvement in HbA1c between the
intervention and usual care conditions (mean change 0.4%;
P=.06). Compared to baseline, the interventions of Noom, Liva,
and BlueStar showed HbA1c reductions of 0.23% [45], 0.31%
[46], and 1.9% [47] at 12 months, respectively. Using Livongo
yielded HbA1c reductions of 0.9% and 1.2% for the
intervention/usual care and usual care/intervention group,
respectively [48]. A summary of all the reported effectiveness
measures among the identified scientific publications can be
found in Multimedia Appendix 3.
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Characteristics of DBCIs
The full list of the included DBCIs is outlined in Table 3.
Overall, 11 DBCIs were found to address diabetes prevention
and management (Noom, Omada, Livongo, Vida, Lark,
BlueStar, Liva, Oviva, GlycoLeap, Sweetch, and
BEATdiabetes), whereas 4 DBCIs addressed only diabetes
management (Virta, Dario, One Drop, and Twin), and 1 solely
focused on diabetes prevention (Fruit Street). The program costs
varied, ranging from US $19.99 to $249 per month, whereas
some were available on an annual basis or covered by health
care providers, health plans, or employers. Furthermore, 11
DBCIs (Noom, Virta, Omada, Vida, One Drop, BlueStar, Liva,
Oviva, GlycoLeap, BEATdiabetes, and Fruit Street) involved
a human health professional as part of the intervention delivery,
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and 2 DBCIs (Livongo and Dario) offered it as an optional
feature. Among the 3 remaining DBCIs, 2 did not employ a
health professional (Lark and Sweetch), and this could not be
determined in 1 DBCI (Twin). Of the 16 included DBCIs, 10
apps were accessible to the authors. Only 1 of the 10 accessible
apps employed a CA (Lark).
We found that all the 10 accessible apps (10/16, 63%) tracked
health or behavioral outcomes using self-reports as well as
sensor and device analytics. Diet and body weight were the
most frequently tracked health and behavioral outcomes (n=10),
followed by physical activity or exercise (n=9), blood glucose
(n=7), blood pressure and HbA1c (n=5), mood (n=3), sleep
(n=3), medication (n=2), waist circumference (n=1), well-being
(n=1), calories (n=1), heart rate (n=1), and stress (n=1).
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Table 3. Intervention delivery characteristics of the companies’ digital behavior change interventions.
DBCIa name

Health continuum Cost
category

HHPb

CAc used Tracked health
and behavioral
outcomes

Self-reports;
sensor and device analytics

Noom

Prevention and
management

US $59/month or $199/year

Yes

No

Physical activity, body weight,
sleep, diet, and
blood pressure

Open questions,
ratings, multiple
choice, physical
activity recordings, and accelerometer gyroscope

Virta

Management

US $249/month plus a one-time $250 initiation fee Yes

—d

—

—

Omada

Prevention and
management

US $140/month for the first 4 months and
$20/month for the following months

Yes

No

Blood glucose,
physical activity, body weight,
diet, and blood
pressure

Open questions,
ratings, multiple
choice, body
sensors, physical activity
recordings, and
Bluetooth

Livongo

Prevention and
management

Purchase free; costs covered by employer, health
plan, or health care provider

Yes, but
optional

No

HbA1ce, blood
glucose, physical activity,
body weight, diet, and blood
pressure

Open questions,
ratings, body
sensors, camera, Bluetooth,
and accelerometer gyroscope

Vida

Prevention and
management

Free download, free 1 week trial, and subscription Yes
US $58.25-$79/month

No

HbA1c, physical
activity, body
weight, stress,
and diet

Open questions,
ratings, multiple
choice, and
Bluetooth

Dario

Management

Basic US $25-$30/month, pro US $33-$40/month, Yes, but
and premium US $70-$85/ month
optional

—

—

—

One Drop

Management

Digital membership US $19.99/month, supplies
$20.99/month, and combined package
$30.99/month

Yes

No

HbA1c, blood
glucose, physical activity,
body weight,
medication, diet, and blood
pressure

Open questions,
ratings, multiple
choice, location, camera,
and telephone

Lark

Prevention and
management

Lark Weight Loss Pro US $19.99, Lark Wellness No
Pro $14.99, and Lark Diabetes Prevention Program
Pro $119.99

Yes

Physical activity, body weight,
sleep, mood,
well-being, and
diet

Open questions,
ratings, multiple
choice, Bluetooth, accelerometer gy-

involved

roscope, GPSf,
and app usage
BlueStar

Prevention and
management

Unclear

Yes

—

—

—

Liva

Prevention, Man- Unclear
agement

Yes

—

—

—

Twin

Management

INRg 1450 (1 INR=US $0.01344) for a 14-day trial; Unclear
price for continuous use unclear

—

—

—

Oviva

Prevention and
management

CHFh 484 (1 CHF=US $1.09204) carried by health Yes
care provider

No

Blood glucose,
physical activity, body weight,
mood, and diet

Open questions,
ratings, multiple
choice, and
camera

GlycoLeap

Prevention and
management

Free, but only available for diabetic and prediabetic Yes
patients through their doctor if they are part of the
project or through particular employers

No

HbA1c, blood
glucose, body
weight, mood,
and diet

Open questions,
ratings, camera,
Bluetooth, and
photos
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DBCIa name

Health continuum Cost
category

HHPb

Prevention and
management

Unclear

BEATdiabetes Prevention and
Management

Fruit Street

Sweetch

a

Keller et al

Prevention

CAc used Tracked health
and behavioral
outcomes

Self-reports;
sensor and device analytics

No

—

—

—

Unclear

Yes

No

HbA1c, blood
glucose, physical activity,
body weight,
medication,
waist circumference, and diet

Open questions,
ratings, multiple
choice, and
Bluetooth

US $19.99/month

Yes

No

Blood glucose,
physical activity, body weight,
sleep, heart rate,
calories, diet,
and blood pressure

Open questions,
ratings, physical
activity recordings, camera,
and Bluetooth

involved

DBCI: digital behavior change intervention.

b

HHP: human health professional.

c

CA: conversational agent.

d

—app not accessible.

e

HbA1c: glycated hemoglobin A1c.

f

GPS: Global Positioning System.

g

INR: Indian Rupee.

h

CHF: Swiss Franc.

The findings regarding the usage of self-reports as well as sensor
and device analytics are summarized in Figure 2. In the 119
usages considered, self-reports were used 74 times (62%),
whereas sensor and device analytics were used 45 times (38%)
as the data source of the 10 accessible apps. Self-reports were
most frequently measured by closed questions including ratings,
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Likert scales, and multiple-choice questions (49 times, 41%)
followed by open questions (25 times, 21%). The sensor and
device analytics that were most frequently used were Bluetooth
and cameras, which were used 18 (15%) and 7 times (6%),
respectively. The darker color indicates a higher number of
occurrences.
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Figure 2. Gray scale illustrating the number of times health or behavioral outcomes were measured by self-reports or sensor and device analytics
summarized considering all the 10 reviewed apps. DA: device analytics; GPS: Global Positioning System.

Discussion

confirm the effectiveness of top-funded DBCIs for type 2
diabetes prevention and management.

Principal Results

Recognition by national authorities to deliver evidence-based
programs can be an important reference point for potential
consumers and physicians when deciding to use or prescribe a
particular intervention program and can serve to incentivize the
adoption of impact-focused interventions [36]. Recognition can
benefit the companies offering the interventions by providing
sustainability and reimbursement for the intervention through
many private and public payers that require recognition, such
as Medicare [49]. Recognition can also be an effective marketing
tool and encourage referrals. However, we only found 1
certification program for evidence-based diabetes prevention
or management programs, which was the DPRP offered by the
US CDC [43]. This lack of quality assurance programs could
hamper consumers’ and health care providers’ decision-making
processes when identifying the most effective programs.
Therefore, additional quality assurance programs that can certify
diabetes prevention and management interventions based on
evidence-based criteria are necessary, especially for diabetes
management interventions and in countries other than the United
States.

Of the 16 companies and DBCIs included in this review, only
4 were assessed for their effectiveness in changing HbA1c via
high-quality RCTs. Results from the 4 RCTs analyzed indicate
these DBCIs have a varying effect on HbA1c. For example, the
BlueStar intervention showed a significant improvement of
1.2% in HbA1c compared to the usual care group at 12 months,
whereas the Noom, Livongo, and Liva interventions did not
show any significant improvements. Furthermore, there was a
wide range in the number of effectiveness studies across DBCIs,
with 1 study having no published scientific evidence to 1 having
11 associated publications. We found a trend toward more
published studies involving higher-funded companies, with the
3 top-funded companies (Noom, Virta, and Omada) accounting
for more than half (26/50, 52%) of all publications. We also
found that 5 of the highest-funded DBCIs achieved full
recognition status from the DPRP (Noom, Omada, Livongo,
Vida, and Lark), whereas only 1 among the lower-funded
companies with funding ranks 9 to 16 (Fruit Street) received
full DPRP recognition. Further, 2 DBCIs in our sample (Dario
and BEATdiabetes) were neither recognized by the DPRP nor
had any published effectiveness studies available. More
adequately powered and high-quality RCTs are needed to
https://www.jmir.org/2022/1/e33348
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Reduction in HbA1c is one of the key clinical outcomes for
assessing the effectiveness of interventions for type 2 diabetes
prevention and management and is also one of the effectiveness
criteria to achieve recognition by the DPRP [44]. In the 4 RCTs
J Med Internet Res 2022 | vol. 24 | iss. 1 | e33348 | p.114
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
evaluated in our analysis, the Noom and Liva interventions
showed modest HbA1c reductions of 0.2% to 0.3% [45,46],
whereas the BlueStar and Livongo interventions showed higher
HbA1c reductions of over 1% [47,48]. According to the criteria
of the DPRP, an HbA1c reduction of 0.2 percentage points is
considered sufficient for a lifestyle change program to receive
recognition [44], although a change of 0.4% to 0.5% is
considered a clinically meaningful improvement [50]. The 4
RCTs reviewed [46-49] were also powered to detect changes
in HbA1c between 0.4% and 1%. Therefore, this raises the
question of whether the effectiveness criterion of the DPRP
standards around the change in HbA1c is sufficient. Furthermore,
even though recognition from the DPRP guarantees that a certain
level of diabetes risk reduction was achieved because of a
specific DBCI, the recognition does not give any further
information on the magnitude of the reduction, as data that
companies submit to achieve DPRP recognition are not made
publicly available. This lack of information limits transparency
for researchers, investors, users, and payers to identify the most
effective programs. Moreover, this lack of data transparency
could become even more troublesome if companies that are
already recognized to deliver evidence-based programs are then
unwilling to invest additional resources into research and
development. Therefore, we highlight the need for more
transparency regarding data related to the effectiveness of
DBCIs. We believe that our findings also indicate the
importance of encouraging the digital health industry to build
more evidence-based DBCIs. Clarifying the regulatory landscape
around DBCIs and developing incentives that lead to a stronger
customer market have been identified as 2 possible areas that
policy makers may address to foster such an encouragement
[36]. In addition, we recognize the poor standard of reporting
by the DBCI companies regarding the app features, employed
behavior change techniques, and information on what and how
sensing data are being utilized. This lack of transparent reporting
is likely because companies that develop these proprietary apps
tend to be reluctant to disclose app details that could potentially
be useful for competitors. From a research perspective, this lack
of transparency makes it difficult to compare intervention
features objectively. It also reveals the need for more transparent
reporting on the characteristics of DBCIs by the companies.
In our reviewed DBCIs, the most commonly tracked health and
behavioral outcomes were diet and body weight, which were
tracked in all the 10 accessible apps, followed by physical
activity or exercise, which was tracked in 9 apps. Other
frequently tracked outcomes were blood glucose (7 apps), blood
pressure, and HbA1c (5 apps each). Our findings are in line with
previous studies that reviewed apps for self-management and
lifestyle modification in type 2 diabetes patients [51-53] and
are also similar to the opinion of clinical experts regarding
important intervention components [53,54]. However, we found
that less than 40% of health and behavioral outcomes were
measured using sensors and device analytics and that most
outcomes were measured by self-reports. Although such
self-reports can be used in the form of ecological momentary
assessments [55] that are closely related to the concept of JITAIs
[56], self-reports can be burdensome for participants to complete
and may lead to difficulties in keeping users engaged [25,57].
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Therefore, we believe that self-reports are not sufficient to
leverage the full potential of JITAIs. The low usage of
measurements from sensor and device analytics indicates that
it is unlikely that the investigated interventions use JITAI
mechanisms to tailor the intervention content to the user. In
addition, there is no clear evidence on how these intervention
components are related to intervention effectiveness; therefore,
future studies must identify which DBCI features most
successfully impact intervention effectiveness.
Our review also aimed to assess the extent to which human
health professionals and automated CAs are used within the
DBCIs. We found that 13 of the 16 DBCIs involved a human
health professional, of which 2 DBCIs offered it as an optional
feature. We found that among the 10 apps that were available
to us, only 1 app used a CA. The high usage of human health
coaches alongside the low usage of CAs, and the unlikely use
of JITAI mechanisms to tailor intervention content, indicates
the low use of automation among the investigated DBCIs. This
limits the overall scalability of existing DBCIs and the potential
of the interventions to reach a greater proportion of the eligible
population [58] because the involvement of human health
coaches is generally time- and resource-intensive.
We identified 4 potential reasons that might account for this
low use of automation among the investigated DBCIs. First,
automated approaches, such as CAs, are still part of an emerging
area within type 2 diabetes management and DBCIs. It is
possible that users might have concerns when relying on CAs
for actionable medical information around diabetes [59]. Second,
app features that use sensor technologies might not be
adequately developed to replace input from human health
professionals or self-report methods, thus leading to significant
user burden. For example, the current state-of-the-art food
volume estimation approaches to assess dietary intake are not
yet usable in commercial apps due to several gaps and
technological issues [60]. Therefore, many apps rely on user
inputs, for example, by selecting serving sizes of identified
foods, based on which nutritional values can be estimated [60].
Third, there appears to be insufficient evidence to support the
widespread use of fully automated approaches without remote
access to a human health professional [13]. Thus, additional
RCTs or cohort studies that directly compare DBCIs involving
digital human coaches with fully automated approaches are
needed to better understand the potential and effectiveness of
automated DBCIs. Fourth, in the current standards and operating
procedures of the DPRP, live interactions with lifestyle coaches
should be offered at least on a weekly basis during the first 6
months [44]. Although email and text message interactions may
contribute toward this requirement, it is likely to be challenging
for companies aiming to offer fully automated DBCIs to meet
this requirement. Recognition by the DPRP is valuable to many
companies [49]; nevertheless, satisfying the requirement of
offering live coaching interactions prevents the recognition of
fully automated approaches and limits the scalability of DBCIs
for type 2 diabetes prevention. Further research is warranted to
establish if human coaches are indeed necessary to deliver an
effective lifestyle change program.
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Strengths and Limitations

Comparison With Prior Work

This study has several strengths. First, we conducted a
comprehensive company search involving 2 widely used venture
capital databases [35], and we had 3 independent digital health
experts confirm that the final list of included companies covered
the market. Second, we conducted comprehensive data
extraction using multiple sources, including databases,
intervention websites, peer-reviewed publications, and mobile
apps. Third, we summarized only the highest quality scientific
evidence on the effectiveness of the included DBCIs.

This is the first systematic assessment of the top-funded
companies that offer DBCIs for type 2 diabetes prevention or
management. Previous reviews have focused on apps and digital
interventions for diabetes management, but they were mostly
limited to interventions reported in scientific research without
a particular impact on the market [51,52,61-64]. These reviews
generally found DBCIs to be effective in improving
diabetes-related outcomes, particularly HbA1c [51,52,61-64],
which is in line with our findings; nevertheless, they also concur
that the current evidence is limited and there is a need for
adequately powered, rigorous trials with long-term follow-ups
to determine the clinical and economic impact of such
interventions [52,65]. In terms of JITAIs, a recent systematic
review investigating popular mental health apps for individuals
with depression concluded that JITAI mechanisms have not yet
been translated into mainstream depression apps [66], which
also aligns with our findings.

However, our review has some limitations. First, even though
we identified the top-funded companies in the field, this does
not guarantee that their interventions reach a significant
proportion of the target population. Many of the reviewed
companies are still in the start-up phase where they typically
acquire considerable funding; however, their DBCIs may have
limited accessibility, for example, only through referral by
partnering clinicians. Second, we were only able to access 10
out of the 16 DBCI apps, as some apps were only accessible
with a subscription service, in a specific geographic region,
with a doctor’s prescription, an access code, or through an
employer subscription. Although we systematically contacted
the companies and requested app access, we only received
additional access to 5 paid or proprietary apps through the
companies. Third, we were unable to access, and therefore
assess, any additional devices that may have accompanied the
DBCI apps. Some of these devices record additional health
parameters via sensors, such as (smart) blood glucose meters,
(smart or wireless) scales, activity trackers, or smartwatches.
Therefore, we could not assess all the functionalities of these
devices, which limited the comprehensiveness of our review.
Fourth, we were not able to assess certain app features that were
behind a paywall. This was often the case for support that was
delivered through health professionals. Fifth, the DPRP is only
relevant for interventions targeting diabetes prevention and
therefore does not cover DBCIs that solely target diabetes
management. In addition, not all reviewed DBCIs were available
in the United States; consequently, they are not eligible to
achieve recognition by the DPRP. Sixth, given that most of the
investigated DBCIs and all DBCIs with a corresponding fully
powered RCT address diabetes management and diabetes
prevention, it was not feasible to separately report the results
in these 2 categories.

Conclusions
Our findings suggest that the level of funding received by
companies offering DBCIs for type 2 diabetes prevention and
management does not coincide with the level of evidence on
the intervention effectiveness. There is significant variation in
the level of evidence underpinning the different DBCIs and an
overall need for more rigorous effectiveness trials as well as
additional certification programs for evidence-based diabetes
prevention and management interventions in countries other
than the United States. In addition, we emphasize the need for
more data transparency from quality assurance authorities to
inform stakeholders and consumers on how effective each DBCI
is in improving diabetes-related outcomes. We further found
low usage of CAs, an unlikely use of JITAI mechanisms, and
a high level of support from human health professionals among
the apps investigated, which indicates low usage of automated
approaches. Because automation and technology are critical
factors to increase the interventions’ scalability, further research
is warranted to establish the effectiveness of fully automated
DBCIs in comparison to those offering support from human
health professionals. Finally, we recommend that national
authorities such as the DPRP help reduce barriers for the
recognition of fully automated approaches and encourage policy
makers to foster an environment that encourages the digital
health industry to build more evidence-based solutions.
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Abstract
Background: An understanding of the technology acceptance of home-based cardiac telerehabilitation programs is paramount
if they are to be designed and delivered to target the needs and preferences of patients with coronary heart disease; however, the
current state of technology acceptance of home-based cardiac telerehabilitation has not been systematically evaluated in the
literature.
Objective: We aimed to provide a comprehensive summary of home-based cardiac telerehabilitation technology acceptance in
terms of (1) the timing and approaches used and (2) patients’ perspectives on its usability, utility, acceptability, acceptance, and
external variables.
Methods: We searched PubMed, CENTRAL, Embase, CINAHL, PsycINFO, and Scopus (inception to July 2021) for
English-language papers that reported empirical evidence on the technology acceptance of early-phase home-based cardiac
telerehabilitation in patients with coronary heart disease. Content analysis was undertaken.
Results: The search identified 1798 studies, of which 18 studies, with 14 unique home-based cardiac telerehabilitation programs,
met eligibility criteria. Technology acceptance (of the home-based cardiac telerehabilitation programs) was mostly evaluated at
intra- and posttrial stages using questionnaires (n=10) and usage data (n=11). The least used approach was evaluation through
qualitative interviews (n=3). Usability, utility, acceptability, and acceptance were generally favored. External variables that
influenced home-based cardiac telerehabilitation usage included component quality, system quality, facilitating conditions, and
intrinsic factors.
Conclusions: Home-based cardiac telerehabilitation usability, utility, acceptability, and acceptance were high; yet, a number
of external variables influenced acceptance. Findings and recommendations from this review can provide guidance for developing
and evaluating patient-centered home-based cardiac telerehabilitation programs to stakeholders and clinicians.
(J Med Internet Res 2022;24(1):e34657) doi:10.2196/34657
KEYWORDS
technology acceptance; coronary heart disease; home-based; telerehabilitation; web-based; mobile application; acceptance; heart;
rehabilitation; app; review; evaluation; cardiac; cardiology; perspective; usability; acceptability
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Introduction
Within the spectrum of cardiovascular diseases, coronary heart
disease is the most common cause of mortality and morbidity
globally and presents a major health care burden [1]. Cardiac
rehabilitation is a widely accepted treatment modality for
secondary prevention of coronary heart disease [2], but
long-standing challenges regarding accessibility to cardiac
rehabilitation facilities, conflicting work and care
responsibilities, low socioeconomic status, and costs of
rehabilitation programs have led to disappointingly low reported
uptake rates among eligible patients worldwide (10% to 30%
[3]). A recent challenge is the COVID-19 pandemic [4]. In the
acute phase of the pandemic, nonurgent outpatient services,
such as center-based cardiac rehabilitation, were partially or
completely closed as limited resources and personnel were
redirected to critical areas. Even in the long-term phase of the
pandemic, efforts to limit the spread of COVID-19 infection
through measures such as safe distancing further limited the
capacity for delivery of center-based cardiac rehabilitation group
exercise and therapy sessions [5]. Thus, alternative secondary
prevention strategies for coronary heart disease are a priority
across health care systems during the COVID-19 pandemic and
beyond [4].
Home-based cardiac telerehabilitation—defined as the use of
information and communication technologies (eg, mobile- and
web-based platforms, wearable sensor devices) to deliver remote
exercise supervision, education, counseling on cardiovascular
risk factor modification, and psychosocial support exclusively
at home—is one such emerging alternative [6]. A recent
systematic review and meta-analysis [7] of randomized
controlled trials comparing home-based cardiac telerehabilitation
to center-based cardiac rehabilitation in patients with coronary
heart disease found equivalent effects on functional capacity,
cardiac-related hospitalization, physiological risk factor control,
quality of life, depression, and behaviors such as physical
activity, smoking cessation, and medication adherence.
However, adapting digital solutions for health problems is not
without its challenges; attempts to scale up effective digital
health research interventions into real-world health care systems
have been met with difficulty, especially for complex
interventions that require user interaction [8,9]. The successful
incorporation of such digital health technologies into clinical
practice is contingent upon end-users’ (ie, patients) acceptance
and sustained engagement with the intervention, and thus, these
are important aspect for researchers, health care systems, and
policymakers to consider [9,10].
The technology acceptance model provides a framework for
modeling end-user acceptance [11] and theorizes that both
perceived usefulness (ie, utility) and perceived ease of use (ie,
usability) of a target system directly influence intention to use
(ie, acceptability), which then influences actual system use (ie,
acceptance of the system) [11]. External variables such as
technology self-efficacy and training, objective system design
features, and the process of system implementation are thought
to indirectly influence system acceptability and acceptance by
influencing system utility and usability [11]. An understanding
of the usability and utility of home-based cardiac
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telerehabilitation programs is paramount if they are to be
designed and delivered to target the needs of patients with
coronary heart disease in a way that ensures programs are
accepted. However, the current state of technology acceptance
of home-based cardiac telerehabilitation has not been
systematically evaluated in the literature. We aimed to provide
a comprehensive summary of the technology acceptance of
home-based cardiac telerehabilitation among patients with
coronary heart disease.

Methods
Study Design
We performed a systematic scoping review to comprehensively
collate, summarize, and map [12,13] existing evidence on
home-based cardiac telerehabilitation research in terms of
usability, utility, acceptability, and acceptance testing. We used
the Arksey and O’Malley methodological framework [12]:
identifying the research questions, identifying relevant studies,
study selection, charting the data, collating, summarizing, and
reporting the results. To ensure quality and transparency, this
review was conducted and reported in accordance with Preferred
Reporting Items for Systematic Reviews and Meta-analyses
Scoping Review guidelines [14]. A review protocol (not
registered) was prepared prior to the start of this review.

Identifying the Research Question
The following research questions were identified to answer the
objective of this review: (1) What are the timing and approaches
used to evaluate the technology acceptance attributes in
home-based cardiac telerehabilitation? (2) What are patients’
perspectives on the technology acceptance constructs (ie,
usability, utility, acceptability, acceptance, and external
variables) of home-based cardiac telerehabilitation?

Identifying Relevant Studies
We followed recommendations by Arksey and O‘Malley [12]
and undertook an iterative approach, through ongoing
consultations with a university resource librarian throughout
the search process, to identify relevant literature. We piloted an
initial search strategy in PubMed and EMBASE to identify a
sample of relevant papers. This was followed by an analysis of
the keywords used in the titles and abstracts and in the indexing
of these relevant papers. Preliminary results revealed that terms
related to the concept acceptance were not commonly indexed
in relevant papers. Thereafter, we used terms related to coronary
heart disease, rehabilitation, and telehealth. We searched
PubMed, Cochrane Central Register of Controlled Trials,
Embase, Cumulative Index to Nursing and Allied Health
Literature, PsycINFO, and Scopus databases (inception to July
2021). No limits on study design were placed. Additionally, we
manually searched the reference lists of relevant systematic
reviews and papers included in this review (Table S1 in
Multimedia Appendix 1).

Study Selection
Overview
Literature evaluating the technology acceptance constructs of
home-based cardiac telerehabilitation that used empirical
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methods (both quantitative and qualitative) and were published
in English were considered. Case reports, conference abstracts,
editorials, protocols, and reviews were excluded. The PCC
(Population, Concept, Context) framework [14] was used to
develop and set the inclusion and exclusion criteria. Search
results were imported to Endnote (version X9, Clarivate
Analytics) for management. Two independent authors were
involved in the study selection process. Records deemed relevant
by both authors were included. Consultation with a third author
was used to resolve any disagreements regarding inclusion.

approach, and timing of technology acceptance evaluation data
were extracted by the first author and confirmed by the second
author, who made adjustments and included additional
information where necessary. Features of the home-based
cardiac telerehabilitation programs were categorized according
to recommendations by Whitelaw et al [16] to facilitate uptake
of digital health interventions. We categorized the core
components present in the home-based cardiac telerehabilitation
programs using American Heart Association classifications [6].

Population

We used a 3-phase process [17] to systematically conduct our
content analysis of the technology acceptance of home-based
cardiac telerehabilitation among patients with coronary heart
disease: preparing, organizing, and reporting of data. Because
the aim of the review was to structure a descriptive analysis of
home-based cardiac telerehabilitation acceptance based on the
constructs of the technology acceptance model, we used a
deductive content analysis approach [18,19].

Papers with a study population of patients with a documented
medical diagnosis of coronary heart disease, acute coronary
syndrome, myocardial infarction, angina pectoris, or who had
undergone revascularization (ie, coronary artery bypass grafting
or percutaneous coronary intervention) were included. We
excluded papers with a study population of patients with heart
failure (regardless of left ventricular ejection fraction), as their
therapeutic needs and subsequent evaluations of home-based
cardiac telerehabilitation in terms of usability, utility,
acceptability, acceptance, and external variables would differ
considerably from those of patients with coronary heart disease.

Concept
For the purpose of this study, the constructs of the technology
acceptance model were conceptualized as follows: (1)
usability—degree to which the system is easy to use and free
of effort; (2) utility—degree to which the system improves
user’s performance and functions as intended; (3)
acceptability—behavioral intention or willingness to use the
system; and (4) acceptance—actual usage of the system [11,15].
Home-based cardiac telerehabilitation was defined as any mobile
health app or website used either as a stand-alone platform or
supplemented with other modes of delivery, such as telephone
or video calls, short message service, email, or telemonitoring,
to exclusively deliver early cardiac rehabilitation or secondary
prevention [6]. The decision to focus on mobile- or web-based
home-based cardiac telerehabilitation was made with the purpose
of scoping the technologies that allowed for greater interaction,
flexibility, and independence in rehabilitation programs. Papers
were included if they addressed the testing and evaluation of
technology acceptance constructs from patient perspectives.
Late-phase home-based cardiac telerehabilitation programs, in
which the focus is placed on long-term maintenance of lifestyle
change, were excluded since we were only interested in the
early and active rehabilitation phase (ie, focus on health behavior
change, risk factor modification and psychosocial well-being.).

Context
The context for telerehabilitation programs was limited to those
in a home setting only; hence, we excluded home-based cardiac
telerehabilitation delivered alongside center-based cardiac
rehabilitation (ie, hybrid cardiac rehabilitation services).

Charting the Data
Authors, publication year, country of origin, study design,
subcategory of coronary heart disease population, sample size,
characteristics of home-based cardiac telerehabilitation program,
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Collating, Summarizing, and Reporting the Findings

A structured categorization matrix was prepared based on the
constructs of the technology acceptance model: usability, utility,
acceptability, acceptance, and external variables. Two authors
concurrently and independently reviewed all the studies for
content and coded data that corresponded to categories in the
matrix. Content that did not fit into the other categories was
gathered and coded under the category external variables and
was analyzed based on the principle of inductive content
analysis—open coding was undertaken, and data were grouped
into similar categories and labeled with subcategories using
content-characteristic words [17]. After data were organized,
each author reviewed all of the studies under each category to
check the reliability of the content analysis process and identify
discrepancies in the collating and categorization of study data.
Discussions were held until both authors were in agreement
with the content under each category. Consultation with a third
author was used to resolve any disagreements. The timing of
home-based cardiac telerehabilitation evaluations was
categorized based on when evaluation was undertaken relative
to the trial implementation stage—pretrial, intratrial, or posttrial.
Quality appraisal was not performed as the objective of this
scoping review was to provide an overview of the existing
evidence on the evaluations of usability, utility, acceptability,
and acceptance in home-based cardiac telerehabilitation,
regardless of the quality of the evidence [12].

Results
General
The search generated 1136 unique papers. After title and abstract
screening, 1084 papers were excluded. The remaining 52
full-text papers were retrieved and screened, and 35 papers were
excluded (Table S2 in Multimedia Appendix 1). Manual
searches of the reference lists of relevant papers identified 1
paper for inclusion; therefore, 18 papers [20-37], with 14
independent home-based cardiac telerehabilitation programs,
were included in this review (Figure 1).
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-analyses) flow diagram. HBCTR: home-based cardiac telerehabilitation.

Characteristics of Studies
Studies included in this review (Table S3 in Multimedia
Appendix 2) were published between 2007 and 2021; the
majority (n=14) were published after 2013. Studies were
conducted in the following countries: China [23,24,28,31,33,34];
Australia [29,30,32,36]; Canada [35-37]; United States of
America [22,25]; United Kingdom [20,21]; and New Zealand
[27]. Studies included patients who had the following: stable
angina; myocardial infarction; stable coronary heart disease; or
underwent coronary revascularization (ie, coronary artery bypass
grafting or percutaneous coronary intervention). In studies that
reported age and gender of participants, the mean age of patients
ranged from 53 to 66 years and the proportion of female patients
ranged from 9.4% to 33%. Devi et al [21] and Varnfield et al
[29] were earlier papers reporting on the same home-based
cardiac telerehabilitation programs as those in Devi et al [20]
and Varnfield et al [30], respectively. Zutz et al [35] and Lear
et al [36] were both earlier papers reporting on the same
home-based cardiac telerehabilitation program as that in Banner
et al [37].
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Characteristics of Home-Based Cardiac
Telerehabilitation Programs
Home-based cardiac telerehabilitation programs were delivered
mainly via smartphone apps (n=11) and websites (n=3) and
were supplemented by other modes of delivery: text messaging
(n=6), telephone calls (n=5), emails (n=2), videoconferencing
(n=1), and telemonitoring (n=10). Telemonitoring devices that
supported remote supervision of exercise training by the cardiac
rehabilitation team and patients’ self-monitoring of physical
activity included heart rate monitors, accelerometers, and
pedometers.
Features of the home-based cardiac telerehabilitation programs
included engagement of stakeholders, clinicians, and patients
throughout the design or development of the home-based cardiac
telerehabilitation program (n=3); testing of the home-based
cardiac telerehabilitation program by cardiology experts and
patients (n=8); provision of face-to-face training on use of
home-based cardiac telerehabilitation for patients (n=10);
ongoing technical support throughout home-based cardiac
telerehabilitation program (n=4); and consideration of data
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privacy and security in the use of technologies in home-based
cardiac telerehabilitation (n=7).
The American Heart Association core components [6] that were
present in the home-based cardiac telerehabilitation programs
were patient assessment (n=14), exercise training (n=13), dietary
management (n=10), risk factor management (n=11), medication
adherence (n=8), and psychosocial support (n=6). Only 5 studies
[23,24,26,30,31] had a comprehensive home-based cardiac
telerehabilitation program that included all the core components
(Table S4 in Multimedia Appendix 2).

Timing and Approaches to Evaluation
Home-based cardiac telerehabilitation programs were commonly
evaluated at the pretrial stage (n=5) and using a combination

Ramachandran et al
of intra and posttrial measures (n=4), followed by intratrial only
(n=3), posttrial only (n=1) and a combination of pre-, intra-,
and posttrial measures (n=1) (Figure 2). The following methods
were used to evaluate home-based cardiac telerehabilitation:
questionnaires (n=10); usage data (n=11); and interviews (n=3).
Except for one study [22] that used the System Usability Scale,
the remaining questionnaires used were ad hoc surveys. Yu et
al [33] used a combination of captured usage data and
patient-report questionnaires to evaluate acceptance of
home-based cardiac telerehabilitation at both the intra- and
posttrial stage. Higgins et al [26] used both questionnaires and
interviews to evaluate both usability and utility of their
home-based cardiac telerehabilitation program.

Figure 2. Evaluation timing (left) and approach (right) over the dimensions of the technology acceptance model constructs. HBCTR: home-based
cardiac telerehabilitation.

Usability
Of the 18 studies, 7 studies [22,25-27,29,32,37] reported the
usability of home-based cardiac telerehabilitation programs.
Specific outcomes measures within the usability construct
included perceived ease of system use and navigation
[22,25,29,32], ease and comfort of use of wearable devices [27],
system learnability [22,26], and comprehension and ease of
undertaking tasks on the system [27,37]. Overall, studies
reported high usability rating scores and qualitative feedback
from
participants
regarding
home-based
cardiac
telerehabilitation use.

Utility
Specific outcomes measures within the utility construct included
perceived usefulness in supporting behavior change
[21,23,26,27,37], in managing psychological well-being [21,26],
in controlling symptoms [21], in tracking goals and progress
[21,25-27,37], in reducing outpatient visits [23], and of the
overall home-based cardiac telerehabilitation system [23,29,33].
Utility of home-based cardiac telerehabilitation was generally
favorably perceived, with the exception of 2 studies [29,33] in
which perceived usefulness of the system was rated poorly.

Acceptability
High rates of acceptability were reported in 3 studies [22,27,33],
ranging from 81.3% to 88% of participants who agreed that
https://www.jmir.org/2022/1/e34657
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they would continue to use the home-based cardiac
telerehabilitation system regularly after they had completed the
study intervention period. Prior to system use, one study [24]
reported an acceptability rate of 59.3% (participants who were
potentially willing to participate in a home-based cardiac
telerehabilitation program).

Acceptance
Most studies reported participants’ usage of the home-based
cardiac telerehabilitation system either through direct evaluation
of program usage data or through self-reported participant
survey responses (Table 1). Studies included a very broad range
of outcome measures including engagement with home-based
cardiac telerehabilitation [20,22,23,33,35,36] (ie, frequency and
volume of website log-ins, smartphone app usage, activity
tracker wear time); tasks completed [22,23,25,31,33] (ie,
frequency and volume of educational modules reviewed, vitals
logged, counseling sessions attended, response to program
reminders), and captured exercise data [22,27,28,30,32,34] (ie,
objective telemonitoring data on the uptake, adherence, and
completion of prescribed exercise sessions and goals). Overall,
usage was high, reflecting high end-user acceptance. Only 5
studies [22,25,30,33,34] reported usage data for specific
components over time to determine the timepoints when
participant usage tapered or ceased (Figure 3).
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Table 1. Acceptance of home-based cardiac telerehabilitation programs.
Method, definition of actual use, and data timepoint

Acceptance of home-based cardiac telerehabilitation program

Program usage data
Engagement with home-based cardiac telerehabilitation program
6 weeks

•

Mean total number of 29 website log-ins (range 7-44; average 5 times per week)
[20,21]

12 weeks

•

•

Mean total number of 50 website log-ins (range 26-86; average 4.2 times per week)
[35]
Wearable worn for a median of 61 of 84 study days (IQR 35-78) for a median of
12.7 hours (IQR 11.1-13.8) per day [22];
Mean decrease in wear time of 0.06 hours per week over 12 weeks [22]

16 weeks

•

Mean total number of 27 website log-ins (range 0-140) [36]

24 weeks

•

Proportion of participants who used and operated the app was 88.1% (4 weeks);
42.5% (8 weeks); 26.3% (12 weeks); 13.0% (16 weeks); 10.2% (20 weeks); 9.2%
(24 weeks) [33]

•

Participants completed an average off 66% (range 12.5%-100%) of weekly tasks
(ie, intake form, heart rate upload, blood pressure data entry) [35]
Median number of 11 weekly telephone counseling sessions attended; 91.7% of
weekly telephone counseling sessions completed [22]
Blood pressure recordings logged 3.6 (SD 2.1) times per week (at 4 weeks) and 3.6
(SD 1.9) (at 12 weeks); weight recordings logged 3.3 (SD 2.2) times per week (at
4 weeks) and 3.4 (SD 1.7) (at 12 weeks); mean 26.3 (SD 17.2) health-related messages text messages sent; reported exercises that met prespecified target heart rate
an average of 3.5 (SD 1.4) times per week (at 4 weeks) and 3.5 (SD 1.1) times (at
12 weeks) [25]

•

Tasks completed
12 weeks

•
•

16 weeks

•
•
•

41% of participants uploaded ≥32 exercise reports (average 2 exercise sessions per
week); 26% of participants uploaded the required 8 blood pressure reports throughout
study [36]
Total of 122 individual chat sessions (mean 3.6 per participant) with either nurse,
dietician, or exercise specialist [36]
Participants used an average of 2.4, 2.6, and 2.7 hours of nursing, dietitian, and exercise specialist time, respectively [36]

24 weeks

•

Proportion of participants who responded to medication reminders and health questionnaires was 34% (4 weeks); 21.2% (8 weeks); 14.2% (12 weeks); 11% (16 weeks);
8.3% (20 weeks); 7.7% (24 weeks) [33]

52 weeks

•

96.3% of participants read education papers 4 times per month; 98.8% of participants
consulted with their health care managers 1-4 times per month; 82.7% of participants
sent their test results (ie, blood pressure and blood results) 4-8 times over 52 weeks
[31]

•
•

86.6% of participants completed scheduled exercise sessions [32]

8 weeks

•

Uptake rate: 87%; adherence rate: 75%; completiond rate: 75% [34]

12 weeks

•

86% of prescribed exercise goals completed over the 12-week study period; average
decline of 8% completion per additional study week; 34% of walking goals completed
over the 12-week study period; mean weekly increase in completion rate of 1% per
additional week [22]
Adherence rate to prescribed exercise was 58.34% (range 0-100) [27]

Captured exercise data
6 weeks

•
24 weeks
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•

Uptakea rate: 80%; adherenceb rate: 94%; completionc rate: 80% [30]

Participants exercised an average of 5.1 (SD 0.6) times a week; each time was 31.4
(SD 4.5) minutes [28]
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Acceptance of home-based cardiac telerehabilitation program

Self-reported survey responses
Engagement with home-based cardiac telerehabilitation program
24 weeks

•
•

100% of participants received WeChat modules and messages [23]
17.4% of participants reported using the app every day; 44.6% of participants often
forgot to use the app [33]

•

95% of participants read 75%-100% of WeChat modules and messages; 89% of
participants read WeChat modules more than twice) [23]

Tasks completed
24 weeks

a

Uptake was defined as attending baseline assessment, and uploading exercise data once to the home-based cardiac telerehabilitation platform.

b

Adherence was defined as uploading 4 weeks of exercise data onto the home-based cardiac telerehabilitation.

c

Completion was defined as attendance at the 6-week assessment.

d

Completion was defined as attendance at the 8-week assessment.

Figure 3. Technology acceptance of home-based cardiac telerehabilitation (HBCTR) programs.

External Variables
Component Quality
The majority of the existing literature (n=8) on home-based
cardiac telerehabilitation evaluation reported the program
components that participants valued: remote supervision and
feedback [21,24,27-29,37], support for self-management and
self-monitoring [21,24,27,35,37], range of relevant educational
modules [21,26,28], ability to communicate with health care
professionals [21,27,35], and individualized exercise
prescription [27]. Participants desired more interactive
components such as chat platforms and noticeboards with peers
to facilitate peer interaction and support [26,27,35] and greater
intra- and postprogram support [27]. Participants in one study
[26] wanted specific education content pertaining to death
anxiety, and content that aligned rehabilitation goals with the
purpose of living.
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System Quality
Two studies [32,35] detailed participants’ perspectives on the
technical efficiency of the home-based cardiac telerehabilitation
system. Specifically, issues relating to server connection and
reliability of the technology (ie, equipment battery life and
signal strength) were reported as these influenced participants
ability to engage with the program without interruption.

Intrinsic Factors
Participants reported several intrinsic factors at the individual
level that influenced how they perceived home-based cardiac
telerehabilitation programs (n=5). These included lack of time
[21,27,37], lack of motivation [21,27,37], perceived self-efficacy
in operating the telerehabilitation system [28], perceived
reliability and accuracy of technology [24], apprehension related
to safety and data privacy [24], and preconceived beliefs
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regarding the suitability of home-based cardiac telerehabilitation
for older age [21,27].

Approaches to Home-Based Cardiac Telerehabilitation
Evaluation

Facilitating Conditions

Our review of the methodological approaches used to evaluate
the technology acceptance constructs in home-based cardiac
telerehabilitation revealed 3 main concerns. First, although
home-based cardiac telerehabilitation programs used either
quantitative (ie, survey questionnaires) or qualitative (ie,
interviews) approaches to evaluate usability, utility, and
acceptability, only 3 studies [21,26,37] employed qualitative
methods (Figure 2), and only one study [26] used both
approaches in tandem to evaluate the same technology
acceptance attribute. Questionnaires are usually inexpensive
and useful in gathering quantitative data in large samples but
lack the ability to facilitate comprehension of in-depth individual
variation in behaviors, perspectives, and experiences that
qualitative interviews provide [40]. Such information is crucial
to designing and delivering home-based cardiac
telerehabilitation programs that truly match patients’ needs and
preferences. We recommend that future home-based cardiac
telerehabilitation programs employ a mixed methods approach,
comprising both quantitative and qualitative methods to
guarantee evaluation results that are practical, interpretable, and
comprehensive [40].

The existence of resource and situational factors facilitated the
usage of home-based cardiac telerehabilitation programs in
included studies (n=5). Participants valued the accessibility and
convenience offered by home-based cardiac telerehabilitation
as it overcame restrictions related to time and location
[21,27,37], but some expressed that regular access to the internet
and computers would have facilitated uninterrupted usage of
the program in earlier studies [29,37]. Situational factors such
as timing of program introduction also influenced participants’
perception of home-based cardiac telerehabilitation usage
[21,26]. Participants reported wanting the program to begin
sooner after their diagnosis to facilitate early establishing of
routines and prevent potential cardiac complications [21,26].
Wet and cold seasons were reported as a barrier to outdoor
physical exercises [21].
Details of the external variables, usability, utility, and
acceptability of home-based cardiac telerehabilitation reported
in included studies can be found in Table S5 (Multimedia
Appendix 2).

Discussion
Principal Findings
In our scoping review, we found that most evaluations were
undertaken at the intratrial and posttrial stage using singular
methodological approaches, and although home-based cardiac
telerehabilitation had high usability, utility, acceptability, and
acceptance, patients reported a number of external variables
such as component quality, system quality, intrinsic factors,
and facilitating conditions that influenced how they interacted
with the home-based cardiac telerehabilitation program.

Timing of Home-Based Cardiac Telerehabilitation
Evaluation
Early evaluation of end-user acceptance and feasibility issues
can critically inform the development and design of digital
interventions and mitigate risks that an intervention is later
undesirable or even abandoned at trial implementation stages
[10,38]. Through our scoping review, we found that the majority
of home-based cardiac telerehabilitation programs reported
evaluations of technology acceptance either during or after trial
implementation; evaluations were rarely reported at the pretrial
stage. This may reflect a tendency in implementation research
to prioritize the evaluation of trial intervention effectiveness
over trial implementation effectiveness [39]. Yet, achieving
intended trial effects is greatly dependent on participants’
sufficient engagement with the implemented technology in a
trial that strongly appeals to their contextual health care needs
[10]. Hence, there is a need for future research on home-based
cardiac telerehabilitation to refocus efforts of program evaluation
more upstream, so that identified technology acceptance issues
can be addressed and programs finetuned to ensure optimal
success before trial implementation.
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Second, apart from one study [22] that used the System Usability
Scale questionnaire, the remaining home-based cardiac
telerehabilitation programs in this review used customized ad
hoc questionnaires to measure the constructs of technology
acceptance. This corresponds with the findings of previous
reviews [38,41], which mostly included studies that evaluated
digital health technology acceptance attributes using quantitative
measures that lacked the psychometric properties of reliability
and validity. This finding highlights an apparent scarcity of
validated tools to evaluate technology acceptance in the context
of digital health [38]. Furthermore, this could reflect the need
for researchers to develop their own questionnaires that consider
program-specific components, with general acceptance concepts,
to allow for an assessment of technology acceptance attributes
that is tailored to the particular home-based cardiac
telerehabilitation context and population. However, this makes
comparing results across studies challenging. It would be
commendable to see future research efforts dedicated to adapting
existing questionnaires or even validating new tools that
encompass the unique home-based cardiac telerehabilitation
context. We believe that having such generalizable measures
can greatly advance home-based cardiac telerehabilitation
research and practice by creating opportunities for comparable
data on technology acceptance constructs to be analyzed and
for comparative benchmarks to be set in home-based cardiac
telerehabilitation program evaluation.
Third, home-based cardiac telerehabilitation programs had
varied definitions and measurements of acceptance (ie, actual
system usage) (Table 1). This is consistent with previous
literature on the use of digital health technologies for
cardiovascular disease self-management [42] and may be
indicative of attempts to examine the multifarious behavior
changes addressed in cardiac rehabilitation. Given that user
engagement with technology is a dynamic process occurring in
a self-directed manner by which users continually decide to
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either use or abandon a technology system [38,43], evaluations
of home-based cardiac telerehabilitation acceptance should
account for this temporal nature and analyze how usage evolves
over the course of the rehabilitation program. This is especially
important as interventions such as home-based cardiac
telerehabilitation are theorized to require sustained use over
time to realize intended effects. However, only 5 home-based
cardiac telerehabilitation programs [22,25,30,33,34] reported
usage over time (date-tagged acceptance data). Gallagher and
Zhang [10] recommend the clear identification of individual
digital health components targeted at behavior change and the
integration of software capabilities that can monitor the usage
of respective components. As the eventual goal of home-based
cardiac telerehabilitation programs is successful incorporation
into clinical practice, it would be interesting to see future studies
examine the causal relationships between the level of
home-based cardiac telerehabilitation usage and objective
intervention outcome over time to determine the specific dose
of a home-based cardiac telerehabilitation component needed
to achieve optimal behavioral, physiological, and clinical
outcomes.

Technology Acceptance of Home-Based Cardiac
Telerehabilitation
The acceptance rates observed in our review could be explained
by the high usability, utility, and acceptability reported in the
programs and correspond to the fundamental basis of the
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technology acceptance model, that is, that technology acceptance
is determined by the degree of value and perceived burden [11].
This finding not only offers validation to the technology
acceptance model but points to the potential of home-based
cardiac telerehabilitation to revolutionize the landscape of
secondary prevention by blending traditional services provided
by health care professionals with technology-enabled self-care
platforms to continue the provision of patient-centered care.
This is especially crucial during the current COVID-19
pandemic to mitigate the demand for in-person services [4].
The suitability of home-based cardiac telerehabilitation as an
effective alternative to center-based cardiac rehabilitation has
been recently reported [7], with prospects for significant
economic cost-savings through improved productivity and health
outcomes [44]. Yet, an evaluation of end-user acceptance is
foundational if barriers and gaps to patient uptake are to be
addressed, and if successful wide-scale implementation of
home-based cardiac telerehabilitation into clinical practice is
to be realized. In the context of home-based cardiac
telerehabilitation for patients with coronary heart disease, our
review underlined the external variables that have influenced
patient’s perceived usability and utility of home-based cardiac
telerehabilitation. Recommendations for addressing these
variables are offered in in the following paragraphs and may
serve to provide a foundation for the development and design
of future home-based cardiac telerehabilitation programs (Table
2).
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Table 2. Recommendations to improve home-based cardiac telerehabilitation acceptance and its evaluation.
Topic

Recommendation

Evaluation timing

Home-based cardiac telerehabilitation program evaluation should be undertaken throughout the entirety of the developmental and implementation, ie, before, during and after trial implementation.

Evaluation approach

Home-based cardiac telerehabilitation program evaluation should employ a mixed approach comprising of both quantitative and qualitative methods.
Measurement tools must be tailored to encompass the unique context of home-based cardiac telerehabilitation by
adapting existing questionnaires or validating new ones.
Evaluations of home-based cardiac telerehabilitation technology acceptance should analyze how usage of individual
program components evolves over the course of the rehabilitation program.
Causal relationships between home-based cardiac telerehabilitation usage and intervention outcomes should be examined
to determine specific doses needed to achieve optimal behavioral, physiological, and clinical outcomes.

Design and testing

Developers should prioritize user-centered approaches by partnering with end users (ie, clinicians and patients) in the
co-designing of programs in the early stages of program design.
Field-testing and evaluations of the technologies supporting home-based cardiac telerehabilitation services should occur
prior to trial implementation stages.

Individualization

Home-based cardiac telerehabilitation programs should be offered as early as possible for patients.
Alternatives for either indoor or outdoor exercise training should be programmed.

Accessibility

Home-based cardiac telerehabilitation programs should be adapted to the socioeconomic needs of end users and their
community
Partnerships with local governing bodies should be established to marshal resources and secure funding to invest in
required infrastructure.
The prospects of insurance coverage for home-based cardiac telerehabilitation programs should be explored.
home-based cardiac telerehabilitation programs should be reasonably priced with subsidies for mobile phones, data
plans and wearables.

Data privacy and security

Home-based cardiac telerehabilitation should provide patients with transparent privacy policies and comply with data
governance regulations and security protocols.

Training

Patients should be provided introductory training sessions that are supported by practical step-by-step instruction
manuals.

Technology support

Designated technical support staff should be made available on home-based cardiac telerehabilitation platforms.

Recommendations for Home-Based Cardiac
Telerehabilitation Development
Home-based cardiac telerehabilitation developers should
prioritize user-centered approaches by partnering with end users
(ie, clinicians and patients) in the co-design, field test, and
evaluation of technologies supporting telerehabilitation services
[10]. Accounting for the needs and preferences of patients in
the early stages of program design can help mitigate concerns
regarding home-based cardiac telerehabilitation component
quality and can help in identifying issues with home-based
cardiac telerehabilitation system quality program testing prior
to trial implementation stages. However, we observed that less
than one-fifth of home-based cardiac telerehabilitation programs
reported including end users in the design and development
stage and just over half undertook user testing of the home-based
cardiac telerehabilitation system (Table S4 in Multimedia
Appendix 2). American Heart Association’s recommendations
on home-based cardiac telerehabilitation [6] and the Beatty et
al [45] framework for mobile technology in cardiac
rehabilitation can guide the development and evaluation of
future home-based cardiac telerehabilitation programs.
Facilitating conditions, such as the timing of program
introduction, prevailing weather conditions, and access to
internet and computers, were reported to influence patients’ use
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of home-based cardiac telerehabilitation programs. Given that
peak lifestyle changes occur in the first 6 months after diagnosis
[46] and that early cardiac rehabilitation is a significant predictor
of cardiac function and functional capacity [47,48], home-based
cardiac telerehabilitation should be offered as early as possible
for patients to ensure optimal outcomes. Home-based cardiac
telerehabilitation should also offer patients alternatives for either
indoor or outdoor exercise training, especially in regions with
seasonal weather changes. Additionally, as inequities in
cardiovascular health still exist, an examination of
socioeconomic characteristics are crucial if technology
accessibility and affordability issues surrounding home-based
cardiac telerehabilitation usage are to be addressed [49,50].
Access to technology infrastructure remains unevenly distributed
worldwide, with internet use being significantly lower in lowand middle-income regions than in high-income regions [51].
Partnerships with local governing bodies should be established
to marshal resources and secure funding to invest in required
infrastructure [52]. Collaborating with nongovernment
organizations to advocate for prospects on insurance coverage
and to negotiate reasonable pricing and subsidies for mobile
phones, data plans, and wearables will aid in supporting the
long-term implementation and scale-up of home-based cardiac
telerehabilitation in clinical practice [53].
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Although intrinsic factors such as lack of time and motivation
are less amenable to change, program adaptations can be made
to palliate concerns regarding data privacy, perceived technology
self-efficacy and reliability, and preconceived age-related beliefs
regarding home-based cardiac telerehabilitation usage. Program
training, technological support, and the availability of
transparent privacy policies, especially for older adults, can
reduce potential uneasiness and facilitate willingness to engage
in digital health technologies such as home-based cardiac
telerehabilitation [4,54,55]. Even though the majority of
included home-based cardiac telerehabilitation provided
face-to-face program training, less than one-third offered
ongoing technological support during program intervention,
and only half indicated using secure password-protected
platforms (Table S4 in Multimedia Appendix 2). Future
programs should develop introductory training sessions that are
supported by practical step-by-step instruction manuals with
designated technical support staff on home-based cardiac
telerehabilitation platforms that comply with data governance
regulations and security protocols to mitigate the risk of privacy
breaches [54,55].

Limitations
This scoping review has some limitations that need to be
acknowledged. First, the inclusion of only English-language
papers may have resulted in the omission of eligible papers
published in other languages. However, our comprehensive
search strategy and broad inclusion of different study designs
with no time restrictions allows for breadth and depth of
inclusion in this review. Second, although the technology
acceptance model offers a user-centered approach in mapping
patient perspectives of home-based cardiac telerehabilitation
program acceptance, content analysis is inherently reductive
and could have limited the scope of our findings. However, the
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thematic analysis undertaken to explore the external variables
influencing home-based cardiac telerehabilitation acceptance
could have mitigated the risks of missing meaningful data from
the studies included in our review. Lastly, although end users
in this user-centered approach also include health care providers
delivering home-based cardiac telerehabilitation, the evaluation
of technology acceptance from provider perspectives was not
included because it was not the focus of this review. It is likely
that the underlying determinants of home-based cardiac
telerehabilitation acceptance may differ in these users. We
recommend that future research in the field of home-based
cardiac telerehabilitation aim to include literature in other
languages, utilize other available conceptual frameworks on
digital health acceptance, and accommodate perspectives from
different categories of end users in order to fully comprehend
and address home-based cardiac telerehabilitation
implementation and acceptance.

Conclusions
We drew on the technology acceptance model to map available
research on patient’s technology acceptance of home-based
cardiac telerehabilitation. Our results demonstrated that, while
patient perspectives on home-based cardiac telerehabilitation
usability, utility, acceptability, and acceptance were high, a
number of external variables influence technology acceptance
of home-based cardiac telerehabilitation programs. Additionally,
gaps in current home-based cardiac telerehabilitation evaluation
timing and approaches were revealed. As the appeal for
home-based cardiac telerehabilitation grows during the
COVID-19 pandemic and beyond, findings from this review
can be used to provide guidance for stakeholders and clinicians
in developing and evaluating patient-centered home-based
cardiac telerehabilitation programs.

Acknowledgments
The assistance of Ms. Annelissa Chin with the peer-review database search strategy is greatly appreciated. This project received
funding (grant MOH-000364) from the National Medical Research Council, under the Ministry of Health Singapore.

Conflicts of Interest
None declared.
Multimedia Appendix 1
Search strategy.
[PDF File (Adobe PDF File), 131 KB - jmir_v24i1e34657_app1.pdf ]
Multimedia Appendix 2
Summary, characteristics, and outcomes of studies.
[PDF File (Adobe PDF File), 394 KB - jmir_v24i1e34657_app2.pdf ]

References
1.
2.

Mensah GA, Roth GA, Fuster V. The global burden of cardiovascular diseases and risk factors: 2020 and beyond. J Am
Coll Cardiol 2019 Nov 19;74(20):2529-2532 [FREE Full text] [doi: 10.1016/j.jacc.2019.10.009] [Medline: 31727292]
Ambrosetti M, Abreu A, Corrà U, Davos CH, Hansen D, Frederix I, et al. Secondary prevention through comprehensive
cardiovascular rehabilitation: from knowledge to implementation. 2020 update. a position paper from the secondary

https://www.jmir.org/2022/1/e34657

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e34657 | p.131
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

3.

4.

5.

6.

7.

8.

9.

10.
11.
12.
13.

14.

15.
16.

17.
18.
19.
20.

21.

22.

23.

prevention and rehabilitation section of the European Association of Preventive Cardiology. Eur J Prev Cardiol 2020 Apr
07:2047487320913379. [doi: 10.1177/2047487320913379] [Medline: 33611446]
Santiago de Araújo Pio C, Chaves G, Davies P, Taylor R, Grace S. Interventions to promote patient utilisation of cardiac
rehabilitation. Cochrane Database Syst Rev 2019 Feb 01;2:CD007131 [FREE Full text] [doi:
10.1002/14651858.CD007131.pub4] [Medline: 30706942]
Scherrenberg M, Wilhelm M, Hansen D, Völler H, Cornelissen V, Frederix I, et al. The future is now: a call for action for
cardiac telerehabilitation in the COVID-19 pandemic from the secondary prevention and rehabilitation section of the
European Association of Preventive Cardiology. Eur J Prev Cardiol 2020 Jul 02:2047487320939671. [doi:
10.1177/2047487320939671] [Medline: 32615796]
Ghisi GLDM, Xu Z, Liu X, Mola A, Gallagher R, Babu AS, et al. Impacts of the COVID-19 pandemic on cardiac
rehabilitation delivery around the world. Glob Heart 2021 Jun 10;16(1):43-43 [FREE Full text] [doi: 10.5334/gh.939]
[Medline: 34211829]
Thomas RJ, Beatty AL, Beckie TM, Brewer LC, Brown TM, Forman DE, et al. Home-based cardiac rehabilitation: a
scientific statement from the American Association of Cardiovascular and Pulmonary Rehabilitation, the American Heart
Association, and the American College of Cardiology. Circulation 2019 Jul 02;140(1):e69-e89 [FREE Full text] [doi:
10.1161/CIR.0000000000000663] [Medline: 31082266]
Ramachandran H, Jiang Y, Tam W, Yeo T, Wang W. Effectiveness of home-based cardiac telerehabilitation as an alternative
to phase 2 cardiac rehabilitation of coronary heart disease: a systematic review and meta-analysis. Eur J Prev Cardiol 2021
Jul 13 [FREE Full text] [doi: 10.1093/eurjpc/zwab106] [Medline: 34254118]
Frederix I, Caiani EG, Dendale P, Anker S, Bax J, Böhm A, et al. ESC e-Cardiology working group position paper:
overcoming challenges in digital health implementation in cardiovascular medicine. Eur J Prev Cardiol 2019
Jul;26(11):1166-1177. [doi: 10.1177/2047487319832394] [Medline: 30917695]
Saarijärvi M, Wallin L, Bratt E. Process evaluation of complex cardiovascular interventions: how to interpret the results
of my trial? Eur J Cardiovasc Nurs 2020 Mar;19(3):269-274 [FREE Full text] [doi: 10.1177/1474515120906561] [Medline:
32054300]
Gallagher R, Zhang L. Evaluating mobile health technologies: does the traditional randomized controlled trial serve our
needs? Eur J Cardiovasc Nurs 2021 Aug 20;20(6):623-626. [doi: 10.1093/eurjcn/zvab053] [Medline: 34269387]
Davis FD, Venkatesh V. A critical assessment of potential measurement biases in the technology acceptance model: three
experiments. Int J Hum Comput Stud 1996 Jul;45(1):19-45. [doi: 10.1006/ijhc.1996.0040]
Arksey H, O'Malley L. Scoping studies: towards a methodological framework. Int J Soc Res Methodol 2005 Feb
23;8(1):19-32. [doi: 10.1080/1364557032000119616]
Munn Z, Peters MDJ, Stern C, Tufanaru C, McArthur A, Aromataris E. Systematic review or scoping review? guidance
for authors when choosing between a systematic or scoping review approach. BMC Med Res Methodol 2018 Dec
19;18(1):143-143 [FREE Full text] [doi: 10.1186/s12874-018-0611-x] [Medline: 30453902]
Tricco AC, Lillie E, Zarin W, O'Brien KK, Colquhoun H, Levac D, et al. PRISMA extension for scoping reviews
(PRISMA-ScR): checklist and explanation. Ann Intern Med 2018 Oct 02;169(7):467-473 [FREE Full text] [doi:
10.7326/M18-0850] [Medline: 30178033]
Nielsen J. Usability Engineering. San Francisco: Morgan Kaufmann; 1994.
Whitelaw S, Pellegrini D, Mamas M, Cowie M, Van Spall HGC. Barriers and facilitators of the uptake of digital health
technology in cardiovascular care: a systematic scoping review. Eur Heart J Digit Health 2021 Mar;2(1):62-74 [FREE Full
text] [doi: 10.1093/ehjdh/ztab005] [Medline: 34048508]
Elo S, Kyngäs H. The qualitative content analysis process. J Adv Nurs 2008 Mar 18;62(1):107-115. [doi:
10.1111/j.1365-2648.2007.04569.x] [Medline: 18352969]
Sandelowski M. Qualitative analysis: what it is and how to begin. Res Nurs Health 1995 Aug 01;18(4):371-375. [doi:
10.1002/nur.4770180411] [Medline: 7624531]
Kyngas H, Vanhanen L. Content analysis as a research method [Finnish]. Hoitotiede 1999;11:3-12.
Devi R, Powell J, Singh S. A web-based program improves physical activity outcomes in a primary care angina population:
randomized controlled trial. J Med Internet Res 2014 Sep 12;16(9):e186 [FREE Full text] [doi: 10.2196/jmir.3340] [Medline:
25217464]
Devi R, Carpenter C, Powell J, Singh S. Exploring the experience of using a web-based cardiac rehabilitation programme
in a primary care angina population: a qualitative study. Int J Ther Rehabil 2014 Sep 02;21(9):434-440. [doi:
10.12968/ijtr.2014.21.9.434]
Ding EY, Erskine N, Stut W, McManus DD, Peterson A, Wang Z, et al. MI-PACE home-based cardiac telerehabilitation
program for heart attack survivors: usability study. JMIR Hum Factors 2021 Jul 08;8(3):e18130 [FREE Full text] [doi:
10.2196/18130] [Medline: 34255660]
Dorje T, Zhao G, Tso K, Wang J, Chen Y, Tsokey L, et al. Smartphone and social media-based cardiac rehabilitation and
secondary prevention in China (SMART-CR/SP): a parallel-group, single-blind, randomised controlled trial. Lancet Digit
Health 2019 Nov;1(7):e363-e374 [FREE Full text] [doi: 10.1016/S2589-7500(19)30151-7] [Medline: 33323210]

https://www.jmir.org/2022/1/e34657

XSL• FO
RenderX

Ramachandran et al

J Med Internet Res 2022 | vol. 24 | iss. 1 | e34657 | p.132
(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.

45.

Fang J, Li J, Li ZH, Xu DM, Chen C, Xie B, et al. Attitudes towards acceptance of an innovative home-based and remote
sensing rehabilitation protocol among cardiovascular patients in Shantou, China. J Geriatr Cardiol 2016 May;13(4):326-332
[FREE Full text] [doi: 10.11909/j.issn.1671-5411.2016.04.006] [Medline: 27403142]
Harzand A, Witbrodt B, Davis-Watts ML, Alrohaibani A, Goese D, Wenger NK, et al. Feasibility of a smartphone-enabled
cardiac rehabilitation program in male veterans with previous clinical evidence of coronary heart disease. Am J Cardiol
2018 Nov 01;122(9):1471-1476 [FREE Full text] [doi: 10.1016/j.amjcard.2018.07.028] [Medline: 30217377]
Higgins RO, Rogerson M, Murphy BM, Navaratnam H, Butler MV, Barker L, et al. Cardiac rehabilitation online pilot:
extending reach of cardiac rehabilitation. J Cardiovasc Nurs 2017;32(1):7-13. [doi: 10.1097/JCN.0000000000000297]
[Medline: 26422638]
Rawstorn JC, Gant N, Rolleston A, Whittaker R, Stewart R, Benatar J, et al. End users want alternative intervention delivery
models: usability and acceptability of the Remote-CR exercise-based cardiac telerehabilitation program. Arch Phys Med
Rehabil 2018 Nov 01;99(11):2373-2377. [doi: 10.1016/j.apmr.2018.06.027] [Medline: 30076800]
Song Y, Ren C, Liu P, Tao L, Zhao W, Gao W. Effect of smartphone-based telemonitored exercise rehabilitation among
patients with coronary heart disease. J Cardiovasc Transl Res 2019 Dec 9;13(4):659-667 [FREE Full text] [doi:
10.1007/s12265-019-09938-6] [Medline: 31820334]
Varnfield M, Karunanithi MK, Särelä A, Garcia E, Fairfull A, Oldenburg BF, et al. Uptake of a technology-assisted
home-care cardiac rehabilitation program. Med J Aust 2011 Feb 21;194(4):S15-S19. [doi:
10.5694/j.1326-5377.2011.tb02937.x] [Medline: 21401482]
Varnfield M, Karunanithi M, Lee C, Honeyman E, Arnold D, Ding H, et al. Smartphone-based home care model improved
use of cardiac rehabilitation in postmyocardial infarction patients: results from a randomised controlled trial. Heart 2014
Nov;100(22):1770-1779 [FREE Full text] [doi: 10.1136/heartjnl-2014-305783] [Medline: 24973083]
Wang J, Zeng Z, Dong R, Sheng J, Lai Y, Yu J, et al. Efficacy of a WeChat based intervention to adherence to secondary
prevention in patients undergoing coronary artery bypass graft in China: A randomized controlled trial. J Telemed Telecare
2020 Sep 30:1357633X20960639. [doi: 10.1177/1357633X20960639] [Medline: 32996349]
Worringham C, Rojek A, Stewart I. Development and feasibility of a smartphone, ECG and GPS based system for remotely
monitoring exercise in cardiac rehabilitation. PLoS One 2011 Feb 09;6(2):e14669 [FREE Full text] [doi:
10.1371/journal.pone.0014669] [Medline: 21347403]
Yu C, Liu C, Du J, Liu H, Zhang H, Zhao Y, MISSION-2 Collaborative Group. Smartphone-based application to improve
medication adherence in patients after surgical coronary revascularization. Am Heart J 2020 Oct;228:17-26. [doi:
10.1016/j.ahj.2020.06.019] [Medline: 32745732]
Yudi M, Clark D, Tsang D, Jelinek M, Kalten K, Joshi SB, et al. SMARTphone-based, early cardiac REHABilitation in
patients with acute coronary syndromes: a randomized controlled trial. Coron Artery Dis 2021 Aug 01;32(5):432-440. [doi:
10.1097/MCA.0000000000000938] [Medline: 32868661]
Zutz A, Ignaszewski A, Bates J, Lear SA. Utilization of the internet to deliver cardiac rehabilitation at a distance: a pilot
study. Telemed J E Health 2007 Jun;13(3):323-330. [doi: 10.1089/tmj.2006.0051] [Medline: 17603835]
Lear SA, Singer J, Banner-Lukaris D, Horvat D, Park JE, Bates J, et al. Randomized trial of a virtual cardiac rehabilitation
program delivered at a distance via the internet. Circ Cardiovasc Qual Outcomes 2014 Nov;7(6):952-959. [doi:
10.1161/CIRCOUTCOMES.114.001230] [Medline: 25271050]
Banner D, Lear S, Kandola D, Singer J, Horvat D, Bates J, et al. The experiences of patients undertaking a 'virtual' cardiac
rehabilitation program. Stud Health Technol Inform 2015;209:9-14. [Medline: 25980699]
Nadal C, Sas C, Doherty G. Technology acceptance in mobile health: scoping review of definitions, models, and measurement.
J Med Internet Res 2020 Jul 06;22(7):e17256 [FREE Full text] [doi: 10.2196/17256] [Medline: 32628122]
Wensing M, Grol R. Knowledge translation in health: how implementation science could contribute more. BMC Med 2019
May 07;17(1):88 [FREE Full text] [doi: 10.1186/s12916-019-1322-9] [Medline: 31064388]
Creswell J, Creswell J. Research Design: Qualitative, Quantitative, and Mixed Methods Approaches Fifth ed. California:
Sage Publications; 2018.
Sousa V, Dunn Lopez K. Towards usable e-health. a systematic review of usability questionnaires. Appl Clin Inform 2017
May 10;8(2):470-490 [FREE Full text] [doi: 10.4338/ACI-2016-10-R-0170] [Medline: 28487932]
Coorey G, Neubeck L, Mulley J, Redfern J. Effectiveness, acceptability and usefulness of mobile applications for
cardiovascular disease self-management: systematic review with meta-synthesis of quantitative and qualitative data. Eur J
Prev Cardiol 2018 Mar;25(5):505-521. [doi: 10.1177/2047487317750913] [Medline: 29313363]
Lee Y, Kozar KA, Larsen KR. The technology acceptance model: past, present, and future. Commun Assoc Inf Syst
2003;12(1):50. [doi: 10.17705/1cais.01250]
Jiang X, Ming W, You JH. The cost-effectiveness of digital health interventions on the management of cardiovascular
diseases: systematic review. J Med Internet Res 2019 Jun 17;21(6):e13166 [FREE Full text] [doi: 10.2196/13166] [Medline:
31210136]
Beatty AL, Fukuoka Y, Whooley MA. Using mobile technology for cardiac rehabilitation: a review and framework for
development and evaluation. J Am Heart Assoc 2013 Nov 01;2(6):e000568 [FREE Full text] [doi: 10.1161/JAHA.113.000568]
[Medline: 24185949]

https://www.jmir.org/2022/1/e34657

XSL• FO
RenderX

Ramachandran et al

J Med Internet Res 2022 | vol. 24 | iss. 1 | e34657 | p.133
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
46.

47.

48.

49.
50.

51.
52.

53.

54.
55.

Ramachandran et al

Chow CK, Jolly S, Rao-Melacini P, Fox KA, Anand SS, Yusuf S. Association of diet, exercise, and smoking modification
with risk of early cardiovascular events after acute coronary syndromes. Circulation 2010 Feb 16;121(6):750-758. [doi:
10.1161/CIRCULATIONAHA.109.891523] [Medline: 20124123]
Prescott E, Eser P, Mikkelsen N, Holdgaard A, Marcin T, Wilhelm M, et al. Cardiac rehabilitation of elderly patients in
eight rehabilitation units in western Europe: outcome data from the EU-CaRE multi-centre observational study. Eur J Prev
Cardiol 2020 Nov;27(16):1716-1729. [doi: 10.1177/2047487320903869] [Medline: 32102550]
Giallauria F, Acampa W, Ricci F, Vitelli A, Maresca L, Mancini M, et al. Effects of exercise training started within 2 weeks
after acute myocardial infarction on myocardial perfusion and left ventricular function: a gated SPECT imaging study. Eur
J Prev Cardiol 2012 Dec;19(6):1410-1419. [doi: 10.1177/1741826711425427] [Medline: 21965517]
Oertelt-Prigione S, Maas AH. Health inequalities in secondary prevention. Eur J Prev Cardiol 2017 Jun;24(3_suppl):116-122.
[doi: 10.1177/2047487317703767] [Medline: 28618901]
Niederseer D, Schmied C. Socioeconomic status matters: how can we individualize cardiac rehabilitation according to
different socioeconomic needs? Eur J Prev Cardiol 2020 Jun 02:510-512. [doi: 10.1177/2047487320931309] [Medline:
32484046]
The state of mobile internet connectivity 2020. GSM Association. URL: https://www.gsma.com/r/wp-content/uploads/
2020/09/GSMA-State-of-Mobile-Internet-Connectivity-Report-2020.pdf [accessed 2021-08-15]
Kruse C, Betancourt J, Ortiz S, Valdes Luna SM, Bamrah IK, Segovia N. Barriers to the use of mobile health in improving
health outcomes in developing countries: systematic review. J Med Internet Res 2019 Oct 09;21(10):e13263 [FREE Full
text] [doi: 10.2196/13263] [Medline: 31593543]
Liu P, Astudillo K, Velez D, Kelley L, Cobbs-Lomax D, Spatz ES. Use of mobile health applications in low-income
populations: a prospective study of facilitators and barriers. Circ Cardiovasc Qual Outcomes 2020 Sep;13(9):e007031
[FREE Full text] [doi: 10.1161/CIRCOUTCOMES.120.007031] [Medline: 32885681]
Redfern J. Can older adults benefit from smart devices, wearables, and other digital health options to enhance cardiac
rehabilitation? Clin Geriatr Med 2019 Nov;35(4):489-497. [doi: 10.1016/j.cger.2019.07.004] [Medline: 31543180]
Tsai HS, Rikard RV, Cotten SR, Shillair R. Senior technology exploration, learning, and acceptance (STELA) model: from
exploration to use – a longitudinal randomized controlled trial. Educational Gerontology 2019 Nov 18;45(12):728-743.
[doi: 10.1080/03601277.2019.1690802]

Edited by G Eysenbach; submitted 02.11.21; peer-reviewed by E van der Velde; comments to author 23.11.21; revised version received
24.11.21; accepted 27.11.21; published 07.01.22.
Please cite as:
Ramachandran HJ, Jiang Y, Teo JYC, Yeo TJ, Wang W
Technology Acceptance of Home-Based Cardiac Telerehabilitation Programs in Patients With Coronary Heart Disease: Systematic
Scoping Review
J Med Internet Res 2022;24(1):e34657
URL: https://www.jmir.org/2022/1/e34657
doi:10.2196/34657
PMID:34994711

©Hadassah Joann Ramachandran, Ying Jiang, Jun Yi Claire Teo, Tee Joo Yeo, Wenru Wang. Originally published in the Journal
of Medical Internet Research (https://www.jmir.org), 07.01.2022. 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/2022/1/e34657

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e34657 | p.134
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Farsi et al

Review

Social Media and Health Care (Part II): Narrative Review of Social
Media Use by Patients
Deema Farsi1, BDS, MSc; Hector R Martinez-Menchaca2, BDS, MSc; Mohammad Ahmed3, MSc, DDS; Nada Farsi4,
BDS, MSc, PhD
1

Department of Pediatric Dentistry, Faculty of Dentistry, King Abdulaziz University, Jeddah, Saudi Arabia

2

Department of Comprehensive Dentistry, School of Dentistry, University of Louisville, Louisville, KY, United States

3

Dubai Health Authority, Dubai, United Arab Emirates

4

Department of Dental Public Health, Faculty of Dentistry, King Abdulaziz University, Jeddah, Saudi Arabia

Corresponding Author:
Deema Farsi, BDS, MSc
Department of Pediatric Dentistry
Faculty of Dentistry
King Abdulaziz University
PO Box 80200
Jeddah, 21589
Saudi Arabia
Phone: 966 16402000 ext 20388
Email: dfarsi@kau.edu.sa
Related Article:
Companion article: https://www.jmir.org/2021/4/e23205/

Abstract
Background: People are now connected in a borderless web-based world. The modern public, especially the younger generation,
relies heavily on the internet as the main source of health-related information. In health care, patients can use social media for
more tailored uses such as telemedicine, finding a provider, and for peer support.
Objective: The aim of this narrative review is to discuss how social media has been used in the health care industry from the
perspective of patients and describe the main issues surrounding its use in health care.
Methods: Between March and June 2020, a review of the literature was conducted on PubMed, Google Scholar, and Web of
Science for English studies that were published since 2007 and discussed the use of social media in health care. In addition to
only English publications that discussed the use of social media by patients, publications pertaining to ethical and legal
considerations in the use of social media were included. The studies were then categorized as health information, telemedicine,
finding a health care provider, peer support and sharing experiences, and influencing positive health behavior. In addition, two
more sections were added to the review: issues pertaining to social media use in health care and ethical considerations.
Results: Initially, 75 studies were included. As the study proceeded, more studies were included, and a total of 91 studies were
reviewed, complemented by 1 textbook chapter and 13 web references. Approximately half of the studies were reviews. The first
study was published in 2009, and the last was published in 2021, with more than half of the studies published in the last 5 years.
The studies were mostly from the United States (n=40), followed by Europe (n=13), and the least from India (n=1). WhatsApp
or WeChat was the most investigated social media platform.
Conclusions: Social media can be used by the public and patients to improve their health and knowledge. However, due diligence
must be practiced to assess the credibility of the information obtained and its source. Health care providers, patients, and the
public need not forget the risks associated with the use of social media. The limitations and shortcomings of the use of social
media by patients should be understood.
(J Med Internet Res 2022;24(1):e30379) doi:10.2196/30379
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Introduction

Methods

Background

Methodology Overview

There has been an inexorable increase in digitization over the
last 2 decades. Over the years, internet use has remarkably
developed, in a way that its use has become effortlessly easy.
Websites have been developed into user-friendly apps, mobile
phones have become smartphones, and internet coverage has
become broader than ever. Interactive websites (Web 2.0) are
increasingly overshadowing traditional static websites. Web
2.0 is a term that refers to different types of websites and
applications that allow any user to generate content and share
it on the web in a web-based community. Social media is a type
of Web 2.0 that has been recently introduced as internet-based
websites and apps, where user-generated content is created and
conveniently exchanged with other users [1]. It is designed as
a space for people to obtain information, share experiences,
build communities, connect electronically both informally and
professionally, and link them to others with common interests,
which led to the emergence of the term self-media. Users
generally need to create a profile or account on the vector and
then determine with whom to share it, whether it is a list of
known users with similar interests or a broader public
community that has access to the vector.

This review is a continuation of the findings presented in Social
Media and Healthcare, Part 1: Literature Review of Social
Media Use by Health Care Providers, which discussed the use
of social media in the health care industry from the perspective
of an HCP [11]. The original plan was to conduct a general
review on the use of social media in health care. Owing to the
abundance of information, a decision was made to divide the
findings into 2 reviews.

Research in Context
As the consumption of social media has grown, it has become
an essential tool used in many industries. In health care,
traditional services have been complemented by social media.
A simple search on PubMed with the words social media would
yield several studies, reflecting how relevant the topic is to
health care. Although the vast majority of studies investigated
social media from the perspective of a health care provider
(HCP), there is an abundance of studies that investigated how
patients and the public are using it as a resource to supplement
traditional health care. Studies varied in their aims, designs, and
methodology, and presented mixed findings. Although most
studies found promising results, some findings highlighted
several limitations and negative issues regarding the use of
social media by patients [2-8]. Most included reviews have
focused on 1 or 2 main domains of the use of social media in
health care such as telemedicine and smoking cessation [9,10].
To our knowledge, no review has holistically discussed the use
of social media from the perspective of a patient. In this
narrative review, we try to answer the question, “In what ways
have patients used social media in relation to health care?” by
accumulating, summarizing, and reorganizing findings from
published literature.

Objectives
This review aims to discuss how social media has been an
essential tool in the health care industry from the perspective
of patients. The discussion is supplemented with a discussion
on issues pertaining to the use of social media and the ethical
considerations that emerged from the literature.
https://www.jmir.org/2022/1/e30379
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Search Strategy and Information Sources
In the first phase, a comprehensive search on PubMed, Google
Scholar, and Web of Science was conducted in March and April
2020 for medical publications on the use of social media in
health care in English from 2007 to date. A combination of the
following keywords was used to search for relevant articles:
social media (Medical Subject Headings [MeSH] term) OR
social networking/social network OR internet (MeSH term) OR
Instagram OR Facebook OR WhatsApp OR LinkedIn OR
YouTube OR Twitter AND health care OR health (MeSH term)
OR medicine (MeSH term) OR physician (MeSH term) OR
nursing (subheading) OR dentistry (MeSH term) OR
telemedicine (MeSH term), recruitment, OR education
(subheading) OR career OR behavior/behaviour (MeSH term)
OR research (MeSH term). As studies emerged, a second search
was conducted in June 2020 with the following combinations:
social media (MeSH term) OR social networking OR internet
(MeSH term) AND legal liability (MeSH term) OR
professionalism (MeSH term) OR impact (MeSH term) OR
ethics (MeSH term) OR limitation OR harm.

Screening Process
An EndNote (EndNote 20; Clarivate Analytics) library was
created, in which the articles were entered and duplicate
publications were removed. For articles to be included, they
had to (1) be about social media and health care from the
perspective of patients; (2) be in the English language; (3) have
accessible full text; and (4) be published in 2007 or later.
Exclusion criteria were as follows: (1) abstracts only, without
full text; (2) non-English; and (3) irrelevant, such as those
discussing social media use from the perspective of an HCP or
the use of non-Web 2.0 applications. Reviews and observational
and experimental studies were included, with no exclusion based
on the study design. The eligibility of the titles and abstracts
was also assessed. Finally, the full texts were retrieved. Manual
reference screening of the included studies was performed to
locate other relevant articles.

Categorization
On the basis of the key outcomes, articles were initially divided
into two groups: patient/the public and other relevant issues.
As more information was obtained, the latter was further divided
into two groups: issues pertaining to social media use in health
care and ethical considerations. Issues pertaining to social
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media use in health care covered studies on the limitations,
negative effects, and harms of use of social media in health care
that emerged from the literature. Ethical considerations
presented information about legal and ethical issues pertaining
to the use of social media in health care.
To best present the findings, the group titled patient/the public
was subsequently divided into 4 subgroups. The first subgroup
was health information; although this point was discussed in
the first review, in this part we have discussed how patients
receive information, rather than how HCPs disseminate it. The
second subgroup was telemedicine; issues pertaining to the use
of telemedicine by patients were discussed. Finding an HCP
was the mirror image of the group named career
development/practice promotion, which was discussed in the
first review. In the previous review, we discussed how HCPs
use social media to market themselves and their practice,
whereas in this study, we explored the impact of this on patients’
decision-making. The fourth subgroup was peer support and
sharing experiences, which was unique to patients and the
public, and discussed how social media is used among patients
for compassion and as a digital word of mouth.
In the first review, a section titled influencing positive health
behavior was comprehensive. After reviewing it, a decision was
made to move it to this review as a fifth group, as it was more
relevant to patients than HCPs.
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Results
Overview
In this section, the search results in terms of the included
publications are presented. The findings pertaining to the content
of the individual studies were categorized and are presented in
the Discussion section.

Search Results
A total of 7387 articles were retrieved from the search, and after
removing the duplicate articles, 5683 (76.93%) articles
remained. A total of 85.53% (4861/5683) of articles were
marked as ineligible and were thus excluded. An additional
13.07% (743/5683) of articles were excluded after title and
abstract screening based on the inclusion/exclusion criteria, and
0.07% (4/5683) were irretrievable. The full text of 1.31%
(75/5683) of publications was screened and included. Owing
to the daily emergence of relevant publications and reference
screening, 16 more studies and 1 textbook chapter were added
as the review proceeded by updating the search. A total of 91
articles and 1 textbook chapter were included in the analysis.
Figure 1 shows a flow diagram explaining how the final
inclusion was attained after the selection procedure.
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Figure 1. Flowchart of the literature search results.

Characteristics of Included Studies
Figure 2 shows the number of included studies per publication
year, with more than half of them published in the last 5 years.
In terms of geographic location, the 91 publications were
distributed as follows: 40 (43%) from the United States, 6 (6%)
from Canada, 2 (2%) from Latin America, 10 (10%) from the
United Kingdom, 13 (14%) from Europe, 8 (8%) from the
Middle East, 1 (1%) from India, 7 (7%) from Asia, and 4 (4%)
from Australia.
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The included publications were complemented with web
references and a textbook chapter. Original studies accounted
for 42.8% (39/91) of the cited references. The remaining
publications were meta-analyses, systematic reviews, narrative
reviews, coping reviews, short communications, commentaries,
viewpoint papers, and overviews. The social media platforms
specifically investigated in some of the studies were Twitter or
Weibo (n=1), WhatsApp or WeChat (n=10), Facebook (n=6),
YouTube (n=2), Instagram (n=3), and blogs (n=1). Multimedia
Appendix 1 [1-91] provides characteristics of the included 91
studies in chronological order.
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Figure 2. Number of included publications per year.

Qualitative Synthesis of the Results
All relevant information regarding the research question was
extracted and summarized from the included studies.
Information was then categorized into the emerging themes, as
presented in the review: (1) social media use from the
perspective of patients; (2) issues pertaining to the use of social
media in health care; (3) ethical considerations; and (4) public
health implications. The retrieved information was then
qualitatively synthesized in the discussion for each category.

Discussion
Principal Findings
HCPs and patients typically represent the 2 ends of most health
care relationships. HCP is a term used in this review to include
physicians, dentists, nurses, medical or dental allied personnel,
and health care organizations, whereas patients is a term used
to include patients under the care of an HCP and the public.
There is overlap in the ways HCPs and patients use social media.
In the following section, only information unique to the
perspective of patients, which has not been covered in Part I, is
presented [11]. Collaterally during the search, studies that
investigated ethical and legal considerations in the use of social
media and others that discussed its shortcomings and barriers
have emerged. These points have also been briefly discussed.

Social Media Use From Patients’ Perspective
Overview
In this digital age, people are accustomed to using the internet
for health communication. The new term netizen has been
introduced and is informally used to describe a habitual user of
the internet. It is indisputable that patients greatly incorporate
social media in seeking health care and that the public is heavily
reliant on it to obtain health care information. Perhaps no
example supports this notation, as recently witnessed amid the
COVID-19 pandemic. There is an abundance of information in
the literature pertaining to this subject. In the following section,
information has been presented in 5 categories.
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Health Information
For a good proportion of the public, young people in particular,
social networking sites are the first resource to find general and
health-related information [1]. Many individuals with a medical
concern are now seeking answers on the web and can virtually
obtain them at anytime from anywhere [12]. Social media has
radically transformed the way patients obtain information about
procedures as well. In a 2009 study, 61% of American adults
reported looking on the web for health information [13]. Another
study in 2013 found that the first motive of patients for
health-related use of social media is seeking information about
health, a disease, or treatment of a disease; Twitter was the most
commonly used platform for that information [14]. Moreover,
74.9% of web-based health-related information seekers searched
for oral health–related information [15].
Health organizations, HCPs, and lay people make an
exceedingly large amount of health-related information available
on social media. However, the amount of information available
may be overwhelming, and the sources may be unverified. The
authenticity of the information posted should be questioned,
and the recipients must be wary of the information they
encounter because many posts do not undergo any quality
regulation or verification, and the users are usually in control
of the content they encounter [13].
Perhaps there has never been a time where social media was
used to obtain health care information, as was the case during
the COVID-19 pandemic. In a single day in March 2020,
COVID-19–related terms were mentioned more than 20 million
times on social media [92]. Almost every social media platform
imaginable contributed to the dissemination of information
pertaining to the pandemic. Health authorities have used their
social media accounts to effectively share scientific information
and combat what has been described as an infodemic [93]. Now
that vaccines against SARS-CoV-2 are available, social media
has been used again as a public podium for individuals to share
their thoughts of and experiences with vaccination. Although
social media has an unprecedented capacity to make
evidence-based information accessible to the public and promote
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positive health behaviors, it has also been a major factor in
propagating vaccination hesitancy, thus posing a threat to global
public health [16,17].
In conclusion, HCPs will continue to be challenged by
misinformation readily available to patients on social media.
They must be determined to abide by evidence-based health
care and ready when challenged by misinformed patients. HCPs
also have a duty to make scientifically solid information more
accessible to the public. At present, targeted health education
interventions are strongly encouraged to foster public trust in
vaccination and increase their uptake of the COVID-19 vaccine.

Telemedicine
Communication and monitoring in health care have been
outsourced to social media in recent years. Appointments
became web-based, health information became available on the
internet, and examinations and laboratory results became
available on the web-based portal of the facility [18]. Care has
been delivered remotely through telemedicine apps, which are
the best access to care for some populations, such as those in
isolation or in rural areas [12]. Monitoring patients in their
homes can improve health care services [19]. Good overall
satisfaction has been reported with new telemedicine strategies
that shift care to a more patient-centered one [9]. Not only is
telemedicine efficient, but it is also time- and cost-saving.
In a 2016 study, telemedicine impression via WhatsApp and
clinical assessments was consistent in 82% of the cases
examined. Furthermore, telemedicine consultation reduced
geographic barriers for initial clinical consultations, and most
patients were encouraged to pursue a clinical examination [4].
For instance, Georgia Health Sciences University has enabled
patients to access a web-based platform to reach their physicians
to ask questions or request prescription refills [20]. There is
evidence that telemonitoring of pregnancy is effective, especially
for patients in rural areas who do not have to travel to a hospital
[9]. In a 2018 study on telemedicine in China, a participant
made a comment that suggested seeing a physician while staying
at home if people could shop while staying at home [21].
To summarize, patients are encouraged to use telemedicine
services that have become readily available and have remarkably
improved since the COVID-19 pandemic. However, they must
also remember that telemedicine is not the only means to receive
health care, nor is it suitable for all cases. Patients have a right
to traditional health care as needed and must comply with
traditional appointments and hospital visits that are deemed
necessary by the treating physician.

Finding an HCP
Social media has now become the new word of mouth.
Web-based resources are being increasingly used and highly
regarded to make health care decisions, including finding an
HCP [6]. In fact, a considerable number of patients are currently
searching for HCPs on social media. Some make educated
decisions after comprehensive research on the academic
qualifications and experience of the practitioner, whereas others
follow their emotions after encountering an inviting post or an
attractive image, with the latter comprising a huge pool of
patients [6,22,23,94].
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The content available on social media has an impact on
prospective patients: 41% of social media users are influenced
by the content they encounter on the web [95]. For example, a
study showed that patients are keen to know qualifications of
dentists before they visit the office and may use of LinkedIn
for that purpose because many dentists showcase their expertise
on that platform [24]. Furthermore, patients ranked academic
qualifications as the most important content they sought on a
Facebook page; some reported that they also sought positive
reviews and awards in addition to the original content. In another
study, patients reported that the most important factors in
selecting a dentist on social media were the reviews and the
qualifications of the dentist, with the least important factors
being the awards obtained and the number of likes [22].
The attractiveness of a practitioner or provider on social media
should not be underestimated. In fact, a study found that 57%
of consumers thought that hospitals’ social media presence
would strongly influence their hospital choice [25]. In another
study, 53.4% strongly agreed about the necessity of having a
social media presence for dental practices, and 55.1% thought
that social media presence was effective in attracting new
patients [22]. An interesting study on plastic surgery practices
found that the average total number of followers per practice
was significantly associated with the placement of the practice
on the front page of Google, compared with the second page.
Even after a multivariate adjustment of years of experience and
education, use of social media remained an independent
predictor of placement on the front page of a Google search [6].
A review by Nayak and Linkov [26] showed that patients used
social media to find surgeons and that the social media presence
of the surgeon can dramatically increase their image as an
expert. On the other hand, it was found that unprofessional
behavior of an HCP on social media can adversely affect the
trust of patients [27,28].
Similar to most marketing strategies, there is no one-size-fits-all
means to be successful as an HCP on social media. However,
if HCPs recognize the importance of building a relationship
with their audiences through social channels, their brands will
become more credible and appealing to the target patients. On
the other hand, patients must perform due diligence to profile
HCP credentials and not rely solely on their perception of their
presence on social media.

Peer Support and Sharing Experiences
Not only do HCPs find support and compassion on social media
but also do patients. Individuals with chronic disease use social
media to communicate with others and exchange experiences.
This is especially helpful in rare medical conditions, in which
case patients may be geographically distant. Even the family
and friends of patients can receive emotional support or request
guidance and advice from health care professionals on social
media platforms.
Facebook groups for individuals with specific medical
conditions are abundant and actively engage members in
peer-to-peer support [29,30]. A number of social networking
sites, such as PatientsLikeMe, provide patients with information
and the opportunity to gain support from other people with the
same medical condition [31]. Instagram accounts have also been
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created to provide information and peer-to-peer support for
patients with health care needs, such as adolescents with type
1 diabetes [32]. Moreover, a study showed that a WhatsApp
group for hypertensive patients with type 2 diabetes promoted
the adherence of patients to treatment [33].
Health-promoting messages coming from social networks
instead of experts were perceived as less disempowering and
more effective [13,34]. YouTube has been used by patients with
cancer to share personal stories [35]. Moreover, a recent study
explored cancer survivorship on social media and found that
the content shared by survivors displayed their physical,
emotional, and psychological health [36]. Although Instagram
was used mainly for sharing images posted by survivors
themselves or others, Twitter was used primarily for sharing
facts and fundraising. In the first week of the COVID-19
pandemic, Twitter users were found to use the tool to notify or
warn their friends and followers about the outbreak; that is,
Twitter was a platform for people to bond around the topic of
COVID-19 [37].
Patient experience is receiving a substantial amount of attention
lately, and social media provides patients with opportunities for
their voices to be heard and their conversations to be amplified.
They can share their experiences in discussion forums, via
instant messaging, or post them on the web for the public to see
[38]. As patient communities become more interconnected,
patients can recommend or defame a practice and compare
different experiences. Social media also allows patients to like
posts, which may elicit notifications to others in their networks
[39]. Word-of-mouth marketing between patients with similar
conditions or circumstances is also easy with social media.
Recommendations or opinions of users have been perceived to
be more credible than other advertisement methods, mainly
because of the personal nature of the communication that takes
place between users on social media [13].
In conclusion, patients find support from peers on social media
and express their feelings about their well-being and the health
care they receive. It seems that a snowball effect occurs in
patient communities on social media, where the more
patient-generated content is being shared, the more the public
is attracted, the more interaction takes place, and the more
content is generated in return.

Influencing Positive Health Behavior
Supplemental electronic communication with patients has been
found to emphasize health care guidelines and improve treatment
adherence in patients with chronic diseases [40]. In 1 study,
60% of physicians reported favoring interacting with patients
on social media to encourage behavioral changes and drug
adherence in the hope that these efforts would lead to better
health outcomes [41]. Through social media platforms, HCPs
can disseminate positive messages to a wide population of users
swiftly and influence healthier behaviors through social
reinforcement [42]. For example, a study used several social
media platforms to encourage blood donation, indicating that
social media helped to improve blood donation practices in
Saudi Arabia, where there is a shortage of blood donors [2].
Furthermore, a 23-fold increase in donor pledge in web-based
state organ-donor registries was observed just a week after
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Facebook allowed its users to state their organ-donor status in
their profile [42]. A review by van den Heuvel et al [9] found
that exercise apps possibly led to less gestational weight gain
and an increase in smoking abstinence in pregnant women.
Social media can also increase the public’s awareness and
compassion toward individuals with special health care needs.
Social media platforms are increasingly being used for
antistigma campaigns to influence public attitudes. Having their
unheard voices made public without barriers can be of
tremendous relief to individuals with special health care needs.
An example is the role of social media in destigmatizing
epilepsy [43]. Moreover, Twitter has been successfully used to
combat mental illness stereotypes. The platform has facilitated
education and contact between individuals with mental illness
and has also highlighted injustice [44]. Facebook also enables
users to discuss mental illness without the burden of social
discomfort [44]. In China, where sharing the intention to attempt
suicide on social media is considered a public health concern,
social media can be successfully used to enhance suicide literacy
and thus be effective for reducing the stigma attached to suicidal
ideation and increasing help-seeking behaviors [45]. In
Australia, social media is considered an effective means of
delivering suicide prevention activities to a large number of
young adults [46]. A project called #chatsafe was developed to
assist young people in communicating about suicide via social
media to feel better and deglorify suicide; the project was
recently globalized [47,48].
Just as social media has the potential to promote healthy
behaviors, it can also reduce risky behaviors. It can expand the
reach of public health efforts and deliver intervention content
in an interactive format. An example is smoking cessation
campaigns [49]. Reminders and discussions on Facebook and
WhatsApp were found to be effective in preventing smoking
relapse in individuals who had stopped smoking [50]. In a 2017
systematic review, Facebook and Twitter were found to be
feasible and preliminarily effective for smoking cessation, with
studies reporting greater abstinence, reduction in relapse, and
an increase in quitting attempts among users [10]. These findings
are in agreement with the results of a more recent review, in
which the use of Facebook, Twitter, and WhatsApp by an online
smoking cessation community showed promising results in
helping smokers quit [51]. An initiative on Facebook targeted
young adults as an intervention for smoking and heavy drinking
[52]. Although the interest in changing smoking habits was
bigger than that for drinking behavior, and the participants
favored changing 1 habit at a time, they accepted and received
the post messages well. In a review by Kazemi et al [53], social
media was found to help provide HCPs with a platform for
combating illicit drug use. It was also found that social media
can identify patterns of emerging drug use and that data mining
tools can complement the current surveillance methods for
tracking drug abuse. In a 2019 cross-sectional study, Generation
Z and millennials, a population with high rates of substance use
disorder, thought that social media platforms could be helpful
in preventing recurrent drug use; however, fewer than half of
the participants expressed a willingness to be monitored via
social media to support their recovery [54]. Participants from
both cohorts had seen more drug cues on social media than they
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saw recovery information, which highlights the need for digital
interventions to improve drug use treatment and recovery
outcomes.
The impact of social media on sexual behavior has also been
investigated. One study created an intervention page on
Facebook to promote sexual health and serve as a safe space
for youth to share ideas and experiences with peers and
professionals [55]. It was reported that for a short term (baseline
to 2 months), condom use among high-risk youth in the
intervention group was stable, whereas it decreased in the
control group. Furthermore, the Facebook initiative was able
to reach minority communities in which sexually transmitted
infections and HIV infections were prevalent. In a 2016 review,
51 studies that investigated social media for sexual health
promotion with social media as the sole intervention or in
combination with other interventions were reviewed [56]. A
total of 8 publications reported increased condom use, use of
health services, and HIV self-testing. Two publications reported
a reduction in gonorrhea cases and an increase in syphilis testing.
Most publications targeted the youth. Facebook is the most
commonly used social media platform, either exclusively or in
conjunction with other platforms.
There is evidence that social media promotes physical activity
and weight loss. In China, a study compared weight loss among
participants in a control group (receiving routine publicity on
weight loss) and those in a WeChat group with 6 months of
weight loss intervention [3]. Male participants in the WeChat
group lost significantly more weight than their control peers,
although the former were significantly younger. It was found
that the more actively participants were using WeChat, the more
weight they lost. Another study among medical students found
that those who were part of a motivational Facebook group
increased their physical activity after 1 month. The likelihood
(odds ratio) of becoming sufficiently active by joining the
Facebook page was 3.51 [57]. A study on 341 college students
with obesity found that the social media approach facilitated
short-term weight loss, with the participants losing considerable
weight at 6 and 18 months [58]. An initiative on Instagram was
found to be attractive and effective in reinforcing the
maintenance of an appropriate level of physical activity [59].
In another study, a health app was developed and found to be
successful in motivating users to be physically and socially
active in real life [60]. During the COVID-19 pandemic, videos
of trainers motivating people to work out in their homes during
the lockdown went viral. Similar initiatives were seen taking
place on every continent, and what could have been a depressive
sedentary lockdown to many became a more bearable time.
Cancer prevention efforts have traditionally focused on adults.
As health behaviors can aid in cancer prevention, and many
behaviors are established in young adulthood, it is logical to
target preventive programs in the younger population. In
addition, because most of today’s youth are digital natives, using
social media for promoting cancer-preventing behaviors seems
to be a promising strategy. A comprehensive study discussed
the potential of social media in cancer prevention and laid the
foundation for future research [61].
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A comprehensive 2019 systematic review found variation in
the strength of evidence regarding the impact of social media
on behavior change [96]. However, social media campaigns
have generally aided in the reduction of sedentary behavior,
contribution to smoking cessation, and improved sexual health,
in addition to being cost-effective. It was also found that social
media better prompted users to access support services,
especially smoking quit phone services. Illicit drug and smoking
campaigns appeared to be more effective for the younger
generation. Furthermore, expanding the duration or intensifying
campaigns was found to be effective. Evidence suggests that
targeting messages at a specific target audience increases their
impact.
In conclusion, social media has helped patients adhere to
treatment, access health care guidelines, and adopt positive
health habits to varying degrees. There is no single platform for
obtaining these positive outcomes. Stakeholders, researchers,
and HCPs must use the platform they consider more effective
for and accessible by their target population and customize their
content in terms of simplicity, frequency, method, and duration.
Researchers should aim to conduct studies that can be effectively
adapted to more than one platform or setting and reach a larger
population. Future studies should include greater racial diversity
among the participants.

Issues Pertaining to Social Media Use in Health Care
There will always be a positive and a negative side of using
social media in health care [62]. Although social media has
been heavily used by health organizations, medical personnel,
patients, and the public, in general, its use is associated with
barriers, limitations, and shortcomings. First, internet
connectivity is required to access social media. Despite the
widespread use of the internet worldwide, 41% of the global
population still has no access to the internet [97]. Unfortunately,
low-income families and individuals with disabilities are less
likely to use the internet, resulting in further exclusion of
individuals who are already marginalized [63] Second, some
degree of technology skills is essential to enter the digital world.
Although basic skills are not very difficult to acquire, digital
literacy can be challenging for some populations, such as older
adults and individuals with intellectual impairment [64].
Some studies have investigated the shortcomings of
technology-mediated remote health care. Inefficiency of
web-based medical visits compared with face-to-face
engagements has been perceived [65]. A dermatology study
found that the quality of the images obtained in group
discussions was inconsistent [66]. There is also a fear that
patients enjoying the convenience of telemedicine are deterred
from visits to the hospital when necessary [14,67]. Moreover,
financial limitations should be considered since e-consultations
and web-based visits may not be covered by insurance
companies [14].
Connections established through social media may dissolve the
boundaries between professional and personal lives [68]. A
recent study found that patients often extend internet friend
requests to their physicians on Facebook; however,
recommendations often discourage personal web-based
communication between practitioners and patients [40]. Personal
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boundaries may be violated by inappropriate curiosity, as social
media can provide a wealth of information about its users
[25,69]. Patients may have unrestricted access to the personal
information of HCPs available on the internet, and HCPs also
have access to patient information that may not be available in
the health care setting. Nevertheless, patient information
received from web-based sources may be helpful in certain
health care settings; for example, HCPs may observe a lack of
adherence to medical recommendations and may alter
management accordingly [18].
In social media communication between patients and HCPs,
there may be frequent interruptions; the false sense of having
to be available 24/7; disparity on urgency; compromised verbal
communication and body language, especially in texting
services; noncompliance with specific terms of a social media
platform; lack of proper guidelines for group moderators to
manage discussions and controlling content; difficulty in
obtaining printed records of communication; and no accurate
records of all web-based encounters in the medical records of
the patients [27,70,71]. There is also the possibility of identity
theft, since any user can create an account, use any name and
profile picture, and claim to be someone else. For instance, the
logo of the American Society of Colon and Rectal Surgeons
was used by a hospital in a different country to request an
endorsement [8].
Social media is a double-edged sword for HCPs. As fast as a
positive review travels, so does a negative one. Patients unhappy
with a service, payment, treatment outcome, or legal actions
may start a war against the practitioner or practice. Teaming up
with more keyboard warriors or internet trolls can have a
disastrous emotional and professional impact on HCPs. In 2016,
a well-respected orthopedic surgeon was awarded US $480,000
in damages for defamation after continual vilification by a
patient and her kin through a website and social media. The
defamatory material included a fake shaming website that
greatly resembled the legitimate business website of the surgeon,
on which they referred to him as the butcher. Similar materials
were posted on a couple of social media platforms such as
Facebook, YouTube, and Pinterest [98].
HCPs usually support and defend one another. However, some
may find social media a good medium to begin a battle against
a competing HCP, justifiable or not. Negative professional
criticism, displayed publicly on social media, is a violation of
the medical codes of ethics; it expresses ill will and aims to
tarnish the image of one’s professional colleagues. Destructive
negative criticism of colleagues on social media damages the
medical profession and its reputation. On a positive note, digital
shaming is unlawful in many countries and may lead to legal
consequences [99].
Although it comes at a relatively low cost, the volume of
information on social media may be overwhelming. In addition,
the information can be unreliable, difficult to prove as valid,
vary in quality and consistency, outdated, not subjected to peer
review, invalid, incorrect, not applicable to all situations, not
generalizable, opinions and preferences presented as facts, or
entirely false [14,38,72]. This is a public health threat, the effect
of which is difficult to quantify. It can be difficult for
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inexperienced HCPs and the public to discern reliable
information; thus, there is a risk of absorbing both valid and
less credible information. With digital media, social media in
particular, misinformation can be easily amplified within echo
chambers, which consist of individuals with similar mindsets
and beliefs [73]. With artificial intelligence incorporated into
technology, algorithm-driven filters selectively display content
based on user preferences [73]. For example, a mother who is
uncertain about vaccinating her child may join a group of
antivaccine mothers to learn more about their concerns. Not
only would she be bombarded with antivaccination information,
from that point on, antivaccination related information will be
targeting her on several social media platforms, fostering
antivaccination which may not be at her nor her child’s best
interest.
It is a fact that public voices disseminating inaccurate health
information are usually far better heard and related to than
evidence-based knowledge from experts and official health
organizations [74]. It was noted that disinformation travels at
the same speed that information does, which is why some
organizations and authorities have dedicated time and effort to
fight myths and disinformation in social media platforms, as
seen in the exclusive website section of the World Health
Organization dedicated to myth-busting COVID-19
disinformation [72,75]. Another negative consequence of social
media is the poorly defined audience; information shared by
HCPs may entirely miss the target population. Moreover, with
social media, there is a risk of early adoption of unvalidated
research and preliminary findings that carry a risk of future
medical reversal, which would create more hesitancy in the
public and HCPs alike [73]. Another major problem in
publishing scientific information on the web is that the user
may have hidden conflicts of interest that are not disclosed. It
is crucial that every effort be made to critically appraise the
information available on social media.
The rapid speed at which information travels may have a very
negative impact on the general well-being of the public. For
example, disseminating alarming and exaggerated information,
misinformation, and manipulated information about COVID-19
may cause fear, anxiety, undue stress, and depression at a
societal level, even in individuals without underlying psychiatric
illnesses [72]. People may also publicly share their negative
feelings, such as anxiety, worry, and conspiracism on social
media. Such posts may have a contagious effect. At the
beginning of the COVID-19 pandemic in the first few weeks
of 2020, a study in China surveyed over 4000 participants.
Frequent exposure to social media was associated with high
odds of anxiety and depression in the general population as well
as among health care workers [5]. Another study found that
53.8% of respondents expressed encountering a moderate or
severe psychological impact from the COVID-19 pandemic
[76]. Furthermore, a UK study found a positive relationship
between the use of social media as a source of information on
COVID-19 and conspiracy theory beliefs, especially among
younger participants [77].
Being highly influential and used by a large young population,
social media may also promote unhealthy habits such as tobacco
and alcohol use, violence, unhealthy dietary choices, and
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high-risk sex, especially if they are promoted by digital
community leaders (ie, influencers) [70,78,79]. Furthermore,
enforced advertisement on social media and the subconscious
messages of what looks good through seductive photographs
may have negative unintended consequences for body image
and self-esteem in some users and could provide patients with
unrealistic expectations for treatment [80]. The public is usually
unaware that practitioners showcase successful outcomes
selectively and that the pictures may not reflect the true skills
and proficiency of a practitioner [71]. This may discourage
students and recent graduates who may have not yet obtained
the skills of experienced HCPs. Some social media groups are
based on misconceptions and can be misleading to the public,
such as groups that promote freedom to take off the masking
during the COVID-19 pandemic. However, social media
platforms have begun taking action to limit discussions of that
sort [74].
Posting photographs of procedures and before-and-after
photographs in a reasonable amount may be beneficial and
educational; however, some practitioners make it a goal in itself.
If overdone, these posts lose their educational value and become
unprofessional advertising and marketing tools [80]. In addition,
the pressure to be socially accepted and celebrated, especially
through social media, may be difficult to handle. Some
individuals, including HCPs, measure their self-worth and seek
validation from feedback on social media (eg, number of
followers, retweets, and likes). Social media users whose
self-confidence is lacking can become more anxious or
depressed, which will lead to less self-confidence and erosion
of self-worth. It is advisable that HCPs re-evaluate the value of
social media if it starts to affect them negatively. It might be
advisable to cut back or opt-out all together. Just as it applies
to the public, if HCPs are psychologically impacted and
struggling, it is better to seek professional help early on.
Although the use of social media among adolescent patients
has been shown to be effective in promoting positive health
behaviors such as increased physical activity and smoking
cessation, the negative impact of social media on the mental
health of young people cannot be neglected [50,60]. There is
evidence to support less use of social media as a protective
factor for mental health in young people [81,82]. In recent years,
cyberbullying has emerged as a threat to the mental well-being
of young people. A 2015 review found a consistent relationship
between cyberbullying and depression among adolescents [83].
In another review, victims of cyberbullying were found to be
affected by worry, fear, depression, and loneliness [7]. It was
also found that being a cyberbullying victim was associated
with more self-injurious behaviors and suicidal thoughts. In the
2019 study by Viner et al [84], the authors analyzed data from
the Longitudinal Study of Young People in England and found
that the frequent use of social media by young girls was
associated with decreased well-being and increased
psychological distress. However, they also found that the
negative impact of using social media appears to stem from the
harmful content users are exposed to and the displacement of
healthy lifestyles rather than social media use per se. A review
in 2017 found that social media use substituted social
interactions, leading to depression and anxiety [7].
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A major problem with social media use is that the content posted
is prone to be judged and evaluated by whoever sees it. The
judgment can be very subjective based on the rater and may
reflect unfavorably on HCPs. The trust of patients may be
shaken over one bad or inappropriate post. There are no clear
guidelines about e-professionalism and what is considered
appropriate; it is inherently subjective [85,86]. A review by
Neville and Waylen [27] displays practical examples of
e-professionalism that help simplify the concept. The digital
footprint has an impact not only on the reputation of the user
but also on the profession. Postings on social media can be a
permanent record, even after the content is deleted.
Social media posts can be viewed by a large audience base
beyond the intention or imagination of users [38]. Employers,
program directors, and health officials have the authority to
discipline HCPs for unprofessional behavior or breaches of
patient privacy, which may ultimately affect the credentials and
licensure of the practitioners [20,40,87]. Even appropriate posts
may be unfairly scrutinized and negatively judged when viewed
out of context. There is also the problem of conflicting
timestamps, such as a tweet or a post shared at a time when the
HCP was in the middle of a procedure or should have given
greater attention to a clinical situation, which could be very
damaging to a jury of peers and the public’s opinion [8].
In the United Kingdom, 45% of pharmacy students stated that
they have posted content on the web about which they are not
comfortable with future employers seeing [88]. In addition,
about 60% of medical schools reported incidents in which
students posted inappropriate content on the web [20].
Furthermore, over half of the medical students surveyed in one
study admitted to having embarrassing Facebook photographs
of themselves [89]. In a study by Langenfeld et al [86], 12.2%
of residents had had clearly unprofessional behavior on
Facebook, such as Health Insurance Portability and
Accountability Act violations and binge drinking; an additional
14.1% demonstrated potentially unprofessional behavior,
including political statements and the use of alcohol and tobacco
[86].

Ethical Considerations
Social media communications with or about patients can lead
to a breach of privacy and anonymity of patients, which may
result in legal actions against HCPs and their institutions. To
avoid legal consequences, any post about patients, whether in
text, video, or image, should be deidentified, in accordance with
Health Insurance Portability and Accountability Act regulations
[25]. It is advisable to always obtain consent before sharing any
patient information, even if the content is anonymized [71,90].
In 2011, an emergency physician discussed patient care on
Facebook. Although she did not identify the patient, she shared
enough information to make identification easy to others in her
community. As a result, she was fired [100]. In 2016, a pediatric
anesthesiologist made inappropriate political comments on
Facebook and was ultimately fired from the University of
Colorado [101].
It is paramount that HCPs realize that professional demeanor
is expected on the internet as in real life. Although no formal
contract is established between HCPs and patients in the
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web-based world, the same rights and responsibilities
traditionally applied should be considered on the internet. In
2013, an obstetrician made unsympathetic comments about an
always late patient. She accidently made them public. The post
and subsequent comments became viral and was featured on
the news. Thousands of people petitioned, and the physician
endured several professional and personal consequences, but
she was not fired from her practice [102]. In another instance,
a patient complained to the media about a hospital in California;
in retaliation, the hospital disclosed information about the patient
to the media without permission and was ultimately fined US
$275,000 [103]. In April 2020, an emergency physician in
Washington was fired after criticizing his hospital for its
COVID-19 response on social media [104].
There are several other issues pertaining to ethical considerations
when using social media in health care. One example is the
recruitment of minors on social media for research purposes. It
is not difficult to locate and recruit research participants below
the age of 18 years on social media. However, individuals below
that age have not reached cognitive maturity to make
thought-through decisions regarding participation in research.
Obtaining parental consent or targeting parents may be a more
ethical alternative [18]. Another example is falsifying images
posted on social media. Photographic technique artifices, such
as modifying angles or digitally altering photographs to
exaggerate treatment outcomes, is deceiving to patients and is
considered unethical abuse [80].
As the use of social media by HCPs has increased, health
authorities have published guidelines and recommendations for
the use of social media. For example, in 2011, the American
Medical Association published its policy on professionalism
on social media [91]. Later in 2013, the General Dental Council
in the United Kingdom published a document titled, Guidance
on using social media [105]. It is imperative that medical
curricula tackle e-professionalism, professional internet
etiquette, and digital ethics, as the use of social media in health
care is the new norm among the millennial generation of HCPs.
For more information, it is recommended to read the review by
Langenfeld and Batra [8], in which recommendations for
e-professionalism have been proposed. In addition, refer to the
guidelines on the use of social media that have been summarized
by Dhar [71].

Public Health Implications
Social media has the potential to transmit health-related
information and promote health to the public. Striking the right
balance between digital and traditional health care is imperative.
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Social media is omnipresent in our lives today, and the best
guard we have is to be acquainted with it and practice due
diligence in using it to our favor for the promotion of health
care. Nevertheless, HCPs, patients, and the public in general
need not forget the risks to which they may be exposing
themselves. As medical professionals, HCPs are bound to ethical
principles toward their colleagues, patients, and the public in
the digital as much as in the real world. Whether
e-professionalism is formally taught, ethics is a matter of choice.

Limitations
Despite its comprehensiveness, because of this review being a
narrative review, it is descriptive in nature and did not include
a formal appraisal of the included studies. Data from the
included studies were summarized and reorganized but not
analyzed. Although our search was comprehensive, some
relevant studies may have been unidentified. Bias may have
occurred in selecting and assessing the literature, as it was not
done in a systematic manner, giving the type of review.

Conclusions
This narrative review aimed to discuss how patients have been
using social media in the context of health care and describe
the main issues pertaining to its use in health care. As can be
seen, multidimensional health care, such as when pairing health
care with social media and other forms of communication, has
been shown to be very successful. The outcome is maximized
when the audience is reached numerous times, in multiple
settings, and from various sources. The number of digital natives
is increasing and will continue to grow in health care settings.
Thus, it is advisable to acknowledge that social media will
remain an essential part of health care for many years.
Despite emerging evidence that the use of social media has
facilitated health care, it has not and will probably not entirely
replace traditional health care. The use of social media is
associated with barriers, limitations, and shortcomings that
continue to emerge in the literature. To maximize the benefits
while minimizing compromise to the care provided and avoiding
liability, HCPs and patients must perform due diligence before
considering social media in health care and should make
educated judgments on a case-by-case basis.
As social media is a relatively recent occurrence, more research
is needed to determine its long-term effectiveness and to find
the best strategies that would maximize its advantages while
limiting its risks. e-Professionalism and the ethical
considerations in using social media in health care can be further
explored.
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Abstract
Background: Digital interventions are increasingly used to improve health behaviors. Improved access and lower costs (relative
to in-person interventions) make such interventions appealing. Specifically, digital platforms may be a promising approach for
increasing physical activity (PA) in young children.
Objective: The goal of this systematic review was three-pronged: (1) to determine the quality of studies using digital PA
intervention strategies with preschool-aged children (ie, 3 to 5 years old); (2) to assess the efficacy of digital interventions and
approaches designed to improve PA in preschool-aged children; and (3) to examine theoretical application and implementation
outcomes with current approaches to digital PA interventions.
Methods: This review identified and summarized studies on digitally supported interventions for promoting PA in preschool-aged
children. We generated 3 lists of relevant search terms that included technology-related terms, PA-related terms, and weight-related
terms. The search included Ovid MEDLINE(R) and Epub Ahead of Print, In-Process & Other Non-Indexed Citations, and Daily,
Ovid EMBASE, Ovid Cochrane Central Register of Controlled Trials, Ovid Cochrane Database of Systematic Reviews, and
Scopus. Study selection was led by a single author and verified by a second; the same 2 authors assessed study quality using a
standardized tool, and 3 authors completed data extraction on PA outcomes, theory application, and implementation outcomes.
Results: In total, 601 studies were identified; 8 met the inclusion criteria. For study quality, only 2 studies received an overall
rating of strong quality and low risk of bias. All but 1 study had a small sample size (<100). Positive and significant changes in
child PA outcomes were reported in only 2 studies with weak overall quality, both of which used child-directed approaches. In
total, 5 studies applied a behavioral theory for designing the intervention; no patterns of effectiveness were identified based on
the application of theory. Finally, no studies reported on the implementation outcomes of adoption, cost, penetration, or
sustainability; 1 study did not assess any implementation outcomes, and no single study reported on more than 2 implementation
outcomes. Studies measured the implementation outcome of acceptability most frequently (n=4), and researchers assessed fidelity
in 3 studies.
Conclusions: The interventions with a significant effect on PA used child-centered activities; parent-directed digital interventions
alone were ineffective for improving PA. Future research with rigorous designs, monitoring of implementation outcomes, and
testing of the contributions of digital components will advance understanding of the effectiveness of digital interventions for
increasing PA in children.
(J Med Internet Res 2022;24(1):e28230) doi:10.2196/28230
https://www.jmir.org/2022/1/e28230
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Introduction
Pediatric obesity is a major global health challenge jeopardizing
development and well-being even beyond childhood [1-3].
Physical inactivity and sedentary lifestyle behaviors can
contribute to childhood obesity. Regular physical activity (PA)
in early life promotes healthy growth and development,
improves children’s’ cardiovascular fitness, and promotes better
motor and cognitive skill development [4]. Further, active
children are less prone to develop chronic diseases later in life
including cardiovascular diseases, type II diabetes mellitus, and
obesity, as well as psychiatric, psychological, and psychosocial
disorders when compared to inactive children [5-7].
Guidelines implemented in the United States for PA in
preschool-aged children (3 to 5 years) encourage children to be
active throughout the day by engaging in a variety of activities
[8]. Although no specific amount is recommended, a reasonable
target of 3 hours of movement—with 60 minutes of moderate
to vigorous physical activity (MVPA)— is in line with the
guidelines from the American Medical Association and the
World Health Association [8,9]. Unfortunately, a significant
proportion of preschool-aged children do not meet this target
(less than 50% across studies) [7]. Several interventions
designed to increase PA or reduce sedentary behaviors (eg, limit
screen time) have resulted in inconsistent findings [10-12].
According to a meta-analysis of intervention studies with
preschool-aged children, only small to moderate effects have
been observed for improving PA, suggesting room for
improvement in achieving the desired outcomes [13]. Effective
PA-promoting interventions targeting preschool children are
needed.
The use of newer technologies and digital platforms to mitigate
sedentary behaviors and foster behaviors that increase children’s
PA may be a promising approach. Digital interventions have
become more widely available globally, and health promotion
through these platforms has become more accessible, easier to
use, and more acceptable to families [14,15]. Indeed, the use of
smartphones, websites, and text messaging offer relatively
inexpensive and easy solutions to support or replace traditional
face-to-face methods [16-19]. Studies with older children, aged
8 to 12 years, have used active video games (ie, exergaming)
and digital applications to encourage PA participation [15,20].
Strategies that are child-centered, such as gamification including
games with active plots and self-monitoring, have been used in
digital applications [18,20]. These studies show that technologies
merging PA and learning are available and may be helpful in
promoting PA [21]. As the use of digital devices by young
children has become common [22], digital platforms may hold
significant promise for delivering PA interventions to
preschoolers [3,23].
The relatively recent emergence of digital interventions and
their potential to create equitable access to PA support also
suggests the need to understand factors related to intervention
success and failure. The application of behavioral theory for
https://www.jmir.org/2022/1/e28230
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intervention design and implementation outcomes comprises
at least 2 such factors. First, the use of theory allows intervention
designers to be explicit with the targets for behavior change and
select behavior change techniques that affect the
theory-informed levers of change [24]. Second, measuring
implementation outcomes in the delivery of digital interventions
allows researchers to determine (1) if the observed effects (or
the lack thereof) were attributable to implementation factors
and (2) if the processes or characteristics of the interventions
are desirable for larger-scale delivery [25]. Measuring
implementation outcomes acknowledges that a potentially
effective intervention can be implemented poorly (ie,
implementation failure) or an intervention can be ineffective
for a new setting (ie, intervention failure) [25]. Thus, assessing
theoretical application and implementation outcomes are
important for understanding current approaches to digital PA
interventions.
There is considerable interest for expanding digital offerings to
promote PA in young children, and studies are emerging that
leverage digital interventions directed at children and their
families. Thus, a review of existing studies to identify common
or discriminating features of prior digital interventions
contributing to improvements in child PA (or lack thereof) as
well as factors associated with successful implementation of
digital interventions for activity promotion is warranted. The
aim of this systematic review was three-pronged: (1) to
determine the quality of studies using digital PA intervention
strategies with preschool-aged children; (2) to assess the efficacy
of digital interventions and approaches designed to improve PA
in preschool-aged children; and (3) to examine theoretical
application and implementation outcomes with current
approaches to digital PA interventions.

Methods
The systematic review followed the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-analyses)
reporting guidelines [26].

Data Sources and Search Strategy
A comprehensive search of English language databases was
conducted from each database’s inception to January 24, 2020.
The databases included Ovid MEDLINE(R) and Epub Ahead
of Print, In-Process & Other Non-Indexed Citations, and Daily,
Ovid EMBASE, Ovid Cochrane Central Register of Controlled
Trials, Ovid Cochrane Database of Systematic Reviews, and
Scopus. The search strategy was designed and executed by an
experienced librarian with input from the study's first and second
authors (TS and AP). Controlled vocabulary supplemented with
keywords was used to search for studies on the efficacy and
acceptability of mobile-based, web-based, or other latest
technology-supported interventions for promoting PA in
preschool-aged children. We supplemented our professional
librarian search using the same terms in Google Scholar and by
manually searching and reviewing the reference lists of all
included articles. The actual strategy listing all search terms
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used and how they were combined is available in Multimedia
Appendix 1.

Eligibility Criteria
Inclusion Criteria
The study designs considered in this review included
randomized clinical and controlled trials, and quasi-experimental
trials. Studies focusing on promoting PA in typically developing
(without systemic, physical, and mental disorders)
preschool-aged children (aged 3 to 5 years) were included.
Interventions had to engage children or their parents using
digitally based modalities to promote PA in children. Studies
had to have PA-related outcomes as either the primary or
secondary outcome and had to be published in English.

Exclusion Criteria
Studies were excluded if the preschool children were not
included in the intervention or outcome assessment, if the focus
was on health behaviors or conditions other than PA, or if
children were not typically developing. Studies were excluded
if digitally based platforms were not used as part of the
intervention.

Outcome Variables
The primary outcome variable was PA, including subjectively
and objectively determined PA levels (ie, self-reported or
observed). PA outcomes included total PA, light physical
activity (LPA), MVPA, percentage of time in LPA or MVPA
(LPA% or MVPA%), energy expenditure, and steps. When
available, weight-related outcomes were extracted as the
secondary outcome including, but not limited to, BMI (kg/m2),
BMI Z-scores (BMIz), body fat (kg), body fat percentage, and
waist circumference (cm). Other secondary outcome variables
were implementation outcomes based on the taxonomy and
definitions for studies reporting on implementation outcomes
[25].

Selection of Articles
The first reviewer (AP) identified duplicates from the searches
and screened the titles of the articles to shortlist target articles
for review. The second reviewer (NZ) verified the first
reviewer’s decisions. The first and second reviewers
independently screened the abstracts of the target articles and
created a second shortlist. Thereafter, both reviewers read the
full texts of the articles independently to evaluate them for
inclusion in the final analysis. Discrepancies between the first
and second reviewers were discussed and resolved by consensus.
When a decision could not be reached, the coauthors reviewed
the full texts to make the final decision.
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Assessment of Study Quality and Risk of Bias
Study quality and risk of bias were assessed by 2 independent
reviewers (AP and NZ) using the National Collaborating Centre
for Methods and Tools Quality assessment tool for quantitative
studies [27]. This assessment tool includes ratings (weak,
moderate, and strong) for 6 components: (1) selection bias, (2)
study design, (3) confounders, (4) blinding, (5) data collection
methods, and (6) withdrawals and dropouts. Studies were rated
as weak overall if 2 or more components were rated as weak,
moderate if only 1 component was rated as weak, and strong if
no components were rated as weak. Discrepancies were
discussed and resolved by consensus between reviewers to
ensure high agreement for ratings. Interrater reliability for
individual component ratings was determined by computing
the percentage of agreement and the Cohen κ.

Data Extraction and Synthesis for Study
Characteristics, Intervention Efficacy, Use of Theory,
and Implementation Outcomes
For primary extraction, each retrieved full-text article was
evaluated systematically by 3 reviewers (NZ, AP, and TS)
according to the following criteria: (1) design, (2) population,
(3) intervention characteristics (modality, ie, how the
intervention was delivered, exposure or dose, and content), (4)
measures, and (5) analyses and results. As with data extraction,
differences were resolved by mutual agreement; all coauthors
reviewed the full texts to make the final decision when a
decision could not be reached by consensus. TS extracted the
theory used in each study, the content of each intervention, and
secondary data on implementation, including implementation
outcomes, implementation measures, data sources, and results.

Results
Selection of Articles
Figure 1 illustrates the search and selection process for
articles. A total of 601 articles were identified initially. After
removing duplicates and irrelevant studies, titles and abstracts
of the remaining articles were further screened and identified
as potentially meeting the inclusion criteria. Following a
thorough assessment of the full-text articles, 8 studies fully met
the inclusion criteria and were included in this review. The key
reasons for excluding articles included ineligible age, special
populations, no use of technology, no measure of PA, and
non-English articles. A high interrater agreement (> 95%) for
inclusion of the articles in this review was obtained between
the authors (AP and NZ).
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Figure 1. Flow chart for study inclusion.

Assessment of Study Quality and Risk of Bias
Following the ratings of the 6 steps in the National Collaborating
Centre for Methods and Quality assessment tool for quantitative
studies [27], the design quality and risk of bias for each study
are presented in Multimedia Appendix 1. For the initial ratings,
the agreement was 93%, and the Cohen κ=0.63. After resolving
discrepancies, 2 studies received an overall rating of strong
quality and low risk of bias [28,29]; 3 studies received an overall
rating of moderate quality and medium risk of bias [30-32]; and
3 studies received an overall rating of weak quality and high
risk of bias [33-35]. The most common issues with the study
quality and risk of bias were related to selection bias and
blinding. More specifically, all studies, apart from 1[31], failed
https://www.jmir.org/2022/1/e28230
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to report the proportion of participants who agreed to participate
and were thus unlikely to have a representative sample.
Moreover, none of the studies was rated as strong on blinding,
as most of the outcome assessors were aware of the research
question and the exposure status, a common concern for
behavioral intervention studies. Other issues included no
reporting of the completion rate, unreliable data collection tools,
and failure to control all relevant confounders.

Study Characteristics
Multimedia Appendix 2 summarizes details of the 8 included
studies, ranked by quality. The exposure in most studies was to
a technology-based behavior change program, most of which
involved PA and nutrition components. All studies were
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published within the last 6 years (2015-2019) and were
conducted in Western countries, with 6 studies conducted in
the United States [30-35], 1 in Australia [28], and 1 in Sweden
[29]. Of the 8 studies, 5 primarily targeted White samples
(41%-100% White) [28,29,31,33,35]; 2 studies targeted samples
that were mostly Asian (56% and 100%) [30,32], and 1 study
targeted a sample that was mainly Black (42%) [34]. Among
these studies, 6 were randomized controlled trials [28-33], and
2 were quasi-experimental trials [34,35]. Of the 8 studies, 3
primarily targeted preschoolers [30,33,35]; 1 had components
directed at children and parents [34]; and the remaining 4 studies
were aimed at parents [28,29,31,32]. Of the 8 included studies,
2 were feasibility studies with small sample sizes [32,34].
Sample sizes varied across studies, ranging from 32 to 315
participants; 7 studies included <100 participants in total.
Control groups or conditions included usual care (eg, Head Start
and recess as usual) [30,34,35], free play for children [33],
educational resources [28,29,32], and knowledge-based lifestyle
programs [31].

Intervention Efficacy

Technology modalities in these studies included exergaming
(n=3) [30,33,35], social media (Facebook, n=1) with education
and social support for parents [35], websites with education
modules for parents (n=1) [31], a mobile app with information
and strategies for parents (n=1) [29], a preloaded tablet with
educational modules for parents (n=1) [32], and a combination
of delivery modes including educational and motivational
content for parents (eg, emails, social media, online video,
telephone calls, and text messages, n=1) [28]. Most studies used
a digital platform to deliver health information and education
to parents; only the 3 studies evaluating exergaming
interventions provided direct PA opportunities to children via
a digital modality.

Studies produced mixed results on other health-related metrics.
In addition to favoring PA outcomes, 2 child-centered
(exergaming) interventions reported positive effects on the
children’s perceived motor competence [33], gross motor
development [33], and cognitive flexibility [30]. In addition,
parent-directed interventions produced positive effects for
improving self-efficacy [28,31,32] with an exception [34]. No
intervention aiming to decrease screen time achieved the desired
outcome [28,31,34]. Other outcomes demonstrated no clear
patterns of effects.

Intervention lengths ranged from 6 weeks to 6 months.
Intervention intensity ranged from no required PA sessions to
daily 30-minute sessions for 12 weeks. Of the 8 studies, 7
focused on short-term outcomes (≤2 months), and 1 focused on
medium-term outcomes (3 to 6 months) [31].
Outcome assessment included objective and subjective
measures. In total, 7 studies used objective assessments of PA,
including accelerometers and pedometers to capture participants’
(children or parents) PA levels [28-30,33-35]. PA was assessed
subjectively in 2 studies [31,32] using parent-reported
questionnaires to interpret PA behaviors. All studies assessing
weight-related outcomes used objective measures [28-30,32,34].
In addition to PA outcomes, several studies included
parent-centered questionnaires related to other targeted
behaviors (eg, sedentary behavior, dietary intake, sleep, screen
time, feeding practices, parent role modeling, self-efficacy,
beverage consumption, and eating behaviors) [28,29,31,32,34].
Child-centered questionnaires were related to enjoyment of
movement, perceived competence, and motor skill competence
[33,35]. Other objective measures included assessments of
cardiovascular fitness, gross motor development, and cognitive
flexibility of the children [33,35].
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PA Outcomes
Positive changes in the PA outcomes of children were reported
in only 2 studies [33,35]. Fu et al [33] documented an increase
of 887 steps via a pedometer among children receiving the
intervention compared to the control group, whereas Gao et al
[35] demonstrated significant increases in the MVPA time via
an accelerometer at the end of the intervention (ie, an increase
of 4 minutes per day for the treatment group and a decrease of
2 minutes per day for the control group). Both studies reflect
short-term, school-based, child-directed approaches with the
intervention centered on providing direct opportunities for PA
through exergaming (eg, GoNoodle and Wii Fit).

Weight-Related Outcomes
None of the 5 studies examining children’s weight-related
outcomes demonstrated significant effects [28-30,32].

Other Health Outcomes

Use of Theory and Implementation Outcomes
Multimedia Appendix 3 presents the theory applied by each
study and the implementation outcomes assessed. The most
commonly used behavioral theory was social cognitive theory
(n=3) [28,29,31]. Other theories included the actor-partner
interdependence
model
[34]
and
the
information-motivation-behavior model [32]. Further, 3 studies
did not report the explicit use of theories [30,33,35]. No clear
patterns of effectiveness were identified based on the application
of theory.
No studies reported on the implementation outcomes of
adoption, cost, penetration, or sustainability; 1 study did not
assess any implementation outcomes [33], and no single study
reported on more than 2 implementation outcomes. Studies
measured the implementation outcome of acceptability most
frequently (n=4), with measures including self-developed
surveys [28,34], interviews with participants [32,34], and data
from the technology platforms (eg, frequency and duration of
use) [31]. The 2 studies with ratings of strong overall quality
only examined the implementation outcome of acceptability
[28,29]. Researchers assessed fidelity in 3 studies, with 2
monitoring fidelity through observing intervention sessions and
completing self-developed checklists [30,35], and 1 study
assessed fidelity through a user-completed survey at the end of
the intervention [31]. Researchers captured indicators of
feasibility and appropriateness in 2 studies. Appropriateness
assessments were paired with questions about acceptability in
both studies; 1 study focused on the appropriateness of specific
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intervention aspects (eg, length) through a user-completed
survey at the end of the intervention [28], and the other assessed
cultural appropriateness in focus groups (preintervention) and
interviews (postintervention) [32]. The lack of data on
implementation outcomes precludes the ability to link efficacy
and implementation outcomes.

Discussion
Principal Findings
Prior reviews have shown the value of digital platforms for
improving PA-related outcomes in children aged 6 to 12 years
[36], adolescents [37], adults [38,39], and older adults [40]; this
study sought to determine if similar documented effects exist
for children aged 3 to 5 years. Of the 8 studies identified, all
were published in the last 6 years with 2 studies showing
positive effects on PA in children and only 2 demonstrating a
strong quality and low risk of bias (neither of which showed
PA effects). Studies measuring implementation outcomes most
frequently assessed indicators of acceptability; however,
implementation outcomes were not a prominent focus of the
studies included. In addition, although most studies applied a
theoretical framework, no clear patterns were noted based on
use of theory. These findings illustrate the early stages of
exploration in this scientific area and the opportunity to conduct
future studies that are more rigorous in their design. With such
a low number of studies showing changes in activity for
children, our ability to examine shared features and patterns
was limited.
Based on the limited number of studies showing improved PA
in preschool children, common patterns in the effective studies
are tentatively noted. Notably, the studies showing effective
interventions used child-centered activities (exergaming) in
schools; the exergames used in these studies were commercially
available (ie, no new intervention or technology was developed).
A narrative review noted the strengths of exergaming, including
its adaptability, customizability, and scalability for reaching
children and adolescents; weaknesses include the lack of
sustained engagement over time and costs of development [20].
As technology evolves, it is imperative to understand the
attributes of effective child-centered digital activities, such as
exergaming, and how other digital platforms (mobile apps,
virtual reality, and web-based games) can replicate these
outcomes.
Given the limited number of studies in this nascent area of
research, this review is more useful to highlight gaps for future
work and identify the features of ineffective studies. First,
studies aimed at parent education without direct intervention
for children did not show desired increases in PA. This finding
contradicts a recent review on technology-based and
parent-targeted tools for improving nutrition outcomes in
children that found positive effects in 10 out of 11 studies [41].
This difference suggests that parents’ gatekeeping behaviors
may have a more direct influence on children’s dietary intake
than movement habits; engaging parents and children in PA
may better support change in this area. Debates about the value
of engaging parents versus parent-child dyads or children alone
is not new to intervention research. Understanding the effects
https://www.jmir.org/2022/1/e28230
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of the bidirectional relationship between parents and children,
particularly the mutual influence of parenting behaviors and
children’s outcomes in early childhood, has the potential to
enhance the development of digital interventions and their
positioning to target audiences [42]. None of the interventions
reviewed herein engaged children and parents through the same
intervention for mutual increase in PA; this remains an area for
future research. Recent formative research suggests that parents
are open to the use of digital applications to support such an
approach [3].
A second feature of the ineffective studies was the use of
subjective measures. Although only 2 studies used subjective
measures of PA, they did not show changes after intervention.
This finding may suggest the superiority of objective measures
of PA for identifying intervention-induced changes, consistent
with prior reviews that advocate for standardized accelerometer
evaluation in PA interventions [43] with young children.
Objective measures may also be more suitable to capture the
sporadic short bursts of movement, which tend to typify PA in
early childhood and can be missed with subjective assessments.
Nevertheless, objective measures do not capture PA and
parenting styles, environmental conditions or stimuli, or PA
behaviors and patterns of other family members, all of which
can impact PA in young children.
Lastly, studies that addressed multiple outcome targets (ie, PA
and nutrition) and modalities (websites + face-to-face
interventions) did not have clear advantages. This is in contrast
to a review of studies regarding the effects of mobile apps on
health outcomes across age groups, which showed that
multimodality studies had greater effects [44]. The lack of this
documented advantage in our review may be due to the limited
number of studies and the lack of high-quality studies without
bias. Future intervention work should consider exploring the
impact of individual intervention components versus the
intervention as a whole. This would provide insights into how
digital modalities are influencing or driving intervention
outcomes.
The most significant findings of this review lie in highlighting
opportunities for further work in this area related to the quality
of the studies, intervention strategies, and inclusion of
implementation outcomes. Except for 1 study, the rest had
samples sizes less than 100; future work can expand the size
and diversity of samples to understand the different settings and
circumstances in which technology will work to increase PA
in children (ie, evaluate mediators and moderators). Only 1
study assessed outcomes after 6 months postintervention. Future
work should extend the time of follow-up used in prior studies,
which have noted that technology-based intervention effects
may not be long-lasting. Such a study is in progress that will
examine the effects of a mobile app on children’s activity’s
levels over 24 weeks [45].
Regarding the use of digital platforms as an intervention strategy
for young children, prior studies have raised concerns that digital
platforms may undermine traditional forms of exercise and
contribute to excessive screen time in children [46]. Future work
must examine if this is true. Conversely, young children who
are active in using technology may increase activity in their
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daily routines (beyond technology time); this means technology
time displaces other screen time rather than increasing it. These
outcomes were not assessed in the studies presented in this
report. Digital interventions have the potential to reach children
and families with PA interventions in areas where structured,
face-to-face programs are limited [23].
Combined with the inconsistent collection of implementation
outcomes, studies failing to find effects may be unable to
distinguish failure of the intervention from failure of the study
design or from failure of implementation. Work beyond
assessing acceptability (after feasibility is established) will be
needed to provide better understanding of the implementation
process for using technology to target young children for
improving PA. As digitally based interventions are integrated
into existing systems (eg, childcare, schools, and homes), the
implementation outcomes missing in these studies will become
particularly important (ie, adoption, cost, penetration, and
sustainment). Further, future interventions could benefit from
assessing the adoption rates by participant characteristics, costs
of intervention delivery to inform future scalability, and
sustained use of digital strategies beyond research study contexts
[37].
The key limitation of this report is the lack of conclusive
statements about digitally based PA interventions due to the
emerging nature of the field. This is reflected in the low number
and limited quality of prior studies in this area to date. Further,
our review included only peer-reviewed full-text and English
language publications; other unpublished and non-English
research papers may exist on this topic. These factors limited
the conclusions that could be drawn from this review. The
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strengths of our work include the systematic approach, use of
the most updated guidelines on completion of systematic
reviews; assessment of study quality, bias, and strength of the
evidence; and high agreement levels between the reviewers.

Conclusions
Across a range of physical health, psychological health, and
cognitive development aspects, PA has been associated with
positive outcomes for young children. Effective and scalable
intervention methods are needed to help children achieve the
recommended levels of PA and movement during their preschool
years. This review suggests that interventions involving
child-centered approaches may be the most promising for
increasing PA in children. Specifically, commercial products
packaged for delivery as PA interventions in schools used in 2
studies had significant effects on PA according to this review.
This indicates opportunities to develop new digitally based
interventions that are designed considering the needs of young
users and their families. Although this review demonstrates that
digital platforms are promising to a certain extent for achieving
increased PA in children, there are numerous gaps in the current
evidence. Further research using rigorous designs to achieve
high study quality and minimize bias, monitoring
implementation outcomes, and distinguishing the contributions
of digital components from other intervention components will
advance the understanding of the effectiveness of interventions
and their potential to be implemented more broadly (versus
those with characteristics limiting implementability).
Additionally, future research focus should be on rigorous study
designs involving diverse populations engaged in interventions
delivered to the family and children that include objectively
measured PA levels as primary or secondary outcomes.
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Abstract
Background: Metadata are created to describe the corresponding data in a detailed and unambiguous way and is used for various
applications in different research areas, for example, data identification and classification. However, a clear definition of metadata
is crucial for further use. Unfortunately, extensive experience with the processing and management of metadata has shown that
the term “metadata” and its use is not always unambiguous.
Objective: This study aimed to understand the definition of metadata and the challenges resulting from metadata reuse.
Methods: A systematic literature search was performed in this study following the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines for reporting on systematic reviews. Five research questions were identified
to streamline the review process, addressing metadata characteristics, metadata standards, use cases, and problems encountered.
This review was preceded by a harmonization process to achieve a general understanding of the terms used.
Results: The harmonization process resulted in a clear set of definitions for metadata processing focusing on data integration.
The following literature review was conducted by 10 reviewers with different backgrounds and using the harmonized definitions.
This study included 81 peer-reviewed papers from the last decade after applying various filtering steps to identify the most relevant
papers. The 5 research questions could be answered, resulting in a broad overview of the standards, use cases, problems, and
corresponding solutions for the application of metadata in different research areas.
Conclusions: Metadata can be a powerful tool for identifying, describing, and processing information, but its meaningful creation
is costly and challenging. This review process uncovered many standards, use cases, problems, and solutions for dealing with
metadata. The presented harmonized definitions and the new schema have the potential to improve the classification and generation
of metadata by creating a shared understanding of metadata and its context.
(J Med Internet Res 2022;24(1):e25440) doi:10.2196/25440
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Introduction

Methods

Computer-aided medicine is revolutionizing health care and is
creating treatment possibilities that are unimaginable without
computer assistance: personalized medicine, improved
diagnostics by artificial intelligence, and robot-assisted surgery.
An immense amount of data fuels this digital revolution, and it
is desperately needed for specialized procedures to be developed
and optimized. This information is primarily created to
document patient care for legal or financial purposes [1] and is
often stored in silos [2], consequently making it hard to reach
and impossible to reuse. Owing to the missing exchange, data
formats will differ, creating data heterogeneity, which is a
well-discussed issue in computer science [3]. Metadata can
support the integration of heterogeneous data sources to achieve
a valid and meaningful data fusion, enabling a comprehensible
reuse of the stored medical information [4]. Metadata are created
for a detailed and unique description of the corresponding data.
It serves various use cases in different research areas, for
example, data identification, classification, retrieval, and data
set validation. The unambiguous and precise definition of
metadata is crucial and is increasingly becoming a focus of
active research. An important aspect of the research is the
proposed findability, accessibility, interoperability, and
reusability principles by Wilkinson et al [5], which are clear
guidelines for the association of data and metadata. However,
from current experiences, the definition of the term “metadata”
is far from clear and very nonuniformly applied in everyday
life. The problem is the variety of definitions, formats, standards,
and contexts, which leads to a vague understanding of the actual
metadata itself. The harmonization aspect, which was intended
to be solved by using metadata, resulted in another form of
heterogeneity instead of a solution for missing interoperability.
It appears that domain experts providing clinical metadata and
metadata experts have different definitions and boundaries of
2 central metadata concepts: the definition of the metadata itself
and metadata composition (like matching, mapping, and
transformation). To our knowledge, there exists no analysis on
these concepts found in the current literature. To close this
knowledge gap, we performed an expert review using the
literature from the last decade. The review’s focus and the
proposed research questions were driven by the issues and
misunderstanding experiences on a daily basis in our
intersectoral projects. Thus, a precisely defined harmonized
understanding of the term “metadata” would therefore be
indispensable for current and future developments in all aspects
of data integration. To ensure a wide definition of metadata,
various research fields (including social science, geography,
and bibliography) were investigated for metadata applications,
focusing on the described problems, provided solutions, and
their transferability to the field of medical informatics.

Design
The systematic literature review performed in this study was
done following the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines for reporting
systematic reviews. A harmonization process preceded the
review to gain a general understanding of the used terms.

Harmonization Process for Quality Assurance of the
Review
This review was performed by 10 reviewers with expertise in
medical informatics and technical and semantic interoperability
[6] of medical metadata. All reviewers had different professional
backgrounds: physicians, medical computer scientists with
different technical expertise, and metadata curators. Initially,
we recognized a missing general use of the technical terms in
the field of metadata. Therefore, to guarantee a consistent
understanding of the terms among the experts and to minimize
the misinterpretation and misclassification during the analysis
process, the actual review was preceded by a harmonization
process resulting in a joint agreement on the definitions of
metadata matching, mapping, and transformation. A
questionnaire was created containing 5 questions and tasks
concerning the scientific background in metadata, classifications
of metadata processing, and their potential for automation and
the definitions of metadata matching, mapping, and
transformation.

Systematic Review
The PRISMA guidelines were applied in the systematic review
as a de facto standard [7]. The process started by defining
distinct and clear research questions that should be answered
by the literature review. Daily work with metadata for clinical
data integration has shown that there is no clear understanding
of metadata and its potential applications by the users and
experts. As an example, matching can be understood in various
ways. Metadata matches to instance data [8] or to semantic
attributes [9] or other metadata [10]. The general understanding
is ambiguous. Therefore, our study aimed to explore to find an
acceptable definition of metadata (Q1) and, with our operational
focus on data integration, definitions for metadata processing
(Q2) to enhance our daily operational tasks. In addition, we
aimed to provide an overview of the variety of metadata
standards used (Q3) and the generation of metadata in other
research domains (Q4) to understand the issues involved and
how they are solved (Q5). Thus, the focus questions were as
follows:
Q1: How is the term “metadata” defined in different research
fields?
Q2: How are the terms “metadata matching” and “metadata
mapping” defined?
Q3: Which standards concerning metadata are in use?
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Q4: How are metadata created in other research fields?
Q5: What are the current problems regarding the use of
metadata, and which solutions are mentioned?

Data Sources and Search Criteria
The review and its results were based on extensive literature
analysis; therefore, the selected literature was extremely
important to the results. In this review, Scopus and Web of
Science was used. The selection phase was 2-fold: in the first
step, the very general keyword “metadata” was used to obtain
a wide variety of publications. The search query was restricted
to include only journal papers, conference proceedings, and
book chapters from the last 10 years (2010-2019). About 11.6%
(2453/21,161) of the resulting papers were randomly selected
and then analyzed by title and abstract to identify papers within
the scope of the research questions. Potential publications that
were of uncertain use were included at this stage to prevent
hasty exclusion. The keywords of suitable papers were used in
the second step of the literature search for the full-text analysis.
The papers of the second literature query were analyzed by titles
and abstracts again to match the research questions for inclusion
in the full-text analysis.

Review Process
Each of the 81 papers was reviewed by the first author and 2
randomly assigned reviewers, resulting in 3 independent
interpretations per paper. To standardize the review process, a
survey form with 8 questions was created: 6 questions
corresponding to the research focus and 2 questions to gain
additional information about the selected literature. The main
questions focused on the metadata definitions (Q1), scoping
metadata matching, mapping, and transformation (Q2), used
standards (Q3), applied use cases (Q4), encountered problems,
and the corresponding solutions (Q5). The additional questions
covered the research field from which the paper originated and
which type of metadata is described. For the categorization of
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the metadata types, a classification published by the National
Information Standards Organization (NISO) [11] was used,
which should help to classify metadata into the introduced
categories better. This classification introduced 3 different types:
•
•
•

descriptive metadata describe a resource for discovery and
identification purposes,
structural metadata describe the schema, data models, and
reference data, and
administrative metadata provide information about the
management of a resource.

To illustrate the classification, consider this example: a book
can be described using 3 different types of metadata. Author,
title, and preface are examples for descriptive information,
whereas the arrangement in chapters and page ordering is
structural metadata. Information about the publication date and
copyright information is classified as administrative metadata.
The review process was open for 8 weeks. The results were
gathered and analyzed by the first author and verified by the
reviewers to produce a joint agreement on the final results. Both
survey forms and the review results can be found in Multimedia
Appendix 1 and Multimedia Appendix 2.

Results
Harmonized Definitions for Metadata Processing
Ten reviewers participated in the harmonization process. The
reviewers categorized 6 metadata processing tasks concerning
the use case of metadata-driven data integration as matching,
mapping, or transformation. Furthermore, the reviewers assessed
to which degree the metadata processing tasks can be automated.
The results showed a strong agreement on every task shown in
Figure 1, except for the fifth task, “validation of conversion
rules.” The classification “transformation” was agreed upon for
conformity. Based on the results, the agreed definition for the
3 terms was created in a consensus of all 10 reviewers.

Figure 1. Reviewers' categorization of the tasks of a metadata-driven data integration process. Red: matching; yellow: mapping; and blue: transformation.

Matching
The matching process describes the alignment of given data
structures or metadata and creates an alignment proposal
between the individual data elements. These matching
candidates can be created by domain experts or matching
algorithms by using equivalence classes (eg, equivalent,
narrower, broader).

Mapping
In the mapping process, a domain expert uses the proposals of
the matching process to define functions or uses external rule
sets (eg, Unified Code for Units of Measure) to transform the
https://www.jmir.org/2022/1/e25440
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source data structure into a target data structure. The conversion
functions are not necessarily symmetrical.

Transformation
The transformation process combines metadata and instance
data. It uses the conversion rules defined in the mapping process
to transform instance data according to the target data structure.

Systematic Review
The first inquiry with the general keyword “metadata” was
performed in mid-December 2019 and resulted in 23,233
papers—21,161 after duplication removal. Approximately 11.6%
(2453/21,161) of the documents were randomly selected,
resulting in 2453 publications whose titles and abstracts were
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analyzed by the first author. The keywords of the relevant papers
extended the search phrase to metadata definition, metadata
matching, metadata mapping, and metadata transformation. The
literature search was repeated in February 2020 using the
extended search phrase in the second phase, resulting in 681
papers and 551 papers after removing the duplicated entries.
The titles and abstracts were analyzed to match the scope by
the first author, and 81 papers were selected for the full-text
analysis (Figure 2). The papers were distributed across different
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disciplines: medical informatics (41papers), bibliography (10
papers), bioinformatics (8 papers), informatics (8 papers), social
science (8 papers), geography (4 papers), neuroinformatics (1
paper), energy informatics (1 paper), and chemistry (1 paper).
The review process was open for 8 weeks. The completed
PRISMA checklist can be found as Multimedia Appendix 3.
The results were gathered and analyzed by the first author and
then discussed and approved by the reviewers.

Figure 2. The process for literature selection in 2 search phases with different keyword sets. Two separate literature inquiries were performed: the first
inquiry aimed at identifying suitable keywords for the second literature inquiry, which provided papers for the full-text analysis.

Definition and Classification of Metadata
Guerra et al [12] stated that “metadata is an overloaded term in
computer science and can be interpreted differently according
to the context.” The literature review confirmed this ideology,
and the selected publications offered a variety of definitions.
However, the general notion was that metadata is a formal
representation of data that defines and describes information in
a (preferable) standardized and stable way [13,14]. Various
characteristics of this metadata definition were extracted from
the publications:
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•

•
•
•

•
•

Small atomic units describing and constraining a specific
object (table fields, attributes of form questions, records)
[15]
Describes data type, range, or set of possible values [16,17]
Single units can be composed into complex elements [18]
Single units are often called Data Element following the
International Organization for Standardization (ISO) 11179
[19]
Metadata can have bindings to terminologies, controlled
vocabularies, and taxonomies [20,21]
Metadata repositories or data dictionaries are used
synonymously and store metadata centrally [16,22-24]
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•

Separation of content information from layout information
[17]
Detailed machine-readable and actionable descriptions to
enable data processing without human guidance [10,25]

•

The NISO classification task showed that the majority of the
papers were classified as structural or descriptive—papers with
a pure focus on administrative metadata were a minority in the
selected publications, as shown in Figure 3. The categorization
of metadata according to the NISO has been described
extensively elsewhere [26-29], but different definition schemes
have also been encountered. Chu et al [30] introduced the
separation of metadata with and without dependencies on the
context. An important discriminator here is that some metadata
capture information that is not dependent on the data.
Context-independent metadata could describe more technical,
provenance-specific records, whereas context-aware metadata
could define the records descriptively to improve identification.
The study from Grewe et al [31] described a new concept to
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annotate neurophysiological reports to capture as many
annotations as possible. Therefore, the authors differed between
hard and soft metadata. Parameters and information that could
be directly measured (eg, temperature or timestamps) and
assessed were called hard, whereas the reason of the experiment,
the context information, and experiment rationale were labeled
as soft metadata. Li et al [32] designed a data management
system for a maritime observatory network and distinguished
between 4 different metadata types: data quality information
to ensure data reliability, reference system information to capture
temporal and regional reference data, maintenance information
to display updates and lifecycles, and identification data, which
was the only mandatory type. A different categorization
approach was chosen by Zozus and Bonner [33], which selected
the described entity: record-level or data value–level metadata.
This approach is particularly interesting for clinical studies, as
the description at the value level, that is, the individual question
fields in a study, is more conclusive than just a general
description of the study.

Figure 3. The distribution of the publications included in this review. The categories were letter-encoded: A is structural, B is descriptive, and C is
administrative, as well as their resulting combination. Structural (40%) and descriptive (39%) papers were clearly in the majority, while administrative
(14%) papers were rarely found. Lastly, 6% of the papers could not be clearly classified.

Definitions of Matching, Mapping, and Transformation
Besides descriptions of metadata representations, some authors
stated their understanding of metadata matching and mapping.
Ashish et al [16] defined mapping as a one-to-one relationship
across 2 data elements and a set of matching candidates as a
suggestion window. Rebaï et al [34] described that mapping is
a semantic correspondence relation between 2 metadata
schemes, which have been identified in a schema matching
process. Mate et al [35] shared this definition and considers
mapping candidates as the result of a matching process. If a

human expert approved the relation, a mapping candidate would
become a mapping. In the study from Bernstein et al [36], a
new differentiation was introduced: explicit and inferred
mappings. An explicit or rather direct mapping was created
between 2 metadata elements, whereas an inferred mapping
used explicit mapping to create new relations like a metadata
crosswalk [37]. Definitions of transformation were not found
in the reviewed papers except in papers in which the reviewer
coauthored [35,38]. The Fleiss kappa was calculated [39] for
classification on the processing task to evaluate the interrater
reliability, as seen in Table 1.

Table 1. The Fleiss kappa values to evaluate the interrater reliability of the classification task. Values between 0.00-0.20 are classified as slight agreement
and values between 0.21-0.40 as fair agreement [39].
Task

Fleiss kappa

Metadata processing task
Matching

Mapping

Transformation

0.13175743

0.22358548

0.29233227

Used Metadata Standards
This review served to obtain insights into the standards and core
data sets used. The assessments resulted in 37 relevant standards
mentioned and used in the selected publications. The identified
https://www.jmir.org/2022/1/e25440
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standards were grouped afterward into 3 categories following
the levels of interoperability [40] for better oversight:
•

Structure standards: ISO 11179, ISO 15926, ISO 19101,
ISO 19763, ISO 20943, ISO 21526, ISO 23081, openEHR,
CDISC ODM, OMOP, IHE DEX, Dublin Core, ASTM
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•
•

CCR, CaDSR, EAD, GILS, VRA, CIMI, CSDGM, ONIX,
MARC, TMA DES, EXIF, INSPIRE, SKOS, DCAT, W3C
PROV
Technical standards: XML, RDF, OWL, JSON-LD, ClaML
Semantic standards: ICD-10, UMLS, SNOMED CT,
LOINC, MedDRA, RxNorm.

Use Cases
Metadata are used for various use cases. The papers included
in this review showed that metadata were mainly used for 4
tasks: information retrieval (21 papers), data integration (19
papers), core data set definition (10 papers), and the secondary
use of data (7 papers). For information retrieval, metadata,
especially semantic annotations, were used to improve
query-based machine processing. Owing to a broader range of
information descriptions, queries can be more accurately
matched and thus, return more optional results. The processes
of data integration and core data set definition used metadata
to describe and harmonize the underlying schema, which can
be used for secondary use of (eg, clinical) data. Further
encountered use cases were an automatic data quality check
[25,41] or ontology generation [42].

Problems and the Proposed Solutions
The reviewed papers addressed several problems regarding the
processing and the use of metadata in different research fields
and introduced solutions with new approaches to overcome
obstacles. On analyzing the papers upon with described issues,
we identified 5 problem categories: (1) structural-related
problems, (2) semantics-related problems, (3) human
interaction–related problems, (4) metadata lifecycle–related
problems, and (5) metadata processing–related problems.

Structural-Related Problems
According to our review, the largest group of problems were
structural-related issues. The authors of the reviewed papers
described a lack of standard usage. They criticized a limited or
confusingly extensive selection of suitable standards [41,42].
This affected the complexity of metadata [21] and data quality
[36], which led to the underutilization of metadata [36]. The
absence of standards and thus, their nonuse created several
problems: metadata were heterogeneous in structure and format
and contained bad or missing descriptions, preventing the
understanding of existing metadata and resulting in low quality
[43,44]. Using different units or precision for quantitative
measurements complicated the usage [27], and the
heterogeneous formats prevented machine readability, which
therefore worsened the identification [45,46], accessibility [47],
retrieval [31], and validation [26]. However, it must be
emphasized that even the constant usage of standards did not
avoid heterogeneity. Current standards have no extensibility
functions to be future-proof [30] nor provide modularity to
compose metadata blocks from different standards [48]. The
commonly used standard ISO 11179 was no exception
concerning those problems: missing hierarchical or temporal
dependencies [13] and missing structural [49,50] or semantic
extensions [51,52]. Several improvements concerning structural
issues were found in the review: reducing ISO 11179 entities
to streamline and improve ease-to-use [49], reconstructing the
https://www.jmir.org/2022/1/e25440
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base models [53], or establishing a supermodel integrating all
proprietary extensions and adaptions of the ISO 11179 [50]. A
vast selection of standards was not conducive and foments
metadata heterogeneity [22]. A good example is the field of
bibliography, which has too many competing standards [54].
A possible way out of this standard jungle would be to reduce
their amount by only using standards accepted by the research
community [17] or reusing existing and validated data elements
and definitions [25,55]. If no standards were suitable or the
current method for defining standards was no longer appropriate,
a new conceptual approach may help. Instead of creating new
standards, Woodley [37] encouraged more investment in more
effort in model agreement and model reconciliation. Corradi et
al [18] described the use of an event-driven model to tackle the
missing extensibility. Grewe et al [31] proposed a generic
metamodel approach based on 5 characteristics: extensibility,
modularity, refinements, multilingualism, and machine
processability.

Semantics-Related Problems
Semantics is a big enabler for (meta)data reuse, and therefore,
according to the literature, the lack of semantics was a difficult
obstacle to overcome. A general problem related to every
standardized data capture was the free-text elements [56].
Metadata elements also contained descriptions and definitions
to understand the purpose of the items, but these included
synonyms and spelling variations or naming conflicts [44],
causing a data discrepancy problem if such data were shared.
A viable solution was adding semantic codes to the
corresponding data elements, which represented a deeper
semantic understanding. Eichenlaub et al [44] assumed that de
facto standard thesauri from research fields—in the authors’
case fashion—did not cover (commonly) used terms, or the use
of proprietary codes cause semantic heterogeneity [17]. The
reviewed papers proposed a better annotation process, which a
domain expert or natural language processing tools [23] should
execute, supplemented by postcoordination and an expert review
to ensure consistent encoding [57]. An essential addition would
be the access and reuse of approved semantic annotations
[20,58] or mapping property codes to standardized vocabularies
[56].
The reviewed literature described another possible solution: the
use of ontologies [15,59]. However, a problem with this
approach was that an ontology must be created [60] or
automatically constructed to match the instance data [61]. The
reuse of existing ontologies and adaption to the custom
requirements was likely a better and more adaptable choice
[15]. However, problems arose when reusing ontologies owing
to the metadata’s necessary conformity with the ontology
structure [62].

Human Interaction–Related Problems
The collaboration was described as an essential aspect
mentioned in the reviewed papers from each research field.
Sharing and discussing the created information was not only an
opportunity to improve the designed data but a necessary step
to overcome the hurdles of misinterpretation [48]. Human
involvement was time- and resource-consuming owing to
unfamiliar or complicated software, which resulted in a low
J Med Internet Res 2022 | vol. 24 | iss. 1 | e25440 | p.166
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level of user acceptance [17]. Thus, metadata models or the
corresponding software [63] were too complicated for health
care professionals without certain necessary information
technology skills [32] and therefore rarely used. In addition to
the technical issues, the problem extended to the conceptual
level: the model would not be clearly comprehensible if the
stakeholder, users, and organizations slightly deviated in their
understanding of the use cases [44]. As Varghese et al [55] aptly
noted, simple disagreements about modeling decisions led to
inadequate models. A tight feedback loop was recommended
between users and the metadata curator to match the expected
outcomes and a shared understanding of the metadata elements
[44,64]. For example, extending metadata vocabularies with
natural definitions would help to support the end users [64].
Nevertheless, vocabularies should be created with simplicity in
mind and sufficiency instead of exhaustive description [65] as
well as tooling. In the reviewed papers, 2 solutions were
proposed. One approach stated that improved tools would enable
medical experts for data modeling and a direct quality validation
[17]. The second approach was to divide the work: the domain
experts could deliver the knowledge, and metadata professionals
would compose metadata in consultation, resulting in excellent
and reusable metadata [66].

Metadata Lifecycle–Related Problems
Another vital issue is the divergence of data and the
corresponding metadata [14]: data did not match the metadata
and thus was not fit for reuse. The reasons for this were diverse:
the lack of transparency of the (meta)data origin [47] or the
boundary between data and metadata was unclear or rather a
matter of changed perspective [28]. A viable approach was the
extraction of metadata from the primary information technology
systems and to populate it directly [23]. However, distributed
metadata could vary across multiple data sources [67], and
duplicates yielded the risk of staleness, particularly if the
information was out-of-sync due to the extensive costs of
metadata maintenance [51]. The reviewed publications state
various measures that could be used against metadata staleness:
continuous adaption and curation of metadata [43], tracking of
changes during the metadata creation process [68], maintaining
linkage information about provenance [69], and establishing a
metadata lifecycle model [54]. Vos et al [70] pointed out a
decisive circumstance: there is no current standard for archiving
and preservation to cover the entire metadata lifecycle. However,
especially archiving metadata was also the key to the reuse of
archived data. Without the corresponding and descriptive
metadata, the data would be difficult to reuse. Shean and
Greninger [71] described that clinical metadata could even raise
data privacy problems. Metadata may be used to infer other
privacy-sensitive information. For example, metadata describing
the parameter set specific for a HIV test connected to a particular
patient could reveal the suspected disease and the diagnostic
procedure to clarify the circumstances. Therefore, metadata
should be considered to be anonymized before sharing to avoid
data privacy concerns.

Metadata Processing–Related Problems
Metadata are often used for data harmonization to reduce labor.
However, the process of metadata harmonization was usually
https://www.jmir.org/2022/1/e25440
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performed manually [16], which was incredibly time- and
resource-intensive [23]. Fortunately, the information was often
machine-actionable, and therefore, automatic processing,
especially matching and mapping, was possible. However, our
literature review revealed known hurdles even before the
metadata could be processed: heterogeneous metadata interfaces
caused a siloization [72], which resulted in the impediment of
metadata acquisition and reuse. If the information could be
accessed, the processing also had problems: automatic matching
from a broader to a more detailed level was nearly impossible
[20], and if the matching results were promising, an automated
mapping without human interaction was complicated or rather
infeasible [16,24]. A stark problem resided in the fact that to
improve the algorithms, more data for testing would be
necessary, which were often challenging to obtain [38].
Moreover, the final merging of the data sets was also
problematic: mappings could be ambiguous [29], the
corresponding elements differed in the obligation level [73], or
the proposed mapping had flaws and therefore, could cause
information misinterpretation [53]. The reviewed papers
proposed focusing on improving schema matching to enable a
broader understanding of schemes [26]. The use of lexical and
statistical methods would be enough for the matching process,
and thus, the manual mapping afterward [38,57] would be
indispensable to achieve adequate results. The matching could
be refined with the use of unsupervised text mining techniques
to calculate similarities between data elements [16]. To
overcome the siloization of metadata, the use of standardized
metadata search interfaces should be promoted and advanced,
as shown by expanding Open Archives Initiative Protocol for
Metadata Harvesting [74].

Discussion
Principal Results
The aim of this study was to investigate the anatomy of metadata
and point out possible issues by conducting a deep insight into
the recent academic literature in the last decade. It would have
been desirable to extend the period to the previous 20 or even
30 years, but the amount of work would not be justifiable. The
initial search for the actual review was intentionally broad with
the generic key phrase “metadata,” resulting in 21,161 papers
using Scopus and Web of Science. To maintain the general
selection focus and minimize a self-imposed bias,
domain-specific search engines such as PubMed were not used.
Our selection criteria aimed for recent metadata papers with an
emphasis on describing existing data sets to integrate them
meaningfully. Papers dealing exclusively only with (instance)
data or semantic standards were not included to reduce the
immense amount of publications for review and concentrate on
our core research interest. After several filtering steps, the
resulting 81 papers included in the review were mainly from
the field of medical informatics. This might be because metadata
were very relevant to this area of research, and thus, a
considerable amount of work was done in this area.
The papers’ distribution of the metadata categories was
unbalanced: there were hardly any papers with an administrative
orientation in the selected papers. The challenges of
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comprehensible data collection and traceability intensified with
a substantial increase in digitization, and administrative metadata
can be used to support management processes. Intriguingly, this
was apparently not strongly represented in the literature. This
was somewhat surprising since this information would be
indispensable for the documentation of origin and traceability
of data records. It appeared that the field of administrative
metadata, including provenance information, has been massively
underrepresented in the last decade. The use cases found were
in line with our daily experiences: metadata were mainly used
to improve information retrieval and data integration. Another
expected facet was the sheer amount of standards (see the
comparative analysis of Baek and Sugimoto [54]). The multitude
of different standards leads to oversaturation and rejection,
which was an essential insight for medical informatics.
Consequently, awareness of a limited number of supported
standards that are improved and therefore followed by the
community will be an important goal.
Besides the categorization of the NISO schema, other
approaches were encountered. Upon closer inspection, the newly
introduced models had a considerable overlap with the schema,
except for 2 approaches. Chu et al [30] emphasize the focus on
the context, which was not addressed within the NISO schema.
The second approach was presented by Zozus and Bonner [33],
which differentiated the described information by the level of
detail. As the authors stated, especially in clinical trials, the fine
granular definition of the data value level would be desirable.
In contrast to the bibliography, where the entire record was
essential for retrieval, in clinical studies, the question level was
significant and should be defined and constrained as detailed
as possible.
To ensure consistency, a harmonization process preceded our
review. It had to be assured that all participating reviewers had
the same understanding of the definitions. This harmonization
step required additional time and effort but resulted in a joint
set of definitions that could be evaluated during the review. To
evaluate the differences in reviewers’ understandings of these
definitions, the Fleiss kappa was calculated. The results showed
that the reviewers agreed on when metadata are used for
mapping and transformation, although the process of matching
had less agreement between experts. This can be explained by
the partial mixing of the 2 definitions of matching and mapping
in the analyzed publications, resulting in mixed results by the
individual reviewer. The definitions and the differentiation
between matching and mapping were congruent with the
literature.
On the contrary, our understanding of transformation was
divergent from the analyzed papers. Our definition was focusing
on metadata-driven data integration: the usage of metadata for
the transformation of (clinical) instance, whereas the found term
transformation appears to be in the context of transforming the
metadata itself. From this, an insight can be drawn: as a
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reviewer, we were influenced by our perspective on the context
of metadata, and there was no consistent differentiation between
metadata transformation and instance data transformation.
Therefore, our definition could be used as a delimitation to
define the latter field precisely.
A further important insight was the dependence on context and
perspective during the definition and evaluation of metadata,
as Chu et al [30] designed their new model focusing on this
fact. Consistent metadata require a high level of abstraction
during its creation to be generally understood by the users. This
would prevent inconsistent and incorrect (re)use of the metadata
and the corresponding data. A related problem is known from
the field of terminology engineering using different coding
systems for the postcoordination [75]. The context influences
the creation of information and blurs the precise line between
structure and semantics. The information that should be
universally applicable in the first place is affected by an
individual point of view.

A New Schema Architecture of Metadata
Taking the decisive role of the metadata context into account,
we derived a new schema for the classification of components
for rich metadata objects adapting the model of Haslhofer and
Klas [67]. As shown in Figure 4, the new scheme is based on
the identification and separation of the context in terms of
metadata creation. Schema definition, metadata schema, and a
metadata
markup
language
are
context-agnostic.
Representatives of each form the technical and semantic context
in which a metadata object is instantiated. Metadata objects
describe (non)digital objects. An illustration can be seen in
Figure 3. Concerning context, the metadata instance can be
enhanced using annotated semantic descriptors utilizing a
variety of ontologies, terminologies, and coding systems. The
instantiated metadata object can itself take the place of a digital
object and be described in more detail by further metadata. This
chaining mechanism allows a precise description of the highly
networked nature of metadata. Further, chaining allows metadata
from different systems and standards to be represented
collectively in a single chained schema. An example is the
enrichment of instance data with provenance information
describing the origin of the metadata.
The schema definition can specify how metadata models are
constructed. Well-known representatives are the norms ISO
11179 [19], ISO 15926 [76], and ISO 19763 [77]. The metadata
schema describes the metadata objects with every needed
attribute and is mostly the result of metadata harmonization and
core data set creation, for example, Dublin Core or CaDSR.
Metadata markup languages such as XML, RDF, or OWL are
used for the technical description of the defined schema. The
metadata schema and the metadata markup language are
essential for metadata instantiation; the superimposed schema
definition is not obligatory but highly recommended for
comparability and interoperability.
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Figure 4. The building blocks of metadata: schema definition, metadata schema, and markup language are jointly used to instantiate metadata with an
additional semantic descriptor to describe a real-world object.

Limitations
This review showed that the term metadata representation is
used as a synonym to the word definition, which could impact
the analyzed paper selection. Furthermore, the initial paper
selection could be a biased selection since the first author has
a medical informatics background and was looking for a certain
scope known from this. In addition, domain-specific search
engines (such as PubMed) were not used; yet, the majority of
papers were from the field of medical informatics. To avoid this
bias, the initial selection could have been performed by various
reviewers, but the sheer amount of work made this infeasible.
It must also be mentioned that 10 papers were reviewed by only
2 persons because 1 reviewer had time constraints.

Comparison With Prior Work
To our knowledge, there is no comparable systematic review
of metadata processing, which includes the analysis of approved
solutions from other research fields and applicability to the field
of medical informatics. Nevertheless, reviews on metadata have
been carried out. Baek and Sugimoto [54] produced a review,
which was included in our study, on existing metadata standards
used in the bibliography community to identify the most suitable
standard for electronic records. This review was limited to
bibliography standards but gives an impressive overview. Singh
and Bawa [78] analyzed techniques for metadata management
and distribution in a large-scale storage system. This review

focused only on the technical or administrative aspects of
metadata. The newly introduced building block schema was
adapted from Haslhofer and Klas [67], and additionally, the
work from Ngouongo et al [53] must be mentioned. The study
classified existing metadata formats to give a comparative
overview and identify the most suitable candidate for the health
care sector.

Conclusions
Metadata can be a powerful means to identify, describe, and
process information, although its meaningful definition is
challenging and entails significant hurdles. Different
understanding of the same metadata representations is
troublesome and hinders the correct utilization of metadata as
well as the corresponding data instance. Through this work, 10
experts have gone through a consultation phase that ended in
harmonized definitions for metadata in terms of metadata-driven
data integration. This review process discovered many standards,
use cases, problems, and solutions in dealing with metadata,
providing a broad overview of the topic. This summary has led
us to introduce a new schema for the classification of
components for enriched metadata objects, which explicitly
focuses on the creation context of metadata. These harmonized
definitions and the new schema will improve the classification
and creation of metadata by providing a mutual understanding
of the metadata and its context.
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Abstract
Background: Appointment management in the outpatient setting is important for health care organizations, as waits and delays
lead to poor outcomes. Automated patient self-scheduling of outpatient appointments has demonstrable advantages in the form
of patients’ arrival rates, labor savings, patient satisfaction, and more. Despite evidence of the potential benefits of self-scheduling,
the organizational uptake of self-scheduling in health care has been limited.
Objective: The objective of this scoping review is to identify and to catalog existing evidence of the barriers to and facilitators
of self-scheduling for health care organizations.
Methods: A scoping review was conducted by searching 4 databases (PubMed, CINAHL, Business Source Ultimate, and
Scopus) and systematically reviewing peer-reviewed studies. The Consolidated Framework for Implementation Research was
used to catalog the studies.
Results: In total, 30 full-text articles were included in this review. The results demonstrated that self-scheduling initiatives have
increased over time, indicating the broadening appeal of self-scheduling. The body of literature regarding intervention characteristics
is appreciable. Outer setting factors, including national policy, competition, and the response to patients’ needs and technology
access, have played an increasing role in influencing implementation over time. Self-scheduling, compared with using the telephone
to schedule an appointment, was most often cited as a relative advantage. Scholarly pursuit lacked recommendations related to
the framework’s inner setting, characteristics of individuals, and processes as determinants of implementation. Future discoveries
regarding these Consolidated Framework for Implementation Research domains may help detect, categorize, and appreciate
organizational-level barriers to and facilitators of self-scheduling to advance knowledge regarding this solution.
Conclusions: This scoping review cataloged evidence of the existence, advantages, and intervention characteristics of patient
self-scheduling. Automated self-scheduling may offer a solution to health care organizations striving to positively affect access.
Gaps in knowledge regarding the uptake of self-scheduling by health care organizations were identified to inform future research.
(J Med Internet Res 2022;24(1):e28323) doi:10.2196/28323
KEYWORDS
appointment; scheduling; outpatient; ambulatory; online; self-serve; e-book; web-based; automation; patient satisfaction;
self-scheduling; eHealth; digital health; mobile phone

Introduction
Background
Appointment management in the outpatient setting is important
for health care organizations, as waits and delays lead to poor
https://www.jmir.org/2022/1/e28323
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outcomes. The Institute of Medicine has 6 aims for health care
organizations to improve quality [1]. Despite the goal of timely
access to care, the topic of visit timeliness is one of the least
evaluated and understood aspects of care delivery, and there is
little assessment of what drives care timeliness and the potential
approaches for improving this dimension of care [2].
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Appointment wait times and scheduling difficulties can
negatively affect patient satisfaction [3-5], access to care [6],
patient safety [7], and health care use and organizational
reputation [2]. Timely access has a broader impact on the
delivery of cost-effective health care [8] and individuals’
well-being [9]. The association between patient experience and
the perception of quality of care has been demonstrated by
Schneider et al [10]. Reasonable wait times are expected by
patients [11,12].
Outside of health care, other industries with limited resources
have addressed timeliness to service by engaging customers
through self-service. For example, the transportation and
hospitality industries have experienced improvements in
operations [13,14], profitability [15], customer loyalty [16], and
customer wait times [17] via the execution of consumer-based
reservation systems. At present, consumers make reservations
for services from a multitude of non–health care businesses.
However, the adoption of management technologies, such as
the self-scheduling of appointments in health care, has trailed
other industries.

Benefits
There is evidence that automated self-scheduling provides value
and that health care organizations can benefit from it.
Researchers have identified the advantages of automated patient
self-scheduling for health care organizations in the form of labor
savings [18-22], information transparency [23,24], cost reduction
[25], cycle time [26], patient satisfaction [27,28], patient
accountability [29], patient information [30], patient time
savings [31], physician punctuality [32], patient loyalty [23],
and patient attendance [33-37]. Reducing missed appointments
increases a health care organization’s efficiency and the effective
allocation of resources [38]. Automated self-scheduling
eliminates the barriers inherent in the fixed capacity of phone
lines and scheduling staff [39].
Health care organizations are faced with the need to increase
access to accommodate patients’ changing expectations [40,41].
Self-scheduling may offer the convenience that patients seek
[42,43]. Countries in Europe [44], England [19,34], Canada
[36], Australia [45], and the United States [23], have established
health technology initiatives at the national level. Nigeria [20],
India [30], Taiwan [22], the Philippines [26], and Iraq and the
Kurdistan region [46] have determined that self-scheduling may
serve as a better alternative to obtaining an appointment as
opposed to the traditional process of accessing outpatient care
by physically standing in line. In Iran [47] and China [24,48,49],
hospitals are mandated to provide the capability, in part, to
address the problems associated with in-person queues for
appointments. In Estonia, this functionality is built into the
national system [50]. The benefits of self-scheduling may not
be realized by persons in low- and middle-income countries,
where many patients report negative experiences related to poor
communication, short visits, or lengthy waits [51].
Self-scheduling may be perceived as elusive or ineffective, with
patients preferring to physically wait in line to combat
inefficiencies. This may not be a malfunction of the
technological solution but rather a result of low- and
middle-income countries’ failure to address socioeconomic
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disparities that have eroded patients’ confidence in the health
care system [52].

Adoption
Despite evidence of the potential benefits of self-scheduling,
the organizational uptake of self-scheduling in health care has
been limited. The lack of adoption may be a result of several
factors examined in other studies of technology adoption,
including the absence of financial incentives for the organization
[53], cost [54], leadership [55], and policy and regulations [56].
Health care providers have expressed reluctance about
self-scheduling based on cost, flexibility, safety, and integrity;
patients cited concerns based on their prior experience with
computers and the internet, as well as communication
preferences [21]. Organizations may be reacting to patient
hesitancy. Despite the infusion of technology in daily living,
patients exhibit reluctance to automation in health care, citing
concerns about accuracy, security, and the lack of empathy
compared with human interactions [57].
There is a small body of literature regarding organizational
barriers to the adoption of automated self-scheduling in popular
literature. A practicing physician, informaticist, and the founder
of a software company that offered self-scheduling products,
Dr Jonathan Teich, revealed the following to the American
Medical News in 2004 [58]:
Before
you
can
successfully
implement
self-scheduling, you have to implement “Mabel.”
Mabel is the generic scheduling administrator who
has been working for Dr. Smith for 35 years, and
knows a thousand nuances and idiosyncrasies and
preferences that have been silently established over
the years...Unfortunately for the computer world, it’s
extremely difficult to find out what Mabel really
knows, let alone try and put it into an algorithm.
Research has demonstrated that physicians’ concerns about
addressing scheduling complexity [58] and preferences [59] are
key factors in scheduling, with physicians expressing a fear of
losing control of their schedules [60-62].
A previous review in this field provided evidence of facilitators
of (no-shows, labor, waiting time, and patient satisfaction) and
barriers to (cost, flexibility, safety, and integrity) automated
self-scheduling [21]. Patients’ expectations regarding their
health care experience, as well as the application, adoption, and
use of health care technology have evolved significantly since
the publication of the systematic review in 2017, thereby
compelling a new review to be performed.

Aim
Against this background, this scoping review seeks to identify
the barriers to and facilitators of self-scheduling for health care
organizations. The scoping review technique was selected based
on a broad research question, the pursuit of identifying content
without judging the quality of the material, and the intention to
perform a qualitative synthesis [63].
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Methods
The five-step process for scoping reviews by Arksey and
O’Malley [64] was deployed for this study: (1) identification
of the research question; (2) identification of relevant studies;
(3) study selection; (4) charting the data; and (5) collating,
summarizing, and reporting the results.

Step 1: Identification of the Research Question
The following research questions guided the review: What are
the barriers to and facilitators of health care organizations’
uptake of automated patient self-scheduling? What are the gaps
in the literature regarding barriers and facilitators?

Step 2: Identification of Relevant Studies
This scoping review was performed by searching electronic
databases according to the PRISMA-S (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses Search)
guidelines [65]. The databases used were PubMed, CINAHL,
Business Source Ultimate, and Scopus. The search strategy was
developed with the assistance of an informaticist specializing
in reviews. The search terms for self-scheduling were developed
by researching titles, keywords, and commonly used phrases in
the relevant literature. The search strategy was initiated on
PubMed using combinations and word variations of key terms
for the scoping review: “self-scheduling,” “automated
scheduling,” “Web-based scheduling,” “e-appointments,”
“online scheduling,” “Internet scheduling,” and “self-serve
scheduling.” Additional terms were integrated using keywords
from articles of interest that were retrieved from a preliminary
search on PubMed. The implementation-related search string
was adapted from a study of barriers and facilitators [66]. The
initial search strategy was referenced against the published
systematic review by Zhao et al [21] to identify supplementary
terms. The search strategies used in the databases are reported
in Multimedia Appendix 1. Articles were identified, screened,
and selected for further review in two stages by the author: titles
and abstracts, followed by the full text.

Step 3: Study Selection
Records were selected if they involved automated patient
self-scheduling. Articles were determined eligible for inclusion
if they discussed the use of self-scheduling by health care
organizations. Peer-reviewed articles, primary research, reviews,
and original studies described in editorials in peer-reviewed
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journals that focused on patient self-scheduling were included.
Only articles published in English were included during study
selection.
For the review, the definition of self-scheduling involves real
time, synchronous booking, and automated fulfillment of
appointments by patients on the web or via a smartphone app
for themselves. Self-scheduling does not include an appointment
by a physician on behalf of a patient, as in the case of a primary
care physician scheduling an appointment with a specialist for
the patient. Furthermore, the definition excludes asynchronous
scheduling transactions that feature the patient initiating a
request for an appointment but not booking it automatically, or
the slot being appointed automatically through a waitlist feature
[67] or a reschedule option [68]. Patients scheduled as research
participants were excluded. The definition excludes
self-scheduling of providers and staff.

Step 4: Charting the Data
A data extraction Microsoft Excel spreadsheet was developed
to systematically record the details of the articles. Charted data
(Multimedia Appendix 2 [5, 18, 19, 21-24, 26, 28, 29, 31-37,
42-45, 47, 48, 69-75]) included article characteristics (author,
year, and country), intervention characteristics (stand-alone or
component, source, introduction, description of design, and
identified need), research design, setting, intervention measures
assessing the impact of self-scheduling, and main results.
Relevant results were extracted from the results section of each
article.

Step 5: Collating, Summarizing, and Reporting the
Results
The scoping review was organized and presented in alignment
with the Consolidated Framework for Implementation Research
(CFIR). The conceptual framework provides guidance for the
research by constructing a standard, evidence-based path for
identifying, organizing, and communicating the dimensions of
barriers and facilitators across organizations to advance the
opportunity for adoption of the study’s findings. The framework
is comprehensive, synthesizing essential constructs from 29
organizational and implementation science theories. Standard
terminology promotes generalizability across disciplines
(Textbox 1) [76].
Thematic analysis was performed to convey the main findings
of the material.
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Textbox 1. Consolidated Framework for Implementation Research domains and constructs.
Intervention characteristics
•

Intervention source

•

Evidence strength and quality

•

Relative advantage

•

Adaptability

•

Trialability

•

Complexity

•

Design quality and packaging

•

Cost

Outer setting
•

Patient needs and resources

•

Cosmopolitanism

•

Peer pressure

•

External policy and incentives

Inner setting
•

Structural characteristics

•

Networks and communications

•

Culture

•

Implementation climate

•

Readiness for implementation

Characteristics of individuals
•

Knowledge and beliefs about the intervention

•

Self-efficacy

•

Individual stage of change

•

Individual identification with organization

•

Other personal attributes

Process
•

Planning

•

Engaging

•

Executing

•

Reflecting and evaluating

Results
Overview
Titles and abstracts were reviewed for 1726 records, with 1604
(92.93%) records being excluded. The full texts of 7.06%
(122/1726) of articles were retrieved and reviewed. In total,
5.33% (92/1726) of studies were excluded because they failed
to meet the inclusion criteria. A total of 1.73% (30/1726) of
studies were included in this scoping review. Figure 1 outlines
the selection methodology using a PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
diagram.
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The countries covered in the review include the United States
[18,28,29,31,33,35,37,43,73,74], Taiwan [22,23,42], England
[19,34,69,72], China [24,48,75], Australia [45,70,71], Canada
[36], Iran [5,32,47], and the Philippines [26]. Another article
included 7 countries in Europe [44]. Table 1 presents the
countries and the number of articles from each. The first article
retrieved for the scoping study was published in 2004 [18], with
≤3 articles each year up to and including 2019. In 2020, 8
articles [22,26,28,29,31,37,72,73] featuring barriers to and
facilitators of automated self-scheduling were published. Table
2 displays the number of articles published by year of
publication.
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) diagram.

Table 1. Country-wise number of articles published (N=30).
Country

Articles, n (%)

United States

10 (33)

England

4 (13)

Taiwan

3 (10)

China

3 (10)

Australia

3 (10)

Iran

3 (10)

Canada

1 (3)

Philippines

1 (3)

7 countries in Europe

1 (3)

Other (review)

1 (3)

https://www.jmir.org/2022/1/e28323

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e28323 | p.179
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Woodcock

Table 2. Articles by year of publication (N=30).
Year

Articles, n (%)

2004

1 (3)

2005

0 (0)

2006

0 (0)

2007

1 (3)

2008

1 (3)

2009

1 (3)

2010

2 (7)

2011

2 (7)

2012

1 (3)

2013

2 (7)

2014

3 (10)

2015

1 (3)

2016

0 (0)

2017

2 (7)

2018

3 (10)

2019

2 (7)

2020

8 (26)

Intervention Characteristics
Intervention Source
Of the 30 articles selected, 4 (13%) articles reported internal
solutions for self-scheduling [28,31,37,73]. In addition to these
studies, 7% (2/30) of articles were included that were published
with a combination of internal and external resources [18,19].
From the 30 articles, 6 (20%) articles featured externally created
interventions, 4 (13%) of which were created by a third party
[35,36,43,72], 1 (3%) by the first author [71], and 1 (3%) by an
unknown source [34]. The remaining articles did not elucidate
the source of the intervention [5,22-24,26,32,42,44,45,47,48,70],
did not feature a specific source [29,33,69,74,75], or represented
a systematic review [21].
In total, of the 30 articles, 9 (30%) [18,19,22,26,32,34,45,48,72]
provided some level of description of the intervention, with 4
(13%) providing only limited characteristics [22,26,34,72].
Most articles [5,18,23,24,26,32-37,43,45,47,48,70,71,73]
featured the self-scheduling intervention as a stand-alone
service, with a minority [19,22,28,29,31,42,44,72,74-76]
including self-scheduling as a component of a larger technology
offering. A systematic review [21] discussed self-scheduling in
both contexts. The literature includes limited information
regarding the source of the intervention. Sources were not cited
as a barrier to or facilitator of implementation. This is evidenced
by the volume of unknown and undescribed sources. The
internally developed solutions, all reported in 2020, may imply
that there is easier access for health care organizations to
implement self-scheduling solutions.
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Evidence Strength and Quality
The measurement of outcomes was a prominent element of the
articles; however, the strength and quality of evidence was not
presented as a determinant in the implementation of
self-scheduling by the organization. The systematic review
concluded that researchers demonstrated a reduced no-show
rate, decreased staff labor, decreased waiting time, and improved
patient satisfaction [21]. In the literature, evidence has not been
measured on a consistent basis. For example, a case study
documented a specific reduction in costs: a decrease of 25% of
staff dedicated to scheduling, with an annual savings of US
$170,000 for the organization [18]. The specifics of the roles
of those personnel, their compensation, or other factors were
not reported. Another study [72] reported on the intervention’s
anticipated results. The literature did not provide a robust body
of evidence that may have influenced the implementation of
self-scheduling by health care organizations.

Relative Advantage
The advantages of the intervention compared with alternative
solutions have been discussed in the literature. The comparison
was made with the option of using a telephone to schedule an
appointment [18,19,28,31,33,37,45,69,70,72-75]. The literature
revealed the relative advantage of self-scheduling being the use
of the solution at any hour to overcome patient barriers to
scheduling appointments [69,72]. The findings reported that
34% [45], 46% [37], and 51% [19] of appointments were
self-scheduled outside of office hours. After-hours access to the
health care organization allowed early morning appointments
to be filled, thus benefiting the organization [33]. In their
findings, studies detailed an improved use of staff resources
[18,28,37,45,70,73,75] and time savings for the patient
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[19,31,74]. Volk et al [28] hypothesized that self-scheduling
offered patients an enhanced sense of anonymity and a
diminished sense of responsibility, compared with the traditional
telephone-based scheduling process.

Adaptability and Trialability
Faced with a surge in patient demand owing to the COVID-19
pandemic, an organization rapidly introduced the intervention
[31]. This implementation provided evidence of adaptability
and trialability as determinants that promoted the
implementation of self-scheduling. The importance of allowing
each practice the latitude to adopt their own strategy for
marketing the intervention was observed; in 1 health care
organization, by the second year of adoption, 20% of all slots
were booked via self-scheduling [36]. Without any promotion,
researchers observed a 300% increase in self-scheduled
appointments within months [19]. The rapidity of
implementation, customization of the solution, and patient use
without promotion provide evidence of the determinants of
adaptability and trialability to facilitate implementation.

Complexity
Although most of the studies did not describe the intervention,
several studies made note of elements that revealed the
complexity of the intervention. Slot unavailability was cited as
a deterrent for patients attempting to self-schedule [36,45]. Ease
of use was confirmed to be a key attribute for self-scheduling
from the perspective of the patient [23,29]. These findings
contrast those of Lee et al [22], who concluded that ease of use
was not a facilitating attribute; instead, the researchers
ascertained that performance expectancy was the determinant.
Solutions that were bundled with triage featured an algorithm
that diverted patients with acute symptoms from the
self-scheduling option [19,31]. In all, 3% (1/30) of organizations
reviewed appointments manually for safety and appropriateness
[73]. The complexity of the intervention was reported to be
important to manage [33], suggesting that it is a determinant of
implementation success for health care organizations.

Design Quality and Packaging
The literature did not elaborate on the design quality and
packaging of the intervention, except for sample screenshots of
the patient interface [18,32,69]. Studies have highlighted the
importance of integration with other information technology
systems [33,36]. In all, 3% (1/30) of studies pointed out a
predetermined lack of publicity: a health care organization
during the pandemic avoided promotion to prevent artificially
inducing additional patient demand [31]. A key factor in
adoption was the organization making patients aware of the
intervention [36,45,70]. Brochures made available to patients
were reported to be ineffective in raising awareness [36,70,71].
Health care organizations documented the importance of
presenting self-scheduling to patients using communication
methods planned locally, as varying methods of approach may
affect outcomes [72-74].

Cost
Although concern about cost was revealed as a barrier to
physicians’ interest in offering self-scheduling, information
about the cost of the intervention to the health care organization
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was not addressed in the literature [21]. One author funded the
intervention personally [18]. However, no details were provided
regarding the amount spent for the intervention.

Outer Setting
Patient Needs and Resources
Concerns have been raised regarding possible disparities in care
access for Medicaid recipients in the United States owing to
lower provider count and longer distance to appointments via
third-party self-scheduling platforms [43], as well as lower use
rates of self-scheduling compared with non-Medicaid patients
[31,73]. Research has provided evidence of diminished access
to self-scheduling for rural patients compared with urban
patients [35]. Low socioeconomic status was a driver of low
adoption rates [45,72], with younger [19,37,45,72,73] women
[19,37] who were employed [45] and patients with higher
education [24,45] using the self-scheduling platform. Younger
patients expressed the value of self-scheduling, as compared
with users more senior to them [44,48,74]. One study [34]
concluded that older patients were higher users; their study
focused on the self-scheduling of specialty visits following a
primary care physician’s referral, thereby indicating that patients
were specifically instructed to self-schedule. Patients with
comorbidities were shown to be more frequent users than other
patients [73]. Although most studies measured patient
awareness, characteristics, use, and intention to use, there has
been a growing interest over time in accounting for patients’
needs and resources.
Multiple studies identified patients’ access to the internet and
computers as a potential barrier to the use of self-scheduling
[35,45,70,71,74]. In a postintervention focus group, Mendoza
et al [26] confirmed stakeholders’ concerns regarding access to
the internet, noting that a barrier may be internet speed, in that
a desired slot may be taken by another patient if the bandwidth
is inadequate. In a systematic review, Zhao et al [21] concluded
that patients’ reluctance to adopt self-scheduling results from
prior experience with the internet and computers, as well as
preferences for communication methods. Addressing people’s
trust to enhance use is essential [29]. Researchers have identified
gaps between people’s interest in the technology and its use
[29,44], and awareness of the technology and its use [71,75].
Cosmopolitanism—the extent to which an organization is
networked with others external to itself—and peer pressure have
not been discussed in the literature.

External Policy and Incentives
Research was influenced by government policies in several
studies: a federally funded initiative was established to fast-track
the advancement of health information technologies across
Canada [36]. The British government recommended the novel
use of information technology to meet government-mandated
targets for appointment offerings [19]. The Choose and Book
System studied by Parmar et al [34] was the national electronic
referral and booking service introduced in England in 2004
which has since been replaced. Studies by researchers from
China described the web-based appointment system, the use of
which, as of 2009, has been supported by the Ministry of Health
for deployment by all hospitals [24,48]. In Australia, the
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National E-Health Strategy incorporated electronic
communication between patients and providers [45]. Iran
mandated that hospitals offer self-scheduling for outpatients,
although compliance has been limited [47].
In their multinational research in Europe, Santana et al [44]
acknowledged the importance of the prevailing legal and
regulatory environment of each nation, as well as a country’s
health care policies and technological advances, in the adoption
of self-scheduling. The influence of external policy and
incentives at the national level on all aspects of eHealth have
been scrutinized by researchers worldwide [77].
In addition to the impact of the government, other external
factors may play a role in the uptake of self-scheduling including
the COVID-19 pandemic [31].

Inner Setting
The key elements of the structural characteristics of the research
settings are included in Multimedia Appendix 2. Of the 28
studies that defined the research setting, 14 (50%) were based
in outpatient practices [5,18,19,32,34-37,43,45,70-72,74], 10
(36%) were based in medical centers [22, 24, 26, 28, 31, 42,
47, 48, 73, 75], and 4 (14%) surveyed community members
[23,29,44,69]. Among the outpatient practice studies, 13% (4/30)
featured settings of single specialties: 7% (2/30) dermatology
[35,37], 3% (1/30) audiology [34], and 3% (1/30) genitourinary
[19].
Data were not included in the studies for networks and
communication or culture. Limited information was provided
about the implementation climate. Friedman [18] conveyed that
his physician colleagues “turned white as ghosts” at the
suggestion of implementing self-scheduling, citing concerns
about transparency; however, most adopted the platform.
Acknowledging reluctance, Craig [33] advised, “like anything
new, [self-scheduling] will take some getting used to.”
Habibi et al [5] determined the importance of rendering
favorable services owing to increased competition. This study
was joined by 9 others that expressed the priority for change
[18,22,24,26,28,31,42,45,47]. The sense of urgency increased
over time. Zhang et al [24] reported lines forming late at night
and “incidents of knife attacks at hospitals” resulting from
patients’ frustrations.
The importance of problem solving in the outpatient
environment, which is the face of the hospital, was emphasized
[26]. Lee et al [22] concluded that the impression of service
quality put forth by the self-scheduling technology was a key
success factor for a hospital to “gain an...advantage...in an
increasingly competitive healthcare market.” Volk et al [28]
described the current environment that led to the introduction
of the intervention as “threatening the organization's reputation
and financial well-being.”
Readiness for implementation was not addressed in detail: 3%
(1/30) of studies [32] mentioned about providing the secretaries
with a tablet and training; however, no other study described
the engagement of leadership, available resources, or access to
knowledge and information.
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Characteristics of Individuals
Overview
Limited information in the body of literature included in this
study was provided about individuals engaged in
self-scheduling. In all, 3% (1/30) of studies described the
hesitancy of physicians, although a revision to the intervention
(pop-up menus) was developed during the project to address it
[36]. Habibi et al [32] reflected on the “interest and eagerness
of physicians,” which contributed to the success of the
self-scheduling intervention. The other articles in the scoping
study offered little insight into the characteristics of the
individuals participating in the intervention and whether
individuals served as barriers to or facilitators of adoption.

Process
Limited information was provided about the process associated
with the intervention: planning, engaging, executing, and
reflecting and evaluating. Of the 30 studies, 1 (3%) study [36]
elaborated on the importance of managing the physicians’
expectations about slot availability, as patients may lose interest
and discontinue the use of the system based on insufficient slots.
In all, 7% (2/30) of studies postulated the importance of
integrating the self-scheduling platform with the electronic
medical record system [33,36]. Volk et al [28] documented a
leadership task force. The literature offers limited insights into
the implementation process.

Discussion
Existing Knowledge
This scoping review located 30 published articles that described
synchronous, automated self-scheduling tools for patient
appointments. The number of studies related to self-scheduling
increased over time. The growing volume of research reflects
the popularity of the technology, signaling its broadening appeal.
Research performed in the same community-based clinic setting
concluded a low intention to use [45,70,71]. However, low
intention to use was not demonstrated in a study since 2015,
perhaps reflecting the now pervasive use of computers. Patients’
trust in the intervention has been studied as a possible barrier
to the intervention [29]. Studies have continued to identify gaps
between the interest and awareness of the technology and its
use [29,75]. Researchers have concluded that concerns about
access to the internet persist [26]. The introduction of
self-scheduling in the context of a hospital as a business entity
with financial interests commenced in 2020, perhaps reflecting
the opportunity that a self-scheduling offering is no longer
considered an initiative to appeal to innovators but rather a
necessity of service delivery. Lee et al [22] determined that ease
of use was no longer a factor of patients’ continuous use,
concluding that the system is now “stable, reliable, and well
designed.” This study reflected patients’ increasing comfort
with technology, which is supported by the literature about other
consumer-oriented offerings such as telemedicine [78,79].
Articles aimed at optimization methods for scheduling, such as
recommendations for demand matching [80], were formulated
on a platform of automated scheduling, a reflection that the

J Med Internet Res 2022 | vol. 24 | iss. 1 | e28323 | p.182
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
literature has evolved from the foundational elements of
implementation to a more sophisticated approach.
Efforts to determine the effect of self-scheduling may be
hindered by the incorporation of the intervention as an element
in a suite of technologies. Of the 30 studies, 11 (37%) studies
in this scoping review [19,22,28,29,31,42,44,69,72,74,75]
included self-scheduling as a component of a larger technology
initiative, which may indicate that another intervention that was
aligned with self-scheduling was the source of the organizational
benefit.
The scoping study incorporated a systematic review that was
conducted in 2017. The systematic review [21] reported the
advantages of self-scheduling for organizations. In the literature
before the systematic review, most gains were reported to have
the potential to benefit the organization. Beginning in 2017, the
advantages of self-scheduling have increasingly focused on the
outer setting. Organizations react to consumers’ access to
technology and their competitive environment. Furthermore,
the benefits of self-scheduling from the patients’
perspective—satisfaction,
time,
convenience,
and
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engagement—were increasingly referred to as potential rewards.
Table 3 highlights the changes in the focus of the literature
related to the identified need for the intervention. This may
reflect an alteration in the determinants of adoption.
In a systematic review, Zhao et al [21] concluded that cost,
flexibility, safety, and integrity were the barriers to adoption.
Except for safety, these organizational barriers have not been
replicated in the literature since 2017 [26,73]. However, the
research upon which these conclusions were based drew upon
the popular literature except for a 2004 case study [18] and a
2007 commentary [33], both of which noted providers’
hesitancy. The lack of evidence-based organizational barriers
over time may mean that the obstacles have historically been
organizations’ perceptions of patient behavior. The reluctance
of patients to adopt based on their experience with computers
reported in the systematic review [21] was not reproduced other
than the potential impact of broadband speed noted in a focus
group [26]. Despite the lack of evidence-based barriers, use of
self-scheduling has continued to be reported at low rates during
the period of 2017-2020 [47,72,75].

Table 3. Identified need for self-scheduled based on literature mentions.
Identified need

Before 2017 (n=23)

2017-2020 (n=25)

14 (61)

9 (36)

Organization’s cost and labor

4 (17) [18,23,45,70]

5 (20) [28,29,37,73,75]

Organization’s resource use (no-shows)

6 (26) [33-36,42,45]

3 (12) [29,37,73]

Organization’s communication and information transparency

2 (9) [23,44]

1 (4) [22]

Alternative to organization’s existing scheduling method

2 (9) [19,74]

0 (0)

9 (39)

16 (64)

Consumer access to technology

1 (4) [71]

1 (4) [32]

Organization’s need to compete

1 (4) [42]

1 (4) [5]

Government policy

1 (4) [19]

1 (4) [47]

Patient satisfaction

1 (4) [42]

4 (16) [26,29,37,47]

Patient convenience

2 (9) [70,74]

5 (20) [31,43,69,72,73]

Patient wait time

3 (13) [23,24,48]

3 (12) [29,32,37]

Patient engagement

0 (0)

1 (4) [29]

Inner setting

Outer setting

Opportunities for Research
Self-scheduling may offer value to health care organizations.
Additional research regarding the barriers to and facilitators of
implementation is warranted.

Nomenclature
The terminology used to describe self-scheduling presented a
challenge for the scoping study. The function—scheduling—was
documented using a variety of labels, leading to a diversity of
terms for the intervention under study. Standard terminology
was not present in the research findings: the US-based research
incorporated insurance coverage, lacking direct comparison
with the non–US-based research that incorporated findings
about social grade [71,72] and socioeconomic status [45]. Other
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characteristics, such as age range, varied in reporting. The lack
of a standard vocabulary for the intervention and its users,
uptake, evidence, and so forth has implications for research, as
well as acceptance and adoption by health care organizations.
This may present a barrier to organizations seeking knowledge
about self-scheduling. Authors should incorporate keywords
that reflect both breadth and depth to boost identification [81].

Implementation Framework
Within the CFIR, much of the research to date has focused on
the intervention characteristics of self-scheduling, including the
intervention source, relative advantage, adaptability, trialability,
complexity, and design quality and packaging. The
characteristics are largely presented as effects of the
intervention, not the determinants of implementation. Evidence
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strength and quality may be enhanced through improved
research methods. The discussion of the cost of the intervention
and its ongoing maintenance is limited. There is no consistent
approach to the study of the intervention’s characteristics to
inform adoption. After presenting the results of a pilot study,
researchers in 2020 [37] concluded the following:
We hope to encourage other colleagues to explore
and share their experiences...and to stimulate
conversation regarding implementation of technology
to improve access to care.
This request may signal a current gap in the literature regarding
barriers to and facilitators of the implementation of
self-scheduling.
Concepts warranting further research include the inner setting
and individual characteristics contained in the CFIR. Qualitative
research is needed to provide context and understanding of why
health care organizations face barriers to successful outcomes
identified by quantitative surveys. These may be present in the
inner setting of organizations and individuals’ characteristics,
constructs that are largely unexplored by research on
self-scheduling.
Although there is no consistent definition or inclusion of
characteristics, within the outer setting, patient needs and
resources in the form of gender, race, socioeconomic status,
education level, employment, geography, computer access,
experience, and literacy were explored by researchers. The
nonstandard approach makes it difficult to determine the barriers
to and facilitators of health care organizations to meet patients’
needs. For example, rural populations face more problems in
accessing care [82,83]. Consideration may be given to
customized interventions for vulnerable patient populations, a
topic unexplored in the literature. Otherwise, existing inequities
related to the broadening gap of rural–urban disparities in life
expectancy may be perpetuated [84].
External policy and incentives play a role in influencing
self-scheduling, primarily at the country level. Although
researchers mention the national initiatives, no details were
provided about the initiative serving as a barrier or facilitator,
or how that influence could be successful. Recognizing the
importance of policies and regulations in health care technology
[85], researchers may explore the characteristics and impact of
external policies and incentives for nations that require
self-scheduling to be offered by health care organizations.

Technology in Health Care
Researchers have explored the challenges of implementing other
information and communication technologies that have exhibited
evidence for improving systems, processes, and outcomes in
health care. Documented inner setting obstacles to technology
implementation include a culture that lacks receptivity [86], an
absence of trust [87], a resistance to change [88], workflow
changes that were required for uptake [89,90], and upfront and
ongoing costs of the solution [91]. The Systems Engineering
Initiative for Patient Safety 2.0 model was introduced to account
for human factors systems, extending into the concepts of
adaptation, engagement, and configuration [92]. The
determinants identified by researchers evaluating the
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implementation of other technologies by health care
organizations may offer insight into a framework to explore the
limited uptake of self-scheduling.

Health Care Providers
Although there are references to the providers’ perspective in
the academic literature incorporated in this scoping study
[18,32,33,36], these have not been examined in detail. For the
only study that reported measuring it, physician punctuality
improved after the intervention was introduced, and the
researchers surmised that the enhancement resulted from the
physicians’ enthusiasm about the solution, as well as the
reminder of the first appointment of the day transmitted via text
from the self-scheduling tool [32]. Although 3% (1/30) of
studies [26] concluded that they were able to eliminate some
elements of patient dissatisfaction, the researchers determined
that 40% of the dissatisfaction was a function of the physicians
being late and canceling clinics, albeit the intervention they
launched enabled the staff to inform patients of the delays. The
connectivity of the intervention to its offering—the provider’s
time—is largely unexplored.
To date, the literature on the uptake of self-scheduling has
focused on the end user: patients’ awareness, characteristics,
use, and intention to use. As self-scheduling platforms aim to
provide a limited inventory of providers’ time, the provider is
an equally important stakeholder. Further research may reveal
ideas, variables, and determinants that are not yet recognized
by health care organizations. The literature needs to focus more
on the integration of technology into work systems. Research
on providers as resisters of other automated health care
administrative tools, such as telemedicine, has proliferated [93].
Similar research techniques may be applied to garner a better
understanding of self-scheduling.

Relationships
The existing literature does not elucidate the factors that promote
or impede the uptake of self-scheduling by health care
organizations. The absence of aggregation and examination of
barriers and facilitators may reflect the complexity of
self-scheduling as an intervention. As demonstrated in the
literature, the solution is influenced by the intervention’s
characteristics, the outer and inner settings of the health care
organization, individual stakeholders, and the process related
to the intervention. Self-scheduling cannot be implemented and
scaled without a comprehensive understanding of these factors.
In contrast to the focus on dissecting individual components
defined by the CFIR, the success of an implementation by a
complex, adaptive health care organization is informed by the
interdependence of the determinants [94]. The exploration of
enablers and obstacles by examining the contingent and
reciprocal relationships within health care organizations may
better illuminate the implementation determinants for
self-scheduling.

Limitations
The author (EW) conducted the screening process, which may
have introduced selection bias. The lack of a standard naming
convention may have resulted in missing relevant articles for
the scoping review. Given the large number of findings from
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countries with a primary language other than English, the
inclusion of English-only articles may have missed publications
that were not accessible from the databases deployed in the
search strategy.
In contrast to systemic reviews, scoping studies, by definition,
do not incorporate a quality assessment of individual studies;
therefore, it is challenging to assess whether studies produce
robust findings [64]. As such, data synthesis and interpretation
are limited [63].
An agreement on common measures to identify and monitor
the impact of self-scheduling is required. Research that tracked
the most cited advantage of reducing the no-show rate failed to
accompany the discourse with a definition of said rate.

Woodcock

Conclusions
This scoping review cataloged existing knowledge and identified
gaps in knowledge regarding the uptake of automated
self-scheduling by health care organizations. The intervention
was defined. There was evidence of the broadening appeal and
demonstrable benefits of automated self-scheduling; however,
the uptake remained low.
Prior research examined implementation effectiveness; this
review focused on barriers to and facilitators of self-scheduling
by health care organizations. Outer setting determinants to
include national policy, competition, the response to patients’
needs, and technology access played an increasing role in
influencing implementation over time. Automated
self-scheduling may offer a solution to health care organizations
striving to positively affect access.
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Abstract
Background: Older adults face a unique set of challenges and may experience a range of psychological comorbidities. Digital
storytelling is an emerging tool for sharing and recording lived experiences and may have the potential to support well-being but
is yet to be systematically reviewed for use among older adults.
Objective: The aim of this review is to examine the methods for creating digital stories, the health-related outcomes associated
with creating digital stories, and the potential for implementing digital storytelling with older adults.
Methods: We systematically searched electronic databases to identify articles published in English that reported on at least one
health-related outcome of digital storytelling for participants aged ≥60 years. Data were extracted and synthesized using qualitative
content analysis and summarized in tables. The methodological quality of the studies was assessed using the Mixed Methods
Appraisal Tool.
Results: A total of 8 studies were included in the review. Participants were primarily community-dwelling older adults living
with dementia, involving family caregivers and professional care staff. Studies have taken various approaches to digital storytelling
and reported diverse benefits associated with digital storytelling, including improvements in mood, memory, social engagement,
and quality of relationships. Although the potential for implementation was not widely examined, some studies have presented
evidence for acceptability and feasibility. Generally, studies were of high quality, despite the absence of comparator groups and
confounder analyses.
Conclusions: The evidence reviewed suggests that despite the various approaches taken, digital storytelling shows promise as
an effective approach for supporting well-being in older adults.
Trial Registration:
PROSPERO International Prospective Register of Systematic Reviews CRD42019145922;
https://www.crd.york.ac.uk/prospero/display_record.php?ID=CRD42019145922
International Registered Report Identifier (IRRID): RR2-10.2196/15512
(J Med Internet Res 2022;24(1):e28113) doi:10.2196/28113
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digital storytelling; mental health; aging; dementia; reminiscence; memory; systematic review; older adults
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Introduction
Background
The number of people aged ≥60 years is growing rapidly,
worldwide [1]. Although most older adults experience positive
mental health, a significant number of older adults experience
psychological comorbidities, including depression, anxiety, and
loneliness [2-4]. Furthermore, for those who require care,
moving into a long-term care setting can elicit feelings of
reduced personal autonomy, purpose, and sense of self, as
familiar possessions and activities that support the person’s
identity are often lost [5,6].
Autobiographical storytelling may improve psychological
well-being in older adults living in community or long-term
care settings. Recalling personal stories may encourage beliefs
of self-mastery and problem solving, improve mood by eliciting
pleasant memories, and support ego integrity—accepting and
integrating one’s highs and lows and finding a meaning or
greater purpose in life events [7,8]. Storytelling may enable
older adults to feel recognized, affirmed, empowered, and
accomplished and may assist in building resilience [8-10].
Reviews of studies have suggested that activities that include
reminiscence about one’s life story may improve subjective
psychological well-being, quality of life, mood, and cognition
[11-14]. In addition, reviews have found that activities that
involve reminiscence have the potential to improve quality of
life, cognition, communication, and activities of daily living in
older adults living with Alzheimer disease and dementia [15,16].

Stargatt et al
create and share autobiographical stories may enable older adults
to benefit from the experience of being listened to and the
opportunity to express their emotions and their identity [31].
To date, studies suggest that such digital storytelling is used
with older adults, including those living with dementia, in a
variety of ways—as a tool to improve mood [32,33], enhance
memory [33], increase social connectedness [32,34,35], enhance
the quality of care [34], and promote intergenerational
relationships and learning [36-38].
With the increased accessibility of digital technologies, stories
about past experiences can be easily documented in the form
of narratives. However, the methods for creating such stories,
the outcomes of such stories for personal well-being, and the
potential to implement digital story activities within community
or long-term care settings remain to be systematically reviewed.
Given that digital storytelling could be beneficial for older
adults, a systematic exploration of this growing body of
literature is warranted.

Objectives
This review aims to answer the following questions:
1.
2.
3.

What health-related outcomes have been reported in relation
to digital storytelling activities in older adults?
What methods for conducting digital storytelling activities
for older adults have been reported?
What is the potential for implementation (eg, acceptability,
appropriateness, and feasibility) of digital storytelling
activities for older adults?

Tangible artifacts, such as books, collages, and memory boxes,
are often created as a product of such life story work with older
adults to record, retain, and share stories with others [17]. An
integrative review found that life story work, in which an end
product was created, assisted in maintaining a sense of identity
and enhancing relationships for older adults in long-term care
settings, most of whom were living with dementia [18]. For
older people living with dementia, life story work can stimulate
memories, enhance person-centered care, and promote
conversations with family members and carers [17,19,20].

Methods

Owing to the advances in the capability and accessibility of
multimedia technologies, it is now possible to produce digital
story artifacts with relative ease. Digital storytelling is a process
that involves using multimedia technology to combine images,
sounds, and narration to create a film that documents one’s lived
experiences [21]. It is an interdisciplinary approach used in
educational settings [22,23], participatory research [24,25], and
community engagement [26]. It can be facilitated in groups or
one-on-one with individuals, with common aims to engage
participants to record and share their lived experiences to
educate others [27], enhance community engagement [28], and
deepen their understanding of their personal stories [29]. For
example, Lambert [21,30] engages people to create films about
their own lived experiences, in which each story lasted for 3 to
5 minutes.

Eligibility Criteria

The use of digital storytelling, broadly defined, to improve the
health of older adults is an emerging area of research. Similar
to traditional life story artifacts, using digital technology to
https://www.jmir.org/2022/1/e28113
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Registration
The peer-reviewed systematic review protocol [39] was
developed following the PRISMA-P (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses Protocols)
guidelines [40] and registered with PROSPERO
(CRD42019145922). This systematic review adhered to the
recommendations of the PRISMA (Preferred Reporting Items
for Systematic Review and Meta-Analyses) guidelines [41].

Study Designs
In this review, we included all possible study designs, including
quantitative (eg, randomized, nonrandomized, quasi-randomized,
and cluster-randomized controlled trials; pilot trials; open trials;
case studies; cross-section studies; cohort studies; and
case-control studies), qualitative, and mixed methods studies,
provided that at least one health-related outcome was reported
concerning digital storytelling. No study designs were excluded
provided all other inclusion criteria were met. This decision to
include a range of study designs was pragmatic, given that
digital storytelling remains a relatively new area of research
across various health care disciplines. Hence, the breadth of
studies would provide an overview of the methods, outcomes,
and implementation characteristics of digital storytelling with
older adults.
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Participants

Search Methods

We included studies in which all participants were older adults,
defined for this review by the United Nations classification of
those ≥60 years [1]. No exclusions were made based on
participant health—studies were included regardless of
dementia, mild cognitive impairment (MCI), and other illnesses.
Studies were included regardless of participant setting (eg,
community, long-term care, and hospitals).

An exhaustive search was conducted in October 2019. We
searched the following databases using a planned strategy to
identify published studies: MEDLINE (Scopus), Embase
(Scopus), PubMed, PsycINFO, Web of Science, CINAHL
(EBSCO), Academic Search Complete (EBSCO), Abstracts in
Social Gerontology (EBSCO), Psychology and Behavioral
Sciences Collection (EBSCO), Health Source: Nursing
Academic Edition (EBSCO), and SocINDEX (EBSCO).
Unpublished studies were searched using ProQuest Dissertations
and Theses and Open Access Theses and Dissertations. We also
conducted backward citation tracking to search the reference
lists of all the included studies to identify any relevant studies
that may have been missed.

Interventions
Digital storytelling was defined as creating a short (usually 3-5
minutes) multimedia clip (eg, images, videos, narration, and
music) focused on the lived experience of older adults. We did
not exclude studies based on story length or the level of
participant involvement in production; digital stories may have
been produced entirely by participants, produced on their behalf,
or cocreated by the participants and others such as researchers,
carers, or volunteers.

Comparator Groups
Studies were included regardless of whether they had a
comparator group and irrespective of the type of comparator
group included.

The selected search terms were chosen to describe the
characteristics of the population and the activities necessary for
the review. An example search (Scopus) is as follows:
TITLE-ABS-KEY (older adult* OR elder* OR older
person* OR older people* OR dementia) AND
TITLE-ABS-KEY (story OR stories OR storytelling
OR
biographi*
OR
biography*)
AND
TITLE-ABS-KEY (digital OR multimedia OR virtual).

Outcomes

Data Collection and Analysis

Health-Related Outcomes
Studies examining any outcome related to physical,
psychological, or social health were included in the review.
Examples of such outcomes include mood, memory, quality of
life, and social engagement. Studies were included irrespective
of whether these outcomes were measured quantitatively (eg,
using validated psychometric assessment tools) or assessed
qualitatively (eg, as a result of participant interviews, which
were transcribed and analyzed thematically). Studies were
excluded if digital storytelling was used in conjunction with
another activity where the effects of digital storytelling alone
were not reported or could not be ascertained.

Overview

Methods of Storytelling
The outcomes related to methods used in digital storytelling
that were reviewed were as follows: (1) process characteristics
(duration of participation and level of involvement in
production) and (2) product characteristics (presence of
audio-visual components such as still images, videos, music
and narration, story theme, and length of the story).
Implementation Characteristics
We reviewed 8 implementation characteristics. We
operationalized the implementation characteristics detailed by
Peters et al [42] based on the framework by Proctor et al [43].
Implementation characteristics were acceptability, adoption,
appropriateness, feasibility, fidelity, cost, coverage, and
sustainability.
Report Characteristics
We included studies for which we could access the full-text
reports, published in scholarly journals or unpublished in the
case of dissertations and theses, written in English, and with no
restrictions on country of origin or year of publication.
https://www.jmir.org/2022/1/e28113
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Titles and abstracts produced by the database searches were
collated using reference management software and duplicates
were removed. Titles and abstracts were screened to remove
obviously irrelevant reports before full texts of potentially
relevant studies were assessed for inclusion based on the
eligibility criteria. Using a pilot-tested data collection form,
data were extracted from the included studies and synthesized.
If there were multiple reports of a single study, they were
identified and the extracted data were presented as findings
from a single study. A total of 2 reviewers were involved in the
screening of all the abstracts and full-text records and in the
data extraction process. Discrepancies were resolved through
discussion and consensus. Where necessary, a third reviewer
was included in the discussion and a decision was made based
on group consensus.
The corresponding authors of the studies were contacted via
email for information to (1) clarify study eligibility for the
review, (2) clarify or provide additional data to assist with data
extraction, and (3) clarify or provide additional information to
assist with quality assessment. If the authors could not be
contacted to clarify study eligibility, the study was excluded.
In instances where the authors could not be contacted for data
extraction or quality assessment purposes, studies were included
with missing data. Of the 8 authors, 5 (63%) authors responded
to emails from the reviewers.
Owing to the considerable heterogeneity of study designs and
study types, a statistical meta-analysis was not feasible. Data
were synthesized using a qualitative content analysis guided by
the framework provided by Popay et al [44]. Study findings
were synthesized using textual descriptions and tabulation.
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Qualitative studies were analyzed for themes by the first author
(JS) [45].

Results

Risk of Bias

Study Identification

The Mixed Methods Appraisal Tool (MMAT) was used to assess
the methodological quality of the included studies [46]. The
MMAT was chosen as it allowed for the appraisal of a variety
of study designs, including quantitative nonrandomized,
qualitative, and mixed methods studies. It comprised distinct
sets of criteria to assess the validity of a study for each of the
various study designs [47]. A total of 2 reviewers independently
appraised all the studies and resolved the discrepancies through
discussion. Where necessary, a third reviewer was included in
the discussion and a decision was made based on group
consensus. A critical discussion of the appraisal, both within
and across studies, is presented.

A PRISMA diagram of the selection process and flow of records
at each stage is shown in Figure 1. Of the 391 records identified,
duplicates were removed, and 248 (63.4%) records were
screened for titles and abstracts. The full texts of 19.3% (48/248)
of the records were reviewed for inclusion and exclusion criteria.
Consensus was reached after independent review resulted in
90% agreement. Of the 10 records that met the eligibility
criteria, 3 (30%) records were related to the same study. These
3 records were linked and presented as a single study.
Therefore, 8 studies were included in this review. Table 1
summarizes the study information, process characteristics, and
product characteristics and Table 2 summarizes the key
health-related outcomes of these studies. Table 3 presents the
implementation characteristics.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram of study selection.
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Table 1. Characteristics of the included studies (N=8).
Study

Study design Sample description
Study population

a

Creation and content of stories

Age (years), Diagnosis
mean (range)

Capstick et
al [48]

Quantitative
nonrandomized

10 (n=8, 80%
87 (76-99)
female and n=2,
20% male)

Filoteo et al
[49]

Quantitative
nonrandomized

14

Subramaniam and
Woods [33]

≥60

Dementia

Facility- or
communitydwelling

Country

Long-term care
facility

United
Kingdom

Stories cocreated by participants and
researchers; 1 hour per week for 6
weeks; stories consisted of still images (personal and generic), participant narration, music, and sound
effects; 3.5-11 minutes in length.

Dementia (mild CommunityUnited
to moderate)
dwelling (reStates
cruited from an
outpatient neuropsychological
clinic)

Stories created by family members,
in a single day; stories consisted of
still images (personal), family
member voiceover, and music.

Mixed meth- 6 (n=4, 67% fe- 82.2 (73-89)
ods
male and n=2.
33% male)

Dementia (mild Long-term care
to moderate)
facility

Stories cocreated by participants and
researchers; 1-1.5 hours per week
over 7-10 weeks (mean 8.3 weeks);
stories consisted of still and moving
images (personal and generic), text
captions, participant and family
member voiceover, and music; 1227 minutes in length (mean 18 minutes).

Crete-Nishihata et al
[50], Damianakis et al
[51], and
Smith et al
[32]

Qualitative

12 (n=7, 58%
79.6 (60-95)
female and n=5,
42% male)

Alzheimer dis-

Critten and
Kucirkova
[52]

Qualitative

3 (n=1, 33% fe- 83.3 (72-94)
male and n=2,
67% male)

Dementia (mild Communityto moderate)
dwelling (recruited from a
day center)

United
Kingdom

Stories cocreated by participants and
family members over 7 weeks; stories consisted of still images (personal and generic), text captions, and
participant voiceover; user views
story at their own pace—length
varied.

O’Philbin
[53]

Qualitative

6 (n=1, 17% fe- Mean unmale and n=5.
known (7083% male)
85)

Dementia (mild Communityto moderate)
dwelling

United
Kingdom

Stories cocreated by participants and
family members; 1-2 hours per week
over 6 weeks.

Park et al
[54]

Qualitative

7 (n=3, 43% fe- 74 (69-80)
male and n=4,
57% male)

Dementia (early Communitystage)
dwelling

Canada

Stories cocreated by participants and
family members; 7 sessions of 2
hours over 6 weeks; stories consisted of still images (personal and
generic), participant voiceover, and
music; 3-8 minutes in length.

Sehrawat et
al [55]

Qualitative

4 (n=3, 75% fe- Mean unmale and n=1,
known (7325% male)
82)

Healthy

United
States

Stories cocreated by participants and
young people; 6 sessions over 6
weeks, including a full-day workshop for production; stories consisted of still and moving images and
participant voiceover.

ease or MCIa
(early to midstage)

United
Kingdom

Long-term care Canada
facility (n=2,
17%) and communitydwelling (n=10,
83%)

Communitydwelling

Stories cocreated by participants,
family members, and 2 RAsb; 4-10
sessions over 2-12 months (mean
5.6 months); stories consisted of still
and moving images (personal and
generic), participant and RA
voiceover, and music; 15-70 minutes in length (mean 39.1 minutes).

MCI: mild cognitive impairment.

b

RA: research assistant.
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Table 2. Key outcomes of included studies (N=8).
Study

Measures or
tools used

Mood and affect

Memory

Quality of relationships

Social connectedness

Other health-related outcomes

Capstick et al
[48]

BCCa coding

—d

—

—

Level of social
citizenship increased by approximately 3
rungs.

Significant increase in positive well-being scores (P<.05) and significant decrease in negative indicators of well-being (P<.05) at midpoint. Well-being did
not significantly decrease at 1 week after

frame (DCMb),
BWPc, and
Arnstein Ladder
of Citizen Participation

Filoteo et al
[49]

ETf, STAIg,
h

HADS ,
NQOLi, and
CQj

Subramaniam
QOL-ADk,
and Woods [33]
AMIl, GDSm,
QCPRn, and
open-ended
questionnaire

Crete-Nishihata
et al [50],
Damianakis et
al [51], and
Smith et al [32]

Semistructured
interview and
video recordings of screening sessions
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DSe; participants spent greater percentage of time engaged in reminiscence,
conversation, and creative expression
from before test to midpoint and after
test.
Statistically sig- —
nificant improvements on
ET, STAI,
HADS, and CQ
from before test
to after test
(P<.05).

—

—

No statistically significant improvement
on NQOL from before test to after test
(P>.05).

Improvement in
scores on GDS
at 4 weeks following the completion of DS.

Improvement in
scores on AMI
at 4 weeks following the completion of DS.

Improvement in —
scores on
QCPR at 4
weeks following the completion of DS; participants, family
members, and
staff reported
that the DS triggered memories
and positive affect for the participant and enhanced interaction with family
members and
staff.

Improvement in scores on QOL-AD at
4 weeks following the completion of DS.

Participants,
family members, and staff
reported emotional impacts
of DS (eg, pleasure, sadness,
and satisfaction); instances
of positive emotion (n=291),
negative emotion (n=6), and
positive and
negative emotion simultaneously (n=16).

Participants,
family members, and staff
reported that
DS triggered
long-term memories.

Participants,
—
family members, and staff
reported enhanced communication with
family members
and staff.

Participants, family members, and staff
reported benefits for participants’ sense
of self.
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Study

Measures or
tools used

Mood and affect

Memory

Quality of relationships

Social connectedness

Other health-related outcomes

—

—

—

Participants and —
family members
reported DS
evoked memories.

—

—

Researchers ob- —
served that participants were
engaged in their
relationships
with their family members and
the facilitator.

—

—

Participants found the process cathartic
and therapeutic; however, they reported
minimal to no change in physical and
mental health.

Critten and Ku- Interviews, field Researchers re- —
cirkova [52]
notes, and obser- ported the provations
cess was enjoyable for all participants and
they experienced positive
feelings of confidence, empowerment, and increased self-esteem.

a

Stargatt et al

O’Philbin [53]

Interviews

Participants and
family members
reported pride
and enjoyment.

Park et al [54]

Unstructured interviews, field
notes, and audio
recordings of
sessions

Participants and —
family members
reported enjoyment and a
sense of accomplishment.

Sehrawat et al
[55]

Open-ended
—
questionnaire
and unstructured interviews

—

Participants reported valued
connections
with young people and reported
an increase in
social connectedness and network size.

BCC: behavior category code.

b

DCM: Dementia Care Mapping.

c

BWP: Bradford Well-being Profile.

d

Not addressed in the study.

e

DS: digital story.

f

ET: emotional thermometer.

g

STAI: State-Trait Anxiety Inventory.

h

HADS: Hospital Anxiety and Depression Scale.

i

NQOL: Neuro–Quality of Life Depression Scale-modified.

j

CQ: caregiver questionnaire.

k

QOL-AD: Quality of Life in Alzheimer Disease scale.

l

AMI: Autobiographical Memory Inventory.

m

GDS: Geriatric Depression Scale.

n

QCPR: Quality of the Caregiving Relationship Questionnaire.
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Table 3. Implementation outcomes (N=8).
Appropriatenessc

Feasibilityd

Fidelitye

Costf

—j

—

100% retention
rate.

—

Use of free soft- —
ware (eg, Photo
Story and Audacity).

The authors state
that their step-bystep guide to participatory video is
made available for
others to replicate
their work.

—

—

—

—

“Low-cost”
platform on a
custom tablet
for use on currently owned
devices.

—

Subramaniam
Reported no
—
and Woods [33] negative side
effects. Enjoyed
by all. Well received by relatives and staff.
Disagreements
with relatives
regarding content and format
were rarely encountered.

A total of 4 participants needed assistance to operate the
DVD player; however, most reported
preferring the digital form of their
story over the previously made books.
All participants
needed someone to
remind them to
play the movie.

100% recruitment rate and
100% retention
rate.

—

Used free soft- —
ware for production.

Widespread implementation requires
consideration of
time and
skills—without the
researcher, staff
would have to take
on the task of production.

Crete-Nishihata
et al [50],
Damianakis et
al [51], and
Smith et al [32]

Purposefully chose
familiar technologies to enable easy
adoption and integration (eg, television and DVD
player). Still, some
participants had
trouble in operating the DVD player. Recognized that
dementia severity
may impact production participation.

52% recruit—
ment rate (remaining participants declined
owing to personal reasons) and
86% retention
rate (1 dropout
owing to death
and 1 owing to
time constraints).

Researchers
—
worked for an
average of
131.7 hours. As
they became familiar with the
process, they
needed 60-90
hours to produce the DS.
Family caregivers may not
have time to do
this without researchers. Production value
varied, ranging
from consumerlevel to professional equipment. Inexpensive software
was used.

A guide for families that may be interested in making
their own DS is
available.

Study

Capstick et al
[48]

Acceptabilitya

Adop-

A participant
became upset
after watching

tionb

her DSi that
contained photos of a relative
who had died.
Filoteo et al
[49]

—

There were var- —
ied viewing experiences, for
example, after
several viewings, 1 participant worried
about how she
could have
made it differently and suggested that it
should be editable. Strong
rapport must be
built among biographers, family members,
and participants
to resolve disagreements. Acknowledged
that there are
multiple interpretations of a
life story and
decisions must
be made about
including emotionally sensitive content.
Personal media
content is crucial.
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Coverageg

—

Sustainabilityh
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Appropriatenessc

Feasibilityd

Critten and Ku- Enjoyable for
—
cirkova [52]
all participants
who were all
personally involved. The researcher– or
carer–participant dynamic
may influence
the outcome of
the study. Some
may find this
process difficult
owing to sad
memories.

Digital competence
is necessary for
participation as intended.

O’Philbin [53]

For all partici- —
pants, it was a
mostly enjoyable experience.
Some frustration was reported at not being
able to recall
specific things.

Park et al [54]

Although partic- —
ipants were not
able to explicitly address how
they felt or
specify what
they enjoyed,
there was a level of participation and enthusiasm that indicated interest.

Study

Acceptabilitya

Stargatt et al
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Adoptionb

Fidelitye

Costf

Cover-

27% recruit—
ment rate (remaining participants declined
owing to technological limitations and time
constraints) and
100% retention
rate.

Used iPads and
free software
(Our Story).

—

—

Some participants
expressed “it’s not
for everyone” (life
story work). The
digital nature of
the program was a
barrier for some
participants.

50% recruit—
ment rate and
86% retention
rate (1 dropout
owing to declining to be interviewed).

—

—

The Book of You
service does not
check and encourage implementation with previous
users, but the author suggests this
could be considered.

The existing protocol for the workshop was modified
in this study for
people with dementia by having
shorter and condensed sessions
with a smaller participant group. A
total of 2 participants did not have
computers and
were unable to use
the program without assistance.
None were able to
use the program
independently. A
participant could
not read her story
aloud owing to visual impairment.

88% retention
rate (1 dropout
owing to time
constraints).

Used freely
—
available video
software (WeVideo). Participants needed
support from
the facilitator
and relatives to
use the technology.

—

ageg

Sustainabilityh

—
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Study

Sehrawat et al
[55]

a

Acceptabilitya

Adoptionb

All participants —
enjoyed the process. Some negative emotions
were produced—necessary to consider
including a debrief in future
and allowing
more time for
participants to
share their stories in the group
activity.

Stargatt et al

Appropriatenessc

Feasibilityd

Fidelitye

Costf

Workshop day was
very long—participants began to tire
and lose focus.

100% recruitment rate and
100% retention
rate.

—

Funding was re- —
quired to pay
the student research assistants. Used free
video software
(WeVideo).

Coverageg

Sustainabilityh
—

Reported agreeableness or enjoyment by or on behalf of participants.

b

The intention, initial decision, or action to try to use the activity.

c

The perceived fit for the target group, reported by or on behalf of the target group.

d

Reported rates of recruitment and retention.

e

Whether the activity was implemented as it was designed to be.

f

Costs associated with the implementation of activity (eg, financial costs, time, and human resource).

g

The degree to which the population eligible to benefit from the activity actually receive it.

h

Whether the activity was reported to be maintained in the given setting.

i

DS: digital story.

j

Not addressed in the study.

Study Characteristics
A total of 8 studies were reported in peer-reviewed journal
articles (5/8, 63%), conference papers (2/8, 25%), and doctoral
theses (1/8, 13%). Studies used qualitative (5/8, 63%),
quantitative (2/8, 25%), and mixed methods (1/8, 13%) designs.
The studies were based in the United Kingdom (4/8, 50%), the
United States (2/8, 25%), and Canada (2/8, 25%). The
quantitative and mixed methods studies used single-arm repeated
measures (before-and-after) designs (3/8, 38%), of which 67%
(2/3) of the studies used inferential statistics to test for statistical
significance of pre–post differences in outcomes and 33% (1/3)
of the studies showed descriptive statistics only. Qualitative
studies used semistructured and unstructured interviews (6/8,
75%), of which 33% (2/6) also used field and observational
notes. Qualitative analyses in these 6 studies were reported as
content analysis (3/6, 50%) and thematic analysis (3/6, 50%).
In 6 (75%) of the 8 studies, data on outcomes for participants
and implementation characteristics were provided by participants
and informants.
Quality assessment using the MMAT [46] indicated that study
quality was acceptable overall and high for qualitative studies.
Rating appraisal resulted in 75% agreement by 2 independent
reviewers and consensus was reached via discussion. Studies
were assessed on 5 quality criteria, with different sets of criteria
for the qualitative, quantitative, and mixed methods studies. Of
the 8 included studies, the 5 (63%) qualitative studies met all
the MMAT criteria (5/5, 100%). For these studies, the qualitative
approach was appropriate, using adequate data collection
methods and presenting coherent findings that appeared to be
adequately derived from and substantiated by data. The 25%
https://www.jmir.org/2022/1/e28113
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RenderX

(2/8) quantitative studies [48,49] did not account for confounders
in their study design and analyses. In a third study, participants
were identified as not representative of the target population.
These studies were associated with MMAT scores of 3 and 4
out of 5. The mixed methods study did not explicitly produce
an adequate rationale for using a mixed methods design and the
quantitative component was assessed as not adhering to the
quality criteria of the quantitative method, thus resulting in an
MMAT score of 3 out of 5.

Participant Characteristics
The 8 studies comprised 62 participants, with study sample
sizes ranging from 3 to 14 (mean 7.75, SD 3.88). Of the 88%
(7/8) studies that provided information regarding participant
gender, there were 27 female participants and 21 male
participants. Age was reported inconsistently across the studies.
Across 63% (5/8) studies that reported statistics on age (38/62,
63%), participants were aged between 60 and 99 years (mean
81 years). Cognitive status was not reported for participants in
13% (1/8) studies (4/62, 6%). Across the remaining 88% (7/8)
studies, 52 participants were living with dementia, whereas 6
experienced MCI. In 63% (5/8) of the studies, dementia status
was self-identified (32/62, 52%). Participants of 25% (2/8) of
the studies (20/62, 32%) were assessed by the researchers for
dementia status using the Diagnostic and Statistical Manual of
Mental Disorders-IV or Diagnostic and Statistical Manual of
Mental Disorders-V. Participants lived in long-term care
facilities (18/62, 29%) or in the community (44/62, 71%).
Community-dwelling participants were recruited from an
outpatient neuropsychology clinic (14/44, 32%), local aging
societies (11/44, 25%), day centers (9/44, 20%), or referred by
health care professionals (2/44, 5%).
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Methods of Digital Storytelling

Mood and Affect

Process Characteristics

All 8 (100%) studies reported benefits related to mood and
affect caused by digital storytelling activities.

Duration
The time taken to produce digital stories varied across studies.
In 6 (75%) of the 8 studies, digital storytelling was conducted
for 6-10 weeks. In 13% (1/8) of studies, stories were in
production for up to 52 weeks [51]. In another study, digital
stories were produced in 1 day [49].
Frequency
In 88% (7/8) studies, production sessions were generally held
weekly. In 13% (1/8) of studies, participants produced their
digital stories without structured sessions [52].

Quantitative improvements in mood were reported in 25% (2/8)
studies. Filoteo et al [49] reported that participants experienced
significant (P<.05) pre–post improvements in anxiety,
depression, overall emotional distress, and emotional functioning
(as rated by family caregivers) after viewing their digital story.
Subramaniam and Woods [33] found that participants reported
a mean improvement in scores on standardized measures of
depression (mean difference 1.84); however, such a difference
was not evaluated for statistical significance.

Producers
In 13% (1/8) of studies, the digital story was created by a family
member without involving the older adult [49]. In 38% (3/8)
studies, digital stories were cocreated by the older adults and
the researchers. In 50% (4/8) studies, digital stories were
cocreated by older adults, researchers, and family members.

Qualitatively, authors reported that digital storytelling fostered
enjoyment [33,51-55] and other positive feelings including a
sense of confidence [52], accomplishment, empowerment,
self-esteem [52,54], enthusiasm [54], pleasure and satisfaction
[51,55], and pride [53,54]. Some participants expressed grief
and sorrow, but in the context of digital storytelling, this was
considered in 13 (1/8) of studies as “natural expressions of loss,
mitigated by the overall narrative of the life story” [33].
Damianakis et al [51] observed instances in which sadness and
happiness were observed simultaneously.

Product Characteristics

Memory

Length
Digital stories were produced in sessions lasting for 1-2 hours.

Audio-Visual Composition
Across the 88% (7/8) studies that provided information
regarding product composition, all digital stories included
images that were both personal and generic, that is, stock photos
sourced from the internet. In 86% (6/8) of these studies, a
voiceover was also provided by participants. Of these 6 studies,
2 (33%) studies also included voiceover by family members
and 1 (13%) included voiceover by research assistants. In 13%
(1/8) of studies, stories were narrated by a family member only.
Among the 8 included studies, music was included in 5 (63%)
studies, moving images in 3 (38%) studies, and sound effects
in 1 (13%) study.
Themes
Although all stories focused on participants’ personal memories,
50% (4/8) of the studies identified specific themes of their
participants’ stories. Of the 8 studies, 1 (13%) study focused
on significant places and events from the ages of 5-30 years
[48] and another study (13%) focused on the areas of family
and work [52]. In 25% (2/8) of the studies, digital stories
explicitly took a broader focus and presented chronological
accounts of life events, for example, childhood, teenage years,
and career. [33,51].
Length
Stories differed in length; across the 50% (4/8) studies that
indicated length, digital stories ranged from 3 minutes to 70
minutes.

Health-Related Outcomes
Health-related outcomes were explored across the included
studies and clustered into five categories: mood and affect,
memory, quality of relationships, social connectedness, and
other health-related outcomes.
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Benefits associated with participant memory were reported
across 88% (7/8) studies. Subramaniam and Woods [33] reported
that participants experienced a mean improvement in scores on
a standardized quantitative measure of autobiographical memory
for factual knowledge (mean difference 8.92), providing some
evidence for an effect of digital storytelling above and beyond
the effect of the traditional life storybooks, which were created
with participants before the digital storytelling activity. In
contrast, autobiographical memory for specific events and
incidents was overall highest following the traditional life
storybook activity.
For participants across all 6 qualitative studies, digital
storytelling provided a platform for stimulating long-term
memories that may have been previously forgotten. Memories
were elicited in various ways, including verbal prompts related
to specific themes, for example, marriage and travel [51] or
photographic material sourced from the internet [52]. Some
participants and their family members identified that the digital
story would serve as a valuable memory aid when their dementia
progressed further [51,53].

Quality of Relationships
Across 63% (5/8) studies, digital storytelling activities improved
participant relationships with their family members and
professional caregivers.
The quality of caregiving relationships was assessed by
Subramaniam and Woods [33], who reported mean
improvements in scores on all subscales of a standardized
quantitative measure (mean differences 0.83-6.83); however,
such differences were not evaluated for statistical significance.
Qualitatively, 50% (4/8) studies described improved
relationships between participants and family caregivers and
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professional care staff during or after digital storytelling
[33,51,53,54]. Family members interviewed by Damianakis et
al [51] reported that digital storytelling facilitated enhanced
communication with their relative living with dementia, in both
the quality and quantity of their interactions, as past events were
remembered and discussed. Professional carers who were
interviewed in 13% (1/8) of studies acknowledged that viewing
digital stories would help them better care for people living with
dementia, as it enabled a deeper appreciation of their unique
histories and provided relevant talking points [33].

Social Connectedness
Of the 8 included studies, 4 (50%) studies addressed the extent
to which digital storytelling enhanced social connectedness. All
the 4 (100%) studies reported that digital storytelling improved
interactions among the participants, with others involved in
cocreating stories or with viewers of the stories.
In 3 (75%) of these 4 qualitative studies, involvement in digital
storytelling provided opportunities for increased social
engagement [53-55]. Sehrawat et al [55] reported that older
adults formed meaningful intergenerational connections with
the students they were paired with over the 6-week activity by
connecting through the shared experience of storytelling. Park
et al [54] observed enhanced relationships between the
participants and their family caregivers. Family caregivers of
community-dwelling people living with dementia who attended
a 6-week digital storytelling group workshop spoke of the social
benefits associated with their relative meeting others [53].
In 2 (50%) of these 4 studies, broader social connections were
examined. Participants involved in the intergenerational activity
described sharing their digital stories beyond the activity with
their friends and family, producing what the authors refer to as
a wave of connectedness [55]. In providing evidence for
participants’ increased social citizenship, Capstick et al [48]
reported that the digital stories of some participants were shared
with the wider community (eg, on local history websites). Using
a subjective measure of community engagement, the authors
concluded that participants’ potential for social citizenship
improved owing to their engagement in digital storytelling.
Furthermore, the authors presented a case study example of a
participant who was taken out to the local theater to watch a
play about cycling after the staff at the facility viewed her digital
story, which was focused on her early passion for cycling to
cope with her challenging experience growing up in a care
facility.

Other Health Outcomes
The authors also reported that digital storytelling was associated
with improvement in general well-being, quality of life, and
sense of self and identity. Such stories were also seen to provide
older adults with opportunities for leaving a legacy.
Quantitative improvements in well-being were reported by
Capstick et al [48]. The authors reported a statistically
significant improvement in well-being at the midpoint of the
6-week activity period (P<.05) and no significant decrease in
well-being at 1 week following the activity (P>.05). On an
observational measure, participants spent a greater percentage
of time engaged in reminiscence, conversation, and creative
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expression at the midpoint compared with baseline. This pattern
was maintained at 1 week following the end of the activity.
Filoteo et al [49] administered a standardized quantitative
measure of quality of life and found no significant improvement
following digital storytelling (P>.05). Subramaniam and Woods
[29] reported a mean improvement in scores on a standardized
quantitative measure of quality of life in Alzheimer disease;
however, this was not tested for statistical significance.
A total of 5 studies proposed that the digital storytelling process
served to elicit and validate a sense of self and identity, evident
throughout production, for example, in selecting desired images
and music to best represent their story [51], in shared viewing
of their stories, [48], and simply in having their stories recorded
in a tangible fashion [52]. Relatedly, people living with dementia
and their family members also noted the value of the opportunity
to leave a personal legacy [33,51,54].

Implementation Outcomes
Feasibility
Of the 8 included studies, 7 (88%) studies reported rates of
recruitment or retention, indicating the potential for the
feasibility of the digital storytelling activity. A small proportion
of participants declined to be involved or dropped out of the
studies owing to time constraints, death, difficulty in using the
required technology, or other personal reasons (see Table 3 for
the data).

Acceptability
All (8/8, 100%) studies reported that digital stories were
agreeable and enjoyable. However, negative emotional reactions
were noted in several studies, including some participants
becoming upset during the activity, as the activity revived
difficult memories and feelings of grief and loss [48,51,52,55].
Participants also became frustrated as they could not recall
specific memories [53] and worried about how they could have
made the story differently [51]. Notably, these instances of
negative emotion were recorded as rare, occurring in only a
small portion of participants per study.

Appropriateness
Of the 8 included studies, 6 (75%) studies discussed the
appropriateness or the perceived fit of their activities. The
primary consideration related to appropriateness was digital
competence—authors noted that participants in some cases had
difficulty in operating the required technology independently,
affecting the production phase or their ability to view their
digital story after the completion of the activity [33,51,52,54].
Of the 6 studies, 1 (17%) study cited that their protocol
demanded too much attention and cognitive stamina of
participants [55]. Some studies discussed the impact of dementia
severity on the individual’s capacity to participate as intended
and noted the need to adopt a flexible approach [51,54].

Cost
Cost was typically referred to in the context of equipment needs.
In most instances, the authors reported using inexpensive or
freely available photo and video software to produce digital
stories using devices already owned by researchers or
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participants. Of the 8 studies, 1 (13%) study reported that
funding was required to pay their student research assistants
[55]. Only 13% (1/8) of studies provided an examination of the
costs associated with time—researchers worked between 60
hours and 90 hours to produce lengthy digital stories, ranging
from consumer-level to professional quality—with the authors
acknowledging that family members may not have the time to
undertake this activity themselves [51].

Fidelity
Studies did not assess whether the activity implement was as
intended; fidelity of the protocols was not measured. Of the 8
included studies, 1 (13%) study stated that the authors’ existing
protocol for the digital storytelling workshop was modified for
the current sample (people living with dementia) before
commencement of the activity [54]; however, even in this study,
fidelity of the modified protocol was not assessed.

Adoption, Coverage, and Sustainability
The authors did not comment on adopting the activity in routine
practice at the individual or organizational level or the coverage
of the activity. Similarly, the authors did not report whether
digital storytelling activities were sustained or maintained in
their respective settings. However, the authors of 25% (2/8) of
studies reported that they had prepared digital storytelling
guidebooks that were available upon request for those interested
in adopting their approaches [48,51].
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memory; enhanced relationships among older adults, family,
and professional caregivers; and improved social connectedness.
Approaches to assessing outcomes were heterogeneous, with
outcomes assessed using a variety of quantitative and qualitative
methods.
The reported potential for implementation varied across the
studies. The included studies did not explicitly aim to examine
the potential for the implementation of their activities. Using
the implementation framework presented by Peters et al [42],
the review found some evidence for the acceptability of digital
storytelling through overall participant agreeableness and
enjoyment. However, some authors reported noteworthy issues,
including unanticipated negative emotions in few participants.
Studies delivered activities that were considered appropriate
for the target population; however, some issues related to fit
were reported, including participants’ poor digital literacy and
cognitive and emotional demands. There was evidence for
feasibility as retention was relatively high and recruitment rates
were adequate. Activities were delivered with a low financial
cost; however, in some instances, the time commitment required
for researchers, and research assistants, and family members
was considerable. Studies did not discuss the adoption of the
activity at the individual or organizational level, sustainability
of the activity, or its coverage. Overall, findings from this review
suggest that digital storytelling is implementable when activities
are designed with careful consideration of the physical,
cognitive, and emotional needs of the target population.

Discussion

Limitations

Principal Findings

The MMAT [46] demonstrated that the included studies were
generally of high quality.

The purpose of this systematic review was to explore the
characteristics, outcomes, and potential for implementation of
digital storytelling with older adults. This review summarizes
the methods used to produce digital stories, features of the digital
story products, health-related outcomes of digital storytelling,
and implementational considerations of digital storytelling
activities. The 8 studies that were reviewed comprised 62
participants aged between 60 and 99 years, most of whom had
a diagnosis of dementia or MCI and lived in the community.
The review adopted an overly inclusive definition of digital
storytelling, whereby restrictions were not placed on the level
of participant involvement in creating stories, time taken to
produce stories, or the length of the stories themselves, provided
they satisfied all other inclusion criteria. Studies used markedly
different methods for producing digital stories; in most studies,
digital stories were cocreated by older adults and researchers
and family members over several weeks. Some were short (eg,
3-5 minutes), consistent with Lambert’s protocols [21] and
others were significantly longer, such as the multimedia
biographies that were up to 70 minutes in length [32]. Digital
stories were centered on the lived experiences of older adults,
including stories of family, work, travel, and significant places
and events. All digital stories used personal and generic images
and voiceover narration, with many including music and some
including moving images or video and sound effects.
Digital storytelling was associated with four overarching
health-related outcomes: positive mood and affect; improved
https://www.jmir.org/2022/1/e28113
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However, several important questions remain unanswered. The
single-group repeated measure designs of the quantitative studies
pose a low level of evidence [56]. As none of the included
studies used a comparator group, conclusions regarding the
efficacy of digital storytelling compared with other or no activity
cannot be made with confidence. Notably, the studies also did
not conduct follow-up assessments to explore whether the effects
were sustained for greater than a week [47] following digital
storytelling. Studies did not generally aim to explore or account
for confounding factors in their analyses—it remains largely
unknown what components of the digital storytelling process,
such as social interaction, stimulating and sharing of memories,
feeling heard and valued, and producing a tangible digital story,
have the most effect on outcomes. In addition, it remains
unknown whether the outcomes of the digital storytelling
process (after creation) are distinct from those related to digital
story viewing (after viewing). Although some studies assessed
outcomes at several time points, this question was not explicitly
addressed and remains to be explored further. Nearly all
participants (58/62, 93%) in the pool of reviewed studies were
living with dementia or MCI. Hence, findings from this review
may not be generalizable to cognitively healthy older adults.
Owing to the considerable heterogeneity of the studies, a
qualitative content analysis was conducted to synthesize the
evidence presented. The overly inclusive definition of digital
storytelling was necessary to capture all relevant studies in this
emerging literature; however, the robustness of the synthesis is
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moderately limited by the markedly differing purposes of digital
storytelling and heterogeneous outcome measurement across
only a few studies. A larger number of homogenous studies
would allow a more confident account of the outcomes of digital
storytelling.

reported at least one health-related outcome. Hence, studies
were not included in this review if they did not report health
outcomes; studies that only reported on methods or
implementation potential of digital storytelling activities were
not included in the current review.

Although an exhaustive search method was used, a librarian
with expertise in search strategies was not consulted and forward
citation tracking was not conducted. Gray literature, besides
unpublished theses and conference papers, was not searched.

Conclusions

Furthermore, the primary focus of this review and the search
criteria was to explore the health-related outcomes of digital
storytelling activities—studies were only included if they

This is the first review to systematically survey the current state
of digital storytelling literature for older adults. Despite varied
approaches, the review found that, when used with older adults,
digital storytelling is largely acceptable and feasible and shows
potential for benefits related to mood and affect, memory,
quality of relationships, and social engagement.
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Abstract
Background: The number of people with chronic diseases and the subsequent pressure on health care is increasing. eHealth
technology for diagnostic testing can contribute to more efficient health care and lower workload.
Objective: This systematic review examines the available methods for direct web-based access for patients to diagnostic testing
and results in the absence of a health care professional in primary care.
Methods: We searched the PubMed, Embase, Web of Sciences, Cochrane Library, Emcare, and Academic Search Premier
databases in August 2019 and updated in July 2021. The included studies focused on direct patient access to web-based triage
leading to diagnostic testing, self-sampling or testing, or web-based communication of test results. A total of 45 studies were
included. The quality was assessed using the Mixed Methods Appraisal Tool.
Results: Most studies had a quantitative descriptive design and discussed a combination of services. Diagnostic test services
mainly focused on sexually transmitted infections. Overall, the use was high for web-based triage (3046/5000, >50%, who used
a triage booked a test), for self-sampling or self-testing kits (83%), and the result service (85%). The acceptability of the test
services was high, with 81% preferring home-based testing over clinic-based testing. There was a high rate of follow-up testing
or treatment after a positive test (93%).
Conclusions: The results show that direct access to testing and result services had high use rates, was positively evaluated, and
led to high rates of follow-up treatment. More research on cost-effectiveness is needed to determine the potential for other diseases.
Direct access to diagnostic testing can lower the threshold for testing in users, potentially increase efficiency, and lower the
workload in primary care.
(J Med Internet Res 2022;24(1):e29303) doi:10.2196/29303
KEYWORDS
eHealth; systematic review; diagnostic testing; home-based test; self-test

Introduction
Background
As the population ages and the number of people with chronic
diseases increase, the pressure on the health care system
continues to rise [1,2]. This increased pressure is particularly
noticeable in primary care where, over the years, the workload
https://www.jmir.org/2022/1/e29303
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had already increased because of health care transformations.
Primary care physicians, for example, are required to perform
more preventive and complex care, work more according to
evidence-based guidelines, and focus on person-centered care
delivery [3,4]. Thus, physicians are required to do more in less
time, and this increased workload can negatively affect the
quality of patient care [4,5] and result in lower levels of job
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satisfaction of health care professionals (HCPs) [6,7]. Care
delivery needs to be reformed to meet the needs of an aging
population.
eHealth has been identified as a potential method to make health
care delivery more efficient and can thereby help to decrease
the workload [8,9]. eHealth can be defined as “health services
and information delivered or enhanced through the Internet and
related technologies” [10,11]. Currently, different eHealth
applications are used to different extents in primary care. The
advantage of eHealth applications is that health care delivery
can be more efficient and can operate partially, or even
completely, independent of the HCP. Gaining more insight into
how eHealth is used in primary care can help to identify
promising approaches that may help to lower the workload in
primary care and contribute to better health care quality.
Requesting laboratory diagnostic testing, which refers to testing
to determine the presence of a disease, and the communication
of the results has shown promise for digitization. Indeed, eHealth
technology has been applied successfully in the three stages of
laboratory diagnostic testing. The first stage is triage and advice
on diagnostic testing, where typically an HCP asks the patient
a set of questions to determine whether and what diagnostic
tests are relevant. An example of web-based triage was provided
by Polilli et al [12], who used a web-based questionnaire (ie,
triage) to determine an individual’s risk for HIV and sexually
transmitted infections (STIs). On the basis of the calculated
risk, individuals were automatically linked to nearby testing
and counseling facilities. The second stage is the actual testing
(eg, a blood test is performed to determine the presence of an
infection). There have now been initiatives where laboratory
tests can be ordered on the internet and are shipped to the
individual for self-testing or self-sampling [13,14]. Self-testing
refers to an approach in which individuals can collect their
specimen (eg, blood) and interpret the results using a rapid
diagnostic test. In self-sampling, individuals collect their
specimens, but the specimen is tested elsewhere (eg, laboratory).
The third stage is the communication of test results to the patient.
A course of action is then determined based on the results.
Instead of having the HCP communicate the results, it can also
be communicated on the web or via an app, independent of the
professional. Automated SMS text messages can be used to
deliver tuberculosis testing results [15] or negative HIV test
results can be automatically reported using the internet or a
voicemail system. To our knowledge, a comprehensive overview
of the different methods used to provide patients with direct
web-based access to laboratory diagnostic testing and results is
not yet available.

Objective
The aim is to conduct a systematic review to identify and
summarize the available methods for direct web-based access
for participants to diagnostic testing and results in the absence
of an HCP in primary care. The available reviews show promise
(eg, suggesting that self-tests are acceptable and can increase
the uptake and frequency of testing) [16,17], but are limited to
self-sampling and self-testing and do not include other forms
of digitization. Moreover, the existing reviews focus on specific
populations such as men who have sex with men (MSM) [18,19]
https://www.jmir.org/2022/1/e29303
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or on specific health conditions such as HIV or chlamydia
[20,21]. To widen the scope, this systematic review will include
studies focusing on digitization in one or more phases of
laboratory diagnostic testing. Specifically, studies that focus on
direct access for patients to (1) web-based triage that leads to
diagnostic testing, (2) self-sampling or testing, or (3) the test
results are included (or both). The review was not restricted to
specific populations or health conditions. Identification and
summary of possible methods for direct access to diagnostic
testing and result services will help identify usable and effective
methods that can potentially increase the accessibility and
cost-effectiveness of health care and simultaneously reduce the
workload of primary care professionals.

Methods
The PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) guidelines for reporting systematic
reviews were used [22]. The systematic review was not
registered, but a strict protocol was used to search and select
studies and to select data.

Search Strategies
PubMed, Embase, Web of Science, Cochrane Library, Emcare,
and Academic Search Premier were searched on August 16,
2019, to identify publications about digitization in the laboratory
diagnostic setting (ie, web-based triage that leads to laboratory
testing, self-sampling or testing, or web-based communication
of laboratory test results). The search was updated on July 21,
2021. Search terms related to laboratory diagnostics and eHealth
were combined (see Multimedia Appendix 1 for the full search
strings). The search was limited to peer-reviewed publications.
The reference lists of relevant reviews and the selected
publications were also searched.

Study Selection
The titles and abstracts of the identified publications were
screened for relevance. The full text was screened when it
concerned potentially relevant publications or when there was
insufficient information in the abstract to adequately assess the
relevance. Several inclusion criteria were used to select the
relevant publications. First, the publication should focus on a
specific web-based laboratory diagnostic service. The service
could be (1) a web-based questionnaire or triage that directs
users to a laboratory test (in the clinic or at home), (2) an ordered
self-sampling or testing kit, or (3) a system for web-based
communication of laboratory test results to users. Second, the
laboratory diagnostic service should be (partly) independent of
an HCP (eg, the questionnaire or triage should not be
administered over the phone by the HCP; the test kit should not
be provided in-person; administering the test should not require
assistance from an HCP; and the test results should not be
communicated through a phone call). Regarding the latter, the
publication was included when it discussed a result service that
was partly independent of an HCP (ie, negative test results were
automatically communicated and, in case of positive test results,
there was contact between the HCP and patient). Third, the
publication should focus on primary care settings; however,
this exclusion criterion was omitted for studies conducted in
Africa (as there is no clear distinction between primary and
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secondary care). Fourth, the study outcomes should specifically
examine the laboratory diagnostic service (ie, the triage, test,
or web-based communication of the test results) and not the
surrounding procedures (eg, the acceptability of the consent
procedure or the development of the service). Relevant outcomes
included actual use or uptake, feasibility and acceptability, and
effectiveness (eg, the time taken to test for diagnosis,
understanding of test results, and the accuracy of triage).
Publications were excluded if the laboratory diagnostic service
focused on (national) screening campaigns, the monitoring of
disease progression, or retesting or increasing retesting rates.
Reviews, trial protocols, non–peer-reviewed papers, non-English
papers, and publications without data or with only hypothetical
data were also excluded. AV screened all the titles, and AV and
ET independently screened the abstracts and full-text
publications. For the second search, which was used to update
the data, KS screened all the titles. The screening of abstracts
was performed independently by AV and KS, and full-text
publication screening was performed independently by KS and
ET. Discrepancies were resolved through discussion.

Coding
A standardized coding form was used to extract all relevant
information from the identified publications. The following
information was extracted: (1) the first author and publication
year, (2) the country in which the study was conducted, (3) the
type of study design (using the classification by Hong et al [23]),
and (4) sample characteristics (ie, target group, sample size,
age, and gender). It was then determined which laboratory
diagnostic service was studied (ie, web-based triage,
self-sampling or testing, web-based result service, or any
combination of the former three options). The names of the
web-based laboratory diagnostic service and the recruitment
method were also coded. The different recruitment methods
were categorized as social marketing (eg, media, social media,
magazines, flyers, advertisements, or promotion in target
groups), community outreach (eg, face-to-face recruitment and
community events), health service recruitment (ie, direct
recruitment by the service provider in past service users), and
other recruitment strategies. Details of the laboratory diagnostic
services were extracted. Different data were collected based on
what services or combinations of services were studied. For the
web-based triage service, the aim of the triage was extracted,
and it was determined whether it resulted in clinic- or
home-based testing (ie, self-sampling or self-testing). For the
self-sampling or self-testing service, the following information
was extracted when applicable: (1) type of test (ie, self-sampling
or self-testing); (2) for what disease; (3) type of specimen (eg,
urine specimen); (4) method of how the test kit was ordered,
delivered, and how the specimen could be returned; (5) method
of instruction (ie, written or video); and (6) costs. For the
web-based result service, we coded the method of result
notification (eg, on the web or email), whether the notification
was entirely or partially independent from an HCP, the average
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number of days before results were communicated, and whether
individuals with positive results were linked to follow-up
confirmatory testing or treatment. Results were then extracted,
specifically results related to the service evaluation (see the
Study Selection section) and not, for example, the characteristics
of the service users. AV carried out the coding, and ET
independently coded a subsample. There was substantial
agreement between the 2 authors (ie, 77%). For the second
search, the update, coding was done by KS.

Quality Assessment
The quality of the included studies was assessed using the valid
Mixed Method Appraisal Tool (MMAT) [23]. This tool was
able to assess the quality of different study designs. The MMAT
was chosen because it can be used to assess the methodological
quality of 5 different study designs, specifically qualitative,
randomized controlled, nonrandomized, quantitative descriptive,
and mixed methods studies. The design was determined for
each publication, and 5 corresponding quality criteria were
rated. The criteria are shown in Multimedia Appendix 2. Each
item was rated with yes (ie, indicative of good quality), no (ie,
indicative of poor quality), or can’t tell (ie, insufficient evidence
to determine the quality).
Furthermore, a numeric score was calculated to provide insight
into the overall quality of each study. The AV conducted the
complete quality assessment, and ET assessed a 10% subsample.
The average Cohen κ was 0.80, indicating strong interrater
reliability [24]. For the second search, KS completed the quality
assessment of the studies (n=6).

Data Analysis
Data were extracted from the results sections of the studies, as
described in the coding paragraph. Relevant outcome measures
were extracted verbatim and added to the database, enabling
the clustering of different outcome measures. The main findings
are presented separately for the different service types. A
detailed description of the findings of the included studies is
provided in Multimedia Appendix 3 [12-15,25-65].

Results
Study Selection
As shown in Figure 1, the 2 search strategies resulted in 1671
publications after removing duplicates. The titles and abstracts
were screened for relevance, and the full texts of 141
publications were checked. A total of 96 publications were
excluded, most frequently, because the publication did not report
on a (web-based) diagnostic laboratory service (n=36), it
concerned a national screening campaign (n=19), or the service
was not independent of an HCP (n=15). Finally, 45 publications
were included in the qualitative synthesis, and 6 studies were
included in the second search.
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Figure 1. PRISMA (Preferred Reporting Item for Systematic Reviews and Meta-Analyses) flow diagram for study inclusion.

Study Characteristics
Most of the included studies had a quantitative descriptive
design (n=28) [12,13,15,25-50]. In the remaining studies, a
(quantitative) nonrandomized design was reported 6 times
[32,51-55], a randomized controlled design was reported 5 times
[56-60], a mixed methods design was reported 3 times
[14,61,62], and a qualitative design was reported 3 times
[63-65]. In 29 studies, a combination of services was offered;
specifically, triage, testing, and a result service in 14 studies
[13,28,40,42,46,49,51-53,56,57,59,60,63], triage and testing in
9 studies [26,27,29-33,35,37], and testing and a result service
in 6 studies [41,44,45,48,61,64]. Furthermore, 8 studies
discussed a testing service [14,25,34,38,43,47,58,62], 7
discussed a result service [15,35,39,50,54,55,65], and 1
discussed a triage service [12]. In the included studies, the
testing service was evaluated most often (ie, 82% of the studies).
Triage was evaluated in 2 studies [12,29] and the result service,
in 11 studies [15,35,39-41,44,46,50,54,55,65]. The services
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were evaluated in the United States (n=15), the United Kingdom
(n=9), Canada (n=6), Australia (n=2), Sweden (n=2), the
Netherlands (n=2), and China (n=2). The remaining studies took
place in Belgium, Brazil, Denmark, Estonia, France, Italy, and
Uganda (ie, all n=1). The sample sizes ranged from 10 to 37 in
the qualitative studies, with a mean of 21.60 (SD 9.7). The
sample size ranged from 102 to 1736, with a mean of 2205.90
(SD 3514.0) in the quantitative studies. Almost half of the
studies included both men and women (n=22)
[12,13,25,29,36,38,39,48,50-57,59-62,64,65], 11 studies
included MSM [27,28,34,35,41-43,45,47,49,63], 7 studies
included only women [30-33,37,44,46], 2 studies included only
men [26,58], 1 study included both MSM and transgender people
[14], 1 study included adults with presumptive tuberculosis
[15], and 1 study included past service users [40]. The mean
percentage of male participants was 62.34% (SD 35.1%), and
the mean age was 27.37 years (SD 4.7 years) (the average across
the 15 studies that reported a mean) and ranged from 20.70 to
37.90 years. The study characteristics are shown in Table 1.
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Table 1. Study characteristics.
Study and country

Study design

Study population

Sample size, n Males, n (%)

Age (years)

Service type

Ahmed-Little et al,
Mixed methods
2015 [61], the United
Kingdom

Persons aged ≥16
years

2247

1043 (46.41)

Mean 22.60

Testinga, result

Andersen et al, 2001
[25], Denmark

Quantitative descriptive

Persons aged 21 to
23 years

183

64 (34.9)

—b

Testing

Babirye et al, 2019
[15], Uganda

Quantitative descriptive

Adults with presump- 233
tive tuberculosis

114 (48.9)

IQR 27-50

Result

Barnard, 2018 [51],
the United Kingdom

Quantitative nonrandomized

Personsaged ≥16
years

5747

2489 (43.31)

IQR 23-32

Triage, testinga, result

Brown, 2018 [56], the Quantitative RCTc
United Kingdom

High-risk persons
aged ≥16 years

8999

7015 (77.95)

72% aged between 16 and
34

Triage, testinga, result

Chai, 2010 [26], the
United States

Quantitative descriptive

Men aged ≥14 years 501

501 (100.00)

IQR 21-30

Triage, testinga

de Boni, 2019 [27],
Brazil

Quantitative descriptive

MSMd aged ≥18
years

3218

3218 (100.00) IQR 22-31

Triage, testinga

Dulai, 2019 [49],
Canada

Quantitative descriptive

Men who are gay,
bisexual, and MSM
aged ≥18 years

1272

1272 (100.00) 53% aged between 18 and
39

Triage, testinga, result

Elliot, 2016 [28], the
United Kingdom

Quantitative descriptive

MSM

17,361

17,361
(100.00)

—

Triage, testinga, result

Grandahl et al, 2020
[64], Sweden

Qualitative

Personsaged ≥15
years

20

9 (45)

Mean 30.8

Testinga, result

Grandahl, 2020 [48],
Sweden

Quantitative descriptive

Personsaged ≥15
years

1785

546 (30.58)

Mean 27.3

Testinga, result

Gaydos, 2016 [30],
the United States

Quantitative descriptive

Women

102

0 (0)

64% aged between 18 and
29

Triage, testinga

Gaydos, 2016 [29],
the United States

Quantitative descriptive

Persons aged ≥14
years

1394

558 (40.02)

Mean 28.13

Triagea, testing

Gaydos, 2011 [32],
the United States

Quantitative nonrandomized

Women aged ≥14
years

1171

0 (0.00)

Mean 25.00

Triage, testinga

Gaydos, 2009 [31],
the United States

Quantitative descriptive

Women aged ≥14
years

1203

0 (0.00)

Median 23

Triage, testinga

Gaydos, 2006 [33],
the United States

Quantitative descriptive

Women aged ≥14
years

400

0 (0.00)

Mean 26.10

Triage, testinga

Gilbert, 2019 [52],
Canada

Quantitative nonrandomized

Persons aged ≥14
years

381

270 (70.86)

Range 18-74

Triage, testinga, resulta

Gilbert, 2017 [13],
Canada

Quantitative descriptive

Persons aged ≥14
years

868

619 (71.31)

Median 32

Triage, testinga, result

Jin, 2019 [34], China

Quantitative descriptive

MSM aged ≥16
years

879

879 (100.00)

IQR 24-34

Testing

Kersaudy-Rahib, 2017 Quantitative RCT
[57], France

Persons aged 18-24
years

11,075

5152 (46.52)

Mean 20.70

Triage, testinga, result

Knight, 2018 [63],
Canada

Qualitative

MSM aged ≥15
years

37

37 (100.00)

Mean 37.90

Triage, testinga, result

Koekenbier, 2008
[35], the Netherlands

Quantitative descriptive

MSM

898

898 (100.00)

—

Result

Kuder, 2015 [53], the
United States

Quantitative nonrandomized

Persons aged ≥14
years

1211

484 (39.97)

Mean 27.47

Triage, testinga, result

Kwan, 2012 [36],
Australia

Quantitative descriptive

Persons aged ≥16
years

377

206 (54.64)

71% were
aged <30

Triage, testinga
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Study and country

Study design

Study population

Sample size, n Males, n (%)

Age (years)

Service type

Ladd, 2014 [37], the
United States

Quantitative descriptive

Women

205

0 (0.00)

Mean 25.80

Triage, testinga

Ling, 2010 [54], the
United States

Quantitative nonrandomized

Men and women

9056

5196 (57.37)

85% were
aged ≥20

Result

Mák, 2015 [55],
Canada

Quantitative nonrandomized

Persons aged ≥18
years

3292

1244 (37.79)

62% were
aged ≥55

Result

Martin, 2009 [38],
Australia

Quantitative descriptive

Persons aged 16-24
years

413

224 (54.2)

67% aged between 16 and
24

Testing

Morris, 2010 [39], the Quantitative descriptive
United States

Persons aged ≥18
years

3138

2563 (81.67)

62% aged between 25 and
44

Result

Nadarzynski, 2018
Quantitative descriptive
[40], the United Kingdom

Service users

115

—

—

Triage, testing, resulta

Platteau, 2015 [41],
Belgium

Quantitative descriptive

MSM aged ≥18
years

1071

1071 (100.00) Mean 33.82

Testing, resulta

Polilli, 2016 [12],
Italy

Quantitative descriptive

Men and women

5000

—

—

Triage

Reagan, 2012 [58],
the United States

Quantitative RCT

Men aged 18-45
years

200

200 (100.00)

Mean 30.75

Testing

Ricca, 2016 [42], the
United States

Quantitative descriptive

MSM aged ≥18
years

896

896 (100.00)

Mean 30.00

Triage, testinga, result

Robinson, 2019 [65],
Canada

Qualitative

No inclusion criteria 21

12 (57)

38% aged between 60 and
69

Result

Rosengren, 2016 [43], Quantitative descriptive
the United States

Black and Hispanic
MSM aged ≥18
years

125

125 (100.00)

63% aged between 18 and
30

Testing

Rotblatt, 2013 [44],
the United States

Women aged 12 to
25 years

2659

0 (0.00)

Median 22.3

Testinga, resulta

Rüütel, 2015 [45], Es- Quantitative descriptive
tonia

MSM aged ≥18
years

265

265 (100.00)

53% were
aged ≥30

Testinga, result

Spielberg, 2014 [46],
the United States

Women aged 18-30
years

217

217 (100)

Median 25

Triage, testinga, resulta

Quantitative descriptive

Quantitative descriptive

Talboom-Kamp, 2020 Quantitative descriptive
[50], the Netherlands

No inclusion criteria 354

—

—

Result

Wilson, 2019 [60], the Quantitative RCT
United Kingdom

Persons aged 16-30 528
years whom had
never had a sexually
transmitted infection
test

254 (48.1)

Mean 21.30

Triage, testinga, result

Wilson, 2017 [59], the Quantitative RCT
United Kingdom

Persons aged 16-30
years

846 (41.01)

Mean 23.00

Triage, testinga, result

Witzel, 2019 [14], the Mixed methods
United Kingdom

MSM and transgen- 1035/10
der people aged ≥16
years

1035 (100)/ 10 IQR 26 to 42
(100)
or 60% aged
between 26
and 40

Testing

Witzel, 2021[62], the
United Kingdom

Transgender people
aged ≥16 years

94 (79.66)/ 12 IQR 22 to 37
(60)
or 35% aged
between 16
and 25

Testing

Mixed methods
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Study and country

Study design

Study population

Sample size, n Males, n (%)

Age (years)

Service type

Zhong, 2017 [47],
China

Quantitative descriptive

MSM aged ≥18
years

380

54% aged between 25 and
34

Testing

380 (100)

When multiple services were discussed in a study, footnote a identifies the service for which data was reported.

b

—: data not available.

c

RCT: randomized controlled trial.

d

MSM: men who have sex with men.

Service Provider Characteristics
Within the 45 studies included in this review, 31 different
providers were examined. The characteristics of the service
providers are shown in Table 2, and more details are provided
in Appendix 4 [12-15,25-65]. About half of the service providers
offered a combination of services. A total of 9 providers offered
a triage, testing, and result service, 5 offered a testing and result
service, and 2 offered a triage and testing service. The remaining
providers offered a single service (ie, testing [n=7], result [n=7],
or triage [n=1]). Social marketing was most often used to recruit
service users or study participants, with 16 providers using it
as the sole recruitment strategy and 5 providers combining it
with community outreach. The health service recruited 7
providers, and 3 studies reported no information on the applied
recruitment strategy.
Triage was offered by 12 different service providers, either
alone or in combination with other services. Triage aimed to
estimate the risk of having a disease and identify individuals
who need to test. The aim of the triage, however, was not
specified for 5 providers. In most cases, web-based triage
directed users to home-based testing (83%). A total of 23
providers offered testing as a service (alone or in combination
with other services); 12 providers offered testing for 1 disease,
and 11 offered testing for >2 diseases (ie, ranging from 2 to 6).
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Testing was most often available for chlamydia (n=13), HIV
(n=12), and gonorrhea (n=10). Providers also tested for
trichomonas (n=3), syphilis (n=3), hepatitis B (n=1), hepatitis
C (n=1), lymphogranuloma venereum (n=1), and mycoplasmosis
(n=1). Most of the tests were performed with a self-sampling
test (n=18), whereby the samples were returned to the laboratory
and analyzed according to the gold standard. All laboratories
provided high-quality analysis with accredited and certified
equipment. Self-testing was offered by 5 providers and targeted
HIV (n=5) and syphilis (n=1). The testing service was almost
always free of charge (87%). A small shipping fee was charged
by 1 provider, and 1 provider charged US $23 that would be
refunded after the user had shared the test results with the staff.
A result service was offered by 20 providers (alone or in
combination with other services). Different methods were used
to communicate the test results, with 8 providers relying on a
single method and 10 providers using different methods for
result communication. Test results were most often accessible
on the internet (n=12) or communicated over the phone (n=10).
The results could also be communicated using SMS text
messaging (n=6) or email (n=2). The communication of the test
results was, in most cases, not completely independent from an
HCP (70%). Often, the results were presented on the web, but
users were called by the HCP when they had a positive result
[39,63], or users were called when they had not checked their
results on the internet [41].
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Table 2. A description of the diagnostic testing and result service provider.
Service provider

Recruitment
methoda

Triage,
Testing
type of
follow-up
testing

Result

Diseases

Type of homebased test

Cost on aver- Method
age (US $)

Independent
health care
provider

Triage service
Social

Clinic

HIV, hepatitis
B and C,
syphilis

—b

—

—

—

C-project [38]

Social

—

Chlamydia

Self-sampling

Free

—

—

Easy test [34]

Social; Community —

HIV

Self-testing

2-3

—

—

Fai il test anche TU
project [12]
Testing service

UCLA free HIV self-test Social
program [43]

—

HIV

Self-testing

Free

—

—

Social entrepreneurship
testing [47]

—

—

HIV, syphilis

Self-testing

23

—

—

SELPHI [14,62]

Social

—

HIV

Self-testing

Free

—

—

Unknown [25]

Social

—

Chlamydia

Self-sampling

Free

—

—

Unknown [58]

Social; Community —

Chlamydia,
gonorrhea

Self-sampling

Free

—

—

Unknown [48,64]

Health service

—

Chlamydia,
gonorrhea

Self-sampling

Free

—

—

GxAlert [15]

Health service

—

Tuberculosis

—

—

SMS text mes- Yes
saging

Syfilistest.nl [35]

Social

—

Syphilis

—

—

Web-based

Yes

Early test [39]

Social

—

HIV

—

—

Web-based;
phone

Partly

Result system of Denver Health service
Metro Health Clinic [54]

—

Chlamydia,
gonorrhea

—

—

Web-based

Partly

Excelleris [55]

Health service

—

Not limited to a —
specific disease

—

Web-based

Yes

Patient portal [50]

Health service

—

Not limited to a —
specific disease

—

Web-based

Partly

myCARE [65]

Health service

—

Not limited to a —
specific disease

—

Web-based

Partly

A hora é Agora [27]

Social

Home

HIV

Self-testing

Free

—

—

Online Chlamydia Testing program [36]

Social

Home

Chlamydia,
gonorrhea

Self-sampling

Free

—

—

Swab2Know [41]

Social

—

HIV

Self-sampling

Free

Web-based;
email; phone

Partly

Do not think, know [44]

Social; Community —

Chlamydia,
gonorrhea

Self-sampling

Free

Web-based;
phone

Partly

(refunded)

Result service

Triage and testing service

Testing and result service

https://www.jmir.org/2022/1/e29303

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e29303 | p.214
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Service provider

Recruitment
methoda

Testikodus [45]

Social
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Triage,
Testing
type of
follow-up
testing

—

Result

Diseases

Type of homebased test

Cost on aver- Method
age (US $)

Independent
health care
provider

Chlamydia,
gonorrhea, trichomonas,

Self-sampling

Free

Web-based

Yes

Partly

LGVc, mycoplasmosis
RUClear [61]

—

—

HIV

Self-sampling

—

Phone; SMS
text messaging; letter

Triage, testing, and result service
DS@H [28]

Social

Home

HIV

Self-sampling

Free

SMS text mes- Partly
saging; webbased; phone

GetCheckedOnline

Social

Home,
clinic

Chlamydia,
gonorrhea

Self-sampling

Free

Web-based;
phone

Let’s talk about it NHS
[40]

Health service

Home

Chlamydia,
gonorrhea,
HIV, syphilis,
hepatitis B and
C

Self-sampling

Free

SMS text mes- Partly
saging; phone

Checking in [42]

Social

Home

HIV

Self-sampling

Free

Phone

Partly

eSTI [46]

Social; Community Home

Chlamydia,
gonorrhea, trichomonas

Self-sampling

Free

Web-based

Yes

SH:24 [48,59,60]d

Social; Community Home

Chlamydia,
gonorrhea,
HIV, syphilis

Self-sampling

Free

SMS text mes- Partly
saging; phone

Freetesting.hiv [56]

—

Home

HIV

Self-sampling

Free

SMS text mes- Partly
saging; phone

Chlamyweb [57]

Social

Home

Chlamydia

Self-sampling

Free

Email; postal
service

Partly

I Want The Kit

Social

Home

Chlamydia,
gonorrhea, trichomonas

Self-sampling

Free

Web-based

Yes

[13,49,52,63]d

[26,29-33,37,53]d

Partly

a

The methods used to recruit participants or service users was reported; specifically, social=social marketing, community=community outreach, and
health service=health service recruitment.
b

Data not available.

c

Lymfogranuloma venereum.

d

The service provider was investigated in multiple studies. The specific characteristics of each study are presented in Multimedia Appendix 3.

Quality Assessment
Quality assessment using the MMAT of the studies is shown
in Table 3. The quality of the included studies was good, with
an average score of 3.86 (SD 0.6; on a scale from 0 to 6). The
average quality score ranged from 3.33 (SD 1.5) for mixed
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methods studies to 4.67 (SD 0.57) for qualitative studies. A
shortcoming was that, in the studies using a quantitative
descriptive design, the nonresponse was not clearly reported in
23 of the 25 studies. Therefore, it is unclear if these studies were
at risk of nonresponse bias.
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Table 3. Quality assessment of the included studies using the Mixed Method Appraisal Tool (MMAT).
Included studies

MMAT quality criteriaa
1

2

MMAT scoresb
3

4

5

Qualitative

4.67

Knight et al [63]

+c

Grandahl et al [64]

+

Robinson et al [65]

(+/−)

d

+

+

+

+

5

+

+

+

+

5

+

+

+

+

4

Quantitative randomized controlled trials

4.20

Brown et al [56]

+

+

+

+/−

+

4

Kersaudy-Rahib et al [57]

+

+

−e

+/−

+

3

Reagan et al [58]

+

+

−

+

+

4

Wilson et al [59]

+

+

+

+

+

5

Wilson et al [60]

+

+

+

+

+

5

Quantitative nonrandomized

3.83

Gaydos et al [32]

+

+

+

+/−

+

4

Barnard et al [51]

+

+

−

+

+

4

Gilbert et al [52]

−

+

+/−

+

+

3

Kuder et al [53]

+

+

−

−

+

3

Ling et al [54]

+

+

+

+

+

5

Mák et al [55]

−

+

+

+

+

4

Quantitative descriptive
Polilli et al [12]

+

+

+

+/−

+

4

Gilbert et al [13]

+

+

+

+/−

+

4

Babirye et al [15]

+

+

+

+

+

5

Andersen et al [25]

+

+

+

+/−

+

4

Chai et al [26]

+

+

+

+/−

+

4

de Boni et al [27]

+

+

+

+/−

+

4

Elliot et al [28]

+

+

+

+/−

+/−

3

Gaydos et al [29]

+

+

+

+/−

+

4

Gaydos et al [30]

+

+

+

+/−

+

4

Gaydos et al [31]

+

+

+

+/−

+

4

Gaydos et al [33]

+

+

+

+/−

+

4

Jin et al [34]

+

+

+

+/−

+

4

Koekenbier et al [35]

+

+

+

+/−

+

4

Kwan et al [36]

+

−

+

+/−

+

3

Ladd et al [37]

+

+

+

+/−

+

4

Martin et al [38]

+

−

+

+/−

+

3

Morris et al [39]

+

+

+

+/−

+

4

Nadarzynski et al [40]

+

+/−

+

+/−

+

3

Platteau et al [41]

+

+

−

+/−

+

3

Ricca et al [42]

+

+

+

+/−

+

4

Rosengren et al [43]

+

+

+

+/−

+

4

Rotblatt et al [44]

+

+

+

+/−

+

4
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MMAT quality criteriaa

MMAT scoresb

1

2

3

4

5

Rüütel et al [45]

+

−

+

−

+

3

Spielberg et al [46]

+

+

+

+/−

+

4

Zhong et al [47]

+/−

+

+

+/−

+

3

Grandahl et al [48]

+

+

+

−

+

4

Dulai et al [49]

+

+

+

−

+

4

Talboom-Kamp et al [50]

+

+

+

−

+

4

Mixed methods

a

3.33

Witzel et al [14]

+

+

+

+

−

4

Ahmed-Little et al [61]

+/−

−

+

+

−

2

Witzel et al [62]

+

+

+

+/−

+

4

The criteria differed according to the design. A description of the criteria is provided in Multimedia Appendix 2.

b

The average Mixed Method Appraisal Tool score across all designs is 3.86. The overall grade is the sum of the number of quality criteria that were
assessed as good.
c

Good quality.

d

Insufficient evidence to determine the quality.

e

Poor quality.

Findings by Type of Service
Overview
The findings are discussed separately for triage, testing, and
result service. For clarity, the findings of follow-up testing and
treatment are jointly discussed for the testing and result service.
A more detailed description of the findings is provided in
Multimedia Appendix 4.
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Triage Service
A total of 2 studies evaluated the triage service, which showed
that the use of web-based triage services could be quite high
with those completing the web-based triage and booking an
appointment for a test (more than 50%). Notably, most of the
individuals who tested positive were also linked to treatment.
Furthermore, the predictive value of triage showed a prediction
of STI positivity in women. For more detailed information, see
Table 4.
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Table 4. Results of the triage and test services per specific outcome measure.
Service and general outcome

Specific outcome measure

Results

Use

•

Use of web-based triage services can be quite high; more than 50% (3046/5000)
of those who completed the web-based triage also booked an appointment for
HIV clinic-based testing. Notably, the majority also presented for testing (87%),
and most of the individuals who tested positive were also linked to treatment
(93%) [12]

Predictive value

•

Gaydos et al [29] found that the score on the risk assessment predicted STIb
positivity for females but not males

Return specimen

•

The percentage of returned tests or specimens for analyses was frequently reported [13,25,26,28,37,38,42,44-46,48,51,56,61]
Range: 24 [45] to 85% [42,48]; mean 52.8% (SD 19.6%)

Triage
—a

Test
Use

•
Used tests

•
•
•

In 4 studies, the percentage of used home-based tests was given [14,36,43,47]
Range: 56 [36] to 100% [43]; mean 83% (SD 19.3%)
The highest percentage might be an overestimation of the actual use because
people had to self-report the use of the tests in a follow-up survey [43]

Comparison home-based testing vs clinic-based testing

•
•

In 4 studies, home-based testing was compared with clinic testing [57-60]
The average percentage of test use was higher among those who were offered
a home test compared with those who were offered a test at the clinic (mean
49%, SD 17.8% vs mean 27%, SD 16.1%, respectively)

Other

•

Home-based test uptake was highest when the results would be presented through
the internet [53]

•

When users received primers before the arrival of the test kit at home (eg, set
aside a time to complete the test) and behavioral insight reminders [56]

•

Eight studies examined whether there was a preference for home-based or
clinic-based testing [26,30,32,33,43,46,63]
Range: 62 [30] to 95% [46]; mean 81% (SD 12.7%) who preferred home-based
testing
One study reported a barrier to clinic-based testing: that it was easier to stay at
home than go to the clinic [49]

Acceptability or usability
Home-based testing vs clinicbased testing

•
•

Easy to perform

•
•

Acceptability instructions

•
•

Acceptability in general

•
•

Recommendation

https://www.jmir.org/2022/1/e29303
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Seven studies reported how easy it was to perform home-based testing
[14,26,30,32,33,36,43]
Range: 88% [26] to 97% [14,32]; mean 94% (SD 3.5%)
Five studies examined the acceptability of the instructions for home-based
testing [14,27,30,58,61]
Mean 93% (SD 5.3%) considered the instructions to be easy.
In 3 studies, the acceptability of the home-based test service, in general, was
reported [59-61]
Mean 75% (SD 4.5%)

The percentage of participants who would recommend the service of testing at home
to a friend was 98% in 2 studies [36,46], and in Gaydos et al [30], it was 77%
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Specific outcome measure

Results

Other

•
•
•
•
•
•
•

Cost-effectiveness

Other outcomes

Cost-effectiveness

—

•

Grandahl et al [64] reported that most users highly appreciated the service and
found the service easy to use, convenient, and confidential. They would use the
service again in the future, even if the costs were higher

•

Kersaudy-Rahib et al [57] reported that the price for home-based testing was
three times lower compared with clinic-based testing

•

Ahmed-Little et al [61] showed that the costs for HIV testing per person were
around “€27 (US $ 30.45), which is in line with testing costs in national HIV
testing pilots

•

The reasons to self-test were that it reduced HIV testing barriers, desire to use
new technology, and altruistic motivation [14]
Other reasons mentioned for HIV self-testing were inaccessible and inappropriate
clinical services [62]. In Martin et al [38] users reported that they did the test
because it was easy and it was for free
Zhong et al [47] reported convenience and to save time, protection of privacy,
ease of use, and accuracy as reasons to perform a home-based self-test. Facilitators were ease of use, anonymity, and the ability to test alone. Barriers were
concerns about accuracy, potential costs, and concerns about self-interpreting
the results
Dulai et al [49] reported that 20% were worried about their online information
privacy, and 5% had low trust in this service

•
•

•
•

a

The perceived reliability of the test results was reported in Gaydos et al [30]:
97% of the users trusted the results of the home-based test service
Chai et al [26] found that 85% found it a safe way of testing
Witzel et al [14] found that 97% had an overall good experience with the homebased test service
Chai et al [26], Gaydos et al [32], and Dulai et al [49] both reported that around
90% would use the home-based test service again
Gaydos et al [33] report that 86% would use this home-based testing method
in daily life
de Boni et al [27] reported that 91% found it (very) easy to use the website
Grandahl et al [48] reported that more than 90% found the overall home-based
test service good or very good

Some barriers mentioned in Grandahl et al [64] were the use of complicated
language, uncertainty about the procedure, unreliable postal service, and insecure
data handling

No general outcome measure.

b

STI: sexually transmitted infection.

Testing Service
For the test service, different outcome measures were found
with different objectives. Studies with outcomes focusing on
the test services, which were home-based (eg, self-testing or
self-sampling), were discussed. The test use was reported to be
high (above 50%), and test uptake was higher among those
offered home-based tests than clinic-based tests. The number
of returned specimens was discussed frequently and showed
very different results with a wide range of percentages of
returned specimens. The acceptability and usability of the test
service scored high on the convenience of performing
home-based tests with easy instructions. The cost-effectiveness
of home-based tests showed lower or similar prices compared
with clinic-based testing. Furthermore, motivations for
self-testing were discussed. Ease of use, privacy, and anonymity
were identified as reasons to perform these tests. Important
barriers for these services were potential costs, accuracy,
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unreliable postal service, insecurity about handling data, and
self-interpreting the results. For more detailed information, see
Table 4.

Result Service
For the result service, different types of outcome measures were
found with different objectives. The use of the result service
exceeded 69%. Research showed that most participants viewed
their results on the same day as they were posted on the web,
and comprehension of these web-based results was high (above
75%). The acceptability of direct access to results using the
website was high, and the participants were satisfied with this
process. Direct access to diagnostic results led to shorter waiting
times for the results than for participants who did not receive
their results on the web. Limited access to the internet was a
reason for preferring to call the clinic for the results. For more
detailed information, see Table 5.
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Table 5. Results of the test and result services per specific outcome measure.
Service and general outcome

Specific outcome measure Results

Result
Use
Retrieved results on the
internet

•
•
•
•
•

Comprehension

The use of a result service was assessed in 6 studies [35,39,41,44,46,54]
The percentage of people who retrieved their results on the internet varied from
69 [39] to 97% [35]; mean 85% (SD 11.2%)
The service with the lowest retrieval rate called all users with a positive test result
and, if users were not called within 2 week they could access their results on the
internet
Spielberg et al [46] found that 88% viewed their test results on the same day that
the results were posted
Platteau et al [41] showed that significantly more people collected their test results
when the test was ordered online compared with testing during outreach activities

Waiting time

•

Gilbert et al [52] showed significantly shorter waiting times for those who used a
web-based platform compared with clinic clients

—a

•

Babirye et al [15] found that everyone could accurately relay the content of an
SMS text message that contained the tuberculosis test result
Comprehension was slightly lower in the other 2 studies: 75% and 87% understood
the content of the test result message, respectively [40,55]
Mák et al [55] showed that comprehension was significantly higher in the group
that did not receive their results on the internet
Robinson et al [65] showed that comprehension of the results differed from difficulty with the understanding of the results to no difficulty. However, when difficulties were there, the users pointed out that the reference range was helpful.

•
•
•

Acceptability
•
•

The acceptability was examined in 4 different studies [39,41,46,54]
Only 1 study specifically examined how comfortable users were with receiving
their results on the internet, and 87% was (very) comfortable with this process [39]

Ordering a test and receiv- •
ing results on the web
•
•

Two studies examined the acceptability of ordering a test kit on the web and receiving the web-based results
Platteau et al [41] found that 96% of the users were satisfied with this process
Spielberg et al [46] reported that 98% of the users found the service website easy
to use

•

The two main reasons for choosing to receive web-based results were having access
to the results any time of the day and the belief that results would be communicated
faster via the internet
A preference to call the clinic for results and limited access to the internet were
reasons to opt-out of web-based results [54]
The reasons for using web-based results were reported by Robinson et al [65] as

Comfortable with webbased results

Reasons

•
•

better communication with the HCPb, convenience, and being a steward of your
health care
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Specific outcome measure Results
—

•

•

•

•

The feasibility of using SMS text message to communicate tuberculosis test results
was examined in Uganda and scored relatively low; (ie, an SMS text message was
only transmitted to 62% of those who were eligible to receive an SMS text message
with test results [15])
One study found that users waited significantly shorter for web-based test results
than users who did not have web-based access [55]. Furthermore, this study showed
that the majority (ie, 86%) experienced no or low anxiety after receiving their test
results, and the level of anxiety was not different between those with or without
internet access
Another study examined user preferences for the content of the text messages
conveying the test results, and the majority preferred that the results of all tested
STIsc were discussed in one message and that the names of the STIs tested should
be included in the message [40]
One study reported that patients feel more comfortable and engaged with their
health care when they see the results themselves [65]. Besides, they reported that
it had no adverse effects

•

Two domains of the eHIQd were researched in one study to determine patient’s
attitude toward a web-based results service [50]. This eHIQ showed positive results
for the criteria: easy to use, trustworthy, and appropriate

•

The frequency of confirmatory testing for positive or uncertain or invalid test results
was described in 4 studies [27,35,43,61]
Range from 68% [27] to 100% [43,61]; mean 85% (SD 17.7%)

Test and result
Follow-up testing and treatment
Confirmatory testing

•
Follow-up after positive
result

•
•

Confirmatory testing and
treatment

Other

a

Follow-up treatment after a positive test result was described in 10 studies
[26,31,32,34,36,41-44,46]
Receiving web-based test results led to high treatment rates; mean 93% (SD 9.9%)

•
•

In 2 studies, confirmatory testing and treatment were described [28,47]
In Elliot et al [28], 67% of the reactive samples were confirmed, and all received
treatment. For 10% of the reactive samples, treatment could not be confirmed

•

In Zhong et al [47], everyone with a reactive test did confirmatory testing and was
linked to treatment

In 3 studies, different groups were compared with each other. It was shown that the
treatment rate was higher when users (1) had the option to receive web-based results
versus communicated over the phone (not significant) [54], (2) received their test kit at
home instead of at the primary care setting [57], and (3) received their results through
an automated result access system compared with service where participants had to call
for their test result [53]

Data not available.

b

HCP: health care professional.

c

STI: sexually transmitted infection.

d

eHIQ: e-Health Impact Questionnaire.

Test and Result Services: Follow-Up Testing and
Treatment
Follow-up testing and treatment have been discussed in several
studies. These studies showed that receiving web-based results
led to high treatment rates (mean 93%, SD 9.9%), and the
frequency of confirmatory testing after a self-test was above
68%. For more details, see Table 5.
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Discussion
Principal Findings
This systematic review aimed to gain insight into the available
methods for direct web-based access to patients for diagnostic
testing and results. A total of 45 studies were included. Most
of the studies used a quantitative descriptive design. Most of
the studies investigated a test or result service related to STIs.
In the 45 studies, 31 different providers were discussed. Half
of the providers offered a combination of services. Of the 3
different services, the test service was most often evaluated.
This review showed that direct patient access to testing and
result services was positively evaluated. The use of triage, test,
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and result services was high, and the acceptability among
patients was high. Moreover, follow-up confirmatory testing
and treatment rates were high with home-based testing.
An update of the literature search was performed after the third
wave of the COVID-19 pandemic. However, no studies were
found regarding direct access to diagnostic testing and results
services for this disease. This could be because free tests were
often offered by the governments of countries. There have been
commercial companies offering tests for SARS-CoV-2;
however, scientific research has not yet been performed.
This review found that the use rates of home-based tests were
high and that direct web-based access to results was appreciated
and generally well-understood. An overall preference for
home-based testing versus clinic-based testing was found.
Importantly, follow-up treatment after a positive home-based
test was high and, in some studies, was even higher when tests
were performed at home compared with the clinic. The overall
positive findings of this systematic review contradict earlier
voiced concerns about self-testing and self-sampling, such as
that users would be insufficiently linked to follow-up testing or
treatment [66,67]. It was reported in 1 study that 70% of
participants were afraid to carry out the self-test properly [67].
This contrasted with our findings, which indicated that users
found self-tests easy to use and that the instructions were clear
and reliable. Nevertheless, it is important to include end users
in the design phase when setting up such services to ensure
usability and acceptability [68]. In addition, although most
studies reported high acceptability and comprehension of test
results communicated on the web, 1 study reported that
interpreting the results was easier when they were communicated
in person (vs via the internet). This contradictory finding might
be because this study discussed a general result service portal
and not a portal specifically for STI results. To minimize the
risk of misunderstanding, it is important that future research
examine the content and how this content can best be presented
to users [50].
Furthermore, the quality of the laboratory tests used in these
studies was high. Therefore, this review disproves the
aforementioned concerns about home-based diagnostic tests
[66,67] and shows that these tests with direct access to
web-based result services could contribute to easily accessible
diagnostic testing [69].
The high acceptability of the test and result services and the
high rates of follow-up for treatment create opportunities for
primary care. The workload for primary care is high [3,4].
eHealth technologies can make health care delivery more
efficient, and therefore, the adoption of eHealth is being
stimulated worldwide [9]. By providing patients with direct
access to web-based testing and results, patients would not need
to visit their HCP, potentially lowering the number of
consultations in primary care. Consequently, it would leave
HCPs with more time to focus on complex health care and
consultations that cannot be executed via the internet. Another
reason for home-based diagnostic testing is to lower the testing
threshold. Patients can experience feelings of embarrassment
or shame for tests such as STI, which can result in delays in
testing [70]. Allowing individuals to order tests on the web can
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make it more convenient for them to get tested and may help
diagnose and treat diseases sooner. However, future research
should investigate whether these types of test services lead to
excessive use. At the same time, it is important to emphasize
that this review identified that direct access to diagnostic testing
exhibited benefits for patients, such as comfort, ease, and
time-saving. A few barriers should be addressed to allow
home-based diagnostic testing in practice. An important barrier
to eHealth adoption in primary care is, for example, the cost
[71]. In the Netherlands, diagnostic tests ordered by a primary
care physician are covered by health insurance. However,
home-based diagnostic testing has not yet been covered by
insurance. To stimulate home-based testing, the costs of
home-based diagnostic testing should be covered by an
individual’s health care insurance. Therefore, it would be useful
to investigate the cost-effectiveness of home-based diagnostic
testing compared with clinic-based testing. In this review, only
2 studies discussed cost-effectiveness, more insight into how
valuable home-based diagnostic testing could be in the future
could be provided. Furthermore, home-based diagnostic testing
could work more efficiently in primary care if implemented for
a variety of conditions [72]. However, more research is needed
to elaborate on home-based diagnostic test services for diseases
other than STIs.

Strengths and Limitations
The strengths of this review lie in several aspects. First, the
study search strategy was comprehensive and not limited to a
specific disease or population. Second, a quality assessment
was performed for all included studies, and the quality of the
included studies appeared to be relatively high. However, it is
essential to consider that the MMAT was scored using a yes or
no score without nuances. Third, a comprehensive overview of
the study and service characteristics provided detailed insight
into the included studies.
This review has several limitations. First, there was
heterogeneity in the included outcome measures, which resulted
in a low number of studies reporting the same outcome.
Therefore, it was not possible to examine the pooled effect using
a meta-analysis. As the field advances quickly, more studies
are likely to become available soon, and a meta-analysis might
be possible. Second, almost all studies focused on STIs. For
that reason, it was unknown whether the findings regarding
usability and acceptability would generalize to test and result
services that target diseases other than STIs. Nevertheless, our
review provided insight into the potential of direct web-based
access to diagnostic testing, which could translate to other
diseases. Even for test results that were not dichotomous, which
was the case in STI testing, test results could be presented in a
web-based portal, for example, the identification of abnormal
and normal values for a test result with an option to contact a
physician [50]. A third limitation was that the mean age in the
included studies was relatively low, which could have led to
bias because a different, older population could have evaluated
these services differently [73]. Although eHealth services have
shown good use and result in older adult populations, it remains
to be determined whether this is also the case for web-based
diagnostic testing and results services [74]. There was a large
portion of the quantitative descriptive design studies (28/45,
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62%) that constituted the fourth limitation to this review. Only
5 studies had a randomized controlled trial design. Therefore,
selection bias cannot be ruled out, including sample
representativeness. Nevertheless, all studies underwent quality
assessment and scored relatively high.

Conclusions
Home-based testing showed higher use rates and follow-up
treatment rates compared with clinic-based testing. It was
demonstrated to be acceptable, safe, and convenient for users,

Versluis et al
which could lower the threshold for testing. Future research on
diagnostic testing for diseases other than STIs and
cost-effectiveness evaluation is needed. To conclude, this review
showed that eHealth technologies for diagnostic testing could
contribute to easy direct access to high-quality diagnostic testing
for patients and has the potential to increase efficiency and
possibility to reduce workload in primary care. In conclusion,
direct web-based access to diagnostic testing showed promising
results.
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Abstract
Background: Web-based mindfulness programs may be beneficial in improving the well-being outcomes of those living with
chronic illnesses. Adherence to programs is a key indicator in improving outcomes; however, with the digitization of programs,
it is necessary to enhance engagement and encourage people to return to digital health platforms. More information is needed on
how engagement strategies have been used in web-based mindfulness programs to encourage adherence.
Objective: The aim of this study is to develop a list of engagement strategies for web-based mindfulness programs and evaluate
the impact of engagement strategies on adherence.
Methods: A narrative systematic review was conducted across the MEDLINE Complete, CINAHL Complete, APA PsycINFO,
and Embase databases and followed the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analysis)
guidelines. Articles were screened using the population, intervention, comparator, and outcome framework. Adults aged >18
years with chronic health conditions were included in the study. Mindfulness interventions, including those in combination with
mindfulness-based cognitive therapy, delivered on the web through the internet or smartphone technology were included.
Interventions lasted at least 2 weeks. Studies with a randomized controlled trial design or a pilot randomized controlled trial
design were included. Engagement strategies, including web-based program features and facilitator-led strategies, adherence,
and retention, were included.
Results: A total of 1265 articles were screened, of which 19 were relevant and were included in the review. On average, 70.98%
(2258/3181) of the study participants were women with a mean age of 46 (SD 13) years. Most commonly, mindfulness programs
were delivered to people living with mental health conditions (8/19, 42%). Of the 19 studies, 8 (42%) used only program features
to encourage adherence, 5 (26%) used facilitator-led strategies, and 6 (32%) used a combination of the two. Encouraging program
adherence was the most common engagement strategy used, which was used in 77% (10/13) of the facilitator-led studies and
57% (8/14) of the program feature studies. Nearly two-thirds (63%) of the studies provided a definition of adherence, which
varied between 50% and 100% completion across studies. The overall mean participant compliance to the mindfulness programs
was 56% (SD 15%). Most studies (10/19, 53%) had a long-term follow-up, with the most common follow-up period being 12
weeks after intervention (3/10, 30%). After the intervention, the mean retention was 78% (SD 15%).
Conclusions: Engagement strategies in web-based mindfulness programs comprise reminders to use the program. Other features
may be suitable for encouraging adherence to interventions, and a facilitator-led component may result in higher retention. There
is variance in the way adherence is measured, and intervention lengths and follow-up periods are inconsistent. More thorough
reporting and a standardized framework for measuring adherence are needed to more accurately assess adherence and engagement
strategies.
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Introduction
Background
Mindfulness is the act of bringing awareness to the present
moment in a nonjudgmental and accepting way [1]. Mindfulness
programs are increasing in popularity as nonpharmacological
alternatives to manage both physiological and psychological
outcomes related to health conditions [2]. Psychological benefits
are evident in individuals across a variety of conditions,
including cancer [3] and mental illness [4], and physical health
outcomes have been observed through improved blood pressure
control [5] and improved glycemic control in people living with
diabetes [6].
Evidence shows that mindfulness skills can be improved through
greater engagement with meditation, home practice, face-to-face
contact with a facilitator, and a higher number of sessions per
week [7]. High adherence to both face-to-face and web-based
mindfulness programs results in significant improvements in
well-being outcome measures [8,9].
Mindfulness programs are increasingly being adapted to
web-based platforms, providing opportunities for more people
to participate compared with conventional face-to-face sessions
[10]. Typically, adherence to web-based interventions is low,
both with program adherence and study attrition [11]. Program
adherence is poorly defined but needs to be standardized across
studies; however, it is commonly conceptualized by the number
of log-ins or number of sessions or modules completed in a
program [12].
Adherence to web-based programs in previous reports has varied
between 39.5% and 92% [9] compared with adherence to
face-to-face settings, where the rates ranged between 26% and
100% [13] (based on definitions of 100% program completion).
Mindfulness programs are often 8 weeks long in duration [9],
with higher adherence having an impact on improved participant
outcomes [14]. There is a need to explore whether engagement
strategies can improve adherence to unmoderated web-based
interventions. High attrition in telehealth interventions is
common and can undermine the potential impact of programs
[15]. Adherence to mindfulness-based interventions is often
poorly defined and inconsistent across studies [16]. Promoting
long-term adherence and engagement with web-based
interventions may maximize the potential outcomes [17].
Engagement refers to the frequency and duration of use of the
interventions, such as logging in and out of programs [18].
Strategies to support engagement are used to encourage and
draw people back to the interventions [18]. Engagement can be
enhanced by the design and features of web-based interventions,
including the use of gamification, breaking content into
manageable blocks, and using a variety of formats to deliver
content such as video and visuals [19]. Other considerations for
improving engagement include guided interaction from trained
https://www.jmir.org/2022/1/e30026
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personnel [18], asynchronous emails [20], or web-based features
such as reminders [18]. Behavior change techniques are
engagement strategies incorporated into interventions to promote
sustainable changes in behavior [21]. Behavior change
techniques, such as notifications and semiautomated tracking,
have previously been adopted in app-based interventions and
have shown a positive impact on improving engagement [22].
In mindfulness programs, engagement involves regular
meditation and daily awareness exercises coupled with intention
motivation and commitment to practice [23]. Techniques such
as self-reflection are incorporated into mindfulness programs
and have been shown to positively impact symptoms in people
with anxiety and stress [24]. More recent techniques such as
machine learning [25] may also be used to tailor interventions
to user-specific needs, thereby maximizing the clinical outcomes
of users.
The influence of engagement strategies on program adherence
has not been compared across studies; however, it is an
important consideration when designing and implementing
web-based interventions. In this review, we explored the
engagement strategies applied in web-based mindfulness
programs and evaluated whether these strategies had an impact
on program adherence and retention.

Research Question
The following research question was used in the study: how
can engagement strategies be incorporated into web-based
mindfulness programs to improve adherence and retention?

Objectives
The objectives of this study are (1) to develop a list of
engagement strategies for web-based mindfulness programs
and (2) to evaluate the impact of engagement strategies on
adherence.

Methods
Search Process
This systematic review was guided by the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analysis)
framework [26]. The following databases were searched for
terms related to mindfulness, web-based programs, and
engagement strategies: MEDLINE Complete, CINAHL
Complete, APA PsycINFO, and Embase. The literature search
focused on identifying papers published between January 2015
and March 2020. A 5-year period was chosen to capture the
most recent web-based interventions. See Table S1 in
Multimedia Appendix 1 for an example of the search strategy
applied to the MEDLINE database. The reference lists of
relevant articles and systematic reviews were searched for
additional articles.
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Eligibility Criteria

Participant Characteristics

To guide the eligibility and screening process, the PICO
(population, intervention, comparator, and outcome) framework
[27] was used:

Gender, age, race, ethnicity, type of chronic illness or condition,
and patient and caregiver status were extracted.

Population

Studies were included in the review when they reported
per-protocol and intention-to-treat analyses. Because of variance
in reporting the intervention, adherence was assessed in 3
different ways depending on the data available:

Adults aged ≥18 years with a diagnosed chronic health condition
or self-reported anxiety or depression were included in the study.

Intervention
Mindfulness interventions delivered on the web through the
internet or smartphone technology were included. Mindfulness
programs were defined as those focusing specifically on
mindfulness-based practice, including programs using a
combination of mindfulness and cognitive behavioral therapy
(mindfulness-based cognitive therapy).
To allow for engagement strategies and adherence to be
analyzed, the interventions had to be at least 2 weeks in duration.
There is limited research to describe how long interventions
should be to warrant the inclusion of engagement strategies.
Previously, engagement was measured by reflecting on the
previous 2 weeks [23]. Therefore, we determined that
interventions had to be at least two weeks in duration to be
included in the review.

Comparator and Context

Adherence

1.

2.

3.

As a percentage of compliance with the intervention
protocol. For example, some authors defined adherence as
80% program completion, and in this review, we recorded
the percentage of the sample that was adherent with 80%
program completion.
In groups defined by the study authors. For example, in an
8-week program, some authors reported the percentage of
people who were adherent with 0- 3 sessions, 4- 6 sessions,
and 7-8 sessions. In this review, we recorded the percentage
of the sample that was adherent with the highest group of
completion, for example, 7-8 sessions.
Summarized findings of the frequency and duration of use.

Retention
Retention rates were reported for the intervention group at
postintervention measurements and subsequent follow-up points.

Studies were required to have a comparison group with a
randomized controlled trial (RCT) or a pilot RCT design.

Engagement Strategies

Mindfulness programs developed by research groups for specific
populations or commercially available mindfulness programs
were tested in controlled trial settings.

1.

Engagement strategies were categorized into following 3 groups:

Outcomes
Program adherence, study retention rate (%), and strategies such
as web-based program features and facilitator-led features were
included.

Screening
Retrieved articles were uploaded and managed by Endnote X9
(Clarivate Analytics). Duplicates were removed, and titles and
abstracts were screened by 1 author (NH). Full-text articles were
uploaded to Covidence to allow cross-checking between authors
[28]. Full texts were reviewed independently by 2 authors, and
any disagreements were resolved through discussion.

Data Extraction

2.

3.

Data Analysis
Study characteristics, participant characteristics, adherence, and
retention rates were analyzed using descriptive statistics.
Data analysis consists of the following:
1.

A data extraction tool was developed in Microsoft Excel to
standardize the extraction. Data were extracted by 1 author
(NH), and 10% were cross-checked by the second author (PL).

Study Characteristics
Study data including author, year of publication, country, design,
number of participants, intervention type, intervention duration,
follow-up measurements, prior mindfulness experience,
recruitment method, financial compensation, commercial app
name, primary outcome, and primary findings were extracted.
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Program features, including chat rooms, discussion boards,
diaries and reflective processes, automated reminders, social
support, goal setting, mood tracking, customization of
content, demonstrations of meditation practice, and
immediate feedback on meditation practice;
Facilitator-led strategies, including reminders from the
research team to continue practice, contact with the research
team to discuss practice or monitoring, and response to
well-being scores throughout the intervention; and
A combination of program features and facilitator-led
strategies.

2.
3.

4.

Exploring adherence: how adherence was defined, the
impact of adherence on outcomes, impact of financial
compensation on adherence, and impact of intervention
length on adherence.
Describing retention at postintervention measurements and
the last data collection point.
Describing engagement strategies (program features,
facilitator-led strategies, or a combination): engagement
strategies were categorized and summarized using frequency
statistics.
Assessing the impact of engagement strategies on
adherence: the relationship between engagement strategies
and adherence was analyzed by comparing the type of
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engagement strategy (program features, facilitator-led
strategies, or a combination) with the percentage of people
who reached program adherence or the percentage of people
who adhered with the highest group of sessions (eg, those
who completed 7-8 sessions in an 8-week program, as
defined by the study authors).
•

Assessing the impact of engagement strategies on retention:
the relationship between engagement strategies and
retention was measured by comparing the type of
engagement strategy with the intervention length, retention
at the postintervention measurement and retention at the
last follow-up points.

Results
Study Characteristics
A total of 1922 articles were retrieved from the databases and
reference lists. After removing duplicates, a total of 1265 articles
were screened by title and abstract. Full texts were retrieved for
126 articles, of which 19 were included in the review (Figure

Winter et al
1). Most studies were conducted in the United States (9/19,
47%)
[5,24,29-35],
were
RCTs
(16/19,
84%)
[5,14,24,29,31-33,35-43],
web-based
(11/19,
58%)
[3,14,33-35,37-43], and focused specifically on mindfulness or
meditation (15/19, 79%) [3,5,14,29-32,34-36,39-43] (Table S2
in Multimedia Appendix 1) [3,5,14,24,27,29-41,43]. More
studies (10/19, 52%) excluded people with previous or recent
mindfulness experiences [24,29-31,37,39,42,43] than those who
allowed participants with prior mindfulness experience (6/19,
31%) [3,14,32,34,35,38,40,41]. Over half of the studies used a
combination of web-based and face-to-face recruitment
strategies (10/19, 52%) [5,29,31,32,34,35,37,39,40,42].
Commercially available mindfulness apps, including Headspace
(n=3) [30,32,36], Calm (n=1) [29], and Pacifica (n=1), were
used by 5 (26%) studies [24]. A total of 3 (16%) studies
provided monetary compensation for participation [29,30,33],
and 3 (16%) provided access to paid mindfulness apps
[30,32,36]. Intervention duration ranged from 2 weeks to 12
months, with over half (10/19, 53%) of the studies having an
intervention
duration
of
8
weeks
[29,30,32,33,36,37,39,40,42,43].

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analysis) diagram of the search process.

https://www.jmir.org/2022/1/e30026

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e30026 | p.231
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
A total of 8 (47%) studies focused on psychological measures
as their primary outcome [29,31-34,37-39,42], and 3 (16%)
used a physiological measure [5,14,41]. A total of 7 (37%)
studies
did
not
report
the
primary
outcome
[3,24,30,35,36,40,43]. Secondary outcomes were predominately
psychological measures and program evaluations (8/19, 42%)
[16,24,30,32,34,38,39,42]. Most (17/19, 90%) studies showed
that mindfulness resulted in a significant improvement in
outcomes
either
psychological
or
physical
[3,5,14,24,29-34,36,37,39-43] (Table S3 in Multimedia
Appendix 1) [3,5,14,27,29-41,43].

Participant Characteristics
A total of 34,601 participants were included in the trials. The
mean sample size was 165 (SD 134; range 21-500). On average,
71% of the participants were women (SD 18; range 46-100)
and 46 years old (SD 13; range 21-76). A total of 8 (42%)
studies reported the ethnicity of the participants [24,29-35,39],
and 4 (26%) reported race [29,31-33]. On average, White people
comprised 74% (SD 14%) of the sample and 90% (SD 10%)

Winter et al
were non-Hispanic. Mindfulness programs were delivered to
people with a variety of chronic illnesses, with the most common
conditions related to mental health (8/19, 42%)
[24,29,31,33-36,38] and cancer (4/19, 21%) [3,30,32,37]. Most
(17/21, 81%) studies were delivered to people living with the
illness [3,5,14,24,29,31-41,43].

Engagement Strategies
A total of 8 (42%) studies used only program features to
encourage adherence, 5 (26%) used only facilitator-led
strategies, and 6 (32%) used a combination of the two (Table
1).
Within
the
facilitator-led
strategies
(n=13)
[5,30,31,33-38,42,43], encouraging adherence was most
commonly done using contact and reminders from facilitators
to use the program (10/13, 77%) [30,31,33-36,38,42]. Contact
with a facilitator for discussion of content or well-being scores
was used to a lesser extent (4/13, 31%) [5,37,38,43]. In 7 (37%)
studies, engagement with facilitators occurred weekly
[34-37,42,43].

Table 1. Types of engagement strategies used across studies and their adherence rates.

a

Study

Program engagement

Facilitator engagement

Adherence with study protocol (%)

Chandler et al [5]

✓

✓

39

Compen et al [37]

✓

✓

79

Kladnitski et al [38]

✓

✓

66

Kubo et al [30]

✓

✓

56

Stjernsward and Hansson [27]

✓

✓

57

Thompson et al [33]

✓

✓

NRa

Gotink et al [14]

✓

N/Ab

50

Hearn and Finlay [39]

✓

N/A

72

Henriksson et al [40]

✓

N/A

58

Huberty et al [29]

✓

N/A

NR

Moberg et al [24]

✓

N/A

NR

Rosen et al [32]

✓

N/A

NR

Russell et al [3]

✓

N/A

NR

Younge et al [41]

✓

N/A

53

Bostock et al [36]

N/A

✓

27

Lindsay et al [31]

N/A

✓

NR

Tavallaei et al [43]

N/A

✓

NR

Wahbeh et al [35]

N/A

✓

NR

Wahbeh [34]

N/A

✓

NR

NR: not recorded.

b

N/A: not applicable.

Within
program
feature
strategies
(n=14)
[3,5,14,24,29,30,32,33,37-42], participants in 57% (8/14) studies
received automated reminders [3,5,14,29,30,32,40,41]. Half of
the program reminders were received at least once a week
[3,14,32,41], and the remaining were sent on an ad hoc basis
[29,30] or participants were able to personalize whether they
https://www.jmir.org/2022/1/e30026
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received notifications or not [5,30]. Other program features used
to encourage adherence included the ability to personalize
mindfulness course content (4/14, 29%) [5,25,26,28], homework
activities (3/14, 21%) [33,37,38], self-reflections (2/14, 14%)
[37,42], social contact (3/14, 21%) [5,24,33], personalization
of app appearance (2/14, 14%) [5,24], lesson summaries (1/14,
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7%) [38], progress tracking of mindfulness practice (1/14,
7%)[24], immediate feedback on practice (1/14, 7%) [5],
demonstration videos (1/14, 7%) [39], goal setting (1/14, 7%)
[24], tracking psychological outcomes (1/14, 7%) [24], and
tracking physical health (1/14, 7%) [24] (Table S4 in Multimedia
Appendix 1) [3,5,14,24,29-35,37-41,43].
Contact initiated by facilitators or program reminders was most
commonly delivered by email (9/14, 64%) [3,14,33,36-38,40-42]
or telephone (7/14, 50%) [30,31,33-35,38,43].

Adherence
Nearly two-thirds (12/19, 63%) of the studies provided a
definition of program adherence [3,5,14,30,33,36-42]. When
defined as the percentage of program completion, the definitions
of adherence varied between 50% and 100% program
completion across studies. When adherence was grouped, the
highest group of completion varied from 50% to 100% among
the studies. A total of 6 (32%) studies did not provide a
measurement for adherence and analyzed program use
descriptively [24,29,31,32,34,35]. Moreover, 1 (5%) study did
not report adherence or program use [43]. The percentage of
people who complied with the authors’ definitions of adherence
ranged from 27% to 79%, with a mean compliance of 56% (SD
15%).

The Impact of Engagement Strategies on Adherence
Among studies that used only program features (n=8)
[3,14,24,29,32,39-41], 4 recorded adherence between 50% and
72% (mean 58%, SD 8%) [14,39-41] (Table S3 in Multimedia
Appendix 1). Among studies that used only facilitator-led
strategies (n=5) [31,34-36,43], only 1 reported adherence of
27% [36]. Among studies that used a combination of program
features and facilitator-led strategies (n=6) [5,30,33,37,38,42],
7 recorded adherence between 39% and 79% (mean 59%, SD
13) [5,30,37,38,42].
When examining studies that used program features, of the
studies that used 1 strategy (n=6) [3,14,39-42], 5 measured
adherence rates between 50% and 72% (mean 58%, SD 8%).
Of the studies that used 2 strategies (n=8) [29,30,32,33,37,38],
3 measured adherence between 56% and 79% (mean 67%, SD
9%). A total of 5 studies did not include any engagement
strategies within their program [15,34-36,43], and 2 [5,24] used
≥5 strategies; adherence was only recorded in 2 of these studies,
and they were below 40%. Studies that involved only program
reminders as engagement strategies (n=4, 3 studies recorded
adherence) [3,14,40,41] had an average adherence rate of 54%
(SD 3%) compared with the average adherence rate of 48% (SD
8%) of those studies that used reminders and other strategies
(n=4, only 2 recorded adherence) [5,29,30,32], and the average
adherence rate of 69% of those studies that did not use program
reminders but only used other strategies (n=6, 4 recorded
adherence) [24,33,37-39,42].

How Adherence Affected Outcomes
A total of 10 (53%) studies analyzed the relationship between
outcome variables and adherence [14,24,30,32,34,36,38-40,42].
Of them, 4 studies found that people who had higher adherence
to mindfulness programs had a significantly higher improvement
https://www.jmir.org/2022/1/e30026
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in outcomes [30,36,40,42]; 1 study found that people with higher
scores for depression at baseline were less likely to be adherent
or complete mindfulness programs [39]; 1 found that people
with higher blood pressure readings were more likely to be
compliant [14]; and 1 showed that higher quality of life scores
at baseline were significantly associated with improved
adherence [32]. A total of 3 studies found no relationship
between baseline scores and adherence or adherence and
outcome variables [24,34,38].

Financial Compensation and Program Adherence
Of the 6 studies that provided any type of compensation, 2
measured adherence with a mean of 42% (SD 15%; range 27-56)
[30,36]. Among the studies that did not offer financial
compensation, the majority (8/13, 62%) measured adherence
with a mean of 60% (SD 11%; range 39-79) [5,14,37-42].

Intervention Length and Program Adherence
The impact of the intervention length on adherence was
analyzed. Of the 5 studies with an intervention <8 weeks, none
recorded adherence. Those with an 8-week intervention recorded
an average of 58% (SD 16%) adherence (6/10, 60% of the
studies measured adherence) [30,36,37,39,40,42]; those with
interventions >8 weeks recorded an average of 52% (SD 9%)
adherence (4/4, 100% of the studies measured adherence)
[5,14,38,41].

Retention
Most (10/19, 53%) studies conducted pre-post analysis with
additional follow-up points [14,24,29,32-34,36,38,39,42].
Follow-up periods ranged from 4 to 36 weeks after intervention,
and the most frequent follow-up time was 12 weeks after the
intervention (3/10, 30%) [38,39,42]. After intervention, most
(14/19, 74%) studies had over 70% retention (mean 78%, SD
15%; range 35%-100%) [3,5,29-31,33-39,41,43]. At the last
follow-up point, 4 studies had retention above 70%
[14,33,36,38].

The Impact of Engagement Strategies on Retention
Studies that applied only facilitator-led strategies, on average,
were 6 weeks in duration (SD 2; range 2-8) and had a retention
rate of 93% (SD 10; range 73-100) compared with studies with
a combination of program features and facilitator-led strategies
with a mean duration of 16 weeks (SD 10; range 8-52) and a
retention rate of 75% (SD 5%; range 69-84) and those with only
program features with a mean duration of 8 weeks (SD 2; range
4-12) and retention rate of 67% (SD 15%; range 30-79).
Of the studies that used facilitator-led strategies only, 40% (2/5)
had follow-up periods after postintervention follow-up [34,36].
On average, follow-up was 7 (range 6-8) weeks and retention
was 76% (SD 15%; range 69-82). Of the 6, 5 (50%) studies
using a combination of program features and facilitator-led
strategies had long-term follow-up, which, on average, was 11
weeks (SD 0.9; range 10-12), with a retention rate of 71% (SD
15; range 49-83) [33,38,42]. Of the 8, 5 (63%) studies using
program features only also had a long-term follow-up period
of, on average, 13 (range 4-36) weeks, with retention rates of
53% (SD 18; range 20-74) [14,24,29,32,39].
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Studies that used only program reminders as engagement
strategies (n=4) [3,14,40,41] had mean retention rates of 71%
after intervention (n=3) [3,40,41] and retention of 74% at the
last follow-up point (n=1) [14]. Studies that used reminders and
other strategies (n=4) [5,29,30,32] had a mean retention of 78%
after intervention (n=3) [5,29,30] and 57% at the last follow-up
point (n=2) [29,32]. Studies that did not use program reminders
but only used other strategies (n=8) [24,33,37-39,42] had a
mean retention of 67% after intervention (n=6) [24,33,37-39,42]
and 58% at the last follow-up point (n=5) [24,38,39,42].

Discussion
Principal Findings
In this review, we described the engagement strategies applied
to web-based mindfulness programs and their impact on
adherence rates. The use of program features only was
associated with program adherence but not with maintaining
study retention. Engagement strategies were largely reminders
to use the program and, to a lesser extent, the ability to
customize program content, interact with features, or engage
with content on a deeper level through reflections, homework
activities, and discussions of content with facilitators. There
was little difference between the type of engagement strategy
used and adherence to programs or retention rates.
The need to accurately report study and program attrition to
better understand the associations between program adherence
and health outcomes has been established [11,12]. Our review
found variability across studies in adherence measurements and
inconsistencies in reporting adherence. Some studies measured
adherence as completing a specific percentage of the program
[3,14,30,37,39,41]. Other studies described adherence by
grouping the number of sessions completed [5,33,36,38,40,42]
or by describing use [24,29,31,32,34,35]. Although findings
suggest that program adherence is similar between interventions
using program features only and those using a combination of
program features and facilitator-led strategies, these results
should be interpreted with caution because of the variability in
reporting. The variability in measuring adherence is consistent
in the e-therapy literature [44] and limits the ability to assess
the relationships between adherence to and engagement with
web-based interventions and user outcomes. Future studies
should consider reporting adherence as a percentage of program
completion for easier comparisons across studies.
Similarly, the ability to measure the impact of engagement
strategies on study attrition is limited. The findings suggest that
studies using only facilitator-led strategies were favorable for
maintaining study retention [31,34-36,43]. On average, at the
postintervention measurement, studies with only facilitator-led
strategies had a retention rate of 93% (SD 10%) compared with
the rate of those using only program features of 67% (SD 15%).
Similar findings were observed during the follow-up period
(76%, SD 7% vs 53%, SD 18%a). However, there is limited
evidence as to whether the presence of the facilitator was the
reason for this variability or whether other factors such as
intervention length, follow-up length, or demographic
characteristics of participants contributed to attrition. For
example, 1 study that used only program features to improve
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engagement had low retention after intervention (35%) and at
the 8-week follow-up (20%) [24]. No information was provided
regarding the reason for these high attrition rates, making it
difficult to determine the cause of these findings. The use of a
facilitator or therapist to guide web-based psychological
programs has been debated [45,46]. Studies of cognitive
behavioral therapy interventions found that the presence of a
therapist as a facilitator improved symptoms of depression
compared with interventions with no facilitator [46]. However,
improvements in anxiety symptoms were similar across studies
[46], and no information was provided about whether the
presence of a facilitator affected adherence. Improvements in
patient outcomes may also be explained by the presence of
comorbidities, including physical and mental illnesses, on which
mindfulness may have a positive impact [47]. Therefore,
participation in a mindfulness program targeting 1 disease may
have additional benefits for other comorbid conditions.
Furthermore, studies that used only facilitator-led strategies
experienced, on average, a higher retention rate, which is similar
to previous reviews that have described that self-directed
interventions often require low levels of support from facilitators
[16]. The use of facilitators to encourage adherence, or therapists
to deliver content, needs to be weighed against the sustainability
goals, cost of the program and length of the intervention during
trials, and potential scaling after implementation.
Most studies in this review showed that web-based mindfulness
resulted in improvements in either psychological or
physiological outcome measures [3,5,14,24,29-34,36,37,39-43].
Two key findings from this review further highlighted the
relationship between study retention and baseline functioning
of participants, where those with poorer psychological
well-being at baseline were more likely to drop out [39], and
those with higher adherence were more likely to experience
greater improvements in outcomes [30,36,40,42]. This is similar
to previous findings where higher levels of worry and rumination
at baseline resulted in disengagement from mindfulness-based
interventions [23]. Stricter measurements of adherence are
required in future studies to fully understand the role of
adherence in the success of interventions.
Program features applied throughout studies to enhance
engagement varied according to the type and number of features
available to users. Furthermore, the number and type of features
included had similar impacts on program adherence and study
retention, suggesting that there may not be one superior feature
to be included in programs. Features such as diaries, reminders,
and social connectedness are commonly used in interventions
as behavior change techniques [21], and web-based features
have been shown to be successful in improving user outcomes
in other e-interventions [48]. Within mindfulness, more specific
reporting is needed to assess how often users engage with each
type of feature to determine the relationship among engagement
strategies, adherence, and outcomes.

Limitations
Across studies, there was a large variance in interventions and
in reporting adherence. These factors made it difficult to draw
any firm conclusions from the data.
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The sample of the included studies was predominately White
and female, which limits the generalizability of these findings
to other population groups.
This review aims to describe the influence of engagement
strategies on adherence and retention among people living with
chronic illnesses or conditions. Other studies measuring
adherence to mindfulness in the general population may have
provided additional information on the impact of engagement
strategies. However, there is a need to evaluate engagement and
adherence to web-based interventions, specifically in people
living with chronic illness. People with chronic illness may be
more likely to experience depression and anxiety symptoms
than those without a chronic illness [49]. Lower mental
well-being can affect the use of and engagement with web-based
interventions.

Winter et al
Furthermore, the primary outcome of the review was to assess
adherence, retention, and engagement strategies rather than to
draw conclusions about the effectiveness of interventions on
patient outcomes. As a result, the risk of bias assessment was
less relevant.

Conclusions
Engagement strategies in web-based mindfulness programs
largely comprise reminders to use the program. The impact of
other features such as personalization, self-reflection activities,
and lesson summaries on adherence requires further
investigation. There is variance in the way adherence is
measured, and intervention lengths and follow-up periods are
inconsistent. More thorough reporting and a standardized
framework for measuring adherence are needed to more
accurately assess adherence and engagement strategies.
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Abstract
Background: Artificial intelligence (AI) has the potential to improve the efficiency and effectiveness of health care service
delivery. However, the perceptions and needs of such systems remain elusive, hindering efforts to promote AI adoption in health
care.
Objective: This study aims to provide an overview of the perceptions and needs of AI to increase its adoption in health care.
Methods: A systematic scoping review was conducted according to the 5-stage framework by Arksey and O’Malley. Articles
that described the perceptions and needs of AI in health care were searched across nine databases: ACM Library, CINAHL,
Cochrane Central, Embase, IEEE Xplore, PsycINFO, PubMed, Scopus, and Web of Science for studies that were published from
inception until June 21, 2021. Articles that were not specific to AI, not research studies, and not written in English were omitted.
Results: Of the 3666 articles retrieved, 26 (0.71%) were eligible and included in this review. The mean age of the participants
ranged from 30 to 72.6 years, the proportion of men ranged from 0% to 73.4%, and the sample sizes for primary studies ranged
from 11 to 2780. The perceptions and needs of various populations in the use of AI were identified for general, primary, and
community health care; chronic diseases self-management and self-diagnosis; mental health; and diagnostic procedures. The use
of AI was perceived to be positive because of its availability, ease of use, and potential to improve efficiency and reduce the cost
of health care service delivery. However, concerns were raised regarding the lack of trust in data privacy, patient safety,
technological maturity, and the possibility of full automation. Suggestions for improving the adoption of AI in health care were
highlighted: enhancing personalization and customizability; enhancing empathy and personification of AI-enabled chatbots and
avatars; enhancing user experience, design, and interconnectedness with other devices; and educating the public on AI capabilities.
Several corresponding mitigation strategies were also identified in this study.
Conclusions: The perceptions and needs of AI in its use in health care are crucial in improving its adoption by various stakeholders.
Future studies and implementations should consider the points highlighted in this study to enhance the acceptability and adoption
of AI in health care. This would facilitate an increase in the effectiveness and efficiency of health care service delivery to improve
patient outcomes and satisfaction.
(J Med Internet Res 2022;24(1):e32939) doi:10.2196/32939
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Introduction
Background
Rapid advances in artificial intelligence (AI)—software systems
designed to mimic human intelligence or cognitive
functions—have sparked confidence in its potential to enhance
the efficiency of health care service delivery and patient
outcomes [1-3]. However, although AI has been rapidly adopted
in many industries, such as finance and information technology
(IT), its adoption in health care remains relatively lagged
because of the ethical and safety considerations that are more
pronounced when it comes to human lives at stake [4].
AI-powered systems in health care can autonomously or
semiautonomously perform a wide variety of tasks, such as
medical diagnosis [5], treatment [6], and self-monitoring and
coaching [7,8]. In some studies, AI has been shown to
outperform human capabilities, such as analyses of chest x-ray
images by radiologists [9]. Not only is AI expected to improve
the quality of care and health outcomes for patients by
decreasing human errors, but it is also likely to free up time for
clinicians and health care workers from routine and repetitive
tasks, enabling them to focus on more complex tasks [9,10].
For instance, in many areas of medical imaging, the use of fast
and accurate AI-assisted diagnoses would significantly increase
the workflow efficiency by processing more than 250 million
images per day [11]. Various AI chatbots have also been
developed to provide mental health counseling and assist
overburdened clinicians [9]. Through AI-enabled apps and
wearable devices, patients and the public could self-monitor
and self-diagnose symptoms, such as atrial fibrillation, skin
lesions, and retinal diseases [9].
Owing to the emerging nature of modern AI systems, the
perceptions and needs of affected stakeholders (eg, health care
providers, patients, caregivers, policy makers, and IT
technicians) on the use of AI in health care are not yet fully
understood. A large body of literature suggests that human
factors, such as trust, perceived usefulness, and privacy, play
an important role in the acceptance and adoption of past
technologies in health care, including handheld devices [12],
IT [13], and assistive technologies [14]. However, current
evidence remains broad and general, and little is known about
the perceptions and needs of AI in community health care. As
the world makes a paradigm shift from curative to preventive
medicine, AI holds a strong transformative potential to enhance
sustainable health care by empowering self-care, such as
self-monitoring and self-diagnosis. However, it is important to
first understand the perspectives of all direct users of AI-driven
systems (eg, patients and frontline health workers) and their
perceived needs to ensure its successful adoption across different
parts of the health care sector, especially community health
care. Thus, this study aims to present an overview of the
perceptions and needs of AI in community health care. The
implications of this study will help inform the design of future
health care–related AI technology to better fit the needs of users
and enhance the adoption and acceptability of the technology.
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Definition of AI
First, as the term AI is broadly used in many disciplines to
represent various forms of intelligent systems and algorithms,
it is important to establish a concrete and unified definition of
AI for this study. Specifically, we adopted the definition of AI
proposed by the High-Level Expert Group on Artificial
Intelligence [15], which describes AI in terms of both a
technology and field of study:
Artificial intelligence (AI) systems are software (and
possibly also hardware) systems designed by humans
that, given a complex goal, act in the physical or
digital dimension by perceiving their environment
through data acquisition, interpreting the collected
structured or unstructured data, reasoning on the
knowledge, or processing the information, derived
from this data and deciding the best action(s) to take
to achieve the given goal. AI systems can either use
symbolic rules or learn a numeric model, and they
can also adapt their behaviour by analysing how the
environment is affected by their previous actions.
As a scientific discipline, AI includes several
approaches and techniques, such as machine learning
(of which deep learning and reinforcement learning
are specific examples), machine reasoning (which
includes
planning,
scheduling,
knowledge
representation and reasoning, search, and
optimization), and robotics which includes control,
perception, sensors, and actuators, as well as the
integration of all other techniques into cyber-physical
systems.
Furthermore, most, if not all, modern AI systems are considered
artificial narrow intelligence (ANI) or Weak AI [15] designed
to perform one or more specific tasks. In health care,
domain-specific tasks for ANI may vary from performing human
perceptions, such as image recognition [16] and natural language
processing [17], to making complex clinical decisions, such as
medical diagnostics [18]. Many recent advances and
breakthroughs in ANI use learning-based approaches, namely,
deep learning, in which computational models consisting of
several layers of artificial neural networks (hence the titular
deep) are trained by learning from a massive amount of sample
data to perform specific tasks. Although recent performances
of ANI appear very promising, ANI models are limited in their
generalizability, that is, models trained to perform tasks in one
domain cannot be generalized to other domains. For example,
ANI trained to diagnose diabetic retinopathy from fundus images
cannot be directly used to detect pneumonia from chest x-ray
images. In contrast to ANI, artificial general intelligence (AGI)
or Strong AI [15] belongs to a class of AI that displays true
human intelligence, capable of continuously learning and
performing any tasks like a real human. AGI is most likely in
public consciousness when talking about AI, as it is frequently
portrayed in popular culture by sentient robots and self-aware
systems. At present, no AI systems have been able to come
close to exhibit the AGI capability. For a useful and concise
summary regarding the definitions, terminologies, and history
of AI, see the following technical reports: Ethics Guidelines for
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Trustworthy AI [15] and Historical Evolution of Artificial
Intelligence [19].

Methods
A systematic scoping review was conducted according to the
5-stage framework by Arksey and O’Malley [20]. Results were
reported according to the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) checklist
(Multimedia Appendix 1) [21].

Stage 1: Identifying the Research Question
Our research question was as follows: What is known about the
perceptions and needs of AI in health care?

Stage 2: Identifying Relevant Studies
Studies were searched from inception until June 21, 2021, using
a 3-step search strategy. First, potential keywords and Medical
Subject Headings terms were generated through iterative
searches on PubMed and Embase. Keywords such as machine
learning did not result in better search outcomes (ie, many
irrelevant results were retrieved, such as the use of machine
learning to explore perceptions of other topics); hence, they
were omitted. Next, keywords including artificial intelligence,
AI; public; consumer; community; perception*; preference*;
needs*; opinions*; and acceptability were searched through
nine databases: ACM Library, CINAHL, Cochrane Central,
Embase, IEEE Xplore, PsycINFO, PubMed, Scopus, and Web
of Science. Additional articles were also retrieved from the first
10 pages of the Google Scholar search results and the reference
lists of the included full-text articles. The specific database
searches combined with Boolean operators are detailed in
Multimedia Appendix 2.

Stage 3: Study Selection
After removing duplicate articles, titles and abstracts were first
screened by HSJC for inclusion eligibility. Articles were
included if they were (1) focused on the use of AI in health care,
except those focused on using AI to improve surgical techniques;
(2) focused on perceptions, needs, and acceptability of AI in
health care; (3) empirical studies or systematic reviews; (4) on
adults aged ≥18 years; and (5) used in a community setting.

Chew & Achananuparp
Articles were excluded if they were (1) not specific to AI (eg,
general eHealth or mobile health); (2) pilot studies,
commentaries, perspectives, or opinion papers; and (3) not
presented in the English language. In total, 43 full-text articles
were screened independently by both coauthors, and
discrepancies were resolved through discussions and consensus.

Stage 4: Charting the Data
Data were extracted by HSJC using Microsoft Excel according
to the following headings: author, year, title, aim, type of
publication, study design, country, AI applications in health
care, data collection method, population characteristics, sample
size, age (mean or range), proportion of men, acceptability,
perceptions, needs and preferences, and limitations.

Results
Stage 5: Collating, Summarizing, and Reporting
Results
A total of 3666 articles were retrieved from the initial search.
After removing duplicate articles, 50.74% (1860/3666) of titles
and abstracts were screened, and 0.91% (17/1860) of full-text
articles were excluded for reasons shown in Figure 1. A total
of 1.4% (26/1860) of articles were included in this study, with
the study characteristics summarized in Table 1 and detailed in
Multimedia Appendix 3 [22-47]. The mean age of participants
ranged from 30 to 72.6 years, and the proportion of men ranged
from 0% to 73.4%. Sample sizes for studies with human subject
responses ranged from 11 to 2780, and secondary data (ie,
journal articles and app reviews) ranged from 31 to 1826
[22-24]. Interestingly, 19% (5/26) of studies focused on the use
of chatbots in health care [23-27] and 31% (8/26) of studies
measured acceptability using questionnaires, surveys, interviews
[25,26,28-33], and the discrete choice experiment (Multimedia
Appendix 4 [22-32,34,36,37,39,41-44,47]) [34]. All the studies
showed at least moderate acceptability, or >50% of the
participants showed acceptance toward the use of AI in health
care, albeit only for minor conditions [26]. Age, IT skills,
preference for talking to computers, perceived utility, positive
attitude, and perceived trustworthiness were found to be
associated with AI acceptability [25,26].

Figure 1. PRISMA (Preferred Reporting Item for Systematic Reviews and Meta-Analyses) flow diagram of search strategy. AI: artificial intelligence.
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Table 1. Summary of study characteristics (N=26).
Study characteristics

Value, n (%)

Country
Australia and New Zealand [35]

1 (4)

Canada [27,36-38]

4 (15)

China [22,32,33,39,40]

6 (23)

France [41]

1 (4)

India [24,42]

2 (8)

Korea [48]

1 (4)

Saudi Arabia [29]

1 (4)

Switzerland [30]

1 (4)

United Kingdom [23,26,31,43,44]

5 (19)

United Kingdom, Cyprus, Australia, the Netherlands, Sweden, Spain, United States, and Canada [28]

1 (4)

United States [25,45,46]

3 (12)

Type of publication
Journal papers [22-29,31-41,43-47]

24 (92)

Conference papers [30,42]

2 (8)

Study design
Observational [22,24,27-30,33-35,39,43-47]

15 (58)

Qualitative [36-38,41,42]

5 (19)

Mixed methods [25,26,31,32,40]

5 (19)

Systematic review [23]

1 (4)

Population characteristics
General public [22,24,26,30,32-34,37,45]

9 (35)

Health care, government, technology, and industrial staff [27-29,35,36,40-44]

10 (39)

Patients and caregivers with specific diseases [25,31,34,36,38,39,47]

7 (27)

Mixture (systematic review) [23]

1 (4)

Artificial intelligence applications in health care
General health care [22,23,26,27,29,33,36,37,40,41,43]

11 (42)

Primary [44] and community health care [28,42]

3 (12)

Chronic disease self-management [25,31,47]

3 (12)

Self-diagnosis [30,32,34,39]

4 (15)

Mental health [24,38]

2 (8)

Diagnostics [35,45,46]

3 (12)

Positive Perceptions
Overview
Several positive perceptions on the use of AI in health care were
highlighted in our findings (Table 2).
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Table 2. Perceptions on the use of artificial intelligence (AI) in health care.
Study

Available on
Efficiency
demand and user-friendly

Price

Lack of trust in
data privacy

Abdi et al
[28]

Able to collect
data nonintrusively

Cost was seen as
Especially in
both a facilitator of voice-activated
and a barrier to the devices
older people’s

Lack of trust in
patient safety

Lack of trust in
technology

Concerns over
full automation

Deemed techni- NSb
cally and commercially ready
to support the
care needs of
older people

NS

AI was unable NS
to provide opinions in unexpected situations

Most health
care employees
feared that the
AI would replace their job
(mean score
3.11 of 4)

Baldauf et al Constant avail[30]
ability, not restricted by
physical location

Quicker diagnosis and AI could be a cost- There were con- Users were un- NS
no waiting time
saving alternative cerns over data sure about the
privacy
legality of official medical
certification and
app trustworthiness

Only a minority
would rely solely on an AIdriven app for
assessing health

Castagno
and Khalifa
[43]

NS

In all, 79% of health NS
care staff believed AI
could be useful or extremely useful in their
field of work

In all, 80% of
NS
health care staff
believed there
may be serious
privacy issues

NS

Overall, 10% of
health care staff
worried AI will
replace their job

Easton et al
[31]

NS

NS

NS

Patients were
not concerned
over data sharing

Patients were
unsure whether
to treat a chatbot as a real
physician or an
adviser

NS

NS

Gao et al
[22]

NS

NS

NS

Distrust of AI
companies accounted for a
quarter of all
negative opinions among social media users

Social media
users were pessimistic about
the immaturity
of AI technology

NS

Less than half
of the social
media posts expressed that AI
would completely or partially
replace human
doctors

Griffin et al
[25]

NS

The majority were in- NS
terested in using a
chatbot to help manage medications, refills, communicate
with care teams, and
accountability toward
self-care tasks

There were concerns with chatbots providing
too much information and invading privacy

There were con- NS
cerns with chatbots making
overwhelming
demands for
lifestyle
changes

NS

Kim [47]

NS

NS

NS

NS

NS

Abdullah
and Fakieh
[29]

NS
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Could support the
self-care needs of older people—mobility,
self-care and domestic
life, social life and relationships, psychological support, and access to health care;
potential uses for remote monitoring and
prompting daily reminders, for example,
medications
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Speeds up health care NS
processes

NS

NS

NS
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Price

Lack of trust in
data privacy

Lack of trust in
patient safety

Lack of trust in
technology

Concerns over
full automation

Lai et al [41] NS

NS

NS

There were legal difficulties
to access individual health
data; regulate
use; strike balance between
health, social
justice, and
freedom; and
need to achieve
confidentiality
and respect for
privacy

NS

NS

NS

Li et al [32]

NS

NS

NS

NS

AI may not un- NS
derstand complex emotional
problems and
give incurable
diagnoses; and
unsure whether
doctors would
accept the information provided by the AI

NS

Liu et al [34] NS

NS

NS

NS

Majority were
NS
confident that
AI diagnosis
methods would
outperform human clinician
diagnosis methods because of
higher accuracy

Majority preferred to receive
combined diagnoses from both
AI and human
clinicians

Liu et al [39] NS

NS

Acceptability de- NS
pends on the expense of AI diagnosis compared with
that of physicians

Accuracy was
deemed the
most important
attribute for AI
uptake

NS

Liyanage et
al [44]

NS

Improves efficiency
NS
through decision support to improve primary health care processes and pattern recognition in imaging

NS

There were con- NS
cerns over the
risk of medical
errors, bias, and
secondary effects of using
AI (eg, insurance)

AI technology
is still not competent to replace human
decision-making in clinical
scenarios

McCradden
et al [36]

NS

Potential for faster
NS
and more accurate
analyses; ability to use
more data

There were concerns about privacy, commercial motives,
and other risks
and mixed
views about explicit consent
for research.
Transparency is
needed

It still requires NS
human verification of computer-aided decisions

Fear of losing
human touch
and skills from
overreliance on
machines
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Available on
Efficiency
demand and user-friendly

McCradden
et al [37]

NS

Milne-Ives
et al [23]

Easy to learn
and use

Lack of trust in
data privacy

Lack of trust in
patient safety

Predictive modeling
NS
performed on primary
care health data and
business analytics for
primary care provider.
AI has the potential to
improve managerial
and clinical decisions
and processes, and
this would be facilitated by common data
standards

Nonconsented
use of health
data is acceptable with disclosure and transparency. Selling
health data
should be prohibited. Some
privacy health
outcomes tradeoff is acceptable

A few patients NS
and caregivers
felt that allocation of health
resources
should be done
via computerized output, and
a majority stated that it was
inappropriate to
delegate such
decisions to a
computer

NS

Speed up the process NS
of service delivery
and performance. Respondents appreciated
reminders and assistance in forming routines, chatbot agents
in facilitating learning, and agents in providing accountability
(eg, regular check-ins,
follow-ups). Multimodal interactions
(eg, voice, touch)
were viewed positively

NS

Unable to suffi- NS
ciently encompass the real situational complexity. Electronic physician
did not have the
ability to go
deep enough,
provide access
to other materials, or provide
enough information

NS

Nadarzynski Chatbots were
et al [26]
perceived as a
convenient tool
that could facilitate the seeking
of health information on the
web

If free at the point of
access, chatbots were
seen as time-saving
and useful platforms
for triaging users to
appropriate health
care services

NS

Some participants were concerned about
the ability of
the chatbots to
keep sensitive
data secured
and confidential. The level
of anonymity
offered by chatbots was
viewed positively by several
participants

Risk of harm
from inaccurate
or inadequate
advice. Immature in performing a diagnosis
but providing
general health
advice is acceptable

Okolo et al
[42]

AI app would be able
to perform some of
the manual tasks and
make the work of

NS

NS

Concerned over
AI failures or
misdiagnoses.
The AI app
might serve to
reinforce the
expertise of
CHWs, improve
patients’ understanding of the
diagnosis

NS

CHWsc more efficient, and help CHWs
and patients in decision-making processes
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Lack of trust in
technology

Concerns over
full automation

Uncertain about NS
the quality,
trustworthiness,
and accuracy of
the health information provided by chatbots

AI would never
completely replace health
care workers
because of the
need for human
interaction
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Available on
Efficiency
demand and user-friendly

Palanica et
al [27]

NS

Prakash and
Das [24]

Always available at the
touch of a button and userfriendly

Price
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Lack of trust in
data privacy

Lack of trust in
patient safety

Many physicians be- NS
lieved that chatbots
would be most beneficial for administrative
tasks such as scheduling physician appointments, locating health
clinics, or providing
medication information

NS

Chatbots could NS
be a risk to patients if they
self-diagnose
too often and
did not accurately understand
the diagnoses

Chatbots alone
are not able to
provide effective care for all
patients because
of limited
knowledge of
personal factors

NS

Data privacy is
a major barrier
that prevents
the adoption of
mental health
chatbots

Chatbots may
Doubtful about
be useful in
reliability and
managing men- functionality
tal health conditions but not
good enough
for complex
problems. May
even be more
harmful to vulnerable patients
with poor advice

NS

There were concerns over the
divestment of
health care to
large technology and data
companies

There were concerns over medical liability because of machine errors

AI would need
to perform
much more superior to the average specialist
in screening and
diagnosis

There is decreasing reliance on
medical specialists for diagnosis and treatment advice

The price of mental health chatbots
could be a decisive
factor in places
with a poor health
insurance system

Lack of trust in
technology

Concerns over
full automation

Scheetz et al NS
[35]

The top three potential NS
advantages are improved patient access
to disease screening;
improved diagnostic
confidence; and enhanced efficiency, that
is, reduced time spent
by specialists on
monotonous tasks

Stai et al
[45]

NS

NS

Almost all (94%) NS
participants were
willing to pay for a
review of medical
imaging by an AI

NS

Nearly equal
NS
trust in AI vs
physician diagnoses; significantly more
likely to trust an
AI diagnosis of
cancer over a
physician’s diagnosis

Sun and
Medaglia
[40]

NS

NS

High treatment
costs for patients
but does not make
profits for hospitals

Lack of trust toward AI-based
decisions; unethical use of
shared data

Doubts in the
ability of AI to
identify country-specific patient disease
profiles

There were con- NS
cerns over the
lack of data integration; standards of data
collection, format, and quality; algorithm
opacity; and
ability to read
unstructured data

Tam-Seto et
al [38]

It could support It would address the
those not curperceived mental
rently accessing health service gap
mental health
services

NS

No assurance of Trust in the app,
users’ privacy
as it discloses
that the app was
informed by the
Canadian military experience
(credibility)
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a

Study

Available on
Efficiency
demand and user-friendly

Xiang et al
[33]

NS

Zhang et al
[46]

NS

Price
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Lack of trust in
data privacy

Lack of trust in
patient safety

Health care workers
NS
prefer AI to alleviate
daily repetitive work
and improve outpatient guidance and
consultation. The current auxiliary and partial substitution effects of AI are recognized by >90% of the
public, and both
groups have positive
attitudes regarding AI
development

NS

Both health care NS
and non–health
care workers
express more
trust in real doctors than in AI

NS

There were con- NS
cerns about cybersecurity

NS

Lack of trust in
technology

There were concerns about accuracy, reliability, quality, and
trustworthiness
of AI outputs,
such as the predictions and
recommended
medical information

Concerns over
full automation
A very small
minority of
health care and
non–health care
workers expect
that full automation is likely to
happen

Supplementary
service rather
than a replacement of the professional health
force is required
for the AI to be
particularly useful in helping
patients to comprehend their
physician’s diagnosis

AI: artificial intelligence.

b

NS: not specified.

c

CHW: community health care worker.

Availability and Ease of Use
Of the 26 studies, 3 (12%) studies highlighted the advantage of
AI being constantly available without restrictions such as
physical location, time, and access to a structured treatment
[24,30,38]; 3 (12%) other studies also mentioned the
appreciation of respondents for how an AI system could collect
data remotely in a nonintrusive and user-friendly manner
[23,24,28]. These studies mostly represented the perceptions
of consumers and health care providers [24,30,38] (Multimedia
Appendix 3). Only 4% (1/26) of studies did not mention the
population characteristics [24].

Improves Efficiency and Reduces the Cost of Health
Care Service Delivery
In all, 58% (15/26) of studies highlighted the potential of AI to
improve the efficiency of health care service delivery in terms
of remote monitoring [28], providing health-related reminders
[23,28], increasing the speed and accuracy of health care
processes (eg, consultation wait time, triaging, diagnosis, and
managing medication refills) [26,29,30,35-37,44], facilitating
care team communications, improving care accountability (eg,
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regular check-ins and follow-ups for information gathering)
[23], and taking over repetitive manual tasks (eg, scheduling,
patient education, and vital signs monitoring) [27]. Some
respondents also appreciated the use of AI to provide a second
opinion to physicians’ diagnoses or evaluations [42,46]. Overall,
12% (3/26) of studies [24,34,45] discussed the potential
cost-saving capacity of AI that influences AI acceptability,
whereas 4% (1/26) mentioned that the provision of an AI service
using IBM Watson caused patients to incur higher treatment
costs that did not translate to profits for the hospital after
factoring onboarding of the technology [40]. There was a good
proportion of representation from the health care and IT staff
(53.3%) [27-29,36,37,40,42,44] and those from the public,
including patients (Multimedia Appendix 3). Only 4% (1/26)
of the studies did not mention the population characteristics
[24].

Concerns and Mitigation Strategies
Overview
Our findings highlight several concerns (Table 2) and mitigation
strategies (Table 3).
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Table 3. Needs and mitigation strategies of artificial intelligence (AI) in health care.
Study

Need for transparen- Lack of personalization and Perceived empathy and per- Design, user experience, and Educating the public
cy, credibility, and
customizability
sonification
interconnectedness with
on AI capabilities
regulation
other devices

Abdi et al
[28]

NSa

NS

NS

Implementing user-led de- NS
sign principles could facilitate the acceptability and
uptake of these technologies

Abdullah
and Fakieh
[29]

NS

NS

NS

NS

Most respondents
had a general lack of
AI knowledge (mean
score 2.95 from 4)
and were unaware of
the advantages and
challenges of AI applications in health
care

NS

NS

NS

Baldauf et al Need guarantee of
[30]
anonymized transmission and analysis
of personal health
data of users

•
•
•
•
•
•
•
•
•

Personalized explana- Lack of personal face-totion of analyses
face contact with a human
Disease information
expert
Treatment cost
Recommending physician’s visit
Alternative Therapies
Prevention information
Treatment companion
Mental support
Objectivity and independence

Castagno
and Khalifa
[43]

NS

NS

NS

NS

Easton et al
[31]

Needed clarity on
whether the chatbot
was a physician or
an adviser

The system should allow
personalization

The chatbot should be enriched by the ability to detect emotion (distress, fatigue, and irritation) in
speech and nonverbal cues
to build a therapeutic relationship between the agent
and the patient

Personification of the chat- NS
bot should be emotionally
expressive. Multi-modal interactions and interconnectedness with other consumer
devices were suggested

Gao et al
[22]

NS

NS

NS

NS

Griffin et al
[25]

NS

NS

NS

Some older adults described NS
limited use of smartphone,
given the small screen or inability to keep track of it

Kim [47]

NS

NS

NS

NS

NS

Laï et al [41] Need for app regula- NS
tion to create a more
permissive regulatory framework;
achieve confidentiality and respect for
privacy

NS

NS

NS
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Study

Need for transparen- Lack of personalization and Perceived empathy and per- Design, user experience, and Educating the public
cy, credibility, and
customizability
sonification
interconnectedness with
on AI capabilities
regulation
other devices

Li et al [32]

Credibility of the in- AI systems may provide
telligent self-diagno- more specific, personalized
sis system can be
information and advice
improved through
transparency (eg,
showing accuracy
scores). State if doctors would accept
information provided by AI

NS

NS

NS

Liu et al [34] NS

NS

NS

NS

NS

Liu et al [39] NS

NS

NS

NS

NS

Liyanage et
al [44]

NS

NS

NS

NS

NS

McCradden
et al [36]

Need for transparen- NS
cy on how and by
whom their data
were used

NS

NS

NS

McCradden
et al [37]

Need for transparen- NS
cy, disclosure, reparations, deidentification of data, and use
within trusted institutions

NS

NS

NS

Milne-Ives
et al [23]

NS

Need for greater interactivity or relational skills in conversational agents. Respondents liked that the agent
had a personality and
showed empathy, which improves personal connection.
Others had difficulty in empathizing with the agent or
reported disliking its limited
conversation and responses

Interaction was too long, the NS
use of nonverbal expressions
by the avatar was not appealing, and there was a lack of
clarity regarding the aim of
the chatbot. Better integration of the agent with electronic health record systems
(for a virtual physician) or
health care providers (for an
asthma self-management
chatbot) would be useful

Need more customization or
availability of feature options (eg, preformatted or
free-text options)

Nadarzynski Need to increase
NS
et al [26]
transparency of information source

Lack of empathy and inabil- NS
ity of chatbots to understand
more emotional issues, especially in mental health. The
responses given by chatbots
were seen as depersonalized,
cold, and inhuman. They
were perceived as inferior to
physician consultation, although anonymity could facilitate the disclosure of
more intimate or uncomfortable aspects to do with
health

There was a general
lack of familiarity
and understanding of
health chatbots
among participants

Okolo et al
[42]

NS

NS

NS

NS

NS

Palanica et
al [27]

NS

NS

Many physicians believed
NS
that chatbots cannot display
human emotion

NS
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Study

Need for transparen- Lack of personalization and Perceived empathy and per- Design, user experience, and Educating the public
cy, credibility, and
customizability
sonification
interconnectedness with
on AI capabilities
regulation
other devices

Prakash and
Das [24]

NS

There were user input restric- •
tions during chatbot conversations where the chatbot
forced the users to respond
to a list of choices
•

•

Mixed findings on per- NS
ceived empathy. Some
users perceived the
chatbot to be warm and
friendly, whereas others found it to be unsympathetic and rude
Mixed findings on
preference for a lifelike chatbot—some felt
it a little creepy and
weird
The nonjudgmental nature of chatbots is a
strong motivator of
adoption. It should respond spontaneously in
a contingent, humanlike manner

NS

Scheetz et al NS
[35]

NS

NS

NS

A minority (13.8%)
of the participants
felt that the specialist training colleges
were adequately prepared for the introduction of AI into
clinical practice. Education was identified as a priority to
prepare clinicians
for the implementation of AI in health
care

Stai et al
[45]

NS

NS

NS

NS

NS

Sun and
Medaglia
[40]

NS

NS

NS

NS

Insufficient knowledge on values and
advantages of AI
technology; unrealistic expectations toward AI technology

Tam-Seto et
al [38]

NS

NS

NS

NS

Managing the public’s expectations of
the capabilities of
such an app

Xiang et al
[33]

NS

NS

NS

NS

More than 90% of
health care workers
expressed a willingness to devote time
to learning about AI
and participating in
AI research
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Study

Need for transparen- Lack of personalization and Perceived empathy and per- Design, user experience, and Educating the public
cy, credibility, and
customizability
sonification
interconnectedness with
on AI capabilities
regulation
other devices

Zhang et al
[46]

Majority of partici- •
pants expressed the
need to increase system transparency by •
explaining how the
AI arrived at its conclusion

Need more personalConcerns over lack of empa- NS
ized and actionable in- thy
formation
AI should be enhanced
with features that can
help to recommend
personalized questions
to ask physicians

NS

NS: not specified.

Lack of Trust
Data Privacy
In all, 58% (15/26) of studies described the respondents’ lack
of trust regarding how their personal data will be collected (eg,
unknowingly through voice-activated devices) and handled (eg,
by whom and how) [22,24-26,28,30,31,35,36,38,40,41,43,46].
However, 4% (1/26) of the studies reported no concerns
regarding data sharing. This could be because of the respondents
being chronic obstructive pulmonary disease patients who may
have been used to their data being shared for clinical
decision-making purposes [31]. Potential mitigation strategies
suggested were to guarantee anonymity [26] and increase
transparency in how the collected data will be used (eg, by
which third party and how) [24,37]. There was a good proportion
of representation from the general public, including patients
(53.3%) [22,24-26,30,31,37,38,46] and health care providers
and IT staff (Multimedia Appendix 3).
Patient Safety
Of the 26 studies, 21 (81%) discussed the respondents’ lack of
trust in an AI to ensure patient safety while performing its tasks,
especially regarding providing accurate information on rare
conditions or unexpected situations [22-27,29-42,44]. Other
concerns were regarding the credibility of AI-based
recommendations (eg, whether it was validated by medical
professionals) [30,32], maturity in the technology to provide
safe and realistic recommendations [22,25], medical liability
from the risk of medical errors and bias [26,35,36,44], secondary
effects of AI-based diagnoses such as insurance claims [44],
and miscommunications [26]. The potential mitigation strategies
suggested were the provision of AI-specific regulations
[30,31,41], transparency in its credibility, how a
recommendation is derived (eg, showing who developed the
system and the system reasoning and reliability based on
information source and personal information), and its accuracy
[32,38]. In contrast, 4% (1/26) of studies reported that the
respondents were confident that the AI would outperform human
clinical diagnoses because of higher accuracy and lower human
errors [39]. Most respondents accepted AI in providing general
health advice to minor ailments. Most of the responses
represented the voices of the public, including patients (66.6%)
[22-26,30-32,34,35,37-40] (Multimedia Appendix 3).
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Technology
Of the 26 studies, 6 (23%) studies discussed the participants’
lack of trust in the maturity of AI technology in providing
reliable and accurate information to support health-related
predictions and recommendations [24,26,35,38,40,46]. This
could be related to concerns over the lack of integration and
synthesis of information from various sources, standardization
of data collection, and the overall sustainability of AI-assisted
health care service delivery [40,45]. However, 8% (2/26) of
studies reported that respondents had similar trust in AI as
compared with a human physician’s diagnoses [28,45]. Possible
mitigation strategies include increasing system transparency
and reporting system accuracies [26,46]. Only 8% (2/26) of
studies represented the voices of health care and IT staff
[35,40,49] (Multimedia Appendix 3).

Potential Impacts of Full Automation
In all, 46% (12/26) of studies discussed the perceptions of
respondents on the possibility and impacts of full automation
on the health care industry, especially in terms of diagnoses, all
of which reported that it is unlikely that AI will completely
replace health care professionals [22, 27, 29, 30, 33, 35, 36, 39,
42-44, 46]. This could largely be because of the immaturity of
AI technology and its limitations in providing human-like
interactions (which build trust) [27]. Instead, many patients
preferred a combination of both AI and human physicians in
diagnoses to achieve a more accurate and comprehensive
evaluation [30,39]. Most of the responses represented the voices
of health care and IT staff (58.3%) [27,29,35,36,42-44]
(Multimedia Appendix 3).

Needs to Improve Adoption of AI in Health Care
Besides the needs highlighted to mitigate the concerns, several
additional features were found to potentially improve the
adoption of AI in health care (Table 3).

Enhance Personalization and Customizability
Of the 26 studies, 6 (23%) studies discussed the need for AI to
personalize information such as the explanation of diagnoses,
recommendations, patient education, and even pertinent
questions or issues to raise to their physicians [23,24,30-32,46].
Some studies also mentioned the need to customize chatbot
features according to user preferences (for fixed options or
free-texts) [23,24].
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Enhance Empathy and Personification of AI-Enabled
Chatbots and Avatars
In all, 27% (7/26) of studies highlighted the respondents’
concern over the lack of empathy, which is a crucial element
of human interaction to build trust between service providers
and consumers. However, empathy must be displayed tactfully
in verbal and nonverbal expressions such that it does not appear
to be “creepy and weird,” especially in populations with mental
health issues [24]. Personification was also emphasized to
increase the relatability, connection, and appeal to interact with
the chatbot or avatar [23]. Perceived anonymity in interacting
with the chatbot was also highlighted to assist in communication
regarding sensitive topics [26].

Enhance User Experience, Design, and
Interconnectedness With Other Devices
Overall, 15% (4/26) of studies described the need to improve
user experience to increase user engagement with AI
[23,25,28,31]. Strategies include needs-based interaction timing,
the use of suitable verbal and nonverbal expressions,
interconnectedness with other information sources (eg, electronic
health record), apps (eg, calendar), and devices (eg, smart home
technology–enabled devices).

Educate the Public on AI Capabilities
Of the 26 studies, 6 (23%) studies highlighted the lack of public
and clinical awareness on the capabilities of AI in health care,
of which the majority of the respondents expressed their
willingness to learn [26,29,33,35,38,40]. A better understanding
of the advantages and disadvantages of AI in health care could
enhance the health care service delivery efficiency while
balancing the expectations from it.

Discussion
Principal Findings
On the basis of the 26 articles included in this scoping review,
we identified the perceptions and needs of various populations
in the use of AI for general, primary, and community health
care; chronic diseases self-management; self-diagnosis; mental
health; and diagnostic procedures. However, the use of AI in
health care remains challenged by the common perceptions,
concerns, and unmet needs of various stakeholders such as
patients, health care professionals, governmental or legal
regulatory bodies, software developers, and industrial providers.
Simply introducing AI into health care systems without
understanding the needs of stakeholders will not lead to a
sustainable change [50].
Our results showed that, similar to most ITs, AI was generally
favored for its on-demand availability, ease of use, potential to
improve efficiency, and reduce the cost of health care service
delivery. These features could enhance patients’ compliance to
health care treatments and recommendations that may be
inaccessible or inconvenient. For example, patients are
traditionally required to commit to a physician’s consultative
appointment that could be relatively inflexible because of a long
list of patients, and one could be forced to skip the consultation
because of a conflict in their schedule. AI confers the benefit
https://www.jmir.org/2022/1/e32939
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of information collection and dissemination beyond the
constraints of time and place, which have been shown to
improve medication adherence through an AI-based smartphone
app [51] and diet and exercise adherence through an AI-based
virtual health assistant [52]. Our findings also demonstrated
that AI is valued for its potential to speed up health care
processes such as diagnosis, waiting time, communication with
care teams, decisional support, and other routine tasks (eg,
progress monitoring) that can be automated. This increase in
service delivery efficiency frees up time and resources for
clinicians to focus on tasks that involve more unexpected
variabilities such as dealing with rare disease management and
interacting with patients, thereby reducing the risk of burnout,
job dissatisfaction, and manpower shortage [53].
Although our findings showed high rates of acceptability,
concerns were raised about the lack of trust (in data privacy,
patient safety, and technology maturity) and the impacts of
AI-driven automation on health care job security and health
care services. Ethical controversies surrounding the use of AI
in health care have been long-standing. Although there are
increasingly more regulatory guidelines available, such as those
developed by the World Health Organization [54] and the
European Union [55], the use of AI in health care remains
debatable because of the challenges in ensuring data privacy
and proper data use [56]. This is especially true when data
collection modes are conducted through third-party apps, such
as Facebook Messenger (Meta Platforms), of which privacy
policies are governed by technology companies and not health
care institutions [24]. Moreover, although there are privacy and
security precautionary measures, the increasing reports of data
leaks and vulnerabilities in electronic medical record databases
erode population trust. Future security and transparency
measures could consider the use of blockchain technology, and
privacy laws should be properly delineated and transparent [57].
This review also found the need to enhance the personalization
and customizability of information provided by AI, the
incorporation of empathy and personification in AI-based
conversational agents, the user experience through better design
and interconnectedness with other devices and systems, and the
need to educate the public on AI capabilities. Concerning
personalized health care, reports generated by AI should be
integrated and explained in accordance with each individual’s
demographic and clinical profile to facilitate self-management
[46]. We also identified the need for AI to not only assist in the
understanding of patients’ medical condition but also the
provision of relevant treatment options and personalized
recommendations with intuitive actions provided (eg, a button
to call an ambulance when deemed necessary by the AI) [31].
This coincides with existing studies that highlight the predictive
power of AI in providing support to preventive disease onset
or deterioration through interventions tailored according to user
preferences [58]. For example, AI has been used to provide
just-in-time adaptive interventions that prompt users to perform
healthy behavior changes (eg, healthy diet and exercise and
smoking cessation) based on constant data collection of their
behaviors and preferences [49]. However, the data collection
of users’ behavioral or clinical information should also consider
the customizability of input options (eg, providing predefined
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options or allowing for free-text input) to enhance the usability
and adoption of such systems, depending on user preferences
[24]. Personification of AI-based conversational agents to
express human-like identity, personality, empathy, and emotions
was also highlighted as an area of improvement to enhance
human-chatbot interactions and eventually user adoption [59].
It was also important for the AI systems to be accessible through
various devices (eg, tablets, televisions, laptops, and smart home
appliances) and modes (eg, text and speech) for the convenience
of information consumption and data collection. Finally, our
findings suggest a need to address the knowledge deficit in the
definition, capacity, and functions of AI. This could be done
by cultivating AI literacy and exposure from childhood [60]
and incorporating the AI curriculum in health care training and
upgrading courses [61].
Overall, our study findings are consistent with well-established
theories such as the Technology Acceptance Model, of which
the second version proposed by Venkatesh and Davis [62] posits
that technology acceptance is strongly associated with the
perceived usefulness and perceived ease of use, which are
influenced by subjective norms, images, job relevance, output
quality, result demonstrability, experience, and voluntariness
[63]. Therefore, to enhance the acceptability of AI in health
care applications, its perceived usefulness over and above the
current standard practices such as capacity to increase service
delivery efficiency and community-based self-diagnostic
accuracy should be emphasized. Such messages should be
designed to be relevant to the individual and organizational
adopters of a social system through various communication
channels and change agents (ie, gatekeepers and opinion
leaders). Such messages should be persuasive to spark five
stages of adoption, namely, knowledge, persuasion, decision,
implementation, and confirmation, known as the diffusion of
innovation theory by Rogers [64]. Different strategies are also
needed to correspond with the different categories of adopters,
namely, the innovators, early adopters, early majority, late
majority, and laggards. Different rates of technology adoption
are associated with one’s risk tolerance related to higher social
economic status, education level, and financial stability [65].
An example is the case of AI adoption in chronic disease early
detection and management in the United Arab Emirates. Success
was attributed to the managerial, organizational, operational,
and IT infrastructure factors that contribute to the factors of
the Technology Acceptance Model [66]. However, advanced
technologies such as AI continue to be relatively expensive and
require eHealth literacy, which may widen the digital divide,
and therefore the data divide and health disparity among
societies. According to a report published in The Lancet, the
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internet remains inaccessible to approximately 50% of the global
population because of a digital divide [67]. In addition, there
are specific guidelines on the implementation of AI in health
care service delivery, such as the quality of data and certification
of AI systems, which may deter adoption [68].

Limitations
This study had several limitations. First, only articles written
in English were retrieved, possibly limiting the
comprehensiveness of our findings. However, we conducted a
search on Google Scholar to supplement the electronic database
search for more relevant papers. Second, the studies were largely
heterogeneous in their study designs, research aims, and data
collection methods. Third, there were limited studies on the
perceptions of AI and clinical researchers who could provide
outlooks on the perceptions of the general public. Finally, the
public’s perceptions of AI in health care may be limited by their
knowledge of the definitions and capabilities of AI, as
highlighted in our findings that there is a need to enhance the
public’s knowledge on AI. Therefore, the priority or importance
of each perception and need could not be evaluated. The
inclusion of articles based on our definition of AI could also
have limited the scope of this study. Studies that considered
different definitions of AI may have been excluded.

Recommendations for Future Design and Research
This study highlighted the perceptions and needs of AI to
enhance its adoption in health care. However, one major
challenge lies in the extent to which AI is tailored according to
each individual’s unique preference, and if such preferences are
largely varied, how data can be aggregated for analyses and
applicability in specific health care applications. Therefore,
future studies that use AI should not only consider the issues
raised in this study but also clarify the applicability in their
applications and target population. A prior needs-based analysis
is recommended before the development of AI systems.

Conclusions
Although AI is valued for its 24/7 availability in health care
service delivery, ease of use, and capacity to improve health
care service provision efficiency, concerns over trust in data
privacy, information credibility, and technological maturity
remain. Although several mitigation strategies such as enhancing
transparency over predictive accuracy and information sources
were identified, other areas of improvement were also
highlighted. Future studies and AI development should consider
the points raised in this study to enhance the adoption and
enhancement of AI to improve health care service delivery.
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Abstract
Background: Mobile phone use has brought convenience, but the long or improper use of mobile phones can cause harm to
the human body.
Objective: We aimed to assess the impact of improper mobile phone use on the risks of accidents and chronic disorders.
Methods: We systematically searched in PubMed, EMBASE, Cochrane, and Web of Science databases for studies published
prior to April 5, 2019; relevant reviews were also searched to identify additional studies. A random-effects model was used to
calculate the overall pooled estimates.
Results: Mobile phone users had a higher risk of accidents (relative risk [RR] 1.37, 95% CI 1.22 to 1.55). Long-term use of
mobile phones increased accident risk relative to nonuse or short-term use (RR 2.10, 95% CI 1.63 to 2.70). Compared with nonuse,
mobile phone use resulted in a higher risk for neoplasms (RR 1.07, 95% CI 1.01 to 1.14), eye diseases (RR 2.03, 95% CI 1.27
to 3.23), mental health disorders (RR 1.16, 95% CI 1.02 to 1.32), and headaches (RR 1.25, 95% CI 1.18 to 1.32); the pooled risk
of other chronic disorders was 1.20 (95% CI 0.90 to 1.59). Subgroup analyses also confirmed the increased risk of accidents and
chronic disorders.
Conclusions: Improper use of mobile phones can harm the human body. While enjoying the convenience brought by mobile
phones, people have to use mobile phones properly and reasonably.
(J Med Internet Res 2022;24(1):e21313) doi:10.2196/21313
KEYWORDS
cell phone; mobile phone; accident; neoplasm; radiation

Introduction
In the first quarter of 2019, the number of mobile phone users
reached 7.9 billion, with an increase of approximately 2%
year-on-year [1]. China had the most net additions during this
quarter (30 million), followed by Nigeria (5 million), and the
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Philippines (4 million). In addition, it was predicted that the
worldwide mobile phone market would reach 1.5 billion
shipment units by the end of 2019 and that the pending arrival
of 5G would attract more phone users by 2020 or 2021 [2].
Although mobile phones facilitate people's daily lives and
provide effective auxiliary means for the treatment and
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management of diseases [3-5], the health hazards potentially
caused by using mobile phones are also a growing concern.
Although many countries and regions have passed laws
prohibiting the use of mobile phones while driving, the number
of reported traffic accidents caused by using mobile phones
while driving has been increasing in recent years [6,7]. Nearly
one-quarter of all traffic accidents in the United Kingdom in
2013 were caused by drivers using phones while driving. In
addition, harm may be caused to the ears, parotid glands, and
indirect brain areas during mobile phone usage [8-10]. Some
in vivo or in vitro [11], simulator [12], or real-world studies
[13] have been carried out to test the effects between human
body and mobile phone use. There is currently no consensus
on the use of mobile phones and chronic disorders, especially
with respect to neoplasms, because results conflict. Mobile
phone radiation has been classified as a possible carcinogen to
humans [14]; radiation might cause tumors or accelerate the
growth of subclinical tumors [15,16]. In recent years, head and
neck injuries related to mobile phones have increased sharply
[17]. A cross-sectional study [17] in the United States using a
national database showed that mobile phone use can be
distracting and cause injuries. In addition, increasing attention
had been paid to the impact of mobile phone use on mental
health (for example, addiction [18,19]), and a new
term—nomophobia—which is short for no mobile phone phobia
and has been considered as a symptom or syndrome of
problematic digital media use in mental health [20]. However,
some studies believe that the available evidence has not yet
suggested that mobile phone use can cause damage to the human
body (especially with respect to cancer).
Given that the use of mobile phones is growing rapidly, it is
still doubted whether the improper use of mobile phones causes
injuries to the human body. Our paper will provide a thorough
review of literature to explore the impact of improper mobile
phone use, which includes accidents and chronic disorders, on
human body health.

Methods
Search Strategy
Two of the authors systematically searched PubMed, EMBASE,
Cochrane, and Web of Science databases from inception to
April 4, 2019. The search was limited to studies on the human
body published in the English language. Additional literature
was screened by manually searching the reference lists of recent
reviews and studies for papers meeting the inclusion criteria.

Inclusion and Exclusion Criteria
According to the International Statistical Classification of
Diseases, tenth revision [21], accidents are defined as unplanned
events that sometimes have inconvenient or undesirable
consequences, at times being inconsequential, and which include
transport accidents and other injuries. In our study, we used the
term chronic disorders for all nonaccident outcomes, including
neoplasms (brain tumor, thyroid cancer, glioma and
astrocytoma);
mental
health
disorders
such
as
attention-deficit/hyperactivity
disorder
(ADHD),
nomophobia-anxiety, insecurity, anger, or discomfort;
https://www.jmir.org/2022/1/e21313
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headaches; sleep disorders; injuries to the head (eye, ear, oral);
injuries to the wrist; diseases of male genital organs; and other
unspecific disorders including DNA damage, genotoxic effects,
blood–cerebrospinal fluid barrier damage, serum S100B levels
damage, total prostate specific antigen (tPSA) disorder, free
prostate specific antigen (fPSA) disorder, fPSA/tPSA disorder,
poor DNA integrity, chromosomal damage. The term
nomophobia, constructed on the definitions described in the
Diagnostic and Statistical Manual of Mental Disorders (Fourth
edition) [22] and labeled as a “phobia for a particular/specific
thing,” was used to describe the psychological condition when
people had a fear of being detached from mobile phone
connectivity.
Our inclusion criteria were studies that focused on (1) damage,
including accidents and chronic disorders, instead of promoting
healthy outcomes; (2) the use of mobile phones, including digital
phone and mobile phone radio frequency radiation; (3) improper
use of mobile phone, including inappropriate use occasions (eg,
using mobile phone while driving or cycling), long-time or
long-term use of mobile phone, and using the phone in an
incorrect posture; (4) accidents occurring during mobile phone
use or chronic disorders resulting from mobile phone use rather
than those from any other cause (eg, occupational injuries); and
studies that were (5) published in English and with (6) outcome
indicators, including odd ratios (OR) or relative risk (RR) and
95% confidence intervals or mean and standard deviation.
Abstracts, comments, conferences, replies, responses, reviews
(including systematic reviews), case reports, and animal studies
were excluded. Additionally, studies with incomplete data and
duplicate studies were also excluded.

Data Extraction and Quality Assessment
The 2 authors worked simultaneously, but independently, to
screen studies, extract data from studies meeting the inclusion
criteria, and assess the quality of these studies. Each author’s
results were cross-checked by the other, and any disagreements
on study selection, data extraction, and study quality assessment
were resolved by another author.
The following information was collected using standardized
data extraction forms: author information, publication year,
study design, participant age, sample size, study area, measures
of mobile phone use, measures of outcome-related behavior,
and key outcomes.
The Newcastle-Ottawa Scale [23] was designed for the
evaluation of case-control studies and cohort studies. The
evaluation criteria for cross-sectional studies included 11 items
recommended by the Agency for Healthcare Research and
Quality [24]. The quality of each study was graded as good,
fair, or poor. To be rated as good, studies needed to meet all
criteria. A study was rated as poor when 1 (or more) domain
was assessed as having a serious flaw. Studies that met some
but not all criteria were rated as fair.

Data Analysis
A random-effects model was used to calculate overall pooled
estimates. Tests for heterogeneity between studies’ results were
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performed with the Cochran Q statistic and were quantified
with the I2 statistic.
To examine the robustness of the findings, we performed
subgroup analyses by country, participant age, sample size, and
study-specific outcomes (accidents and chronic disorders). To
validate the robustness of the findings, we performed a
sensitivity analysis. The potential for publication bias was
graphically explored with funnel plots, and publication bias was
tested for significance with the Egger test and Begg test. All
statistical procedures were 2-tailed with a significance level of
0.05 and were conducted using Stata software (version 13.0;
StataCorp LLC).

Results

Cao et al
2329 studies remained after the removal of duplicates (Figure
1). After screening titles and abstracts, 1922 records were
excluded because they did not meet the selection criteria: case
reports (n=9), summary reviews (n=117), nonpopulation studies
(n=255), not about mobile phone use (n=1257), non-English
(n=2), replies/abstracts (n=23), and no outcome indicators
(n=259). Full texts of remaining papers were assessed for
eligibility; 142 records were excluded because they were
duplicates (n=2), case reports (n=11), summary reviews (n=39),
nonpopulation research (n=49), not about mobile phone use
(n=88), not English (n=8), replies/abstracts (n=6), or lacked
outcome indicators (n=163). Finally, 41 studies [25-65] were
included, which included cohort studies (n=10), case-control
studies (n=20), and cross-sectional studies (n=11). Details are
presented in Table S1 in Multimedia Appendix 1.

Study Inclusion
A total of 4228 studies were identified by the initial database
search, and 3 studies were obtained by searching references;
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Figure 1. Flowchart of the selection of studies.

Study Characteristics and Quality Assessment
Of the 41 papers, 29 papers were published between 2011 and
2019 [25-28,30,31,35-37,41-43,45-48,50,54-65], 11 papers
were
published
between
2002
and
2009
[32-34,38-40,44,49,51-53], and 1 paper was published in 1997
[29]. The sample sizes of the studies ranged from 6 to
15,406,515. All participants were over 7 years old. Studies were
carried out in the United States (n=8) [26,30,32,37,45,50,59,64],
Sweden (n=5) [38,51-53,61], Canada (n=3) [34,49,56], Korea
(n=3) [27,62,63], China (n=2) [25,42], Vietnam (n=2) [31,58],
Iran (n=2) [47,54], Denmark (n=1) [28], Italy (n=1) [33],
Malaysia (n=1) [46], and Brazil (n=1) [57]; the remaining
studies lacked relevant regional information. The outcomes
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were divided into accidents and chronic disorders—15 studies
focused on accidents [30-34,45-47,49,50,54,56-58,64], which
were mainly related to transport accidents (car accident,
motorcycle accident, and unspecified transport accidents) and
other accidental injuries, such as electrical injuries and
explosions, and 26 studies [25-29,35-44,48,51-53,55,59-63,65]
focused on chronic disorders, including neoplasms, ADHD,
nomophobia, headaches, sleep disorders, dry eye diseases, ear
injuries, oral problems, wrist injuries, reproductive health issues,
and other unspecific chronic disorders (including DNA damage,
genotoxic effects, blood-cerebrospinal fluid barrier, serum
S100B levels, tPSA, fPSA, fPSA/tPSA, DNA integrity,
chromosomal damage). Additional details can be found in Table
S2 in Multimedia Appendix 1.
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The results of the quality assessment indicated that 16 studies
were good quality, and 25 were fair (Table S3 in Multimedia
Appendix 1).

Mobile Phone Use and Accidents
Compared with nonmobile phone users, people who use mobile
phones had a significantly higher risk for all accidents, with a
pooled OR/RR of 1.55 (n=15,517,418, 95% CI 1.40 to 1.71;
I2=93.7%). The risk for mobile phone users was 1.37 times
(n=15,451,501 , 95% CI 1.22 to 1.55; I2=96.6%) that for
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nonmobile phone users. The top 3 relative risks were 4.78 (95%
CI 3.46 to 6.60) and 3.90 (95% CI 2.70 to 6.10), both for
unspecified transport accidents, and 2.38 (95% CI 1.30 to 4.30)
for car accidents. Those who used mobile phones long-term had
a 2.10-fold (95% CI 1.63 to 2.70) higher risk of accidents than
those who did not use mobile phones or who used them for
short-term; the top 3 relative risks were 8.32 (95% CI 2.83 to
24.42), 7.05 (95% CI 2.64 to 18.83), and 6.76 (95% CI 2.60 to
17.55) for car accidents, car accidents, and unspecified transport
accidents, respectively (Figure 2).

Figure 2. Forest plot of accident risk and mobile phone use.

Mobile Phone Use and Chronic Disorders
The pooled risk of chronic disorders caused by mobile phone
use was 1.07 times that of nonmobile phone use (95% CI 1.01
to 1.14; I2=32.9%). Compared with nonmobile phone users,
mobile phone users had a 1.07-fold risk of neoplasms (95% CI
0.93 to 1.23, I2=42.4%). The top relative risks of neoplasms
https://www.jmir.org/2022/1/e21313
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were for brain tumor (RR 1.30, 95% CI 1.02 to 1.60), followed
by thyroid cancer (RR 1.15, 95% CI 0.93 to 1.23). For long-term
mobile phone users there was a higher risk of neoplasms, with
a pooled relative risk of 1.07 (95% CI 0.97 to 1.17). The top 3
relative risks for outcomes were brain tumor (RR 1.80, 95% CI
1.10 to 2.90), glioma (RR 1.60, 95% CI 1.10 to 2.20), and
thyroid cancer (RR 1.58, 95% CI 0.98 to 2.54). Furthermore,
the position when using mobile phone also increased the risk
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of specific cancers; mobile phone users had a relative risk of
1.40 (95% CI 0.98 to 1.18; I2=0.0%) for brain tumor compared
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with nonmobile phone users (Figure 3).

Figure 3. Forest plot of chronic disorder risk (neoplasms) and cell phone use.

Chronic nonneoplasm disorders caused by mobile phone use
included mental disorders (ADHD, nomophobia), headaches,
sleep disorders, injuries to the head (eye, ear, and oral), injuries
to the wrist, male reproductive health issues, and other
unspecific chronic disorders. Compared with nonmobile phone
use, mobile phone use increased the risk of headaches (pooled
https://www.jmir.org/2022/1/e21313
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risk 1.25, 95% CI 1.18 to 1.32, I2=41.0%; Figure 4A) and the
risk of dry eye disease (RR 2.03, 95% CI 1.27 to 3.23, I2=0.0%;
Figure 4B). Mobile phone users had a higher risk of ADHD
than nonmobile phone users (RR 1.16, 95% CI 1.02 to 1.32,
I2=51.6%; Figure 4C), and mobile phone use increased the risk
of other unspecific chronic disorders, with a pooled risk of 1.20
J Med Internet Res 2022 | vol. 24 | iss. 1 | e21313 | p.263
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
(95% CI 0.90 to 1.59, I2=0.0%), including damage to the
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blood–cerebrospinal fluid barrier and elevated levels of serum
S100B levels (Figure 4D).

Figure 4. Forest plot of chronic disorder risk (nonneoplasm) and cell phone use. ADHD: attention deficit/hyperactivity disorder; BCSFB:
blood-cerebrospinal fluid barrier.

Compared to nonmobile phone users and short-term users, the
risk for nomophobia among long-term users was –0.06 (95%
CI –0.74 to 0.63; I2=0.0%; Figure 5A); the risk was not
statistically significant. Mobile phone use increased the risk of
thumb injury (weighted mean difference [WMD] 218.48, 95%

CI 2.93 to 434.02; I2=0.0%; Figure 5B) and wrist extension
(WMD 0.82, 95% CI –0.53 to 2.16; I2=91.4%; Figure 5C). The
risk of damage to hearing was 4.54 times higher for mobile
phone users than that of the nonmobile phone users (WMD
4.54, 95% CI 3.29 to 5.80, I2=20.6%; Figure 5D).

Figure 5. Forest plot of chronic disorder risk and cell phone use (continuous data). WMD: weight mean difference.

Subgroup Analysis
Subgroup analysis showed a consistent increase in the overall
risk of cancer in the population (Table 1). Participants from the
https://www.jmir.org/2022/1/e21313
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United States (OR 1.35, 95% CI 1.18 to 1.55), Denmark (OR
1.25, 95% CI 1.18 to 1.32), and aged 18 to 35 years (OR 1.62,
95% CI 1.31 to 2.00) had higher risks of injury with mobile
phone use. Similarly, the larger the sample size, the higher the
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risk of injury caused by the use of mobile phones. The risk of
unspecified transport accidents significantly increased with
mobile phone use as a result of accidents (OR 1.43, 95% CI
1.25 to 1.64). The higher risks of chronic disorders on the human

body were injuries to the ear (OR 4.54, 95% CI 3.29 to 5.80),
headaches (OR 1.25, 95% CI 1.18 to 1.32), and other unspecific
chronic disorders (OR 0.51, 95% CI 0.04 to 0.99).

Table 1. Subgroup analyses of the risk of injuries by mobile phone use or nonuse.
Component

Studies, n (%)

Odds ratio (95% CI) (or random-effects
weighted mean differencea)

Country
Iran

2 (2)

1.08 (0.51, 2.27)

Canada

3 (3)

1.95 (0.94, 4.07)

United States

5 (13)

1.35 (1.18, 1.55)

Denmark

1 (6)

1.25 (1.18, 1.32)

Sweden

4 (7)

1.06 (0.91, 1.24)

100-500

5 (8)

1.17 (0.79, 1.72)

500-1000

5 (6)

1.76 (1.14, 2.71)

>1000

10 (22)

1.21 (1.11, 1.32)

1-18 years

4 (9)

1.23 (1.15, 1.32)

18-35 years

4 (4)

1.62 (1.31, 2.00)

35-65 years

5 (7)

1.02 (0.87, 1.21)

Car accident

3 (5)

1.31 (0.81, 2.13)

Unspecified transport accidents

6 (11)

1.43 (1.25, 1.64)

Motorcycle accident

3 (3)

1.13 (0.51, 2.48)

Mental disorders

2 (2)

1.37 (0.54, 3.51)

Headache

1 (6)

1.25 (1.18, 1.32)

Neoplasms

4 (7)

1.07 (0.93, 1.23)

Other unspecific chronic disorders

2 (2)

1.04 (0.60, 1.82)

Other unspecific chronic disorders

2 (4)

0.51 (0.04, 0.99)a

Injuries to ear

1 (4)

4.54 (3.29, 5.80)a

DNA damage

1 (1)

0.13 (-0.15, 0.40)a

Sample size

Age

Accidents

Chronic disorders

Chronic disorders

a

Outcome measures are continuous variables; therefore, random-effects weighted mean difference was used.

Among the participants with various mobile phone use duration,
Canadians and Koreans had a higher risk of injury to the human
body compared with that of other populations. In studies with
a participant sample size that ranged from 100 to 500 and with
participants aged 18 to 35 years, there was a higher risk of
accidents and chronic disorders (Table 2). In general, mobile
phone use increased the risk for injury to the human body.
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Similarly, unspecified transport accidents were the highest cause
of human body injuries as a result of accidents (OR 3.23, 95%
CI 1.65 to 6.30). Increasing mobile phone use was associated
with the higher risks of DNA damage (OR 7.52, 95% CI 2.23
to 12.81), male reproductive health issues (OR –4.69, 95% CI
–5.64 to –3.75), and mental disorders (OR 1.20, 95% CI 1.05
to 1.37).
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Table 2. Subgroup analyses of the risk of injuries by the duration of mobile phone use.
Component

Studies (included entries), n (%)

Odds ratio (95% CI) (or random-effects
weighted mean differencea)

Country
United States

3 (23)

1.20 (0.78, 1.84)

Canada

1 (14)

1.91 (1.54, 2.35)

Korea

1 (12)

1.20 (1.05, 1.37)

Sweden

4 (37)

1.06 (0.98, 1.15)

100-500

4 (19)

1.89 (1.32, 2.71)

500-1000

1 (12)

1.13 (0.99, 1.28)

>1000

5 (55)

1.16 (1.07, 1.25)

1-18 years

1 (12)

1.20 (1.05, 1.37)

35-65 years

6 (41)

1.16 (1.03, 1.30)

Car accident

2 (21)

1.95 (1.49, 2.55)

Unspecified transport accidents

1 (4)

3.23 (1.65, 6.30)

Mental disorders

1 (12)

1.20 (1.05, 1.37)

Tumors

4 (41)

1.07 (1.00, 1.15)

Other unspecific chronic disorders

2 (8)

1.26 (0.91, 1.74)

Nomophobia

1 (4)

–0.06 (–0.74, 0.63)a

Oral problem

2 (9)

0.01 (–0.15, 0.18)a

DNA damage

2 (4)

7.52 (2.23, 12.81)a

Male reproductive health issues

1 (4)

–4.69 (–5.64, –3.75)a

Injuries to wrist

1 (2)

0.82 (–0.53, 2.16)a

Sample size

Age

Accidents

Chronic disorders

Chronic disorders

a

Outcome measures are continuous variables; therefore, random-effects weighted mean difference was used.

Publication Bias
Research results that are statistically significant may be more
likely to be reported and published than results that are
insignificant and invalid. In our study, the funnel plot was
generally symmetric, indicating the absence of publication bias
(Figure S1 in Multimedia Appendix 1).

Discussion
Principal Findings
Our review included large participant-level cohort,
cross-sectional, and case-control studies on the impact of mobile
phone use on outcomes related to harm to the human body. The
findings suggested that mobile phone use increased the risk of
accidents and chronic disorders involving the human body.
Mobile phone use increased the risk of accidents by 55%. Car
accidents had the highest relative risk of traffic injuries for
https://www.jmir.org/2022/1/e21313
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mobile phone users. Mobile phone use also increased the risk
of chronic disorders, increasing the risk of neoplasms, ADHD,
headaches, and eye injuries by 7%, 16%, 25%, and 103%,
respectively.
Consistent with the findings of previous studies [66-69], mobile
phone use while driving increased the risk of accidents, given
that it may lead to decreased situational awareness and
deteriorated driving performance. Phone use while driving has
become a priority road safety issues, and although it is difficult
to assess the absolute increased risk for collision due to
distraction of drivers caused by using mobile phones, driving
simulator [6] and real-world [67] naturalistic driving studies
have shown that the risk for talking on the phone while driving
is significantly higher than that for undistracted driving and is
comparable to the risk of driving while drunk. Ludovic et al
[70] found that mobile phone use while driving was a significant
distraction—even when a user is not using a mobile phone, the
vibration or beeping of the phone will attract the user's attention,
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thus becoming a cause of motor vehicle crashes. Drivers were
more likely to miss traffic signals and were involved twice as
often in car crashes when having a phone conversation while
driving. In addition, visual manual tasks such as texting or
typing were more likely to increase the risk of traffic accidents
than other types of observable distractions [70,71]. Some
interventional driving strategies and preventive measures have
reduced the risk of traffic accidents among people, such as
graduated driver licensing programs or advertising campaigns
[72]. For example, United States, Great Britain, Canada, South
Africa, and Australia have developed and use a graduated driver
licensing program, which allows drivers to gain experience in
low-risk driving conditions by adding an intermediate phase
between the learning stage and the acquisition of the driving
license [73]. Some studies [74,75] showed that the effectiveness
of educational and preventive road safety programs is yet to be
confirmed.

studies [89,90] have shown that radiofrequency radiation
exposure can lead to oxidative stress in various tissues.
Oxidative stress is known to play a central role in the
development of cancer and aging, and it serves as a signaling
agent in the inflammatory response. Recent studies [15,91]
reported that the radiofrequency radiation emitted from mobile
phones causes oxidative stress. Oxidative stress related to
radiofrequency radiation leads to lipid, protein, and DNA
damage in various tissues [15]. Our findings suggest that
although the current allowable mobile phone radiation level is
very low, it may be sufficient to induce biological effects. Some
studies [82,92,93] have reported that existing data are not
sufficient to support the assumption that tumors are caused by
mobile phone usage. Thus, determination of whether these
effects might cause any significant health effects requires further
investigation, especially with respect to neoplasms.

Although the risk of neoplasm from mobile phone use is still
unclear, our meta-analysis suggests that improper use of mobile
phones increases the risk of brain tumor, glioma, and thyroid
cancer. Mobile phone radiation has been classified as possibly
carcinogenic to humans [76]. There appears to be sufficient
evidence that radiofrequency electromagnetic fields can cause
nonthermal biological effects even when they do not cause tissue
heating [77,78]. Previous evidence of damage from
radiofrequency electromagnetic fields is the strongest for cancers
caused by long-term exposure to mobile phones, especially
brain tumor gliomas, glioblastomas, and acoustic neuromas
[79,80]. In fact, the rates of brain tumors are increasing in
Sweden, and the use of phones has been suggested to be the
cause [81]. Little et al [82] found that ever having used mobile
phones is not significantly associated with risk of glioma, but
there could be increased risk for long-term users. Incorrect
phone posture can increase the risk of wrist damage, chronic
neck pain, and chronic shoulder pain, and the pain and fatigue
worsen with longer mobile phone use [83-85]. When people
use mobile phones, their body is relaxed, and their neck is prone
to be bent. Hansraj et al [86] showed that there was a positive
correlation between neck flexion and neck force, as well as head
and neck posture in cervical spine stress and related neck pain.
In addition, the long-term use of mobile phones may lead to
ADHD in children and nomophobia. Studies have shown that
adolescents with ADHD use electronic products significantly
more often, and they usually have more sleep-wake problems
[87]. Mobile phones are playing an increasingly important role
in our lives. People have become dependent on mobile phones
and suffer from no mobile phonephobia (ie, when not having a
mobile phone, individuals feel discomfort, insecurity, anxiety,
or anger), although the definition of nomophobia is not
standardized, scholars have shown increasing interest and
relevant scales have been designed and adjusted for different
regions [88]. Finally, our meta-analysis demonstrated that
mobile phone use can cause other chronic disorders, such as
DNA damage (WMD 0.13, 95% CI –0.15 to 0.40). Several

The inclusion criteria for our study were rigorous, and thus,
some reports were excluded. For example, the incidences of
taking selfies and sharing them on social media as well as
selfie-related behaviors are increasing, particularly among young
people, which possibly leads to selfie-related trauma [94,95].
Other studies [96,97,98] have reported physical harm caused
by mobile phones, such as ear trauma, thigh injuries, electrical
burns, and injuries caused by phone explosions. Furthermore,
it has been suggested that electromagnetic fields generated by
mobile phone may have long-term harmful effects, including
an increase in infertility, Alzheimer disease, and other
neurodegenerative diseases [99].
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Limitations

Our study also has some limitations. First, “damage” and
“injury” were used as search queries in our study to retrieve
papers on the health effects of mobile phones, other adverse
outcomes caused by phone use may have been missed. Second,
only 10 of the 41 studies were longitudinal studies. Additional
longitudinal studies could confirm the causal relationship
between mobile phone use and human health. Third, the different
environments and behaviors of using mobile phones might lead
to different risks of injury. We did not consider different patterns
or reasons for using mobile phones in different regions and by
different people, and we did not further analyze specific types
and purposes of using mobile phones, such as texting or making
phone calls. Finally, there was heterogeneity in our study
(I2>75%); therefore, we performed subgroup analyses to explore
the source of heterogeneity.

Conclusions
There is growing evidence that mobile phone use affects the
human body. Our study suggests that the use of mobile phones
causes not only accidents but also chronic disorders to the
human body. Although some findings are still controversial,
the harm that mobile phones cause to the human body cannot
be underestimated, and more research is needed to explore the
direct evidence of damage to the human body.
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Abstract
Background: The COVID-19 pandemic has required an increased need for rehabilitation activities applicable to patients with
chronic diseases. Telerehabilitation has several advantages, including reducing clinic visits by patients vulnerable to infectious
diseases. Digital platforms are often used to assist rehabilitation services for patients in remote settings. Although web portals
for medical use have existed for years, the technology in telerehabilitation remains a novel method.
Objective: This scoping review investigated the functional features and theoretical approaches of web portals developed for
telerehabilitation in patients with chronic diseases.
Methods: PubMed and Web of Science were reviewed to identify articles associated with telerehabilitation. Of the 477
nonduplicate articles reviewed, 35 involving 14 portals were retrieved for the scoping review. The functional features, targeted
diseases, and theoretical approaches of these portals were studied.
Results: The 14 portals targeted patients with chronic obstructive pulmonary disease, cardiovascular, osteoarthritis, multiple
sclerosis, cystic fibrosis diseases, and stroke and breast cancer survivors. Monitoring/data tracking and communication functions
were the most common, followed by exercise instructions and diary/self-report features. Several theoretical approaches, behavior
change techniques, and motivational techniques were found to be utilized.
Conclusions: The web portals could unify and display multiple types of data and effectively provide various types of information.
Asynchronous correspondence was more favorable than synchronous, real-time interactions. Data acquisition often required
assistance from other digital tools. Various functions with patient-centered principles, behavior change strategies, and motivational
techniques were observed for better support shifting to a healthier lifestyle. These findings suggested that web portals for
telerehabilitation not only provided entrance into rehabilitation programs but also reinforced participant-centered treatment,
adherence to rehabilitation, and lifestyle changes over time.
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Introduction
Chronic diseases are the leading causes of death worldwide.
The World Health Organization has reported that chronic
diseases are responsible for almost 60% of deaths worldwide
[1]. Studies show evidence of the effectiveness of rehabilitation
for patients with chronic disease; however, rehabilitation
programs are generally underused [2,3]. The major barriers to
participation in a rehabilitation program include inconvenient
timing, travel and transport issues, and lack of perceived benefit
[4]. Currently, rehabilitation services are facing even more
difficulty because of the COVID-19 pandemic. Conventional
clinic-based rehabilitation programs have been suspended as a
result of physical distancing recommendations and a shortage
of health care services [5,6]. Patients with chronic diseases are
more likely to develop severe conditions than patients without
chronic diseases, thus visiting clinics is considered to be a risk
to be avoided by patients [7]. Telerehabilitation can address
such obstacles, even during the COVID-19 pandemic.
Telerehabilitation is defined as rehabilitation activities
performed using information provided by communication
technologies over a distance [8]. Telerehabilitation for patients
with chronic diseases may consist of many components, for
example, exercise instruction, education, better communication,
and self-management training [9-11]. Digital platforms are often
used to assist rehabilitation services for patients in remote
settings [12-14], and web portals are one of the potential
technologies. The term “portal (computing)” has been described
as a website that is used as a gateway to the internet, where
information useful to a person interested in particular topics has
been gathered [15]. A web portal in clinical use has been
described as a kind of electronic health record that permits
patients to access their records or communicate with their health
care professionals [16,17]. Furthermore, the US government
describes a web portal as “a secure online website that gives
patients convenient, 24-hour access to personal health
information from anywhere with an internet connection” [18].
Taking into account the personal nature of the information,
access is often limited to authorized people in a secure and
confidential setting [19]. To encourage patient engagement and
provide benefits, web portals are recommended to follow the
principle of patient-centered care [20]. The primary concept of
patient-centered care is that patient values guide clinical
decisions [21]. The 6 factors defined as components of
patient-centered care are (1) respect for patients’ values,
preferences, and expressed needs; (2) coordination and
integration of care; (3) information, communication, and
education; (4) physical comfort; (5) emotional support; and (6)
involvement of family and friends [22].
Web portals have the potential to be a core digital component
for patient-centered telerehabilitation, however, relatively few
have been adapted for telerehabilitation [23], and few studies
to date have analyzed the use of web portals for telerehabilitation
https://www.jmir.org/2022/1/e27759
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in an international context. It is not known whether there are
unique characteristics in web portals developed for
telerehabilitation targeting chronic diseases rather portals
designed for other medical purposes. For these reasons, a
scoping review was conducted to gather knowledge about what
has been designed and tested in clinical practice, as well as to
identify any existing gaps in knowledge. The search strategy
according to population, concept, and context elements was as
follows: P, telerehabilitation participants with chronic disease;
C, web portals developed for telerehabilitation, functional
features, theoretical approaches, behavior change techniques
(BCT), motivational techniques (MTs), and mode of delivery;
C, any gender, age, or region. The following research question
was formulated to guide this review: What are the functional
features and theoretical approaches of web portals developed
for telerehabilitation programs in patients with chronic diseases,
as well as any characteristics that can be observed through the
investigations?

Methods
Study Design
This study was designed to map the functional features of web
portals utilized for telerehabilitation targeting chronic diseases.
Although systematic reviews are preferred for answering clearly
defined questions, a scoping review method is considered useful
for answering broad questions [24]. The scoping review protocol
in this study was developed using the guidelines provided by
the Preferred Reporting Items for Systematic Reviews and
Meta-analysis Extension for Scoping Reviews (PRISMA-ScR)
checklist [24,25]. With the cooperation of an experienced
university librarian, multiple databases were searched, ensuring
the appropriateness of the search strategy. The final version of
the protocol is available from a protocol registry [26].

Identification and Selection of the Relevant Articles
A literature search of the international online bibliographic
databases PubMed [27] and the Web of Science [28] was
performed on May 17, 2021. The search formula used for the
PubMed search engine was ((telerehabilitation) AND (chronic))
OR ((telerehabilitation) AND ((portal) OR (web-based) OR
(digital platform) OR (online platform) OR (internet-based))).
Because the definitions of web portals for telerehabilitation
participants were not determined in a common context, digital
platforms used for telerehabilitation were reviewed with the
principal concepts of web portals described above, such as (1)
web-based application, (2) allows the participants 24-hour
access, and (3) containing useful rehabilitation-related functions
for participants. To extract core components of web portals for
telerehabilitation, portals developed for purposes other than
telerehabilitation were excluded, as were clinician portals. To
focus on the essential features, telerehabilitation portals targeting
anything other than chronic diseases were also excluded. Web
applications designed for a single purpose, web services with
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limited time of access, and digital platforms based on native
applications (eg, iOS and Android apps and PC applications)
were excluded based on the definitions of web portals described
above. Abstracts of the selected studies were reviewed by the
team members according to the inclusion/exclusion criteria.
Review articles, editorials, conference reports, and interviews
were also excluded, whereas protocols were included.

portals, as well as the authors, institutions, and trial registration
numbers, were used to identify telerehabilitation projects
described in multiple articles.

Data extraction and charting were performed according to
Arksey and O’Malley’s guideline [29]. Data from the selected
articles were extracted with the following modules: portal name,
project name, country, functional features, targeted chronic
diseases, language, and other systems required for the
telerehabilitation service. Theories and models used in a study
were investigated as well as BCTs, MTs, and mode of delivery.
Several articles were found to describe the same
telerehabilitation project. The names of the projects and web

Of the 644 articles initially identified by keywords, 477
remained after the removal of duplicates. An additional 5 articles
were found through manual searching. Figure 1 shows the flow
diagram of the article identification process. The titles and
abstracts of these 482 nonduplicated articles were reviewed
during the initial screening phase, resulting in the identification
of 145 articles for full-text screening. Of these 145 articles, 35
articles with 14 platforms satisfied the criteria and were included
in the analysis. Full reasons for exclusion are shown in Figure
1.

Results
Overview

Figure 1. Flow diagram of article identification.

Functional Features of Telerehabilitation Portals
Five portals were for patients with chronic obstructive
pulmonary disease (COPD) [30-43], 3 were for patients with
cardiovascular diseases [44-49], 2 for multiple sclerosis [50,51],
and 1 each for patients with osteoarthritis [52-56], cystic fibrosis
[57-59], and stroke [60], and breast cancer survivors [61-64].
These 14 portals were implemented with multiple functions.
Monitoring/data tracking functions and communication
platforms were the most common features, provided by 11 and
10 portals, respectively. Monitoring/tracking functions foster
self-management skills in patients by gaining knowledge and
awareness of their health and active involvement in
https://www.jmir.org/2022/1/e27759
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rehabilitation programs [30,37,46]. Communication functions
take various forms, including text messaging systems, web
forums, and videoconferencing. Exercise instruction function
with audiovisual contents was emphasized in 9 portals, and
diary/self-report function was found in 9 portals, being used for
patients to share their rehabilitation reports and experience with
health care team members. Six portals allowed relatives to
participate in the rehabilitation program with permission of the
patient. Education was also frequently found with 5 portals.
Patient-reported outcomes (PROs) data and goal settings can
be collected or determined through specifically designed systems
[55], as well as through diary or communication functions
[48,50,64]. Two portals embedded audiovisual contents about
J Med Internet Res 2022 | vol. 24 | iss. 1 | e27759 | p.276
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other patients and their family members talking about their
experiences of rehabilitation (narrative of others) [46,48].
Although monitoring is one of the major functions, portals often
require assistance from other digital tools [30,35,41,44,50] or
extra effort of manual operations [49,57]. The most dominant
security measure was an individual, password-protected system.
Furthermore, ActivOnline protects user data and privacy by
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employing security measures (eg, 128-bit SSL security) to
provide encrypted data transfer [59], and “web application”
(portal 8) employed a 2-factor log-in system with participants’
private mobile phone [49]. The summary of functional features
and the 14 portals are shown in Table 1 and Figure 2. Detailed
descriptions of each portal are given in Multimedia Appendix
1.
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Figure 2. A summary of functional features and the 14 portals. A colored circle indicates a functional feature. The number in a circle denotes the
number of portals that employ the functional feature. A colored circle with a dotted line is associated with the principle of patient-centered care. Yellow
boxes on a gray circle indicate a web portal. The number in parenthesis denotes the number of functional features the portal implemented. P1: ActiveHeart;
P2: ActivOnline; P3: e-Exercise; P4: HeartPortal; P5: IBMS; P6: “A web portal”; P7: TELEKAT portal; P8: “A web application”, P9: “A webpage for
self-management”; P10: e-CUIDATE system; P11: “A web portal”; P12: “A web platform; P13: LifeCIT website; P14: “A website”. IBMS: Integrated
Care Portal Multiple Sclerosis; TELEKAT: telehomecare, chronic patients, and the integrated health care system; P: portal; PROs: patient reported
outcomes.

Some functional features are considered to be associated with
the principle of patient-centered care. Respect for patients’
values can be attempted by PRO, diary function, and the
participatory design process, which several portals followed
https://www.jmir.org/2022/1/e27759
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[36,45,47,50]. Communication and education functions can
provide coordination and integration of care, and the function
of the relatives’ participation is associated with involvement of
family and friends.
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Table 1. A list of included studies.
Portal name and references

Project name

Diseases

Functional features

Required additional systems

Portal 1: ActiveHeart

TTPa

Heart disease

Communication, exercise instructions, The shared care platform,
education, participation of relatives, MyMedic, Fitbit, sphygmomanometer, scale
narratives of othersb

ActionPACTc

Cystic fibrosis (later used for
COPDd and bronchiectasis)

Monitoring/tracking data, communi- Step counter (Fitbit, mobile
cation, goal settings, scheduling/re- phone or pedometer)
minder

e-Exercise

Knee/hip osteoarthritis

Exercise instructions, education,

Dinesen et al [44]
Dinesen et al [45]
Melholt et al [46]
Portal 2: ActivOnline

Cox et al [57]
Liacos et al [58]
Cox et al [59]
Portal 3: e-Exercise

Face-to-face sessions

e

PROs , scheduling/reminder, baseline
assessment
Kloek et al [52]
Kloek et al [53]
Kloek et al [54]
de Vries et al [55]
Bossen et al [56]
Portal 4: HeartPortal

Future patient

Heart failure

Monitoring/tracking data, communi- Sphygmomanometer, scale,
cation, exercise instructions, diary,
data transmitter, step couneducation, participation of relatives, ters, sleep sensor, iPad
goal settings (via communication and
diary function), PROs, narratives of
others

—g

Multiple sclerosis

Monitoring/tracking data, diary, edu- MSDS3Dh, multiple sclerosis
cation, participation of relatives,
case record
PROs (via diary function), scheduling/reminder, news, medication, access to a health care record (multiple
sclerosis care record), patient administration form, patient-specific pathways

—

COPD

Monitoring/tracking data, diary

TELEKAT

COPD

Monitoring/tracking data, communi- MyMedic/MyMedicPlus,
cation, education (via communication scale, sphygmomanometer,
function), participation of relatives
oximeter, spirometer

Joensson et al [47]
Dinesen et al [48]
Portal 5: IBMSf

Voigt et al [50]
Portal 6: “A web portal”

Activity coach (smartphone
and accelerometer)

Tabak et al [30]
Portal 7: TELEKATi portal
Dinesen et al [31]
Haesum et al [32]
Dinesen et al [33]
Jensen et al [34]
Dinesen et al [35]
Dinesen et al [36]
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Project name

Diseases

Functional features

Required additional systems

SmartCareCAD

Coronary artery disease

Monitoring/tracking data, communi- Mio alpha, hip-worn accation, participation of relatives, goal celerometer
setting, scheduling/reminder

—

COPD

Monitoring/tracking data, exercise
instructions, diary

e-CUIDATE

Breast cancer survivors

Communication, exercise instructions, Telephone call
diary, PROs (via communication
function), news

COPD

Monitoring/tracking data, communi- Activity coach (smartphone
cation, exercise instructions, diary
and accelerometer)

—

Multiple sclerosis

Monitoring/tracking data, communi- An ad hoc tracking system for
cation, exercise instructions, diary,
determination of posture, ToF
news
cameraj

LifeCIT

Poststroke

Monitoring/tracking data, communi- C-Mitt (a glove to restrict
cation, exercise instructions, diary,
functional hand movement)
participation of relatives, goal setting,
baseline assessment

iTrain

COPD

Monitoring/tracking data, communi- Treadmill, iPad, iPad holder,
cation, exercise instructions, diary,
web conference application,
goal setting, scheduling/reminder
pulse oximeter

Huniche et al [37]
Portal 8: “A web application”
Brouwers et al [49]
Portal 9: “A webpage for
self-management”

Treadmill, iPad, iPad holder,
web conference application,
pulse oximeter

Zanaboni et al [38]
Hoaas et al [39]
Zanaboni et al [40]
Portal 10: e-CUIDATE
system
Ariza-Garcia et al [61]
Galiano-Castillo et al
[62]
Galiano-Castillo et al
[63]
Galiano-Castillo et al
[64]
Portal 11: “A web portal” —
Tabak et al [41]
Portal 12”: “A web platform”

Eguiluz-Perez and Garcia-Zapirain [51]
Portal 13: LifeCITk website

Burridge et al [60]
Portal 14: “A website”

Hoaas et al [42]
Zanaboni et al [43]
a

TTP: teledialog telerehabilitation program.

b

Interviews, stories, and experiences of other patients or relatives who have the same disease.

c

ActionPACT: the active online physical activity in the cystic fibrosis trial.

d

COPD: chronic obstructive pulmonary disease.

e

PROs: patient-reported outcomes.

f

IBMS: integrated care portal multiple sclerosis.

g

Not specified.

h

Integration of the multiple sclerosis documentation system.

i

TELEKAT: telehomecare, chronic patients, and the integrated health care system.

j

Time-of-flight camera.

k

Constraint-induced therapy.
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Theoretical Approaches of Telerehabilitation Portals
Theoretical approaches were observed in 8 portals. Among
them, eHealth literacy described by Norman and Skinner [65],
Wenger’s Communities of Practice [66], and Self-Determination
Theory [67] were used for both development process and
qualitative usability evaluation [31,44,47,48]. The model of
eHealth literacy was first used in the qualitative data analysis
in ActiveHeart [46], and then employed in HeartPortal to foster
participants’ empowerment [48]. Communities of practice focus
on people who share a common interest or concern and interact
regularly, with learning taking place during interpersonal
interactions [66]. The theory influenced the design of portals
as facilitating communication and knowledge-sharing functions
among participants and patients with chronic diseases in the
ActiveHeart and telehomecare, and the integrated health care
system (TELEKAT) portals [31,44]. The Self-Determination
Theory takes into account intrinsic and extrinsic motivation
with 3 basic human needs: autonomy, competence, and
relatedness [67]. HeartPortal includes a graphical function that
displays charts of each participant’s physical data [48].
Participants who monitor their condition using detailed charts
are expected to gain autonomy and competence. Relatives’
participation upon patient’s permission is included in several
portals, and it is in the context of relatedness in HeartPortal.
Pathway-based care model–implemented integrated care portal
multiple sclerosis (IBMS) is an approach that provides a patient
with a complete picture of his/her disease progression and the
current state of an evidence-based treatment strategy [50,68].
By using this model, milestones of the treatment are defined,
and shared decision making between patients and the
multidisciplinary care team is expected to be induced [50].
Person-based approach for designing successful digital
interventions [69] was the method used to guide the development
phase of LifeCIT’s website [60].
Some studies were not “theory based” but introduced theories
in their study concept, thus we considered them as “theory
mentioned.” Cognitive behavior principles were mentioned in
3 studies [49,53,57], where 1 study [49] briefly mentions theory
linking to relapse prevention. Operant conditioning was
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associated with time-contingent exercise activity in e-Exercise
[56]. On the contrary, “A webpage for self-management” (portal
9) stated their study was empirically based. Moreover,
e-Exercise, “A web portal” (portal 11), and “A website” (portal
14) used empirical data of their previous trials [41,56].
The BCTs and MTs were identified by the authors’ descriptions
in the included articles, as well as referring to a taxonomy of
BCTs proposed by Abraham and Michie [70]. The incorporation
of several BCTs was reported to be more effective than
interventions that incorporated fewer techniques [71]. Relatives’
participation and goal settings were commonly found in portals
that took theoretical approaches. The general purpose of BCTs
is to better support patients shifting to a healthier lifestyle. Note
that a technique mentioned as BCT in one study can be
implemented in another study without being stated as a BCT
purpose.
Mode of delivery is also known to influence behavior [71]. It
is obvious that all 14 portals are internet-based programs, of
which ActivOnline, “A web application” (portal 8),
e-CUIDATE, and “A website” (portal 14) chose this mode of
delivery with the expectation of better treatment results
compared with conventional center-based treatment
[43,49,57,61]. As a synchronous communication, 2 portals
embedded a videoconferencing function, which is used for
consultations rather than exercise instructions. Asynchronous
physical activity was intentionally chosen for better adherence
to the exercise in several studies [39,41,43,56,64]. Although 2
interventions applied synchronous group exercises in addition
to asynchronous exercises thorough a videoconferencing
application apart from a portal [39,43], no functional features
of the 14 portals were used for synchronous exercise
instructions. The LifeCIT website has gaming contents for
poststroke exercise [60]. While the portals that took the
theoretical approach tend to have more BCTs, the number of
modes of delivery did not differ between portals with or without
a theoretical approach. Figure 3 summarizes the theoretical
approaches, BCTs, MTs, and modes of delivery employed in
the 14 portals.
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Figure 3. Theoretical approaches, BCTs, MTs, and modes of delivery employed in the 14 portals. Yellow square, theory applied; light yellow squares,
theory or model mentioned without specifies on the mode of implication; green squares, BCT applied; light green squares, BCT mentioned without
specifies on the mode of implication; green circles, through an additional system; orange squares, mode of delivery applied; orange circles, through an
additional system including another digital platform used simultaneously, video consultation with HCP, or face-to-face session as part of the intervention;
I: theory based; II: theory mentioned; III: theory not mentioned; BCT: behavior change technique; HCP: health care provider; IBMS: integrated care
portal multiple sclerosis; MT: motivational technique; MoD: mode of delivery; TELEKAT: telehomecare, chronic patients, and the integrated health
care system.
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Discussion
Principal Findings
The objective of this scoping review was to investigate
functional features and theoretical approaches of web portals
developed for telerehabilitation programs in patients with
chronic diseases, as well as any characteristics that can be
observed through the investigation. As a result,
monitoring/tracking data were found to be the most common
function in telerehabilitation portals. Data monitoring by patients
allowed them to gain self-management skills, which is a key
for controlling chronic diseases [11]. Moreover, portal 9 was
called by the authors “A webpage for self-management.” Those
results indicate that fostering self-management skills is one of
the characteristic features of telerehabilitation web portals.
Another characteristic feature can be observed through a
communication function, because patients with chronic
symptoms often require a multidisciplinary care team, including
patients’ relatives [48,50]. Facilitating physical activities is
another characteristic function of telerehabilitation portals, and
exercise programs are often individually modified
[41,43,49,56,60,64]. Nine portals embedded either audiovisual
exercise instructions or exercise game contents, whereas
ActivOnline, “A web portal” (portal 6), and “A web application”
(portal 8) promote physical activity by a monitoring function.
The TELEKAT portal and IBMS do not promote exercises
directly; however, exercise promotion is included in a part of
the TELEKAT intervention. As such, the web portals not only
present rehabilitation instructions but also facilitate rehabilitation
activities through various functional features. In other words,
the underlying concept of web portals is to lower the hurdle and
promote rehabilitation to become part of patients’ everyday
lives.
Taken together, we propose several key concepts that can be
addressed in the development of a telerehabilitation web portal.
The advantage of web portals is their ability to unify and provide
various information, which can be shared by many stakeholders,
including patients’ relatives. By contrast, acquiring data and
real-time correspondence often demand an extra system.
Regarding the weakness of data acquisition and real-time
correspondence, providing patients with a tablet or smartphone
with a Bluetooth connection may help solve such problems, as
exemplified in some studies [30,40,43,48]. Asynchronous than
synchronous rehabilitation is more preferrable for web portals,
as it is regarded as less time restrictive and more able to access
a rehabilitation program [72-75]. This may suit rehabilitation
participants who struggle with disruption to their established
routine. The principle of patient-centered care may guide
development of the digital platform. Consequently, conducting
a participatory design process may be desirable. Theoretical
approaches are recommended because theories and models can
be used not only during the developing phase but also to analyze
outcomes. Moreover, using a theoretical approach enables an
intervention to be mapped to existing knowledge. Functional
features may be developed upon the association of BCTs or
MTs. In addition, other BCTs that were not observed in the 14
portals may be included in future telerehabilitation portals, for
example, prompt barrier identification or mindfulness techniques
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[70,76]. Many different kinds of digital platforms are currently
available for telerehabilitation. Reasons for choosing certain
platforms, such as web applications, iOS/Android apps, and
eHealth device–associated applications, are considered to be
knowledge gaps, which should be studied in the future.
Differences in platforms can be analyzed from the perspective
of data privacy issues. Because web portals often contain highly
personal information, choosing a web application involves an
important security strategy. Security updates of web applications
are done by system providers, and, unlike native apps, little
action is required from the user side. This is a great advantage
for participants, especially those unfamiliar with digital
technologies.
Theoretical approaches were found in more than half of the
portals analyzed, and BCTs were often mentioned in those
studies. Current knowledge of BCTs, however, may not be
sufficient to understand BCTs used for telerehabilitation
platforms. For instance, although monitoring/tracking data are
associated with BCTs and MTs in several web portal articles
[30,31,59], the function is not monitoring behavior itself but
rather monitoring physical condition or exercise performance.
Developing a new analytical method for theories, BCTs, MTs,
and mode of delivery used in telerehabilitation may provide
evidence on which to base selection of particular combinations.
Web portals are not only practical tools to collect data or supply
exercise instructions. If remote monitoring by health care
professionals is the only goal, portals may not be necessary to
be developed. Patients with chronic diseases often require
lifestyle changes. Through patient-centered functions, web
portals deliver various useful support for patients with chronic
diseases. Web portals also assist rehabilitation to become part
of patients’ daily routines, which is considered a key to guiding
successful disease management [44]. Web portals have the
potential to facilitate patients in applying a new, healthy lifestyle
in accordance with their symptoms and help participants master
their own diseases in everyday life.

Limitations
International consensus about web portals for telerehabilitation
is scarce. To effectively extract the characteristics, rather strict
inclusion criteria were applied in this study. As mentioned in
the “Methods” section, portals developed for purposes other
than telerehabilitation were excluded, as were clinician portals,
portals targeting other than chronic diseases, web applications
designed for a single purpose, and web services with limited
time of access. In this manner, we were able to bring out some
characteristic features of web portals for telerehabilitation. We
believe that our findings can be used in comparative studies of
digital platforms of telerehabilitation in future investigations.
Another limitation is that some of the projects described in this
review are currently ongoing, suggesting that the functions of
their portals may be improved in the future. Finally, this study
did not include the cost of utilities, or patients’ and health care
professionals’ experiences and perspectives when using the
portals.
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Conclusions
Telerehabilitation has several advantages, including reducing
the need to visit clinics by patients vulnerable to infectious
diseases. The global COVID-19 pandemic has increased the
need for telerehabilitation. Web portals have the potential to be
a core digital component for patient-centered telerehabilitation.
The common functional features of 14 web portals studied in
this scoping review were monitoring/tracking data provided by
11 portals; communication, 10; exercise instructions, 9;
diary/self-report functions, 9; relatives’ participation, 6; goal
settings, 5; and education, 5. Although different functional
features addressed various purposes, the underlying concept
was to facilitate rehabilitation to become a part of patients’

Morimoto et al
everyday lives. Web portals were able to unify and display
multiple types of data and could effectively provide various
types of information. Asynchronous correspondence was more
favorable than synchronous, real-time interactions. Data
acquisition often demanded other digital tools. As much as 8
out of 14 portals employed theoretical approaches to some
degree, and various patient-centered functions were observed.
As is usual in web applications, security updates were the
responsibility of service providers, and thus such platforms may
be especially suitable for participants who are unfamiliar with
digital technologies. These findings suggested that web portals
for telerehabilitation not only provide entrance into rehabilitation
programs but also reinforce patient-centered treatment,
adherence to rehabilitation, and lifestyle changes over time.
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Abstract
Background: Thorough holistic development of eHealth can contribute to a good fit among the technology, its users, and the
context. However, despite the availability of frameworks, not much is known about specific research activities for different aims,
phases, and settings. This results in researchers having to reinvent the wheel. Consequently, there is a need to synthesize existing
knowledge on research activities for participatory eHealth development processes.
Objective: The 3 main goals of this review are to create an overview of the development strategies used in studies based on the
CeHRes (Center for eHealth Research) Roadmap, create an overview of the goals for which these methods can be used, and
provide insight into the lessons learned about these methods.
Methods: We included eHealth development studies that were based on the phases and/or principles of the CeHRes Roadmap.
This framework was selected because of its focus on participatory, iterative eHealth design in context and to limit the scope of
this review. Data were extracted about the type of strategy used, rationale for using the strategy, research questions, and reported
information on lessons learned. The most frequently mentioned lessons learned were summarized using a narrative, inductive
approach.
Results: In the included 160 papers, a distinction was made between overarching development methods (n=10) and products
(n=7). Methods are used to gather new data, whereas products can be used to synthesize previously collected data and support
the collection of new data. The identified methods were focus groups, interviews, questionnaires, usability tests, literature studies,
desk research, log data analyses, card sorting, Delphi studies, and experience sampling. The identified products were prototypes,
requirements, stakeholder maps, values, behavior change strategies, personas, and business models. Examples of how these
methods and products were applied in the development process and information about lessons learned were provided.
Conclusions: This study shows that there is a plethora of methods and products that can be used at different points in the
development process and in different settings. To do justice to the complexity of eHealth development, it seems that multiple
strategies should be combined. In addition, we found no evidence for an optimal single step-by-step approach to develop eHealth.
Rather, researchers need to select the most suitable research methods for their research objectives, the context in which data are
collected, and the characteristics of the participants. This study serves as a first step toward creating a toolkit to support researchers
in applying the CeHRes Roadmap to practice. In this way, they can shape the most suitable and efficient eHealth development
process.
(J Med Internet Res 2022;24(1):e31858) doi:10.2196/31858
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Introduction
Background
Over the past years, many different types of eHealth
technologies have been developed, implemented, and studied
in practice. These eHealth technologies, such as web-based
interventions or mobile apps, are used to support health,
well-being, and health care using technology [1]. Although the
e in eHealth illustrates the importance of technology, eHealth
encompasses much more than merely adding information and
communication technology (ICT). It characterizes a novel way
of thinking and working, and it changes the way health care is
organized [2,3]. eHealth can offer many benefits such as
increased access to care, increased efficiency and quality of
care, and more ownership and self-management among patients
[1]. However, in practice, many of these potential benefits are
not achieved. A reason for this is low uptake; many eHealth
technologies are not used as often as would be expected [4].
This can be partly explained by a suboptimal fit among the
characteristics of a technology, the needs and skills of the users,
and the context in which the technology is used [5]. If the
content of an eHealth technology does not fit with the structures
of an organization and the characteristics of end users, chances
of its being successfully used are low [6]. To illustrate, if a
web-based intervention requires a lot of reading, it will probably
not fit well within an organization that mostly treats patients
with low literacy skills. This interrelationship highlights the
holistic nature of eHealth, in which technology, people, and
context are intertwined. For that purpose, a user-centered,
iterative, and multi-method development process in which all
stakeholders are actively involved is recommended [7-10]. By
means of a thorough development process in which multiple
research activities are combined, eHealth that provides added
value for its users and context can be realized [11].

Models for eHealth Development
There are multiple frameworks and models that can be used to
guide human-centered, iterative development processes of
eHealth. Well-known examples are the CeHRes (Center for
eHealth Research) Roadmap [2,11]; the person-based approach
[7]; the Accelerated Creation-to-Sustainment model [12],
Intervention Mapping [9], the Persuasive System Design model
[13], and the agile science approach [14]. Although these
abstract models offer valuable guidelines and principles, they
are not, and should not be, viewed as step-by-step prescriptions
of eHealth development [14,15]. Rather, they should be viewed
as a framework that researchers and developers use to shape
their own development process and select the most appropriate
research activities. However, not much is known about which
research activities are most suitable for eHealth development
within specific types of contexts and participants [16].
Consequently, there might be an availability bias in eHealth
development: researchers might mostly use research activities
that they are experienced with or those that are often described
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in literature [17]. However, other less-known research activities
might have been a better fit with their research questions and
context. To increase knowledge on how to apply development
models in practice, existing eHealth frameworks could be
supplemented with practical toolkits. Such toolkits could support
the operationalization of the more abstract frameworks into
specific research activities [15]. They can be based on
experiences and lessons learned from earlier research. In this
way, they could provide an overview of the kinds of
development activities that can be used in the different phases
of a specific eHealth development framework and offer
guidelines on when and how to use these activities.

Objective
In this study, we aim to create the foundation for a toolkit for
a specific eHealth development framework. We provide an
overview of research activities for the development of eHealth
technology in context. Including studies on all eHealth
development projects conducted would be a very time
consuming and nearly impossible task. Therefore, this paper
focuses only on studies that are based on the CeHRes Roadmap.
The CeHRes Roadmap is a much-used structured framework
for the development of eHealth technologies [5,16]. The results
of this review can support researchers to apply the CeHRes
Roadmap in practice by supporting them to select not the most
obvious but the most suitable research activities. The CeHRes
Roadmap (Figure 1) is based on five principles: (1) eHealth
development is a participatory development process; (2) eHealth
development creates new infrastructures for improving health
care, health, and well-being; (3) eHealth development is
intertwined with implementation; (4) eHealth development is
coupled with persuasive design; and (5) eHealth development
requires continuous evaluation cycles [2,11]. The CeHRes
Roadmap consists of 5 intertwined phases (the contextual
inquiry, value specification, design, operationalization, and
summative evaluation phase) that are connected by formative
evaluation cycles [11]. The first 3 phases are focused on the
development of eHealth. As the CeHRes Roadmap is very
comprehensive, many of these principles are also important in
other (aforementioned) eHealth development models.
Consequently, although this review does not cover all eHealth
development models, the identified research activities and
lessons learned would also be suitable for application to other
eHealth development models. To provide an overview of
research activities used in studies guided by the CeHRes
Roadmap, this narrative scoping review focuses on the following
research questions:
1.

2.

3.

Which research activities have been used in the
development process of eHealth technologies that were
based on the principles of the CeHRes Roadmap?
With which goal(s) and in which phase(s) have these
research activities been used in the development process
of eHealth technologies?
What are the experiences with, and lessons learned from,
the use of the research activities?
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Figure 1. The Center for eHealth Research Roadmap [2,11,18].

Methods

in the same 3 databases. All searches were performed up until
June 2021.

Inclusion and Exclusion Criteria

After removing duplicates in Covidence (Veritas Health
Innovation Ltd), 3 researchers (HK, JK, and MCDS) screened
the titles and abstracts using the aforementioned inclusion and
exclusion criteria. As it might be possible that the development
process was not fully explained in the title or abstract, the
criteria were applied broadly to prevent the unjust exclusion of
relevant articles. In case of doubt, a record was included to
prevent overlooking relevant publications. Next, records were
included for full-text screening if at least one of the authors
decided to include an abstract. Full texts were assessed by 1
researcher (HK, MCDS, or JK) and, in case of doubt, discussed
with one of the other researchers.

As the main goal of this study is to provide a focused overview
of development activities used in the context of the CeHRes
Roadmap and because no quality assessment of the
to-be-included studies is required to reach this goal, a narrative
scoping review was performed [19]. Records were included if
they presented (part of) a development process of an eHealth
technology that was based on the principles and/or phases of
the CeHRes Roadmap. This refers to the use of ≥1 of the first
3 phases of the CeHRes Roadmap or explicit application of ≥1
of its principles. Consequently, studies were included if they
referred to the original 2011 paper in which the CeHRes
Roadmap was first introduced in either the introduction or
methods section. This had to have been done in such a way that
it became clear that ≥1 of the CeHRes Roadmap’s phases or
principles was used to inspire the design of the study. Studies
that only referred to the CeHRes Roadmap in their discussion
section and/or did not contain activities for eHealth development
were thus excluded. Studies that only focused on implementation
and summative evaluation were excluded. Records were also
excluded if they did not present any data but merely discussed
abstract guidelines or models for eHealth development.
Furthermore, records not written in English, Dutch, German,
or Portuguese were excluded. Finally, because of the broad
scope and exploratory focus of this study, only study designs
from peer-reviewed journals or books were included. Student
reports, preprints, and poster abstracts were excluded because
they were not peer reviewed.

Literature Search
To provide a complete overview of the studies that explicitly
used or were inspired by principles of the CeHRes Roadmap,
a straightforward search strategy was applied. Studies that
referred to either the 2011 paper in which the CeHRes Roadmap
and its principles were introduced or the new book chapter about
the CeHRes Roadmap were identified in Scopus, Google
Scholar, and Web of Science [2,11]. To include studies that
were based on the principles of the CeHRes Roadmap but had
been written before the 2011 paper, a snowball sampling strategy
in which records that were coauthored by the founder of the
CeHRes Roadmap (JEWC van Gemert-Pijnen) were searched
https://www.jmir.org/2022/1/e31858
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Data Extraction and Analysis
The data extraction process was performed by 3 researchers
(HK, MCDS, and JK) and based on a table developed in an
earlier study, which was used to present, and reflect on, eHealth
development strategies [15]. All relevant information from the
included records was copied into the data extraction table. The
narrative data extraction form was divided into 3 main categories
with accompanying subcategories and is presented in
Multimedia Appendix 1. First, information on the overall goal
and type of study design of the entire paper was included.
Second, information was extracted for each development activity
that was reported in the record. As in participatory or
human-centered
eHealth
development
processes,
nonparticipatory activities such as literature reviews can also
be valuable, no distinction was made between activities in which
users were and were not actively involved [11]. In other words,
nonparticipatory activities might also be valuable or even
necessary for participatory development processes. For each
activity, the following information was reported in the form:
research goal, target group and participants, description of
research activity used, rationale for research activity, main
results that were obtained by means of the activity, and phase
of the CeHRes Roadmap that the research activity was used in.
If the phase of the CeHRes Roadmap was not explicitly
mentioned in the record, this information was deduced by the
authors using the goals and methods as reported in a recent
publication on the CeHRes Roadmap [11]. Third, all lessons
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learned about the application of the method that were reported
in the records were copied into the data extraction form.
To analyze the data and answer the research questions, multiple
steps were taken. To answer the first research question, an
overview of research activities used in all studies was created.
As activities were often named in slightly different ways,
researchers formulated overarching categories for development
activities by means of discussions until consensus was reached.
In addition, a definition for each research activity was
formulated. This definition was created by means of the
information provided by the authors of the included records. If
necessary, the definition was subsequently fine-tuned. This was
done using other relevant literature—mainly a book that was
edited by the research group of this paper’s authors [5]—and
discussion among the authors of this paper. To answer the
second research question, all information on the goal of a
research activity, its main results, and the phase of the CeHRes
Roadmap in which it was used was combined into 1 document.
Researchers used this information to summarize the ways in
which an activity was used and identify examples to illustrate
the goals that can be achieved with the research activity. Again,
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if necessary, discussion among the authors took place until
consensus was reached. Third, to answer the final research
question on lessons learned, all extracted fragments with
information about lessons learned were provided per activity;
2 researchers (HK and JK) went through these fragments
separately and individually summarized the most important
lessons learned. After discussion, an overview of all lessons
learned was created. On the basis of this overview, the 3 most
prevalent and applicable lessons learned were selected by the
researchers and presented in a narrative way.

Results
Search Results
As can be seen in Figure 2, the initial literature search yielded
1713 unique records. After title and abstract screening by 3
researchers (HK, JK, and MCDS) using the aforementioned
inclusion and exclusion criteria, of the 1713 records, 377
(22.01%) remained. After full-text screening of these 377
records, 160 (42.4%) were included. The main reason for
excluding full texts was a lack of specific focus on the
development of an eHealth technology.

Figure 2. Search strategy and results. CeHRes: Center for eHealth Research.

Study Designs and Technologies
An overview was generated of the designs of all included studies
(n=160). Most development studies used a multi-method
approach, in which various qualitative and quantitative activities
were combined (90/160, 56.3%). Other designs that were
identified were qualitative cross-sectional (21/160, 13.1%),
quantitative cross-sectional (18/160, 11.3%), literature studies
(17/160, 10.6%), qualitative longitudinal (12/160, 7.5%), and
quantitative longitudinal (2/160, 1.3%).
The included studies focused on a broad range of eHealth
technologies. The main goal and described methods per study
are provided in Multimedia Appendix 2 [8,15,20-176]. Most of
the studies focused on web-based interventions (74/160, 46.3%)
https://www.jmir.org/2022/1/e31858
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such as a web-based module for treatment of depression or a
decision support tool for nurses. Mobile apps were the focus of
development in 21.3% (34/160) of the studies. Apps were used,
among other things, to support patients with breast cancer in
doing arm and shoulder exercises and to support citizens in
dealing with tick bites. In addition, virtual reality (VR) was
studied in 1.9% (3/160) of the papers, which mostly focused on
role-playing in treatment of patients with psychiatric disorders.
Furthermore, in 16.9% (27/160) of the studies, there was no
clear description of the technology, either because it was too
early in the development process or because the authors did not
include a description.
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Overview of Methods and Products Per Phase of the
CeHRes Roadmap
During the data extraction process, a distinction had to be made
between research methods and products. Methods such as
interviews were used to collect new data, and products such as
prototypes were based on, or summarize, previously collected
data and can be used as tools to collect new data. In Table 1, an
overview of all methods and products that were identified is
provided, including references to the accompanying studies
(Multimedia Appendix 2). In addition, for each method or

product, the number of studies that used it in the contextual
inquiry, value specification, or design phase is provided. As in
some studies multiple methods or products were used in different
phases or because methods that were relevant for >1 phase were
used, the sum of the columns is not the same as the number of
studies. In 30% (48/160) of the studies, the phases of the
CeHRes Roadmap were mentioned explicitly; in the other
studies, the CeHRes Roadmap was mostly used to inspire the
design. Two authors (HK and JK) categorized the methods and
products in these papers based on the definitions of the phases
of the CeHRes Roadmap [11].

Table 1. An overview of the identified methods and products, the accompanying references, and the phases of the CeHRes (Center for eHealth Research)
Roadmap in which they were categorized in the included studies (N=160).
Method or producta

CeHRes Roadmap phases

References

Contextual inquiry, n (%)

Value specifi- Design, n (%)
cation, n (%)

Focus group (n=71)

45 (63)

62 (87)

29 (41)

[8,15,20-95,177]

Interview (n=70)

41 (59)

32 (46)

21 (30)

[15,21,24,26,28-31,33,34,40,44,45,47,49,50,52,54-56,
58,61,67,69,70,74,76,78,79,81,83,84,88,89,91,96-129,178]

Questionnaire (n=51)

28 (55)

16 (31)

19 (37)

[15,24,26,29,32-34,46,49,56,60,67,69,71,76,80,84,89,96-98,101,104,107,
109,115,125-127,129-151]

Usability test (n=51)

0 (0)

1 (2)

67 (131)

[8,20,21,24,25,37-39,41-43,45,48-50,54,55,63,64,66,67,71,72,
75,77,80,81,84,92,98,102,104,106,107,109,110,112,113,117,118,127,131,152-156]

Literature study (n=43) 36 (84)

2 (5)

4 (9)

[8,20,21,27,28,38,43,46,53,55,58,69,72,75,80,81,84,92,93,99,104,
112-114,129,153,157-173]

Desk research (n=15)

14 (93)

3 (20)

0 (0)

[15,31,33,34,43,51,52,56,59,61,88,91,98,112,135]

Log data analysis
(n=10)

1 (10)

0 (0)

8 (80)

[68,86,104,108,111,133,140,174-176]

Card sorting (n=9)

1 (11)

1 (11)

8 (89)

[8,25,34,36,70,77,98,102,125]

Delphi study (n=3)

1 (33)

2 (67)

0 (0)

[72,84,101]

Experience sampling
(n=1)

1 (100)

0 (0)

0 (0)

[130]

Prototype (n=32)

0 (0)

8 (25)

29 (91)

[15,25,31,36,40,46,48,51,52,55,63,66,69,72,74,75,77,78,81,83-85,
88,92,94,96,102,107,110,113,115,121,124,127,129]

Requirements (n=11)

0 (0)

10 (91)

0 (0)

[20,30,31,38,39,70,91,92,114,115,129]

Stakeholder map
(n=10)

4 (40)

4 (40)

0 (0)

[15,27,30,35,46,56,59,129,135,153]

Values (n=7)

0 (0)

7 (100)

0 (0)

[15,79,81,97,109,129,152]

1 (20)

4 (80)

[69,79,84,91,109]

Methods

Products

Behavior change strate- 0 (0)
gies (n=5)
Personas (n=5)

—b

1 (20)

—

[67,70,73,74,81]

Business model (n=4)

0 (0)

4 (100)

0 (0)

[27,62,84,99]

a

The sum of the times a method was used in the contextual inquiry, value specification, or design phase is higher than the number of included studies
per method because in multiple studies, one method was used more than once in the development process.
b

No relevant records were identified for the category.
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Definition, Applicability, and Lessons Learned Per
Method
Overview
In the following sections, the definition that was generated by
means of the included studies is provided for each method. In
addition, different examples of how the method was used are
given. Finally, the 3 most relevant lessons learned that were
mentioned in the included papers are summarized.

Focus Group
Definition
Focus groups refer to meetings where qualitative data are
collected by involving a relatively small number of stakeholders
in a group discussion. This discussion is focused on a particular
topic or set of issues, ranging from relatively unstructured
workshops and generative design sessions to highly structured
meetings.
Examples of Applications
Of the 160 included studies, 71 (44.4%) were focus group
studies, most of which had some sort of predetermined structure.
The extent to which data were systematically analyzed differed
among the studies. In some, extensive coding schemes were
created, whereas in others, the most important findings were
summarized. Furthermore, some focus groups included a single
type of stakeholder, for example, only patients, whereas others
included a combination of multiple stakeholders such as
therapists, patients, and technology developers. In addition,
some studies included novel participants in each focus group,
whereas others used recurring coresearchers [90]. As can be
seen in Table 1, focus groups were used throughout all phases
of the development process. This shows that focus groups can
be used to reach a broad range of goals. Examples of these goals
include the following: to identify points of improvements of
the current situation, such as self-management of patients with
chronic obstructive pulmonary disease (COPD) [32] or care for
cerebral palsy [33]; to discuss the possibilities of a specific
technology, such as the values of people with obesity regarding
a to-be-developed behavior change intervention [79]; to gain
insight into cognitions such as attitudes toward measures to
reduce antimicrobial resistance [8]; to identify or validate values
or requirements with potential end users such as health care
providers [23,93]; or to collect input for the improvement of a
prototype, for example, for a portal for infection control [27].
Lessons Learned
First, authors of multiple studies indicated that focus groups are
a good way to gain more insight into the specific needs, wishes,
and opinions of individuals regarding eHealth. To achieve this,
focus groups can be conducted with a group of similar or very
different stakeholders. Participants can bounce ideas off of each
other and can directly respond to each other and can provide
insight into the prevailing consensus or the range of different
opinions or perspectives regarding eHealth [35-37,43,54,57,58].
However, researchers should take potential power imbalances
or potentially sensitive conflicting values into account when
inviting participants of a focus group. A second lesson refers
to the iterative nature of eHealth development. Focus groups
https://www.jmir.org/2022/1/e31858
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can be used in a sequential way: multiple focus groups can be
conducted in a row and the goal and content of each focus group
can be based on the outcomes of the previous focus groups.
However, this iterative approach was said to be quite time
consuming
for
researchers
and
participants
[33,54,64,82,84-86,90,92]. Third, to ensure that valuable
information for eHealth development is gathered, the content
and form of focus groups need to be adapted, based on the topic
and target group [39-41,51,55,61,87]. To illustrate, in-person
focus groups are not suitable for every topic. Web-based
alternatives might be considered when, for example, sensitive
topics such as sexual health are discussed. Furthermore, different
types of participants might require different types of focus
groups. For example, focus groups with people with an
intellectual disability or with older adults require a setup with
more concrete examples of eHealth and might benefit from
icebreakers and room for informal conversations [87]. In
contrast, focus groups with therapists or researchers can cover
more abstract topics [15].

Interview
Definition
In interviews, individuals are asked questions in a structured,
semistructured, or unstructured way to obtain answers from a
broad range of possible stakeholders, guided by an interview
scheme.
Examples of Applications
Of the 160 included studies, 70 (43.8%) featured interviews
that took place at multiple points in the development process.
Interviews can be conducted from the start of a development
process to not only analyze a problem, but also evaluate
prototypes. Consequently, interviews can have a broad range
of goals. Examples include identifying points of improvement
for a current situation such as treatment of forensic psychiatric
patients [96]; analyzing target or risk groups in, for example,
tick bites [100]; identifying points of improvement for
prototypes or existing (eHealth) interventions according to end
users or design experts [83,84]; identifying potential barriers
and facilitators for implementation later in the process, such as
high costs and required skills training [78,96]; describing a
current behavior and its determinants [91]; collecting
experiences of participants after letting them try out an app in
real life [83]; and generating or validating values and
requirements [15,28,98,103].
Lessons Learned
First of all, in multiple papers, authors mentioned the importance
of individual, in-depth interviews to incorporate the perspective
of vulnerable, complex target groups such as people with
dementia or severe mental illness in eHealth development
[15,21,61,70,96,97,109,111,121,123,127]. This is especially
important because perspectives of these underserved target
groups are often overlooked in eHealth development. However,
despite the benefits, including these types of target groups was
found to be challenging, mostly because participating in
relatively long, in-depth interviews requires a fairly high level
of cognitive abilities such as attention and memory.
Consequently, researchers should account for the characteristics
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of their target groups by, for instance, keeping the interviews
as short as possible [78,128]. Another option is the use of
concrete examples of eHealth technologies to account for
response or recollection biases [24,52,97,121,123]. Second,
although interviews can yield valuable results, a limitation is
that they can offer a 1-sided picture of stakeholders’ needs and
wishes regarding eHealth. Selection bias can result in a sample
that is overly positive or negative [78,128]. To overcome these
issues, which are related to generalizability, multiple authors
recommended that interviews be combined with other methods
in a multi-method or mixed methods approach
[24,40,52,54,69,78,96,97,100,102,108,109,116,118,120,124,126].
This could be done by combining interviews with a small sample
size with a questionnaire with a larger sample size. Although
small sample sizes were not necessarily considered problematic
in eHealth development, combining methods in an iterative way
was suggested as a way to overcome issues with generalizability
[81,127]. Third, interviews were used quite often and were
generally viewed as a useful method that can be used at any
point
in
the
eHealth
development
process
[15,21,45,54,96-98,100,105,106,109].

Questionnaire
Definition
A questionnaire can be either quantitative or qualitative; it
consists of a series of open- or closed-ended questions for the
purpose of gathering information from—often—a relatively
large sample of respondents and can be distributed on the web
or on paper.
Examples of Applications
Of the 160 included studies, 51 (31.9%) featured questionnaires
that were applied in all phases of the development process,
which means that they can be used for a broad range of goals.
Examples include gathering information for stakeholder
identification and analyses [135]; identifying points of
improvements in conceptions and knowledge of stakeholders
on infection outbreaks and antimicrobial resistance [134,178];
mapping attitudes toward technologies such as embodied
conversational agents [132]; identifying needs and wishes
(values) regarding a to-be-developed technology [97]; or
evaluating low-fidelity prototypes, for example, scenarios on
multiple possible VR interventions [15]. In questionnaires, either
new questions can be generated by researchers, based on
previous research, or existing questionnaires can be used, for
example, the Personal Involvement Inventory, the eHealth
Literacy Scale, or System Usability Scale [15,24,84,127].
Lessons Learned
First, in many studies, authors reflected on possible biases that
might arise when using questionnaires to develop eHealth
[24,69,80,97,109,115,126,134,138,139,142,146,149]. Among
other things, vulnerable target groups with low literacy skills
and no internet access were often hard to include in
questionnaires [96]. Furthermore, some researchers used
students or services such as Amazon Mechanical Turk to
generate large samples; however, this raises questions about
the generalizability of the results [136]. This means that results
of questionnaires have to be interpreted with care and should
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not serve as the sole input for an eHealth technology. Second,
multiple authors indicated that a questionnaire, especially one
on the web, is a suitable method to quickly and efficiently collect
data from different types of stakeholders and to check for
differences among groups in, for example, opinions or
knowledge [60,67,69,98,126,131,147,150]. A pitfall of this
approach is that collecting rich in-depth information about, for
example, an existing problem or a prototype is challenging. The
main reason is that participants often do not provide elaborate
answers to open-ended questions; in addition, it is not possible
to ask probing questions [15,139,141,146]. The third lesson
learned is that questionnaires need to be combined with other
types of data such as interviews or focus groups to meaningfully
contribute
to
the
development
process
[24,26,33,60,71,96,97,126,150]. As eHealth development
requires a complete picture of the current situation and needs
and wishes of the stakeholders, triangulation of methods should
be used. For example, products generated earlier, such as values,
can be cross-referenced or interviews can be used to provide
more context to the outcomes of a questionnaire.

Usability Testing Methods
Definition
Usability testing is an umbrella term that can refer to a broad
range of methods such as a think-aloud method with scenarios,
cognitive walkthrough, heuristic evaluation, or eye tracking.
These methods are used to conduct formative evaluations of
prototypes by testing them with participants such as potential
users or experts. Usability refers to the extent to which a user
can use a product effectively and without effort, immediately
learning its use. Usability tests can be used to identify usability
problems, flaws, and points of improvement or gather overall
opinions.
Examples of Applications
Of the 160 included studies, 51 (31.9%) reported on usability
tests. As these tests require a prototype that should be based on
earlier research, they are often not conducted at the beginning
of the development process when the scope and content of the
to-be-developed eHealth technology still have to be determined.
An exception is when an existing technology is evaluated in the
contextual inquiry to collect input for redesign. Possible goals
of usability testing are to identify points of improvements of a
low- or high-fidelity prototype according to experts and/or end
users (see the Prototype section under Definition, Applicability,
and Lessons Learned per Product) [77,81,127,152]; to evaluate
a technology’s potential to improve problems in a specific
organization [77]; to analyze the way a high-fidelity prototype
is used by prospective end users [24,84]; to assess whether the
prototype fits the current work practice of end users such as
nurses [25]; or to generate new, or further specify, values or
requirements [131].
Lessons Learned
First, multiple authors indicated that usability tests should be
conducted with a broad range of stakeholders: not only end
users such as patients, but also caregivers, managers, technology
developers, and experts on content and design
[21,43,54,64,77,112,127,131,152,155]. Different types of
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participants can provide different kinds of feedback on an
eHealth technology. It was suggested that experts on, for
example, usability or persuasive design can be included by
means of cognitive walkthroughs or heuristic evaluations,
whereas users can be involved through think-aloud procedures,
guided by scenarios [127]. Second, authors stated that ideally,
multiple methods should be combined to paint a full picture of
a prototype’s usability [24,25,64,77,80,118,152]; for example,
qualitative methods such as think-aloud procedures and
interviews can be combined. Qualitative approaches can also
be combined with quantitative data collected by means of, for
example, log data analyses, questionnaire data, or eye tracking
[127]. A way to do this is by using an iterative approach based
on the user-centered design framework [81,127]. Third, in
multiple studies, authors indicated that values or requirements
of the to-be-developed eHealth technology can be used to guide
usability tests. These can be used to structure data collection
by, for example, verifying whether the requirements are present
in the technology, or to analyze the data by means of deductive
coding using the values to ensure that everything is well aligned
[8,21,42,54,113,131].

completeness of the results [158,159,166,167,173]. Second,
multiple authors pointed out that often a lot of time has passed
between initial data collection and publication of studies—which
is especially relevant for the rapidly changing domain of
eHealth. Consequently, not all state-of-the-art knowledge on
technologies is published at the point of conducting the review
[99,158,163,167,172]. Therefore, researchers can combine
scientific literature with gray literature such as policy
documents, company reports, or communication about work in
progress to provide a more comprehensive overview of the
current state of affairs. Third, because many literature studies
in the contextual inquiry have a broad setup, it is often not
possible or desirable to include a quality appraisal or only
include experimental studies. If this is done, much valuable
information on, for example, potential applications of a
technology might be missed. In any case, it is important to
reflect on the choices that were made in the reviewing process
when interpreting the results [158-160].

Literature Study

Desk research refers to the nonsystematic collection of often
nonscientific material such as presentations of an intervention,
management reports, project documents, or activities or tasks
of stakeholders. This material supports the development team
in learning as much as possible about a specific topic.

Definition
Although there are many ways to conduct a literature study, for
example, rapid, systematic, or scoping reviews, they all aim to
create an overview of a certain topic using scientific literature,
often in a systematic manner.
Examples of Applications
Of the 160 included articles, 43 (26.9%) were literature studies,
most of which were conducted at the start of a development
process to create an overview or get acquainted with a specific
topic. The included studies in this review ranged from relatively
unstructured, quick literature scans to elaborate systematic
reviews in line with PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) guidelines. An example
of a literature study is a systematic review, which is often used
to provide a complete, exhaustive summary of the current
literature on a specific topic in a highly structured way. Another
example that is often used in eHealth research is a scoping
review, which offers insight into the status quo of scientific
literature in a certain broad field of study by means of a
systematic search of literature without paying too much attention
to the quality of the studies. Possible goals of literature studies
include the following: to gain insight into specific problems
such as antimicrobial resistance or into broad domains such as
technology in forensic psychiatry [158], to gain insight into
development-related questions such as suitable persuasive
features or behavior change techniques (BCTs) [159], or to
develop recommendations for the design of specific
interventions such as embodied conversational agents [172].
Lessons Learned
First, in several eHealth development studies, literature reviews
were conducted quite rapidly and a systematic approach was
not described. However, multiple authors indicated that it is
always important to use a systematic approach when planning
and executing any sort of literature review to ensure
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Desk Research
Definition

Examples of Applications
Of the 160 included studies, 15 (9.4%) were desk research
studies, which ranged from very unstructured studies, for
example, talking to people or checking correspondence, to
relatively structured studies, for example, a systematic analysis
of the content of nonscientific documents or protocols. Desk
research can be used throughout all phases of the development
process when questions arise that do not require thorough,
replicable research. In the included studies, desk research was
used most often at the beginning of a development process to
gain insight into specific fields or problems. Examples of
applications include the following: to identify stakeholders, to
gather information on protocols or guidelines [34,98], to create
an overview of nonpublished projects on a technology in a
specific sector [15], to observe existing face-to-face workshops
to gain insight into their content [66], to gather correspondence
for the analysis of existing communication processes [33], or
to search for similar (eHealth) interventions [43].
Lessons Learned
First of all, authors stated that desk research should not be
viewed as a synonym for randomly collecting information. Desk
research should be used as a method that requires a clear
research question and, if possible, a systematic search strategy
that is clearly connected to the goal of the eHealth development
process [15]. To illustrate, in the study by Breeman et al [81],
desk research that was used to evaluate existing eHealth apps
was structured by means of a newly developed evaluation tool
for apps. Second, there is not necessarily a limit to the kinds of
materials that can be included in desk research, depending on
the research question. Some examples are apps that are available
in an app store, scientific literature, protocols on cognitive
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behavioral therapy, written communications, policy documents,
and presentations at meetings or conferences [33,98]. Third, it
was suggested that desk research is a suitable method to look
outside of a project’s scope to learn from the use of an eHealth
technology in other domains. For example, researchers in mental
health care investigated how VR is used in other settings such
as hospitals or advertising [15].

Log Data Analysis
Definition
Log data are objective registrations of events that can be
recorded on an individual basis, such as logging in to a website,
entering a room (measured by sensors), sending a message, or
performing a certain action in an app. These often large data
sets can be analyzed to gain insight into behavior patterns.
Examples of Applications
Although log data are often used for the evaluation of the use
of an already implemented eHealth technology, of the 160
included studies, 10 (6.3%) were log data studies that showed
that log data can also provide valuable input for the development
process. Log data can be analyzed in different ways, ranging
from descriptive statistics to more complex analyses such as
Markov modeling. In development, log data can, for example,
be used to gain insight into use and points of improvement of
(high-fidelity) prototypes [86,175] or to provide insight into
dos and don’ts for the design of similar to-be-developed systems
by analyzing existing similar websites [176].
Lessons Learned
First, authors stated that log data can be used in many ways to
gain insight into online or offline behavior of prospective end
users, not just eHealth use. Analyses can be performed with
real-life log data on, for example, the use of an existing eHealth
technology or with log data on the use of interaction-enabled
prototypes in laboratory settings. Log data can also be collected
on behavior in real-life settings that is not related to the use of
an intervention but is useful for the contextual inquiry. An
example is logging the number of times that doors within a
nursing ward were opened [111,175]. Second, when log data
on a prototype or newly developed eHealth technology are
collected, researchers have to discuss with designers what data
they want and how they should be collected beforehand. A
well–thought out activity log protocol that describes which
features should be logged should guide this debate [175]. Third,
although very complicated analyses can be conducted with log
data, straightforward descriptive statistics can often also be very
valuable for researchers during the eHealth development
process. This makes log data analysis a less complicated method
than is often assumed [175].

Card Sorting
Definition
Card sorting is a method that can help design or evaluate the
information architecture and structure of a technology. It can
be used to structure units of information provided on cards. A
distinction can be made between closed- and open-ended card
sorts. In closed-ended card sorts, the main categories are
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provided by the researchers, whereas in open-ended card sorts,
participants create their own main categories.
Examples of Applications
Of the 160 included studies, 9 (5.6%) involved card sorting.
Card sorting is often used a bit further along the development
process because it is often focused on the content and structure
of an eHealth technology. Card sorting can be used to create
new information structures or validate existing ones, for
example, the structure of menus on websites with infection
control guidelines [77,98], or to create a logical content structure
that is in line with the users’ mental model, for example, for
apps or web-based tools for health care workers [34].
Lessons Learned
Multiple authors indicated that card sorting is a fast, efficient,
and cheap method to gain insight into the structure of a
to-be-developed eHealth technology, especially when conducted
on the web [25,70,77,98]. Web-based card sorting using
programs such as Optimal Workshop software was said to be
less prone to error, less labor intensive, and more efficient
because larger numbers of participants can be included with
less effort. Second, card sorting offers a concrete way to support
people in expressing their thoughts and needs regarding an
eHealth technology. This helps researchers gain more insight
into how information should be structured. Third, to paint a
complete picture of prospective end users’ requirements for the
eHealth technology, card sorting should be combined with other
methods such as interviews or focus groups [25,77,98,102]. In
addition, the categories or structures that result from card sorting
should be validated by using methods such as usability testing
or interviews [25].

Delphi Study
Definition
A Delphi study offers a systematic way to determine consensus
among various stakeholders, mostly experts. It solicits opinions
from groups in an iterative process of answering questions,
usually in multiple rounds.
Examples of Applications
Delphi studies can be used at multiple points in the eHealth
development
process
when
consensus
among
stakeholders—often experts—is needed. They can, for example,
be used to gain insight into preferences for the eHealth
technology or to reach consensus about values or requirements.
Of the 160 included studies, 3 (1.9%) were Delphi studies,
which used this method to identify expert recommendations for
parents to reduce the risk of depression or anxiety in their
children to include in the eHealth technology [72], to reach
consensus on the most optimal way to integrate an eHealth
technology in standard treatment [101], and to gain insight into
expert opinions on relevant self-management behaviors for
reducing the impact of COPD [84].
Lessons Learned
First of all, authors explained that Delphi studies have to consist
of multiple rounds of data collection to reach consensus. This
can be done using web-based questionnaires or focus groups in
which participants have to participate at least two times [72].
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Other types of data can be used as a starting point, such as
scientific literature or outcomes from interview studies. Second,
it can be challenging to recruit participants for a Delphi study
because, for example, there are not many experts in a specific
or new field, which can be especially relevant when studying
novel applications of an eHealth technology [101]. This implies
that researchers have to carefully think about whom to involve,
for example, through snowball sampling, before starting with
the study. Third, reaching consensus can take time and can be
complex. This means that Delphi studies can require a lot of
time from researchers and participants, which is not always
available in eHealth development processes [101].

Prototype

Experience Sampling

Examples of Applications
Prototypes were used in 20% (32/160) of the included studies,
and in these studies, most prototypes were created during the
design phase. However, it is also possible to create low-fidelity
prototypes early in the development process, for example, when
presenting initial ideas about a technology to participants [15].
Furthermore, end users or other stakeholders can create
prototypes themselves in cocreation sessions to visualize their
ideas and preferences [113]. Prototypes are often based on
values and requirements [15,55,113]. In addition, multiple
prototypes are often created and improved based on outcomes
of usability testing [52,88].

Definition
Experience sampling—sometimes also referred to as ecological
momentary assessment (EMA)—is a structured diary method.
It can be used to gather relevant, subjective experiences such
as physical symptoms, mood, and behavior in daily life using
multiple measures throughout the day using pen and paper or
technology such as apps or wearables.
Examples of Applications
Of the 160 included studies, only 1 (0.6%) involved experience
sampling, which was used to gain insight into
information-seeking
behavior
during
an
EHEC
(enterohemorrhagic Escherichia coli) outbreak [130].
Lessons Learned
Although experience sampling was used in only a single study,
multiple lessons learned were provided. These lessons are not
directly related to, but seem to be very valuable for, eHealth
development. First, experience sampling was found to be a
suitable method to explore an existing situation and thus to
provide valuable input for further eHealth development [130].
Second, including participants who are willing and able to
constantly provide input on their experience for a longer period
of time can be challenging and time consuming, which also
applies when it comes to ensuring that participants do not drop
out during the study [130]. Third, when researchers want to
study experiences during a specific event such as a virus
outbreak, they ideally want to start collecting data from the
beginning of the outbreak. However, in practice, this is often
impossible. This can be compensated for by using a survey with
retrospective questions; however, participants might be unable
to correctly and completely recall their experiences [130].

Definition, Applicability, and Lessons Learned Per
Product
Overview
Whereas methods are used to collect new data, products are
based on, or summarize, these previously collected data. They
can also be used as tools to collect new data. For each identified
product, the definition, ways of applying it, and a maximum of
3 lessons learned are described in the following sections.
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Definition
Prototypes are visual representations of a to-be-developed
technology, ranging from low- to high-fidelity representations.
Low-fidelity prototypes often do not contain much detail, allow
no automatic interaction between user and prototype, and can
be relatively easy to create. Examples are paper-based sketches
or wireframes, possibly combined with scenarios. High-fidelity
prototypes are mostly digital; often cost more time, money, and
technical skills to develop; and allow for user interactions, such
as programmed apps or digital, interaction-enabled prototypes.

Lessons Learned
First, the included studies showed that there is not 1 single way
to create a prototype. Methods of creating a prototype can range
from very quick and dirty without any content to very complex,
creating a highly interactive product [40,55,121]. This depends
on the goal, for example, to check the overall structure of a
prototype or to identify usability problems. Second, it is
important to have a rough idea of the costs of developing a
technology as soon as possible, mostly to prevent the final
version of the prototype from seeming to be too expensive.
Inclusion of technology developers from the start of the
development process was recommended to prevent these
problems [46,113]. Third, because major changes might be
made to prototypes in an iterative development process, changes
to the requirements might also be necessary to ensure that they
remain in line with the prototype of the eHealth technology.
This highlights the importance of an iterative approach
[55,113,115]. In line with this, making major changes to
prototypes could require time and resources that are not
available, which might result in a suboptimal prototype [88].

Requirements
Definition
Requirements are short statements that prescribe what is
required of a technology: “They describe what a technology
should do, what data it should store or retrieve, what content it
should display, and what kind of user experience it should
provide” [179].
Examples of Applications
Requirements were formulated in 6.9% (11/160) of the included
studies. They were never formulated at the beginning of the
development process because they should be based on outcomes
of earlier activities. The included studies showed that
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requirements can be based on data generated by 1 method, such
as interviews, or on a combination of data from different
methods and scientific literature [91]. Requirements can be
based on values, where values serve as a bridge between the
previously conducted research and the specific requirements
[129]. Requirements can be used to specify previously
formulated values, to serve as foundations for prototypes, or to
communicate needs and wishes to developers and discuss these
needs and wishes with them [15,30].
Lessons Learned
First of all, authors stated that requirements should be elicited
in a systematic way. Ideally, multiple sources of data should be
combined, such as scientific literature and qualitative data
collected from multiple types of stakeholders [91,114,115].
When combining sources, development teams need to be aware
of conflicting requirements, for example, a discrepancy between
user needs and scientific literature [91,92]. Second, it might not
be possible to include all requirements in an eHealth technology
because of practical, technical, or financial limitations. However,
that does not mean that it is not worth the effort to further
specify them: these requirements might be incorporated in the
technology at a later point in time [38,39]. Third, it was
mentioned that eliciting requirements from target groups
comprising patients who are vulnerable and clinically complex,
such as people with psychosis or dementia, might be
challenging. Consequently, researchers should carefully select
methods that fit the characteristics and skills of these populations
[38,39,70].

Stakeholder Map
Definition
A stakeholder map is a visualized overview of
stakeholders—people or organizations who affect or are affected
by an eHealth technology—and their interrelationships.
Examples of Applications
Stakeholder maps were reported in 6.3% (10/160) of the
included studies. Stakeholders should be identified from the
start of the development process, and this overview should be
updated throughout the entire process. Examples of stakeholders
are patients, experts on a specific topic such as depression, a
commercial company that can develop apps or VR, health care
providers, researchers on eHealth or the health problem at hand,
and employees of other organizations that could use the
intervention later [15,129,153]. The roles and tasks of these
stakeholders regarding the to-be-developed eHealth technology
should be identified by means of methods such as interviews
or desk research.
Lessons Learned
First, in the included papers it was shown that stakeholder maps
are not created from scratch but are based on data. Often, a
stakeholder map is created by means of stakeholder
identification: the systematic process of finding out who the
stakeholders of an eHealth development process are. Stakeholder
identification can be supplemented by a stakeholder analysis,
which refers to the analysis of interdependencies,
responsibilities, and stakes of the identified stakeholders. To
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achieve this, ideally, a combination of research methods such
as questionnaires, interviews, or literature reviews is used
[27,129]. Second, the studies stated that the importance of a
stakeholder map should not be underestimated. Thorough
investigation of stakeholders and their context is very important
not only for the entire development process, but also for
implementation and evaluation of the to-be-developed eHealth
technology [30,35]. Consequently, the stakeholder map should
be constantly updated throughout the process because new
insights might arise or new stakeholders might emerge [35,59].
Third, it was considered to be important to include a wide
variety of stakeholders, where researchers should look beyond
their own setting. For example, when developing a VR
intervention for forensic mental health care, researchers should
also include stakeholders in other organizations where VR is
used, such as hospitals [15,35,153].

Values
Definition
Values refer to ideals or interests of stakeholders: they specify
what stakeholders want to achieve or improve by means of an
eHealth technology and capture what the added value of a
technology should be for the people and organization involved.
Examples of Applications
Of the 160 included studies, 7 (4.4%) involved values, which
were created based on outcomes of previously conducted
research. This means that values are often formulated later in
the development process, mostly during the CeHRes Roadmap’s
value specification phase, hence the name. Values remain
relevant throughout the remainder of the process because they
can also serve as foundations for requirements and prototypes.
Values can be used to summarize or synthesize outcomes of
previously conducted studies such as interviews or
questionnaires. They can also serve as foundations for
prototypes, implementation plans, or evaluation goals [97].
Examples of values are improvement of skills, easy to use in
current treatment, affordability, self-management, and positive
self-image [79,97].
Lessons Learned
First, authors stated that values should be formulated in such a
way that they are neither too specific to prevent overlap with
requirements nor too broad and vague. A shared understanding
among the eHealth development team members about what
values are is essential to achieve this [15,64,97,152]. Second,
values should capture the whole range of stakeholder needs and
wishes, not merely those of end users of the eHealth technology
[81,129]. To paint a complete picture, multiple methods should
be used. In addition, when new insights arise, values should be
updated by a multidisciplinary research team to ensure that they
continue to align with the perspectives of the key stakeholders
[15,62,79,97,129]. Third, conflicting values might arise related
to, for example, costs or the focus of an eHealth technology. A
good way to resolve these conflicts is by discussing them with
a group consisting of multiple types of stakeholders [79,97]. In
addition, researchers should not view a value map as static: it
might have to be adjusted based on changes in the context and
users [129].
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Behavior Change Strategies
Definition
Behavior change strategies such as evidence-based BCTs or
persuasive elements can be integrated in the design of eHealth
technologies to increase their effectiveness.
Examples of Applications
Of the 160 included studies, 5 (3.1%) featured behavior change
strategies, which were mostly used in the design phase. The
product was used to determine which theory-based methods
should be included in an intervention to increase the chances
of achieving behavior change. Examples are the inclusion of
BCTs such as goal setting and self-monitoring in a mobile app
to increase vegetable consumption [69] or the application of 3
theory-based methods and 4 accompanying strategies to
influence the attitudes and skills of patients to support them in
their communication with health care professionals [109]. In
the study by Asbjørnsen et al [79], researchers used methods
from design thinking to translate values and needs of people
with obesity into persuasive features and behavior change
theories such as goals and planning, personalization, and
self-monitoring.
Lessons Learned
First, behavior change theories should ideally be combined with
outcomes of human-centered design methods, instead of being
mostly researcher based. However, more insight is required into
how this should be done in eHealth development [79,109].
Second, operationalizing theoretical strategies into a
user-friendly eHealth technology might be challenging [79,91].
To overcome this, participatory approaches such as cocreation
sessions or prototyping workshops can be used to determine
how theoretical working mechanisms can be translated into
features of an eHealth technology [69,79]. Third, traditional
behavior change theories might be too static to integrate into
adaptive eHealth technologies, especially in the case of
just-in-time personalized interventions. This implies that new
types of theories might be required [69].

Persona
Definition
Personas are user archetypes that summarize a representative
person from the target group. They consist of a description of
different types of characteristics of a future or actual user, often
in the form of a story.
Examples of Applications
Of the 160 included studies, 5 (3.1%) described personas. In
the study by Dick et al [73], 3 personas of users of an eHealth
intervention for illicit substance use were created: the heavy
user, abstainer, and occasional user, whereas the study by Derks
et al [70] developed personas for an intervention for people with
cardiovascular disease and the study by Breeman et al [81]
developed personas for an intervention for people with
borderline personality disorder.
Lessons Learned
First of all, it is recommended to use existing guidelines and
frameworks such as that of LeRouge et al [180] when
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developing personas for eHealth technologies. These
frameworks should be combined with human-centered research
methods such as focus groups [67,70,81]. Second, to structure
the persona-building process, researchers need to identify
characteristic categories that need to be included in the persona,
in which attention should also be paid to skills and attitudes
related to the to-be-developed eHealth technology. Examples
are demographics and personality of the service user; their
medical and psychological profile, including fears and
motivations for behavior; their abilities, (technological) skills,
and coping strategies; and their needs and goals [67,70,73,81].
Finally, personas were seen as a useful tool to tailor the content
and design of eHealth technologies and can be connected to the
requirements or to BCTs [73].

Business Model
Definition
A business model captures how an organization creates, delivers,
and captures values; it describes how an organization conducts
its business. It is a conceptual and analytical framework to map,
discuss, and help realize the added value of an eHealth
technology, as well as to determine the key factors that are
associated with a sound and sustainable implementation.
Examples of Applications
Of the 160 included studies, 4 (3%) described business models.
Often, the development of business models is initiated during
the first stages of a development process because development
and implementation should be intertwined [84]. However, the
studies showed that a business model is not finished during
development: it should be updated throughout the entire
development and implementation process. An example of its
application is the use of the business model canvas for an
eHealth portal for infection control. This model includes the
technology’s key partners, key activities and key resources, cost
structure, revenue streams, value proposition, customer
relationships, customer segments, and channels [27].
Lessons Learned
First, researchers concluded that perspectives from all important
stakeholders should be accounted for in a business model. This
can be done by means of focus groups with multiple
stakeholders, integration of earlier collected data, or in-depth
interviews [84]. When collecting input for the business model,
it was indicated that questions to participants should be very
concrete because abstract questions will yield equally abstract
and thus less useful answers [99]. Second, experience has shown
that creating a business model is very time consuming, partly
because there are no business models specifically for eHealth
yet [27,99]. Third, a business model often does not have a fixed
end and needs to be adapted continuously throughout the
implementation and evaluation phases of an eHealth technology
[27].

Discussion
Principal Findings
The main goal of this narrative scoping review is to create an
initial overview of the methods used in eHealth development
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processes guided by the CeHRes Roadmap. Furthermore, we
aim to identify for what purposes and in which phases these
methods are used and provide an overview of the most relevant
lessons learned. During the analysis, it became clear that a
distinction between development methods and products can be
made. In the 160 included studies, 10 overarching methods and
7 products were identified. Most of the identified methods were
used in all 3 development phases of the CeHRes Roadmap.
They were used for a broad range of goals, underlining the many
different possibilities that exist for eHealth development. The
lessons learned showed that most authors agreed that the
methods and products contributed to eHealth development in a
positive way by providing more insight into the users and
context. However, a critical reflection on the methods or
products and accompanying conclusions related to a method or
product not being suitable were often not provided in the
included studies. Regardless, authors mentioned multiple
barriers and limitations that they had to account for, which differ
per method and product. On the basis of the many lessons
learned that we identified, there seems to be ample experience
with, and knowledge about, different types of development
methods. However, this knowledge remains mostly segregated
and there could be more room for critical reflection on the
suitability of a research activity. Furthermore, several potentially
useful methods and products such as experience sampling,
personas, or behavior change strategies seem to be
underrepresented in the included studies. This underlines the
need for better integration and broader dissemination of
knowledge on eHealth development. Integrating and sharing
knowledge can enable researchers to select the most fitting
method or product, as opposed to using the one that is most
easily available or well-known.

Comparison With Prior Work
Methods Versus Products
In this review, a distinction was made between methods and
products in eHealth development. This distinction does justice
to the diverging and converging nature of eHealth development.
This is in line with design-thinking approaches such as the
double diamond model, which pays attention to diverging, for
example, by means of collecting data, and converging, for
example, by means of integrating the findings in a set of
requirements or a prototype [15,181]. Similarly, based on our
findings, we recommend that methods and products should be
seen not as separate activities but as 2 sides of the same eHealth
development coin. This review showed that methods such as
interviews, questionnaires, or literature studies are used to
collect new data. These data can be translated into concrete
products to synthesize collected data and to support and facilitate
subsequent collection of new data. Thus, these products can
serve as stepping stones among data collection methods. An
example of using products as a synthesis approach is the
formulation of values based on previously conducted interviews
and questionnaires [15,97]. An example of the use of products
to collect novel data is the use of a low-fidelity prototype in
usability testing to gain insights into prospective users’ needs
and wishes [131]. The combination of methods and products
illustrates how researchers can continuously check assumptions
and decisions with stakeholders in a concrete, specific way by
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means of formative evaluation cycles [11]. However, currently,
the terminology used in literature does not reflect the distinction
among the different types of development activities. Every
development-related activity is referred to as a method, or
products are only briefly described or mentioned as a tool within
a method. On the basis of this review, we suggest that
researchers should make an explicit distinction between methods
and products when reporting on their eHealth development
process.

Iterative eHealth Development
This review showed that there is no single ideal way to conduct
a development process. The included studies illustrate that there
are multiple methods that can be used in many different ways,
for many different goals, and at many different points in the
development process. To illustrate, for identifying points of
improvement in a current situation according to stakeholders,
researchers might use interviews, focus groups, and
questionnaires. In addition, values and requirements can be
elicited by means of both an interview study and focus groups
in which prototypes are evaluated [96,97,178,179].
Consequently, multiple methods can be used to reach similar
goals. This implies that creating an ideal, step-by-step guideline
with predetermined methods is neither possible nor desirable
because this would suggest that there is a single most optimal
way to conduct a development process. However, this
conclusion does not mean that anything goes. On the basis of
the lessons learned, it can be concluded that a specific method
or product should fit the context in which the data collection
takes place as well as the characteristics and skills of the
participants and the outcomes of earlier development activities
[182]. To illustrate, although in-depth interviews might be a
useful way to gather information from health care workers and
experts, they seem to be less suitable for people with dementia
because of the cognitive skills that would be required
[48,61,178]. In addition, although these approaches can be used
to collect valuable data, they also illustrate that over the past
10 years, there has not been much innovation in the methods
and products used in eHealth development. This is especially
striking considering the rapid changes in the possibilities of
eHealth technologies such as mobile apps or VR over the past
years. Scientific methods such as literature reviews, focus
groups, and interviews have been used very often, whereas
innovative methods of a more participatory nature, for example,
generative methods such as photo diaries and mood boards, are
hardly used, despite their potential added value.
In addition, this review has shown that often, multiple methods
can—and should—be combined to paint a full picture of the
current situation and possibilities of eHealth. If done well, the
use of multiple methods to incorporate the stakeholders’
perspective throughout the entire process will result in an
eHealth technology that fits their needs, wishes, skills, and
context. This fit among technology, stakeholders, and context
will also increase the chances of the uptake of eHealth in
practice. Methods can be used in different ways to include the
stakeholder perspective. On the one hand, methods can be used
to validate findings; for example, interviews can be used to
provide more context to the results of a literature review [15].
On the other hand, methods and products can also be used in a
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complementary way; for example, although usability tests can
be used to elicit requirements from the end user, they do not
provide insight into the demands of the organization. This
knowledge can be obtained by means of complementary focus
groups with managers. Consequently, when selecting methods
throughout the process, researchers should account for the
suitability of the methods and products for their specific context,
participants, and earlier findings of the development process.
Furthermore, this review showed that not all methods used in
human-centered development processes have to be participatory
to be useful; for example, literature reviews or log data analyses
can also be valuable. Nonparticipatory methods can be
complemented with human-centered methods such as interviews
or focus groups to form a coherent whole.
Finally, the lessons learned illustrated that when shaping a
multi-method or mixed methods development process, an
iterative and flexible development approach is key
[33,54,55,64,113,115]. Ideally, decisions for the next
development activities should be based on findings, new
insights, and experiences that arose from previous activities.
Such an iterative approach ensures that the development process
fits the context and the people involved. This is in line with
agile science, which states that eHealth development should be
iterative and flexible, with short sprints to allow for constant
changes to the process and products [14,183]. An agile approach
requires a flexible mindset of researchers because it is often not
possible to plan the entire development process from the start.
To support researchers, the results of this review can serve as
input for the creation of a CeHRes Roadmap Toolkit for selecting
the most appropriate and fitting methods, as opposed to choosing
the method that they are most familiar with. To broaden the
scope of this toolkit, it could be complemented with other
research, for example, reviews such as this one, but ones that
are focused on other frameworks. Another way to broaden the
toolkit is by asking experts on, for example, human-centered
design and eHealth development about other potentially useful
methods. Such a broader toolkit can support researchers in
adapting their development process in case of contextual
changes or unexpected or new findings [14,183]. This can
facilitate the iterative nature of the development process.

Points of Improvement for eHealth Development Models
On the basis of the findings of this review, multiple points of
improvement for the CeHRes Roadmap can be formulated.
These can also be partly applied to other eHealth development
models. First, it is important to note that most studies did not
use all phases of the CeHRes Roadmap; rather, they
cherry-picked the most relevant phases or principles to use in
their work. Often, the CeHRes Roadmap was combined with
other development approaches such as design thinking or the
Behavior Change Wheel. This illustrates that in eHealth
development, (parts of) multiple models, theories, and
approaches can be used to complement each other [91]. Second,
although business modeling and value specification are
important elements of the CeHRes Roadmap, they were
underrepresented in the included studies. This indicates that in
general, researchers might require more guidelines on how to
not only develop an intervention, but also think about its
implementation in practice from the start of development. Third,
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a main point of improvement for eHealth development using
the CeHRes Roadmap is related to the use of behavior change
theory: this approach was underrepresented in the included
studies [81]. This is quite surprising, especially considering the
relationship between behavior change theory and effectiveness
of (eHealth) interventions [184,185]. A possible explanation
for this gap is that design-oriented, development models such
as the CeHRes Roadmap do not explicitly force or nudge
developers to incorporate theory, as opposed to more
human-centered activities such as stakeholder identification or
prototyping. Consequently, separate goals or activities might
be added to the CeHRes Roadmap to support developers in
incorporating behavior change theory [186,187]. In line with
this, there is a need for more guidelines on how behavior change
theory can be combined or complemented with persuasive
design features. In addition, there is a need for more research
on how this can in turn be connected to stakeholders’ values
and requirements [79,81,159]. An important point of attention
in regard to this is that there is still much debate about the
suitability of existing behavior change models for eHealth. Are
existing theories suitable, or are they too static for highly
personalized eHealth technologies? In other words: is there a
need for more dynamic, personalized models for behavior
change [188]? A final recommendation is related to applying
development models to practice. As conducting development
processes in practice is often very complex and challenging,
multiple authors recommended forming a multidisciplinary
development team. Such a team can consist of, for example,
researchers, patients, health care providers, technology
developers, designers, and managers [15,88,90]. A
multidisciplinary team can prevent a top-down approach and
tunnel vision; ensure that a constant eye is kept on the context;
facilitate the coordination of large, complex development
processes by combining skills and knowledge; and even support
implementation of the to-be-developed eHealth technology in
practice [182].

Strengths and Limitations
The main goal of this explorative narrative scoping review is
to create an overview of development methods used in eHealth
development guided by the CeHRes Roadmap. Although the
CeHRes Roadmap is viewed as a suitable framework to guide
eHealth development, there are many more useful development
models. Because of our focus on studies that used the CeHRes
Roadmap, several other suitable research methods or products
might have been overlooked. Examples of such methods are
observations, EMAs, or eye tracking [189-191]. Therefore, this
overview of development methods and products is neither
exhaustive nor unconditionally generalizable. Regardless,
because of the interdisciplinary and broad applicability of the
CeHRes Roadmap, much of the knowledge generated in this
review is also relevant for other development models. However,
creating a broader eHealth development toolkit would require
additional similar reviews in which other development
frameworks are put central. Subsequent analysis of differences
and similarities among these reviews might also allow for
generalization of knowledge. In line with this, because providing
an elaborate, in-depth reflection on the included methods and
products is beyond the scope of this paper, the provided lessons
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learned in this narrative scoping review are also not exhaustive.
To do justice to the possibilities of all mentioned methods and
products, a separate review per method is required. In addition,
because of the goal and broad nature of our scoping review, we
did not assess the quality of the included studies. The main
reason for this was that the quality of a study does not say
anything about the quality of a development method or product.
In other words, if a study in which interviews were used in a
contextual inquiry is of extremely high methodological quality,
this does not automatically mean that interviews in themselves
are always the most suitable method for contextual inquiries.
On the basis of the reported lessons learned, researchers have
to make their own choice for the most suitable method or
product for their process. Furthermore, a pitfall of the qualitative
approach that was used to describe the methods and products
is that it is prone to potential bias of the researchers. To
overcome this, the screening and summarizing processes were
set up in a systematic way and conducted by 3 researchers. In
addition, all findings were discussed among, and critically
reflected upon by, the coauthors—all with ample experience in
multidisciplinary, human-centered eHealth development. Finally,
as is the case in any review, not all relevant information on
development methods might have been published. On the one
hand, this might be because, too often, development studies are
not viewed as full-fledged research and are simply not published.
An example of this is a stakeholder analysis, which is often
conducted but hardly ever included in publications [135]. On
the other hand, we noticed that there is much difference between
the clarity and extensiveness of the way authors reported and
reflected on development activities. Suboptimal or incomplete
reflection by authors resulted in some lessons learned that
remained quite general and were not specifically focused on
eHealth development. In general, this might have influenced
our findings and highlights the need for a larger number of, and
more comprehensive, papers on eHealth development.

Future Directions
As stated earlier, the results of this review should be viewed
not as an exhaustive overview of all existing eHealth
development methods and products but as an initial overview
of activities related to research based on the CeHRes Roadmap.
First, in multiple studies, the methods used were described in
very general terms or the papers only described a single method
from a larger development process [78]. Consequently,
additional interviews, focus groups, or questionnaires—the
choice of method naturally depending on the type of context
and characteristics of the users—can be conducted with
researchers to gain more in-depth insight into their experiences
with eHealth development. This can also be extended to experts
working in practice because innovation in human-centered
design often is initiated in practice. In line with this, more
specific reviews or viewpoint papers on single development
methods or products might be conducted.
Second, a more general recommendation is related to the method
of reporting. On the basis of the included studies, it becomes
clear that there are many differences in the way authors report
on development processes. In addition, as can be seen in the
relatively low number of reported products compared with
reported methods, there is room for improvement in the
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description of products used. We recommend that future
development studies explicitly substantiate choices for, and
critically reflect on, the methods and products used. Future
research might explore the desirability and feasibility of a
standardized guideline for development studies in line with the
standards for reporting on, for example, randomized controlled
trials (CONSORT [Consolidated Standards of Reporting Trials])
[192], reviews (PRISMA) [193], or qualitative research such
as interviews (Consolidated Criteria for Reporting Qualitative
Studies) [194]. On the basis of our findings, we recommend
that researchers at least report on (1) the specific goal of the
method, (2) a replicable description of the materials and
procedure of data collection, (3) the rationale behind choosing
the method, (4) the participants, (5) the setting, (6) the main
results and conclusions, and (7) the most important lessons
learned about the use of the method within the specific context
[24]. In case of products, we recommend that they be described
in a clear way and, if possible, that the products themselves be
provided in the paper or appendix. Examples are screenshots
of prototypes, a list with values, and an overview of
stakeholders. In addition, multiple included studies showed that
a visualization of the development process might also be of
added value [15].
Third, the COVID-19 pandemic has shown us the potential of
online research. Organizing web-based usability testing, focus
groups, or interviews is sometimes not only necessary, but they
can also have practical and even substantive advantages [87].
Future research can focus on if and how research from a
distance can be applied to make eHealth development more
efficient and effective. Finally, the results from this review can
be used in the development of a digital CeHRes Roadmap
Toolkit. This can be achieved by means of a human-centered
development process in which end users—in this case,
researchers and developers—are actively involved using suitable
methods. Before a more comprehensive and exhaustive eHealth
toolkit can be developed, there is a need for additional reviews
that take a similar approach as this review but focus on other
development models such as intervention mapping or
user-centered design. This might result in a more exhaustive
overview of other development methods and products that were
not represented in this review. Furthermore, in line with the
interdisciplinary nature of eHealth development, this eHealth
toolkit can also be based on existing, more generic toolkits such
as the Communication and Media Design methods pack [195]
and the Human-Centered Design Toolkit [196]. Developing a
broad eHealth toolkit requires an interdisciplinary approach in
which designers with both a research and commercial
background, psychologists, health scientists, other relevant
stakeholders, and researchers combine their expertise. Including
expertise from commercial design companies might be useful
or even necessary to innovate eHealth development and go
beyond the more traditional, scientific approaches.

Conclusions
This narrative scoping review has resulted in an initial overview
of multiple methods and products that can be used for
development of eHealth, guided by the CeHRes Roadmap. It
can be concluded that there is not a single straightforward,
step-by-step way to conduct a development process: the way a
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process is shaped depends on the type of technology, context,
and stakeholders. To support researchers in selecting the most
appropriate and fitting methods and products for their
development process, it is recommended to develop an eHealth
development toolkit. To achieve this ultimate aim, there is a
need not only for more research, but also for close collaboration
with industry. In this way, eHealth development becomes less
reliant on traditional research approaches such as literature
reviews or interviews. Researchers can be challenged to create
more creative and innovative development processes by using
methods and products that are developed by industry. This

Kip et al
review can serve as a blueprint for further reviews in which
different frameworks are put central. In general, the decision
for the method or product should be based on three different
elements: (1) the specific goal of the current development phase,
(2) the characteristics of the participants, and (3) practical
requirements from the context. In this way, eHealth development
processes can become more flexible and will be professionalized
further. This in turn might result in more effective, personalized
eHealth technologies that fit with, and are of added value for,
the users and their context.
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Abstract
Background: Significant efforts have been made to develop artificial intelligence (AI) solutions for health care improvement.
Despite the enthusiasm, health care professionals still struggle to implement AI in their daily practice.
Objective: This paper aims to identify the implementation frameworks used to understand the application of AI in health care
practice.
Methods: A scoping review was conducted using the Cochrane, Evidence Based Medicine Reviews, Embase, MEDLINE, and
PsycINFO databases to identify publications that reported frameworks, models, and theories concerning AI implementation in
health care. This review focused on studies published in English and investigating AI implementation in health care since 2000.
A total of 2541 unique publications were retrieved from the databases and screened on titles and abstracts by 2 independent
reviewers. Selected articles were thematically analyzed against the Nilsen taxonomy of implementation frameworks, and the
Greenhalgh framework for the nonadoption, abandonment, scale-up, spread, and sustainability (NASSS) of health care technologies.
Results: In total, 7 articles met all eligibility criteria for inclusion in the review, and 2 articles included formal frameworks that
directly addressed AI implementation, whereas the other articles provided limited descriptions of elements influencing
implementation. Collectively, the 7 articles identified elements that aligned with all the NASSS domains, but no single article
comprehensively considered the factors known to influence technology implementation. New domains were identified, including
dependency on data input and existing processes, shared decision-making, the role of human oversight, and ethics of population
impact and inequality, suggesting that existing frameworks do not fully consider the unique needs of AI implementation.
Conclusions: This literature review demonstrates that understanding how to implement AI in health care practice is still in its
early stages of development. Our findings suggest that further research is needed to provide the knowledge necessary to develop
implementation frameworks to guide the future implementation of AI in clinical practice and highlight the opportunity to draw
on existing knowledge from the field of implementation science.
(J Med Internet Res 2022;24(1):e32215) doi:10.2196/32215
KEYWORDS
implementation framework; artificial intelligence; scoping review
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Introduction
Background
Artificial intelligence (AI) can potentially transform health care
data into meaningful and actionable insights [1]; however, AI
has not yet become widespread in health care practice. This gap
in translation from research to practice is largely owing to the
challenges in the implementation of AI [2,3]. This paper aims
to assess the current state of academic knowledge relating to
the implementation of AI and to appraise the extent to which
this knowledge draws from and contrasts with knowledge about
general health care technology implementation.
The potential benefits to patients from new health technologies
are often missed owing to slow and variable uptake in practice
[4]. The emergent field of implementation science has generated
many insights into the barriers to and facilitators of the effective
uptake and deployment of new health technologies [5],
recognizing the unique challenges of intervening in complex
health care systems compared with other industrial settings.
Typical outputs from implementation science are generalizable
implementation theories, models, and frameworks that are
developed to describe the factors influencing implementation,
predict the conditions required for successful implementation,
and provide guidance for conducting and evaluating
implementation efforts in health care [5-7]. These frameworks
provide a general understanding of the challenges of introducing
novel technologies in health care settings.
Importantly, for the development of AI technologies,
implementation science has evidenced that passive approaches
to the dissemination and diffusion of health care technologies
are rarely effective [8]. Instead, purposive implementation
efforts are required to mainstream innovation within an
organization or health care system [9]. However, to date, most
of the research literature on AI in health care deals with the
development, application, and evaluation of advanced analytic
techniques and models [10-12], primarily within computer
science, engineering, and medical informatics. The literature
on the implementation of AI to improve existing clinical
workflows is more fragmented and mostly based on
nonempirical data from proof-of-concept studies [1,13] across
multiple subject areas, such as data governance [14], ethics [15],
accountability [3], interpretability [16], and regulation [17].
This means that there are uncertainties around factors that
influence the implementation of AI in real-world health care
setups [10] and that health care professionals lack guidance on
how to implement AI in their daily practices [18].
If the value of AI technologies is to be realized in practice, it is
important to develop evidence-based approaches to AI
implementation. Although it is likely that generalizable
implementation theories, models, and frameworks will be able
to provide valuable guidance for the implementation of AI
technologies, it is likely that the nature of AI features will add
new layers of complexity and pose additional challenges to
effective implementation [2]. First, AI differs in its potential to
augment or constrain the work of health care professionals
compared with other technologies. This difference shifts
attention away from predicting successful implementations of
https://www.jmir.org/2022/1/e32215
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passive technologies (eg, telehealth or pedant alarms) to
understand how health care professionals and AI interact to
create value for patients and other users. Second, AI challenges
our dichotomic belief that divides the realms of human aptitudes
and machine capabilities. Recent AI developments allow the
perception of emotions, conversations, and, ultimately,
creativity. Such capabilities allow AI to enter into domains that
were previously exclusive to humans. Third, AI implementation
is highly complex, requiring activities that cover a wide range
of stakeholders from technology developers, system regulators,
organizations and individuals, professionals, patients, and
caregivers. This puts AI at the more complex end of what has
been studied by implementation sciences, which tend to be
well-defined and bounded interventions. Combined, these
differences suggest the need to develop an AI-specific evidence
base for implementation, and for generalizable knowledge about
AI implementation to be shared in AI-specific implementation
theories, models, and frameworks.

Objectives
This study aims to explore the current state of academic
knowledge of AI implementation by assessing any
implementation theories, frameworks, or models that are specific
to AI translation into health care practice. The study objectives
are to assess the following:
1.
2.

3.

What, if any, AI-specific implementation frameworks in
health care exist?
How do these AI-specific implementation frameworks draw
on and compare to more generalized implementation
frameworks for health technologies?
What do any AI-specific implementation frameworks reveal
about the challenges of AI implementation?

Methods
Study Design
An interpretative scoping review was considered the most
appropriate method to answer the research questions, as it
provides a systematic synthesis of knowledge within a defined
area, and with the aim of exploring and mapping key concepts,
available evidence, and shortcomings in existing research
[19,20]. The following steps were taken: (1) deciding on
definitions, (2) systematically searching in databases, (3)
selecting and screening studies, and (4) extracting and analyzing
the data.

Deciding on Definitions
The operational definitions for the term implementation,
framework, and AI are listed in Table 1. These broad terms
were used for searches to cover any literature, specifically using
the terms in combination. Using broad terms for the searches
instead of more specialized exemplifying terms, the review aims
to cover all literature on implementation frameworks for AI
translation into health care practice that is framed within these
broad terms and thus could be interpreted as generally applicable
to this context. Our operational definition for implementation
was inspired by Greenhalgh et al [9], which refers to an “active
and planned effort to mainstream an innovation within an
organization.” According to this definition, implementation
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that independent observers can recognize the presence and
strength of active and planned actions. Although other
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definitions of implementation exist, we chose this definition,
as it is broad and enables us to identify multiple elements from
prior AI-related studies.

Table 1. Operational definitions for key concepts.
Term

Operational definition

Implementation

An intentional effort designed to change or adapt or uptake interventions into •
routines [9].

Adoption of heart failure prediction
software

•

Change the clinical decision support
system

Artificial intelligence

Framework

a

Examples in health care

A general purpose technology based on a core set of capabilities and computa- •
tional algorithms designed to mimic human cognitive functions to analyze
complex data [2].
•

Machine learning for mortality prediction

•

NASSSa framework (for health and care
technologies) [5]

•

SHIFTb evidence [7]

A simplification structure, overview, system or plan of multiple descriptive
categories or elements (ie, constructs, concepts, and variable) that streamline
the interpretation of a phenomenon [21].

Unstructured image data analysis for
radiology

NASSS: nonadoption, abandonment, scale-up, spread, and sustainability.

b

SHIFT: successful health care improvement from translating evidence.

Systematically Searching in Databases
A systematic search of MEDLINE, Embase, EBM Reviews,
PsycINFO, and Cochrane databases was performed following
the PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) flow diagram (Figure 1). The search was
limited to the literature published from January 1, 2000, to
March 1, 2020, and all original publications that described
AI-specific implementation frameworks based on health care
studies. Search terms included a combination of terms relating
to implementation (implementat*), frameworks (model and
theory), AI (artificial intelligence), and machine learning (ML;
Multimedia Appendix 1). Several different terms could

potentially be used as synonymous with the term AI and
included as search terms. However, as the purpose of this study
was to explore the literature on AI-specific implementation
frameworks, our starting point was to include only those studies
that presented such frameworks specifically in relation to the
overarching concepts of AI and ML. A similar strategy was
used by Wolff et al [22] to define the search terms. The MeSH
(Medical Subject Headings) vocabulary was used to accurately
define the search terms, and the MeSH terms supervised and
unsupervised ML were both captured by the term machine
learning. This strategy was motivated by preliminary literature
reviews on AI, consultation with AI experts, and librarians.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram showing the review process. AI: artificial
intelligence; EBM: Evidence Based Medicine.
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Selecting and Screening Studies
Studies were eligible for inclusion if they were written in
English and referred to the implementation of AI (eg, ML) in
health care settings. All study designs or publication types were
eligible for inclusion to identify the presence of implementation
frameworks to guide the use of AI in health care. Conference
abstracts, editorials, and technical reports were excluded. Other
reasons for exclusion included studies that did not focus on AI,
had no explicit focus on implementation in relation to
implementation frameworks, models, or theories of AI, that
were not focused on the health care setting, or were dedicated
to nonhuman aspects (eg, animal health). Titles and abstracts
were screened for inclusion by 2 independent reviewers (FG
and DT) using the Rayyan web platform. Disagreements were
resolved by consensus, and when necessary, a third reviewer
was involved (JB). The agreement score during screening was
substantial (κ score>0.8).

Extracting and Analyzing the Data
A 4-step process was used for data extraction and analysis
according to the analytical framework of Arksey et al [19]. First,
4 reviewers (FG, DT, JN, and PS) independently piloted a
structured data extraction tool on the same final included
articles. The reviewers discussed and compared their analyses,
and any disagreements were resolved via discussion and
consensus. Following the guidelines by Arksey et al [19],
information related to country, study design, area of practice,
target population, study focus, study aims, and any literature
cited as informing the framework development was extracted
to understand the main areas of interest.
Second, as this field of research is relatively new, we considered
it important to perform a quality assessment of the included
articles, even if this is not typical for scoping reviews [19,23].
Thus, we have deliberately addressed concerns that the lack of
quality assessment in scoping reviews makes the interpretation
and translation of the findings more challenging [24]. The
quality of the selected studies was assessed using the Critical
Appraisal Skills Programme (CASP) [25]. Two authors (FG
and PS) independently rated the articles and resolved
disagreements through consensus (Multimedia Appendix 2
[26-32]). The CASP appraisal checklist includes multiple study
designs and was therefore chosen as the most appropriate tool
to evaluate the selected articles. Articles were not excluded
owing to poor quality, as suggested by other studies [33].
Instead, we considered the relative contribution from high and
low-quality studies in the analysis phase when discussing the
presence of implementation frameworks and elements for AI
implementation.
Third, to thematically analyze the literature, the frameworks
used in the included studies were categorized in accordance
with the Nilsen taxonomy of 5 categories of implementation
frameworks [21]. These categories include process models,
determinant frameworks, classic theories, implementation
theories, and evaluation frameworks. This conceptual foundation
is important, as it helps to understand the challenges associated
with implementation. Process models aim to guide or describe
the process of translating research into practices (eg, stages and
phases). Determinant frameworks intend to explain or
https://www.jmir.org/2022/1/e32215

XSL• FO
RenderX

Gama et al
understand the influence of variables on implementation
outcomes (eg, barriers and enablers). Determinant frameworks
account for 5 types of determinants that focus on the
characteristics of individual elements, including objects (eg,
AI), users or adopters, end user (eg, patients), context, and
strategy. Both classic theories and implementation theories are
distinguished from research-to-practice models, although they
explain how change occurs without ambitions to bring about
the change. The differences between these 2 theories are that
classic theories have been developed from a field external to
implementation science (ie, psychology and sociology) and
implementation theories have been developed by researchers
in the field of implementation science. What all theories have
in common is that they have attempted to have some predictive
capacity and explain causal mechanisms. Evaluation frameworks
specify aspects of implementation to evaluate and determine
implementation success (eg, checklists and criteria). To further
strengthen the analysis even further, the included studies were
categorized as either including a formal (explicitly integrated
body of knowledge) or informal framework (implicit
assumptions, beliefs, and views), all following the definitions
provided by Nilsen [21].
Fourth, to analyze the literature in relation to the extent to which
these findings draw on existing implementation frameworks, a
deductive thematic analysis was carried out. This entailed coding
the included studies deductively according to the nonadoption,
abandonment, scale-up, spread, and sustainability (NASSS)
framework for health technologies [5]. This framework suggests
a range of subdomains that are relevant to understanding how
a health technology might be implemented ranging from a
specific health condition to a wider regulatory and sociocultural
system. It represents a state-of-the-art structure and has been
used in other AI studies [2]. Five reviewers (FG, DT, JN, JR,
and PS) interpreted how implementation elements captured in
the descriptive themes were related across the NASSS domains.
The NASSS framework domains are the condition, technology,
value proposition, adopters, organization, wider system, and
embedding and adaptation over time. This involved extensive
reflection on article findings and how the findings were related
to the domains. The process began by deductively assessing the
findings in each article and then evaluating their association
with NASSS domains. An analytic summary matrix was
developed by tabulating the domains for each of the included
studies within a table, including identification of new
subdomains that did not fit within the existing NASSS
framework. Finally, the implementation elements were
summarized across the NASSS subdomains and newly identified
subdomains to assess the inclusion of elements across the
included articles.

Results
The Characteristics of Published Literature
The initial search returned 2541 unique articles. We screened
all abstracts and eliminated 98.86% (2512/2541) of the papers
based on the exclusion criteria. The term implementation
framework was widely dispersed across different areas of health
care, which resulted in a high number of nonrelated papers.
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After abstract screening, 29 articles were subjected to full-text
review, of which 76% (n=22) of them did not meet the inclusion
criteria. Finally, 24% (7/29) of articles were included.
Out of 7 articles, only 2 (29%) of the articles included formal
frameworks that directly addressed AI implementation in health
care. Owing to the limited number of articles fulfilling the
inclusion criteria, articles that partially met the criteria were
also included: 14% (1/7) of the articles that included a formal
framework addressing issues of ethics and AI (a topic of high
importance to real-world AI implementation), and 57% (4/7)
of the articles that included descriptions of elements influencing
implementation (focusing on physician opinion, patient opinion,
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and factors influencing the use of AI in emergency departments
and surgical settings).
The articles presented heterogeneous study designs. In total,
57% (4/7) of these studies were literature reviews, 29% (2/7)
used a qualitative approach, and 71% (1/14) used quantitative
survey data. The area of practice and the focus of the selected
articles were dispersed. The papers focused on the perceptions
of patients and clinicians of AI (n=2), decision-making and
decision support systems (n=2), ethical and trustworthy aspects
(n=1), benefits and challenges in implementing AI (n=1), and
implementation elements to guide AI adoption (n=1). Further
characteristics of the included studies are shown in Table 2.

Table 2. Characteristics of included papers (n=7).
Study

Country

Study design

Area of practice

Target population
a

Study focus

Beil et al [26]

Germany

Literature review

Intensive care

N/A

Diprose et al
[27]

New Zealand

Quantitative study

Primary care

Physicians (n=170) Perceptions of clinicians to understanding,
explain and trust on AI
results

Fernandes et
al [28]

Portugal

Literature review

Emergency depart- N/A
ment

Study aims

Ethical and trustworthy Discuss ethical consideraaspects in intensive care tions about AIb for prognostication in intensive
care.

Intelligent CDSSc for
triage

Investigate the association
between physician understanding of AI outputs,
their ability to explain
these to patients, and their
willingness to trust the AI
outputs.
Assess how intelligent
CDSS for triage have been
contributing to the improvement of quality of care in
the EDd as well as to identify the challenges they
have been facing regarding
implementation.

a

Loftus et al
[29]

United States

Literature review

Operation room

Surgeons

Decision-making in
surgeries

Nelson et al
[30]

United States

Qualitative study

Dermatology clinics

Patients from gener- Perception of patients
al dermatology
on AI related to skin
clinics (n=48)
cancer screening

Ngiam et al
[31]

Singapore

Literature review

Health care

N/A

Truong et al
[32]

Canada

Qualitative study

Health care

Subject-matter ex- Implementation eleperts in health care ments to guide AI
(n=8)
adoption

Propose that AI models
would obviate these weaknesses and be integrated
with bedside assessment to
augment surgical decisionmaking.
Explore how patients conceptualize AI and perceive
the use of AI for skin cancer screening.

Benefits and challenges Discuss some of the beneof AI in oncology
fits and challenges of big
data and machine learning
in health care.
Creating an implementation framework to help
health care organizations
understand the key considerations and guide implementation efforts for AI.

N/A: not applicable.

b

AI: artificial intelligence.

c

CDSS: clinical decision support system.

d

ED: emergency department.
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Quality Assessment
Overall, the quality assessment indicated that 43% (3/7) of
articles [26,31,32] met below 30% of the CASP criteria owing
to limited descriptions of the methodological procedures. In
total, 43% (3/7) of the articles [27-29] met between 50% and
60% of the criteria, whereas 14% (1/7) of articles [30] met 70%
of the criteria. The quality scores of each paper in relation to
the CASP checklist are provided in the (Multimedia Appendix
2).

Framework Categories to Implement AI
The analysis identified the use of three primary framework
categories: determinant framework, process model, and
evaluation framework. Classic theories and implementation
theories have not yet been identified. Across the 7 articles, the
data analysis indicated that 3 (43%) articles included explicit
frameworks: determinant frameworks [32], process models [31],
and evaluation frameworks [26]. The remaining articles (4/7,
57%) did not include comprehensive frameworks; instead,
elements relevant to implementation could be identified. For
example, Beil et al [26] discussed the applicability of ethical
constructs in an AI implementation, and Diprose et al [27]
explored physician opinion of implementation elements, whereas
Nelson et al [30] suggested implementation elements from the
patient perspective. These articles did not identify or describe
any conceptual or organizational framework to illustrate the
relationship between implementation elements. The types of
frameworks and elements of each framework (eg, determinants,
steps, or aspects) are provided in Table 3. Except for 29% (2/7)
of the articles [31,32], most articles lacked a clear description
of the elements identified (Table 3).
The data analysis identified the presence of implementation
elements in all 7 of the NASSS domains (Table 4). The
implementation elements were unequally distributed across the
domains and subdomains. A full description of the
implementation elements identified in each paper and their
relation to NASSS subdomains are provided in the data analysis
matrix (Multimedia Appendix 3 [26-32]). Across all papers,
technology was the most frequently included domain identified
in all articles (7/7, 100%), while embedding and adaptation over
time was the less frequently included domain (1/7, 14%).
Collectively, the papers explicitly covered 91% (20/22) of the
NASSS subdomains; however, there was an uneven distribution
between subdomains and between individual articles. Across
the 7 articles, the subdomains most frequently identified were
material and features of technology (7/7, 100%), types of data
generated (7/7, 100%), and staff (role and identity, 6/7, 86%).
Less frequently identified subdomains include scope for
adaptation over time (1/7, 14%) and extent of change needed
to routines (1/7, 14%).
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Among the individual articles, Nelson et al [30] and Beil et al
[26] had the highest coverage with 68% (15/22) and 55% (12/22)
of the subdomains, respectively. Diprose et al [27] and
Fernandes et al [28] covered the fewest subdomains, with only
23% (5/22) of the subdomains. The presence of the elements
was not mutually exclusive, as some elements were classified
into multiple domains. For example, Beil et al [26] classified
the implementation element called explicability in the domains
technology, adopters, and wider systems. Similarly, the
implementation element human-machine interaction from Ngiam
et al [31] was classified in the technology, adopters,
organization, and wider system.
In total, 7 new subdomains were identified that did not explicitly
fit in the NASSS framework (Table 4). Three elements were
classified as belonging to the technology domain: types of data
input, dependence/adaptation to the local context, and
evaluation of effectiveness. The types of data inputted highlight
the essential data input into AI algorithms and their dependence
on the availability and quality of existing (automated) electronic
health record data [29]. Dependence/adaptation to local contexts
relates to how AI technologies are dependent on other care
practices that vary at a local level, such as other technologies
in use, data recording methods, and local process of care (eg,
patient referral systems) that influence the data input to AI or
the ability of local practitioners to trust and act on AI outputs
[28]. Evaluation of effectiveness makes explicit the need for
clinical trials and other validation mechanisms to ascertain the
effectiveness, reliability, and trustworthiness of AI algorithms
[32]. Under the value proposition domain, we identified the
demand-side value (to population), which refers to a medical
ethical principle that requires fairness and societal well-being
in AI implementation at the population level and considers
issues such as data bias and implications for health inequalities
within the value proposition of the technology [26]. For domain
adopters, we identified shared decision-making among patients,
professionals, caregivers, and the role of AI as a fourth voice
within decision-making processes [30]. Finally, for the domain
wider
system,
we
identified
ethics
(population
equity/discrimination) and the role of human oversight. Ethics
indicates medical moral principles for beneficence and
nonmaleficence at a population level, reflecting the need for
formal regulation and consideration of the health equality impact
of new technologies at the population level [26,29]. Human
oversight considers the extent to which it is possible or desirable
for technologies to operate with or without human oversight.
Together, these underline that AI should not undermine the
autonomy of health care professionals nor provoke adverse
effects [26,29].
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Table 3. Descriptions of the frameworks and framework elements in the included articles (n=7).

a

Study

Explicit
framework?

Types of frameworka and purpose

Framework elements (stages, determinants, or aspects)

Beil et al [26]

Yes

Evaluation framework; ethical
AIc

Beneficence, nonmaleficence, justice, au- Partial
tonomy, explicability, medical perspective,
technical requirements, patient- or familycentered, and system-centered

European Commission guideline

Physician understanding and intended
physician behavior, explainability, preferred to explainability methods

Clarity of ele- Referenced guidance
ment descrip- or literature for
framework developtionb
ment

Diprose et al
[27]

No

N/Ad; elements describe physician opinion of AI

Partial

Absent

Fernandes et
al [28]

No

N/A; elements describe limitaAvailability of data, the subjectivity of the Partial
tions to develop and implement- system, methodologies and modeling
techniques, validation, and geography
ing AI in EDe triage
(data from the same geographic area)

Absent

Loftus et al
[29]

No

N/A; elements describe challenges and potential of AI in
surgical decision-making

Challenges in surgical decision-making
Partial
(complexity, values and emotions, time
constraints and uncertainty, heuristics and
bias), traditional predictive analytics and
clinical decision support (decision aids
and prognostic scoring systems), AI predictive analytics and augmented decisionmaking (machine learning, deep learning,
and reinforcement learning), implementation (automated electronic health record
data, mobile device outputs, and human
intuition), challenges to adoption (safety
and monitoring, data standardization and
technology infrastructure, interpretability,
and ethical challenges)

Absent

Nelson et al
[30]

No

N/A; elements describe patient
opinion of AI

AI concept, AI benefits, AI risks, AI

Limited

Absent

Ngiam et al
[31]

Yes

Process model; AI development
and implementation

Clinical problem definition or redefinition, Explicit
data extraction selection, and refining,
data analysis and validation, human-machine interaction, paper trial, prospective
clinical trial, medical device registration,
and clinical deployment

Absent

Truong et al
[32]

Yes

Determinant framework; AI im- Data quality and quantity, trust, ethics,
Explicit
plementation
readiness for change, expertise, buy-in
(value creation), regulatory strategy, scalability and evaluation

Absent

strengths, AI weaknesses,f AI implementation (symbiosis, credibility, diagnostic
tool, setting, and integration into electronic
health records. Challenges include malpractice, misunderstanding of AI, and regulations), response to conflict between human
and AI clinical decision-making, responsibility for AI accuracy, responsibility for
AI data privacy, AI recommendation

Type of framework according to the Nilsen taxonomy [21].

b

Explicit: explicit definition; partial: some discussion, but no explicit definition; limited: only listed construct names, but no definition or discussion is
provided.
c

AI: artificial intelligence.

d

N/A: not applicable.

e

ED: emergency department.

f

Only categories associated with artificial intelligence implementation are shown in full.
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Table 4. A comparison of elements identified in literature with the nonadoption, abandonment, and challenges to the scale-up, spread, and sustainability
(NASSS) framework domains. (n=7).
Condition

Technology

Value proposition

Adopters

Organization

Wider system

•

•

Embedding and
adaptation over
time

Original NASSS subdomains
•

•

Nature of
conditiona
(n=0)
Comorbidities, sociocultural influences
(n=0)

•

•
•
•

Material and •
features of
technology
(n=7)
•
Types of data
generated
(n=7)
Knowledge
needed to use
(n=5)
Technology
supply model
(n=2)

Supply-side
•
value (to developer; n=2)
Demand-side •
value (to patient; n=2)
•

Staff (role
and identity;
n=6)
Patient (simple vs complex input;
n=3)
Carer (available, nature
of input; n=2)

•
•

•

•

Capacity to
innovate
(n=1)
Readiness for
change (n=2)
Nature of
adoption or
funding decision (n=1)
Extent of
change to
new routines
(n=1)
Work needed
to implement
change (n=2)

•
•
•

Political or
•
policy (n=2)
Regulatory or
legal (n=5)
Professional •
(n=2)
Sociocultural
(n=2)

Scope for
adaptation
over time
(n=1)
Organizational resilience
(n=1)

Ethics (popu- •
lation equity
or discrimination; n=2)
Role of human over-

Not identified

New NASSS subdomains
•

Not identified

•
•

•

Types of data •
inputted
(n=3)
Dependence
on other local
processes and
practices
(n=2)
Evaluation of
effectiveness
(n=3)

Demand-side •
value (to population; n=1)

Shared decision-making
(n=3)

•

Not identified •

•

sightb (n=3)

a

These elements were not explicitly mentioned in the framework or list of elements, but they were considered in the manuscript (nature of condition, 6
articles; comorbidities and sociocultural influences, 2 articles).
b

Can be considered across multiple domains.

Discussion
Principal Findings
This literature review demonstrates that understanding how to
implement AI in health care practice is still in its early stages
of development. Although our study search terms identified a
large number of articles, only 7 articles were included in the
final analysis. Only 29% (2/7) of these articles included formal
frameworks that directly addressed AI implementation in health
care, and the other 71% (5/7) of the articles provided
descriptions of elements influencing such implementation.
The importance of developing knowledge of how to implement
AI in health care was highlighted in many of the rejected
articles, but despite acknowledging this, the articles provided
little or no substance to support their claims, or guidance on
how to move forward. A challenge to building knowledge in
this field was underscored during the screening process, where
many articles mentioned AI but were excluded because they
focused on health care technologies unrelated to AI; for
example, eHealth and telemedicine. The inappropriate labeling
of technologies as AI likely reflects the hype surrounding the
https://www.jmir.org/2022/1/e32215
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AI concept and the tendency to adopt fashionable terms to
increase attention, readership, and likeliness of publication
[34,35]. This type of misuse of AI terminology creates a murky
landscape and ambiguity for researchers attempting to synthesize
learning in this emerging field.
Given the recognition of the importance and challenges of AI
implementation [2], it was surprising to find that none of the
identified articles referred to existing implementation literature
in informing data analysis or framework development. Although
AI is likely to have specific requirements compared with other
health technologies, there is a wealth of literature on
implementation challenges and facilitators (eg, Xiang et al [36])
that could inform the AI field and accelerate learning. The only
paper informing framework development [26] was the Ethics
Guidelines for Trustworthy AI by the European Commission.
This suggests that there are attempts within the AI community
to reach agreement on key issues relating to the real-world use
of AI and that these efforts have not yet been connected with
insights from the implementation science community.
To understand the overlap of concerns between AI-specific
implementation challenges and more general health
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technologies, we mapped the elements listed in the 7 papers
against the NASSS framework, which was specifically
developed to guide the uptake of health technologies [5]. Most
elements identified in the papers corresponded to factors within
the NASSS framework, suggesting that there is a significant
degree of overlap between the concerns of AI implementation
and general health technologies, although it should be noted
that the general lack of clarification of the element descriptions
at times meant they were open to interpretation. The NASSS
domain most identified in the 7 AI papers was technology,
including the subdomain material features of the technology
and types of data generated, which were included in all 7 papers.
The importance of adopters (staff roles) was most frequently
mentioned (6/7, 86%), followed by wider system regulatory or
legal issues (5/7, 71%). All other NASSS domains and
subdomains were identified in 1 or 2 other papers (except for
the condition domain, which did not formally appear in any
framework or list of elements, but was nonetheless part of the
contextual discussion in most papers). These findings suggest
that all NASSS elements are relevant to the implementation of
AI in health care, but that awareness and recognition of all these
domains are currently low within the AI community. This
highlights the value of sharing findings within the AI
community, and between AI and implementation science
communities, to build a more comprehensive understanding.
A small number of elements identified in the 7 papers did not
align with the existing NASSS subdomains. As such, we propose
7 new subdomains that can supplement the NASSS framework.
Of the newly identified subdomains, some highlight issues that
are likely relevant to all forms of health technologies and may
have specific implications within AI. For example, the newly
identified subdomain of shared decision-making recognizes the
need for processes and behaviors that support communication,
discussion, and decision-making among staff, patients, and
careers (technology adopters), which is likely to be relevant for
many data-driven technologies [37-39]. However, in the case
of AI, the AI provides a fourth voice in the decision-making
process that will have particular implications for how such
communication is handled in an emotionally sensitive manner,
how much weight is given to different opinions and preferences
[38,40], and how it could support clinical decision-making
without compromising the primary responsibilities and duties
of the health care professional for patient care [41]. Similarly,
the need for the evaluation of effectiveness is important for all
health technologies [42,43], but for AI, this may be of particular
importance in demonstrating the trustworthiness of data outputs
if it is to replace or complement clinical judgment.
The subdomain role of human oversight has emerged as a unique
implementation feature across multiple domains. The term
human oversight underlines that AI should not undermine the
autonomy of health care professionals nor provoke adverse
effects [26,29]. Patients are receptive to the use of AI, yet health
care professionals need to have oversight of the AI outcomes
and decide when and how to use the information generated from
the AI. For example, in particular cases, health care
professionals might be able to override the decision made by
AI. Unlike shared decision-making, which suggests
collaborative work between humans and machines for individual
https://www.jmir.org/2022/1/e32215
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patient care, human oversight underscores the mandate of health
care professionals over AI recommendations as a critical element
at the regulatory and system levels. This subdomain has been
echoed in the gray literature under analogous terms such as
human-in-the-loop, human-on-the-loop, or human-in-command
[44].
Other newly identified subdomains appear to be more highly
relevant or potentially problematic for AI than for other forms
of health technology. For example, understanding the
demand-side value (population benefit) and ethics (population
equity or discrimination) appear to be of particular importance
to AI, given their dependence or impact on large (population
size) data. The possibility of recommending decisions across
an entire population entails risks to reinforce systemic biases
(eg, White or male), which might unintentionally discriminate
minorities and patients with more complex or unusual health
conditions. This, in turn, is linked to the increased importance
of regulatory and legal systems that oversee the introduction of
AI and carefully consider the implications and responsibilities
for individuals, professional groups, and governments to ensure
the safety, effectiveness, ethics, and equity of new data-driven
technologies [40].

Implications for Practice and Research
Our findings highlight the need to develop an AI-specific
implementation framework, drawing on empirical research
related to AI implementation efforts, and drawing on existing
knowledge and experience within the implementation science
community. There is a great, currently unrealized, opportunity
to draw on insights from the implementation of science literature
to enhance and accelerate the implementation of AI. There is
no need to repeat the mistakes or reproduce learning that has
already been achieved, and there is an opportunity to use the
theoretical and practical insights from others to provide an
evidence-based foundation that can accelerate the
implementation of AI in health care.
Our findings suggest that the implementation of AI is viewed
through a narrow lens, focusing on the design of the technology
and its interaction with the immediate user. Lessons from
implementation science suggest the need to extend attention to
understand how the technology will influence and interact with
the context in which it is implemented, including understanding
existing processes and practices of care within each local setting,
and how systems work at micro, meso, and macro levels to
support or hinder technology uptake. Such insights can only be
gained from active engagement of relevant stakeholders,
frontline staff, patients, and careers, their engagement is essential
to understand how new technologies that are based on AI will
be received, and how trust can be built to ensure that design is
centered on the needs and practical constraints and requirements
of the health care system (ie, to produce useful, trusted, relevant,
and actionable knowledge). Lessons from implementation
science suggest that obtaining this knowledge, using it to inform
technology design, and addressing wider implementation issues
is time intensive and reliant on good quality relationships
between diverse and often conflicting groups of stakeholders.
However, time and time again the implementation literature
demonstrates the necessity of this work for successful
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implementation. Harnessing such insights could provide
guidance to health care professionals responsible for
implementing AI in practice, for decision makers and policy
makers to ensure effective implementation plans are in place,
and for the AI designers and promotors who need to be aware
of the implications of real-world deployment to ensure that AI
products are suitable for implementation.
Any AI implementation framework also needs to recognize the
heightened and perhaps unique needs and challenges of
introducing AI in health care, including meaningful decision
support, ethical dilemmas (privacy and consent), transparency,
effectiveness, interpretability, and establishing trust in black
box technologies [2,45,46]. Implementation is further
complicated by the symbiotic relationship between AI and the
system, the dynamic and interdependent relationship between
data input from the health care system to inform the AI, as well
as the influence of AI data output on the same system, and the
significant technical, analytic, and clinical expertise required
to understand and resolve problematic issues. In addition, AI
has a greater potential and risk of operating at the population
level and the ethical and regulatory requirements to ensure that
any such technologies provide equitable population care and
safe, effective, and compassionate care at an individual level.

Methodological Considerations
Although this study was conducted in a structured and
systematic manner, only a small number of papers met the
inclusion criteria, and these papers were of rather low quality
in terms of methodological clarity and rigor, and in the clarity
of descriptions and definitions of elements influencing AI
implementation. In addition, the included studies that were
based on empirical data were conducted only in 3 high-income
countries, limiting the generalization of the findings to other
contexts. For example, the use of AI in health care in
low-income countries is still nascent, and therefore some
subdomains of the NASSS framework might be irregularly
advanced in this context (eg, legal, regulatory, and social
cultural). These characteristics emphasize the importance of
reflecting on the findings of parsimony. Together, these limit
the reliability and generalizability of the cumulative findings
from our analysis and highlight a gap in the literature that
requires further empirical and theoretical research.
We chose to use the NASSS framework for deductive analysis
of the included papers as it represents one of the most advanced
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frameworks dedicated to understanding implementation of health
care technologies and was informed by extensive empirical
research and literature review [2]. Although the use of the
NASSS framework has provided a helpful way of making sense
of the findings from the AI implementation literature, the use
of this framework is illustrative and other frameworks could
have been applied to support review and interpretation of results.
For example, the NASSS framework adopts a predominantly
innovator-centric view of understanding how new technologies
can be introduced into a health care system, whereas alternative
frameworks provide a more service-centric view in
understanding the needs and operating reality of frontline health
care services and how new technologies fit with and disturb
existing working practices [47]. Further research could be
conducted to consider the merits and limitations of different
implementation frameworks to provide insights into AI
implementation.
Scoping reviews often search for the identification and
conceptualization of complex, emergent, or ill-defined concepts.
Unlike traditional systematic reviews guided by well-defined
constructs, it may be unfeasible to screen and synthesize all
relevant literature on an emergent topic [48]. As our purpose
was to merely understand what implementation frameworks
have been used in the application of AI for health care practices,
our efforts to identify all eligible studies were limited in some
respects. Moreover, although the results of this review are based
on 7 studies, the empirical data were gathered solely from 5
health care–orientated databases. Although a focused sampling
technique reduces contextual variations and thus helps provide
robust findings, health care professionals working outside health
care contexts should consider context-specific variations as they
interpret the findings.

Conclusions
This literature review demonstrates that the research literature
on AI implementation in health care lacks theoretical
development and is poorly connected to existing implementation
frameworks or models developed within implementation science.
This means that potential specific challenges around AI
implementation are largely unrevealed, and that further
empirically based research is needed to provide the knowledge
necessary to develop implementation frameworks to guide future
implementation of AI in clinical practice.
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Abstract
Background: A critical component of disaster preparedness in hospitals is experiential education and training of health care
professionals. A live drill is a well-established, effective training approach, but cost restraints and logistic constraints make clinical
implementation challenging, and training opportunities with live drills may be severely limited. Virtual reality simulation (VRS)
technology may offer a viable training alternative with its inherent features of reproducibility, just-in-time training, and repeatability.
Objective: This integrated review examines the scientific evidence pertaining to the effectiveness of VRS and its practical
usefulness in training health care professionals for in-hospital disaster preparedness.
Methods: A well-known 4-stage methodology was used for the integrated review process. It consisted of problem identification,
a literature search and inclusion criteria determination, 2-stage validation and analysis of searched studies, and presentation of
findings. A search of diverse publication repositories was performed. They included Web of Science (WOS), PubMed (PMD),
and Embase (EMB).
Results: The integrated review process resulted in 12 studies being included. Principle findings identified 3 major capabilities
of VRS: (1) to realistically simulate the clinical environment and medical practices related to different disaster scenarios, (2) to
develop learning effects on increased confidence and enhanced knowledge acquisition, and (3) to enable cost-effective
implementation of training programs.
Conclusions: The findings from the integrated review suggested that VRS could be a competitive, cost-effective adjunct to
existing training approaches. Although the findings demonstrated the applicability of VRS to different training scenarios, these
do not entirely cover all disaster scenarios that could happen in hospitals. This integrated review expects that the recent advances
of VR technologies can be 1 of the catalysts to enable the wider adoption of VRS training on challenging clinical scenarios that
require sophisticated modeling and environment depiction.
(J Med Internet Res 2022;24(1):e30600) doi:10.2196/30600
KEYWORDS
virtual reality; in-hospital disaster preparedness training; mass casualty incidents; hospitals

Introduction
Emergency preparedness in hospitals for disasters is
unexpectedly required. Disasters could occur anywhere and at
any time [1,2]. Disasters include not only accidents in hospitals
(eg, an outbreak of fire) but also natural and human-made
catastrophic events occurring outside of hospitals. In-hospital
https://www.jmir.org/2022/1/e30600
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disaster preparedness must be performed fully on the spot, and
health care professionals are the front line of disaster
preparedness by controlling disaster situation and caring for
victim patients. Human history has demonstrated the serious
effects of poor disaster preparedness [3]. In the case of the
aftereffect of Hurricane Katrina, the emergency evacuation at
the Memorial Medical Center in New Orleans was unexpectedly

J Med Internet Res 2022 | vol. 24 | iss. 1 | e30600 | p.329
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
conducted and poor evacuation management resulted in
tremendous loss of life [4].
A fundamental component of effective in-hospital disaster
preparedness is appropriate, repetitive experiential education
and training of health care professionals with live disaster
situations [5]. Disasters, however, are rarely encountered
clinically, making it ideal for simulation. Live drills enable
trainees to practice in a realistic simulation, where they can
experience mock-up scenarios and learn sequences of actions
and tasks to deal with the situations. Live drills are available
when disaster simulations are set through the process of
implementing everything realistically, including participants,
infrastructures, and medical devices and tools. One of the live
drill examples is the timely and effective evacuation practice
of neonates during an outbreak of fire [6]. Here, fast exit routing
by newborn intensive care unit workers while caring for
mannequins of neonates had to be developed. Live drills have
a great advantage in that they can take effect in a real disaster
situation. Cost restraints and logistic constraints, however, make
implementing simulations and scenarios difficult, and training
opportunities with live drills may be severely limited [7,8].
Having lectures and practice with learning materials is another
approach. Its advantages are that it is simple and does not require
time and cost on a large scale. The simulations and instructions,
however, may be fragmentary (eg, via verbal description or
simple figures), and the learning outcomes may not be so
effective in a real disaster situation [9].
Emerging evidence suggests that virtual reality simulation (VRS)
is a viable alternative for workforce training in a variety of
industry disciplines, with positive effects of increasing
confidence and gaining necessary knowledge [10-13]. VR is a
cutting-edge technology that can generate virtual environments
of different training scenarios and combine with multisource
data, stereoscopic vision, and intuitive interaction interfaces
[14]. VR enables trainees to take part in virtual scenarios using
avatars, in which they can simulate the sequences of actions
and tasks they may make and reflect on the consequences of
their choices [15,16]. Its realistic and interactive characteristics
can greatly enhance trainees’ perception level and interest in
learning [17]. The current generation of VR technologies is now
equipped with head-mounted displays, where the wearers can
obtain fully immersive experience of VRS [18]. There are
various advantages of the use of VRS in education and training
as follows: (1) repeatability, where training practices can be
repetitive until goals are achieved [19]; (2) dynamic expansion
and update of training scenarios due to technical advances to
reconstruct a variety of training scenarios in a realistic manner
[20,21]; and (3) just-in-time training, where training can be
conducted anywhere and at any time if VR devices are available
[22].
The purpose of this paper is to conduct an integrative review
of peer-reviewed literature that applies VRS for in-hospital
disaster preparedness training. The research problems this
integrated review identified are follows: For use in in-hospital
disaster preparedness, (1) what kinds of VRS training programs
have been presented?; (2) are there any studies that demonstrate
the usefulness of the VRS training in a quantitatively or
https://www.jmir.org/2022/1/e30600
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qualitatively manner, and does this usefulness analysis include
technological feasibility, training effects, and cost saving of
VRS?; and (3) are there any studies that identify the pros and
cons of VRS training when compared to conventional
alternatives (eg, live drills or material-based lectures)?
This new integrated review builds upon and complements a
prior integrated review publication by Miller et al [23]. In 2013,
they analyzed peer-reviewed literature published during the
period of 2005-2012, with findings that the efficacy of VRS for
its use in disaster preparedness training was identified but such
that the findings were difficult to be generalized due to the small
volume of the literature. This new integrated review analyzed
state-of-the-art literature published in the past 15 years, where
there have been massive technological advances in VR
engineering [17]. This motivated us to investigate the current
progress in disaster preparedness training programs using VRS
in terms of its wide adoption, practical usages, and efficiency.
Compared to the prior publication [23], this new integrated
review narrowed down the application domains and was only
limited to in-hospital events and scenarios (eg, emergency
departments) where health care professionals should equip
patient triage and treatment skills for mass casualty incidents
(MCIs) [24], which are critical and should be timely and
carefully managed.

Methods
Study Design
This study followed the well-known methodology suggested
by Whittemore et al [25] to conduct an integrative review. This
review methodology consists of (1) problem identification, (2)
a literature search and inclusion criteria definition, (3) validation
of searched studies, and (4) presentation of findings. Two
investigators—an assistant professor (author YJ) and a senior
student of computer science—were involved in this study.

Problem Identification
The investigators agreed on the purpose and boundaries of this
study at the initial stage of the research meeting. It seems that
health care professionals do not have enough opportunities for
in-hospital disaster preparedness training [7,8]. The investigators
also agreed on recent advances of VRS for its use in education
and training in a variety of application industry domains [10-13].
The research problems mentioned in the Introduction section
were then derived based on their agreement.

Literature Search and Inclusion Criteria Definition
The literature search was performed by the investigators
independently. They used 3 keywords: (1) “virtual reality,”
which represents a key technology to be used for implementation
of in-hospital disaster preparedness training programs; (2)
“disaster” or “fire,” which represents catastrophic events to be
simulated for training programs; and (2) “health care” and
“hospital,” which represent major responders when the training
programs are executed. The combination of these keywords can
cover the volume of relevant literature for this integrated review.
Note that the chosen keywords—“disaster” and
“fire”—sufficiently covered different possible disaster types,
where “disaster” represents natural and human-made
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Jung

catastrophic events (eg, earthquake and MCIs) and “fire”
represents accidents the majority of the literature considers as
catastrophic events occurring in hospitals.
A computerized search approach was used with 3 websites:
Web of Science (WOS), PubMed (PMD), and Embase (EMB).
WOS is an established publication repository for VR
technologies (technology domains), and the other 2 are related
to the medicine application domain. Such inclusion may
decrease the possibility of missing relevant literature. The
advanced search function of each publication repository was
used as a search option as follows:
•

The WOS search with its Web of Science Core Collection
database and without any restrictions on document types
The PMD search with all fields and without any other
options or filters
The EMB search with its default options

•
•

Inclusion criteria were as follows:
•

Peer-reviewed empiric studies published from 2006 to 2020
and written in English
All VRS training programs related to disaster preparedness
Participants of training programs being all types of health
care professionals
Place of training programs anywhere in hospitals

•
•
•

Validation of Searched Studies
The final studies to be included were determined through a
2-step validation procedure: (1) Abstracts of searched studies
were initially reviewed to confirm whether they met the
inclusion criteria, and (2) full papers of the abstract-filtered
studies were printed and read in their entirety for inclusion.

Many of the studies have contributed to the development of
VRS training programs, and there was a lack of evaluating and
analyzing their usefulness and efficacy in real practice scenarios.
These were excluded since the purpose of this integrated review
was to suggest the scientific evidence pertaining to the practical
values of VRS training programs. The investigators
independently performed the validation procedure.
Discrepancies were resolved through active discussion among
the investigators.

Presentation of Findings
A matrix of the presentation for validated final studies was used
to reach an integrated result. The matrix consisted of authors
and dates of publication, study design, disaster type, participant
details, contents, and outcomes. The investigators believed that
this categorization would be useful to capture and promote the
understanding of features of VRS disaster preparedness training
programs and their usefulness and practical values. For
quasi-experimental studies, it is important to identify differences
and similarities, describe variables, and clarify intervention
factors to make logical connections. All of these were carefully
considered in this integrated review.

Results
Study Selection
There were 99 results (studies) from the literature search of the
3 publication repositories, as shown in Table 1. After study
screening using the inclusion criteria and redundancy removal,
12 (12%) studies in total were included in this integrated review:
4 (24%) studies were included from 17 studies in WOS, 6 (26%)
from 23 studies in PMD, and 2 (3%) from 59 studies in EMB.

Table 1. Numerical results of the literature search.

a

Search results

WOSa, n (%)

PMDb, n (%)

EMBc, n (%)

Total

Studies after initial literature search

17 (17.2)

23 (23.2)

59 (59.6)

99

Studies after screening using inclusion criteria

7 (32)

6 (27)

9 (41)

22

Final studies after redundancy removal

4 (33)

6 (50)

2 (17)

12

WOS: Web of Science.

b

PMD: PubMed.

c

EMB: Embase.

Study Review
The summarization for each of the 12 studies [6,24,26-35] is
shown in Table 2 in ascending order of publication year. Here,
there were 4 categories: authors and publication years,
experiment, content, and outcomes. In the experiment category,
data including the status of the randomized controlled trial
(RCT) and disaster type and study design were described. In
addition, the number of participants was provided, with a
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distribution of their role—either the experiment group (EG)
with VRS training or the control group (CG) without VRS
training—if a quasi-experimental study was conducted. Prior
to experiments, both groups were taught through a conventional
training approach (eg, lecture with learning materials) and an
additional VRS training session was delivered only to the EG.
In Table 3, statistical characteristics of the 12 studies
[6,24,26-35] are shown according to predefined categories.
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Table 2. Summary of the 12 studies.
Author (year)

Experiment

Content

Outcome

Roy et al [26]

•
•

In VRSf sessions, participants were asked to conduct
interviews with simulated patients and exams with
virtualized resources (eg, medical images and heart
sounds). Live drill simulations equivalent to the VRS
sessions were also given for comparison. Qualitative
and quantitative feedback was obtained to assess participants' performance, along with detailed conversational analysis.

Analysis results suggested that VRS training
can build skills, increase learning retention,
improve trainee confidence, and change
behaviors. VRS training requires greater
initial investment but has lower marginal
costs when compared to the live drill counterpart, and considerable return on investment.

Case study

•

Bioterrorism MCIsa
Physicians (number
not specified)

•

RCTb: N/Ac

•

EGd: N/A

•

CGe: N/A

Software platform: SIMmersion
Heinrichs et al [27] •
•
•
•
•
•

Heinrichs et al [24] •
•
•

•
•
•

Case study
Bioterrorism MCIs
7 physicians and 6
nurses
RCT: N/A
EG: N/A
CG: N/A

In VRS sessions, triage teams of participants assessed
victims and sent them to appropriate treatment areas.
The teams divided themselves into physician-nurse
teams at each bedside and assessed and managed each
virtual patient allocated. During the assessment, additional graphical information was given, and they performed intravenous infusions and administered blood
and drugs. After completing the VRS sessions, an instructor facilitated a debriefing discussion. The participants were asked to conduct the same VRS sessions
once more. After the second debriefing, they were
asked to complete surveys and contribute to an open
discussion. Most (9/13, 69%) of the participants were
not gamers (69% never played VR systems), and most
(8/13, 62%) had no prior training in responding to an
MCI.

Here, 8 (62%) of 13 participants reported
that the VRS training changed their feelings
and attitudes about working as members of
an emergency department team. The ratings
of the participants on the exit survey (5point Likert-type scale: 1=low and 5=high)
showed that they felt immersed (3.47) and
thought that the VRS training increased
their confidence in their ability to respond
to MCIs (2.0 before training; 3.08 after
training). Most also thought that the VRS
training would be useful for learning teamwork skills and behaviors (3.77) as well as
for learning the clinical skills necessary to
treat MCI victims (3.15). Their comments
also indicated they perceived the patient
Software platform: Online Interactive Virtual Environ- physiology models and virtual environment
as realistic, although they would like the
ment (OLIVE)
interface improved to allow them to perform
a more rapid patient assessment.

Sequential study
Bioterrorism MCIs
10 physicians (4
years of postgraduate
experience) and 12
nurses (9.5 years of
practice experience)
RCT: N/A
EG: N/A
CG: N/A

Participants conducted VRS of 2 MCI sessions. For
each session, they formed 2 teams—those assigned to
a triage area and those assigned to an immediate
treatment area—and began to act out their signed roles
for assessing and treating victim patients. After the
VRS sessions, the participants joined an instructor-led
debriefing of their VRS performance and then filled
out an exit questionnaire and contributed to a focus
group discussion. Quantitative results were collected
from a quiz that was administered at the beginning of
the evaluation and an exit questionnaire that was
completed at the end. The majority had never played
VR games: the mean score on the frequency of play
was 1.4 between “never” and “occasionally.” Approximately, two-thirds of the participants had previous
triage training at some point prior to study enrollment.

Prior to the VRS training, only 4 (18%) of
22 participants were confident about managing MCIs. After the VRS training, 19 (86%)
felt either “confident” or “very confident,”
with 13 (59%) attributing this change to
practicing in the VRS training. In addition,
21 (95%) reported that the session scenarios
were useful for improving health care team
skills training, and 18 (82%) believed that
the sessions also were instructive in learning
about clinical skill management of MCIs.

Software platform: OLIVE
Pucher et al [28]

•
•
•

•
•
•

Sequential study
Bomb terrorism
MCIs
21 clinicians in 3
groups: 8 novices, 7
intermediates, and 6
experts
RCT: N/A
EG: N/A
CG: N/A

In VRS, participants in each of the 3 groups were asked
to form a team and required to perform clinical action
to ensure appropriate place, transfer, and treatment for
virtual patients. Participants were allowed to access
additional information (eg, each patient's notes or vital
signs). Technical skill performance of individual participants was collected on a 5-point Likert scale across
a range of critical behaviors and tasks defined by a
disaster planning expert panel. Nontechnical skill
performance was scored based on the validated trauma
nontechnical skills (T-NOTECHS). Scores were compared across groups. The participants filled a feedback
and validity questionnaire, with statement responses
on a 7-point Likert scale.
Software platform: Unity
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All 21 (100%) participants agreed that VRS
would be an effective and realistic training
tool for MCIs and that it was an enjoyable
addition to their training and might help
improve their own practice. The novice
group committed more critical events than
the expert group (11 novice vs 3 expert,
P=.01), took longer to treat patients (560
seconds vs 399, P=.03), and resulted in
poorer T-NOTECHS scores (14 vs 21.5,
P=.003) and technical skill scores (2.29 vs
3.96, P=.001). Participants who previously
underwent disaster response training
thought that VRS has significant advantages
over existing alternatives, but details of the
advantages were not stated explicitly.

J Med Internet Res 2022 | vol. 24 | iss. 1 | e30600 | p.332
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Jung

Author (year)

Experiment

Content

Outcome

Ferra et al [6]

•

Both EG and CG completed pretests of self-efficacy
and cognitive learning. The EG conducted a VRS
session where participants were required to practice
sequential steps of decontamination skills with virtual
tools (eg, donning personal protective equipment).
After the VRS session, the EG completed posttests.
Both EG and CG were then directed to a mannequin,
on which they demonstrated decontamination while
being evaluated and timed by an experienced observer.
In total, 38 (35.8%) of 106 participants had previous
disaster training prior to study enrollment.

The EG reported high levels of satisfaction
with VRS as a training method. A significantly shorter amount of completion time
from the EG was shown when compared to
the CG (P=.01). The EG showed greater
improvement in the self-efficacy score over
the CG, although there was no significant
difference (P=.17). No difference between
the EG and CG was found in the cognitive
knowledge score (P=.63).

•
•
•
•
•

Quasi-experimental
study
Bioterrorism MCIs
106 nursing students
RCT: yes
EG: n=54
CG: n=52

Software platform: not specified
Dorozhkin et al
[29]

Dubovsky et al
[30]

•
•
•
•
•
•

Sequential study
Fire
49 physicians
RCT: N/A
EG: N/A
CG: N/A

Participants were asked to complete an operating room
fire training/prevention sequence given by a VRS
session. They were then asked to answer a subjective
preference questionnaire (5-point Likert-type scale)
focused on the usefulness and fidelity of the VRS.

•
•
•

Sequential study
Disaster not specified
10 nurses (25.3 years
of practice experience)
RCT: N/A
EG: N/A
CG: N/A

Participants mastered navigating VRS for code triage
of virtual patients in an emergency department. They
then participated in a testing scenario with code triage
of a series of 6 virtual patients, which represented a
range of severity and complexity. Participants decided
which patient was seen next based on their assessment
of priority. Attitudes toward the VRS and perceived
workload in the VRS and on the job were assessed
with an exit questionnaire and the NASA task load
index. Only 1 (10%) of 10 participants had experience
with VR games.

•
•
•

Software platform: VESTg

Software platform: CliniSpace
Ferra et al [31]

•
•
•
•
•
•

Quasi-experimental
study
Disaster not specified
93 newborn intensive
care unit health care
works
RCT: yes
EG: at least 31
CG: at least 31

A longitudinal experiment was conducted to study
both the EG and CG, with repeated measures taken at
0, 4, 8, and 12 months. Learning was measured using
a cognitive assessment and self-efficacy questionnaire.
The EG's qualitative experience was collected using
a focus group. In addition, longitudinal performance
was assessed with live evacuation drills before the
study and 12 months after the study. In each period,
the EG was asked to conduct VRS of emergency
evacuation scenarios that augmented the materials developed by an established institution. The CG was
asked to review the web-based lecture materials that
deliver the same content as in the VRS.

Five questions focusing on VRS effectiveness and its usefulness in operating room
fire safety training were rated above 4. The
highest score (4.84) was given to the level
of satisfaction of using VRS to learn the
principles rather than just using textbooks,
with the lowest score (2.95) associated with
the quality of sensation of feeling the tools
on the target and in the task space. A total
of 33 (67%) of 49 participants chose VRS
training over traditional approaches, such
as a textbook or an animal model.
Responses to the exit questionnaire indicated that the participants' attitudes toward the
VRS were largely positive. Participants
generally regarded the scenarios as realistic
and perceived their work on the VRS task
to be equivalent to their workload in a regular workday in all aspects except for physical exertion. The time to perform code
triage corresponded to the time required in
the emergency department, and virtual patients were appropriately prioritized according to severity.
The evaluation demonstrated mixed but
overall positive results for the effect of VRS
on newborn intensive care unit evacuation
training. The EG and CG did not statistically differ based on the scores on cognitive
assessment or perceived self-efficacy. The
EG performance in the live evacuation
drills, however, was statistically (P<.001)
and clinically (effect size of 1.71) better
than that of the CG. The EG showed
slightly faster transfer of neonates, but this
effect did not reach statistical significance.

Software platform: not specified
Sankaranarayan
et al [32]

•
•
•
•
•
•

Quasi-experimental
study
Fire
20 physicians
RCT: not specified
EG: 10
CG: 10

Both the EG and CG took a pretest that assessed the
baseline knowledge in operating room fire and its
prevention. The EG was asked to practice on a VRS
session of a fire scenario within a week from the
pretest. In the VRS session, the EG was asked to
identify the elements of the fire triangle and the proper
sequence of actions that needs to be taken if a virtual
patient is on fire. A week after the posttest, both groups
also participated in a live drill and simulated a mockup fire scenario, while their performance was videotaped for assessment by 2 independent raters.
Software platform: VEST

Median test scores for the CG increased
from 5.5 to 9.00 (P=.01) and for the EG increased from 5.0 to 8.5 (P=.01). Both
groups started at the same baseline (pretest,
P=.53) and reached similar levels in cognitive knowledge (posttest, P=.85). When
evaluated in the live drill, 7 (70%) of the
EG participants were able to perform the
correct sequence of steps in extinguishing
the simulated fire, whereas only 2 (20%) of
the CG participants were able to do that
(P=.003).

Lovreglio et al [33]
https://www.jmir.org/2022/1/e30600
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Experiment

Content

Outcome

•
•
•

In total, 87 participants were randomly selected from
170 candidates. They were asked to practice a VRS
session that was designed to generate training outcomes (ie, enhance participants' knowledge of how to
behave in public and administrative areas of a hospital
during and after an earthquake). The performance on
the VRS session was assessed using a 6-point Liker
scale questionnaire. Confirmatory factorial analysis
was also run with the components forming the questionnaire.

The results from the questionnaire indicated
that all its components received a positive
score (eg, high rating score of 0.830 for the
realism of the VRS environment). The
component having the lowest score was realism of the nonplayer characters. The confirmatory factorial analysis result indicated
that the realism of the virtual environment
and the realism of earthquake simulation
and damage play were the main contributing
factors to the sense of presence available
from the VRS. U-test results with the demographic information showed that there were
no statistical differences related to the participant gender and type (staff vs visitors).

•
•
•

Sequential study
Earthquake
87 visitors and hospital staff
RCT: yes
EG: N/A
CG: N/A

Software platform: Unity

Rossler et al [34]

•
•
•
•
•
•

Quasi-experimental
study
Fire
20 prelicensure nursing students
RCT: yes
EG: 5
CG: 15

The EG completed a VRS training session designed
for acquisition of knowledge of operating room fire
safety. Both the EG and CG were then asked to complete a simulated fire live drill designed to assess the
transfer of knowledge to practice settings. An investigator-developed fire safety evaluation test was administered in pretest (prior to the live drill)-posttest (after
the live drill) format.

Both groups started at the same baseline in
the acquisition of required knowledge (ie,
the median score of 70 in the pretest). The
EG showed a large increase (20 points) in
gained knowledge compared with the CG
(10 points), but there were no statistically
significant findings for either group (between pre- and posttest).

Software platform: VEST
Farra et al [35]

•
•
•
•
•
•

Quasi-experimental
study
Disaster not specified
91 newborn intensive
care unit health care
workers
RCT: not specified
EG: 34
CG: 57

A live drill was financially compared with the VRS
counterpart. The costs of the live drill included exercise
planning, exercise participants, exercise support, and
exercise evaluation. Staff costs were based on the average hourly rate of representatives with a given title
of those who were involved. The costs of the VRS included storyboard, consultants, training simulation
development, travel from the development team,
hardware supplies, and staff time for training participation. To have a meaningful comparison, the authors
projected the cost of each alternative, assuming that
all 334 staff members of the hospital were to undergo
training once a year for 3 years.
Software platform: Unity

a

The larger initial investment in the VRS can
be spread across a large number of trainees
and a longer time period with little additional cost, while each live drill requires additional costs that scale with the number of
participants. Initially, the VRS was more
expensive, with its cost of $327.78 per participant (the total cost of $106 951.14 per
exercise) versus $229.79 (total cost $18
617.54) for the live drill. When development costs were extrapolated to repeated
training over 3 years, however, the VRS
training became less expensive, with a cost
of $115.43 per participant, while the cost
of live exercises remained fixed.

MCI: mass casualty incident.

b

RCT: randomized controlled trial.

c

N/A: not applicable.

d

EG: experiment group.

e

CG: control group.

f

VRS: virtual reality simulation.

g

VEST: Virtual Electrosurgical Skill Trainer.
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Table 3. Statistical characteristics of the 12 studies.
Variable

Category

Statistics, n (%)

2006-2010

3 (25)

2011-2015

2 (16)

2016-2020

7 (59)

Case study design

2 (16)

Sequential design

5 (42)

Quasi-experimental design

5 (42)

Bioterrorism MCIsa

4 (34)

Bomb terrorism MCIs

1 (8)

Fire

3 (25)

Earthquake

1 (8)

Not specified

3 (25)

1-50

7 (59)

51-100

3 (25)

>100

1 (8)

Not specified

1 (8)

RCTb

6 (50)

No RCT

4 (34)

Not specified

2 (16)

Unity

3 (25)

Publication year

Study design

Disaster type

Participants, n

Experiment type

Software platform

c

a

VEST

3 (25)

Online Interactive Virtual Environment (OLIVE)

2 (16)

Others

2 (16)

Not specified

2 (16)

MCI: mass casualty incident.

b

RCT: randomized controlled trial.

c

VEST: Virtual Electrosurgical Skill Trainer.

Discussion
Principal Findings
All the 12 studies suggested positive outcomes of VRS from
its use for in-hospital disaster preparedness training. Since the
outcomes varied, the interpretation for the studies was
multidimensional, focusing on 3 major themes: VRS training’s
(1) realism, (2) learning effect, and (3) cost saving.

Realism of VRS Training
The definition of realism was how the health care participants
felt that the training environment provided by VRS was like
https://www.jmir.org/2022/1/e30600
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their actual clinical environment and medical practice. There
were 4 (33%) of 12 studies [27,28,30,33] where the analysis
and evaluation of VRS training programs with regard to realism
was explicitly conducted. These studies [27,28,30,33]
demonstrated the capabilities of VR technology in realistically
simulating clinical scenarios and medical practices related to
disasters. The confirmatory factorial analysis by Loverglio et
al [33] suggested that such the replicability is the main
contributing factor in the sense of realism. Here, the health care
participants could interact with sequences of actions and tasks
required to deal with the in-hospital disaster scenarios
[27,28,30]. These findings may indicate that VR technology
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enables immersive training and learning in the clinical domain.
This is consistently found in prior integrated reviews in medicine
[23] as well as those in other nonmedical industry domains
[12,13].
In a prior integrated review by Miller et al [23], triage and
treatment training from human-made MCIs was only for
application practices. This limited applicability was mitigated
in the current integrated review by including new programs of
building evacuation safety training from natural catastrophic
events, such as earthquakes [33]. The technological advances
in VRS during the past 15 years may be 1 of the contributing
factors in the application to clinical scenarios that require
sophisticated modeling and environment depiction.
There were complains about the VR interface from an early
study by Heinrich et al [27] in 2008, but no such complaints
were discovered in recent studies until 2020. This might imply
that the technological maturity of VRS is at a level that includes
consideration of extraneous variables, such as technological
sophistication of the participants and ease of navigation.

Learning Effects of VRS Training
In total, 10 (83%) of 12 studies [6,24,26-32,34] (2 studies by
Ferra et al [35] and Lovreglio et al [33]) evaluated VRS for its
learning effects on in-hospital disaster preparedness training.
Learning effects on increased confidence and enhanced
knowledge acquisition were captured in all the 10 studies
[6,24,26-32,34], and such learning effects were consistently
found in previous integrated reviews in medicine [23] as well
as other nonmedical industry domains [12].
In a prior integrated review by Miller et al [23], the learning
effects were limited in triage and treatment knowledge and skills
because all included studies focused on those practices. The
larger variation of applied practices was found in our integrated
review; it included not only triage practices but also training
programs on fire prevention and safety, and emergency
evacuation planning and execution. Through this new integrated
review, it was found that the learning effects from the use of
VRS can be generalized to a variation of medical training
practices.
There were 4 (33%) quasi-experimental studies [6,31,32,34]
where EG participants with VRS training were analyzed and
directly compared with their CG counterparts without VRS
training. These studies [6,31,32,34] consistently showed no
significant difference between the 2 groups in posttest evaluation
on self-efficacy or knowledge acquisition. The EG participants,
however, showed statistical or clinical performance enhancement
in gained knowledge and task completion efficiency when
evaluated in final live drills (eg, performing the correct sequence
of steps in extinguishing a simulated fire) [32]. This result
suggested the practical usefulness of VRS and its learning effects
on real disaster scenarios that health care professionals may
encounter in the future.
One of the important learning effects is increased learning
retention [36,37]. The prior integrated review by Miller et al
[23], however, could not derive any findings on it due to a lack
of studies. In this integrated review, there was 1 (8%) study
[31] that took the learning retention effect into consideration.
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The study [31] conducted a longitudinal experiment with
repeated measures taken during a year, and the results showed
improved knowledge gaining as training progressed. This
statement, however, is somewhat difficult to be generalized due
to the insufficient volume of longitudinal experimental studies.
This insufficiency may be, in part, attributed to the fact that
inputs and efforts, including participants, facilities, and program
management, are much greater and have to be maintained for
a longer period when compared to 1-shot studies.

Cost Saving of VRS Training
Cost analysis of the training program implementation and
operation is 1 of the important factors training bodies have to
consider, but it was not part of the previous integrated review
by Miller et al [23]. In this integrated review, 2 (16%) of 12
relevant studies [26,35] suggested consistent findings for the
cost advantage in implementing and operating VRS training
programs over the live drill alternative. The larger initial
investment from VRS training was undeniable, but it could be
scalable and compensated for its longer-term use with the large
number of participants. A comparative numerical study by Farra
et al [35] found that the initial additional cost from VRS training
was $97.99 when compared to the live drill alternative, and this
initial investment provided a benefit of $114.65 after 3 years
of program operation. Farra et al [35] attributed this to the
repeatability feature of VRS anywhere and anytime, enabling
just-in-time training.

Other Aspects of VRS Training
This integrated review of 12 studies [6,24,26-35] showed the
applicability of VRS to different training scenarios of in-hospital
disaster preparedness, including triage and transport of victim
patients, emergency treatment, fire extinguishing, and building
evacuation. These, however, do not entirely cover all disaster
scenarios that could happen in hospitals. Investigating VRS
with other challenging clinical scenarios that require
sophisticated environment depiction and complicated training
tasks (eg, patient protection and evacuation in scenarios of water
entering a hospital due to floods) is an interesting future
direction for effective in-hospital disaster management. The
recent maturity of VR technologies in modeling and rendering
and the development tools would be able to address the
complexity of different clinical scenarios.
The number of VRS studies on in-hospital disaster preparedness
training programs is still limited. Compared to the previous
integrated review by Miller et al [23], the number increased
from 10 to 12. Considering that Miller et al [23] collected all
the VRS studies, including training scenarios occurring outside
hospitals and in-hospital events, the increase in VRS studies on
in-hospital training programs is noticeable. In addition, it was
observed that the number of studies published during the past
5 years (from 2016 to 2020) was greater than that published in
the older but longer period between 2006 and 2015 (ie, 7 [29-35]
vs 5 studies [6,24,26-28]).
The scale of participants is 1 of the important variables to draw
conclusive findings from studies. There were 4 (33%) of 12
studies [6,31,33,35] that considered the scale of participants by
conducting VRS training programs with more than 50
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participants. This increased from 2 in the previous integrated
review by Miller et al [23] and was double. In addition, all 4
studies [6,31,33,35] were conducted in the recent 5 years. These
observations suggest that future studies would put more
emphasis on this important variable and the potential outcomes
can be more conclusive.
It was observed that 7 (58%) of 12 studies [29-35] since the
past 5 years used consistent development platforms, such as the
Virtual Electrosurgical Skill Trainer (VEST) and Unity, for the
clinical implementation of VRS training programs. The use of
established
development
platforms
enables
rapid
implementation, easy scenario replication, and, therefore,
increased feasibility in conducting VRS-based clinical training
studies. This observation can somewhat explain the increasing
trends in the number of VRS studies and studies with large-scale
participants.
It was also observed that the details of evaluation processes
were not fully described. There were only 3 (25%) of 12 studies
[24,28,30] that explicitly stated the skill levels and experiences
of health care participants, and 1 (8%) study [26] even lacked
details of the participant number. Demographic details can be
1 of the influential variables to allow in-depth interpretation of
outcomes from studies (eg, how learning effects work for
different levels of expertise, as shown in the study by Pucher
et al [28]). Similarly, qualitative analysis in the participants’
experience was described using Liker-type surveys,
postexperience interviews, and focus group open discussions,
where there were little details on the reliability and validity of
coding of qualitative data from interviews or focus groups. Such
a lack was consistently found in the previous integrated review
by Miller et al [23]. This integrated review, therefore, suggests
that process details need to be sufficiently described in future
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studies, which will facilitate future investigators to draw deep
insights into the value of VRS.
It was noted that the baseline performance comparisons of
different studies highly varied: 3 (25%) of 12 studies compared
VRS training programs among participants where some had
previous disaster preparedness training experiences prior to
study enrollment; 6 (50%) studies [6,26,27,30-32,34,35]
compared VRS training effects against the experiences of live
drills; and the remaining 3 (25%) studies [28,29,33] did not
explicitly state the comparison approach. This may suggest that
some efforts on developing the standard of VRS training
program comparison protocols are meaningful, and this will
allow for objective and quantitative comparison among different
studies and draw general insights that are applicable to different
disaster training programs.

Conclusion
The findings from this integrated review suggest that VRS could
be a viable, cost-effective approach for health care professional
training in in-hospital disaster preparedness. The reproducibility,
just-in-time training, and repeatability features of VRS, along
with its low cost of clinical implementation, suggest that VRS
potentially represents a competitive adjunct to existing training
approaches.
As VR continues to evolve in all technological aspects, it is
anticipated that studies using VRS can become more vitalized
in the clinical domain, while addressing currently unsolved
issues. As an example of issues, studies with a massive number
of participants with sophisticated assessment tools can be
performed with more detailed and rigorous interventions and
measurement of long-term retention.
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Abstract
Background: Action research (AR) is an established research framework to introduce change in a community following a
cyclical approach and involving stakeholders as coresearchers in the process. In recent years, it has also been used for eHealth
development. However, little is known about the best practices and lessons learned from using AR for eHealth development.
Objective: This literature review aims to provide more knowledge on the best practices and lessons learned from eHealth AR
studies. Additionally, an overview of the context in which AR eHealth studies take place is given.
Methods: A semisystematic review of 44 papers reporting on 40 different AR projects was conducted to identify the best
practices and lessons learned in the research studies while accounting for the particular contextual setting and used AR approach.
Results: Recommendations include paying attention to the training of stakeholders’ academic skills, as well as the various roles
and tasks of action researchers. The studies also highlight the need for constant reflection and accessible dissemination suiting
the target group.
Conclusions: This literature review identified room for improvements regarding communicating and specifying the particular
AR definition and applied approach.
(J Med Internet Res 2022;24(1):e31795) doi:10.2196/31795
KEYWORDS
action research; eHealth; best practices; lessons learned

Introduction
The way health care is organized and executed is of great
societal concern, as it affects our quality of life. Hence, health
care systems and eHealth technologies used to support health
care should be designed in a way that meets the needs and
expectations of their stakeholders. One way of doing this is
through action research (AR). According to Bradbury and
Lifvergren [1], AR in health care “seeks to (1) improve patient
experiences and the health of populations, (2) reduce the per
capita cost, (3) improve the work life of those who deliver care,
and (4) bring health care providers into circumstances that allow
for continuous learning together with patients.” AR has been
used as a research framework in nursing and health care, for
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example, to improve the quality of patient care and investigate
changes in action [2]. AR is a collaborative approach, where
people affected by the change envisioned in AR become active
members of the research team. AR is often used in the design
of eHealth systems. However, existing literature reviews of AR
in eHealth predominantly focus on the development of new
frameworks [3-5] but not on how eHealth AR is currently carried
out. Therefore, this literature review outlines the state of the art
of AR in eHealth design.
eHealth projects cover a wide variety of topics and technologies
and can therefore greatly benefit patients, professionals, and
many other health care stakeholders. However, to gain the most
from eHealth systems and technologies, it is crucial that they
match with what is needed in practice [6]. To ensure such a
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match, Van Gemert-Pijnen and colleagues [6] suggest, among
other things, working together with relevant stakeholders in all
stages of the project, implementing the study results in practice,
and continuously evaluating the process. Similarly, co-design
has been mentioned as a useful technique for creating eHealth
systems that suit the needs of the end users [3]. These ideas fit
well with the principles of AR, which will be outlined below.
Definitions of AR have changed over the years. AR originated
with Kurt Lewin [7], who described it as several consecutive
circles of planning, action, and reflection. These cycles are
shown in Figure 1, developed by Williamson and colleagues
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[2]. In later definitions, the cyclical nature of AR remains one
of its key features. Reason and Bradbury [8], who build on
Lewin’s work, define AR as research that (1) involves
stakeholders not only as participants but also as members of the
research team, (2) consists of (at least) 1 cycle of planning,
action, and reflection, (3) establishes direct changes, and (4)
then evaluates those changes in and with the community. Their
work [8] includes many interesting examples of AR from various
fields. Furthermore, Bradbury and colleagues defined 7 “choice
points for quality in action research” [9], criteria that can be
used to plan, conduct, report, and assess AR projects.

Figure 1. Action research cycles (adapted from Kurt Lewin [7] by Williamson and colleagues [2]).

Within AR, different variations exist, such as action design
research (ADR) or participatory action research (PAR). Usually,
there is agreement on the main principles of AR explained
earlier, but some authors or groups emphasize some aspects
over others. For example, as the name suggests, ADR
incorporates elements of design research into AR [10], whereas
PAR highlights the involvement of the community [11]. For a
more detailed overview of the similarities and differences
between some of these approaches, see Williamson et al [2] or
Coghlan and Brannick [11].
In general, AR and AR approaches such as ADR are similar to
participatory design (PD) approaches that are used in human
computer interaction (HCI) research. However, AR emphasizes
reflection on and learning from the process that was carried out,
whereas the main aim of PD is to create a solution [12]. AR, as
opposed to PD, does not start with a clear goal of what needs
to be developed but defines this throughout the process together
with stakeholders. Additionally, AR is more immersive and
calls for stakeholder involvement for a longer period of time
due to its iterative cycles [13]. Nevertheless, in some cases,
https://www.jmir.org/2022/1/e31795
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studies that are described as PD-related ones also meet Reason
and Bradbury’s criteria [8] for AR [14]. Hayes [12] argues that
AR and HCI research can supplement each other, as both often
provide solutions on a local scale. As Hughes [15] describes,
there is no standard way of implementing AR in health care due
to the broadness of the field. Instead, there is a variety regarding
the why, how, and with whom AR in health care is carried out
[15,16]. For example, levels of stakeholder engagement and the
context in which AR takes place can vary [16]. Other differences
among AR studies include the topic, country, project duration,
main target group, and methods used. Therefore, these aspects
are considered in this review. The purpose of this review is to
give an overview of the current literature on eHealth AR and
summarize the best practices and points of improvement for
future eHealth AR projects. Special attention is paid to the
contextual variables of the research (eg, setting, duration,
number of stakeholders), as this is expected to influence the
outcomes, best practices, and points of improvement of a study.
To provide an overview of AR in eHealth, this literature review
addresses the following subquestions:
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1.
2.
3.
4.

What is the context of AR eHealth projects?
How do eHealth AR studies define and operationalize AR?
What are the best practices for conducting AR in concrete
eHealth studies?
What are the lessons learned from conducting AR in
concrete eHealth studies?

Methods
Study Selection and Screening
The search was carried out in June 2020. PubMed, Scopus, and
Google Scholar were searched using combinations of the search
terms “action research” or “participatory design” and “eHealth,”
“health technology,” “digital health,” or “telemedicine.” PubMed
was chosen for its extensive medical database, and Scopus and
Google Scholar were chosen as large scientific databases.
Searching for “action research” turns up articles that include
similar and related keywords like “participatory action research,”
“action design research,” or “action-based research.”
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“Participatory design” was included as a search term because
PD has significant overlap with AR, and both are sometimes
used to supplement each other. The list of synonyms for
“eHealth,” although not exhaustive, is expected to cover the
various facets of the field. The initial search yielded 739 results.
Articles were included if they (1) used and explicitly mentioned
AR and (2) were about eHealth or health technology. Papers
were excluded if they (1) were not written in English, (2) only
included a study protocol but did not report results, or (3) only
included a review of other articles. Full-text screening of the
same 15 articles was performed by 2 authors (KO and CG); the
authors discussed whether to include the studies until an
agreement was reached. Next, the first author screened the full
texts of the remaining articles, with some exceptions where a
second opinion was necessary. These were again discussed
between the first and second authors until an agreement was
reached. Ultimately, 44 articles were included, reporting on 40
different projects. Figure 2 shows the flowchart of the inclusion
process.

Figure 2. Inclusion flowchart of the literature search and screening process.

Data Extraction
For each study, the definition of AR that was provided by the
authors, and the related AR approaches that they cited (if any)
were extracted. Additionally, information about contextual
variables of the study was derived. Specifically, we identified
the topic, country, organizational context, project duration, types
of stakeholders involved, the main target group of the research,
and methods used. The types of involved stakeholders were
grouped according to the framework described by Schiller et al
[17], in which they define the main stakeholder categories as
the public, policy makers, and governments, the research
community, practitioners and professionals, health and social
service providers, civil society organizations, and private
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businesses. Finally, the best practices and lessons learned were
derived. The best practices and lessons learned were activities
that could move forward and benefit the AR project, without
necessarily being recognized as standard components of AR.
The difference between what was seen as a best practice and as
a lesson learned was based on the timing and reporting of these
actions. An activity was labeled as a best practice if researchers
already planned their project with this in mind (eg, mentioning
it in the description of the methods). On the other hand, lessons
learned were those points that researchers came to know during
their project, which were reported mainly in the discussion
section. From the first 5 articles, the best practices and lessons
learned were extracted by 2 authors (KO and CG), and they
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compared their results. The remaining data were extracted by
1 author (KO) in consultation with the second author where a
second opinion was necessary. Furthermore, 5 authors published
not 1 but 2 papers about their project. For these papers, the same
study context was described whereas the definition of and
approach to AR and the best practices and lessons learned were
reported separately, as these sometimes differed between the
articles. A reflection on 2 projects was included in 1 article. In
this case, each project context was reported separately whereas
only 1 AR definition and approach as well as one set of best
practices and lessons learned were outlined.

Synthesis
A general overview of all the included studies describing the
AR approach, AR definition, and contextual variables was
obtained. The contextual variables (topic, location, target group,
stakeholders, duration, and methods used) were categorized.
Furthermore, the studies were mapped in a matrix based on the
study duration and the types and number of different
stakeholders that participated in the study. The contextual data
were coded and categorized inductively. To identify which AR
approach was the most used, the citation frequency of each
approach in the included studies was recorded. Furthermore,
the cited AR approaches that were available were accessed and
checked for cross-referencing. All cited AR definitions were
mapped to show the relationship between them. The AR
definitions used, best practices, and lessons learned were coded
by 1 author (KO). The best practices and lessons learned were
coded individually first and then combined for both categories.

Results
Context
The setting of the included studies was described based on 6
categories (topic, location, duration, involved stakeholders,
target group, and methods). Multimedia Appendix 1 presents
all the categories and the description of the setting for each
study. The most common aspects of each category will be
discussed below.

Topic
We identified 9 broader categories of the research topics in the
44 included studies (see Table 2.1 in Multimedia Appendix 2
for the full list). The most common were home care and
telemonitoring, and health promotion and education (both n=8),
followed by electronic medical records and health information
systems (n=7), and mental health services (n=5).

Location
The studies were set in 21 different countries, Australia being
the most common (n=5) followed by the United States (n=4)
and Canada, Sweden, and the United Kingdom (all n=3). Some
studies from nonwestern countries, like Tanzania or Colombia
were included, but no country was represented more than once
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or twice. Within the different countries, studies took place in
various contexts, the most prevalent of which were rural areas
(n=6) and hospitals (n=5). All contexts and countries can be
found in Tables 2.2 and 2.3 of Multimedia Appendix 2.

Target Groups
Among the 44 studies, 2 studies explicitly focused on 2 different
target groups at the same time, whereas all other studies had 1
main target group. In most cases, the target groups were patients
(n=11). Of these, the most common group was patients with
cancer (n=3). There were 6 studies each focusing on clinicians
as well as children and young adults, and 5 studies targeted
older adults (see Table 2.4 in Multimedia Appendix 2 for the
full list of target groups).

Stakeholders
In many cases, several stakeholders were included in the study,
up to 6 different types of stakeholders included in some cases.
In summary, 20 different types of stakeholders were involved
(see Table 2.5 in Multimedia Appendix 2 for the full list). Health
care workers (n=18) and patients and their representatives
(n=12) were involved the most, followed by governmental
bodies (n=9) and general nonmedical staff members (n=8).
When clustering these stakeholder types according to the
framework defined by Schiller and colleagues [17], the largest
group consisted of practitioners and professionals (n=48),
followed by members of the public (n=38). Policy makers and
government bodies (n=13), the research community (n=10),
private businesses (n=6), and civil society organizations (n=3)
were represented less often. The only group that was not
represented at all included health and social service providers.

Duration
Not all of the 44 studies reported the duration of the project
(n=7). Studies that did report the duration (n=33) lasted from a
few months (n=5) to more than 10 years (n=2). The majority
(n=13) of these studies reported a project duration between 2
and 3 years, and the average project duration was 2.7 years.
Figure 3 shows the distribution of the 10 most frequently
involved types of stakeholders for the different project durations
in the 33 projects that reported the project duration. Stakeholder
types are shown in the order of how many times they were
involved in total; however, because some studies did not report
project durations, the numbers in this graph differ from those
described above. The 2 biggest stakeholder groups, health care
workers and patients, were rarely, or in the case of patients even
not at all, involved in long-term studies.
In Figure 4, the study duration is mapped against the number
of different stakeholders that were involved in each of the 33
projects that reported a project duration. Studies that did not
report the overall project duration are not included in the figure.
Most of the included studies lasted for up to 2 years, including
2 or 3 stakeholder groups. There are some longer studies
including more stakeholder groups.
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Figure 3. Heat map showing the most commonly involved types of stakeholders against the project duration.

Figure 4. Heat map showing the number of stakeholders involved against the project duration.

Research Methods Used
As mentioned earlier, AR is a framework that does not advise
the use of a single methodology, and studies can therefore
https://www.jmir.org/2022/1/e31795
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include a variety of different research methods. Most of the 44
included studies indeed used several methods, with some studies
employing up to 6 different methods. Interviews were used most
frequently (n=24), followed by focus groups (n=22), workshops
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(n=14), and surveys (n=13). On average, studies used nearly 3
different methods (average 2.8). All methods can be found in
Table 2.6 of Multimedia Appendix 2.

AR Definitions
The articles contained 44 definitions of AR. They could be
grouped according to 4 different aspects that they emphasized.
First, 21 studies emphasized that in AR projects, practitioners
and other stakeholders become (co)researchers (n=21). Second,
AR is a cyclical process that includes different stages (n=19).

Third, 14 studies described how AR focuses on solving a
practical issue and aims to extend research knowledge. The
fourth aspect was that AR takes place in a community setting
(n=10). Further, 2 studies included 3 of these aspects in their
definitions, and only 2 other studies mentioned all 4 aspects.
Most studies included either 1 (n=16) or 2 (n=17) of the aspects,
whereas 7 studies included none of these points in their
definition or did not at define AR in detail. Table 1 provides an
overview of the number of mentions per aspect and the studies
mentioning these aspects.

Table 1. Number of mentions and studies mentioning the aspects of the AR definition.
Aspect of the AR definition

Number of articles that define AR including this References
aspect, n (N=44)

Practitioners and other stakeholders being (co)researchers

21

[18-38]

Cyclical process including different stages

19

[23,24,26,27,30,31,34,35,38-48]

Aiming to solve a practical problem and extend academic
knowledge

14

[20,21,25,30,32,36-39,42,43,49-51]

Research taking place in a community setting

10

[19,20,23,28-30,38,52-54]

AR Approaches
Table 2 gives an overview of the AR approaches that were cited
at least twice in the included articles. The AR approach was not
cited in 4 studies. In some cases, different papers from the same
authors were cited; however, as these eventually described the
same approach, the citation count was added up. The most
commonly cited approach was that proposed by Reason and
Bradbury [8]. As described earlier, the key elements of this
approach are that AR (1) involves stakeholders as coresearchers,
(2) consists of plan, act, and reflect cycles, (3) makes a change
in practice, and (4) evaluates the said changes in and with the
community. Overall, most definitions share these main aspects
but differ in terms of the aspects that are particularly

emphasized. For example, Baskerville and colleagues [55]
highlight the duality of practical work and scientific knowledge,
whereas Baum and colleagues [56] underline the need for
reflective practice that includes all stakeholders. Figures 5 and
6 depict the cited approaches in more detail. There are 3
independent researchers or groups that are mentioned as being
the origin of AR, namely Lewin [7], Trist and colleagues [57],
and Freire [58]. Wherever the origin of AR was mentioned,
some cases have named 2 of these, as observed in Figure 5. The
cited AR approaches also frequently refer to each other and
sometimes authors collaborate with each other, for example on
books about AR (see Figure 6). There are no very distinct groups
conducting their own AR, but the different AR groups are often
connected and build upon each other’s work.

Table 2. Overview of the most cited action research approaches in the included articles per author or research group, including the number of citations.
Number of author
Author(s)

citations

References

Action research approach paper(s)
describing these approaches

Peter Reason and Hilary Bradbury

8

[23,28,35,37,42,44]

[8,59,60]

Robert N. Rapoport

4

[35-37,39]

[61]

David Avison and colleagues

3

[37,39,49]

[62]

Richard L. Baskerville and colleagues

3

[29,38,43]

[55,63,64]

Jørn Braa, Eric Monteiro, and Sundeep Sahay

3

[18,53,54]

[61]

Stephen Kemmis and Robin McTaggart

3

[19,44,51]

[66,67]

Fran Baum, Colin MacDougall, and Danielle Smith

2

[24,52]

[56]

Bob Dick and colleagues

2

[35,44]

[68,69]

Max Elden and Morten Levin

2

[32,52]

[70]

Colin Robson

2

[20,38]

[71]

Harvey A. Skinner, Oonagh Maley, and Cameron D. Norman

2

[45,72]

[72,73]

Gerald I. Susman and Roger D. Evered

2

[38,43]

[74]

Elizabeth Hart

2

[33]

[75,76]

Gillian R. Hayes

2

[47,77]

[12]
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Figure 5. Overview of the action research approaches referred to in the included articles, indicating those papers that are mentioned as “the origin” of
action research. Studies that either name an approach as being the origin of action research, or are being named as such, are highlighted in blue for better
readability.

Figure 6. Overview of action research approaches referred to in the included articles. Arrows indicate citations between the action research approach
papers. The number of times that the articles included in this review cited each approach is indicated in the box. We have used different arrow thicknesses
for better readability. Blue boxes indicate those papers that were available and checked for citations.
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Best Practices and Lessons Learned
As previously described, an activity was identified as a “best
practice” if researchers already planned their project with this
in mind (eg, mentioning it in the description of methods).
Lessons learned were those points that researchers came to know
during their project. These were mostly reported in the
discussion section. In total, 85 best practices and 66 lessons
learned were identified, which were clustered into 22 categories
of best practices and 16 categories of lessons learned. Among
the 44 papers, 3 papers did not indicate any best practices that
they followed, whereas 12 papers did not include any
identifiable lessons learned. There were 8 overlapping
categories, identified as best practices in some articles and as
lessons learned in others. These will be discussed in more detail
below.

Best Practices

Oberschmidt et al
(n=2), world café, journey mapping, role play, scenarios, case
studies, design cards, and mixing different types of data
collection methods (all n=1). Other best practices were a
continuous evaluation of the project and a reflection on the
process by the research team (n=8). The importance of
establishing active contact between researchers and stakeholders
and raising the confidence and skills of stakeholders was
emphasized by 7 studies. The improvement of stakeholder skills
mainly referred to research and analytical skills, allowing
stakeholders to set up their own studies or continue the work
after the project was finished. There were several specific
suggestions to improve the regular project team meetings, for
example, to always use the same agenda or to share a common
area (office space) to make contact easier. Some other best
practices concern the reporting and presentation of outcomes
(n=6). The complete list of best practice categories can be found
in Table 3.

The identified best practices in the 44 studies were most often
related to the use of a specific method (n=9), namely personas
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Table 3. Overview of all best practice categories and number of mentions per category (N=44).
Best practices category

Number of mentions, n

Process
Recommends specific method
Personas

2

World Café

1

Journey mapping

1

Role play

1

Scenarios

1

Case study

1

Design cards

1

Abstract vs personal methods of data collection

1

Continuous evaluation and reflection

8

Report or present results
Share resources and findings (on the internet) allowing others to benefit from it

4

Present findings to the community or target group in a suitable manner

2

Start with close examination of context (observation and literature)

5

Agile development and Scrum

3

Combining action research with randomized controlled trials (RCTs)

2

Combining these 2 approaches

1

Keeping the line between stakeholders and researchers blurred and not performing RCTs

1

Gradual scaling up

2

Immediately resolve problems and apply lessons learned

2

Stakeholders and relationships
Frequent or regular (face-to-face) meetings, active contact (eg, shared space), and same transparent

7

agenda
Raising stakeholder confidence and skills (eg, analytical skills so that they can set up their own

7

studies)
Clearly defining the role of each partner (equal involvement is not always good)

5

Finding committed stakeholders with intrinsic motivation (to carry on with the project after the

5

researchers have left)
Reference group (with technical, juridical, and clinical expertise)

4

Stepping into each other's shoes (experiencing the other’s tasks and familiarizing oneself with

3

what the other does)
Investing in relationship between partners (also nonwork activities)

3

Adapting methods or schedules to the needs of stakeholders

3

Neutral position of the researcher (no steering or predetermined outcomes, serving as a

3

communication link instead)
Patient- and stakeholder-generated content (eg, personas)

2

Different disciplines

2

Context and environment
Living labs as context for action research

2

Actively encouraging pilot participation

2

Paying attention to economic or business values

3
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Lessons Learned
Apart from the best practices, the lessons learned from each
study were identified. The most common lessons learned were
increasing stakeholder knowledge and skills (n=8) and
continuous evaluation of the project and reflection on the process
(n=6). Both of these had been identified as best practices in
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other articles (more on this overlap below). Recommendations
for the use of specific methods were also common (n=5).
Lessons learned regarding reporting, adapting the project to fit
the needs of stakeholders, fostering a welcoming environment,
and the questionable replicability of the research were each
mentioned 4 times. All lessons learned are shown in Table 4.
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Table 4. Overview of all lessons learned categories and number of mentions per category (N=44).
Lesson learned category

Number of mentions, n

Process
Continuous reframing or renegotiation (flexibility), baby steps

6

Recommend specific method
Field work

1

Randomized controlled trial

1

Case study

1

Action circles

1

Fun methods (quiz, game, puzzle) as learning opportunities

1

Reporting
Open source

2

Higher level of sophistication necessary

1

Also include nonproject target group

1

Integration of literature

3

Regular meetings to check on progress and motivate the stakeholders (reality check)

2

Triangulation of data to decrease biases

2

End of an action research project
Accompanying stakeholders until they find that the process is done

1

Action research leading to other collaborative activities

1

Commitment to action research necessary (eg, through specific funding)

1

Ethical restrictions

1

Immediate reflection impossible

1

Stakeholders and relationships
Raising stakeholder confidence and skills, knowledge sharing

8

Tailoring to the needs of stakeholders
Including action research in work schedule

1

Researchers taking over some of the stakeholders’ usual tasks to make schedule less busy

1

Adequate feedback methods

1

Identifying unique strengths

1

Investing in relationship between partners

3

Accepting that participation is different for everyone and can change over time

3

Communication
Language barrier

1

Finding a common language

1

Enthusiastic local ”champion” to start the project and help keep people motivated

2

Involving authorities or local government (address issues at multiple levels)

2

Actively breaking down power structure

1

Context and environment
Fostering a positive, welcoming environment for change

4

Questionable replicability

4

Active researcher involvement and presence in environment

2

Drawing attention to external influences

1

Ethical issues

1
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Lesson learned category

1

Organizational expectations

1

As stated earlier, some aspects were identified as best practices
in some articles and as lessons learned in others. In total, we
identified 7 such overlapping aspects. Overall, the most
mentioned aspect was the importance of raising stakeholder
skills and confidence (n=15, where best practices= 7 and lessons
learned=8). Many articles reported the need for stakeholders to
learn new skills, for example related to academic research, or
the need to be convinced about their ability to perform these
tasks. Almost all the studies that reported this as a best practice
or lesson learned involved health care professionals as
stakeholders. Other commonly mentioned points were
recommendations for specific methods, even though the
suggested methods differed (n=14, where best practices=9 and
lessons learned=5) and there was continuous reframing and
evaluation of the project (n=14, where best practices=8 and
lessons learned=6). Continuous reframing often referred to the
iterations of planning, action, and evaluation in AR projects.
Studies that described this mostly did not include this cyclical
nature of AR in their definition of it. In total, there were 10
recommendations regarding the reporting and presentation of
results (best practices=6 and lessons learned=4), for example
calling for open and accessible publishing of outcomes. The
best practices and lessons learned included recommendations
about meeting regularly (n=9, where best practices=7 and
lessons learned=2), adapting to the needs of stakeholders (n=8,
where best practices=3 and lessons learned=5), and investing
in the relationship between partners (n=6, where best practices=3
and lessons learned=3).

Chronology of Overlapping Best Practices and Lessons
Learned
When observing the publication timeline, most of the
overlapping aspects appeared as a lesson learned in earlier
publications, and then as a best practice in papers published at
a later point in time. This was the case regarding stakeholder
skills, appearing as a lesson learned in 1999 [33] and as a best
practice in 2016 [25]; continuous reframing of the project was
a lesson learned in 2003 [19] and best practice in 2009 [42];
further, having regular meetings was a lesson learned in 2006
[72] and a best practice in 2018 [27], and adapting the research
to stakeholder needs was a lesson learned in 2007 [32] and a
best practice in 2016 [77]. Such a clear timeline could not be
seen for accessible reporting, appearing as a lesson learned in
2017 [78] and a best practice in 2007 [45], and the relationship
between partners appearing as a lesson learned in 2017 [36] and
as a best practice in 2008 [38].

Discussion
Principal Results
To identify recommendations on how to conduct AR in eHealth
studies, this literature review analyzed the setting, AR
https://www.jmir.org/2022/1/e31795
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description, and best practices and lessons learned in 44 studies.
The most important recommendations from this review, which
will be discussed in more detail below, are as follows: actively
raising stakeholder skills and confidence; fulfilling multiple
roles and tasks as a researcher; fostering constant reflection and
evaluation; ensuring open and accessible dissemination;
reporting in a more structured and comprehensive way.
These recommendations are not exclusively related to eHealth,
despite them being derived from a review of eHealth AR studies.
Hence, it is possible that the recommendations are also relevant
for AR in various other fields. Therefore, where possible,
examples from different disciplines are discussed below to
explain or supplement a recommendation.

Stakeholder Skills and Confidence
Being involved in a project as coresearcher can potentially
increase stakeholders’ confidence, besides teaching them new
skills [79]. However, this does not happen automatically. Similar
to our findings, the narrative review conducted by Harrison and
colleagues [80] also identified educating the research team as
the most important task when stakeholders are involved in health
care research. Nevertheless, there is limited research on how
skill training for stakeholders could look like, and this can vary
greatly between studies. Stakeholders in some eHealth studies
might need to learn content-related information [81], whereas
other studies require methodological or statistical skills [54].
Researchers should provide adequate training and material for
their project and encourage stakeholders to make use of it. The
studies included in this review that recommended stakeholder
skill training almost exclusively worked with health care
professionals. The relationship between recommending skill
training and working mainly with health care professionals
remains unclear. A possible explanation could be that other
stakeholder groups in other studies already had the necessary
skills and thus did not require any additional training. Another
possibility is that other stakeholders were not given the same
roles that health care professionals held, and therefore, they did
not need skill training. Finally, as we will discuss later, reporting
of AR activities was not always very extensive. Thus,
stakeholders outside the health care sector were possibly trained,
and these studies did not report on this aspect. Generally, not
all participants prefer the same level of engagement in a project,
and researchers should respect these preferences [82].

Tasks and Roles of the Researcher
Different aspects of the role and tasks of the researcher in an
AR project are discussed. Brydon-Miller and Aragón describe
the many different tasks that action researchers need to fulfil as
their “500 hats” [83]. These are not specific to eHealth studies,
but they can occur in any AR study. As researchers and
stakeholders have many varied duties, their roles are not fixed
and might change over the course of the project [19]. One main
task of the researchers that continues throughout the project is
the need to foster a welcoming environment for all stakeholders
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[42]. Researchers should also be present and actively involve
themselves at a higher level than that needed in non-AR projects
[38]. Additional AR-specific tasks for the researchers include
investing in partner relationships [35] or breaking down power
structures [28]. Generally, AR studies demand more
self-reflection and awareness from the researchers than other
projects and researchers should keep this in mind when entering
an AR project.

Constant Reflection
The importance of continuous reframing and evaluation of the
project was emphasized in several studies. Although evaluation
is 1 of the AR cycles, studies providing recommendations on
this topic rarely included this in their definition of AR. Owing
to the lack of reports on AR cycles, which will be discussed
below, it is unclear if these studies still followed the AR cycles
without reporting on them. However, sometimes, it seems that
periodic planned evaluation is not enough. Instead, the
participants need to regularly reflect on the current status of the
project and their role in it. Therefore, new AR projects should
create suitable spaces for evaluation and reflection in ways that
fit the projects and stakeholders. This is especially important
because reflection can become difficult once a person is in the
middle of the project [49]. Holeman and Kane [53] emphasize
that reflection should not only take place within the project, but
it should also be explicitly reported to help other researchers.
If action researchers take reflection seriously and include honest
evaluations in their publishing, the AR community members
can learn from each other. Additionally, researchers and other
stakeholders within the project learn and benefit from constant
reflection [9].

Accessible Dissemination
Another important aspect concerns paying attention to open and
understandable dissemination of results within the community
and among researchers. Action researchers need to communicate
findings to the academic world while also finding ways to
inform the target group about the project in ways that suit the
target users’ needs. An example of open and accessible
dissemination can be found in Canto-Farachala and Larrea [83].
They present the results of their AR project regarding territorial
development on an interactive website, allowing others to learn
from their work. However, it seems that accessible reporting is
still not the norm in AR, as Avison and colleagues [62] describe
that many AR studies are generally “published in books rather
than as articles. Action researchers have large and complicated
stories to tell.” Future AR projects should attempt to narrate
their stories in such a way that others can learn from them.

Comprehensive Reporting
The different way of describing AR studies also leads to another
issue, incomplete and elusive reporting. Although most studies
did provide at least a short description of what they saw as AR,
7 studies provided no definition at all. Additionally, there were
only 4 studies that included 3 or all of the 4 aspects of the AR
definition in their description. Even the most mentioned aspects
appeared in less than half of the included papers. Even though
most papers did cite an AR approach of definition, some did
not. In combination with the often-limited descriptions of AR,
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this makes it difficult to obtain a clear picture of how AR is
perceived and performed in a particular study. This resonates
with what Bradbury and colleagues [9] describe as 1 of the
quality points of AR, namely “action research process and
related methods (should be) clearly articulated and illustrated.”
The best practices and lessons learned that were extracted from
the included studies were seldom mentioned explicitly. Best
practices were often hidden in the description of the project,
without much reasoning. Similarly, lessons learned were often
described as adaptations made during the project or as plans for
the future. Although we observed that some lessons learned
turned into best practices over time, we think that researchers
could benefit more from each other’s work by providing
concrete recommendations. This review is a step in that
direction. Both aspects show that the reporting of AR studies
in eHealth can be improved to show more clearly what eHealth
AR projects can look like and help others in setting up such
projects with specific recommendations.

Limitations
Approximately a third of the included papers (14 out of 44)
were published more than 10 years ago. This also means that
some of the technologies that are described in the older papers
are now relatively old. However, this literature review focuses
mainly on the AR methodology and lessons learned about doing
action research. Therefore, there was no exclusion criterium
regarding the publication date of the papers.
The search yielded several PD-related papers. These papers
could have been included, given that some definitions of PD
are very similar to AR. However, as our aim was to provide an
overview of how AR is done, these were excluded as the
researchers of these studies themselves did not identify their
studies as being related to AR (ie, not referring to, mentioning,
or describing AR). Although this offers a clearer picture of how
researchers conduct AR, it also creates a potential limitation in
that best practices and lessons learned could be enriched from
PD literature.
This overview of AR approaches focuses mostly on the
interconnectedness among the approaches, without a
comprehensive comparison of the content. Comparing the
approaches with regard to the specific aspects of AR that they
describe would be a review in and of itself, going beyond the
scope of this current review. Therefore, we decided to focus on
the definitions that the authors themselves provided even when
they also cited AR approaches, as these are most likely to reflect
their own vision of AR.

Conclusions
This review illustrates how AR is conducted in eHealth studies.
Studies that fulfilled the inclusion criteria mainly took place in
western countries and lasted for 2 to 3 years. Different
stakeholders were involved, but the most commonly involved
groups were health care professionals and patients. As for the
methods used, most studies opted for focus groups and
interviews. Even though many studies cited the AR approach
proposed by Reason and Bradbury [8], their own definitions of
AR were often not explicit in terms of how they implemented
AR. Future projects should report their AR definition as well
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as the best practices and lessons learned more clearly. Other
recommendations include paying attention toward developing
the skill and confidence of the stakeholders, being aware of the

Oberschmidt et al
changing role of the researcher, frequently evaluating the
project, and disseminating results in an understandable manner.
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Abstract
Background: Digital technologies are increasingly integrating into people’s daily living environments such as schools, sport
clubs, and health care facilities. These settings play a crucial role for health promotion and prevention because they affect the
health of their members, as the World Health Organization has declared. Implementing digital health promotion and prevention
in settings offers the opportunity to reach specific target groups, lower the costs of implementation, and improve the health of
the population. Currently, there is a lack of scientific evidence that reviews the research on digital health promotion and prevention
in settings.
Objective: This scoping review aims to provide an overview of research targeting digital health promotion and primary prevention
in settings. It assesses the range of scientific literature regarding outcomes such as applied technology, targeted setting, and area
of health promotion or prevention, as well as identifies research gaps.
Methods: The scoping review was conducted following the Levac, Colquhoun, and O'Brien framework. We searched scientific
databases and gray literature for articles on digital setting–based health promotion and prevention published from 2010 to January
2020. We included empirical and nonempirical publications in English or German and excluded secondary or tertiary prevention
and health promotion at the workplace.
Results: From 8888 records, the search resulted in 200 (2.25%) included publications. We identified a huge diversity of literature
regarding digital setting–based health promotion and prevention. The variety of technology types extends from computer- and
web-based programs to mobile devices (eg, smartphone apps) and telemonitoring devices (sensors). We found analog, digital,
and blended settings in which digital health promotion and prevention takes place. The most frequent analog settings were schools
(39/200, 19.5%) and neighborhoods or communities (24/200, 12%). Social media apps were also included because in some studies
they were defined as a (digital) setting. They accounted for 31.5% (63/200) of the identified settings. The most commonly focused
areas of health promotion and prevention were physical activity (81/200, 40.5%), nutrition (45/200, 22.5%), and sexual health
(34/200, 17%). Most of the interventions combined several health promotion or prevention methods, including environmental
change; providing information, social support, training, or incentives; and monitoring. Finally, we found that the articles mostly
reported on behavioral rather than structural health promotion and prevention.
Conclusions: The research field of digital health promotion and prevention in settings is heterogeneous. At the same time, we
identified research gaps regarding the absence of valid definitions of relevant terms (eg, digital settings) and the lack of literature
on structural health promotion and prevention in settings. Therefore, it remains unclear how digital technologies can contribute
to structural (or organizational) changes in settings. More research is needed to successfully implement digital technologies to
achieve health promotion and prevention in settings.
(J Med Internet Res 2022;24(1):e21063) doi:10.2196/21063
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Introduction
Background
The setting approach is considered a main strategy of health
promotion [1]. For its practical implementation, it is important
to use an operationalizable and consensual concept of a setting.
However, various and sometimes divergent definitions exist
[2]. A setting can be defined as a relatively permanent social
context of which the members are subjectively aware [3] or as
a “...place or social context in which people engage in daily
activities in which environmental, organizational and personal
factors interact to affect health and wellbeing” [4]. Up to now,
there has been a lack of a conceptual and theoretical framework
of the setting approach [2]. Health-promoting organizational
development therefore often makes use of sociological
organizational theories, especially systems theory and
structuration theory. Furthermore, organizational change theories
are applied, including, for example, the diffusion theory of
Everett Rogers or the model of change proposed by Kurt Lewin
[5]. Public health theories and models are also used for the
implementation of setting-based or complex health-related
interventions partly considering structural aspects of the
implementation, such as the PRECEDE–PROCEED model [6].
To gain a better understanding of what setting-based health
promotion and prevention might look like in practice, Whitelaw
et al [7] developed a categorization of 5 different types. The
passive model focuses on individuals and their health-relevant
behavior. The setting is used as an access to individuals and
groups. The active model includes interventions that focus on
the health behavior of individuals. However, it assumes that
some behavior changes are inhibited or enabled by structural
features of the setting. Thus, structural modifications are
required. The vehicle model focuses on individual health issues,
but interventions and projects are intended to initiate systemic
changes. The projects serve as door openers for developments
at other levels of the setting. The focus is on structural factors
and their influence on health, even if individual health issues
are addressed first. In the organic model, social systems are
understood as the product of the processes of individuals and
groups living and acting together. Interventions result in
systemic changes that affect the communication culture and
community values in the setting. The setting is understood as
the framework for health, which can be influenced by setting
members. Participation and empowerment of people to affect
their environment are key concepts. The comprehensive model
assumes that the setting affects health. Settings are understood
as superordinate systems in which the individual has hardly any
opportunities to affect them himself. Interventions are often
implemented from the top down [1,7].
In the last decade, digitization has had a major impact on
everyday life in settings and on the research and practice of
setting-based health promotion and prevention. Approximately
77% of the population uses the internet on a daily basis, and
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approximately 90% of the population uses it occasionally [8].
Digital media are the most important source of information,
especially among the younger population. With the development
of health-related digitization (also known as eHealth),
internet-based health information and the use of mobile apps
for health topics (also known as mobile health [mHealth]) have
made extreme progress and replaced traditional face-to-face
sources of information [9-11]. Digitization offers the opportunity
to customize health promotion and prevention interventions and
adapt them to the needs of individuals, for example, through
personalized motivational SMS text messages or reminders.
Besides 1-way communication of health information through
mass media (eg, videos or e-books), digital health promotion
and prevention can be realized with interaction in the form of
web-based games or web-based forums. Other eHealth
possibilities involve the monitoring of health data, web-based
training or classes, digital consultations with health experts, or
the provision of health information through (video) games,
referred to as serious games [12]. At the same time, settings,
for example, organizations and institutions, are facing digital
transformation processes concerning structure, management,
and organizational development, and new (digital) types of
organizations are emerging, for example, virtual organizations
[13]. In the health sector, digital transformation affects various
organizations such as hospitals (Hospital 4.0) and pharmacies
(web-based pharmacies) [14]. With the increased use of eHealth
and mHealth apps, everyday life in general is becoming more
and more digitalized, which has various effects on health. An
example is the digital gaming environment, where web-based
players face new health risks as well as accrue new health
benefits [15]. Overall, the digitization and the large number of
available digital technologies offer great potential in terms of
health promotion and prevention, especially in settings.
However, there is still a lack of a clear and consensual definition
for digital technologies in health promotion and prevention on
the one hand [16] and a lack of a systematic description of the
extent and characteristics of this research field on the other
hand. Only a few reviews show the range of this topic and
illustrate the urgency of scientific work on this issue [17,18].
As we have stated previously, settings are an important starting
point for health promotion and prevention efforts because of
their huge impact on people’s health [19] and they can be used
for digital health promotion and prevention, but this new
research field has not been systematically analyzed yet [20-23].
To effectively use the full potential of digital technologies, it
is important to define the framework in which settings can be
achieved, changed, and used in the field of digital health
promotion and prevention [24]. Therefore, it might be helpful
to analyze digital interventions in settings according to existing
theoretical frameworks that are known from analog setting-based
interventions, for example, the types of setting-based health
promotion outlined by Whitelaw et al [7]. There is also an urgent
need to identify which (digital) structures and factors in
organizations need to be changed to achieve successful digital
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health promotion [5]. By defining and structuring the field of
digital health promotion and prevention in settings, the quality
and quantity of digital interventions can improve and increase,
respectively, in the future.
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The overall objective of this scoping review is to provide an
overview of the research targeting digital health promotion and
primary prevention in settings. More specifically, it aims to (1)
assess the range of scientific literature focusing on digital health
promotion and primary prevention in settings regarding various
outcomes such as applied technology, targeted setting or living
environment (these terms are used synonymously), and area of
health promotion and prevention and (2) identify research gaps
resulting from these findings.

restricted to articles published in English or German from 2010
to January 2020. To exclude reviews and web-based surveys
(that do not report on a technology for health promotion or
prevention) the terms NOT review and NOT online survey were
used. Where possible, the database filter humans was applied.
The exclusion criteria are described in detail in the next section.
We also included gray literature. Therefore, we screened
websites focusing on the topic of digitization and health
promotion or prevention. Websites of governments, health
promotion associations, medical or health-related facilities,
health insurance companies, and universities and other scientific
institutions were screened. The last research step included a
screening of the reference lists of all eligible articles. The full
search strategy, including the scientific databases and search
terms, is provided in Multimedia Appendix 1.

Methods

Step 3: Study Selection

Objectives

This paper follows the reporting guidelines of the PRISMA-ScR
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses extension for Scoping Reviews) checklist [25].

Scoping Review Methodology
Overview
We conducted a scoping review that aims at mapping a broad
body of literature, identifying research gaps, and making
recommendations for future research [26,27]. We followed the
6-step framework outlined by Levac et al [28], who updated
and extended the initial framework developed by Arksey and
O’Malley [27]. The steps are described separately in the
following sections.

Step 1: Identifying the Research Questions
The research questions were developed by 2 reviewers (ALS
and CG) through an iterative process that included exploratory
literature searches, an exploration of relevant terms and
concepts, and thematic discussions. In addition, we interviewed
experts in the field of scientific reviews in public health on the
thematic content, methodological approach, and research
questions.

Step 2: Identifying Relevant Studies
The search strategy was developed with the support of a
specialized librarian in public health. The following scientific
databases were searched:
•
•
•
•
•
•
•
•

MEDLINE (through PubMed)
CINAHL (through EBSCO)
SocINDEX (through EBSCO)
PsycINFO (through EBSCO)
PSYNDEX (through EBSCO)
IEEE Xplore
BASE
Web of Science

Search terms were identified for the categories health promotion
and prevention, living environments and settings, and technology
and digital, including Medical Subject Headings terms and other
index terms, as well as synonyms. Search terms were combined
using the Boolean operators OR and AND. The search was
https://www.jmir.org/2022/1/e21063
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Overview
The references were independently screened by 2 reviewers
(ALS and CG) for consistency with predefined inclusion and
exclusion criteria, starting with screening the titles and abstracts
and followed by screening the full texts. Rayyan (Qatar
Computing Research Institute), a web-based application
developed to facilitate the review process, was used for this
step. Conflicts were discussed between the reviewers (ALS and
CG) and with scientific experts according to the inclusion and
exclusion criteria. The a priori–defined inclusion and exclusion
criteria are described in the next sections using the Population,
Concept, and Context principle [29].
Concept
The included articles had to report on interventions for health
promotion or primary prevention. Primary prevention includes
all those interventions that are implemented before the first
occurrence of an undesirable condition. Examples are
vaccinations for people who do not belong to a risk group or
interventions to prevent unhealthy behavior or organizational
health risks. Primary prevention must be differentiated from
secondary prevention aiming at the early detection or control
of diseases and from tertiary prevention targeting the
chronification, consequential damage, or relapse of diseases.
Methods for disease prevention could be education, normative
and regulative proceedings, or economic incentive and sanction
mechanisms [30]. All articles concerning secondary or tertiary
prevention were excluded. For this reason, we excluded articles
focusing on already present risk behaviors such as smoking
cessation or weight loss for people who are overweight, as well
as articles addressing screenings for early disease detection.
Furthermore, a distinction can be made among universal,
selective, and indicated prevention. We included universal
prevention; for example, if an intervention was implemented
in an entire school class with the aim of health promotion or
primary prevention. We excluded selective and indicated
interventions, which are defined as interventions focusing on
people with risk factors or precursors of a disease [30]. We
included preventive or health-promoting interventions at
specialists’ practices (eg, sexual health clinics) if the intervention
was not aimed in particular at people who are already ill or those
classified as at risk. Thus, it is possible that healthy people
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attend a preventive health screening or accompany someone
who is ill. Furthermore, it is possible that the health issue that
led to their appointment is separate from the primary preventive
or health-promoting intervention. Besides primary prevention,
articles were included if they reported on health promotion.
Health promotion interventions aim at enabling the population
to enhance their health by strengthening resources [19].
Interventions focus either on strengthening individuals to be
empowered or on augmenting the social, ecological, and
economic factors that influence people’s health [31]. In this
context, the concept of healthy settings has to be mentioned.
According to the World Health Organization (WHO), a setting
for health is a “place or social context in which people engage
in daily activities in which environmental, organizational and
personal factors interact to affect health and wellbeing” [4,32].
Rosenbrock [3] follows a broader approach and defines settings
as a relatively permanent social context that the members have
to be subjectively aware of. This includes rather informal
settings such as neighborhoods or groups of people with the
same value orientation or life circumstances. In our review, we
want to outline the research field in its whole breadth; hence,
we will refer to the broader setting definition. This means that
we also include more informal settings.
In addition, the included articles had to involve up-to-date digital
technologies that are used by the setting members. Digital
technologies differ from analog ones in that they “operate on
the basis of a discrete code. Usually this code is binary,
constructed from sequences of binary digits or bits, each of
which can be in one of two states, named 0 and 1” [33].
Therefore, we included web-based programs and mobile apps
that are used through a computer, telephone, smartphone, tablet,
or other digital devices. Games played on a gaming console
were included too. Interventions using videos only were included
if these were available through a mobile app (eg, tablet) or were
accessible on the web. Interventions using traditional or, rather,
obsolete DVDs, television, or radio were excluded.
Population
Following the definition of health promotion and primary
prevention, articles were included if the intervention targeted
healthy people. Therefore, articles focusing on people engaging
in risky health behavior or already having symptoms or diseases
were excluded.
Context
Health promotion or prevention interventions were included if
they referred to a setting according to the definitions suggested
by the WHO [4] and Rosenbrock [3]. Examples are formal
organizations such as schools, universities, and health care
facilities. Furthermore, we included less formal settings such
as households and neighborhoods because they meet the criteria
of a setting by featuring a social context that the setting members
(eg, household members or neighbors) are aware of. Articles
relating to the workplace as a setting were excluded because
the field of health promotion and prevention at work is a separate
specific research area within public health. The reviewers had
the presupposition that the definitions and characteristics of
formal and informal settings might be applicable to digital
environments or a digital social context (eg, social media
https://www.jmir.org/2022/1/e21063
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platforms). Therefore, the accordance of the screened articles
with the definition of a setting was checked not only for analog
conditions, but also for digital conditions. According to the
definitions, a criterion is the existence of an accepted social
system, namely a given social context that the users of the digital
technology are aware of. This criterion was considered fulfilled
if the digital technology allowed social interaction among
different users of the technology and if the users were aware of
the existence of other users. Another criterion was that the social
context exists relatively permanently. This criterion was
considered fulfilled if the social interaction within the digital
technology was not only possible once, but also over a longer
period. In accordance with the definition, the identified digital
settings could be characterized as formal (such as digital
organizations) or informal (such as digital groups of friends).
Besides the Population, Concept, and Context principle, another
inclusion criterion concerned the publication type and study
design. Nearly all publication types, empirical as well as
nonempirical (eg, discussion papers), and study designs were
included. The only study design excluded was reviews because
the studies included in reviews would have been listed in the
relevant databases and would have been identified through our
search strategy if they corresponded to our inclusion criteria.
In addition, we excluded abstracts and posters because they
would not deliver all the required study information.
Furthermore, articles had to be published in English or German
from 2010 to January 2020. The time restriction was necessary
because of the rapid and significant changes that occur in the
digital sector.

Step 4: Charting the Data
Data extraction was conducted independently by 2 reviewers
(ALS and CG). For this purpose, a data extraction form was
developed, which was discussed during the expert consultations
and updated during the extraction process. The reviewers
extracted general publication characteristics, for example, year
of publication, country, and publication type or study design
on the one hand, as well as specific outcomes that are relevant
for the description and mapping of the research field, for
example, the type of applied technology, the type of setting, the
target group of the intervention, and the area and method of
health promotion or prevention on the other hand.
The distinction according to the technology type was made
based on the study by O’Neil et al [34], which included mobile
devices (eg, smartphones and tablets), computer- and web-based
programs, social media apps, and telemonitoring devices. We
added gaming consoles to the classification. The method of
health promotion and prevention was determined according to
the distinction by Leppin [30]. The author first distinguishes
whether the behavior or the environment is being changed.
Second, the author differentiates among educational
interventions (including information provision and training),
normative and regulative proceedings (eg, new laws or
prohibitions), and economic incentive and sanction mechanisms.
To this categorization, Scherenberg [12] adds methods for digital
health prevention, including monitoring, reminder, social
interaction, and social support (eg, digital challenges or
encouragement).
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Step 5: Collating, Summarizing, and Reporting the
Results

Results

Following Levac et al [28], this stage was divided into 3 distinct
steps. First, we analyzed the results, including numerical
summary analysis. Second, we reported the results focusing on
the outcomes that referred to the overall research aims. Third,
we considered and discussed the findings and their meaning for
future research, practice, and policy. We did not carry out a
critical appraisal of the methodological quality of the included
articles because the aim of this scoping review is to provide an
overview of the research field and not to analyze the
effectiveness of interventions.

Overview

Step 6: Consultation
As mentioned previously, the review process was supported by
scientific experts through regular consultations and discussions.
The scientific advisory board included a specialized librarian,
an expert in conducting literature reviews, and an expert in the
field of digital health promotion and prevention.

The initial database search resulted in the identification of 8847
records, and the gray literature search resulted in the
identification of 41 records. From the 8888 articles, 1500
(16.88%) duplicates were removed, leaving 7388 (83.12%)
articles eligible for screening by title and abstract. Of these 7388
articles, 6794 (91.96%) were excluded after the screening,
leaving 594 (8.04%) articles for the full-text appraisal. Of these
594 articles, after the full-text appraisal, a further 424 (71.4%)
were excluded, leaving 170 (28.6%) articles that met the
inclusion criteria. In addition, the reference lists of these articles
were screened, which led to a further 30 articles being identified;
therefore, the literature search yielded 200 articles. The whole
review process is summarized in the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
flowchart [35] in Figure 1.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart.
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General Characteristics of the Publications
The articles included in this review were published from 2010
to January 2020. There were 9-28 publications per year in the
research area of digital health promotion and prevention in
settings (except for 2020 where the search was restricted to
January of that year). Whereas the number of publications was
9 and 10 in 2010 and 2011, respectively, it doubled in 2012 and
thereafter fluctuated from 16 to 28 publications, with the peak
in 2016 and the minimum in 2017. The data extraction chart,
including all extracted data used in this review, is provided in
Multimedia Appendix 2 [36-235].
In total, we found publications from 25 different countries on
6 continents (based on the country where the first author’s
research institution is based). Of the 200 articles, 94 (47%) were
published in the United States and 3 (1.5%) in Canada, whereas
96 (48%) were published in Europe. Of these 96 articles, 15
(16%) originated from Germany, 12 (13%) from the
Netherlands, 11 (11%) from the United Kingdom, and 6 (6%)
from Belgium, whereas other European countries, including
Italy, Norway, Denmark, Portugal, Austria, Finland, Ireland,

Stark et al
Sweden, Switzerland, Spain, and Greece, each accounted for 5
(5%) or fewer publications. Of the 200 articles, 21 (10.5%) were
from Australia, whereas Asian countries, including India,
Thailand, Taiwan, Korea, and China, each accounted for 3
(1.5%) or fewer publications; 2 (1%) articles originated from
South America (Brazil), and 1 (0.5%) was published in an
African country (Uganda).
Of the 200 articles, 178 (89%) were empirical studies. Most of
these 178 studies had a quantitative study design: 65 (36.5%)
were randomized controlled trials (RCTs), 22 (12.4%) were
cross-sectional studies, 15 (8.4%) were pretest–posttest studies,
13 (7.3%) were secondary data analyses, 11 (6.2%) were study
protocols, and 7 (3.9%) were controlled trials. Of the 178
empirical studies, a further 27 (15.2%) followed a mixed
methods approach. Of these 27 studies, 4 (15%) were study
protocols and 1 (4%) was a secondary data analysis. Of the 178
studies, 18 (10%) had a qualitative design. In addition, among
the 200 studies, we found 22 (11%) nonempirical publications,
including theoretical or discussion papers, technology or
framework descriptions, and thematic overviews. Figure 2 shows
the distribution of study designs by publication year.

Figure 2. Study designs by publication year (n=200).

Type of Digital Technology Used for Heath Promotion
and Prevention in Settings
As Figure 3 shows, the type of digital technology used for health
promotion or prevention can be distributed through mobile
devices (eg, smartphones and tablets), computer- and web-based
programs, social media apps, telemonitoring devices (eg,
external sensors or smartwatches), and gaming consoles. Of the
200 studies, 126 (63%) targeted computer- and web-based
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programs, 39 (19.5%) a mobile device, and 38 (19%) a social
media app, whereas only a small number (6/200, 3%, or fewer)
reported on one of the other technology types. As some
publications reported on ≥1 technology types, the sum of the
percentages adds up to >100% in >200 articles (this also applies
to the targeted areas and methods of health promotion and
prevention, described in the Areas and Methods of Digital
Health Promotion and Prevention in Settings section).
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Figure 3. Types of digital technologies (n=213 due to the fact that some publications report on more than one technology type).

Furthermore, these technology types offer different apps that
are used for health promotion or prevention purposes. Regarding
the technology type mobile devices, 41% (16/39) of the
publications reported on smartphone apps and 38% (15/39)
reported on tablet apps, whereas 21% (8/39) used mobile phone
texting. Of the interventions that included a computer- or
web-based program, 54.0% (68/126) were web-based programs,
25.4% (32/126) were websites, and 20.6% (26/126) were
computer-based programs.
There were different apps and programs with a variety of digital
functions and options for users mentioned in the publications,
which cannot be described in detail in this review. A few apps
are presented as examples here. An example is the use of a
smartphone with an integrated geographic information system
for the promotion of physical activity. The underlying idea is
that specific environmental conditions of a neighborhood can
promote physical activity. These features, referred to as
neighborhood walkability, can be measured through a
geographic information system and used to improve the
environmental conditions [36]. Other interventions used
computer-based programs, including virtual reality, for health
promotion and prevention purposes. As an example, a study
combined stationary cycling at independent living facilities for
older adults with virtual reality to create a computer-simulated
environment (cybercycling). This intervention, also referred to
as an exergame (a digital game that requires one to perform
physical exercise), aims at improving the cognitive function of
older adults [37]. Another digital intervention concerns serious
games, which are digital games with educational objectives
played on computers or mobile devices. We identified serious
games for various health promotion and prevention purposes,
for example, a game tackling childhood obesity in schools [38]
or a game on neglected tropical diseases developed for use in
a community [39]. As an example for telemonitoring devices,
a study focused on the real-time monitoring of children’s
physical activity in school measured by smartwatches and
supervised by classroom teachers, which, over the course of
time, enables teacher-regulated strategies for providing more
opportunities for physical activity [40]. A gaming console was
used, for example, by children in schools, where active video
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games were played to enhance their physical activity during
school breaks [41]. Another intervention at a preschool
investigated the use of a social media platform for the delivery
of health-related education materials to augment a
classroom-based obesity-prevention curriculum [42].

Target Groups and Targeted Settings in Digital Health
Promotion and Prevention
The analysis identified 2 categories of target groups for digital
health promotion and prevention interventions. First, there were
interventions where the users of the technology were the direct
target group for health promotion or prevention. Examples of
direct target groups were adolescents, adults, children, church
members, community members, expatriates or travelers, men,
mothers or pregnant women, older adults, patients, school or
university students, vacationers, women, and young adults. In
addition, some publications focused on people from a specific
cultural, linguistic, or sexual background (eg, refugees, bisexual
men, and people living in rural areas). Others had >1 target
group or did not specify the target group. Of the 200 included
studies, most (48/200, 24%) targeted school students, followed
by those targeting older adults (18/200, 9%), university students
(17/200, 8.5%), and adults in general (15/200, 7.5%). Second,
there were interventions where the technology users were not
the direct target group for health promotion or prevention.
Instead, the technology users (as multiplicators or mediators)
were empowered or supported through the use of the technology
to ensure that other people received health promotion or
prevention. Examples of multiplicators or mediators were
parents, teachers, doctors, and childcare center directors.
The aforementioned target groups already indicate some settings
where digital health promotion and prevention interventions
take place. The settings were divided into formal and informal
settings. The formal analog settings that we identified were
schools, universities, and other educational settings; community
facilities (eg, churches or prisons); health care facilities (eg,
primary care, dental, sexual health, or vaccine clinics); and care
for older adults or childcare facilities. Informal analog settings
were communities or neighborhoods and the household or home.
We identified several digital technologies that might be
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characterized as a digital setting at the time of publication. These
were web-based distance learning universities; virtual reality
apps; and social media, including apps, websites, and web-based
platforms or web-based programs that offered discussion boards,
forums, or other ways of social interaction. The web-based
distance learning setting can be characterized as a formal digital
setting.
Overall, with 31.5% (63/200) of the publications reporting on
it, social media was the most frequent setting in digital health
promotion and prevention. Another 19.5% (39/200) of the
publications reported on schools as a setting, 12% (24/200) on
neighborhoods or communities, and 6.5% (13/200) on health
care facilities. Furthermore, 6% (12/200) focused on the
informal setting household or home and 3% (6/200) on the
formal setting universities. Other publications thematized
interventions that used combinations of analog and digital
settings that we refer to as blended settings. For instance,
interventions in the community were often complemented with
a digital app that itself represented a digital setting (eg, a social
media platform). The same combinations were found for schools
and universities.

Areas and Methods of Digital Health Promotion and
Prevention in Settings
The included articles dealt with different areas of health
promotion and prevention. Physical activity interventions were
the most commonly applied, with 40.5% (81/200) of the
publications thematizing them. Other often considered areas
were nutrition in 22.5% (45/200) of the publications; sexual
health in 17% (34/200); substance use, for example, alcohol or
drug use, in 10% (20/200); weight in 9.5% (19/200); and mental
health in 5.5% (11/200). Only a few publications described
interventions for health promotion or well-being in general
(9/200, 4.5%), for vaccination (8/200, 4%), and for various risk
factors at once (10/200, 5%). Other health topics that were
tackled rarely were bone and oral health, sound and sun
exposure, cognitive function, fall prevention, sleep, and
transmission of diseases (17/200, 8.5%; Multimedia Appendix
3).
Besides the areas of health promotion and prevention, we
analyzed the methods used to achieve health promotion and
prevention among the target group. Most of the publications
reported on interventions that combined several of the following
methods: environmental change; providing information, social
support, training, or incentives; and monitoring. The provision
of information was the most used method (181/200, 90.5%). It
aimed at improving the knowledge of the target group regarding
a specific health promotion or prevention topic and thereby
changing health behavior. Of the 200 interventions, 79 (39.5%)
offered some form of social support, for example, through
connecting people with the same health problem or the same
health goals to motivate the target group. Approximately every
fifth intervention (41/200, 20.5%) used monitoring as a method
for health promotion and prevention. By giving users the
opportunity to collect, visualize, and control health-related data
over a longer period, monitoring enabled the user to recognize
progress and stay on track. Of the 200 articles, 30 (15%) aimed
at changing environmental conditions, for example, a change
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in the supermarket environment [43] or the school environment
[44]. Only a few interventions used incentives as a mechanism
to influence health behavior (8/200, 4%) or provide physical or
mental training (19/200, 9.5%).
The different methods of health promotion and prevention
indicate that one should further distinguish between structural
and behavioral health promotion and prevention in settings.
Structural health promotion and prevention is realized by
changing setting-based or organizational structures. Only a
small percentage (30/200, 15%) of the identified articles dealt
with structural health prevention. Of these 30 articles, 24 (80%)
focused on environmental or organizational changes in analog
settings such as neighborhoods, supermarkets, schools, childcare
centers, and home environments. An example is a smartphone
app that enabled community members to document
neighborhood features through geocoded photographs. The
intervention aimed at identifying and changing aspects of the
physical and social environment that influenced the health
behavior of the community members [45]. Only a few articles
(6/30, 20%) discussed structural changes in digital settings, for
example, social networking sites.
Behavioral health promotion and prevention interventions were
used in 85% (170/200) of the included articles. In these
behavioral interventions, the setting served as a place to reach
a specific target group and offer them an intervention for
changing their health behavior. The provision of a tablet in the
waiting room of a sexual health clinic that provided access to
a website with information for safer sex aiming at a change in
sexual behavior is an example [46].

Discussion
Principal Findings
Our results provide an initial basis for finding a consensus on
the terminology of digital health promotion and prevention in
settings through further research. The overall objective of this
scoping review is to provide an overview of research targeting
digital health promotion and primary prevention in settings. It
focuses on assessing the range of scientific literature regarding
various outcomes such as applied technology, targeted setting,
and area of health promotion or prevention as well as on
identifying research gaps that result from these findings. The
results provide a first overview of scientific research on digital
health promotion and prevention in settings. We have shown
the wide range of applications of digital technologies in settings
and identified research gaps. We systematically searched for
empirical and nonempirical publications from 2010 to January
2020 and identified 200 references that met our inclusion
criteria. The data analysis showed that there is a broad range
and diversity of literature on digital health promotion and
primary prevention in settings regarding various outcomes.
Thus, we found publications focusing on a large spectrum of
target groups, settings, and technologies as well as areas and
methods of health promotion and prevention.
We discovered a wide range of analog, digital, and blended
settings where digital health promotion and prevention
interventions were applied. Regarding our results, it must be
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considered that there is a scientific discourse about the definition
and application of the concept settings for health promotion
and prevention. Whereas some researchers support a broader
approach, others recommend a narrower definition that only
focuses on formal organizations [1]. As we have stated
previously, we chose the broader approach.
To our knowledge, this is the first review focusing on digital
health promotion and prevention in settings; therefore, we have
to consider other studies and sensibly embed and discuss their
results compared with our findings. Looking at digital
interventions in the field of health promotion and prevention in
general, one can see that settings are rarely taken into account.
Thus, Norman et al [236] found in their systematic review that
eHealth interventions for physical activity and nutrition were
sometimes implemented in analog settings such as communities,
schools, primary care, or workplaces. In addition, Bailey et al
[237] identified in a scoping review that digital interventions
for sexual health promotion were delivered in various analog
settings, including schools, universities, and health care
facilities; through web-based conditions; or through a
combination of both, which supported the results of our scoping
review.
There is a lack of a (uniform) definition of the terms digital
setting and blended setting; therefore, a way has to be devised
to bring together previous knowledge in this area and our results.
In line with our presuppositions and results, Loss et al [47]
concluded that social networking sites might be categorized as
a setting for health promotion and prevention. Other than this
publication, the existing scientific literature lacks an extensive
and in-depth discussion about the existence and forms of digital
(and blended) settings. What can be stated is that the most
commonly found digital setting in this review, namely social
media, is a widely discussed and used platform for health
promotion and prevention interventions in terms of behavioral
interventions. It is considered that social media interventions
have the potential to facilitate access to health information as
well as to expand the reach, improve the efficacy, and lower
the costs of health promotion and prevention interventions
[238-241]. However, it must be taken into account that the
perspective of organizations (besides the workplace) has so far
been largely absent from the scientific literature. The digitization
of a formal organization in the field of health promotion and
prevention is accompanied by massive structural changes. So
far, however, these have not been scientifically investigated and
evaluated—apart from digital health promotion in the workplace.
For future research in the field of digital setting-based health
promotion and prevention, this perspective must be taken into
account.
What is most striking is the wide range of technologies used to
implement health promotion and prevention in settings. These
range from simple SMS text messages and smartphone apps to
web-based programs offered on tablets in the waiting areas of
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health care providers. The existence of so many different
technologies in the field of health promotion and prevention
was identified in other reviews as well [34,242]. This diversity
results from the rapid development of technologies in the health
sector in the last few years, and it is reflected in the variety of
terms that exist to define digitization in the health sector, for
example, digital health, eHealth, mHealth, and Health 2.0. [16].
Another reasonable distinction of technology types comes from
Lupton [238], who differentiates health promotion and
prevention technologies between Web 1.0 and Web 2.0
applications. Web 2.0 refers to a newer generation of web-based
applications that enable interaction and that allow users to
generate, create, and share information [48]. This distinction
can also be applied to the articles we identified.
Another central finding refers to the distinction between
structural and behavioral health promotion and prevention in
settings. Thus, most (170/200, 85%) of the publications on
digital health promotion and prevention in settings can be
categorized as behavioral health promotion and prevention in
settings. In many cases, this means that the setting was used to
reach a specific target group aiming at a change in their
behavior. Consequently, we found a lack of articles concerning
structural health promotion and prevention in settings,
specifically a lack of interventions aiming at a change in
setting-based and often organizational structures. It remains
unclear how structural changes in settings can be achieved using
digital interventions. Among the publications that were oriented
toward structural health promotion and prevention in settings,
only a few discussed structural changes in digital settings
compared with changes in analog settings. This highlights that
besides the lack of a scientific discussion on the existence and
forms of digital settings for health promotion and prevention
(which we have already pointed out), there is a research
desideratum on how the structures of digital settings can be
changed to improve the health of digital technology users.
Following the categorization of setting-based health promotion
by Whitelaw et al [7], most of the digital health-promoting
interventions can be classified under passive model where the
setting is used as an access to individuals to try to get them to
change their behavior. Interventions mostly miss out on taking
into account the specific structures, social contexts, and
interaction possibilities of the setting and cannot therefore be
assigned to the other models. Nevertheless, we found a few
examples in the literature where the digital setting-based
intervention includes characteristics of the other intervention
types. Table 1 presents examples of identified studies that were
assigned to the types described by Whitelaw et al [7]. This
overview demonstrates that existing theoretical frameworks
from analog interventions can be used to structure digital
health-promoting and preventive interventions in settings.
Further research should focus on whether new types of
setting-based health promotion emerge as a result of digitization.
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Table 1. Digital interventions and types of setting-based health promotion (types based on Whitelaw et al [7], following Engelmann and Halkow [1]).
Type

Example of digital health promotion or prevention

Passive model
•
•
•

Active model
•
•
•

•

The intervention consisted of a tablet that was displayed in a waiting
room showing a website that aims to increase condom use and reduce
sexually transmitted infections
The setting health clinic was used to access individuals to try to get
them to change their health behavior
Setting or organizational structures were not considered

Bourdeaudhuij et al [49]

Focuses on the health behavior of individuals
•
Some behavior changes are inhibited or enabled by structural features
of the setting
•
Structural modifications are required
•

Vehicle model
•
•
•

Bailey et al [46]

Individuals and their health-relevant behavior are at the center of
•
interventions
Setting is used as an access to individuals and groups to provide them
with the health-promoting intervention
•
Health promotion in the setting
•

An internet-based physical activity intervention was implemented in
schools
The aim of the intervention was to change health behavior
A few structural features of the setting were considered, for example,
technical equipment or environmental barriers

Templeton et al [50]

Focuses on individual health issues
•
Projects are intended to initiate systemic changes
Projects serve as door openers for developments at other levels of
the setting
•
The focus is on structural factors and their influence on health, even
if individual health issues are addressed first

The aim was to create a web-based sexual health–promotion intervention to encourage young men in prisons to avail of regular sexual
health checkups
The health intervention was used to achieve overarching goals, for
example, to initiate collaborative partnerships to disrupt structures
that lead to health inequities, to fulfill the human rights of prisoners,
to develop a health-promoting prison

Organic model

Sheats et al [43]

•

•

•
•
•

Social systems are the product of the processes of individuals and
groups living and acting together
Interventions bring systemic changes that affect the communication
culture and community values in the setting
The setting is understood as the shaping framework for health, which
is also shaped by setting members
Participation and empowerment of people to shape their environment
are key concepts

Comprehensive model
•
•
•
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•
•

Delany et al [51]

Health is shaped by setting influences
•
Settings are understood as superordinate systems in which the
individual has hardly any possibilities to shape them himself
Interventions are often implemented from the top down by the setting •
policy
•

We identified a wide spectrum of methods that are applied to
achieve health promotion or prevention through digital
interventions. It is noticeable that the methods of training and
monitoring are mostly used for interventions on physical
activity, whereas environmental change was mostly applied as
a method within interventions on nutrition. A reason for that
could be that there exist monitoring devices that are more
effective or easier to use in the area of physical activity, for
example, pedometers that automatically count steps compared
with devices that monitor food intake. In addition, it is possible
that environmental changes are easier implemented or more
effective in the area of nutrition, for example, changes in the
food environment at home compared with changes in physical
activity options in settings. Comparing the methods used in the
articles included in this review with those identified by Leppin
[30] and Scherenberg [12], it is noticeable that normative and
regulative proceedings as well as digital reminders were not
applied. This could be because the development and introduction
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Citizens use an app to collect data about their neighborhood that facilitate or hinder healthy living
They use the findings to advocate for change in partnership with local
decision-makers and policy makers
Includes community-engaged methods to empower citizens
This transforms the possibilities of participation and communication
in the community

Web-based canteen ordering system in a school is altered with the
methods of labeling, placement, and prompting to achieve healthier
food choices of students
Change in the ordering system as a political decision of the school
Intervention is implemented from the top down; decision is not up
to the students

of new laws is difficult to realize through digital interventions
and because digital reminders (eg, for vaccinations) are a method
for individual health promotion rather than for setting-based
interventions.
As we did not analyze the effectiveness of digital health
promotion and prevention interventions in settings, this needs
to be investigated in future research.
We found that most of the publications were empirical and the
most used study design was an RCT. Only a small percentage
had a qualitative design. Taking a closer look at the study
designs, one can see that only a few studies followed a
participatory design and that the RCTs usually analyzed the
effectiveness of behavior-changing interventions. Therefore,
one could conclude that research on digital health promotion
and prevention in settings is at an advanced stage because digital
apps are tested on their effectiveness rather than being in a
previous stage of developing technologies or more fundamental
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research. However, as we did not find many articles focusing
on structural health promotion and prevention in settings, we
cannot generalize this interpretation to the whole research field.
As we have stated previously, there is a huge research gap
concerning structural health promotion and prevention in
settings, and research that is more fundamental is needed in this
area. A possible explanation for the huge number of RCTs
regarding behavioral health promotion and prevention and the
lack of RCTs regarding structural health promotion and
prevention could be that the effectiveness of changing health
behavior (eg, physical activity) is more easily measurable than
the effectiveness of changing structures or processes in formal
and informal settings.

Limitations
This scoping review was conducted in compliance with the
standards of the methodological approach outlined by Levac et
al [28] and in accordance with the reporting guidelines of the
PRISMA-ScR checklist [25]. Nevertheless, it includes some
limitations that have to be taken into account.
First, the database search was very challenging because it was
difficult to find suitable keywords that reflect the concept of a
setting so as to be understood in the field of health promotion
and prevention. Especially in combination with the term
technology, the meaning of the word setting was not equivalent
to our understanding of the concept. In addition, in none of the
databases was the term setting well indexed. Another limitation
derives from the fact that we searched for the terms health
promotion and health prevention in general. We did not expand
our search to specific health promotion areas such as physical
activity or mental health. Therefore, we might have missed
some articles if the terms health promotion or health prevention
were not listed.
Second, our analysis and results are based on our presupposition
that the definition of a setting for health promotion and
prevention is applicable in the digital context too. Because of
a lack of a definition of the term digital setting, the inclusion
and exclusion criteria are based on the definitions of the term
setting provided by Rosenbrock [3] and the WHO [4]. This
presupposition has to be confirmed in the future to verify our
results.
Third, we limited our search to the area of primary prevention
and to health promotion and prevention in settings other than
the workplace. These restrictions were chosen because of the
huge breadth and diversity of the research area. It is possible
that the inclusion of articles on secondary and tertiary prevention
as well as articles regarding the workplace would have produced
different results. In particular, more research has been conducted
on digital health promotion in the workplace, and methods and
technologies could potentially be applied to settings outside of
the workplace.

Recommendations for Future Research
As we have stated previously, there are major research gaps in
the research area of digital health promotion and prevention in
settings, and there is a lack of a sufficient consideration of
settings in the field of digital health. In future, the setting
approach ought to be given greater importance, especially in
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the research area of digital health and digital health promotion
and prevention. This includes developing definitions for the
terms digital setting and blended setting and specifying their
fields of application and the different forms that exist. In
addition, key features of digital and blended settings have to be
explored, especially with regard to their health impact. We
currently know far too little about what elements define a digital
setting. We need to further investigate the relevance of social
interaction for the definition of digital settings.
Especially, there is a lack of research on structural health
promotion and prevention in settings. As described previously,
more research is needed on how digital technologies can change
structures of formal and informal settings and how structures
of digital settings themselves can be changed. Future research
should focus on how structural change can be applied (eg,
through organizational development), how it can be measured,
and what stakeholders (eg, leaders or members of an
organization) should be involved in this process. Therefore, a
more detailed analysis of the identified articles on structural
health promotion and prevention in settings seems useful.
It would also be desirable for future research to consider the
development of digital health-promoting tools that focus on all
target groups in a setting and that consequently consider the
organization as a holistic setting with the different needs and
requirements of the various target groups and thus do justice to
the complexity and multidimensionality of the setting.
In our scoping review, we successfully mapped the research
field of digital health promotion and prevention in settings
regarding various outcomes. What remains unclear is the
effectiveness of these interventions. Future scientific research
should also examine the effects of digital interventions,
especially the long-term effects. Digital health promotion and
prevention technology can only establish itself when the benefits
and risks for a population are proven. In addition, more
participatory research is needed to ensure that the needs, wishes,
(digital) competences, and possible fears of users are considered
in the development, testing, and implementation of these
technologies. It would also be interesting to see to what extent
participatory research can take place in digital settings or to
what extent the WHO’s healthy setting principles (including
community participation, partnership, empowerment, and equity
[243]) can be achieved through digital tools. Such research
would contribute to the acceptance and eventually to the
extensive use of digital technologies for health promotion and
prevention.

Conclusions
Our review provides an overview of the research on digital
health promotion and prevention in settings. We demonstrated
that the research field is complex, heterogeneous, and broad,
and our findings reveal research gaps that urgently need to be
addressed. A gap concerns study on structural health promotion
and prevention in settings, and another concerns the definition
of relevant terms, for example, digital settings. As the topic of
digitization in setting-based health promotion and prevention
is multidisciplinary, covering disciplines such as public health,
organizational development, and the technology industry, in
our opinion, the most important aspect is that different
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disciplines combine their expertise and work collaboratively to
bridge these research gaps. In this context, the participation of
potential technology users is unavoidable to guarantee that the
users’ needs, especially the needs of the vulnerable, are
considered. In addition, it is urgently necessary to clarify which
significant improvements will result from the application of
digital technologies. So far, there is insufficient basic research
that provides information about which technologies in which

Stark et al
health areas are best suited to certain settings or target groups.
Therefore, in future studies, the great potential of digitization
should be further explored based on validated scientific research.
Especially, the benefits for the populations’ health and the
possibility of making health promotion and prevention
interventions more effective and less expensive need to be
analyzed.
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Abstract
Despite the proliferation of eHealth interventions, such as web portals, for health information dissemination or the use of mobile
apps and wearables for health monitoring, research has shown that underserved groups do not benefit proportionately from these
eHealth interventions. This is largely because of usability issues and the lack of attention to the broader structural, physical, and
psychosocial barriers to technology adoption and use. The objective of this paper is to draw lessons from a decade of experience
in designing different user-centered eHealth interventions (eg, web portals and health apps) to inform future work in leveraging
technology to address health disparities. We draw these lessons from a series of interventions from the work we have done over
15 years in the Viswanath laboratory at the Dana-Farber Cancer Institute and Harvard TH Chan School of Public Health, focusing
on three projects that used web portals and health apps targeted toward underserved groups. The projects were the following:
Click to Connect, which was a community-based eHealth intervention that aimed to improve internet skills and health literacy
among underserved groups by providing home access to high-speed internet, computer, and internet training classes, as well as
a dedicated health web portal with ongoing technical support; PLANET MassCONECT, which was a knowledge translation project
that built capacity among community-based organizations in Boston, Lawrence, and Worcester in Massachusetts to adopt
evidence-based health promotion programs; and Smartphone App for Public Health, which was a mobile health research that
facilitated both participatory (eg, surveys) and passive data (eg, geolocations and web-browsing behaviors) collection for the
purpose of understanding tobacco message exposure in individuals’ built environment. Through our work, we distilled five key
principles for researchers aiming to design eHealth interventions for underserved groups. They are as follows: develop a strategic
road map to address communication inequalities (ie, a concrete action plan to identify the barriers faced by underserved groups
and customize specific solutions to each of them), engage multiple stakeholders from the beginning for the long haul, design with
usability—readability and navigability—in mind, build privacy safeguards into eHealth interventions and communicate
privacy–utility tradeoffs in simplicity, and strive for an optimal balance between open science aspirations and protection of
underserved groups.
(J Med Internet Res 2022;24(1):e25419) doi:10.2196/25419
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Background
Breakthroughs in communication technologies in the past decade
have brought about a plethora of opportunities for researchers
to leverage different forms of digital technologies to bridge
health disparities. With the ubiquitous use of digital tools such
as computers, laptops, and smartphones and recent advances in
cyberinfrastructure to store and analyze big data at scale with
efficiency, researchers have piloted and designed web portals
to specifically aid health-information seeking among different
populations [1,2], encouraged the use of patient portals for
health care management [3], and developed smartphone apps
and wearables to improve health monitoring [4].

eHealth Interventions in Widening
Inequality
Despite the benefits brought about by the communications
revolution, a major critique in eHealth intervention research is
that instead of closing the gaps between the rich and the poor,
the introduction of digital gadgets reproduces and reinforces
existing social structures of health inequalities [5-8]. For
instance, research has shown that in the United States, compared
with White and non-Hispanic individuals, Black and Hispanic
individuals were significantly less likely to be offered access
to web-based personal health information portals by their health
care providers, and they were also less likely to use personal
health information, even when granted access [9]. Although the
combination of artificial intelligence algorithms and the
availability of electronic health records (EHRs) promises to
enable clinicians to predict hospital readmissions and mortality
[10], people from lower socioeconomic groups may not
necessarily benefit from these if their health records are not
recorded in the EHRs in the first place because of multiple
missed appointments [11]. In some instances, the places where
people from lower socioeconomic groups seek treatment may
not be equipped with EHRs. Even when people from lower
socioeconomic groups have access to digital health technologies,
they may not be able to afford the recurring expenses needed
to use the services or maintain stable internet connections [12].
Even if access to these technologies is not an issue, underserved
groups may find it difficult to navigate the complex platforms
of different digital health technologies [13].
Beyond financial and technology factors, research has shown
that another significant challenge to eHealth interventions is
the lack of collective use and adoption by people’s social
networks [6]. A clear example is in the current COVID-19
pandemic, where a major challenge in implementing and
leveraging data from contact tracing apps is the low uptake by
the general population [14]. The problem is compounded when
people from marginalized communities and people of color,
who have been hit the hardest by the pandemic, remain skeptical
of technology because of the historical baggage of being unfairly
targeted by state surveillance or being wary of the amount of
misinformation and disinformation generated from these digital
sources [15,16].
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In today’s world, where data collected from eHealth
interventions can be used to understand health behaviors when
individuals from underserved groups do not use the digital
gadgets designed for them and are systematically left out, it
contributes
to
a
larger
problem
called
data
absenteeism—missing data of underserved groups in health
systems—leading to inaccuracies and perpetuation of biases
when training machine learning models on these data sets with
large amounts of missing data [17].

The Need to Address Inequality in
eHealth Interventions
To level the playing field in ensuring that eHealth interventions
benefit underserved groups, it is paramount that researchers and
public health organizations pay attention to the underlying
mechanisms that contribute to communication inequalities.
Communication inequalities are structural, interpersonal, and
individual differences among social groups in accessing, using,
and processing information from media and communication
technologies, and they mediate the relationship between social
determinants and health outcomes [18]. Thus, although investing
in the usability of eHealth interventions is important, it is crucial
that public health scholars go beyond technological
considerations and examine how external, social, and individual
contexts synergistically and collectively influence the success
of eHealth interventions [17]. After all, decades of public health
research have fervently called for the need to engage individuals,
social networks, the broader community, and anchor institutions
(eg, hospitals and community health care organizations) in
implementing health promotion programs [19,20]. The purpose
of this paper is to showcase and draw lessons from over a decade
of our research experience in implementing different eHealth
interventions among underserved groups.

A Framework for Addressing
Communication Inequalities: Structural
Influence Model
Our work has focused on examining information and
technologies that can help bridge unequal health outcomes
between different social groups, guided primarily by the
structural influence model of communication (Figure 1), which
delineates the relationship between how communication
inequalities mediate and moderate the association between social
determinants and communication and health outcomes [18,21].
The framework postulates that the use of eHealth interventions
can have both direct and indirect impacts on health, and they
may potentially amplify disparities among different social,
racial, or ethnic groups. Central to the framework is the concept
of communication inequalities, which is defined as unequal
access and use of communication technologies because of
differences in how people access, use, and process information
from digital media platforms, which widens existing health
disparities [7,17,22]. In other words, the fundamental assumption
is that whoever has the power as well as the cognitive, social,
and financial resources (typically, people with higher income
and education) to access, use, and process information from
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groups that are underserved, even if they have access to such
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platforms, seldom reap the promised benefits though they are
often the target audience of such interventions [23].

Figure 1. Modified structural influence model.

Despite the stark reality of health disparities, the silver lining
is that communication inequalities are ultimately modifiable
conditions that could be addressed by academic institutions,
public health organizations, or government agencies more
readily as compared with social determinants. To be effective,
the design of eHealth interventions should consider broader
contexts that may attenuate the uptake and use of communication
technologies.
At the individual level, research has shown that underserved
groups face significantly more barriers— economically, socially,
and technologically—in the adoption of eHealth interventions
when compared with their financially better off counterparts
[24]. A study on the adoption of web-based patient portals found
that although participants were given the opportunity to register
for web-based patient portals, only 22% of patients with limited
health literacy registered for the account. This was lower when
compared with 73% of adults with adequate health literacy skills
[25]. This pattern was consistent with racial differences as well,
with minority groups being at higher odds of not using these
eHealth interventions [26]. Beyond individual factors, external
factors, such as individuals’ social networks, the type of
hospitals in the community, and community-based organizations
(CBOs) play a crucial role in boosting health literacy [27-32].
Thus, it will be strategic to gain insights into CBOs and social
networks of the underserved groups, as they would have the
experience in identifying the type of interventions that would
best suit the needs of the underserved populations and those
that would simply not work [33,34]. Without the input of the
community, designers of eHealth interventions may fall into
the trap of having solutions in search of a problem [35] and
forcing innovations that simply do not work in the community.
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The rest of this paper will illustrate the key lessons learned from
three signature projects in the Viswanath laboratory. The first
project was called Click to Connect (C2C), which was a
community-based eHealth intervention that aimed to improve
internet skills and health literacy among underserved groups by
providing home access to high-speed internet, computer, and
internet training classes, as well as a dedicated health web portal
with ongoing technical support. The second project was
PLANET MassCONECT, which was a knowledge translation
project that built capacity among CBOs in Boston, Lawrence,
and Worcester in Massachusetts to adopt evidence-based health
promotion programs. Finally, the third project was Project
Smartphone App for Public Health (SNAP), which was a mobile
health research that collected both participatory (eg, surveys)
and passive data (eg, geolocations and web-browsing behaviors)
for the purpose of understanding tobacco message exposure in
an individual’s built environment.
We have distilled five key principles on eHealth intervention
research for underserved groups from these three projects: (1)
develop a strategic road map to address communication
inequalities (ie, a concrete action plan to identify the barriers
faced by underserved groups and customizing specific solutions
to each of them), (2) engage multiple stakeholders from the
beginning for the long haul, (3) design with
usability—readability and navigability—in mind, (4) build
privacy safeguards into eHealth interventions and communicate
privacy–utility tradeoffs in simplicity, and (5) strive for an
optimal balance between open science aspirations and protection
of underserved groups. We have also proposed multilevel
strategies for developing eHealth interventions that health
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organizations could draw on in their work with underserved
groups.

Project 1: C2C
Project C2C was a randomized controlled trial that aimed to
improve eHealth literacy among people from lower
socioeconomic positions (SEPs). To achieve the objective of
empowering people from lower SEP groups by taking advantage
of web-based health portals to seek information and gain health
knowledge, we designed an intervention that involved the (1)
development of a web-based health portal (Figure 2) from
scratch that was customized for novice or less experienced users
to easily navigate and access the internet, specifically health
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information; (2) purchase and provision of computer and
broadband internet access for the entire length of study; (3)
training classes where participants were taught digital skills
such as how to use computers and the internet; and (4) ongoing
technical support if participants had any questions on the health
web portal or connectivity issues [34]. The trial was conducted
in three waves from 2007 to 2009, and for each wave,
participants attended 9 monthly training classes at community
colleges located in Boston. Participants randomized to the
control group received health information at the end of the study
period. Participants were recruited from adult education centers
located in the Greater Boston area of the state of Massachusetts
[36].

Figure 2. Screenshot of the web-based health portal of Click to Connect.

Researchers generally make insufficient efforts to reach
underserved populations with the stereotype that they are hard
to reach. We adopted a proactive approach, which involved
arranging face-to-face contact with community leaders and
organizations, as well as recruitment presentations and meetings
in the community [37]. Overall, we made a total of 190 in-person
presentations at 32 adult literacy centers in Greater Boston from
May 2007 to October 2009.

organizations could collaborate with other CBOs, researchers,
and community members and provide training and technical
support to use a customized web-based health portal to find
relevant health resources and data to implement evidence-based
health promotion projects. At the end of the training, CBOs
were plugged into a network with other CBOs and encouraged
to apply for mini-grants to strengthen interorganizational
collaboration in addressing health disparities [39].

Project 2: PLANET MassCONECT

These aims were achieved through an intervention that included
these main components: (1) development of a web-based health
portal containing health resources, including evidence-based
interventions, data, and resources for interventions; (2) a 2-day
capacity-building workshop for CBOs; (3) provision of training
manual, handouts, and case studies; (4) highlighting pilot grants
to apply newfound knowledge; and (5) facilitating networking
opportunities to promote learning networks in which trainees
can support each other.

Although project C2C was targeted at individuals from
underserved groups, project PLANET MassCONECT was a
5-year knowledge translation project funded by the US National
Cancer Institute that aimed to build the capacity to find, adapt,
and implement evidence-based health promotion programs
among a diverse group of CBOs located in three cities in the
state of Massachusetts (Boston, Lawrence, and Worcester) in
the United States [38]. In other words, PLANET MassCONECT
aimed to strengthen CBOs by creating a network where
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The web-based health portal (Figure 3) was meant to serve as
a one-stop dissemination marketplace, which would contain
J Med Internet Res 2022 | vol. 24 | iss. 1 | e25419 | p.386
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
localized health resources to aid health program planners in
CBOs to systematically implement evidence-based interventions
in their communities. Participants in our project were staff of
CBOs in the 3 cities if they met the following criteria [39]: (1)
aged ≥18 years, (2) working for CBOs (ie, nonprofit or public
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service sector organization) in one of the three cities (Boston,
Lawrence, and Worcester), and (3) actively involved in
developing health promotion programs and efforts in their
CBOs.

Figure 3. Screenshot of the web health portal of PLANET MassCONECT.

Project 3: SNAP
Project SNAP was a smartphone-based study that was a
collaborative effort between the Dana–Farber Cancer Institute,
the University of Saskatchewan, and Baylor College of Medicine
and was funded by the Truth Initiative. The objective of the
study was to leverage smartphone capabilities in collecting data
both passively (eg, collecting geolocation, web browsing, and
Bluetooth data) and actively (eg, prompting respondents to
answer surveys) to measure exposure to tobacco messages in a
real-world setting among participants from underserved groups.
Our collaborators from the University of Saskatchewan
developed a smartphone app called Ethica, which captured
complex, rich message exposure data that could use multiple
sources to provide information above and beyond what is
available in traditional surveys. The app captured data such as
(1) responses to ecological momentary assessments in the form
of short surveys containing questions on health-information
seeking, quit attempts, message exposures, and interpersonal
communication regarding tobacco products; (2) photos of proor antitobacco messages in the environment; (3) tracking of
their web-browsing behaviors; and (4) geolocations.
These three projects were chosen (out of many others in the
laboratory) because they each focused on how different forms
of eHealth gadgets could close gaps in health disparities. For
instance, C2C and PLANET MassCONECT examined the
efficacy of using web-based health portals to facilitate health
information seeking, whereas SNAP explored the effectiveness
https://www.jmir.org/2022/1/e25419
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of using smartphone apps to capture in situ data (eg, surveys,
geolocations, and web search browsing) to understand how
external and information environment influence tobacco
consumption. Also, these three projects were selected because
of the diversity of the categories of participants. For instance,
the web-based health portal for C2C was targeted at individuals
from underserved groups, whereas the site for PLANET
MassCONECT was designed for CBOs that work with
underserved groups to find and extract data to promote
evidence-based health promotion. SNAP, unlike C2C and
PLANET MassCONECT, used smartphone-based methods to
examine environmental exposure to tobacco messages among
youths of low SEP.

The Five Principles for eHealth
Interventions
Our experience in working with underserved groups in these
digital health projects allows us to draw lessons for effective
eHealth intervention research. These lessons were derived
primarily from a series of focus groups and usability tests of
the eHealth interventions that we conducted for each of the
projects, as well as from feedback from community partners.
Here, we condensed and extracted five principles: (1) develop
a strategic road map to address communication inequalities, (2)
engage multiple stakeholders from the beginning for the long
haul, (3) design with usability in mind,—enhancing readability
and navigability—(4) build privacy safeguards into eHealth
interventions and communicate privacy–utility tradeoffs that
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come with simplicity, and (5) strive for an optimal balance
between open science aspirations and protection of underserved
groups. Multimedia Appendix 1 summarizes the objectives of
each project, the target groups, and the lessons and principles
learned.

Principle 1: Develop a Strategic Road
Map to Address Communication
Inequalities
First, one of the most important lessons is that it is crucial for
research teams to intentionally put in place a strategic road map
detailing specific approaches to reduce the burden posed by
different forms of communication inequalities even before
designing eHealth interventions. The presence of communication
inequalities poses significant barriers to the underserved
population regarding taking advantage of health benefits from
using eHealth interventions [40]. Decades of research have
documented that even when presented with the same
technologies or health information, the ones that benefited the
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most were people from higher SEPs, whereas people from lower
socioeconomic groups were consistently left behind. It goes to
show that no matter how sophisticated or cutting edge the
technologies are, eHealth interventions are not magic bullets.
Instead, introducing eHealth interventions without understanding
the broader context of underserved groups will exacerbate the
inequalities and preclude people from lower socioeconomic
groups from taking advantage of health technologies. As such,
without paying attention to what these communication
inequalities are, implementing eHealth interventions may
inadvertently widen gaps in health inequalities. Although the
idea of a strategic roadmap in itself is not novel, there are very
few that have explicitly championed the need for a roadmap
when working with the underserved [7]. Therefore, what should
go into the strategic roadmap? We highlight four key
components (Figure 4) to (1) develop comprehensive sampling
strategies; (2) identify all forms of communication inequalities,
including contextual conditions, and understand the digital
media landscape of underserved populations; (3) propose
solutions targeting each form of communication inequality; and
(4) prioritize and budget for alleviation measures.

Figure 4. Strategic road map for addressing communication inequalities.

First, researchers have to be cognizant of the fact that
underserved groups may be either reluctant to participate or
face barriers to participation in research studies. For instance,
those from racial minorities may be wary of participation in
experiments, given the poor experience and exploitation in the
past, such as in the infamous Tuskegee experiment in which
researchers withheld penicillin for the treatment of their
participants’ syphilis, although the treatment was widely
available [41]. Alternatively, day-to-day experiences with
discrimination and poor treatment from those in power may
color their experience regarding research. Several reasons have
been given for this, such as involved participation risks (eg,
participants may not want to identify with researchers’ labeling
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of fear of harm) and opportunity costs (eg, participating in
research might mean less time for work or attending doctors’
appointment) [42]. To address these concerns, researchers should
schedule in-person face-to-face contact with community leaders
and organizations, as well as recruitment presentations and
meetings in the community where they could present the
objectives of the study, articulate how participation in research
would benefit the community directly, and address queries and
for the community to know the researchers in person.
Second, the road map should identify different forms of
communication inequalities. Perhaps the most visible form of
communication inequality would be the lack of access to these
technologies, be it desktops, laptops, smartphones, or wearables
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[43], in addition to other factors, such as literacy level and the
degree of confidence and efficacy in navigating digital media.
Requiring participants from underserved groups to take a portion
of their paycheck to purchase communication gadgets is nearly
unthinkable, considering their financial constraints. Although
this is intuitive for the most part and for many researchers
working with urban or rural people from lower socioeconomic
groups, what is less apparent is factoring in the hidden costs
that underserved populations need to pay to maintain the
connection and use of the device. This is known as connection
maintenance cost, or recurring expenditure, which could refer
to the additional financial, time, and energy resources that people
from lower socioeconomic groups need to pay to use eHealth
interventions [12,17]. For instance, people from underserved
groups are more likely to face difficulties in dealing with
technical difficulties and experience intermittent internet
connection [44].
After identifying these factors, researchers need to propose
tangible solutions to address each of these communication
inequalities and reflect their commitment through their research
budgets. For C2C and SNAP, we provided not only the actual
devices required for interventions (eg, computers, web portals,
and smartphone apps) but also paid for broadband internet access
for participants to ensure that they do not face intermittent
connectivity problems, which would dilute the effectiveness of
the interventions. We saw some degree of success, especially
for our C2C project, where we found that when provided with
internet access, participants from underserved groups increased
the use of the internet for capital-enhancing purposes, such as
seeking health information, contrary to critics who assumed
that underserved groups would only use the internet for
entertainment purposes [45].
In addition, beyond identifying deficits in access to
communication technologies, research teams and researchers
could creatively design eHealth interventions by leveraging the
communication gadgets that the underserved groups are already
using instead of introducing or imposing newer forms of
technologies that might be met with skepticism. For instance,
instead of asking participants to purchase wearables for health
tracking, which would be out of their budget, research teams
could design health apps that achieve the same functions but at
little to no cost to participants. For this reason, for our SNAP
project, the Ethica app was repurposed to allow our participants
to engage in participatory research on tracking exposure to
tobacco messages in their external and web-based environment
at no cost.

Principle 2: Engage Multiple Stakeholders
From the Beginning for the Long Haul
In the pursuit of developing technologies for underserved
populations, the temptation is to develop a technological messiah
complex, believing that the success and failure of eHealth
interventions in improving health rest solely on researchers or
the technology. Our experience in working with underserved
populations through the years has demonstrated that even
well-resourced institutions can be rendered ineffective if they
adopt a lone wolf approach in the implementation of eHealth
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interventions among people from lower socioeconomic groups.
Even large anchor institutions such as hospitals need to partner
with both public and private organizations if they want to make
a sustainable change in the community in which they are located
[46], as they may not have a comprehensive understanding of
the challenges faced by people in their neighborhood. As such,
we advocate researchers to consider a participatory approach
and involve and engage different stakeholders from the get-go
when designing technology.
We found that engaging multiple stakeholders from the start is
nonnegotiable in the development and implementation of
eHealth interventions. Although researchers may possess the
technological expertise (eg, developing web portals and
programming apps for mobile phone solutions) and rigorous
training in social-scientific theories, they do not have expertise
on the contextual conditions in which the interventions are
implemented. Such expertise lies with the users and stakeholders
in the community. Depending on the context, there may be a
lack of trust in the researchers (ie, underserved populations may
have fears about how their data may be misused), uncertainty
in how the results would be used (ie, profiling of racial
minorities), or a lack of awareness and education regarding the
benefits of incorporating the interventions [47]. Therefore, by
identifying key stakeholders and forging long-term synergistic
collaborations, researchers could benefit from stakeholders’
connections within underserved groups and provide scientific
expertise that would be relevant in equipping and empowering
stakeholders.
So, who are the key stakeholders, and what would be the best
way to engage them? There are many types of organizations
and individuals that can directly or indirectly influence the
success or failure of eHealth interventions [20,48]. Here, we
highlight three distinct groups: (1) CBOs, (2) individuals from
underserved groups, and (3) their social networks. CBOs play
an important public health function within underserved groups.
They are well-entrenched within the communities they work
with and thus would have greater credibility [49,50], a better
grasp on the daily health and financial challenges faced by
individuals in the communities, and an intuitive sense of what
type of interventions would work. For individuals, it is critical
that researchers start to think of the target audience of our
eHealth interventions not as passive receivers of information
and help but as active members of the communities they are in.
Beyond reaching a specific individual, it is critical to engage
people as a group, as research has shown that social capital and
interpersonal communication can facilitate information sharing
and trust and leverage collective actions to foster a sense of
community when using eHealth interventions [27,29].
For PLANET MassCONECT, our strategy was to add value to
CBOs by developing a web-based health portal that could
function as a one-stop-shop by pulling public health data that
would be relevant for their day-to-day work. However, we
wanted to do so in a way that would organically foster a culture
of learning that would be sustainable and continue even after
our prescribed intervention period. To do so, we intentionally
structured the web-based portal training to facilitate the fostering
of social networks and strengthening of ties and relationships
among staff members from different CBOs. Apart from the staff
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members receiving the most up-to-date knowledge and training
in the use of web-based portals to enhance their work, the most
valuable work was the creation of a network of dissemination
specialists [39] where they could lean on each other for
resources when the project ended.
For project SNAP, we attempted to leverage the ubiquity of
mobile phones by promoting citizen science among our
participants. Citizen science is a participatory approach where
people are actively engaged in data collection and knowledge
translation [51], as opposed to subjects where their role would
be more passive. To understand the degree of disproportionate
tobacco advertising targeted at underserved groups in Boston
and Houston, we empowered our participants to take on the role
of a collaborator in data collection, where they would snap
photos of tobacco messages they encountered in their built
environment for a period of 8 weeks. We also monitored their
social interaction and how often they smoked together and
engaged in conversations regarding smoking and quit attempts.
Although we advocate long-term collaborations with multiple
stakeholders, we are mindful that the downsides of
collaborations are that the formation of new relationships is
resource intensive, and some stakeholders may ultimately not
fulfill their obligations. To circumvent these problems, existing
implementation science and public health research have
advocated having the following three components to ensure that
community engagement projects are sustainable over the long
run: (1) institutionalized participation, (2) investment in
communities, and (3) knowledge production and transfer.
In the context of eHealth intervention projects, although
developing and managing relationships with stakeholders could
be challenging, a structured and systematic approach to
institutionalizing the participation of different stakeholders
through formal agreements and engagement plans could provide
a scaffold to support such collaborations. Moving beyond formal
agreements, investing in communities that health organizations
serve could foster greater trust among different stakeholders.
These could be achieved by building capacity among different
stakeholders, raising digital skills, creating collaborative
networks and sharing resources, and empowering individuals.
An example of this could be large anchor organizations (eg,
large hospitals in communities) taking the lead and creating
communities of practice, where other health organizations can
come together periodically (eg, annually) to share best practices
of using eHealth interventions to address health disparities and
their challenges [17]. Finally, the knowledge gained from
eHealth intervention projects should be translated into actual
practice, and that is where smaller organizations with experience
working with underserved groups could provide contextual
insights on what works and under what circumstances.

Principle 3: Design With Usability in Mind:
Enhancing Readability and Navigability
One of the most difficult challenges in undertaking eHealth
intervention design for underserved groups is that besides
tackling issues pertaining to technology, design, or even costs,
public health organizations, researchers, and technology
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developers need to understand how usable technologies are to
underserved populations in their day-to-day lives. One of the
pitfalls for public health researchers involved in building and
leveraging communication technologies is having the implicit
belief that having technology itself accompanied by the big data
it collects as well as sophisticated artificial intelligence
algorithms to analyze it would be the panacea in solving health
problems brought about by disparities [52]. However, our
experiences informed us that at the end of the day, usability is
a major factor in technology adoption [53].
When we conducted usability testing for our C2C web portal,
we found that one aspect of usability that was often overlooked
was the readability of the information presented. We found that
although individuals from underserved groups expressed interest
in using health web portals, one of the main hindrances was site
readability—whether the content is easily digestible by the
intended participants. The participants had very low literacy
skills and did not understand some of the languages presented
on various pages of the site, although it was perceived as simple
for the researchers. It became apparent that for the web portal
intervention to work, the language would need to be simplified
to a very basic level, and terms should reflect literal meanings
(eg, no difficult words or metaphors). In addition, even when
we provided links to external resources, these websites should
be curated for the suitability of low literacy audiences. The
focus on content and designing the portal, with readability as a
priority, was a crucial factor determining its success through
three pathways. First, it has been well established by research
that when individuals pay attention to media content [30,54],
they are more likely to gain knowledge. Second, research has
shown that when individuals pay attention to content delivered
via the internet (ie, web portals), they are more likely to engage
with others in interpersonal discussion [30], eventually leading
to the acquisition of health knowledge, as individuals within
social networks help make sense and connect the dots. Third,
websites may motivate elaborative processing, the act of
connecting new pieces of information with one’s knowledge,
associated with knowledge gains [31].
A second aspect of usability that researchers should pay attention
to is the navigability aspect—the ease of traversing one page
to another to look for information or activate certain functions.
In our C2C web portal (Figure 2), we deliberately designed the
main navigation panel to be situated on the left-hand side of the
webpage without any top panels that one might see in other
similar sites. In the original design, we had a top panel with
links to our health content for participants and a left panel with
links to external sites, similar to existing health portals.
However, the participants were confused as to why there were
2 panels and often relied on the left panel bar, which only
brought them to external sites, and they missed out on accessing
the actual health content we had prepared for them, which was
accessible only from the top panel. To achieve a parsimonious
look and simplify use for our participants, we consolidated the
navigation panel to the left side of the portal.
For the SNAP project, we found that it is critical to communicate
successful navigation with clear visual cues when designing
mobile apps for health, although it may be simple. One of the
key features of the app was enabling participants to take photos
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of anti- or pro-tobacco messages they came across in their daily
lives (eg, billboards, advertisements, and shops), which allowed
us to map out hotspots of tobacco messaging [31]. In the earlier
version of the app, participants needed to manually return to
the home page of the app after submitting the photo. However,
as they were not brought back to the main page directly, they
were confused about whether their photo submissions were
successful. Another key feature of our app was a snooze function
that enabled participants to pause passive data collection by the
app should they want privacy at any point in time. However, it
was not clear to the participants if they were successful in
pausing the data collection after hitting the snooze function,
and some went to their phone settings to manually disable the
geolocation tracking by the app. After the feedback, we designed
a pop-out SMS text message that clearly highlighted that data
collection was paused after they clicked the snooze function.
On the basis of our experiences, we list the following concrete
steps that researchers could consider when implementing
eHealth interventions in low-resource settings to enhance
readability and navigability. First, we strongly recommend that
usability testing sessions be designed to explicitly obtain data
on how easy it is for participants from underserved groups to
comprehend the health content administered through digital
gadgets, as well as asking them to provide comments and
feedback on how easy (or difficult) it is to navigate and use it.
Second, in addition to structuring the usability sessions in a
traditionally passive manner where participants simply perform
the tasks required, researchers could adopt a think-aloud protocol
of interviewing [55]. The think-aloud interview requires
participants to engage in certain tasks: it could be reading
content or navigating features of certain health technology and
simultaneously expressing their thoughts on whether they found
the tasks easy or difficult, which would be recorded [56]. Then,
the data could be transcribed and analyzed quantitatively for all
participants. In this way, gaps in readability and navigability
could be systematically captured and analyzed, providing
researchers with empirical insights into areas where significant
changes should be made.

Principle 4: Build Privacy Safeguards Into
eHealth Interventions and Communicate
Privacy-Utility Tradeoffs in Simplicity
With the increasing amount of data collected through eHealth
interventions and the public scandals around privacy intrusion
and data breaches, it is critical that researchers make privacy
and ethics a conversation to have with participants right from
the get-go. As the smartphone app used in our SNAP project
aimed to collect high-density spatiotemporal data from
participants ranging from their web searches to geolocations
and the social networks they came into contact with, which are
highly personal, we aimed to communicate privacy protection
measures to our participants even at the app design stage.
There were several levels of privacy safeguards that were put
into place. On a macro level, the app was compliant with the
General Data Protection Regulation requirements [52,57], where
participants had the right to access or delete their data. In
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addition, the app was programmed to collect data passively as
participants went about their daily lives with a snooze function
that they could turn on if they wanted to stop data collection
temporarily for any reason.
Although these safeguards were in place, we found that the
biggest gap was in the area of communication of privacy
measures. During our usability testing, many participants did
not understand the function of the snooze button and why it was
necessary; many, in fact, suggested removing the snooze
function altogether. This highlighted a difference in how
participants and researchers approached issues of privacy and
indicated to us that some participants might not fully grasp
concepts of data privacy, protection, and rights and ownership
that we as eHealth interventions researchers are so used to. As
such, we recommend that researchers intentionally involve
participants from underserved groups in designing privacy
features through either focus group or usability testing sessions.
This would allow researchers to hear the participants’ concerns.
In other words, researchers should dedicate a portion of the
eHealth intervention training to explain clearly what privacy is,
why it matters to the participants, what data are collected, what
are the rights over their data, and how they could exercise those
rights.

Principle 5: Strive for an Optimal Balance
Between Open Science Aspirations and
Protection of Underserved Groups
Finally, in the field of eHealth interventions, it is inevitable for
researchers to engage in the conversation between the need to
strive for open science and protect the voluminous amount of
data obtained from communication technologies used in the
interventions. The push for researchers to adopt the open science
movement is a fairly recent phenomenon, driven in part by the
rise in big data and artificial intelligence research [58].
Researchers who subscribe to the open science movement aim
to foster collaborative networks across research institutions and
countries by promoting a culture of openness in sharing data
and algorithms alongside publications. There are many
advantages to the open science paradigm, which address the
replicability crisis in social science by enabling other researchers
to reproduce similar results with the same data and code, prevent
questionable research practices such as p-hacking, and promote
best practices of code writing and analysis where others could
see and provide constructive criticisms on best practices for
data preparation as well as code writing [59].
For many researchers who work in the intersection between
eHealth interventions and health promotion among underserved
populations, such as ours, we find ourselves in an ideological
conundrum. As social scientists, we aspire toward the rigor and
collaborative culture of the open science paradigm; on the other
hand, we are bound by our commitment to protectively guarding
the data collected from underserved groups, knowing that the
data could further penalize them if they fall into the wrong
hands. For instance, we could track the websites that our C2C
participants visited, although they may not be directly related
to the project. Through our SNAP project, we collected data at
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a granular level where we could know and map individuals’
web-browsing patterns, know where they travel to (down to a
specific latitude and longitude), and gain insights into the
frequency of social contact with their friends captured by
Bluetooth data, which provided information when our
participants were physically co-located in a given environment.
If malicious actors or organizations gain access to these data,
they could capitalize on the insights drawn from the data at the
expense of people from lower socioeconomic groups.
Although we as a community are still learning to balance this
tension, there are several practical steps that one could take to
achieve a reasonable balance between embracing open science
and data protection. The most basic step researchers could take
is to always aggregate data so that sensitive details of individuals
would retain a higher level of anonymity. For our C2C
intervention, although we could potentially track the
web-browsing behaviors of underserved populations, we chose
to collect data at the household (ie, aggregate) level, knowing
that this tradeoff would provide an additional layer of protection
for our participants. As for geolocations captured through
smartphones in our SNAP study, although we could analyze
the data at the most granular level (eg, the exact locations they
have visited down to the seconds), we collapsed the geolocations
into 10-minute bins for analyses, making it potentially more
difficult to trace the geolocation patterns to specific individuals.
Analyzing data at the aggregated level gave us the confidence
to present sensitive information (eg, hotspot maps) without
compromising the privacy of our participants.
A second practical way to balance the tension between open
science and participants’ privacy is to host the data and analyze
them through a secure remote data storage and analysis
environment as much as possible, as opposed to storing and
analyzing data in researchers’ desktops in the office or personal
laptops. This is part of good data hygiene; after all, the security
of personal desktops and laptops has a higher likelihood of being
compromised compared with a secure cluster computing
environment. For instance, we relied on the remote computing
environment provided by the Institute of Quantitative Social
Sciences at Harvard University for data management and
analysis of part of our SNAP data. Apart from the universities’
cluster computing environment, researchers may seek out
trustworthy companies involved in cloud computing to curate
their data management and analysis pipeline.
Third, researchers could promote or engage in selective openness
depending on the nature of their eHealth interventions. For our
capacity-building work with CBOs in Planet MassCONECT,
the sharing of data and best practices were done in a safe zone,
where the audiences are staff members from different CBOs
involved in similar work with underserved groups. Thus,
openness is achieved in an environment of trust and familiarity,
where information sharing on best practices would benefit all
CBOs. At the same time, by only sharing data and information
with those invested in the communities, it prevents external
organizations or individuals from accessing sensitive data.
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Limitations
We are mindful that while we aim to provide a synthesis of the
principles over the decade, there are several limitations. First,
we recognize that every research team and organization working
with underserved groups have unique challenges and that some
of our recommendations may not be directly applicable. As
such, it is important for research teams to be keenly aware of
their own unique contexts and only apply those strategies and
principles that are most relevant. Second, as most of our work
was conducted in the United States, there may be cultural
barriers specific to different countries. For instance, cultural
worldviews such as fatalism may further impede eHealth
intervention adoption because of the inherent belief that there
was nothing that patients could do to avoid contracting certain
diseases [29,60].

How the Proposed Principles
Complement Existing Knowledge in
eHealth Interventions
Despite the limitations, there are several ways in which the
proposed principles will address gaps in knowledge within
existing eHealth intervention research. Currently, research on
eHealth interventions in the context of health disparities
typically focuses on improving usability design [61], identifying
factors to improve adoption [3], and how digital health
technologies may amplify inequality [6]. We build upon the
current knowledge of eHealth interventions in a few ways. First,
we argue that the success of eHealth interventions goes beyond
usability and interface issues, and researchers and technology
developers need to pay attention to the broader context that
would influence the eventual adoption and use of digital health
technologies. Second, we strongly advocate that eHealth
interventions will need to be embraced and supported by
multiple stakeholders over the long run to have a tangible impact
on the health of underserved groups. This would involve
building networks and technological capacity among
under-resourced CBOs so that they could effectively leverage
eHealth interventions in their daily work. Finally, we highlight
the need for the research community to be transparent and
address privacy concern issues collectively with participants
from the get-go to balance the benefits of open science and
protect the data of communities that embrace the use of these
technologies. Future research could extend our research by
studying the broader contextual factors that facilitate or impede
the use of eHealth interventions by health researchers using a
case study approach [62]. This would enable researchers to gain
a holistic understanding of the specific opportunities and
constraints faced by organizations in eHealth intervention
research. In addition, future scholars could conduct longitudinal
field experiments to ascertain the effectiveness of eHealth
interventions in addressing health disparities over the long run,
as well as to systematically examine how openness and
transparency with privacy issues may improve trust and adoption
of eHealth interventions among underserved groups.
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Conclusions
There has never been a more exciting time to be involved in the
development and implementation of eHealth interventions
among underserved groups. With advancements in big data
platforms and artificial intelligence, there are multiple
opportunities to leverage technologies and data to improve
health for the underserved [17]. However, the aspects of
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technology design and data analysis are small puzzles in the
scheme of the big picture. The implementation of successful
eHealth interventions ultimately rests on how well researchers
understand the barriers to and facilitators of technology
acceptance. Beyond that, researchers need to understand the
digital media landscape of underserved populations, navigate
and grasp sociocultural norms, as well as bring organizations,
communities, and individuals on the same page to address health
disparities through technology.
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Abstract
The COVID-19 pandemic has fundamentally changed how Canadians access health care. Although it is undeniable that the rapid
adoption of virtual care has played a critical role in reducing viral transmission, the gap in equitable access to virtual care remains
pervasive for Canada’s aging and ethnocultural minority communities. Existing virtual care solutions are designed for the
English-speaking, health-literate, and tech-savvy patient population, excluding older ethnic adults who often do not see themselves
reflected in these identities. In acknowledging the permanency of virtual care brought on by the pandemic, we have a collective
responsibility to co-design new models that serve our older ethnic patients who have been historically marginalized by the status
quo. Building on existing foundations of caregiving within ethnocultural minority communities, one viable strategy to realize
culturally equitable virtual care may be to engage the highly motivated and skilled family caregivers of older ethnic adults as
partners in the technology-mediated management of their chronic disease. The time is now to build a model of shared virtual care
that embraces Canada’s diverse cultures, while also providing its older ethnic adults with access to health innovations in partnership
with equally invested family caregivers who have their health at heart.
(J Med Internet Res 2022;24(1):e29876) doi:10.2196/29876
KEYWORDS
virtual care; digital health; health equity; cultural equity; chronic disease; caregivers; ethnocultural minority; older adults; ethnicity;
ethnic patients; technology-mediated care; equity; diversity; family

Virtual Care in a Postpandemic World
The COVID-19 pandemic has fundamentally changed how all
Canadians access health care. As initial media coverage showed
unsettling scenes of Canada becoming overwhelmed by this
new virus, we felt a sense of unease about our own health and
the new ways in which we would receive care. With our health
care systems stretched and strained to reduce the devastation
wreaked by the pandemic, virtual care solutions were rapidly
adopted to maintain continuity of care and deliver essential
https://www.jmir.org/2022/1/e29876
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services. Yet in looking deeper at how virtual care became the
new standard of care during the pandemic, we know now that
this technological transformation did not always benefit those
most in need.
Virtual care is defined as “any interaction between patients
and/or members of their circle of care, occurring remotely, using
any forms of communication or information technologies, with
the aim of facilitating or maximizing the quality and
effectiveness of patient care” [1]. The first wave of the
COVID-19 pandemic forced a sharp decline in in-person
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primary care visits in Canada’s most populous province of
Ontario as phone and video consultations became the de facto
means of accessing care [2]. The second wave of the COVID-19
pandemic saw an even greater shift to virtual care delivery
across diverse health care settings such as physiotherapy and
postoperative care [3]. Although it is undeniable that virtual
care has played a critical role in reducing viral transmission,
the future of health care cannot simply be a matter of
transitioning current models of care to virtual settings.
Sustaining virtual care beyond the pandemic requires us to
thoughtfully consider the emerging needs of our society. The
Canadian population is growing older, and at the same time,
more ethnically diverse. When we look at Canada’s growing
demographic of aging and ethnically diverse adults, the risk of
inequity is stark. First, older adults aged 65 years or older
comprise 18% of the total population and 9% of the visible
minority population [4,5]. Second, visible minority older adults
are the fastest growing demographic in Canada [6]. Finally, the
impact of chronic disease among older adults places a growing
burden on our health care system: over 70% of older adults have
been diagnosed with at least one of the 10 most common chronic
diseases [7,8]. Without a shared strategy to provide equitable
access to health care for this emerging population, virtual care
runs the risk of exacerbating existing health care inequities for
older ethnic adults living with chronic disease [9,10].

self-management behaviors in order to receive care will likely
result in even greater isolation and heighten their existing
struggles to safely age in place. This feat can be insurmountable
in the best of times and is even more overwhelming during a
global pandemic when these communities are already
experiencing greater health and economic needs [16-19]. Current
virtual care models ultimately fail to acknowledge the reality
that the same older ethnic adults who are challenged to adopt
virtual care are also more likely to have complex health needs
and greater difficulties accessing health care [20]. For a
population that already experiences deeply rooted health, social,
and economic inequities, the inability to access virtual care
nearly guarantees that older ethnic adults will struggle to receive
any care from increasingly digital-first health systems in a
postpandemic world. We believe a new model of virtual care
that rejects burdening older ethnic adults with complex
requirements in order to access care is desperately needed. One
viable strategy to realize culturally equitable virtual care may
be to engage the highly motivated and skilled family caregivers
of older ethnic adults as partners in the technology-mediated
management of their chronic disease.

In this viewpoint, we refer to the ethnic groups that make up a
minority of the Canadian population according to census data
and the cultures which characterize them as “ethnocultural
minority” communities [11]. Ethnicity comprises the shared
aspects of belonging to a group, such as language, ancestry,
nationality, and values [12]. The social practices, behavioral
norms, and physical expressions of societies—such as traditions,
customs, and ideologies—form their culture [13]. Our use of
the term “ethnocultural” captures both the shared group aspects
and social practices that define ethnicity and culture respectively.
In using this terminology, we aim to highlight the ethnic and
cultural aspects of caring as factors that influence how patients
are able to access virtual care but are often not considered in
the design of virtual care platforms.

Virtual care is here to stay. In acknowledging this new reality,
we have a rare opportunity to engage older ethnic adults in
virtual care by building on the values that are deeply embedded
in their collectivist communities [21]. Despite nuances in how
caregiving is defined across cultures, there is a common
perception that caring for one’s family is a natural and expected
part of life [22]. Across many Asian cultures, familial kinship
and filial piety represent a deep commitment to caring for aging
parents [21]. Although familial kinship places greater value on
sharing caregiving responsibilities across family members, filial
piety focuses specifically on the parent-child relationship and
the practice of caring for one’s parents [21,23]. Both familial
kinship and filial piety emphasize the value of intergenerational
relationships and family-centered approaches to caregiving,
which see adult children heavily involved in the role of caring
for their ailing parents [23]. We can build on the existing
foundations of caregiving within ethnocultural minority
communities to establish older ethnic adults and their family
caregivers as true partners in virtual care.

Early findings on the spread of virtual care during the pandemic
in the United States have revealed that older adults, those with
limited English proficiency, and those from ethnocultural
minority communities have reduced access to virtual care
services [10]. Promising work has been done at the intersection
of aging, technology, and diversity to improve equity and access
to virtual care; solutions include involving patients in technology
co-design, increasing access to language interpreters, developing
training materials in collaboration with community-based
organizations, equipping community centers with the devices
and space to receive virtual care, and offering low-tech care
options such as telephone visits to improve access [14,15].
However, existing virtual care solutions are often designed for
the English-speaking, health-literate, and tech-savvy patient
population, and are informed by a biomedical model of health
and illness. Older ethnic adults often do not see themselves
reflected in these identities and, as such, continue to be excluded
from receiving virtual care. Issuing these communities an
ultimatum to successfully learn complex technological and
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The Opportunity for Family Caregivers to
Become Virtual Care Partners

Acting on the opportunity presented by this model of care
requires us to first understand the intrinsic strengths of family
caregiving. Family caregivers provide comprehensive and
critical assistance to older ethnic adults navigating the health
care system [24]. Although this role can be assumed by partners,
siblings, grandchildren, extended family, and friends, the vast
majority of caregivers in Ontario are adult children [25].
Through a lifetime of shared experiences, adult children bring
an invaluable wealth of knowledge about their parents’ health,
social, economic, and supportive needs. Their linguistic and
cultural relation to their parents affords them some jurisdiction
to make joint decisions on how to manage health and illness
[26]. These values of familial kinship and filial piety, the cultural
embeddedness of caregiving, and the ability to inform health
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care preferences and practices can empower adult children to
not only care for their parents, but also to see the value of
participating in chronic disease comanagement using virtual
care [21-23,27-31]. Many adult child caregivers are also highly
educated and have strong digital and health literacy skills
[32-34]. Recent census data examining second-generation
Chinese and South Asian Canadians—communities that place
high value on filial piety—revealed that these groups are
generally highly educated and working in advanced information
technology occupations [35]. The adult children of older ethnic
patients thus present as an extremely valuable resource with
skills that will allow them to be the index user of virtual care
technologies in the patient-caregiver partnership, thereby
removing the burden on their parents to adopt technology [32].
Leveraging this opportunity to comanage chronic diseases
through virtual care also requires us to carefully consider the
challenges and implications of family caregiving. Caring for a
sick family member is psychologically, physically, socially,
and financially demanding; experiences of caregiver burnout
are unfortunately common [36-39]. The cost of caring for an
older family member and witnessing their loss of independence
and functional decline can manifest as negative feelings of loss,
hostility, and anxiety among family caregivers and strain
relationships [40-42]. Caregivers of ethnocultural minority
communities also exhibit higher levels of involvement in care
activities compared to other ethnic groups, which can further
impede their quality of life [43]. In particular, the cultural norms
of many ethnocultural minority communities often place the
responsibility of caregiving on wives, daughters, and
daughters-in-law [23]. Virtual models of shared care should be
designed in a way that reduces this gendered burden and
removes the need for women to make personal sacrifices to
fulfill their filial responsibilities [44].
Significant privacy implications must be considered when
operationalizing a model of shared virtual care. Although there
are many benefits to sharing personal health information in this
context, patients and their caregivers should be informed of the
risks of granting shared access. Having caregivers be privy to
previously unknown and oftentimes sensitive information can
lead to undesired changes to the parent-child relationship and
an unintended loss of patient autonomy [45]. For instance,
gaining access to personal information can lead caregivers to
dominate care decisions and communication with providers,
thereby reducing the patient’s participation in, and control of,
their own care [46]. Establishing routine communication
exercises that revisit roles and responsibilities around shared
decision-making and care actions, and creating processes that
ensure active patient engagement, can help partners to better
navigate their shared roles.

Reimagining Virtual Care to Be Culturally
Equitable for Older Ethnic Adults
The future of virtual care for older ethnic adults beyond the
COVID-19 pandemic will require a reimagining of the ways in
which ethnocultural minority communities access and receive
care. Virtual care models that formally engage caregivers have
shown promise in improving access to primary and chronic care
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for older ethnic adults. Latulipe and colleagues [47,48] recently
showed that creating caregiver proxy user accounts in patient
health portals can allow patients with limited English language
proficiency to fully benefit from technologies they would be
unable to access otherwise. Piette and colleagues [49-52] have
led a decade’s worth of formative and definitive trials to study
the effectiveness of the CarePartner program and its
implementations for heart failure, cancer, diabetes, and mental
health. Patients in the CarePartner program complete automated
symptom assessments through an interactive voice response
(IVR) system and receive tailored health and behavioral advice
on how to manage their symptoms. Their caregiver receives a
structured report automatically via email with information about
the patient’s health and what they can do to help. The program
has demonstrated significant improvements in symptom
management, medication adherence, health service utilization,
and emotional coping, with patient-partner dyads reporting
improved frequency and quality of communication [51-54]. It
is worth noting that the CarePartner Program maintained its
effectiveness when deployed in Bolivia to support the dyadic
management of diabetes and hypertension [49]. Findings from
the randomized trial comparing IVR alone or with automated
feedback sent to a caregiver after each IVR assessment showed
that caregiver feedback increased engagement with IVR most
significantly among patients of Indigenous ethnicity and those
with low functional health literacy [55].
Motivated by the successes of dyadic virtual care programs, our
team [56] has started to formalize caregiver inclusion in the
service design and delivery of our virtual clinics for heart failure
and cancer survivorship. Our Medly Clinic [57] supports remote
heart failure monitoring [58-61], while our Ned Clinic [62]
enables asynchronous prostate cancer survivorship care [63,64].
Both virtual clinics have historically excluded patients who
were not comfortable using technology, did not have an email
address, and had limited English proficiency; we previously
assumed that these factors would challenge patients to use clinic
services as intended and derive benefit. The onset of the
COVID-19 pandemic created urgency to eliminate barriers to
the Medly and Ned clinics as they enabled the provision of
services like medication titration and follow-up visits that were
paused due to institutional lockdown orders. As a result of
increased patient demand for these services, both clinics began
enrolling a growing proportion of older ethnic adult patients
who were accompanied by their family caregivers and relied
on them to adopt the clinic technology. This off-label dyadic
approach to onboarding patients who would otherwise not
qualify for virtual clinic services brought to light a unique
opportunity to formally adapt the clinics for diverse cultural
groups. We have since developed Medly Caregiver Live Reports
to enable caregivers to view their partner’s data generated on
the Medly patient app (Figure 1). In parallel to this effort, we
drafted new standard operating procedures to formally enroll
patient-caregiver dyads into the Ned Clinic and support their
shared use of the platform. Our Ned Partners service includes
expanded recruitment and onboarding materials, a tips sheet
and informal agreement for dyads to align on the challenges of
survivorship comanagement, and adapted workflows to
accommodate changes in their involvement in the clinic and
ownership of care tasks over time (Multimedia Appendix 1).
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We believe that Canada’s virtual care road map requires
systemic reform to improve the health and social outcomes of
its ethnocultural minority communities. By 2031, 32% of
Canada’s population is projected to belong to a visible minority
group [65]. As this population ages, they deserve to receive
virtual care that they perceive to be acceptable, appropriate, and
aligned with their cultural beliefs. We have a collective
responsibility to co-design new models of virtual care that reflect

Pham et al
these ideals and deliver measurable and sustained impact. Only
then can virtual care transition from an exclusive service to an
equitable standard that serves those patients who have been
historically marginalized by the status quo. The time is now to
build a model of shared virtual care that embraces Canada’s
diverse cultures and provides its older ethnic adults with access
to health innovations in partnership with equally invested family
caregivers who have their health at heart.

Figure 1. Medly Caregiver Live Report screenshots displaying patient partner health status and data generated on the Medly patient app.
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Abstract
In the wake of the COVID-19 pandemic, digital health tools have been deployed by governments around the world to advance
clinical and population health objectives. Few interventions have been successful or have achieved sustainability or scale. In
India, government agencies are proposing sweeping changes to India’s digital health architecture. Underpinning these initiatives
is the assumption that mobile health solutions will find near universal acceptance and uptake, though the observed reticence of
clinicians to use electronic health records suggests otherwise. In this practice article, we describe our experience with implementing
a digital surveillance tool at a large mass gathering, attended by nearly 30 million people. Deployed with limited resources and
in a dynamic chaotic setting, the adherence to human-centered design principles resulted in near universal adoption and high
end-user satisfaction. Through this use case, we share generalizable lessons in the importance of contextual relevance, stakeholder
participation, customizability, and rapid iteration, while designing digital health tools for individuals or populations.
(J Med Internet Res 2022;24(1):e27952) doi:10.2196/27952
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Introduction

The Nashik Kumbh Mela

In 2020, the government of India announced the National Digital
Health Mission (NDHM), a vision for a federated health
information ecosystem that is expected to catalyze India’s digital
health transformation [1]. The NDHM distinguishes itself from
its predecessors by embracing an enabling platform approach
that is expected to allow market solutions like mobile apps and
wearables to seamlessly interface with patient health records,
opening the possibility of exponential growth in digital solutions
in both the public and private sectors [2-4].

The Kumbh Mela is a religious mass gathering that occurs every
3 to 4 years at 1 of 4 pilgrimage sites in India [23]. In 2015, the
Kumbh Mela was held in the adjacent towns of Nashik
(population: 1,486,053) and Trimbakeshwar (population:
12,056) from August 26 to September 25, 2015, and attended
by an estimated 30 million people [24,25]. A span of three 3-day
festivities at each site marked the most auspicious days when
the majority of pilgrims seek a dip in the holy waters of the
Ram Kund (pond) in Nashik or the Godavari river in
Trimbakeshwar.

Though the proposed open ecosystem provides an unprecedented
opportunity for growth and competition in the development of
digital health tools, the lack of systematic approaches to evaluate
and validate digital health interventions risks diluting the impact
of the very large investments expected in this space [5-7]. The
vast majority of digital health interventions fail to scale for a
variety of reasons, including the lack of human-centered design
and poor contextual knowledge [8,9]. These challenges are
further exacerbated in low resource settings that suffer from
significant institutional voids [10,11]. The near-universal
spectacle of overburdened providers entering data in
hard-to-navigate survey forms points to the emphasis placed on
programmatic and reporting needs, instead of the needs of the
key users, namely, patients and health care providers [12,13].
Solutions that have succeeded have demonstrated a commitment
to human-centered design and a deep understanding of the
infrastructural, social, and economic constraints faced by
providers in primary care settings. Programs like Gujarat’s
TECHO platform for maternal and child health services in tribal
communities and Sangath’s ESSENCE program for training
community health workers in mental health have relied on a
resource-intensive strategy that combines task-shifting, training,
and technology for successful digital health implementation in
India [14,15]. These programs adopted iterative ideation,
prototyping, and testing cycles early in their product design
process [16,17].
In this paper, we describe the successful implementation of a
mobile health tool in a dynamic transient setting, the 2015
Nashik Kumbh Mela in India, where the administrators had
minimal to no time allocated to training providers, and yet,
adoption was near universal. The tool was used by over 100
clinicians to enter data and track performance, and by state
administrators to monitor disease outbreaks in real-time [18].
The tool also provided essential data on utilization,
resource-allocation, and prescription patterns. We attribute the
tool’s success to adherence to human-centered design principles,
great emphasis on user experience, meticulous attention to
workflow, and strict adherence to data minimization, principles
which may serve well the many large-scale digital health rollouts
being attempted all over the developing world [19-22]. Through
this use case, we share generalizable lessons in the importance
of contextual relevance, stakeholder participation,
customizability, and rapid iteration, while designing digital
health tools for individuals or populations.
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As with all Kumbh Melas, the state government serves as patron
and host, providing a range of services to ensure the well-being
and safety of the visitors and the local population. Preparations
begin months in advance and entail additional transport
facilities; staging of incoming traffic away from crowded zones;
provision of clean water supply, electricity, and temporary
shelter; and construction of over 50 temporary health care
facilities along the arterial routes leading to the pilgrimage sites
[26,27]. These clinics are staffed by a physician, nurse, and
pharmacist, and offer little to no laboratory tests. The concern
for stampedes and disease outbreaks is high at the Kumbh Melas,
and governments have historically invested significant resources
toward mitigating the risks for both [28-32]. Strict water quality
monitoring, provision of clean safe drinking water, and provision
of health outposts (clinics) have been the norm at these Melas
[30]. Physicians posted at these clinics routinely have no more
than a couple of minutes to see each patient, and hastily scribble
down the patient’s chief complaint on a paper-based log.
In 2015, the Public Health Department, Government of
Maharashtra, invited our team of researchers to build on prior
experience at the Allahabad Mela, to create a digital disease
surveillance system for the 2015 Kumbh Mela [33].

Designing for Digital Health
We adopted design principles recommended by IDEO’s Field
Guide to Human-Centered Design [34]. These principles also
appear in the more recently published “Human-Centered Design
4 Health” guidelines by UNICEF and in the World Health
Organization’s “Digital Health Implementation Investment
Guide” [21,22,35], all of which underscore the importance of
an approach and recognize that projects loop through the phases
of ideation, inspiration, and implementation multiple times as
they incorporate user feedback in every stage until a refined
solution is ready for scale [17].

Step 1: Inspiration
Assembling an Interdisciplinary Team
The process of inspiration entails an exploration of the
circumstances that motivate the need for a solution [17]. At the
start of the design process, we defined the following 2 groups
of end users: (1) the clinicians staffing the clinics, who would
also be responsible for data entry, and (2) the public health
officials charged with managing potential disease outbreaks.
We assembled an interdisciplinary team that included senior
J Med Internet Res 2022 | vol. 24 | iss. 1 | e27952 | p.405
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state officials (to facilitate subsequent approvals) and
subject-matter experts, including field researchers, data
scientists, clinicians, and medical students with prior experience
at the 2013 Kumbh. This team composition ensured the technical
team had access to rich contextual intelligence from the early
stages of the design process and to senior policymakers.
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Needs Assessment
The research team then carried out a comprehensive review of
prior research and related literature; conducted a series of key
informant interviews with local and state public health
leadership and medical officers; and performed site visits to
understand the layout of the clinics, workflow, potential pitfalls,
and day-to-day logistics (Figure 1).

Figure 1. Workflow at the 2015 Kumbh Mela clinics prior to the intervention. OPD: outpatient department.

During the Melas, each patient encounter is typically recorded
on a sheet of paper known as the “OPD” (outpatient department)
paper, a near ubiquitous document in all state-run primary care
clinics in India. The form used in Maharashtra has not changed
since 1933 and is typically completed for the patient by the
nurse and carried by the patient first to the doctor and then to
the pharmacist, who retrieves the document while dispensing
medication. Various parameters, such as medications dispensed
and clinical diagnoses, are tallied manually and entered into a
log by the nurses and pharmacists at the end of the workday.
The log is then physically transported to a nodal office where
similar reports from all the temporary clinics are totaled and
entered into a spreadsheet that is then transmitted to other
administrators. On busy days, the staff spend hours (over time)
tallying the spreadsheets late in the night to provide actionable
analysis the next morning.
The inefficiency and possible inaccuracy associated with the
system prompted India’s National Disaster Management
Authority to pilot a tablet-based system at the Allahabad Mela
in 2013 [18].In 2015, the then principal secretary of public
health in Maharashtra asked for the disease surveillance system
to be digitized. Acknowledging the significant human labor
associated with tallying the data manually every day, the local
administrative team in Nashik was strongly in favor of digitizing
the data, but skeptical about the participation of clinical staff.
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The clinicians were cautious and guarded about embracing a
new digital tool, fearing that it would make their job harder.

Step 2: Ideation
Common Themes
Affinity diagrams resulting from open-ended discussions with
multiple stakeholders helped identify the following key themes:
the tool would have to offer more than simply a digital medium
to collect data; it would necessarily have to make the jobs of
the clinical staff easier, not harder; it would have to save time;
it would need to avoid redundancy; it would need to result in
actionable, reliable, verifiable, and timely analysis; the clinicians
entering the data would need to see the benefit; it would need
to have little to no barriers for onboarding users; and adoption
and retention would need to depend on the clinician’s user
experience [36]. These observations led to the design decisions
described below.

Data Minimization
The existing paper-based system relegated clinical and ancillary
staff to duplicating a low-yield, inefficient, clerical task. In the
absence of confirmatory tests, syndromic surveillance would
only require daily incidence of presenting complaints. Given
the dynamic population flux in and out of the city, a spike in
absolute numbers could merely reflect a transient rise in the
visiting population. For effective surveillance, the relative risk
of one disease compared to the incidence of others would be
J Med Internet Res 2022 | vol. 24 | iss. 1 | e27952 | p.406
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helpful. The only data points that were strictly necessary for
such syndromic surveillance were comprehensive tallies of all
presenting complaints. Age, gender, and the location of the
clinic would also be informative. Other information like patients’
social histories, the treatments they were given, and even their
vital signs, while all essential for documenting a good clinical
encounter, are unnecessary for syndromic surveillance,

Shaikh et al
especially in a resource-constrained environment with little
analytic or response capacity to use the additional information.

Prototyping
To find a solution that balanced fidelity, speed, and cost, this
stage of the ideation process involved co-creation to ensure that
end-user needs informed design choices (Figure 2) [16,37].

Figure 2. Understanding the layout, context, and disease surveillance needs from public health officials at the start of the Mela.

Historically, having only used tallied data from spreadsheets,
local officials struggled to envision dashboard designs and
requested a printable version of the “table” they were most
familiar with. In order to overcome design fixation, we adopted
parallel prototyping to develop the following 2 sets of outputs:
a data-entry tablet-based interface and a visualization tool for
public health officials.

Tablet Interface
To optimize the tool’s user interface and user experience,
clinicians who would staff the Mela clinics were involved in
co-creating the data-entry tool. The design team met with over
100 doctors and nurses during their preparatory training sessions
a month prior to the Mela. Following an orientation section that
described the intervention at the 2013 Mela and the potential
for real-time analytics for census, inventory, and disease
surveillance, the clinical staff were offered usability testing in
small groups. Users were invited to provide feedback on the
perceived utility and usability of the tool, with particular
attention to the interface (positioning; font type and size; and
entry choices including checkboxes, radio buttons, steppers,
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toggle switches, dropdowns, and list boxes). This process
informed iterative cycles of creation and testing. The inclusion
of end users in this dynamic process helped to foster their sense
of ownership in the process and ultimately resulted in high
adoption rates. The final tool collected only 4 data points
necessary for surveillance and clinical care (the medical record
number [MRN], age, sex, and chief complaint). The MRN was
structured such that it revealed clinic location and date, both of
which were autopopulated in the digital tool, requiring the
physician to only enter the last 3 digits, and this greatly
minimized data-entry errors (Figure 3). A total of 42 presenting
complaints were listed in a drop-down menu, in order of
expected frequency, with autocompletion text options and with
the buttons, font size, and positioning of modules tailored to
physician needs. Date, time, and GPS data were autopopulated
from the tablet data. This degree of attention to the user
experience was necessary to reduce the number of clicks
required of physicians and to reduce their cognitive burden [20].
The abbreviated OPD paper contained a field for the registration
number, and a checklist of diagnoses and the most commonly
prescribed medications (Figure 4).
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Figure 3. An initial mockup of the proposed EMcounter tool, minimizing data entry requirements for providers at the Mela while reducing errors in
reporting for real-time epidemiological surveillance.
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Figure 4. The OPD paper with structured sections and tailored response options, abbreviated from the free-text OPD sheet provided preintervention
to providers at the Mela. OPD: outpatient department.

Dashboards
In addition to the tables requested by the public health officials,
the final product included downloadable tables (Multimedia
Appendix 1), as well as a real-time interactive dashboard that
allowed the user to query and filter the data via several
permutations of location, customized timeframe, age group,
gender, and chief complaint (Multimedia Appendix 1). This
would allow real-time epidemiological exploration of any
https://www.jmir.org/2022/1/e27952
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observed atypical trends, triggering the public health system to
rapidly launch an inquiry or response.

Field Testing
The 50 temporary clinics across Nashik and Trimbakeshwar
included temporary structures made from cloth, bamboo, and
rope; repurposed rooms in existing buildings; and even
designated areas in cavernous temple halls buttressed by thick
stone walls, impermeable to cell phone signals (Figure 5). The
system was designed to transmit data over 3G and 4G
J Med Internet Res 2022 | vol. 24 | iss. 1 | e27952 | p.409
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connections via SIM-enabled tablet computers to the
cloud-based analytic tool, remotely accessible with
authentication. The field visits revealed that several sites did
not have good cell phone coverage, requiring that the devices
be periodically swapped and brought to an area with good signal.
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The clinics had few power outlets, and they were often away
from the doctor’s desk, necessitating that each tablet computer
be accompanied by an extra battery pack and a multipoint
extension cord.

Figure 5. A pre-Mela site visit revealing that some clinics would be held in spaces with thick stone walls, precluding cellular service for real-time
reporting of collected data.

Step 3: Implementation
Preparation
The co-creation processes helped the design team preempt and
address issues that normally account for poor user compliance,
including poor perceived utility, lack of incentive, and

suboptimal user experience. The ideation process and field visits
allowed us to preempt a series of logistical and infrastructural
issues, resulting in organized “deployment kits” for each clinic
site. The kit included a battery pack, extension power cord,
tablet computer, user manual, sign-out sheet, and phone number
to a 24/7 helpline of medical student volunteers trained in
troubleshooting the software (Figure 6).

Figure 6. The EMCounter kit provided to each clinical team with labeled tablets, power supply, instructions for troubleshooting, and contact information
of designated support team members.
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Training and Support
A 1-hour training session was allocated by the public health
department for demonstrating and using the tool, on the eve of
the Mela. Most of the physicians had seen earlier iterations

Shaikh et al
during the co-creation sessions and were able to test the tool
with little to no supervision (Figure 7). Many of the pharmacists
and nurses did not receive any training, were unaware of the
project, and were trained on-site the next morning.

Figure 7. Core team member Dr John Won introduces the 2015 digital surveillance effort.

The troubleshooting team comprised voluntary medical students
(from India) and medical residents (from New York), all of
whom had co-created the tool, and several of whom had worked
at the 2013 Kumbh Mela and could anticipate the uncertainties
associated with deployment in a large chaotic mass gathering.
The government endorsed the software as the “official” data
collection tool and circulated an official state memo to all
providers mandating that they adopt the tool. Pairs of volunteers
visited every site, twice daily, and checked in with every
provider via phone (Figure 8). WhatsApp groups were used to
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send out checklists for every shift, and solicit daily and exit
feedback. A core team stationed at a nearby hotel with a good
Wi-Fi–based internet connection was in constant communication
with the technical team in Boston and Mumbai, and with public
health officials in Nashik and Mumbai, providing frequent
updates and helping public health officials interpret and navigate
the dashboard if necessary (Figure 9). During the site visit,
clinicians were provided time to explore the dashboard to
examine disease epidemiology, clinic population demography,
and their own census compared to their peers.
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Figure 8. A volunteer medical student from the troubleshooting team visits a tent clinic at the Mela as part of daily in-person check-ins to maintain
data quality and debug any issues with the tool.

Figure 9. Core team members Dr Ahmed Shaikh and Dr Shashwat Hora interpret the real-time epidemiological data presented on dashboards, along
with public health officials in Nashik.

Deployment
The EMcounter digital surveillance system was deployed at
over 40 clinics across Nashik and Trimbakeshwar, and recorded
33,305 discrete patient encounters over 9 days. Compliance
reached 100% by the end of the first day. Local public health
officials learned to query the online dashboard and routinely
consulted the core team for clarifications. On day 3, noticing a
spike in diarrheal diseases at a particular clinic, public health
officials dispatched a team of sanitation engineers to test water
at all surrounding taps for contamination. A candid testimonial
about the incident from one of the clinicians is available in
Multimedia Appendix 2.
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Mid-project feedback revealed that 100% of the users found
value in the exercise and the analytics, and the ancillary staff
stopped tallying paper records after initially comparing manually
maintained logs to the reported data. The census data were
particularly useful in addressing supply-demand mismatches,
as not all clinics saw equal footfall despite being initially staffed
uniformly

Discussion
Digital disease surveillance has now been deployed by our team
at 2 of the world’s largest mass gatherings, under conditions of
extreme uncertainty and chaos. We attribute the tool’s success
J Med Internet Res 2022 | vol. 24 | iss. 1 | e27952 | p.412
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in 2015 to strict adherence to design principle standards. The
interdisciplinary nature of our team that included public health
practitioners, physicians, computer scientists, an embedded
journalist, a filmmaker, a senior bureaucrat, and several end
users, precluded early design fixation and allowed us to draw
upon our expertise and the carefully implemented ideation
process to generate a variety of prototypes for the final users to
choose from. Co-creation also instilled a sense of buy-in from
an otherwise underinvested group of clinicians who were
redeployed for this job from across the state. Most importantly,
taking the time to explain the epidemiological rationale for the
intervention encouraged buy-in. This is seldom done with digital
health programs that are rolled out at scale in either the public
or private sector. The lack of co-creation and the absence of
user buy-in and ownership result in poor compliance and rapid
attrition, incorrectly leading to the conclusion that health care
providers are resistant to change [37,38]. Data minimization
will also become increasingly important as recent advances in
India’s digital health ecosystem are likely to spur the collection
of vast amounts of data. Data minimization, in addition to

improving the provider experience, is also a sound
privacy-preserving strategy [39,40].
This project had 2 significant limitations that may have further
precluded large-scale adoption of the tool. There was no
mandate to adopt any interoperability standards, as the project,
despite being government sanctioned, was perceived by some
as an external academic intervention. Since there were no
existing integrated medical records in the public sector, this
limitation was less consequential. Despite its significant success
in meeting its articulated objectives, this project suffered from
“pilotitis,” a common fate of digital health interventions
everywhere [37]. The intervention was not expanded to all
primary care sites in the state as was originally envisioned. A
lack of institutional memory is particularly heightened in India
due to the rapid turnover of officials. Table 1 compares the
project’s performance against standards and principles for
successful digital health implementation recommended by the
recently published World Health Organization’s Digital
Implementation Investment Guide [21].

Table 1. Comparison of EMcounter at the Kumbh Mela, implemented in 2015, with the World Health Organization’s Digital Implementation Investment
Guide Checklist, released in 2020.
World Health Organization’s Digital Implementation Investment Correlation
Guide

Comment

Design with the user

High

Co-created with end users

Understand the existing ecosystem

High

Embedded team members

Design for scale

High

Light back-end and low-footprint technology used

Build for sustainability

Low

Poor buy-in from some stakeholders; lack of interoperability
standards would hamper integration

Be data driven

High

Statistically sound analytics

Use open standards, open data, open source, and open innovation Medium

Interoperability standards not adopted

Reuse and improve

High

Built on innovations in a prior Mela

Address privacy and security

High

Data anonymized at source

Be collaborative

High

Multidisciplinary international team

Conclusion
Digital interventions fail when they ignore the complexity of
health care interventions [36]. Unlike other sectors, there is
wide variation in clinical practice from provider to provider, an
even greater variation in workflow and routine among health
care sites, and vast differences in health-seeking behaviors
among patients, which are influenced by socioeconomic
conditions, gender, age, and health literacy [41-43]. It is
therefore imperative that investments in digital health projects
underscore the need to co-create and pilot interventions before

sanctioning their use at scale. Sandboxing, monitoring, and
impact evaluation should be integral components of early design
[44].
The plethora of digital applications, especially digital contact
tracing solutions, adopted and deployed during the pandemic
by governments around the world, despite little evidence that
they work, highlights the importance of a deliberate thoughtful
approach to deploying such interventions. There is little reason
to not hold digital tools to the same high standard of scientific
rigor as any other public health intervention.
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Multimedia Appendix 1
The EMcounter dashboard.
[MP4 File (MP4 Video), 9653 KB - jmir_v24i1e27952_app1.mp4 ]
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Multimedia Appendix 2
Clinician testimonial about the use of EMcounter for syndromic surveillance at the Kumbh Mela.
[MP4 File (MP4 Video), 19129 KB - jmir_v24i1e27952_app2.mp4 ]
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Abstract
Methods to measure physical activity and sedentary behaviors typically quantify the amount of time devoted to these activities.
Among patients with chronic diseases, these methods can provide interesting behavioral information, but generally do not capture
detailed body motion and fine movement behaviors. Fine detection of motion may provide additional information about functional
decline that is of clinical interest in chronic diseases. This perspective paper highlights the need for more developed and sophisticated
tools to better identify and track the decomposition, structuration, and sequencing of the daily movements of humans. The primary
goal is to provide a reliable and useful clinical diagnostic and predictive indicator of the stage and evolution of chronic diseases,
in order to prevent related comorbidities and complications among patients.
(J Med Internet Res 2022;24(1):e32362) doi:10.2196/32362
KEYWORDS
indicator; fine body motion; movement behaviors; decomposition; structuration; sequencing

Introduction
The alarming increases in physical inactivity and sedentary
behaviors that accompanied societal development have favored
the progression of chronic diseases. More patients now require
ongoing medical attention and have limitations on activities of
daily living, leading to reductions in life expectancy and health
span [1]. Public health recommendations today advocate for
the adoption of a minimal amount of moderate-to-vigorous
physical activity (MVPA) each day, with a limited time devoted
to sedentary activities (eg, daily sitting and screen time) [2].
While scientific societies and public health agencies long
focused on the promotion of physical activity (PA), they also
https://www.jmir.org/2022/1/e32362
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now include sedentary guidelines for overall health, with
sedentary time independent of an individual’s PA level [2].
According to Ekelund et al, 65 minutes per day of MVPA may
be required to counteract the negative effects of 6 to 7 hours of
daily sitting time on overall health [3]. These results clearly
highlight the need for the joint promotion of both PA and
reduced sedentary time. While these epidemiological results
and associated recommendations are based on the general
population, data regarding the relationship between the
PA/sedentary profile of patients with chronic diseases and the
bidirectional associations with disease progression and
comorbidity are insufficient.
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Methods to measure PA and sedentary behaviors typically
quantify the amount of time devoted to these activities,
estimating their intensity and frequency. Estimates of energetic
costs (in metabolic equivalents of task [METs]) and energy
expenditure are also available from most methods. The large
majority of tools and technologies (eg, interviews,
questionnaires, and wearable devices) that are available for
tracking PA/sedentary behavior use these metrics. There are
numerous reports of the validity and reliability/reproducibility
of these tools among patients with various diseases, but the
results are relatively poor to modest [4-6]. Well-conducted
reviews (with systematic and meta-analytic approaches) have
discussed in detail the inherent methodological limitations of
the tools and devices commonly used to assess PA and sedentary
behavior [7-9].
Moreover, quantifying PA and sedentary behavior among
patients with chronic diseases can provide interesting behavioral
information, but generally does not capture detailed and fine
motions. Fine detection of motion may provide additional
information about functional decline that is of clinical interest
in chronic diseases. Of interest is the identification and tracking
of the decomposition, structuration, and sequencing of humans’
daily movements (meaning here the identification of the
involved limbs, their respective contribution, and the temporal
order of implication), above the simple quantification of PA
and sedentary behavior. These metrics could provide a reliable
and useful clinical diagnostic and predictive indicator (as an
early sign) of the stage and evolution of chronic diseases and
related comorbidities and complications. In the longer term,
advancement in this direction could potentially influence
treatment strategies (posology, timing/chronobiology, and nature
of the treatment).

Body Movements’ Decomposition Above
PA and Sedentary Behavior
Quantification
A better evaluation or capture of an individual’s singular motion
pattern or movement construction, from a musculoskeletal point
of view, may allow practitioners to anticipate or track the
evolution of some chronic diseases. In their recent work,
Chevance et al proposed such an approach, showing that the
anticipation and detection of the early signs of individuals’
movement changes, as an indicator of subsequent critical
functional gain or loss, need to be considered as “early warning
signals for sudden behavioral changes” [10]. Beyond PA and
overall human movements themselves, early findings suggest
that sudden gain or loss in complex systems could be predicted
through early warning signals [11,12], such as slight changes
or fluctuations in human motion and movement patterns. On
application to movement behaviors, the early anticipation of
imminent body motion disruption or early detection of the first
signs of fluctuations might represent a potentially reliable signal
for delivering “just-in-time” interventions [13]. In that sense,
Chevance et al observed that in adults with obesity, fluctuations
in walking patterns were associated with the subsequent
occurrence of behavioral losses in the following days, clearly
demonstrating the need to develop new accessible methods to
https://www.jmir.org/2022/1/e32362
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properly detect such early signals [10]. This need is clearly
illustrated by high-quality clinical studies.

Clinical Evidence
Krieger et al, for instance, clearly noted the need to better
identify subprocesses of movement execution in patients with
schizophrenia, also highlighting that some neuroleptic treatments
have negative side effects such as the slowing of motor
execution [14]. The slowing of movement is nonperceptible
and not captured with available activity trackers. Obesity has
also been shown to affect patients’ body motion and movement
patterns, limiting their upper body range of motion during daily
activities [15] or patterns of gait through mediolateral
adaptations of their gravity center [16]. Once more, while this
remains difficult to track in free-living conditions, the evolution
of such movement patterns could be of great interest in the
clinical care of these patients. In their work, Oubre et al also
underlined that movement decomposition captures the core
features of ataxia and may be useful for objective, precise, and
frequent assessment of ataxia in home and clinic environments
[17]. While not exhaustive, these examples clearly point out
the urgent need to develop new strategies and tools to better
track and catch the fine-grained evolution of patients’ body
movements in addition to the quantification of habitual PA and
sedentary time.

Need for New Technologies
Importantly, such a fine-grained clinical exploration of daily
motion does not negate the utility and interest for the activity
trackers developed to date, but calls for a new and deeper
integration and understanding of their signals and sensing
capabilities. Commercialized trackers have shown satisfactory
acceptability in capturing the daily routine of individuals. We
should build on this platform, developing more complex and
sophisticated algorithms to better identify and refine human
movement patterns [18]. Such a process has been initiated
through the development of human activity recognition (HAR)
that uses wearable motion sensors, for which a high level of
accuracy in predicting activities has been reported [19,20]. These
sensors and algorithms have been shown to be valid and reliable
among healthy individuals, but lack sensitivity to properly
classify human movement in clinical patients, particularly
patients presenting motor and gait impairments [9,21]. Moving
forward, there is a need to optimize and validate these existing
algorithms among patients with chronic diseases [5]. Previously
published studies have shown that the validity of existing
algorithms to discriminate sedentary behavior from standing
and dynamic body behaviors and activities varies and mainly
relies on explorations with reduced sample sizes [6,22-29].
While van Dijk-Huisman et al recently proposed an optimized
PA classification based on signals from classical accelerometers
that reliably classify sedentary and dynamic activities and detect
postural transition among hospitalized patients [30], these
approaches need to be developed for free-living conditions.
Teams of clinicians and engineers should collaborate on
technological innovations in measurement tools to fit patient
characteristics and treatment plan needs.
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Perspectives and New Technological
Challenges
The vast majority of publications and commercial activity
tracking solutions rely on the recognition of less than 10
activities (walking, climbing stairs, cycling, etc) [31]. This
semantic description does not reflect the fine movements that
would be informative in clinical settings. Moreover, they mainly
focus on movements that are less typical in day-to-day life (eg,
sports activity sessions), and do not capture the whole spectrum
of nonexercise activities and finer motions that characterize our
contemporary sedentary lifestyle. Understanding the quality
(speed and trajectory) of fine movements, as well as the
alteration or improvement in movement sequencing or
frequency, would be more informative for describing the onset
and progression of chronic diseases.
Several challenges are therefore identified and need to be
addressed. First, it will be necessary for sensor devices to meet
the following requirements: (1) avoid commercial devices or
algorithms that do not retain data in the event of very little
movement, as these are precisely the phenotypes we are
interested in; (2) assume an autonomy of the order of 1 week,
to make realistic the use of the device within the framework of
a follow-up at home for patients, by ensuring the capture and
the treatment of the signals at a frequency of the order of 50
Hz; (3) use sensors at multiple locations on the body in order
to significantly capture fine movements related to sedentary
behaviors and activities of daily living; and (4) have sensors
with representative measurements (such as an accelerometer
and gyroscope). The use of very lightweight neural networks,
which work on a network personalization approach to customize
the training to each patient, seems to be the most promising
approach to date.
One of the primary approaches to reduce the energy cost of
storing and transmitting data from sensors will be to move the
data processing as close as possible to the sensors. In particular,
we plan to use tools, such as Tensorflow light, to embed this
processing in low-energy sensor devices (much lower than the
power of a smartphone, for example). This will involve
designing deep neural networks that take into account this
distributed computation, where only partial data will come back
from each device in order to finish the processing. We also plan
to propose unconnected devices, in order to minimize the
electronic complexity of the devices, with the transmission
taking place over a wired connection when the devices are
recharged. The charging and final data collection device could
be integrated into a smart home-type environment, which would
be a favorable and ecological solution, with little modification
to the habits and facilities of the patients who will be equipped.
Such an approach would first need to define and validate a
representative taxonomy of activities, from a musculoskeletal
point of view, which could be integrated into a reliable and
elaborate processing chain. The first approach would rely on a
hierarchical taxonomy able to deeply detail the structure,
substructure, and finesse of the detected semantics, and to
identify and recognize any potential improvement or degradation
linked with the evolution of the pathology.
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Discussion: The E-Mob Project
In the above context and as part of the 2020-2025 scientific
priorities that include “Human Mobility and Health” (I-site CAP
20-25, third challenge), the University Clermont Auvergne
(Clermont-Ferrand, France) gathered an interdisciplinary group
of experts (composed of physicians, physiologists,
methodologists, biostatisticians, experts in energy metabolism,
as well as computer scientists and developers) with the objective
to elaborate and conduct a whole research program (the E-Mob
project) aiming at (1) improving our technological abilities to
precisely and accurately identify fine human body movements
that might be relevant and informative when it comes to chronic
diseases and (2) determining potential specific “digital
movement signatures” that could help predict and follow the
evolution of some chronic diseases and serve as a reliable
connected support when it comes to treatment strategies.
Briefly, the main idea of the E-Mob project is to propose the
integration of the evaluation of detailed and fine human motions
as a real clinical indicator. In that sense, we aimed at developing
an in-clinic high-resolution human motion setting to perform
regular deep and fine evaluation of patient mobility, and to
develop an original sensor device and a dedicated algorithmic
process to regularly assess body motion while engaged in PA
and sedentary behavior in free-living conditions. The results
obtained during this free-living evaluation would be directly
uploaded from home to the data center to be analyzed and would
help the clinical staff (physicians and physiotherapists, as well
as nurses who are most of the time the first interlocutor of
patients) determine whether the evolution of the activity pattern
of the patient is an early warning signal of disease.
The E-Mob project will then develop new personalized HAR
algorithms using artificial intelligence and machine learning,
which will permit, from accelerometer signals, a qualitative
analysis including the executive realization of movement and
the identification of a pattern of activity. These algorithms
should be personalized and should consider activities of very
low intensity, the movement itself (function and performance),
its sequence, breaks in sedentary behavior, and specificities to
the underlying disease. Ultimately, this project aims to develop
a continuous e-strategy to improve our personalized medicine
approach. The need for such an approach based on daily human
motion as a crucial early clinical indicator, has been emphasized
during the COVID-19 pandemic, with clear links between the
reduction of healthy movement behaviors and the progression
of diseases, particularly metabolic and mental ones.
Phase 1 of the project will rely on the identification of specific
signals from activity trackers, using a preliminary experiment
asking healthy adult individuals to perform preselected and
determined movements. This first phase will allow us to isolate
the exact signals corresponding to the substages of these
movements. From there, new algorithms will be developed in
Phase 2. As a 2-step individualization process (Phase 3), these
new algorithms will then be tested and trained to the specificities
of several chronic diseases and to individual patients in order
to identify a digital signature predictive of the state and course
of the diseases. We will also capture the development of
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multimorbidity, focused on the trajectory of each pathology and
of each patient. These evaluations will then be replicated during
a 4-year longitudinal study. These cohorts will include patients
with inflammatory rheumatic diseases (rheumatoid arthritis and
spondyloarthritis), and knee and hip osteoarthritis, as well as

Thivel et al
patients with chronic pain, obesity, type 2 diabetes, chronic
obstructive pulmonary disease, major depressive disorders,
bipolar disorders, and other mental health conditions. Figure 1
illustrates the steps of the E-Mob project.

Figure 1. Schematic flow chart of the E-Mob project from Phase 1 (detailed identification of signals from different trackers, specific to predetermined
body movements) to Phase 2 (training of the deep neural network) and then Phase 3 (2-step individualization process).

Clinical Implications
There is a clear transition toward the development of more
personalized medicine and individualized care, with an essential
role for adapted e-technologies. The gross and fine tracking of
body motions and the characteristics of these movement patterns
over time will have direct clinical implications. The E-Mob
solution will allow for the early detection of abnormal movement
patterns and fine motions, and allow for targeted care strategies
to minimize disease progression. This approach should favor
the anticipation of clinical complications and prevent the loss
of autonomy or the increased risk of falls associated with chronic
diseases. In addition, it may help address the viscous circle of
inactivity, isolation, or a hypotonic state in patients with mental
and psychological disorders.
This fine tracking of our patients’ daily movements might not
only provide information regarding the degradation of their
clinical condition but also help evaluate the effect of treatment.
Overall, these approaches could aid in decisions regarding
clinical care and intervention. Adapted PA programs and

therapeutic education have been shown to be appropriate and
necessary for most chronic diseases. More finely identifying
each patient’s physical limitations, weaknesses, and needs will
help practitioners (physiotherapists, adapted educators, and
nurses) directly tailor PA prescriptions. Self-monitoring has a
positive impact on movement behaviors in both healthy
individuals and those with chronic diseases, leading to increased
PA and reduced sedentary time, which can translate to long-term
beneficial effects.

Conclusion
Clinical care teams today rely more on e-technologies to develop
and improve individualized and personalized medicine. The
E-Mob project proposes to integrate such technologies in not
only the short-term treatment of patients but also daily life and
routine. This approach would allow practitioners to anticipate
any evolution of chronic conditions, particularly using premature
detection of abnormal fine body motions as an early clinical
indicator to consider in care.
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Abstract
Amid the COVID-19 pandemic, it has been reported that greater than 35% of patients with confirmed or suspected COVID-19
develop postacute sequelae of SARS CoV-2 (PASC). PASC is still a disease for which preliminary medical data are being
collected—mostly measurements collected during hospital or clinical visits—and pathophysiological understanding is yet in its
infancy. The disease is notable for its prevalence and its variable symptom presentation, and as such, management plans could
be more holistically made if health care providers had access to unobtrusive home-based wearable and contactless continuous
physiologic and physical sensor data. Such between-hospital or between-clinic data can quantitatively elucidate a majority of the
temporal evolution of PASC symptoms. Although not universally of comparable accuracy to gold standard medical devices,
home-deployed sensors offer great insights into the development and progression of PASC. Suitable sensors include those
providing vital signs and activity measurements that correlate directly or by proxy to documented PASC symptoms. Such
continuous, home-based data can give care providers contextualized information from which symptom exacerbation or relieving
factors may be classified. Such data can also improve the collective academic understanding of PASC by providing temporally
and activity-associated symptom cataloging. In this viewpoint, we make a case for the utilization of home-based continuous
sensing that can serve as a foundation from which medical professionals and engineers may develop and pursue long-term
mitigation strategies for PASC.
(J Med Internet Res 2022;24(1):e32713) doi:10.2196/32713
KEYWORDS
SARS CoV-2; COVID-19; post-acute sequelae of SARS CoV-2 (PASC); post-COVID; long COVID; continuous sensing; passive
monitoring; wearable sensors; contactless sensors; vital sign monitoring
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Introduction

ongoing medical and technical innovations and efforts in the
acute care setting for COVID-19.

Postacute Sequelae of SARS CoV-2

Background

On March 11, 2020, the World Health Organization (WHO)
declared COVID-19 a pandemic. Since then, the responsible
virus, SARS-CoV-2, has spread across the international
community, leading to the most pervasive and defining public
health event of this generation. In the United States, as of this
writing, there have been over 65 million cases and nearly
850,000 deaths [1]. Less than 1 year after COVID-19 was
declared a pandemic, the Food and Drug Administration (FDA)
issued Emergency Use Authorization for the Pfizer-BioNTech,
Moderna, and Janssen COVID-19 vaccines [2]. Amid the
ongoing US nationwide vaccination campaign, attention has
turned to the allocation of resources to address the long-term
health impacts of the pandemic.

A particular challenge with managing PASC is the fact that
there has yet to be an established standard of care. Until recently,
research on the topic could be described as sparse and grassroots,
with patient reports of persistent symptoms, particularly those
from disparate PASC support groups, driving clinical
understanding [5]. PASC is now widely recognized by the
medical community, with the National Institutes of Health (NIH)
launching a broad-based initiative to understand the disease and
the long-term health of this cohort of patients [6]. In a recent
retrospective cohort study, it was found that 36.55% of all
COVID-19 patients have at least one PASC-associated symptom
between 3 and 6 months after their initial COVID-19 diagnosis
[4]. Such an assessment captures the breadth of this public health
issue and represents a substantial sustained burden on patients,
families, communities, medical care systems, and the nation.

The medical community has paid particular attention to those
individuals whose COVID-19 symptoms never fully remitted,
have since recurred, or have developed new symptoms thought
to be related to having COVID-19. Current estimates are that
upwards of 35% of COVID-19 patients fall into this group of
individuals who have a disease now recognized formally as
postacute sequelae of SARS CoV-2 (PASC) but is also
colloquially being referred to as post-COVID, long COVID,
long-haul COVID, postacute COVID-19, long-term effects of
COVID, or chronic COVID [3,4]. This can translate to over 15
million PASC patients utilizing the health care system in the
United States alone, with the numbers growing daily.
PASC occurs in any patient with a prior COVID-19 infection,
yet the severity of the disease proves to be a poor predictor of
prolonged or recurrent symptoms [3]. PASC patients present
with a variety of multisystem symptoms that have made
evaluation, diagnosis, and treatment more challenging. We
present here a proposal for the widespread adoption of
continuous sensing devices to provide contextualized
surveillance data for patients’ core vital signs and activities
between medical encounters (eg, at home). Such continuous
sensing and the subsequent raw data processing would provide
quantitative means and insights into the symptom progression
of PASC at home and between hospital or clinical visits. They
will enable clinicians to holistically assess standards of care
while simultaneously offering higher levels of operationalism
to the management of PASC. We also provide suggestions on
how to interpret such data in the context of PASC management.
Evaluations of these data at the population level can serve as
the foundation for the creation of predictive analytics tools that
can be utilized in the management of all PASC patients. It must
be stressed that, while we see substantial benefit in the use of
continuous monitoring for PASC and chronic diseases in
general, we do not intend to diminish the importance of current
efforts to mitigate the acute effects of the pandemic, and such
home-based sensing serves to complement and not replace the
rigorous medical device–based data collection performed during
hospital or clinical visits. Instead, our goal in this paper is to
propose a framework from which medical professionals and
engineers may pursue long-term mitigation strategies for PASC
via home-based continuous sensing data in conjunction with
https://www.jmir.org/2022/1/e32713
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Despite the formal recognition of PASC, a notable lack of
understanding of the pathophysiology of the syndrome remains.
Although data from spirometry, electrocardiography,
auscultation, stress tests, and other clinical measures can assist
with developing a clinical picture of COVID-19’s impact on
the patient’s lungs and heart, these tests represent point
observations. Symptoms of PASC, however, have been found
to wax and wane over time, necessitating continuous monitoring
for accurate quantitative measures of symptoms [7].
Furthermore, it has been observed that some symptoms are
exacerbated during the performance of specific daily tasks [3,8].
As these activities most often occur outside of the clinical
setting, it is vitally important that data should be collected in a
home (or home-like) environment to identify these potentially
transient events.
Currently, in research and clinical studies, a popular method by
which these data can be collected is by means of a symptom
diary in which patients self-report changes in their physiological
state. Such tools rely on retrospective reporting, making them
prone to recall bias in addition to self-serving biases [9]. Diaries
also pose a significant respondent burden, and as such,
adherence to daily diary keeping is a significant consideration.
In one study that required chronic pain participants to record 3
pain entries per day for 21 consecutive days, it was found that
only 10.9% of traditional paper diary entries were recorded
within the temporally defined compliance window set by the
study coordinators, despite reported compliance on 90.5% of
entries [10]. It has been found that there is limited evidence to
suggest significant clinical utility in traditional symptom diaries,
with one study concluding that among asthmatic children there
was no statistically significant beneficial effect of keeping a
symptom diary on day-to-day asthma control nor was there a
decrease in the future risk of asthma control [11]. Although
electronic diaries with measures designed to enhance use
compliance have been shown to be associated with greater
adherence to the temporal demands of keeping a symptom diary
in some (but not all) contexts, there remains a significant user
burden. As such, there remains nonuniversal adherence, and the
utility of the collected data in informing clinical decisions with
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beneficial outcomes is an area of ongoing research [9,10,12,13].
As such, there is a pressing need for a method of tracking
symptoms that is standardized between patients, quantitative in
its collection, and poses minimal patient or user burden. Sensing
technologies, particularly those that are unobtrusive in nature,
offer a promising solution to all 3 of these requirements.
Although there is a precedent for providing patients wearable
sensors for vital sensing between hospital encounters, most
notably in the form of Holter monitors for arrhythmia detection,
their adoption has been far from widespread in the context of
PASC, and the conspicuousness and complexity of these sensors
limit their usability in all scenarios for extended periods [14,15].
A more user-friendly solution to long-term monitoring involves
unobtrusive technologies that lend themselves to continuous
passive use across a range of activities and whose output data
is sufficiently robust to provide a reasonably accurate
physiological picture.
Continuously monitoring sensors are already being implemented
in the context of a multitude of chronic diseases including
chronic obstructive pulmonary disease, asthma, congestive heart
failure, and many more [16-19]. The use of such sensors in the
context of PASC is an important tool for disease management.
However, it has the additional benefit of providing substantial
data for researchers to develop predictive analytics tools for
PASC, making it an incredibly powerful tool for elucidating
the relatively data-poor academic space of COVID-19 sequelae.
In the consumer market, there currently exist 2 primary means
by which continuous vital sign data can be obtained: by way of
wearable sensors and by way of contactless sensors. Wearable
sensors require physical proximity (usually direct touch to the
human body) between the user and the sensor [20]. This is the
more pervasive sensing technology currently in the consumer
market, with smartwatches, chest-strap heart rate monitors,
glucometers, and smart clothing comprising some of the
products in this family of technologies. Wearable sensors tend
to be more portable and generally more accurate than contactless
sensors but require users to charge and wear them regularly for
accurate and consistent data collection.
Contactless sensors, by contrast, do not require physical
proximity to a user [20]. Instead, they can collect data from a
distance, without touching the human body. These sensors can
function completely passively with no additional user efforts
(ie, charging, wearing) beyond the initial setup. These sensors
can be mounted to a wall or placed on a surface. However, while
they have the benefit of operating with minimal user efforts,
they lack portability. We believe it is with widespread utilization
of a combination of wearable and contactless sensors that PASC
pathophysiology can be best understood and management
strategies can be best implemented. Although both sensor
families offer complementary insights in disease tracking and
managing and can further inform a clinician’s understanding of
the disease, it must be stressed that these sensors do not
represent a replacement for existing gold standard instruments.
Instead, sensor findings may prompt a clinician to perform
further workup.
With regards to PASC diagnosis, there currently exists no single
diagnostic criterion for PASC. The National Institute for Health
https://www.jmir.org/2022/1/e32713
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and Care Excellence (NICE) in the United Kingdom defines
“post-COVID-19 syndrome” as signs and symptoms that
develop during or after an infection consistent with COVID-19,
continue for more than 12 weeks, and are not explained by an
alternative diagnosis [21]. In the United States, such a universal
definition that can serve as the basis for diagnoses, even one as
open-ended as that put forth by NICE, does not exist. Although
not intended for the basis of a diagnostic criterion, the WHO
recently put forth their own definition of the disease that was
comparably vague in its description, describing a “condition
[that] occurs in individuals with a history of probable or
confirmed SARS-CoV-2 infection, usually 3 months from the
onset of COVID-19 with symptoms that last for at least 2 months
and cannot be explained by an alternative diagnosis” [22].
Similarly, the US Centers for Disease Control and Prevention
(CDC) recognizes PASC as “a wide range of new, returning,
or ongoing health problems people can experience four or more
weeks after first being infected with the virus that causes
COVID-19” [23]. As such, it is up to the clinician’s discretion
as to how and when to give a patient a diagnosis of PASC.
Although continuous sensing will not change the lack of unified
diagnostic criteria, it will provide a framework to quantitatively
track signs and symptoms associated with PASC from the initial
COVID-19 diagnosis (or suspected diagnosis) to the treatment
of the acute phase and forward.
When treatment is indicated in the management of PASC, it is
in the context of supportive management and symptom
monitoring [24]. It is, therefore, important that medical providers
are given data to inform the best medical treatment and to track
patient progress. A symptom-specific means of continually
monitoring a patient can provide quantitative measures to
suggest symptom abatement or the efficacy of treatment.

Quantitatively Measurable PASC
Symptoms
Symptom Presentation
The presentation of PASC is variable. Symptoms may be
constant, or they may wax and wane. Generally, care providers
obtain physiological measures of their patients at the time of
clinical visits. Given that disease presentation is inconstant
between patients and across time, having physiological
measurements obtained with sensors between clinical visits
would provide health care professionals a more holistic clinical
picture.
Large-scale studies specifically designed to identify and catalog
symptoms have been and are being conducted based on
patient-reported symptoms [4,6,25-31]. Although each has some
variability in the measured relative prevalence of symptoms,
fatigue and shortness of breath are generally thought to be the
most common symptoms [32]. Although further prevalence data
are discrepant between studies, most common complaints of
PASC involve the following systems or combinations thereof:
respiratory, neurologic, psychiatric, metabolic, cardiovascular,
gastrointestinal, musculoskeletal, and general well-being, as
well as some less commonly identified other sequelae [3,25].
We provide in the following paragraphs a summary of
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pathophysiologic burdens associated with PASC (either via
direct causal association stemming from COVID-19 or due to
preexisting conditions acting as a risk factor for the development
of disease). We also offer potential sensor modalities whose
implementation between medical encounters may directly or
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by proxy provide quantitative data to evaluate physiological
changes associated with each respective symptom. A summary
of PASC-associated symptoms and the potential sensing
technologies that may quantify them is provided in Table 1 [29].

Table 1. Suggested sensor modalities to be used for the quantification of a selection of common postacute sequelae of SARS CoV-2 (PASC) symptoms.
Condition

Sensor modality

Acute coronary disease

Pose/motion monitor, activity monitor, pulse oximeter, heart rate

Anxiety

Sleep perturbations, activity monitor

Arrhythmia

Heart rate/rhythm monitor

Brain fog

Activity monitor

Changes in menstrual cycle

Heart rate monitor, temperature monitor

Chest pain

Activity monitor, pose/motion monitor

Constipation

Pose/motion monitor, activity monitor

Coughing

Microphone, pose/motion monitor

Depression

Sleep perturbations, activity monitor

Diabetes

Blood glucose monitor, insulin monitor, blood pressure monitor

Diarrhea

Pose/motion monitor, activity monitor

Fatigue

Sleep perturbations, activity monitor

Fever

Temperature monitor

Forgetfulness

Activity monitor

Gastroesophageal reflux disease

Heart rate, respiratory rate, pose/motion monitor

Headaches

Activity monitor

Heart failure

Heart rate/rhythm monitor

Hypoxemia

Pulse oximeter

Joint pain

Pose/motion monitor, heart rate, respiratory rate, activity monitor

Lightheadedness

Activity monitor, pose/motion monitor

Lipid metabolism disorders

Activity monitor, blood pressure monitor

Muscle weakness

Pose/motion monitor, heart rate, respiratory rate, activity monitor

Obesity

Weight tracking, activity monitor, blood pressure monitor

Olfactory perturbation

Activity monitor

Positional orthostatic tachycardia syndrome

Heart rate/rhythm monitor, pose/motion monitor

Posttraumatic stress disorder–associated symptoms

Sleep perturbations, activity monitor

Rash

Activity monitor, lesion identification

Shortness of breath

Pulse oximeter, respiratory rate

Stroke

Activity monitor, pose/motion monitor

Respiratory Manifestations
Given the propensity of COVID-19 to cause debilitating
respiratory symptoms, the utility of continuous monitoring is
particularly apparent in the context of measuring lung function.
Shortness of breath is one of the most common presenting
symptoms in both acute COVID-19 and PASC [25]. Existing
personal sensor technologies are well-equipped to monitor basic
respiratory signs including respiratory rate. A recent case study
demonstrated a management plan involving continuously
measuring respiration and pulse rates and daily step counts using
https://www.jmir.org/2022/1/e32713
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a clothing-adhered sensor that utilized photoplethysmography,
tri-axis accelerometers, and a dedicated sensor of respiratory
effort. The sensor was used to monitor the at-home recovery of
a COVID patient with several weeks of persistent respiratory
symptoms [33]. A recent article presented the reliability of a
novel skin-adhered strain sensor in measuring respiration rate
and volume measurements [34]. The study demonstrated an
ability to extrapolate volume and rate data from these sensors
to coarsely predict spirometry results. Pulmonary function tests
like spirometry are important in the context of PASC as both
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restrictive and obstructive patterns of lung function have been
reported among PASC patients [35].
Beyond shortness of breath, hypoxemia is a common respiratory
complaint at 6 months following a positive COVID-19 diagnosis
[25]. Pulse oximetry monitoring has long been a focus of
personal wearable sensors. Fitbit, Apple, Garmin, and other
smartwatch manufacturers have recently begun incorporating
pulse oximetry as standard product features. These products are
a complement to existing finger-based pulse oximeters whose
utility as continuous monitoring devices are limited by size and
inconvenience to the conduct of daily activities. Exertional
dyspnea, the shortness of breath that occurs in the context of
physical exertion, can be quantified with sensors that can track
pulse oximetry in conjunction with markers of physical activity
including heart rate, respiratory rate, or activity monitoring.
Such a quantifiable measure of exertional dyspnea would allow
for the early identification of patients in need of pulmonary or
cardiac evaluation and the early initiation of therapeutic
interventions [36-38].
Cough is another common PASC complaint. Current
technologies exist that utilize continuous microphone-collected
ambient sound to identify coughs using classification algorithms
[39]. This offers a reasonable cost and resource-effective means
of tracking coughing events across a spectrum of chronic
diseases including PASC.

Cardiovascular Manifestations
In the context of PASC, cardiovascular symptoms and conditions
of particular prevalence include chest pain, acute coronary
disease, arrhythmias, and heart failure. Chest pain may be of
cardiac, pulmonological, gastrointestinal, nervous, or
musculoskeletal origin, but obtaining signs via proper
continuous sensing can provide a means by which these
etiologies can be identified and treatment can be most effectively
directed and monitored.
Many of these heart conditions lend themselves particularly
well to continuous sensing in ways that noncardiovascular chest
pain may not [40-42]. Arrhythmias including sinus tachycardia,
bradycardia, atrioventricular blocks, fibrillations, and flutters
can all be picked up with a sufficiently sensitive heart rate
monitor. These come standard in many commercial
smartwatches, many of which now have primitive
electrocardiogram capabilities that can theoretically detect
symptoms of acute coronary disease before it manifests in
myocardial infarction.
Additionally, some PASC patients report a condition called
postural orthostatic tachycardia syndrome (POTS) [43]. Patients
with POTS experience tachycardic symptoms in the context of
postural change. As a result, a continuous, contextualized means
of collecting postural and heart rate data would be integral to
developing a full picture of the symptoms and their
manifestations.

Psychiatric Manifestations
Many with PASC report psychiatric symptoms including
feelings of anxiety and depression, with some patients having
comorbid diagnoses of posttraumatic stress disorder. As with
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many of these symptom manifestations, there is not a single
way by which continuous monitoring may be able to quantify
these. There are, however, a multitude of modalities through
which an adept care provider may make clinical
recommendations. One such means by which diagnoses may
be informed and treatment can be monitored is in the context
of sleep disturbances. Many commercially available freestanding
and smartphone-based contactless sensors as well as wearable
devices including popular smartwatches track sleep quality,
with some devices even offering the ability to stage sleep [44].
Assessing changes in quality, timing, duration, or staging of
sleep can be useful in identifying these psychiatric symptoms
and providing data to guide clinical intervention. Additionally,
one particularly promising means by which psychiatric
manifestations may be tracked is via activity and behavior
changes. Sensors that can detect fine granularity changes in
body pose, motion at seconds scale, and daily activities at
minutes scale over time may elucidate psychiatric symptoms
(though other symptom profiles may manifest in activity and
behavior changes as well and thus need to be differentiated with
high fidelity) [18,45]. These include wearable kinematic sensors
or contactless depth sensors that can measure the coarse-grained
3-dimensional contours of surrounding objects, including the
positional movement of users [46,47].

Neurologic Manifestations
Some of the symptoms commonly associated with PASC that
are most prominently featured in the lay media are neurologic
manifestations, particularly so-called “COVID-19 brain fog.”
Many treatments have been purported to help “clear” brain fog,
but its pathophysiology is, as of yet, poorly understood, and the
home remedies suggested are far from universally effective
[48]. Such a dearth of understanding necessitates the use of
tools to actively monitor neurologic symptoms. Behavior
monitoring, as proposed in the previous section, using kinematic
sensors or depth-sensing devices may be effective at quantifying
changes in neurologic status.
Neurologic manifestations of PASC that may manifest in
behavior change in addition to brain fog include stroke,
lightheadedness, memory problems, headache, and olfactory
perturbations [25]. It has been reported that changes in blood
pressure, body temperature, blood glucose, and blood oxygen
saturation may also be associated with strokes. Thus, although
not specific for neurologic involvement, tracking these vital
signs may be useful in identifying the onset or exacerbation of
neurologic dysfunction [49]. Lightheadedness is a symptom
whose presenting signs may be particularly useful in the setting
of contextualized data. For example, lightheadedness spells may
be quantified based on altered movement (ie, swaying, or slow,
purposive movement) in the context of rapid changes in body
position as might occur with a sudden rise from a seated
position. For other neurologic manifestations, namely
forgetfulness, headaches, and olfactory perturbations,
physiological changes may not be easily measured but might
be inferred indirectly through sensing of certain motions (ie,
hands massaging the face or skull in the setting of headaches).
Though such inference of symptoms based on body motion and
activity alone might be unreliable, the ability of such sensor
data to be retroactively interpreted by both a physician and the
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patient can help elucidate such basic metrics as date of symptom
onset and frequency of recurrence as well as help identify
exacerbating or relieving factors.

the pathophysiology of PASC [58,59]. Some work has also been
done to correlate facial expressions with quantitative measures
of pain [60].

Metabolic Manifestations

General Well-being Manifestations

Metabolism is an area of vital sensing that has historically been
difficult to track. Although metabolic manifestations have been
less commonly implicated than other systems in the context of
PASC, patients have an excess burden of disorders of lipid
metabolism, obesity, and diabetes mellitus. It is not yet clear to
what extent these metabolic conditions in particular are
associated with the disease pathology itself and to what extent
underlying metabolic conditions predispose patients to PASC
[50-52].

Fatigue is an extremely common manifestation of PASC and
is one of the most common presenting symptoms. It has been
suggested that electroencephalogram (EEG) measurements can
also be used to detect symptoms of fatigue, but until EEG
technologies can be used discreetly by users, their use will likely
be limited to controlled clinical and research settings [61]. In
lieu of using EEG measurements, activity type and level can
easily be measured to quantify fatigue symptoms, and while
not specific for fatigue, they can be used by knowledgeable care
providers in combination with other clinical measures to better
understand a patient’s presenting signs. Such activity
measurements can be made using either wearable or contactless
solutions as presented in the previous sections [62,63].

There currently exist products that, although not continuous
sensing devices, claim to assess metabolic end products in
exhaled air to give indications about the user’s metabolic state
[53]. Although an interesting proposal that demonstrates
reasonable validity in initial studies, the product is yet to be
widely tested and lacks FDA recognition.
Other potential sensing modalities include continuous glucose
monitoring as has been widely used for those with diabetes
mellitus. There have also been strides made towards developing
flexible, adherent patches that utilize ultrasound to continuously
measure blood pressure that can serve as a proxy for overall
metabolic functioning [54,55]. Smartwatch-based blood pressure
sensors are also in development, though the validity of such
technologies has not been fully evaluated [56]. Slower-order
changes like new or worsening obesity should be regularly
monitored, but their slow progression may better fit the purview
of interval monitoring, rather than continuous sensing. Smart
scales and regular BMI measurements are better suited to
quantify these trends.

Gastrointestinal Manifestations
Although there is a lack of published evidence about the
effectiveness of apps and sensors in tracking and managing
gastroenterological care, adopting technologies to enhance
patient care in this field has been and remains an active area of
academic focus [57]. Current sensors that may be able to identify
gastrointestinal manifestations of PASC (including those of
constipation and diarrhea) include activity or presence sensors
that track a user’s time in the bathroom. Gastroesophageal reflux
disease, a reported manifestation of PASC, might be assessed
with heart rate monitors and body pose sensors that can identify
symptoms in the context of postprandial phases or while the
user is lying down.

Musculoskeletal Manifestations
Muscle weakness and joint pain have been reported among
PASC patients, and the signs associated with them may be well
quantified using heart and respiratory rate monitors or body
pose sensors, particularly in cases for which there is a decreased
range of motion. Pain that affects a patient’s ability to perform
activities of daily living may manifest as behavior changes and
can be assessed with activity monitors. Electrodermal
conductance has been shown to increase in the setting of pain,
so monitoring skin conductance could also provide insight into
https://www.jmir.org/2022/1/e32713
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Other Reported Symptoms
Other reported symptoms of PASC that are recognized by the
CDC that have not yet been presented in this viewpoint include
fever, rash, and changes in menstrual cycles. Signs of fever can
most directly be quantified using sensors such as infrared
thermographic cameras [64]. New-onset rashes may be best
temporally tagged with activity monitoring that identifies new
or worsening instances of itching. Wearable sensor patches have
been developed that can sense the act of itching and can be
utilized in the setting of PASC [65]. Alternatively, cameras
trained to recognize users may be able to identify new visible
lesions, though such technology is currently far from being
commercially or medically viable and alternative non-camera
sensing is preferred as users have demonstrated concerns of
poor privacy and discomfort with camera-based sensors [66].
Changes in menstrual cycles may be tracked, in part, using heart
rate and/or temperature sensors during periods of sleep [67,68].

Sensor Technologies
Overview
Several continuous sensing technologies are currently available
for consumer use, and more are in research or development.
Currently, the majority of sensors fall under the category of
wearables. These products, like the Apple Watch, the Fitbit
Sense, or the Samsung Galaxy Watch3, have the benefit of being
portable, though users must remember to constantly charge and
wear the products to collect data. These pose physical and
cognitive burdens to patients, and achieving long-term
compliance can be difficult, especially for those with impaired
dexterity or cognition. Aside from wearable sensors, there is
growing interest in engineering circles to develop contactless
sensors. Such sensors usually obtain measures without touching
the human body and do not require any physical or cognitive
efforts from the user. Figure 1 illustrates a prototype designed
at Stony Brook University using off-the-shelf components, in
particular an ultra-wideband radio that transmits extremely short
pulses that reflect off the human body [69]. The chest
movements from respirations and heart beats cause changes in
the reflected signal. After sophisticated signal processing, the
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heart and respiration rates can be extracted (shown on the
computer screen). Such a device can derive pulse data that are
comparable to those of an FDA-approved fingertip oximeter
(Masimo MightySat), whose data are shown on an iPad. The
depth camera, a special device that generates coarse-grained
3-dimensional body joint locations but not detailed regular RGB
images, can be used to recognize the body pose and thus
activities, without revealing detailed visual images that cause

Corman et al
privacy concerns. The data would be analyzed in a secure
computing environment so as to enhance privacy protection.
Nevertheless, privacy considerations represent a potential barrier
to widespread sensor adoption, and care should be taken to not
only protect patient privacy with utmost care but also convey
to potential users the protective measures taken in developing
sensor technologies.

Figure 1. Illustration of a contactless sensor using an ultra-wideband (UWB) radio system on chip (SoC) and a depth camera. The radio waves reflect
off the chest and become modulated by respiration and heartbeat movement and are received and processed in order to extract heart rate (HR) and
respiration rate (RR). Such contactless sensors can produce results similar to fingertip oximeter pulse readings. This sensor is a prototype that we envision
will be housed in a small-form customized hardware package. RGB: red, green, blue; TX: transmitting antenna; RX: receiving antenna.

When properly packaged (eg, putting the radio and depth camera
in one case), such contactless sensors can be mounted on the
wall and left to collect data continuously while the user simply
conducts his or her daily routines as usual. There exist other
contactless sensors, including the sleep monitoring functionality
of the SleepScore Max and the recently released Google Nest
Hub. They are only now beginning to enter the consumer market
[70,71]. They offer substantial benefits, particularly among
older individuals who, as they age, spend increasing amounts
of time in the home; those with progressing chronic diseases;
and individuals with cognitive impairment or decline.

Wearable sensors are widely versatile, in part due to their
portability. The tradeoff, however, is that wearable sensors need
to be periodically charged and worn. For some, this may be
habitual, but for others, adherence is a significant consideration
that may make data collection less effective. In the context of
PASC, when continuous, contextualized data collections are
integral to a holistic approach to care, complementary sensor
capabilities should be considered for these patients. For some
users, contactless sensors may offer these complementary
capabilities.

Wearable Sensors

Contactless sensors include ambient sensors that can be
strategically implemented throughout an individuals’ physical
space. Such sensors can measure light, motion, vibration,
pressure, and electromagnetic echoes from a distance and can
be used to monitor vital signs, activity patterns, sleep quality,
and activities of daily living. Newer prototypes can detect
movement at such granularity as to resolve minute chest-wall
motions from breaths and heartbeats [69,72,73]. With the
widespread implementation of nonwearable sensors, there would
be less of an onus on patients to ensure that their devices are
fully charged and that their sensors are being worn consistently
and correctly. Rather, contactless sensors provide a framework
that makes passive monitoring possible without any cooperative
efforts from the user. Such a system would allow physicians
and other care providers to access continuously collected data
on activity and vital signs from patients in a home or home-like
environment provided patient consent to that data collection.
This stands in juxtaposition to wearable sensors with which
patients must actively cooperate (ie, charging, wearing) prior

Wearable sensors include anything that can collect data about
a user and requires a physical proximity (usually by touch)
between the user and device to operate. Wearable sensors are
a widely saturated component of the current market. Often, they
are sought for reasons other than their sensor functionality.
Smartwatches are a particularly demonstrative example of this.
Although features of the Apple Watch series 6 include pulse
oximetry,
actigraphy,
photoplethysmography,
electrocardiography, pedometry, and altimetry, its mass appeal
to many stems from its ability to connect with other devices,
allowing for a portable means to listen to music, access text
messages, take phone calls, and check the time. Such benefits
make them widely sought and already frequently used. Other
continuously or regularly monitoring wearable devices include
chest-strap heart rate monitors, wearable blood oxygen
saturation (SpO2) trackers, continuous positive airway pressure
(CPAP) machines, smart clothing, smart hearing aids, smart
headphones, and smart glasses.
https://www.jmir.org/2022/1/e32713
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to data being acquired. These features of contactless sensing
have made them a natural choice in monitoring ailments
associated with aging, often used instead of or in conjunction
with the better-established wearable sensors [74].
The added benefit of contactless sensors is the fact that some
of them can be used to track multiple subjects. This cost-saving
measure could be particularly well utilized in the context of
PASC as acute COVID was, and continues to be, rapidly
disseminated in household and nursing homes clusters, where
a single sensor could be used by multiple users [75,76]. The
use of contactless sensors, then, would minimize the resources
necessary to effectively monitor and track PASC within
high-exposure households. Nevertheless, the use of individual
contactless sensors may have limited sensing range or angle,
thus not offering full coverage without the installation of
multiple sensors, motivating the complementary need for
wearable sensors.

Discussion
Currently, health care professionals assign a diagnosis of PASC
when a patient who had previously been diagnosed with
COVID-19 or who had a strong clinical suspicion of having
had COVID-19 has ongoing or new symptoms of otherwise
unexplainable etiology that arose after the acute COVID-19
phase. Such patients are now commonly managed in newly
designated PASC clinics offering periodic professional
consultation and symptom management for this heretofore
poorly understood disease [77]. Before enrollment in a PASC
clinic, few in-hospital tests can be conducted to further support
the diagnosis of PASC. These diagnostics, including basic
laboratory testing, serological screening, targeted history and
physical taking, and stress testing can be viewed on the CDC
website [78]. These tests are limited in their ability to quantify
symptoms in waxing and waning cycles of symptom intensity.
In addition to this general and unspecific approach to diagnosis,
treatment for PASC, when available, relies on reactive
management of symptoms. These challenges in monitoring and
managing symptoms can, in part, be addressed with the
widespread adoption of sensors; sensors can facilitate
continuously monitoring a patient by multimodality data
collection. This monitoring, in concert with analysis and
interpretation of existing tools that have diagnostic power, can
provide a more holistic picture of PASC and its
pathophysiological progression.
Continuous sensing devices like smartwatches with even basic
measurement capabilities would be instrumental in clarifying
for the medical community the temporal development of PASC.
Furthermore, it would be useful in differentiating symptom
clusters of PASC as has recently been observed [79]. Such
devices, where feasible, should be provided to patients at initial
presentation with COVID-19. For patients who already have
and use continuous sensing devices, a previously established
baseline of vital signs would help track symptom abatement.
Such deviation-from-baseline tracking has already been used
to predict acute COVID-19 before the onset of clinical
symptoms and has begun to be used in the context of PASC
[79,80].
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With regards to symptom monitoring and tracking, there is
substantial utility in the use of sensors to derive context-specific
symptom management. Many symptoms associated with PASC
are exacerbated, and some are alleviated by performing certain
tasks. Many patients complain about having difficulties
performing activities of daily living (ie, climbing stairs,
standing). Having quantitative time-linked, or in the case of
some contactless sensors, directly activity-linked, vital sign
metrics would be helpful in both clinical management and
research. With context-specific data, symptom management can
become pre-emptive rather than reactive. Furthermore, with
quantitative measures of symptoms, occupational and physical
therapists can better address difficulties in performing specific
daily tasks. Additionally, while many of the signs associated
with each of the above common symptoms are nonspecific,
thorough cataloging of disease sign presentations will be
extremely impactful in shaping management and understanding.
Ultimately, the utility of continuous sensing devices in the
context of PASC has both clinical and academic/research utility.
Such data collection will not only provide better-targeted care
to the individual patients with persisting COVID symptoms but
will also contribute to the medical understanding of how PASC
manifests. Such information is critical in the data-poor arena
of PASC. The use of such sensors in the monitoring of chronic
diseases is not a new concept, and existing projects have been
met with success. Programs have been implemented to both
track and facilitate activity in individuals with chronic disease
and to monitor elderly populations to facilitate aging in place
[18,81-85]. These patient populations have benefitted largely
from the volume of data collected to improve the quality of life
for patients and to better describe malady in general. Given the
global burden of the COVID-19 pandemic, a similar strategy
to those already being implemented should be initiated to
determine how best to allocate resources to individuals with
PASC symptoms. Such investment in monitoring, especially
monitoring by passive means due to the lack of extra user
efforts, will take some of the burden off medical professionals
and health care resources by streamlining care, allowing
physicians a more holistic understanding of their patients’
medical presentations, and providing them a foundation on
which to prioritize management strategies. The net result of
such widespread adoption of innovative sensor technologies
would be to facilitate the diminution of some of the long-term
systemic drains on the medical system due to the pandemic.
There is also a social component to PASC that can be addressed
with sensors. PASC has been associated with the stigma of
being psychosomatic rather than physical in certain segments
of the population [86]. Furthermore, many do not recognize
their symptoms as being significant enough to warrant seeing
a doctor or may fail to connect their symptoms with PASC [87].
With continuous sensing, the timeline associated with the onset
of symptoms could be retroactively assessed by a clinician,
allowing for streamlined medical care despite delays in initially
seeking that care. Though the use of wearable and contactless
sensors for monitoring health is still limited in its adoption, such
technology offers patients and providers significant benefits in
the identification and management of PASC.
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Although continuous sensing promises a substantial benefit to
the health care system in the context of PASC, it is worth
considering the potential challenges of a widespread continuous
sensing paradigm. First, as many of these technologies are still
in development and their use outside of a theoretical or research
framework has so far been limited, few have received FDA
approval for use in clinical management. Most will likely not
receive approval within any practical timeline. As such, sensor
data should be used at providers’ discretion, and data should be
used to augment clinical practice and not replace it. For
technologies that have gone through rigorous studies, their
reliability and validity could be factored into their role in clinical
care and should be considered on a case-by-case basis. Many
such technologies have been demonstrated to be relatively
accurate when compared with a medical gold standard
[69,88,89]. However, it is not advised that non-FDA-approved
devices be used for the diagnosis or management of any disease
without substantial clinical suspicion to corroborate. We
therefore envision the role of sensors to be adjunctive to the use
of existing FDA-approved technologies. We stress that any
abnormal
or
concerning
finding
obtained
from
non-FDA-approved technologies should trigger subsequent
follow-up. Second, it is important to consider how the influx
of additional information will be handled by health care
professionals. Sensors can quantify physiologic signs.
Associating those signs with specific symptoms is important in
developing a clinical picture but requires careful interpretation
of the data in conjunction with clinical judgment. Sensor data
do not represent a replacement for clinical intuition. Instead,
sensors promise a modality by which suspicions may be
corroborated and subsequent confirmatory workup can be
initiated. In instances where sensor data fail to corroborate a
hypothesized pathophysiologic course, it may be impossible to
determine whether the sensor(s) or the algorithms that interpret
the data lack sufficient sensitivity or there is a true lack of
symptom(s). The inability to resolve the cause of these
discrepant measurements may lead to patient anxiety. It is,
therefore, important for physicians to temper these expectations
in patients and to understand the limitations inherent to any
given sensing system. It should be stressed to the patient that
continuous sensing can be effective at offering additional
evidence correlated with suspected signs and symptoms, but it
is inherently limited due to the physics of sensing hardware (ie,
noises, disturbances) and the abilities of algorithms (ie, fidelity
achievable interpreting signals), thus should only be used to aid
but never to replace clinical measurements and diagnosis.
Sensors should never serve as the sole foundation of a clinical
picture or clinical management without evaluating all clinical
data available.
Finally, it is also important to consider barriers to widespread
sensor adoption from the perspective of users. Since sensors
are effective at collecting vital sign data, there is an inherent
privacy concern that may prevent their use. Care must be taken
to implement Health Insurance Portability and Accountability
Act (HIPAA)–compliant protocols for the encryption and
protection of patient information. As part of these protocols,
patients should be empowered to withhold sensor data from
anyone, including their health care providers, should they so
choose. The responsibility of ensuring that a given sensor
https://www.jmir.org/2022/1/e32713
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sufficiently prioritizes privacy will likely fall on both the
manufacturer and the individual represented at the point of
acquiring the sensor (ie, retail salesperson, physician). These
parties must have a practical understanding of privacy measures
taken to accurately convey to the potential user the risks and
benefits of using the product. Furthermore, there is a challenge
of equity. The cost of purchasing sensors, either by institutions
or users directly, may be prohibitive. As such, providing access
to these sensor technologies in regions of low socioeconomic
status may be challenging. Given the demonstrated benefits of
sensors, we recommend that physicians or health care systems
be empowered to provide or lend sensor technologies to those
patients who stand to benefit from them, particularly those
patients who cannot afford sensors themselves. Short of hospital
and clinic-sponsored dissemination of sensor technologies, on
a federal level, allocating resources to subsidize the purchase
of vital sensors for those who cannot afford them would
facilitate equity in sensor utilization. In regions that lack internet
connectivity or reliable access to clinics or hospitals, the lack
of existing infrastructure may make sensor utilization less
effective. Providing the infrastructure necessary to accommodate
these sensors is itself a public health challenge and has garnered
widespread attention. It is of vital importance that reliable
internet and stable access to care are ensured for all. Though
such approaches to addressing health care infrastructure deficits
fall beyond the scope of this paper, it is of our opinion that such
basic functions should be afforded to all.
Despite these challenges, with trained health care professionals
making decisions with the help of continuous sensing data,
management plans can be more effectively designed and
implemented, and a more comprehensive academic
understanding of PASC can be achieved. Such an approach to
disease tracking has been used in the context of acute
COVID-19, with particular emphasis on prioritizing sensors
that track respiratory rate, pulse oximetry, heart rate, heart
rhythm, and blood pressure [90]. With the widespread
recognition of the utility of sensors in disease tracking generally,
and in COVID specifically, it is imperative that there is
continued and renewed investment in developing continuous
sensing technologies with relatively high home deployment
feasibility and more universal adoption of such technologies
between clinical visits. Particularly as segments of medical
practice have adopted measures to accommodate telemedicine,
the importance of a passive means of garnering quantitative
patient data with real-time evolution collected outside of medical
establishments is difficult to overstate [91]. Furthermore, care
must be made to develop rigorous analytics software to interpret
raw sensor output data into actionable insights impacting clinical
decisions. Laying the groundwork for such a technologically
motivated health care infrastructure would provide medical
professionals a plethora of data to augment existing clinical
measures for targeted, individualized health care decisions with
their patients.
Although PASC is, as yet, a poorly understood disease, a
symptom-based approach to tracking its pathophysiology may
inform management decisions. Many of the symptoms
associated with PASC are relatively well-studied, and while
curative treatments may not be universally applicable to target
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each symptom, palliative treatments that target specific
symptoms may be available. With a rigorous quantification of
symptoms, clinicians can strategize treatment plans, thereby
mitigating wasteful hospital spending on ineffective treatments
[92]. Given their variable but often substantial cost, sensor
technologies, particularly novel technologies, will need to be
paid for by, subsidized by, or rented out from federal, state, or
private entities in order to maximize access and equitable use.
However, the benefit of tracking therapeutic effects represents
a huge potential for net savings. Although this paper focuses
on the application of continuous unobtrusive sensors in the
management of PASC, broader applications exist for the tracking
of chronic diseases generally, with estimates of spending on
inadequate treatment of chronic disease as high as US $2.5
billion annually for rheumatoid arthritis patients alone,
representing a substantial outlet of wasted spending that these
sensors can begin to address [93]. Furthermore, patients at risk
of particularly debilitating disease can be identified early in
their recovery and directed to appropriate resources (ie,
pharmacotherapy, physical therapy, pulmonary therapy) to
preempt deterioration, thereby enhancing the efficacy of
intervention with early initiation [92]. In such instances where
treatments are initiated, unobtrusive or contactless sensors are
well-equipped to track physiological changes associated with
the intervention, and thus widespread utilization of such sensors
may serve as a basis for the iterative streamlining of health
interventions. Interventions that yield ineffective or deleterious
effects will be easily identified and removed or replaced until
optimal treatment regimens can be reached.
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Such an approach promises high potential for significant
improvement in the quality of life for PASC patients and a more
efficient utilization of health care spending. Similar
symptom-tied approaches to continuous sensing will likely be
of significant clinical utility in the management of other chronic
diseases as well. The NIH recognizes this potential. In their
recently released NIH-Wide Strategic Plan for fiscal years
2021-2025, they acknowledge the importance of being able to
track patient signs across time, outside of a clinical setting [94].
The document also emphasizes the utility of “sensors that can
provide continuous feedback,” particularly because of their
ability to “detect underlying signs of illness and response to
intervention, including medications and lifestyle changes faster
than conventional methods.” Such a formal recognition of the
importance of continuous sensing will be invaluable in
reinforcing the academic credibility of such further study.
The COVID-19 pandemic has forced a renewed awareness of
health care delivery systems and the technologies that define
them. It is imperative, then, that we in the medical and
engineering communities engage with the public discourse of
the present moment and leverage the development, adoption,
and interpretation of technologies that streamline care and yield
promising health outcomes. We consider continuous sensing to
be an essential component of this modern health care system.
Such a goal of streamlined and optimal care necessitates
interprofessional collaboration and community engagement. It
is our hope that this viewpoint provides suggestions and
inspiration for future interdisciplinary collaborations that
facilitate the innovation of sensor technologies and the
infrastructure that supports them.
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Abstract
Background: Female entertainment workers (FEWs) in Cambodia experience a greater prevalence of human immunodeficiency
virus (HIV), other sexually transmitted infections (STIs), psychological distress, substance abuse, and gender-based violence
(GBV) than the general female population. Reaching FEWs with health education and linking them to services has been difficult
because of their hidden and stigmatized status.
Objective: This study evaluated the efficacy of the Mobile Link intervention in improving FEWs’ health by engaging and
connecting them to existing HIV, sexual and reproductive health, and GBV services.
Methods: A randomized controlled trial was conducted between March 2018 and June 2019 in the capital city and 3 other
provinces in Cambodia. FEWs in the intervention arm received automated twice-weekly Short Message Service messages and
voice messages with health information and direct links to outreach workers. The control group received the existing standard
care, including free HIV and STI counseling and testing and a toll-free helpline staffed by trained counselors. We used a stratified
random sampling method to select participants from 5 study sites in the 4 selected provinces. Initially, we randomly selected 600
participants from a list of 4000 FEWs by age group (18-24 and 25-30 years) and study site using a random number generator and
enrolled them in person. The primary outcome measures included self-reported HIV and STI testing, condom use, and contraceptive
use assessed through a face-to-face structured interview. We also measured secondary outcomes, including contact with outreach
workers, escorted referral service use, forced drinking, and GBV experiences. Intervention effects were modeled using repeated
measures, multilevel mixed-effects logistic regression.
Results: A total of 1118 participants were recruited and enrolled in the study. We included 218 FEWs in the intervention arm
and 170 FEWs in the control arm in the per protocol analyses after removing 730 dropouts. Evidence of positive intervention
effects was detected for the following secondary outcomes: contacting an outreach worker (at 30 weeks: adjusted odds ratio
[AOR] 3.29, 95% CI 1.28-8.47), receiving an escorted referral (at 30 weeks: AOR 2.86, 95% CI 1.09-7.52; at 60 weeks: AOR
8.15, 95% CI 1.65-40.25), and never being forced to drink at work (at 60 weeks: AOR 3.95, 95% CI 1.62-9.60). Over time, no
significant differences between intervention and control groups were observed for any primary outcomes in the fully adjusted
models.
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Conclusions: The Mobile Link intervention effectively connected FEWs with outreach workers and escorted referrals but did
not show an effect on primary outcomes. Reduced forced drinking at work was also significantly more extensive in the intervention
group than in the control group. Longer-term messaging may increase access to services and impact FEWs’ health outcomes in
the future.
Trial Registration: Clinicaltrials.gov NCT03117842; https://clinicaltrials.gov/ct2/show/NCT03117842
International Registered Report Identifier (IRRID): RR2-10.1186/s13063-018-2614-7
(J Med Internet Res 2022;24(1):e27696) doi:10.2196/27696
KEYWORDS
mHealth; female sex workers; HIV; sexually transmitted infection; linkage to services; sexual and reproductive health; gender-based
violence; low- and middle-income countries

Introduction
Female entertainment and sex workers experience a greater
prevalence of human immunodeficiency virus (HIV), other
sexually transmitted infections (STIs) [1,2], psychological
distress [3], substance abuse [3,4], and gender-based violence
(GBV) [1,5] than the general female population. These health
burdens are intensified by social and structural factors, including
poverty, gender inequality, discrimination, and stigmatization
[1,2]. In Cambodia, these health trends and associations hold
for female entertainment workers (FEWs) employed at
establishments such as karaoke bars, restaurants, beer gardens,
and massage parlors [6,7]. Approximately one-third of FEWs
exchange sex to supplement their income [8]. Transactional sex
puts FEWs at high risk for adverse health outcomes, threatening
their psychological, physical, and family health [7,8].
FEWs in Cambodia often come from poor and rural families,
originally migrating to cities at a young age in hopes of earning
higher wages to send to their families [7-9]. FEWs have an HIV
prevalence of nearly 10% and low HIV and STI testing rates
and service seeking [10]. They also have low rates of modern
contraceptive use and high rates of induced abortion [8,11] and
are frequent victims of GBV [7,12]. The rates are higher among
FEWs younger than 30 years than among the older groups
[10-12].
FEWs face barriers to accessing health services. As an HIV key
population in Cambodia, they are eligible to receive free health
services provided by nongovernment organizations (NGOs).
However, many do not seek services due to stigma and
discrimination [10]. The population’s health risk profile is
further exacerbated by Cambodia’s 2008 Law on the
Suppression of Human Trafficking and Sexual Exploitation,
which bans prostitution. Research indicates a strong association
between sex work criminalization and sex workers’ increased
risk for HIV and STIs, sexual and physical violence, and
unprotected sex [13]. In Cambodia, outlawing prostitution has
amplified the stigma against FEWs and deterred this population
from carrying condoms, which the police use as evidence of
sex work. The law also creates mistrust of the police among
FEWs, which prevents them from reporting instances of GBV
to the police, who frequently raid entertainment establishments
and arrest FEWs [14,15]. Additionally, the law is associated
with a substantial increase in the number of FEWs as more
women move from brothels to entertainment venues, where
https://www.jmir.org/2022/1/e27696
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they can continue to exchange sex [6,7]. In 2008, an estimated
13,000 FEWs were reported in Cambodia; that number had
risen to approximately 40,000 by 2018 [16].
Health interventions using mobile phones, referred to as mobile
health (mHealth), present a viable solution for connecting
hard-to-reach, stigmatized, and criminalized populations, such
as FEWs, to health services. In recent years, mHealth has
received widespread attention due to its applicability in
low-resource settings. mHealth has been used effectively in
low- and middle-income countries to collect and report
community health data [17], disperse health education
information [17], raise health awareness [18], and conduct
routine check-ins with patients and trigger follow-ups by nurses
[19]. However, knowledge gaps persist in mHealth research.
Few mHealth interventions have been rigorously evaluated.
Much of the existing literature comprises small pilot studies
lacking established health indicators and generalizability
[20-22]. Additionally, there is a deficiency in mHealth research
on interventions targeted toward behavior change and sexual
and reproductive health (SRH) [21].
The Mobile Link intervention is an mHealth project aiming to
engage and connect young FEWs in Cambodia to existing
prevention, care, and treatment services using the automated
Short Message Service (SMS) messages and voice messages
(VMs). The Mobile Link intervention is based on behavior
change theories and years of formative research. The
intervention aims to reduce FEWs’ risk behaviors and increase
HIV, STI, SRH, and GBV service utilization. The project’s
details are described in the formative study and protocol papers,
with an overview provided below [23,24]. This study aims to
evaluate the efficacy of the Mobile Link intervention in engaging
FEWs; connecting them to existing HIV, SRH, and GBV
services; and ultimately improving their health. It strives to fill
existing knowledge gaps in mHealth research and provide
information about a hard-to-reach, high-risk, and understudied
population.

Methods
Trial Design and Settings
The Mobile Link intervention study is a 2-arm multisite 60-week
randomized controlled trial (RCT). The trial was conducted in
2 sites in Phnom Penh and 1 site each in Banteay Meanchey,
Battambang, and Siem Reap. These provinces were selected
J Med Internet Res 2022 | vol. 24 | iss. 1 | e27696 | p.439
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
because of substantial populations of FEWs and high HIV
burdens.

Participants
The intervention’s participant inclusion criteria included (1)
being in the age group of 18-30 years; (2) self-identifying as a
FEW; (3) working at an entertainment venue in the study sites;
(4) being currently sexually active, defined as having engaged
in oral, vaginal, or anal sex in the past 3 months; (5) owning a
mobile phone; (6) knowing how to retrieve VMs or retrieve and
read SMS messages; (7) willing to receive 2 SMS
messages/VMs per week for 1 year; (8) providing written
informed consent; and (9) agreeing to a follow-up visit after 6
and 12 months.

Randomization
We based our sample size on information from our recent study,
which found that 352 of 667 (52.8%) FEWs underwent at least
1 HIV test in the past 6 months [25]. We calculated a sample
size that would be able to detect an increase of 13% in HIV
testing as a result of the Mobile Link intervention. The sample
size was 600 based on a significance level of .05, with 80%
power and accounting for 28% attrition. Field workers developed
a list of more than 4000 FEWs from the 5 study sites. FEWs in
the list were categorized by site and age group (18-24 and 25-30
years old). At each site, 120 FEWs were randomly selected
using a random number generator: 60 (50%) in the age group
of 18-24 years and 60 (50%) in the age group of 25-30 years.
Furthermore, half of the selected FEWs (30 [50%] in the age
group of 18-24 years and 30 [50%] in the age group of 25-30
years) were randomly assigned to the intervention arm and the
other half to the control arm. Therefore, 60 participants from
each arm from each of the 5 sites finally added up to 300 FEWs
in the intervention and 300 FEWs in the control arm for a study
total of 600 participants.

Recruitment
All participants were recruited in-person at the 5 study sites by
trained Mobile Link lay community health workers. Community
health workers provided verbal information to FEWs regarding
Mobile Link’s details because of low literacy rates in this
population. Eligible FEWs signed the informed consent form
and provided community health workers with mobile numbers
for all of their subscriber identification module (SIM) cards and
indicated which SIM they used most often. Recruited FEWs
were assigned a unique identification number to protect their
privacy and blind the researchers from their treatment arm
assignment.
At midline, the data collection team recruited additional study
participants to replace those who were lost to follow-up by
randomly selecting FEWs from the same site and age group on
the master list, excluding those who had ever been selected.
These replacement participants got an opportunity to participate
in the second 30 weeks of the intervention period. We
considered participants having at least 2 survey assessments to
be active participants in the study.

Brody et al

Patient and Public Involvement
This clinical trial was developed after months of iterative
qualitative data collection with FEWs, including 27 focus group
discussions (FGDs), 9 in-depth interviews (IDIs), and 2
validation workshops. During this period, participants gave
researchers guidance and feedback on the design and delivery
of the intervention and recruitment and data collection
procedures. Dissemination activities involved a validation
workshop, where we presented and discussed findings from the
formative studies with representatives of FEWs and key
stakeholders, a midterm review workshop, and 2 final findings
dissemination workshops.

Intervention
The Mobile Link intervention was informed by behavior change
theories and extensive formative research. The intervention
provided FEWs with information, resources, and reminders. By
utilizing an SMS/VM platform, these services were provided
in a convenient, accessible, inexpensive, and confidential
manner. Therefore, we theorized that this delivery mechanism
would improve FEWs’ knowledge of existing resources, risks,
risk behaviors, and positive attitudes related to these topics.
Increasing knowledge and positive attitudes would contribute
to skill acquisition and a positive behavior change.
We conducted a series of formative research activities using
participatory methods to create appropriate and relevant
health-related messages for FEWs and inform the intervention’s
development. The formative research process occurred over 6
months. We collected data through FGDs, IDIs, and key
informant interviews (KIIs) with venue- and non-venue-based
FEWs, in addition to outreach workers and field staff routinely
working with this population [23]. Findings from the formative
research revealed that FEWs are generally knowledgeable about
HIV and STI prevention and transmission. However, they face
many structural barriers to optimal health, such as pressure to
drink alcohol at work and complicated dynamics of negotiating
condom use with clients in a criminalized environment [25,26].
Furthermore, we found that many FEWs face barriers to
accessing medical care and services due to stigma,
discrimination, and mistreatment from health care workers.
We developed the message-based intervention with the support
of local partners InSTEDD iLab and the Women’s Media Center
(WMC). InSTEDD developed a mobile platform for interactive
message delivery and data management using an open source
software program. The WMC helped translate messages into
Khmer and tailor the contents to be specific, relevant, and
engaging, given the cultural context. Example messages included
can be found in a previously published paper [23].
After the development, the intervention underwent a 4-week
pilot in which 50 FEWs from each study site were randomly
selected. The purpose of the pilot was to test whether the
platform functioned well with the intervention design and
whether the intervention was feasible and acceptable for the
participants and other key stakeholders.
The central components of the Mobile Link intervention were
the SMS messages and VMs containing health information and
referral linkage information to health services and resources.
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From the formative research process, 180 messages were
designed covering 10 health themes identified as the most
important by participants. The health themes covered the
following topics: cervical cancer, contraception, general health
information, HIV and STI transmission and prevention,
miscarriage, pregnancy, alcohol use at work, pregnancy
termination, hygiene and vaginal health, and GBV. A message
was delivered twice a week for 10 weeks, and the message from
each topic area was repeated every 10 weeks for 60 weeks. The
health messages were framed using rights-based and health
promotion frameworks. Participants could choose to receive
the messages via SMS or in VM form that worked with simple
and smartphone devices. Those who chose the SMS message
option could further personalize their choice by selecting Khmer
characters or Romanized Khmer. Each health topic message
was followed by a message providing FEWs with the option to
be linked to an outreach worker for free. Participants who
selected this option were called by Mobile Link’s staff, who
would provide individualized information over the telephone
or face to face and, if needed, would escort the participant to
services.

to the intervention participants, who were later excluded from
the main surveys.

The controls for this study received the existing standard care.
Standard care included face-to-face counseling, free HIV and
STI testing and condoms, and clinic and hotline phone numbers
with a toll-free helpline for clients staffed by trained counselors.
The group did not receive the health-related SMS/VM
component. However, they received a “check-in” SMS message
or VM between baseline and midline and another between
midline and endline to stay in touch with the participants and
remind them of the interview appointments.

The Mobile Link intervention engaged community and public
health stakeholders to ensure that the study incorporates the
best practices and strong ethical standards. Due to the sensitive
nature of HIV, SRH, and GBV topics presented in the surveys
and questionnaires, additional steps were taken to ensure
participants’ safety and well-being. First, all data collectors
received training related to asking sensitive questions. Second,
upon obtaining informed consent, community health workers
disclosed information, making clear the sensitive topics
discussed in the data collection process. Third, participants were
offered escorted referrals to counseling services and provided
with services upon request. Participants could be connected to
services in the event of an adverse outcome through the
SMS/VM platform. In addition, participants could leave the
study at any time. Furthermore, participants’ identities were
kept confidential and stored securely in password-protected
files. Coded identifiers were given to participants after obtaining
informed consent. No participants’ personal identifiers were
used in analyses or report writing. Participants received US $5
for compensation of time and transportation reimbursement for
their participation. This study was approved by the National
Ethics Committee for Health Research (NECHR; no.
142NECHR) within the Ministry of Health in Cambodia and
the Touro College Institutional Review Board (no. PH-0117).

Outcomes and Measures
The primary outcome measures of the Mobile Link intervention
were (1) HIV testing, (2) STI testing when experiencing
symptoms, (3) contraceptive use, (4) always using condoms
with nonpaying partners, and (5) always using condoms with
paying partners. The secondary outcome measures were (1)
contact with outreach workers, (2) utilization of escorted
referrals, (3) forced drinking at work, and (4) responses to GBV
and GBV acceptance.
The primary and secondary outcomes were tracked and
measured using self-reported data from the baseline, midline,
and endline surveys. The survey questionnaires contained items
on demographics and background history; entertainment work;
sexual behaviors; condom use self-efficacy; HIV risk perception,
testing, and treatment; STI testing and treatment; contraception
use and pregnancy; GBV and inequity; substance abuse;
psychological distress; linkage to health services; and exposure
to the Mobile Link intervention. The questionnaires contained
approximately 100 questions, which were either dichotomous
(eg, yes/no), categorical (eg, type of contraception method used),
ordinal (eg, always, frequently, sometimes, and never), or a
ratio (eg, number of years working in entertainment venues).
The questionnaires were adapted from validated questionnaires
used in our previous research on FEWs in Cambodia. The
questionnaires were created in English, translated to Khmer,
and back-translated to English. The Khmer questionnaires were
validated via a pilot test of 15 FEWs with similar characteristics
https://www.jmir.org/2022/1/e27696

XSL• FO
RenderX

Data Collection
The data collection process involved a face-to-face baseline,
midline, and endline questionnaire survey. The questionnaires
were administered in person in Khmer by Mobile Link’s female
field researchers using the open source Kobo Toolbox software
installed on Android-operating tablets. Before data collection,
the field researchers underwent a 2-day training in which the
questionnaire was also pretested. Field staff connected FEWs
to field researchers by making appointments with FEWs,
following up the appointments, and guiding FEWs to
predetermined interview locations. We conducted the baseline
survey before the start of the intervention (March 2018), the
midline survey at 6 months after baseline (November 2018),
and the endline survey at 12 months after baseline (June 2019).
The questionnaires took approximately 25-30 minutes to
complete, and the field researchers were blind to the FEWs
treatment arm assignment to reduce the possibility of bias.

Ethical Considerations

Statistical Analyses
STATA/SE 15.1 (College Station, TX, USA) was used for
statistical analyses. We tabulated participants’ baseline
characteristics and distributions of primary and secondary
outcome variables for the intervention versus the control arm
for the analytic sample (participants with at least baseline and
30-week observation) using frequencies and proportions for
categorical variables and means and SDs for continuous
variables. These characteristics were compared by group using
tests of association, including Pearson chi-square tests of
homogeneity for categorical variables and Student t tests for
continuous variables to ensure the balance between the study
J Med Internet Res 2022 | vol. 24 | iss. 1 | e27696 | p.441
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arms. We conducted both crude and cluster-adjusted pooled
tests of association to account for clustering within workplace
venues. Participant characteristics were then compared for the
analytic sample (n=388) versus the non-analytic sample (n=733)
to assess significant differences within and between groups for
those retained in the study per protocol for at least 2 survey
assessments (ie, analytic sample) versus those lost to follow up
after the baseline assessment (ie, non-analytic sample).
Intervention effects were assessed using multilevel mixed-effects
logistic regression to model all binary outcomes accounting for
within-subject correlation from taking repeated measures on
the same participants over time (2-level models with
observations nested within individuals). Clustered standard
errors were computed to account for the similarity of
characteristics and behaviors among participants in the same
venues and any possible contamination between study arms.
Separate models were conducted for each primary and secondary
outcome. Model fit was assessed for each outcome using the
Akaike information criterion (AIC) and the Bayesian
information criterion (BIC).
Predictors in each simple unadjusted 2-level mixed-effects
logistic regression model included group, time, and
group-by-time interaction terms. Intervention effects for each
outcome were determined by group-by-time interaction terms
at endline with a significant P<.05. Significant interactions
indicating intervention effects were graphed using the
marginsplot command. Midline effects (effects at 30 weeks)
are displayed in the figures but not in the tables. For the fully
adjusted primary and secondary outcome models, the following
covariates were included to control alternative explanations:
entertainment job venue type, province, cohabitation, age, and
education. For primary outcomes, contact with outreach workers
in the past 6 months was also included as a covariate to assess
the impact of linkage support on HIV and STI testing,
contraceptive use, and condom use.
As a sensitivity analysis, we used intention-to-treat (ITT)
principles for modeling primary and secondary outcomes with
all participants (n=1121), according to the arm to which they
were assigned, and then compared to the results for each
outcome from the per protocol modeling with the analytic
sample. Per protocol analyses were undertaken to assess the
intervention’s impact among those who actively participated in
the study. Participants lost to follow-up after baseline, resulting
in missing outcome data at 6 months, were considered non-users.
ITT and per protocol results were consistent for all outcomes
regarding the direction, strength, and significance of
associations. As such, only the per protocol results are presented
in the tables for ease of interpretation.

Protocol Adaptations
There are several protocol deviations to note. The original
protocol called for a 12-month (52-week) trial. However, due
to high dropout rates at the midterm, we extended the trial to
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60 weeks to recruit and enroll more participants who would
have the chance to be exposed to the intervention for at least
30 weeks.
We did not anticipate the level of loss to follow-up that occurred
and, therefore, did not have a plan in place for replacement
recruitment in our original protocol. We decided to recruit
replacement participants at midline by randomly selecting FEWs
from our master list from the same venue and age group. In our
analyses, we defined exposure as having had at least 30 weeks
of exposure to the intervention.
Another deviation occurred in our group assignment plan.
Initially, we planned to randomize at the entertainment venue
level to conduct a cluster RCT. Before the implementation, we
changed our trial design to randomize at the individual level
due to the high level of movement of FEWs between venues.
As a result, we modeled intervention effects using the individual
rather than the venue as the analysis unit. We computed
clustered standard errors based on the venue rather than
including the venue as a level in the mixed-effects outcome
models. Finally, we included the venue type (eg, karaoke bar,
beer garden, other venues) as a covariate in all our models.
We planned to send out weekly survey questions to intervention
participants on various health topics in our study protocol.
During intervention development, we heard from pilot
participants that they felt reluctant to provide that type of
information through the phone. We were also concerned about
message fatigue, privacy, and literacy and decided to omit that
part of the intervention.
Finally, in our protocol, we stated that we would present an ITT
analysis. Because the ITT and per protocol findings were the
same, we decided to present the per protocol analysis for ease
of interpretation.

Results
The study’s participant flow diagram is depicted in Figure 1.
Before the intervention started, 3295 FEWs were assessed for
eligibility, of whom 828 (25.13%) FEWs did not meet the
eligibility criteria, 134 (4.07%) declined to participate, 3
(<0.01%) were lost to follow-up following randomization, and
325 (9.86%) were excluded because of other reasons. Of the
included FEWs (2008/3295, 60.94%), 1118 (55.68%) were
randomly selected for intervention randomization, of which 435
(38.91%) were allocated to the intervention group and 683
(61.09%) to the control group. By the end of 30 weeks, 217 of
435 (49.9%) FEWs in the intervention and 513 of 683 (75.1%)
FEWs in the control group discontinued the study and were
replaced. We included 435 (100%) FEWs in the intervention
and 683 (100%) FEWs in the control group in intention-to-treat
analyses and 218 of 435 (50.1%) FEWs in the intervention and
170 of 683 (24.9%) FEWs in the control group in the per
protocol analyses.
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Figure 1. Participant flow diagram.

Table 1 displays characteristics of the sample stratified by
intervention versus control group with crude and cluster-adjusted
pooled association tests. When accounting for clustering by
venue, there were no differences in sample characteristics by
group at baseline except a significantly lower proportion of
currently married participants in the intervention than in the
control group (42/218 [19.3%] vs 48/170 [28.2%], P=.05). There
were crude differences identified by province and entertainment
job venue type when not accounting for clustering within
venues. The intervention group had a higher proportion of
participants from Battambang than the control group (35/218
[16.1%] vs 15/170 [8.8%], P=.04). There were marginal but
not significant crude differences between the proportions of
intervention versus control participants in each of the other 3
provinces. The intervention group had a higher proportion of
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participants working in karaoke bars (146/218 [66.9%] vs 93/170
[54.7%], P=.01). In contrast, the control group had a higher
proportion of participants working in beer gardens (26/218
[11.9%] vs 37/170 [21.7%], P=.01). All other characteristics
were successfully matched between arms, with no statistically
significant differences between intervention and control groups.
We compared the characteristics of the analytic (retained) versus
non-analytic (lost to follow-up) samples and identified a
significant baseline difference in being forced to drink at work.
Participants in the analytic sample were more likely to believe
that something can be done if a person experiences abuse and
to report ever being forced to drink at work. No other baseline
differences were identified between analytic and non-analytic
samples.
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Table 1. Baseline characteristics of female entertainment workers in the analytic sample of the Mobile Link study by intervention and control arms
(N=388).
Baseline characteristics

Intervention group (n=218), n (%) Control group (n=170), n (%)

Demographics
Age in years, mean (SD)

24.7 (3.8)

24.5 (4.0)

Years of schooling attained, mean (SD)

6.2 (3.0)

6.3 (3.0)

Currently marrieda

42 (19.3)

48 (28.2)

Previously married (widowed, divorced, or separated)

81 (37.2)

55 (32.4)

Never married

95 (43.6)

67 (39.4)

Phnom Penh

86 (39.4)

51 (30.0)

b

35 (16.1)

15 (8.8)

Banteay Meanchey

52 (23.8)

55 (32.4)

Siem Reap

45 (20.6)

49 (28.8)

Poor as a child (Multidimensional Childhood Poverty Scale score ≥ 3)

190 (87.2)

145 (85.3)

Weekly income in USD, mean (SD)

277.0 (206.2)

272.4 (167.0)

Karaoke barb

146 (67.0)

93 (54.7)

Beer gardenb

26 (11.9)

37 (21.8)

Other (eg, massage parlor, dance club, or freelance in streets/parks)

46 (21.1)

40 (23.5)

Had sex with partner in exchange for money or gifts, past 3 months (intervention 60 (41.1)
n=146 [66.9%], control n=170 [100%])

40 (31.5)

Marital status

Province

Battambang

Entertainment job venue type

Type of message received
SMSc message

99 (45.4)

64 (37.6)

VMd

119 (54.6)

106 (62.4)

Primary health outcomes
Tested for HIVe in the past 6 months (intervention n=176 [80.7%], control 113 (64.2)
n=150 [88.2%])

95 (63.3)

Tested for STIsf when most recently showed symptoms (intervention n=112 27 (24.1)
[51.4%], control n=71 [41.8%])

19 (26.8)

Uses modern contraceptive to prevent pregnancy

68 (31.2)

64 (37.6)

Always uses condom with nonpaying partners

43 (71.1)

31 (77.5)

Always uses condom with paying clients (intervention n=60 [27.5%], control 23 (22.6)
n=40 [23.5%])

17 (15.4)

Frequency of forced drinking at work
Never

123 (56.4)

111 (65.3)

Less than monthly

16 (7.3)

13 (7.6)

Monthly

28 (12.8)

15 (8.8)

Weekly

51 (23.4)

31 (18.2)

Gender-Based Violence Acceptance Scale score (intervention n=26 [11.9%],
control n=74 [43.5%]) (range 0-16), mean (SD)

4.4 (3.7)

4.5 (3.2)

Believes you cannot do anything if you or someone you know experiences
physical or sexual abuse

60 (27.5)

47 (27.6)

Outreach worker contact only, past 6 months

20 (9.2)

13 (7.7)
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Baseline characteristics

Intervention group (n=218), n (%) Control group (n=170), n (%)

Number of times contacting outreach worker in the past 6 months
Never

20 (46.5)

21 (58.3)

Once

11 (25.6)

6 (16.7)

2-4 times

11 (25.6)

8 (22.2)

5 or more times

1 (2.3)

1 (2.8)

Received escorted referral

a

Received escorted referral for HIV/STI (intervention n=23 [10.6%], control 7 (30.4)
n=23 [13.5%])

4 (17.4)

Received escorted referral for vaginal health (intervention n=23 [10.6%],
control n=23 [13.5%])

16 (69.6)

14 (60.9)

Indicates a significant difference between intervention and control arms at baseline in a cluster-adjusted test of association by venue (P<.05).

b

Indicates a significant difference between intervention and control arms at baseline in a crude test of association (P<.05).

c

SMS: Short Message Service.

d

VM: voice message.

e

HIV: human immunodeficiency virus.

f

STI: sexually transmitted infection.

Table 2 shows intervention effects at endline on primary
outcomes in unadjusted and adjusted models (effects at 60
weeks). There was a statistically significant improvement in
the frequency of self-reported condom use with nonpaying
partners in the control group than in the intervention group in
the unadjusted model (effects at 60 weeks: OR 0.26, 95% CI
0.08-0.83). In the intervention group, the proportion of FEWs
who reported always using condoms with nonpaying partners

was 22.6% (23/102) at baseline, 16.4% (19/116) at midline, and
17.2% (17/99) at endline. Among the control group, 15.5%
(17/110) reported this condom use behavior at baseline, 24.8%
(30/121) at midline, and 29% (11/38) at endline. However, no
significant differences between intervention and control groups
over time were observed for any primary outcomes in the fully
adjusted models.

Table 2. Intervention effects on primary outcomes in the analytic sample in the unadjusted and adjusted models (N=989). Adjusted models included
venue type, province, cohabitation, age, education, and outreach worker contact.

a

Primary outcomes

ORa (95% CI)

AORb (95% CI)

Tested for HIVc, past 6 months (1=yes, 0=no, n=887 [89.7%])

0.45 (0.18-1.13)

0.40 (0.16-1.04)

Tested for STIsd, most recent symptoms (1=yes, 0=no, n=394 [39.8%])

1.36 (0.25-7.50)

1.20 (0.21-7.00)

Uses modern contraceptive to prevent pregnancy (1=yes, 0=no, n=989 [100%])

1.06 (0.37-3.02)

0.99 (0.35-2.77)
e

Always uses condom with nonpaying partners (1=yes, 0=no, n=586 [59.3%])

0.26 (0.08-0.83)

Always uses condom with paying clients (1=yes, 0=no, n=242 [24.5%])

1.77 (0.14-22.74)

0.50 (0.16-1.58)
1.17 (0.08-17.64)

OR: odds ratio.

b

AOR: adjusted odds ratio.

c

HIV: human immunodeficiency virus.

d

STI: sexually transmitted infection.

e

Indicates a significant difference between intervention and control arms at endline (P<.05).

As shown in Table 3, secondary outcomes with significant
intervention effects at endline in unadjusted models included
contacting an outreach worker (effects at 60 weeks: OR 3.31,
95% CI 1.06-10.33), receiving an escorted referral (effects at
60 weeks: OR 9.51, 95% CI 2.06-43.95), and never being forced
to drink at work (effects at 60 weeks: OR 4.28, 95% CI
1.72-10.65). Statistically significant evidence for positive
intervention effects at endline was detected for the following
secondary outcomes in the fully adjusted models: receiving an

https://www.jmir.org/2022/1/e27696

XSL• FO
RenderX

escorted referral (effects at 60 weeks: AOR 8.15, 95% CI
1.65-40.25) and never being forced to drink at work (effects at
60 weeks: AOR 3.95, 95% CI 1.62-9.60). Significant midline
effects were also detected for contacting an outreach worker
(effects at 30 weeks: AOR 3.29, 95% CI 1.28-8.47) and
receiving an escorted referral (effects at 30 weeks: AOR 2.86,
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Table 3. Intervention effects on secondary outcomes in the analytic sample in the unadjusted and adjusted models (N=989). Adjusted models included
venue type, province, cohabitation, age, and education.

a

Secondary outcome

ORa (95% CI)

AORb (95% CI)

Outreach worker contact, past 6 months (1=yes, 0=no, n=989 [100%])

3.31 (1.06-10.33)c

2.82 (0.93-8.55)

Escorted referral, past 6 months (1= yes, 0=no, n=989 [100%])

9.51 (2.06-43.95)d

8.15 (1.65-40.25)d

Forced drinking at work, past 3 months (1=never, 0=ever, n=989 [100%])

4.28 (1.72-10.65)d

3.95 (1.62-9.60)d

Believes you can do something if experience abuse (1=yes, 0=no, n=989 [100%])

0.65 (0.27-1.59)

0.68 (0.28-1.62)

GBVe (1=high/moderate, 0=low, n=701 [70.9%])

0.81 (0.25-2.59)

0.86 (0.28-2.68)

OR: odds ratio.

b

AOR: adjusted odds ratio.

c

Indicates a significant difference between intervention and control arms at endline (P<.05).

d

Indicates a significant difference between intervention and control arms at endline (P<.01).

e

GBV: gender-based violence.

Outreach worker contact increased from 19.7% (43/218) at
baseline to 31.9% (53/166) at endline in the intervention group
and declined from 21.2% (36/170) at baseline to 14.9% (7/47)
at endline in the control group. The differences were significant
at midline but not at endline. Similarly, escorted referrals
increased from 10.6% (23/218) at baseline to 25.9% (43/166)
at endline in the intervention group and declined from 13.5%
(23/170) at baseline to 6.4% (3/47) at endline in the control
group. The differences in escorted referrals were significant at

both midline and endline. The proportion of FEWs who reported
no forced drinking at work in the past 3 months increased from
56.4% (123/218) at baseline to 70.5% (117/166) at endline in
the intervention group and declined from 65.3% (111/170) at
baseline to 55.3% (26/47).
Figures 2-4 show significant intervention effects over time in
the adjusted models for contact with outreach workers (Figure
2), escorted referrals (Figure 3), and never being forced to drink
at work (Figure 4).

Figure 2. Intervention effects on outreach worker contact by timepoint.

https://www.jmir.org/2022/1/e27696

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e27696 | p.446
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Brody et al

Figure 3. Intervention effects on escorted referrals by timepoint.

Figure 4. Intervention effects on never being forced to drink at work by timepoint.
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Discussion
Principal Results
Our findings suggest that the Mobile Link intervention
effectively connects FEWs with outreach workers for health
information and escorted referrals. Outreach worker contact
increased by 61% in the intervention group and decreased by
30% in the control group. Similarly, escorted referrals increased
by 144% in the intervention group and decreased by 53% in the
control group over the same period. The reductions in forced
drinking at work were larger in the intervention group than in
the control group. However, the findings do not indicate an
impact on the primary outcome measures, including HIV and
STI testing, condom use, and contraceptive use. In addition,
improvements on many primary and secondary outcomes in
both groups might suggest that enrollment in the study had
positive effects on FEWs overall, regardless of whether they
were assigned to receive intervention messages.
Our findings indicate that the Mobile Link intervention could
reduce the prevalence of forced drinking at work. The proportion
of FEWs who reported no forced drinking at work in the past
3 months increased by 25% in the intervention group and
decreased by 15% in the control group over the same period.
The pressure to drink alcohol at work from supervisors and
peers is common for FEWs in Cambodia [25]. During our
qualitative assessment for intervention development, FEWs
expressed a desire to reduce alcohol consumption at work
despite this pressure. Messages developed in response to this
request and sent out through the Mobile Link platform advised
about subtly avoiding and reducing the effect of heavy drinking.
The advices included eating large meals before work, drinking
lots of water in between drinks, adding lots of ice to displace
the alcohol, and sharing tips to reduce pressure to drink more
for tips. These suggestions did not rely on structural-level
changes and, therefore, may have been more successfully
implemented. As alcohol use is linked to increased sexual risk
taking and violence, these findings are promising.
Connecting hard-to-reach populations to prevention and
treatment services through outreach workers using mobile phone
messages has been shown to be effective in other mHealth
studies in low- and middle-income countries [27-29]. RCT
evaluations of mHealth interventions have demonstrated positive
changes in knowledge and attitudes and, as with our study, have
been limited in their ability to show changes in health outcomes
[29]. In our theory of change, more health knowledge, paired
with more contact with outreach workers, will eventually lead
to increased health service use and ultimately improved health
outcomes. Our study did not detect changes in health outcomes,
perhaps because these changes take longer to occur. It is also
possible that several trial implementation challenges may have
limited our ability to detect health outcomes changes, including
the high loss to follow-up, which was identified as an issue for
other mHealth studies in Cambodia [30-32].

Limitations

Brody et al
between intervention and control groups, and attrition was
exceptionally high among control and replacement participants.
This attrition also resulted in a lower overall sample that is
underpowered. Second, recruiting new participants to replace
those lost to follow-up was conducted according to the initially
intended distribution of participants per province rather than
where participants were lost, resulting in an overrepresentation
of control participants in smaller provinces. Third, high levels
of movement between venues among FEWs led to a protocol
change, resulting in individual-level rather than venue-level
sampling and nonrandom assignment to intervention and control
groups. Finally, the participants were not blinded to the
intervention. As such, the findings should be interpreted with
caution. However, a balance between study arms at baseline
was achieved on all primary and secondary outcomes, in both
the analytic sample and the full sample, suggesting that
intervention and control participants were appropriately matched
based on participant characteristics and health behaviors.

Comparison With Prior Work
Despite these limitations, this study demonstrates that mHealth
approaches can link hard-to-reach populations to necessary
health services. Similar to the implications of meta-analysis
findings of SMS interventions for antiretroviral adherence
support in sub-Saharan Africa [19], messaging content may not
have significant impacts on behaviors relative to linkage to
health care workers (ie, nurses or community health workers).
However, other text-messaging intervention RCTs focused
heavily on message content and with greater intensity but shorter
duration than this intervention found significant impacts on
multiple HIV-related risk behaviors and relative to live
messaging communication with community health workers [31].
Client-centered messaging content may also enhance and sustain
engagement in the intervention and seed motivation to connect
to a community health worker for support and escorted service
linkages. Effects likely depend on the population’s risk,
resources in context, the intervention intensity, and other
intervention details.

Conclusion
Given the positive findings on service linkages for this
intervention, we will consider using the Mobile Link model
with other key populations in Cambodia and the region. The
traditional in-person visitation model by community health
workers on 2-week or monthly rotations, the standard of care
during this trial, may be enhanced by interventions such as
Mobile Link. This study is unique because of the extensive
qualitative intervention development period. Replication of any
messaging service would benefit from qualitative research to
inform adaptation. Successfully linking vulnerable young
women to outreach workers and escorted referral services
through their mobile phones may lead to linkages to other types
of services, events, rights-based information, and behavior
change messaging. Longer-term messaging and prompts of
community health worker linkage have the potential to increase
access to services and may impact FEWs’ health outcomes in
the future.

These findings should be interpreted with regard to study
limitations. First, differential loss to follow-up was observed
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Abstract
Background: Digital behavior change interventions (DBCIs) offer a promising channel for providing health promotion services.
However, user experience largely determines whether they are used, which is a precondition for effectiveness.
Objective: The primary aim of this study is to evaluate user experiences with the NoHoW Toolkit (TK)—a DBCI that targets
weight loss maintenance—over a 12-month period by using a mixed methods approach and to identify the main strengths and
weaknesses of the TK and the external factors affecting its adoption. The secondary aim is to objectively describe the measured
use of the TK and its association with user experience.
Methods: An 18-month, 2×2 factorial randomized controlled trial was conducted. The trial included 3 intervention arms receiving
an 18-week active intervention and a control arm. The user experience of the TK was assessed quantitatively through electronic
questionnaires after 1, 3, 6, and 12 months of use. The questionnaires also included open-ended items that were thematically
analyzed. Focus group interviews were conducted after 6 months of use and thematically analyzed to gain deeper insight into the
user experience. Log files of the TK were used to evaluate the number of visits to the TK, the total duration of time spent in the
TK, and information on intervention completion.
Results: The usability level of the TK was rated as satisfactory. User acceptance was rated as modest; this declined during the
trial in all the arms, as did the objectively measured use of the TK. The most appreciated features were weekly emails, graphs,
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goal setting, and interactive exercises. The following 4 themes were identified in the qualitative data: engagement with features,
decline in use, external factors affecting user experience, and suggestions for improvements.
Conclusions: The long-term user experience of the TK highlighted the need to optimize the technical functioning, appearance,
and content of the DBCI before and during the trial, similar to how a commercial app would be optimized. In a trial setting, the
users should be made aware of how to use the intervention and what its requirements are, especially when there is more intensive
intervention content.
Trial Registration: ISRCTN Registry ISRCTN88405328; https://www.isrctn.com/ISRCTN88405328
International Registered Report Identifier (IRRID): RR2-10.1136/bmjopen-2019-029425
(J Med Internet Res 2022;24(1):e29302) doi:10.2196/29302
KEYWORDS
digital behavior change intervention; user experience; technology acceptance; weight-loss maintenance; focus groups; mixed
methods; mobile phone

Introduction
Background
Digital behavior change interventions (DBCIs) have the potential
to enable scalable solutions for health promotion and disease
prevention, and some of them have been found to be effective
in weight management [1,2]. The acceptance and use of DBCIs
are influenced by several factors. The quality and usability of
the DBCI, including the quality and trustworthiness of
information and interaction, trust in the privacy and security of
the DBCI, and the ease of adoption and use are important for
engaging with an intervention [3]. Specific features associated
with more active use include frequent updates such as new
information being uploaded or new lessons becoming available,
and dialogue support features such as reminders and suggestions
[4,5]. The inclusion of interaction with a counselor and social
interaction have also been found to increase engagement [3-5].
In addition, user- and setting-related factors have an impact on
the use of DBCIs, for example, the motivation and agency of
the user, the user’s personal life situation, and the study setting
and recruitment strategies [3,4]. Participants have been found
to commit to DBCIs more strongly in randomized controlled
trials (RCTs) than in pilot studies and real-life observational
studies [4].
The use of a DBCI is required for the users to become exposed
to its behavior change mechanisms and gain benefits. The
amount and manner of use required to gain benefits may differ
between different types of interventions and also between
individuals [6,7]. Therefore, it is important to track how users
interact with the intervention and their experiences with it to
empirically establish and define effective engagement for a new
intervention [6].
Technology acceptance models aim to explain and predict user
acceptance and adoption of technologies [8]. One of the most
widely used models is the Technology Acceptance Model
(TAM), originally developed for technologies used in
organizational settings [9]. The TAM model consists of 2 main
factors that influence whether users will adopt a technology,
namely perceived usefulness, which is defined as the users’
belief that using the system will enhance their job performance,
and perceived ease of use, which is defined as the users’ belief
that using the system will be effortless. Different variations and
https://www.jmir.org/2022/1/e29302
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extensions of the TAM model have been developed, including
the TAM for Mobile Services (TAMM) [10]. The TAMM adds
the dimensions of perceived ease of adoption and trust and
extends the concept of perceived usefulness to perceived value.
The TAMM model has been previously used for the
development and evaluation of DBCIs [11,12].
Traditionally, user acceptance and experiences have been studied
in the intervention development phase primarily using qualitative
methods. This is an essential part of intervention development
to capture the needs and perspectives of the end users [13]. User
experiences and the relationship between the user and the
technology change over time and in different contexts [14,15].
If a technology is intended for long-term use, the long-term
experience determines whether the users will continue to use
and recommend the technology to others [15]. Therefore, user
experiences should be measured repeatedly during long-term
use and in situations where the users are independently using
the technologies.
Although quantitative measures of user experience indicate the
perceived usability and value, qualitative methods are required
to gain a deeper understanding of the reasons associated with
user experiences. Focus groups can be used to gather such data
from groups of individuals in specific situations. These
investigations gather detailed user perspectives on satisfaction
or dissatisfaction with services or products that are not obtained
by quantitative approaches [16].

Objectives
The NoHoW Toolkit (TK) is a DBCI for WLM (weight loss
maintenance) comprising modular intervention content and
integrating data from self-assessments, activity trackers, and
weight scales. The content of the TK was built on
evidence-based theories and techniques of behavior change
targeting different psychosocial constructs, which were
translated into a digital format [17]. This study employed a
mixed methods approach to investigate user experiences during
12 months of TK use. The objectives of this study are as follows:
(1) to quantitatively analyze the user experiences of the TK and
the changes in user experiences over 1 year; (2) to investigate
the use of the TK and its associations with user experience and
weight outcomes; and (3) to qualitatively analyze the main
strengths, weaknesses, and improvement needs of the TK and
the external factors affecting user acceptance of the TK.
J Med Internet Res 2022 | vol. 24 | iss. 1 | e29302 | p.453
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Methods
Study Procedures and Materials
Overview
The NoHoW trial was an 18-month, 3-center, 2×2 factorial,
single-blind RCT that evaluated the efficacy of the TK in WLM.
In total, 1627 participants were recruited from 3 countries—the
United Kingdom, Denmark, and Portugal and randomly assigned
to 4 arms—(1) control arm (400/1627, 24.58%), (2) motivation
and self-regulation arm (403/1627, 24.76%), (3) emotion
regulation arm (416/1627, 25.56%), and (4) combined arm
(408/1627, 25.07%). The participants were required to be aged
≥18 years, have a verified ≥5% weight loss in the last 12 months
with current weight at least 5% below their highest weight, and
have had a BMI of ≥25 kg/m2 before weight loss. Recruitment
was conducted through several channels to reach eligible
individuals, for example through commercial and municipal
weight loss services, registered dieticians and nutritionists,
leisure centers, and local and national media coverage and
advertisements. The individuals were directed to
country-specific recruitment websites and completed a
web-based eligibility screener. Eligible individuals were
contacted for a telephonic screening interview and provided
with study information. Eligible participants were invited to a
clinical investigation day where informed consent was obtained
before randomization. A detailed description of the study is
presented in the paper by Scott et al [18].

Intervention
All the participants received commercial wireless body weight
scales (Fitbit Aria [Fitbit LLC]), activity trackers (Fitbit Charge
2 [Fitbit LLC]), and access to the TK website with content
tailored to their respective arm. The users also had access to the
Fitbit smartphone app (Fitbit LLC) and although they were
asked not to use it, access could not be prevented. The TK
contained a dashboard and graphs for summarizing the
measurements and visualizing long-term progress and enabled
simple self-assessments of mood and satisfaction with diet,
sleep, activity, and weight as star ratings (1 to 5 stars), and
entering free text personal notes into a diary. These parts of the
TK were also available to the control arm along with the
self-tracking devices. The participants in the 3 intervention arms
received intervention content in the form of weekly sessions
displayed in the TK as an interactive map. The motivation and
self-regulation arm had 17 sessions with an estimated minimum
time duration of 51.2 minutes (ranging from 20 seconds to 6
minutes and 16 seconds per session), the emotion regulation
arm had 17 sessions with an estimated minimum time duration

https://www.jmir.org/2022/1/e29302

XSL• FO
RenderX

Mattila et al
of 83.3 minutes (ranging from 40 seconds to 21 minutes and 52
seconds per session), and the combined arm had 34 sessions
combining the contents of the other 2 intervention arms and
having an estimated minimum time duration of 118.3 minutes
(ranging from 20 seconds to 12 minutes and 32 seconds per
session). Intervention participants were encouraged to complete
the intervention sessions during the first 18 weeks of the trial.
This was achieved by sending participants weekly emails during
this time to introduce the weekly themes and remind them to
visit the TK. The control arm also received weekly emails for
the first 18 weeks, but they only contained links to generic
weight management content. The TK was designed to provide
automatic individualized feedback to the motivation and
self-regulation and combined arms based on weight, activity,
sleep, and use data. However, owing to an error, the emotion
regulation arm received the messages instead of the motivation
and self-regulation arm. The feedback was displayed in the TK
as short statements (eg, “your weight management appears better
when you are more active”). The TK also provided extra support
for weight regain situations (weight alert), where an extra
module was launched if the user was >3% above their target
weight. The TK implementation was fixed for the duration of
the trial, that is, no new features or content were added. Only
technical errors were rectified when they were reported by the
trial staff. A detailed description of the TK is presented by
Marques et al [17].

Questionnaires
Quantitative user experience data were collected through
electronic questionnaires at 1 (user experience questionnaire at
month 1 [UX1]), 3 (user experience questionnaire at month 3
[UX3]), 6 (user experience questionnaire at month 6 [UX6]),
and 12 (user experience questionnaire at month 12 [UX12])
months. Table 1 presents the measures in each questionnaire
and Multimedia Appendices 1 and 2 contain the detailed
questionnaires. The TAMM model was used to create a
questionnaire section aimed at measuring the acceptance of the
intervention. The TAMM-based items were slightly different
in the UX1 from those in the other questionnaires to capture
first impression experiences. The System Usability Scale (SUS)
was included as a validated measure of the system usability
[19]. In addition, items measuring the overall impressions of
the TK and its individual features were included. The
questionnaires had voluntary open-ended items for providing
free-form feedback. Furthermore, the eHealth Literacy Scale
(eHEALS) was included in the baseline questionnaire of the
RCT to describe the participants’ baseline capacity to engage
with eHealth interventions [20].

J Med Internet Res 2022 | vol. 24 | iss. 1 | e29302 | p.454
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Mattila et al

Table 1. Summary of user experience measures collected through questionnaires.
Measure

Time points,
month

Description

eHealth Literacy Scale [20]

0 (Baseline)

eHealth Literacy Scale, consisting of 8 statements measured on a 5-point Likert scale
(1=strongly disagree to 5=strongly agree). Higher scores indicate higher digital literacy.

Technology Acceptance Model for 1
Mobile Services, first impressions

User acceptance section with 14 items on perceived ease of adoption (3 items), perceived ease
of use (4 items), perceived value (4 items), and trust (3 items). Rated on a 5-point Likert scale
(1=strongly disagree to 5=strongly agree).

Technology Acceptance Model for 3, 6, 12
Mobile Services, long-term use

User acceptance section with 13 items on perceived ease of adoption (2 items), perceived ease
of use (3 items), perceived value (5 items), and trust (3 items). Rated on a 5-point Likert scale
(1=strongly disagree; 5=strongly agree).

Overall score

1, 3, 6, 12

“What overall score would you give to the service?” Rated on a scale from 0 to 10 (0=very
bad; 10=very good).

Recommendation

1, 3, 6, 12

“How likely is it that you would recommend the service to a friend or colleague?” Rated on
a scale from 0 to 10 (0=not at all likely; 10=extremely likely).

Intention to continue using the

1, 3, 6, 12

“How likely is it that you would consider using the service in the future?” Rated on a scale
from 0 to 10 (0=not at all likely; 10=extremely likely).

System Usability Scale [19]

3, 6, 12

System usability measured with 10 items assessed on 5-point Likert scale.

TK feature ratings

3, 6, 12

The 14 main TK features were rated for their importance, ease of use, convenience, enjoyability, satisfaction, and motivation to continue using them on 5-point Likert scales. For the control
arm, this section only contained the 5 TK features available to them.

Feedback on the TK

1, 3, 6, 12

Open-ended item: “If you have any other feedback on the TK, you may write it here.”

Self-assessment of use

3, 6, 12

“On average, how frequently did you use the TK during the study” and “What option describes
your TK use behavior best?” Options are (1) “I used the TK very constantly during the whole
study,” (2) “I used the TK more in the beginning of the study,” (3) “I used the TK more in
the end of the study,” (4) “I quit using the TK in the middle of the study,” and (5) “Other.”

Email

3, 6, 12

“I like receiving email from the TK.” Rated on a 5-point Likert scale (1=strongly disagree;
5=strongly agree)

Open-ended questions

3, 6, 12

Open-ended items: (1) “What motivated you to continue using the TK,” (2) “Why did you
use the TK more in the beginning than in the end of the study,” and (3) “Why did you quit
using the TK in the middle of the study?”

TKa

a

TK: Toolkit.

Focus Group Discussions
Focus group discussions were conducted after 6 months. Focus
groups were organized to provide a deeper understanding of the
user experiences of the TK. A participant was eligible if they
had been using the TK for ≥6 months. In each country, 1 focus
group per arm was conducted, leading to a total of 12 groups.
Recruitment was done by listing all the participants who had
the opportunity to use the TK for ≥6 months at the time of the
focus group discussions and recruiting from this list until 8
participants agreed to participate. Participants were recruited
via an email that included an invitation letter and an information
sheet. Groups were moderated by one or more researchers who
were experienced in conducting focus groups and qualitative
research and who had not taken part in the TK design or
development or participated in delivering the intervention (LB
[Denmark], MNS [Portugal], and AD and LR [United
Kingdom]). The conversations were guided by a semistructured
discussion guide, which highlighted the following 5 main topics
of conversation: ways of use, user experience, perceived support
in WLM, impact on weight management, and how to improve
the TK (Multimedia Appendix 3). Unplanned topics of
conversation were also explored based on the issues raised by
the participants. Moderators aimed to ensure that no one
https://www.jmir.org/2022/1/e29302
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participant dominated the conversation, and every participant
was given the opportunity to contribute to discussions. Ethical
approval was granted by the local institutional ethics committees
at the Universities of Leeds (17-0082; February 27, 2017),
Lisbon (17/2016; February 20, 2017) and the Capital Region
of Denmark (H-16030495; March 8, 2017).

Analysis
Quantitative Data Analysis
The TK use was captured in log files, which were used to
calculate the total number of visits to the TK and the total
duration of use during the 12 months of the study. The
percentages of weekly users and retained users were plotted for
the control and intervention arms. Retention was determined
based on rolling retention, which means that a participant was
considered as a retained user if they used the TK during or after
a specific week. Intervention completion was calculated for the
intervention arm participants based on the duration of time they
spent in the sessions assigned to them versus the estimated
duration of the sessions. For most sessions, if a user visited a
session at least once and remained engaged for at least 33% of
the estimated duration, the session was considered as completed.
For sessions containing video and audio content, the threshold
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was increased, that is, the user was required to spend 50%-80%
of the estimated duration in the session. The completion rates
were calculated as the percentage of completed sessions
compared with the total number of sessions in the arm. The use
metrics were reported as medians and IQRs owing to the skewed
distributions and nonparametric methods were used for
comparisons and correlations (ie, Kruskal-Wallis test,
Mann-Whitney U test, and Spearman correlation). Spearman
correlations between use metrics and weight changes from
baseline to 12 months were calculated for each intervention
group.
The statistics of responses to the questionnaires were
summarized. Quantitative questionnaire sections were
descriptively summarized using means and SDs. One-way
analysis of variance and Tukey post hoc test were used to
determine if there were differences between the intervention
arms, and Spearman correlations between the number of visits
and the user experience items were calculated. The
TAMM-based items were summarized as mean scores over the
4 TAMM dimensions and a total score over all the items. The
eHEALS score was calculated as the sum of individual items.
The SUS was scored according its guidelines [19]. Principal
component analysis was conducted on the 6 items that measured
the appeal of the TK features to investigate whether there were
underlying or latent variables that accounted for the items.
Differences between the centers were investigated by comparing
use metrics, eHEALS score, and 3-month user experiences in
the control and intervention arms using a general linear model.
For this analysis, a logarithmic transformation was applied to
the number of visits and total duration of use to normalize their
distribution. Quantitative data were analyzed using MATLAB
R2017a (Mathworks) and IBM SPSS Statistics version 26 (IBM
Corporation). An α level of .05 was used as the threshold for
statistical significance.

Qualitative Data Analysis
Focus groups were transcribed and analyzed thematically via
an iterative, nonlinear, and nonprescriptive process [21,22].
This involved initial familiarization with the transcripts,
reflections on similarities and differences between cases, and
systematic coding of the data. After preliminary discussions
across the countries on codes and themes, the initial coding
framework was developed in Denmark and further iterated
collaboratively to integrate the findings from Portugal and the
United Kingdom. In each country, experienced researchers were
involved in the process and coding was done from original
transcripts by native speakers (LB and LL [Denmark], MNS
[Portugal], and AD and LR [United Kingdom]). At each stage,
decisions on coding and analysis were discussed and revised
by all coders and where necessary, the original data sources
were revisited to ensure that the decisions were grounded in the
data (refer the focus group code book in Multimedia Appendix
4). The analysis was particularly focused on the research
questions (ie, the strengths, weaknesses, and improvement
needs), while considering unpredicted but relevant themes.
Similarly, responses to the open-ended questionnaire items were
also thematically analyzed separately but by using the code
book of the focus group analysis as the starting point. The
https://www.jmir.org/2022/1/e29302
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analyses were conducted using NVivo (version 12; QSR
International).

Results
Response to Questionnaires
On average, the participants responded to the UX1 after 33.7
(SD 33.3) days, to the UX3 after 94.8 (SD 25.6) days, to the
UX6 after 196 (SD 22.3) days, and to the UX12 after 378 (SD
31.2) days from the first log in to the TK, which indicated that
the timing of the questionnaires was realized according to the
plan.
Response rates varied between the questionnaires, with the
highest response rate in the UX1 (1096/1627, 67.36%) and the
lowest in the UX6 (829/1627, 50.95%). Of the 1627 participants,
1383 (85%) responded to at least 1 of the questionnaires and
427 (26.24%) responded to all the 4 questionnaires, with an
approximately even distribution among the arms (110/427,
25.7% respondents in the control arm, 102/427, 23.9% in the
motivation and self-regulation arm, 114/427, 26.7% in the
emotion regulation arm, and 101/427, 23.7% in the combined
arm). The focus groups reached their recruitment target and
involved 4.55% (74/1627) participants in total, with a mean of
6.2 (SD 1.3) participants per discussion.
Of the total study sample, 68.65% (1117/1627) were women.
The proportion of female participants was higher in the United
Kingdom and Denmark (442/555, 79.6% and 429/536, 80%,
respectively) than in Portugal (246/536, 45.9%). The mean age
of participants was 44.1 (SD 11.9) years, with the oldest
participants in Denmark with a mean age of 47.6 (SD 11.5)
years, followed by the United Kingdom with a mean age of 44.4
(SD 12.9) years and Portugal with a mean age of 40.1 (SD 9.7)
years. The mean BMI was 29.7 (SD 5.3) kg/m2 at baseline, 30.3
(SD 5.7) kg/m2 in the United Kingdom, 30.7 (SD 5.3) kg/m2 in
Denmark, and 28.0 (SD 4.5) kg/m2 in Portugal.
In the UX1, 33.57% (368/1096) of participants responded to
the open-ended question. In total, 92.9% (897/966) of
participants responded to at least 1 open-ended question in the
UX3, 94.2% (781/829) in the UX6, and 97.3% (871/895) in the
UX12.

Use Activity
In total, 98.59% (1604/1627) participants logged into the TK
at least once. Table 2 summarizes the use metrics in the arms.
According to the Kruskal-Wallis test, the total duration of use
and completion differed significantly between the arms (P<.001
for both). Post hoc tests showed that the total duration of use
in the control arm was significantly lower than that in the other
arms (Mann-Whitney U test P<.001 for all pairwise
comparisons) and that the combined arm had a significantly
longer duration of use and lower completion percentage than
the other intervention arms (Mann-Whitney U test P<.001 for
both pairwise comparisons).
Figure 1 shows the percentage of users in the control and
intervention arms (combined), accessing the TK during each
week of the study and the rolling retention for the same period.
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The figure shows that although the number of actual weekly
users declined rapidly at the beginning, 75.35% (1226/1627)
of the users were retained until week 18, that is, the end of the
active intervention.

Mattila et al
The correlations between the TK use and weight outcomes were
small, but showed that a higher amount of TK use was
associated with weight loss (Table 3). The correlations were
strongest in the combined arm, followed by the control arm.

In all the questionnaires, the respondents used the TK
significantly more than the nonrespondents (P<.001 for all use
metrics in all the questionnaires; data not shown).
Table 2. Use metrics by arm (N=1627).

a

Arm

Participant, n (%)

Number of visits, median Total duration of use (minutes),
(IQR)
median (IQR)

Completion percentage, median
(IQR)

Control

400 (24.59)

16 (7-36)

54.5 (21.2-124.1)

N/Aa

Motivation and self-regulation

403 (24.77)

16 (9-25.75)

146 (77.4-238.4)

76.2 (47.6-90.5)

Emotion regulation

416 (25.57)

15 (9-24)

132.1 (74.3-237.5)

73.7 (47.4-89.5)

Combined

408 (25.08)

17 (10-27.5)

215.4 (112.3-333.2)

64.9 (5.1-83.8)

N/A: not applicable.

Figure 1. Percentage of actual weekly users and retained users according to the rolling retention criterion by study week in the intervention arms and
control arm.
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Table 3. Spearman correlations between weight change from baseline to 12 months and use metrics.
Arm

Visits
ρa

a

Total duration
P value

ρ

Completion
P value

ρ

P value
b

Control

–0.125

.03

–0.114

.04

N/A

N/A

Motivation and self-regulation

–0.083

.14

–0.072

.21

–0.132

.02

Emotion regulation

–0.092

.10

–0.136

.02

–0.106

.06

Combined

–0.198

<.001

–0.175

.002

–0.167

.003

Spearman correlation.

b

N/A: not applicable.

Quantitative User Experience Results
Digital Literacy
The average eHealth literacy score measured with the eHEALS
questionnaire at baseline was 30.8 (SD 5.12; range 10-40) out
of a maximum of 40, with higher values signifying higher levels
of eHealth literacy. There were no significant differences
between the arms and no significant correlations between digital
literacy levels and use (data not shown); thus, eHealth literacy
is not expected to have affected the results.

Usability
The average SUS scores for measuring the usability of the TK
decreased over time in the control arm, from a mean of 70.4
(SD 21.3) in the UX3 to 67.6 (SD 19.9) in the UX12; in the
motivation and self-regulation arm, from 68.4 (SD 20.9) in the
UX3 to 62.1 (SD 20.2) in the UX12; in the emotion regulation
arm, from 73.0 (SD 19.2] in the UX3 to 67.1 (SD 19.8) in the
UX12; and in the combined arm, from 69.9 (SD 20.2) in the
UX3 to 66.2 (SD 19.5) the UX12. The lowest scores were
obtained in the motivation and self-regulation arm and they
differed significantly from those in the emotion regulation arm
(P=.01) in the UX3 and from all other arms in the UX12 (control
arm: P=.003; emotion regulation arm: P=.007; combined arm:
P=.03).
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In the control arm, the SUS scores correlated significantly with
the number of visits to the TK in all the questionnaires (ρ=0.426
in the UX3, ρ=0.362 in the UX6, and ρ=0.434 in the UX12; all
P<.001). In the motivation and self-regulation arm, there was
a small but significant correlation only in the UX3 (ρ=0.142;
P=.03). In the emotion regulation arm, there were significant
correlations in all the questionnaires (ρ=0.186, P=.003 in the
UX3; ρ=0.164, P=.02 in the UX6; and ρ=0.218, P=.001 in the
UX12). In the combined arm, there were no significant
correlations between SUS scores and number of visits.

Overall Score, Recommendation, and Intention to
Continue Using the TK
In most questionnaires, the intervention arm participants gave
the TK significantly higher ratings in overall score, likelihood
of recommending, and intention to continue to use the TK
compared with the control arm participants; ratings declined in
all the arms during the study. The ratings mostly did not differ
among the 3 intervention arms; only in the UX6, the combined
arm participants gave a higher overall score than the other
intervention arms and had a higher intention to continue than
the emotion regulation arm (P=.01). There were small but
significant correlations between the ratings and the number of
visits to the TK in the control and emotion regulation arms
(Table 4).
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Table 4. Overall score and ratings for the likelihood of recommending and intention to continue and their correlation with the number of visits.
UXa and arm

Overall score

Likelihood of recommending

Intention to continue

Score, mean (SD) ρ b

Score, mean (SD) ρ

Score, mean (SD) ρ

UX at month 1
Control

6.74 (2.19)

0.117c

6.18 (3.01)

0.125c

6.31 (2.82)

0.120c

Motivation and self-regulation

7 (2.05)

0.036

7.08 (2.64)

–0.053

6.97 (2.66)

0.034

Emotion regulation

7.3 (1.85)

0.175

7.04 (2.75)

0.134c

7.13 (2.53)

0.121c

Combined

7.23 (1.86)

0.037

7.15 (2.58)

0.060

7.26 (2.36)

0.079

Control

6.21 (2.41)

0.253d

5.92 (3.19)

0.143c

5.88 (3.04)

0.243d

Motivation and self-regulation

6.56 (2.24)

0.114

6.75 (2.87)

0.049

6.67 (2.7)

0.113

Emotion regulation

6.38 (2.34)

0.189d

6.46 (2.95)

0.169d

6.31 (3.01)

0.183d

Combined

6.75 (2.09)

0.003

6.83 (2.78)

–0.015

6.68 (2.8)

0.026

Control

5.95 (2.47)

0.262d

5.58 (3.27)

0.281d

5.39 (3.22)

0.325d

Motivation and self-regulation

6.16 (2.22)

0.036

6.22 (3)

0.026

5.84 (2.88)

0.055

UX at month 3

UX at month 6

c

c

Emotion regulation

6.04 (2.44)

0.163

6.01 (3.24)

0.157

5.56 (3.15)

0.210d

Combined

6.66 (2.18)

0.103

6.63 (2.89)

0.059

6.32 (2.86)

0.129

Control

5.39 (2.46)

0.279d

4.62 (3.28)

0.241d

4.35 (3.33)

0.263d

Motivation and self-regulation

5.9 (2.33)

0.047

5.77 (3.06)

0.010

5.07 (3.12)

0.060

Emotion regulation

5.85 (2.48)

0.169c

5.36 (3.37)

0.201d

4.8 (3.28)

0.201d

Combined

6.1 (2.4)

0.002

5.81 (3.17)

0.020

5.38 (3.12)

0.061

UX at month 12

a

UX: user experience questionnaire.

b

Spearman correlation between user experience ratings and number of visits to the Toolkit.

c

Correlation is significant at the significance level of P<.05.

d

Correlation is significant at the significance level of P<.01.

TAMM Model
Table 5 presents the mean scores for all the items and the 4
TAMM dimensions. For the total score, the results are presented
for all the arms separately, whereas in other results, the
intervention arms are combined, as the total score mostly did
not differ among the intervention arms. In the UX1, the post
hoc tests showed that the emotion regulation arm participants
gave a higher total score to the TK than the combined arm
participants (P=.006) and the control arm participants (P=.02).
The participants of the intervention arms gave a higher rating
for value in all the questionnaires (P<.001 in the UX1, UX6,
and UX12 and P=.01 in the UX3). The ratings for ease of
adoption, ease of use, and trust were mostly similar in the
control and intervention arms in all the questionnaires; only in
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the UX6, the intervention arms had a higher score for ease of
use (P=.02) and in the UX3, for trust (P=.04). All the ratings
decreased during the trial, and only the ratings for trust remained
above 4 in the intervention arms. In both the control and
intervention arms, the highest scores were given to trust and
the lowest scores to value.
When analyzing only the participants who responded to all the
user experience questionnaires, the questionnaire averages and
the decline during the trial were nearly identical, that is, the
decline was not because of the differences in the respondent
populations (data not shown).
Table 6 presents correlations between the total number of visits
and TAMM total score in all the arms. The control arm showed
the highest correlations between the TAMM score and TK use
in all the questionnaires.
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Table 5. Means and SD of Technology Acceptance Model for Mobile Services (TAMM) scores.
UX1a

UX3b

UX6c

UX12d

Control arm

3.83 (0.71)

3.49 (0.76)

3.37 (0.77)

3.22 (0.77)

Motivation and self-regulation

3.80 (0.75)

3.55 (0.73)

3.52 (0.68)

3.36 (0.75)

Emotion regulation

3.97 (0.65)

3.64 (0.70)

3.51 (0.76)

3.37 (0.79)

Combined

3.9 (0.71)

3.6 (0.74)

3.51 (0.74)

3.38 (0.77)

Control arm

4.06 (0.86)

3.75 (0.95)

3.74 (0.93)

3.64 (1)

Intervention arms

3.98 (0.86)

3.7 (0.85)

3.61 (0.93)

3.52 (0.96)

Control arm

4.08 (0.86)

3.58 (0.91)

3.44 (0.92)

3.36 (0.89)

Intervention arms

3.98 (0.87)

3.66 (0.84)

3.6 (0.84)

3.49 (0.88)

Control arm

3.18 (1)

2.99 (1)

2.77 (1.04)

2.56 (0.98)

Intervention arms

3.5 (0.92)

3.17 (0.93)

3.05 (0.95)

2.86 (0.98)

Control arm

4.13 (0.75)

4.08 (0.77)

4.04 (0.80)

3.91 (0.89)

Intervention arms

4.20 (0.71)

4.19 (0.69)

4.14 (0.71)

4.01 (0.77)

Characteristic and arm
TAMM total score, mean (SD)

Ease of adoption, mean (SD)

Ease of use, mean (SD)

Valuee, mean (SD)

Trust, mean (SD)

a

UX1: user experience questionnaires at month 1.

b

UX3: user experience questionnaires at month 3.

c

UX6: user experience questionnaires at month 6.

d

UX12: user experience questionnaires at month 12.

e

Value is one of the TAMM model dimensions.

Table 6. Spearman correlations between the Technology Acceptance Model for Mobile Services total score and number of visits to the Toolkit.

a

Arm

UX1a, ρ

UX3b, ρ

UX6c, ρ

UX12d, ρ

Control

0.193e

0.409e

0.342e

0.379e

Motivation and self-regulation

0.142f

0.199e

0.036

0.059

Emotion regulation

0.126f

0.168e

0.187e

0.247e

Combined

0.139f

0.065

0.141f

0.1

UX1: user experience questionnaires after month 1.

b

UX3: user experience questionnaires after month 3.

c

UX6: user experience questionnaires after month 6.

d

UX12: user experience questionnaires after month 12.

e

Correlation is significant at the significance level of P<.01.

f

Correlation is significant at the significance level P<.05.

Feature Ratings
Principal component analysis was conducted on the 6 appeal
items rated on each feature. In all the questionnaires, only 1
factor was found, accounting for 65.2% to 68.9% of the variance
in the items in the UX12 and UX3, respectively. The component
loadings were similar for all the items, and therefore, the mean
of the appeal items was calculated to represent the perception
of the features (Table 7).
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All the feature ratings were between 3 and 4 on a 5-point scale.
At 3 months, the intervention arm participants gave the highest
ratings to weekly emails, graphs, and goal setting; at 6 months
to graphs, weekly emails, and interactive exercises; and at 12
months, they gave the highest ratings to graphs, interactive
exercises, and goal setting. The control arm participants gave
the highest ratings to weekly emails and graphs at 3 and 6
months and to graphs and dashboard at 12 months.
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Table 7. Ratings for the main features of the Toolkit. Control arm scores are shown only for the features available for them.
Feature and arm

UX3a, mean (SD)

UX6b, mean (SD)

UX12c, mean (SD)

Interactive map

3.52 (1.06)

3.42 (1.03)

3.28 (1.03)

Theme introduction videos

3.67 (1)

3.55 (0.98)

3.41 (1.01)

Text information

3.75 (0.92)

3.66 (0.93)

3.47 (0.91)

Interactive exercises

3.78 (0.96)

3.7 (0.97)

3.55 (0.99)

Audio exercises

3.45 (1.13)

3.4 (1.08)

3.31 (1.1)

Control arm

3.79 (0.9)

3.64 (0.88)

3.45 (0.95)

Intervention arms

3.78 (0.94)

3.65 (0.95)

3.5 (0.97)

Control arm

3.82 (0.91)

3.72 (0.93)

3.55 (0.96)

Intervention arms

3.88 (0.97)

3.77 (0.96)

3.66 (0.97)

Goal setting

3.85 (0.93)

3.66 (0.97)

3.52 (1.00)

Coping and action plan

3.65 (0.97)

3.51 (0.98)

3.35 (1.03)

Control arm

3.38 (1.05)

3.17 (1.07)

3.07 (1.12)

Intervention arms

3.28 (1.05)

3.26 (1.02)

3.16 (1.03)

Personal feedback tile

3.42 (1.04)

3.33 (1.02)

3.19 (1.06)

Weight alert

3.78 (1.07)

3.67 (1.06)

3.49 (1.14)

Control arm

3.57 (1.02)

3.45 (0.91)

3.31 (1.04)

Intervention arms

3.6 (1.03)

3.49 (1.01)

3.36 (1.04)

Control arm

3.83 (0.97)

3.68 (1.02)

3.19 (1.16)

Intervention arms

3.94 (0.95)

3.71 (1.02)

3.42 (1.12)

Dashboard

Graphs

Personal notes

Summary tile

Weekly emails

a

UX3: user experience questionnaires after month 3.

b

UX6: user experience questionnaires after month 6.

c

UX12: user experience questionnaires after month 12.

Center Differences
Age and gender were added to the general linear models as
covariates, as these background variables differed between the
centers. There were no significant differences between the use
metrics among the centers (Table 8).
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There were differences in the eHEALS scores. The Portuguese
intervention participants gave significantly lower scores than
the participants in other countries. In addition, the SUS score
differed among the centers in the intervention arms, and all
other investigated user experience ratings differed among the
centers in both the control and intervention arms. In all the user
experience ratings, the highest scores were given by Portuguese
participants and lowest by the Danish participants.
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Table 8. Differences among countries in the control and intervention arms. P values are obtained from the general linear model with the adjustment
for age and gender.
Characteristic and arm

United Kingdom

Denmark

Portugal

P value

Control arm

17 (8-34)

20 (8-36)

13 (6.5-44)

.91

Intervention arms

17 (10-26)

17 (9.5-25.5)

14 (7-24)

.12

Control arm

54.8 (23.8-140.8)

65.7 (22.8-129.6)

45.7 (13.9-105.5)

.56

Intervention arms

158.7 (81.1-274.3)

169.8 (87.7-280.9)

140.2 (73.6-249.2)

.58

Control arm

N/Aa

N/A

N/A

N/A

Intervention arms

71.4 (46-89.5)

76.2 (47.4-89.5)

68.4 (37.8-85.7)

.78

Control arm

31 (5.1)

31.7 (5.34)

30.1 (4.76)

.27

Intervention arms

31.2 (5.71)

31 (4.8)

29.8 (4.71)

.009

Control arm

70.8 (20.6)

65.8 (20.6)

74.6 (19.6)

.07

Intervention arms

69.3 (20.6)

64.4 (20.5)

77.4 (17.3)

<.001

Control arm

6 (2.4)

5.38 (2.57)

7.15 (1.92)

<.001

Intervention arms

6.66 (2.12)

5.72 (2.41)

7.38 (1.78)

<.001

Control arm

5.39 (3.28)

4.82 (3.1)

7.39 (2.62)

<.001

Intervention arms

6.64 (2.81)

5.69 (3.03)

7.77 (2.3)

<.001

Control arm

5.59 (3.17)

5.22 (3.12)

6.74 (2.67)

.001

Intervention arms

6.63 (2.8)

5.79 (3.05)

7.30 (2.44)

<.001

Control arm

3.5 (0.73)

3.29 (0.79)

3.69 (0.71)

.005

Intervention arms

3.63 (0.71)

3.34 (0.7)

3.86 (0.66)

<.001

Number of visits, median (IQR)

Total duration in minutes, median (IQR)

Completion percentage of sessions, median (IQR)

b

eHEALS (range 10-40), mean (SD)

SUSc in UX3d, mean (SD)

Overall score in UX3, mean (SD)

Likelihood of recommending in UX3, mean (SD)

Intention to continue in UX3, mean (SD)

TAMMe total score in UX3, mean (SD)

a

N/A: not applicable.

b

eHEALS: eHealth Literacy Scale.

c

SUS: System Usability Scale.

d

UX3: user experience questionnaires at month 3.

e

TAMM: Technology Acceptance Model for Mobile Services.

Experiences From Focus Groups and Open-ended
Responses in Questionnaires
Overview
Analysis of the focus groups and open-ended questionnaire data
revealed the following four main themes: (1) engagement with
features, (2) use decline, (3) external factors affecting user
experience, and (4) suggestions for improvements. These reflect
the opportunities and challenges regarding the user acceptance
of a DBCI. In the following, each theme and its subthemes are
described. In the qualitative data, the comments and overall
https://www.jmir.org/2022/1/e29302
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perception of the TK were very similar in the 3 countries and
across intervention arms; thus, the results are not divided into
arms or countries. Comments from the focus groups are marked
with sex, study arm, and country; he survey responses are
marked with the code “UX” and the month of the survey is
added to the end of the identifier.

Engagement With Features
During the focus groups, participants identified and discussed
the features and aspects they found most helpful regarding their
WLM and these were also explained in the questionnaire
comments.
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Support for self-monitoring was perceived positively in both
the focus groups and questionnaire comments. For participants,
monitoring progress in their weight, sleep, and activity through
graphs, dashboards, and weight alerts was identified as very
important for their continued WLM, as it gave them a sense of
control over their progress. A participant from Portugal
commented the following:
It is like this, it gave me a conscience, a sense of
control of my body that I did not feel, I never felt this
before, never.... [Female, emotion regulation arm,
Portugal]
Although participants often highlighted the usefulness of the
Fitbit app in monitoring weight, they also mentioned that the
visualization of their development and progress provided by
the TK through graphs and dashboards was important. In
contrast, some participants did not find the monitoring as helpful
and were reluctant to weigh themselves often, fearing that it
would be stressful and potentially detrimental to their WLM:
I do not weigh myself every single day, because it
gives the wrong impression...You become too stressed.
[Female, control arm, Denmark]
However, in addition to monitoring, the ability of the TK to
induce self-awareness and help the participants reflect on their
choices was also perceived as important. The idea that everyone
must think and know what they do, regarding eating and activity,
was fundamental to orient behavior in a different way:
And, my moment of reflection of the day was that,
[laughter] as I looked at the weight. I thought, I have
more or less weight, why? What did I do yesterday?
What did I do yesterday that trigger these changes?
And I usually do this reflection, while I am dressing
for the day I am doing this reflection, humm, how
does my body respond to what I ate yesterday? [Male,
combined arm, Portugal]
Participants in the focus groups perceived the TK content and
intervention modules as especially useful for their WLM if they
prompted them to reflect on the association between behavior
and weight. The participants also acknowledged the importance
of emotion regulation on WLM, regardless of whether they had
it in their intervention, as illustrated by the following comments:
...It was important to be able to perceive the
association between things...but I felt sad for a
while,...why?’ 'Why? Do I sleep less than I need?
Because am I grumpier? ' 'Because I am doing little
exercise and this is also leaving me more tired, or
because I am doing a silly food restriction, or because
I am overeating and the food is affecting me
emotionally; This, I think makes sense…. [Female,
motivation and self-regulation arm, Portugal]
The biological side of it, about calories and exercise
and those things, that’s fine. However, for me, there
is also the issue of working with your habits, and the
impact of emotions. [Male, motivation and
self-regulation arm, Denmark]
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Participants further indicated that the TK allowed them to be
more conscious of the behavioral patterns linked to sedentary
behaviors and bad eating habits and to know themselves better.
Thus, the various features of the TK enabled participants to
learn about their own behavior and better understand the
antecedents and consequences of their food-related choices,
thus helping them self-regulate their behavior and respond to
emotional cues.

Use Decline
The use of the TK declined over time. The participants often
linked their declining use to various design aspects that they
felt hindered their use of the TK. Most often, participants
expressed frustration with the login procedure:
I think it is cumbersome and illogical that you can’t
change your username and password. [Male, control
arm, Denmark]
The focus group participants reported varying engagement with
the content and sessions of the TK. Although the monitoring
tools were important for progress, many of the content-heavy
features failed to engage participants in the same way. A
prominent issue was the time required to complete the modules
as the duration often exceeded the participant’s expectations,
meaning that the participants had to unwillingly take time out
of their day to participate:
I think at the beginning it said they [sessions] are
only about 5 minutes, you won’t have to spend very
long on them. And then gradually they got longer
until they were about 20 minutes when I was just
sitting there listening. I’d have my earphones on but
there was still sort of activity going on in the house.
It didn’t say...even if it came through on the email, it
didn’t say that in order to do this you need to make
sure that you are giving yourself time, space and
quietness. [Female, emotion regulation arm, United
Kingdom]
The issue was exacerbated by problems with responsiveness
and readability when accessing the TK via a mobile phone,
which forced the participants to access it via their home or work
computers. This was not always convenient within a busy
lifestyle full of interruptions and complications, which was an
additional reason for declining use:
If it was an app so I could access from my phone, I
would use it more often than I do now. At present I
have to use it on a laptop or desktop computer which
I find quite restrictive in terms of times I can use it.
[UX12, male, emotion regulation arm, United
Kingdom]
Although some participants felt that the information provided
in the TK was interesting, motivating, and relevant, some felt
there was nothing new in the information or that its presentation
was not pleasing:
They are sometimes a bit patronizing too. I get quite
cross at being told to eat my veggies! [UX6, female,
combined arm, United Kingdom]
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It is boring, and it doesn’t tell me anything I didn’t
already know, so I stopped using it quite early, it is
too dry. [UX3, female, emotion regulation arm,
Denmark]
In the questionnaire responses, participants across the
intervention arms reported that the weekly modules were tasks
that they enjoyed or needed to complete. Weekly reminders
were also well received and considered very important in
inviting users back to the TK. Without the reminders and the
tasks to complete, motivation to use the TK declined:
Once the tasks were completed, I kind of forgot about
it. [UX12, female, motivation and self-regulation arm,
United Kingdom]
It feels a bit like now the weekly support sessions have
finished, the momentum for logging into the tool kit
has gone...I enjoyed the weekly sessions, found them
informative and they helped keep me 'in the zone.
[UX6, female, motivation and self-regulation arm,
United Kingdom]
Interestingly, the control arm participants used the TK in a
similar way as the intervention arms participants, despite having
much less content:
First of all it was the prompting from emails from the
project and now I use it as a regular part of my weight
management. I like to see my progress, good or bad
and when it’s bad it’s a good incentive to get back
on track. [UX6, female, control arm, United
Kingdom]

External Factors Affecting the User Experience of the
TK
Apart from technical issues, there were several external factors
that influenced participants’ perceptions of the TK. The activity
information collected via the Fitbit smartphone app was
available to view on the TK, but the overall design was
considered lacking, especially when compared with the Fitbit
app, which was also available to all the participants alongside
the activity tracker and weight scales. Furthermore, many
participants were aware of other commercial weight
management apps and used them as a benchmark to measure
the TK. This comparison was often unfavorable, and the
participants wanted future iterations of the TK to incorporate
the best parts of the commercial apps or at least be compatible
with them because of their convenience, accessibility,
user-friendliness, and design:
I have an app on my phone that is more accessible
and has a better design, and there is a long way to
make the website live up to the same requirements or
the same standards. If I did not have the possibility
to access the Fitbit app, then I would definitely have
looked more at those graphs [on the TK]. Then I
would have had to go there to find the same
information. [Male, motivation and self-regulation
arm, Denmark]
There's nothing particularly wrong with the Toolkit
as such - it's just not as nice and easy to use as the
Fitbit app. The Fitbit app in conjunction with [other
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app] provides everything I'd want, all accessible on
my phone. [UX1, female, control arm, United
Kingdom]
Finally, study procedures such as the user experience surveys,
the food recall questionnaire (INTAKE 24, which was a
measurement of the NoHoW trial rather than part of the TK),
and visits to the local study sites for weighing and measuring
were often confused with the TK and some participants were
unsure about what was meant when asked about it:
The Toolkit is very good, but the Intake diary is very
frustrating. [UX1, male, emotion regulation arm,
United Kingdom]
When asked for feedback on the TK
The questionnaires are too long, you get annoyed
answering them. [UX12, male, emotion regulation
arm, Denmark]

Improvement Needs
The focus group participants had many ideas to improve the
TK. The most prevalent suggestion was the need to create an
app, not only to make the service more competitive but also to
circumvent issues with login and access and make it easier for
the participants to prioritize and plan when to use it. The
possibility of personalizing the TK according to one’s own use
and interests was also highlighted. Similarly, the participants
wanted the content to be more tailored to their specific needs,
for example, information about the expected time allocation
required for the activities and designing a tool that provides
immediate help in tempting food situations:
Making it into an app would make it more aggressive,
which I think in our busy lives we could all do with
reminding...If you could have a more aggressive
app...it would remind you and say, this is what you
have asked for, this is what you want. Sometimes,
personally I need reminding. [Female, emotion
regulation arm, United Kingdom]
...as a Toolkit user, eventually, I could have the
opportunity to change the initial [Map] panel, to
access all information but only having my ‘favorites’
on the initial panel...To rearrange it the way I want
it. [Male, control arm, Portugal]
The lack of interaction with other participants was also regarded
as a weakness of the TK. Creating a social platform to allow
the participants to interact with others, discuss their progress,
and offer support when needed was considered important. The
participants spoke about previous experiences in which social
support, knowledge exchange, shared activities, and friendly
competition had a positive impact on their weight loss:
I’m thinking more from a personal motivation point
of view and support, while we are all undertaking the
programme, wouldn’t it be great for us to interact
and support each other. [Female, emotion regulation
arm, United Kingdom]
Furthermore, many participants asked for more feedback and
notifications from the system. Although the TK provided
individualized feedback in 2 arms, it was not widely discussed
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in the focus groups. One reason for this might be insufficient
data to provide personalized feedback owing to the participants’
low level of engagement. The prompting emails sent from the
TK seemed to be the main trigger for use and once the reminder
messages stopped, use declined. However, the users wished
they had received periodic personalized feedback emails with
advice on how to reach the individual goals and believed that
they would have helped them sustain their engagement:
...one monthly [email], one was enough, one monthly.
Because, lately, I have not been contacted, since I
came here the last [time] I did not receive any more
emails, I do not know; I've already wondered,
sometimes, what was I going there for, does the
project still exist? [Male, motivation and
self-regulation arm, Portugal]
...depending on our use, of the results you are having,
[hum-hum] humm, some feedback on that, i.e. you
are getting these results, maybe a few suggestions of
what you can do to continue towards the goals that
we are defining for ourselves. This could be an
important feedback. [Male, combined arm, Portugal]
In addition, some participants expressed confusion as the content
on the website was not updated during the trial period. Their
use of other commercial services created the expectation of
regular updates:
We have never seen an update; a year has passed and
not one update was made... [Male, motivation and
self-regulation arm, Portugal]
In addition, there was some confusion among the participants
regarding what data would be accessible to researchers.
Although this issue was not explicitly discussed, the participants
often thought that the researchers had access to all their data,
which may have impacted the participants’ engagement with
and use of the TK, as not receiving feedback from researchers
was seen as unfair:
At the moment it seems like they must be collecting a
huge amount of data, which is for the research
program, but actually the people that are forming
that data are not getting any of that. [Female,
motivation and self-regulation arm, United Kingdom]

Discussion
Principal Findings
We investigated the quantitative and qualitative user experiences
and objectively measured the use of the TK, a digital WLM
intervention, during the NoHoW RCT. Our goal was to
investigate the specific factors affecting user experiences and
use of the TK over a 1-year period.
TK use was high during the 18-week active intervention, when
>75.35% (1226/1627) of the participants were retained, and
>31.71% (516/1627) accessed the TK on a weekly basis. These
rates are comparable with the high retention rates found for
smartphone-based health interventions, ranging from 29% to
79.6% [23]. Later, when the users were free to use the TK at
their own discretion, a rapid decline in use was seen, especially
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in the intervention arms. A similar effect was reported by Mattila
et al [24]. For the TK, the most likely reason for the decline
was the discontinuation of the email reminders and many
participants felt that they had completed their tasks in the
intervention. The users completed between 64.9% (combined
arm) and 76.2% (motivation and self-regulation arm) of their
assigned intervention sessions.
A higher amount of use was associated with 12-month weight
loss in all the intervention arms with small but significant
correlations. The metrics with the highest correlation differed
among the arms. In the control arm, where the TK only
contained self-monitoring–related features, the number of visits
had the highest correlation with weight loss. In the motivation
and self-regulation arm, which consisted of modules with textual
content and interactive exercises, intervention completion had
the strongest correlation with weight loss. In the emotion
regulation arm, which consisted of significant video and audio
content, the total duration of use had the highest correlation
with weight loss. Finally, the combined arm, which combined
the content of the other 2 arms, showed significant correlations
for all the use metrics, with the strongest correlation being
between the number of visits and weight loss. This highlights
the need to investigate the TK use from different perspectives
and by using different metrics. Donkin et al [7] previously
reported that in physical health interventions, the number of
logins was most consistently associated with effectiveness,
probably because of the high emphasis on self-monitoring,
whereas intervention completion was most related to effects of
psychological health interventions. In this study, both types of
metrics were found to be associated, which is relevant because
the intervention consisted of both psychological content and
self-monitoring. However, it must be noted that to draw
conclusions on the effectiveness of the TK for weight loss, a
more detailed analysis needs to be conducted by considering
the potential confounders such as self-weighing frequency.
The eHealth literacy scores were compared with those reported
in previous studies [25]. Overall, the score did not correlate
with use and was not expected to affect TK use. The SUS scores
measuring the usability of the TK ranged from 73 to 62.1 and
were at their highest after 3 months of use. The scores were
similar to the average SUS scores found in a large collection of
studies and would correspond to a grade C, that is, satisfactory
or average level of usability [26]. The motivation and
self-regulation arm yielded the lowest usability scores. This
may be because their intervention content comprised several
interactive exercises compared with the emotion regulation arm
that mainly comprised video and audio content and the control
arm that comprised only the dashboard and graphs. Generally,
user experience ratings decreased in all the arms during the
12-month follow-up period. The intervention arm participants
gave significantly higher ratings to the TK regarding overall
score, likelihood of recommending, intention to continue, and
value (a TAMM dimension) compared with the control arm;
otherwise, the control and intervention arm experiences were
very similar. There were also very few differences among the
intervention arms. In the TAMM dimensions, the perceived
ease of use and perceived value ratings of the intervention arms
were at a similar level as in the self-directed intervention in the
J Med Internet Res 2022 | vol. 24 | iss. 1 | e29302 | p.465
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
study by Ma et al [27] and the decline during long-term use was
of a similar magnitude. A more intensive coach-led intervention
did not show similar declines in these dimensions [27].
The correlations between user experiences and use were
relatively small, but they were consistently significant in the
control and emotion regulation arms. There were some
differences among the countries. The Portuguese participants
in the intervention arms had significantly lower eHealth literacy
scores than participants in other countries. However,
interestingly, they were also the most positive in their user
experiences, both in the control and intervention arms.
According to the qualitative findings, a major reason for
deteriorated use and user experiences, were the technical
difficulties, such as difficulties in logging in and the TK’s
suboptimal performance on mobile devices that hindered its
use. Although content and delivery could not be changed during
the RCT, these findings highlight the need to reserve more time
for iterative development and testing with target users and on
different devices before starting a trial. The users were also
disappointed by the lack of new and updated content in the TK
and the absence of reminders after 18 weeks. It was decided
early in the planning stages that there would be no updates to
the TK or the content to avoid confounding of the results during
the follow-up period. Furthermore, all the participants were
given a Fitbit tracker and weight scales as part of the trial and
although they were asked not to use the associated app, many
of them used it and compared it with the TK, often unfavorably.
These findings illustrate that, in the current digital health
environment, even research-stage DBCIs need to be able to
compete with commercial apps in their technical functioning
and design. Resourcing of DBCI development and trial design
need to allow for continuous content and design updates to avoid
solutions becoming outdated before the end of the trial.
External factors also influenced the user experience and use of
the TK. The users spoke about lifestyle-related barriers, such
as being busy at work, going on a holiday, or having illnesses.
These barriers have also been reported previously for mobile
health apps [28]. DBCIs operate in challenging and uncontrolled
environments and they should be able to anticipate and adapt
to life events and have mechanisms to cope with them; for
example, enable users to mute them for some time and then
gently pull the user back to the service, especially in case of
suspected relapse, as also suggested by Mattila et al [29].
Of the features, the reminder emails and self-monitoring–related
tools (especially graphs, goal setting, and plans) were the most
favorably experienced. Self-monitoring is one of the key
behavior change techniques in weight management and is
pervasive in both weight management treatments and
commercial weight management apps [30,31]. Users are
accustomed to and expect this feature; therefore, well-designed
self-monitoring should be incorporated in DBCIs, while
acknowledging that it may not work for everyone and that it
may act through different mechanisms that are not yet fully
understood [32]. The responsive features, especially the weight
alerts, were also among the best-liked features.
Although generally enjoyed, there were mixed feelings regarding
the intervention content, especially the emotion regulation
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content, which is a more novel approach. Although many
participants appreciated it, some did not understand it, perhaps
because it did not meet their expectations on what a WLM
intervention should comprise. In contrast, some participants in
the motivation and self-regulation arm expressed missing the
emotion regulation aspect. These findings suggest that the
approach and content of interventions should be personalized
according to individual needs and preferences to ensure better
acceptance.
Easier access through a smartphone app was most often
mentioned as a technical improvement need. A social platform
was also desired, as many participants had previous experiences
with peer support helping in their weight management and hoped
the TK would facilitate contact and engagement with peers.
This feature was purposefully left out of the TK as it could have
introduced uncontrolled or conflicting components to the
intervention and biased the results.
Finally, the TK did not always match user expectations, which
caused dissatisfaction and confusion. A clear introduction to
the intervention approaches, requirements regarding devices
and time allocation, and expected ways of use should be
provided. Furthermore, as many participants received the trial
procedures mixed with the TK, it is difficult to assess whether
some of the negative experiences were related to the burden of
trial procedures or the TK itself.

Strengths and Limitations
The strengths of this study include a mixed methods design,
large sample size, and focus groups conducted in different
countries. In total, 85% (1383/1627) of the total study sample
provided user experience responses at some point during the
trial. However, we cannot ignore that the results represent the
views of the more active users of the TK. Thus, it is not possible
to predict the way in which this has skewed the findings. It is
likely that active users used the TK more often because they
had a positive experience. However, it is also possible that they
were committed to using the TK regardless of their experience
and were more exposed to the negative sides of the TK. Indeed,
an association between negative user experience and more
frequent use has been reported earlier by Tuch et al [14].
Similarly, focus groups are likely to include participants at the
high end of activity and involvement with the intervention,
which may also bias the findings. However, steps were taken
to limit this bias. Participants were recruited using a ranking
system, rather than using a direct convenience sample of
participants who volunteered to participate.

Future Work
Data-driven methods are expected to enable deeper
personalization, adaptivity, and reactivity in DBCIs. For
example, they enable the prediction, prevention, or detection
of lapses in weight management behaviors [33,34]. Data from
this trial may enable identification of specific profiles regarding
weight maintenance and identification of the type of intervention
content that is most effective or acceptable to the participants.
It is important to design DBCIs considering their intended way
of use and make this clear to the user, that is, how often and for
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how long the intervention should be used. Here, the users were
not always sure how they were supposed to use the TK after
the active intervention. This study highlighted that continuous
interaction with users is important and reminders are crucial in
sustaining use. Reminder and interaction schemes should be
designed to ensure effective engagement, but bearing in mind
that making users dependent on an intervention is usually not
a desirable goal [6].
Furthermore, the measurement of long-term user experience
should be included as an integral part of DBCIs to guide further
development, updates, and adaptation of the intervention.
Similar to other aspects of an intervention, user experience
varies between individuals and one solution is probably not
optimal or pleasing for all.

Conclusions
In the NoHoW RCT, most TK users were retained during the
active intervention spanning the first 18 weeks of the study,
when they were emailed weekly and reminded to access the
intervention content. Technical difficulties related to access and
use of the TK and the lack of new and updated content in TK
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hindered its use and user experiences. Personalized features,
including the reminder emails, the self-monitoring–related tools,
and weight alerts were well received and rated. These results
highlight that the target users of DBCIs are already accustomed
to using different types of existing health apps and services and
are quick to compare new services with them. This emphasizes
the need to finalize and evaluate the user experience and
appearance of new services extensively before launching
large-scale trials and to allow and enable updates of the content
and design during the trial to avoid becoming outdated. Failure
to provide an intervention with adequate application
development, acceptance, and usability may undermine the
original aims of the trial (in this case, testing the impact of self
and emotion regulation strategies). Thus, DBCIs should be built
to be more responsive and adaptive by monitoring the
engagement, progress, and signs of relapse and reacting to those
promptly to achieve continued sufficient level of engagement.
Future trials should focus not only on participants’ experience
of mobile health devices but also on the full user experience of
the interventions to ensure that the best possible support and
experience is offered.
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Abstract
Background: eHealth tools have the potential to meet the mental health needs of individuals who experience barriers to accessing
in-person treatment. However, most users have less than optimal engagement with eHealth tools. Coaching from peer specialists
may increase their engagement with eHealth.
Objective: This pilot study aims to test the feasibility and acceptability of a novel, completely automated web-based system to
recruit, screen, enroll, assess, randomize, and then deliver an intervention to a national sample of military veterans with unmet
mental health needs; investigate whether phone-based peer support increases the use of web-based problem-solving training
compared with self-directed use; and generate hypotheses about potential mechanisms of action for problem-solving and peer
support for future full-scale research.
Methods: Veterans (N=81) with unmet mental health needs were recruited via social media advertising and enrolled and
randomized to the self-directed use of a web-based problem-solving training called Moving Forward (28/81, 35%), peer-supported
Moving Forward (27/81, 33%), or waitlist control (26/81, 32%). The objective use of Moving Forward was measured with the
number of log-ins. Participants completed pre- and poststudy measures of mental health symptoms and problem-solving confidence.
Satisfaction was also assessed post treatment.
Results: Automated recruitment, enrollment, and initial assessment methods were feasible and resulted in a diverse sample of
veterans with unmet mental health needs from 38 states. Automated follow-up methods resulted in 46% (37/81) of participants
completing follow-up assessments. Peer support was delivered with high fidelity and was associated with favorable participant
satisfaction. Participants randomized to receive peer support had significantly more Moving Forward log-ins than those of
self-directed Moving Forward participants, and those who received peer support had a greater decrease in depression.
Problem-solving confidence was associated with greater Moving Forward use and improvements in mental health symptoms
among participants both with and without peer support.
Conclusions: Enrolling and assessing individuals in eHealth studies without human contact is feasible; however, different
methods or designs are necessary to achieve acceptable participant engagement and follow-up rates. Peer support shows potential
for increasing engagement in web-based interventions and reducing symptoms. Future research should investigate when and for
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whom peer support for eHealth is helpful. Problem-solving confidence should be further investigated as a mechanism of action
for web-based problem-solving training.
Trial Registration: ClinicalTrials.gov NCT03555435; http://clinicaltrials.gov/ct2/show/NCT03555435
(J Med Internet Res 2022;24(1):e29559) doi:10.2196/29559
KEYWORDS
problem-solving training; mHealth; peer specialists; veterans

Introduction
Background
Many Americans have mental health needs that go unmet. A
national survey found that 11.8 million US adults report unmet
mental health needs, with about half of these respondents
reporting that they received some, but not enough, mental health
services to meet their needs, and about half reporting that they
received no mental health services [1]. Even in health care
systems that screen for mental health problems and offer
treatment, such as the Veterans Health Administration (VHA)
and the Department of Defense (DoD), there are substantial
numbers of individuals with unmet mental health needs [2,3].
In a study of veterans who screened positive for depression and
posttraumatic stress disorder (PTSD) and were offered mental
health care, less than half received any mental health treatment
[4]. Barriers to treatment engagement include concerns with
stigma, a desire to be self-reliant, a lack of appeal of face-to-face
therapy, and the inconvenience of traveling to an appointment
during the day [5,6]. More recently, health and safety concerns
surrounding the COVID-19 pandemic emerged as new barriers
to traditional psychotherapy [7].
Novel approaches are needed to engage individuals with unmet
needs in mental health care. Electronic or eHealth tools are
increasingly being used, given their ability to reach many users
at relatively low costs, and growing evidence shows that many
individuals prefer to use eHealth as part of their health care
[8,9]. eHealth could dramatically diminish access problems
related to travel distance and time, wait times for appointments,
financial burden, stigma, and desire for self-reliance [10].
Websites and mobile apps that help individuals manage their
mental health concerns are now widely available, and multiple
meta-analyses have described their benefits for users [11,12].
One such program is Moving Forward (MF), a free educational
and life coaching program that is a web-based adaptation of
problem-solving therapy. MF was built by VHA in partnership
with the DoD as part of a coordinated public health initiative
to help veterans and service members who have difficulties with
mental health. It was first made publicly available in 2011, and
a program evaluation found that 750 veterans accessed it in
2020. Problem-solving therapy is an evidence-based,
transdiagnostic cognitive behavioral treatment that has been
successfully adapted to multiple contexts, including
problem-solving training for primary care patients [13]. The
intervention has a robust evidence base for a variety of disorders
and is among the recommended treatments for depression and
suicide prevention in the VHA/DoD Clinical Practice
Guidelines. Problem-solving therapy is particularly well-suited
https://www.jmir.org/2022/1/e29559
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to individuals who see their distress as a result of life problems
rather than a mental health problem and want to solve their
problems themselves.
The benefits gained from eHealth interventions tend to vary by
how much an intervention is used, how well users apply the
learned strategies to their daily lives, and users’ confidence in
their ability to manage their mental health problems, known as
mental health self-efficacy [14,15]. High rates of attrition in
eHealth are ubiquitous, leaving many users to experience no
benefits from the intervention [16]. On the basis of these
findings, the supportive accountability model was developed
to guide how human coaching can increase adherence to eHealth
interventions. This model predicts higher engagement in eHealth
when the user feels accountable to a coach who is seen as
trustworthy and benevolent and having relevant expertise [17].
The unique characteristics of peer specialists may allow them
to be particularly effective as eHealth coaches. Peer specialists
are individuals who have lived experience with medical or
mental health conditions, have benefitted from treatment, can
model healthy behaviors, and can provide emotional support.
A recent systematic review of 30 studies found that peer support
(PS) of eHealth interventions has strong potential for clinical
effectiveness; however, more research was recommended to
investigate whether and how PS affects user engagement in
eHealth and what mechanisms are related to better health among
users [18]. The VHA has made a large investment in its peer
workforce. Veteran peers now assist other veterans in coping
with medical and mental health conditions, including providing
support for the VHA’s suite of mental health apps and websites
[19]. Research is needed to understand the best ways to deliver
PS of eHealth tools and how processes to connect veterans with
eHealth and peers can be automated.

Objectives
This study is designed to test novel methods of delivering care
and generate hypotheses for future research on eHealth delivery.
The first aim of this study is to test the feasibility and
user-perceived acceptability of the research and intervention
methods. Specifically, we test the feasibility of an automated
electronic system for recruitment, enrollment, intervention
delivery, and data collection in a national sample of veterans
recruited via social media. We test user-perceived acceptability
via participant engagement in MF and peer sessions, as well as
user satisfaction. The second aim is to examine engagement in
the web-based MF course for those with and without PS. We
hypothesize that the use of MF would be greater for the PS
condition than for the self-directed (SD) condition. The third
aim is to conduct an exploratory examination of changes in
problem-solving skills and problem-solving confidence as
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possible mechanisms of action to increase engagement in MF
or reduce mental health symptoms. The fourth aim is to conduct
an exploratory examination of the association of PS sessions
with changes in mental health symptoms. This study adds to
the early research on how PS can enhance engagement in
eHealth and makes unique contributions by investigating a fully
automated system for research and interventions and exploring
potential mechanisms of action.

Methods
This study was found to meet all human subjects, data security,
and privacy requirements for research approval by the local
institutional research boards where the study investigators were
located. The ClinicalTrials.gov identifier is NCT03555435.

Participants and Procedures
Veterans with unmet mental health needs were recruited for this
study via Facebook advertisements. Figure 1 shows the flow of
participants from having a Facebook advertisement show up on
their Facebook feed to the collection of follow-up assessments.
For this study, a veteran was determined to have unmet mental
health needs if they endorsed mental health symptoms on
assessment measures and denied engagement in current mental
health treatment. To be included in the study, participants needed
to (1) self-identify as veterans, (2) endorse any depression or
anxiety item on the 4-item Patient Health Questionnaire [20]
as occurring for several days or more in the past week, (3) have
a phone and a computer with internet access, (4) be willing to
be randomized to 1 of 3 conditions, and (5) work with a peer.
Veterans were excluded if they had (1) an active suicide plan,
(2) changes in psychoactive medications in the past month, or
(3) were receiving mental health care at the time of enrollment.
We confirmed veteran status using methods previously
established by Kramer et al [21], which involve asking for
details of service and contact information. Advertisements
targeting veterans appeared in the Facebook feeds of users
identified as having an interest in veterans. The advertisements
were linked to a website that provided information about the
study and allowed viewers to opt for a screening that was
conducted via a web-based data collection tool, REDCap
(Research Electronic Data Capture) [22,23]. The system
recorded time stamps for when enrollments occurred to
determine how often participants used the system outside of
typical business hours within their home time zone.
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Those who were eligible for the study completed baseline
measures on the web, including assessment of sociodemographic
characteristics, mental health symptoms, and problem-solving
characteristics. Participants were randomized by the web-based
platform to 1 of 3 conditions: SD MF, PS MF, and a waitlist
(WL) control group. The WL group received no intervention
and participated in both study assessments before being offered
access to the MF course with or without PS. After their baseline
assessment, SD and PS participants were directed to MF and
asked to complete the 5 modules over the next 8 weeks. PS
participants also received up to 5 phone sessions with a peer.
Course use data were collected using a commercial web-based
learning platform. Collection was automated via programming,
which initiated daily use reports to be sent from the learning
platform to a REDCap file. To have use data identified with
anonymous study IDs, the enrollment of each participant
triggered a REDCap application programming interface to send
the participant’s study ID number to a server programmed to
set up a new user account in the web-based learning system. In
this way, use data were automatically and anonymously
associated with participant IDs. Programming was used to link
the data management system to a web-based learning platform
to study course use. The data management system also supported
the delivery of peer services.
Symptoms and problem-solving measures were re-administered
on the web at the end of the study (8 weeks post baseline), along
with a satisfaction measure. Participants received 1 to 3
automated reminder emails over a 1- to 2-week period (spaced
3-5 days apart) with a link to complete follow-up measures.
Participants who did not complete the assessment in the SD and
WL conditions and some participants in the PS condition
received at least one reminder phone call over a 2-week period
(25/81, 31% were left voicemails, 27/81, 33% spoke directly
to research staff, and 11/81,13% could not be reached). Peers
reminded PS participants to complete the assessment at the final
peer session (when this occurred). After the final follow-up
assessment, participants were given a choice between ending
study participation and agreeing to a qualitative phone interview.
Participants were compensated with gift cards and were paid
US $5 for answering baseline measures, US $10 for completing
the end of study measures, and US $15 for completing a
qualitative interview (US $30 maximum).
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Figure 1. CONSORT (Consolidated Standards of Reporting Trials) flowchart. PHQ-4: Patient Health Questionnaire-4.

Measures
To make the assessments as brief as possible, a subset of items
from 3 standard mental health screening tools was used.
Item-level depression, anxiety, and PTSD symptom data from
a prior study of 232 VHA primary care patients (Carlson et al,
unpublished data, 2021) and from the first 17 participants of
this study were analyzed using multivariate regression to select
subsets of items to assess these symptoms. Depression was
assessed with 5 of the original 9 Patient Health Questionnaire-9
[24] items (anhedonia, feeling down, trouble sleeping, feeling
like a failure, and trouble concentrating), resulting in a 5-item
scale with high internal consistency (α=.80). Anxiety was
assessed using 4 of the original 7 General Anxiety Disorder-7
items [25] (feeling nervous, worry, trouble relaxing, and
restlessness), resulting in a 4-item scale with high internal
consistency (α=.88). PTSD was assessed using 9 of the 17
original items from the Screen for Posttraumatic Stress
https://www.jmir.org/2022/1/e29559
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Symptoms [26,27] (avoiding thoughts, avoiding situations,
nightmares, feeling shaky, irritability, surroundings feeling
unreal, remembering awful things, upset upon reminders, lost
track of what is happening around me, flashbacks, and things
seeming unreal), resulting in a 9-item scale with high internal
consistency (α=.88). Scores on the briefer measures correlated
between .96 and .97 with scores on the full measures in the 2
data sets. Problem-solving knowledge was assessed using 6
items related to the information included in the course (eg,
multiple choice questions on how stress can affect
problem-solving, good strategies for problem solving, and how
to evaluate possible solutions). Problem-solving confidence
was assessed using 3 items inquiring about agreement with
statements regarding best ways to solve problems, feeling
confident about solving future problems, and having strong
problem-solving skills, all answered on a 4-point scale ranging
from I don’t agree to I agree a lot. The Client Satisfaction
Questionnaire comprised 8 items administered at the end of the
J Med Internet Res 2022 | vol. 24 | iss. 1 | e29559 | p.474
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study and assessed satisfaction with the services they received
without differentiating among recruitment, assessment, and
intervention services [28].
Qualitative interviews were conducted post treatment to assess
participant reactions to MF with and without PS. Results related
to which aspects of PS were most useful or least useful and
perceptions of working with a peer versus a traditional mental
health provider have been included in this report.

The MF Course
MF is an instructionally sound, web-based self-help program
[29]. It was built collaboratively by VHA and DoD as part of
a coordinated public health initiative to address the unmet mental
health needs of returning service members. To reduce any
barriers to use, it is completely free, anonymous, and available
to the public. Users do not have to register or provide any
personal information to use the program. A version of the course
is available on the web [29]. The MF web-based intervention
was based on a 4-session problem-solving workshop that has
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shown efficacy in affecting key targets [30] and makes extensive
use of video, animation, and interactive exercises to engage
participants. Its design was informed by the principles of adult
learning theory and closely follows best practices in instructional
systems design [31]. It includes detailed explanations of the
relationships among thoughts, behaviors, and moods. The
program places a strong emphasis on completing
problem-solving worksheets and other tasks between sessions
and uses a variety of techniques to help users monitor and
challenge unhelpful thoughts. MF is based on cognitive
behavioral treatment principles; however, to reduce stigma, it
is presented to veterans as an educational and life coaching
program that teaches skills and tools to solve stressful problems
and overcome obstacles. Videos show highly relatable,
demographically diverse characters applying problem-solving
principles to address problems that veterans commonly
experience, such as financial difficulties and relationship
distress. Table 1 includes the major components of each module.
The modules are self-paced but typically take approximately
20 minutes each to complete.
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Table 1. Moving Forward modules and peer sessions.
Moving Forward content

Peer sessions (fidelity elements)

—a

Session 1
•
•

Module 0: What type of problem solver are you?
•
•
•
•
•

Session 2

Common problem-solving challenges, interactive stress game, introduction
•
to problem solving
•
Problem-solving attitudes and approaches—vignettes and explanations
•
Optimistic versus pessimistic problem-solving attitudes
Problem-solving approaches—thoughtful planner, quick-fixer, and avoider
Problem-solver questionnaire and feedback—identifying strengths and weaknesses and getting personal insight into how one handles stressful situations

Ask about module completion
Discuss veteran’s problem-solving strengths and weaknesses
Ask the veteran to complete modules 1 to 2

Module 1: Solve problems when your brain is overloaded

Session 3

•
•

•
•

How our brains get overloaded and our limited ability to multitask
How to externalize, simplify, and visualize to minimize brain overload

Module 2: Solve problems under stress
•
•

Survey to measure stress level
How stress affects your mind, body, and behavior (and problem solving)

Stop and Slow Down steps toolkit with videos (eg, relaxation exercises) and a game •
(Rocket Commander) to demonstrate steps
Module 3: Solve problems step-by-step
•
•
•

•
•
•
•

Ask about module completion
Discuss the following:
Strategies to try when the veteran experiences brain
•
overload
How stress affects problem solving
•
Any relaxation strategies veteran tried
•
Ask the veteran to complete module 3

Sessions 4

Planful problem solving to focus on the Think and Act steps of problem
•
solving
•
Interactive problem-solving worksheets—fillable exercise to define the problem, obstacles, and courses of action
Videos on evaluating and selecting courses of action
•
•

Module 4: Where to go from here

Ask about module completion
Discuss the following:
Implementation of the problem-solving action plan
•
Overcoming barriers to the action plan
•
Create a new problem-solving worksheet, if applicable
Ask the veteran to keep working on their action plan and
complete module 4

Session 5

Emphasizes practice and anticipating future problems; interactive game to il- •
lustrate this concept
Encourages celebrating positive progress
Encourages veterans to keep trying and offers vignette videos to demonstrate
•
positive outcomes of using the program
•
Offers examples of when and how to reach out for more help
•

a

Help the veteran choose a problem to focus on
Ask the veteran to complete module 0

Discuss the following:
Implementation of the problem-solving action plan
•
Overcoming barriers to the action plan
•
Review skills developed in the program
Develop a plan to continue problem solving without peer
support
Connect to additional resources, as needed

The participants began using Moving Forward after session 1 so no content is included in this cell.

Peer Support
The peer sessions were designed to be approximately 20-minute
phone calls. Over 8 weeks, 5 sessions were offered to
participants, and the spacing between sessions was based on
participant preference. The session content was guided by the
PS guide, which was adapted from a previous study of PS for
a web-based mental health program [32]. The goals of the peer
sessions were to help the participants fully engage in the MF
content and apply it to daily life. Peers aimed to engage
participants in meaningful discussions on how to apply
problem-solving skills and share their own experiences of
overcoming life’s problems, as appropriate. Each session had
essential fidelity elements, as detailed in Table 1. Peers used
REDCap templates to document sessions and endorse the fidelity
elements that were met. A total of 2 peers provided support for
the study: both had experience working as peer specialists with
https://www.jmir.org/2022/1/e29559
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veterans and completed study-specific training that included
didactics, personally using MF, and receiving feedback on
role-plays of sessions. Peers also participated in weekly group
supervisions led by a clinical psychologist with peer supervision
expertise.

Analyses
Feasibility and acceptability metrics were described using means
and frequencies. Feasibility metrics included the rate of
participant enrollment per month and the rates of assessment
completion at baseline and at the end of the study. Peer fidelity
was described as the percentage of fidelity elements completed.
User acceptability metrics included the percentage of
participants who logged in to use MF, percentage of participants
who had any peer sessions, number of peer sessions completed,
and participant satisfaction. Satisfaction among participants
who did and did not have access to MF was compared using a
J Med Internet Res 2022 | vol. 24 | iss. 1 | e29559 | p.476
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2-tailed t test. Poisson regression with a Pearson adjustment to
the SE was used to compare the number of log-in days (a count
variable) between the SD and PS conditions. Multilevel
modeling (MLM) via SAS Proc Mixed was used to compare
changes in problem-solving knowledge and problem-solving
confidence among participants who used and did not use MF.
MLM was also used to estimate the associations between
problem-solving confidence and depression, anxiety, and PTSD
symptom outcomes. MLM was also used to compare changes
in mental health symptoms among participants who engaged in
peer sessions with those who did not. Analyses were adequately
powered for the primary (to test the feasibility and
user-perceived acceptability of the methods) and secondary (to
examine engagement in the web-based MF course for those
with and without PS) aims. Our planned sample size did not
provide sufficient power to detect differences between
conditions in mental health symptoms; therefore, group-by-time
analyses were not conducted.
Qualitative data were analyzed using a rapid analysis approach
[33,34]. Templated summaries of interview responses were
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created and then entered into a matrix, with a domain name for
each survey question placed on the horizontal axis and
participants listed on the vertical axis. A total of 2 authors (JW
and KP) independently began data reduction on discrete copies
of the matrices to develop concise summaries that focused and
organized the data. The authors then met to compare their data
reductions and create a final matrix that reflected their
agreed-upon themes.

Results
Sample Characteristics
A total of 81 veterans recruited from social media posts were
enrolled and randomized to study conditions (PS 27/81, 33%;
SD 28/81, 35%; WL 26/81, 32%). Participant characteristics
are shown in Table 2. Participants lived in 38 different states,
and most enrollments (60/81, 71%) occurred outside of typical
office hours within the veterans’ home time zone. The
participants reported significant unmet mental health needs
based on our definition in this study.
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Table 2. Characteristics of the participants (N=81).
Variable

Participants

Age (years), mean (SD; range)

54 (9.4; 30-77)

Gender, n (%)
Male

48 (59)

Race and ethnicity, n (%)
White

60 (74)

Black

8 (10)

Latinx

8 (10)

Mixed race

8 (10)

Native American

8 (10)

Asian or Pacific Islander

3 (4)

Marital status, n (%)
Single

7 (9)

Married or partnered

36 (44)

Separated or divorced

30 (37)

Widowed

4 (5)

Education, n (%)
High school

11 (14)

Some college or vocational school

49 (60)

Bachelor’s degree or more

31 (26)

Employment status, n (%)
Employed

25 (31)

Disabled

22 (27)

Retired

16 (20)

Unemployed

11 (14)

Student or homemaker

4 (5)

Service branch, n (%)
Army

96 (51)

Navy

42 (22)

Air Force

32 (17)

Marines

19 (10)

Coast Guard

1 (1)

Mental health, n (%)
Endorsed all 5 symptoms of depression

35 (43)

Endorsed ≥3 symptoms of depression

67 (83)

Scored above clinical cutoff for depression on Patient Health Questionnaire-2 [35]

55 (68)

Endorsed ≥3 anxiety symptoms

66 (81)

Endorsed ≥6 posttraumatic stress disorder symptoms

53 (65)

Endorsed problems with sleep

74 (91)

Feasibility
Figure 1 shows the rates of participant recruitment, screening,
enrollment, assessment, and intervention allocation. The
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web-based recruitment method yielded 13.5 participants per
month over a 6-month period. Only 24% (19/81) of participants
completed the follow-up assessment after receiving automated
emails. The end of the study assessments were ultimately
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completed by 46% (37/81) of the participants following research
assistant phone calls. Assessment completion rates were 30%
(8/27) for PS, 39% (11/28) for SD, and 69% (18/26) for WL
conditions. Baseline characteristics (eg, gender, race, age, and
depression, anxiety, or PTSD symptoms) did not significantly
differ among participants who completed the follow-up
assessment and those who did not across the entire sample or
within randomized conditions.

Peer Sessions and Fidelity
Just over half (15/27, 56%) of the participants assigned to
receive PS participated in sessions with peers. Of the 15
participants, 4 (15%) received 1 session, 7 (26%) received 2 to
4 sessions, and 4 (15%) received all 5 peer sessions. Moreover,
1 peer engaged and provided support sessions to 65% (12/18)
of those assigned to work with him and had a mean of 2.9 (SD
1.6) sessions with the participants he did have sessions with,
whereas a second peer provided sessions to 42% (3/7) of those
assigned and had a mean of 2.2 (SD 1.4) sessions with those he
did have sessions with. Peer sessions had 100% fidelity to the
Peer Guide, indicating that the peer training methods combined
with the REDCap documentation system were highly feasible
for peers to complete.

User Acceptability
Most participants in the SD and PS conditions logged into the
course at least once (19/27, 70% and 20/28, 71% of participants,
respectively). Participant satisfaction was favorable in both the
SD and PS conditions. Satisfaction was significantly higher in
the SD and PS conditions compared with the WL condition
(t35=−2.54; P=.03) and did not differ between the SD and PS
conditions. Specifically, 95% (18/19) of participants in the SD
and PS conditions who completed the satisfaction measure rated
the overall quality as good to excellent and said that they
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received the kind of services they wanted. Similarly, 90%
(17/19) said that they would recommend the program to a friend.
Of the 8 PS participants who completed the follow-up interview,
4 (50%) agreed to the interviews, and 3 (38%) completed the
interviews, all of whom reported highly positive feedback.
Regarding their overall experience with the peer, participants
noted that the peer they worked with was extremely helpful,
encouraged them to continue in the course, and helped them
feel like they were not alone in their struggles. The most helpful
aspects of PS included having the peers clarify course content
and suggest new ideas for problem solving when the participants
felt stuck. A veteran noted, “having interaction with the website
is one thing, but having someone to talk to and getting feedback
is really helpful and supportive.” Participants commented that
their peer’s veteran status made them feel like they had more
in common with the peer and that the peer could understand
their struggles more. A total of 2 suggestions for improvements
were noted: 1 participant said that the 20-minute phone sessions
felt “a bit rushed” and that having a picture of the peer would
be helpful as they only spoke by phone.

Impact of PS on Course Use and Mental Health
Symptoms
Table 3 shows the results of the analyses of course use. Course
use was significantly greater for PS participants than for SD
participants. The effect of PS was more pronounced among
participants who engaged in at least one peer session;
participants who had one or more PS sessions logged in on
significantly more days than participants who had access to MF
but had no PS sessions. Participants who had at least one PS
session had larger decreases in depression than those who did
not have a PS session. Participants who engaged in peer sessions
did not have significantly different changes in anxiety symptoms
compared with those who did not have peer sessions.

Table 3. Impact of peer support on course use and mental health symptoms (N=81).
Outcome

Values, n (%)

Values, mean (SE)

B (SE)

P value

27 (33)

2.96 (0.22)

−0.89 (0.41)

.03

28 (35)

1.21 (0.67)

−0.89 (0.41)

.03

Course use (days logged in)

15 (19)

4.87 (0.18)

1.56 (0.31)

.001

Depression symptoms change

15 (19)

−4.3 (1.93)

−6.73 (2.04)

.002

Anxiety symptoms change

15 (19)

−1.8 (2.17)

−3.88 (2.30)

.10

Course use (days logged in)

42 (52)

1.02 (0.25)

1.56 (0.31)

.001

Depression symptoms change

42 (52)

2.4 (0.68)

−6.73 (2.04)

.002

Anxiety symptoms change

42 (52)

2.1 (0.77)

−3.88 (2.30)

.10

Peer support
Course use (days logged in)
Self−directed
Course use (days logged in)
Any peer sessions

No peer sessions
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Associations of Problem-Solving Confidence With MF
Use and Mental Health Symptoms
Participants who used MF at least once (including those in the
PS and MF conditions) had larger increases in problem-solving
confidence compared with participants who did not use MF (2.4
vs −0.72; B=−1.72, SE 0.64; P=.01). Problem-solving
knowledge did not differ by whether participants used MF
(B=−0.35, SE 0.51; P=.31). In addition, a 1-point increase in
problem-solving confidence was associated with a 1.12-point
decrease in depression (B=−1.12, SE 0.20; P=.001), a 0.82-point
decrease in anxiety (B=−0.82, SE 0.20; P=.001), and a
1.51-point decrease in PTSD severity (B=−1.51, SE 0.45;
P=.001).

Discussion
Principal Findings
This paper reports on the feasibility and user-perceived
acceptability of innovative and automated methods for
recruiting, enrolling, assessing, and delivering a web-based
problem-solving intervention (MF) to veterans with unmet
mental health needs. The results also demonstrate the impact
of PS on MF use and describe the relationships between multiple
potential mechanisms and outcomes of web-based
problem-solving training to inform future research.
The methods for social media recruitment were successful in
recruiting a sample of veterans in the community with unmet
mental health needs who were not engaged in mental health
care in the previous 6 months. The sample was diverse in
geographic location, age, gender, race, and ethnicity and resulted
in the recruitment of many women and younger veterans who
can be challenging to recruit with in-person recruitment methods
in VHA. In addition, most participants enrolled in the evening
or on a weekend day, indicating that they preferred to use the
service outside of regular business hours.
Our automated systems for screening, enrollment, administration
of the initial assessment, randomization, and condition
assignment created a seamless, brief, and easy user experience
that led to the enrollment of our targeted number of eligible
participants. The automated collection of course use data
gathered objective information about whether the course was
accessed and how many days participants logged in to the
course. The results indicated that the automated enrollment and
assessment methods led to acceptable levels of eHealth
engagement [36]. Our study found a similar or lower percentage
of nonusers (16/55, 29%) compared with other eHealth studies,
which found that 25% to 58% of the participants never used the
intervention [37]. Clinical programs also often suffer from
less-than-ideal engagement. For example, a report of a program
found that less than half of primary care patients who screened
positive for depression or PTSD and were offered mental health
care received any sessions [4].
Given the widespread challenges of engaging individuals with
mental health needs to use eHealth tools and mental health
services more generally, our finding that PS was associated with
increased MF use is significant. These results are supported by
our qualitative findings, where participants described their peer
https://www.jmir.org/2022/1/e29559
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relationships as encouraging and helpful in moving them through
barriers in their own understanding of MF content or their ability
to apply it to their current problems.
Our finding that 55% (15/27) of participants offered PS chose
not to do phone sessions indicates that not all eHealth users
want or need PS. It is possible that the delivery of PS by phone
hampered uptake and that some users would have preferred
messaging or video formats. An option for peer messaging or
video chats may be feasible going forward, given the increase
in remote delivery of services during the COVID-19 pandemic
[7]. Satisfaction was also high in the SD MF condition, further
indicating that many users did not see the need for additional
support in using the modules. Although satisfaction results may
be influenced by ceiling effects on the Client Satisfaction
Questionnaire, taken together, these results signal that alternative
study designs and stepped-care interventions may be more
appropriate for studying the added benefits of PS to eHealth.
For instance, a design that allows users to opt for PS if they
want or need it or step up to additional support if they are not
engaging in SD use could reveal how often users want and need
additional support and if this additional support increases
eHealth use among participants who cannot engage on their
own.
The streamlined user experience created by the automated
enrollment and assessment systems may have resulted in some
veterans being enrolled and randomized who were not motivated
to engage in follow-up assessments, as evidenced by our
assessment attrition rate of 54%. High attrition from eHealth
studies is common and well-described in the literature [16].
Efforts to boost follow-up assessments can include reducing
participant burden (ie, number of questions) in assessments or
adding interactions with research staff at enrollment via email,
text, or phone to confirm that the participant truly intended to
fully participate. Interaction with research staff can also build
a participant’s commitment to a study. A recent meta-analysis
found that mobile health studies that enrolled participants on
the web have much higher attrition (43%) than those that use
in-person (11%) and phone (18%) enrollment [37]. Although
adding contact with research staff is likely to decrease attrition,
therefore increasing the internal validity of a study, it may also
make the user experience more complex and less reflective of
real-world eHealth use, decreasing the external validity of a
study; that is, veterans who could benefit most from web-based
programs may not meet a higher bar for motivation.
Furthermore, adding contact with staff will increase study costs
and decrease the number of people who can be reached.
Ultimately, researchers may need to anticipate high assessment
attrition in eHealth studies that use automated enrollment
procedures and increase enrollment with the goal of still having
an adequate sample size at the end of the study.
Our findings were consistent with the results of a meta-analysis
that found higher assessment attrition in active conditions
compared with WL controls and concluded that this might be
because participants in active conditions have full access to the
eHealth intervention and therefore are less motivated to
complete assessments than those in the WL control who need
to complete assessments before gaining access [37]. An
additional explanation is that the active conditions (especially
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PS in our study) required more participant effort and time than
the WL control; therefore, WL participants may have been more
willing to spend additional time on the assessments.
Confidence in problem-solving skills appears to be an important
correlate of increased course use and changes in mental health
symptoms. Confidence and the closely related construct of
self-efficacy are common mechanisms of action in many
behavioral interventions, including eHealth programs [14,38].
Future research should examine problem-solving confidence or
mental health self-efficacy as a mediator between MF use and
mental health outcomes and consider optimizing components
of the intervention that increase confidence, such as peer
encouragement to practice problem solving, as more practice
is likely to lead to more mastery and confidence.
Engagement in PS was associated with decreases in depression.
This is consistent with emerging research showing the mental
health benefits of PS [39]. There are many possible mechanisms
that may explain the relationship between PS and mental health
outcomes that are well-described in the supportive accountability
model, including that being accountable to a supportive and
knowledgeable individual increases engagement with eHealth
or self-help tools [17]. Peers add an additional component of
shared experience that can enhance the strength and benefits of
the relationship.
This study has several strengths and limitations. Automated
methods were successfully used to recruit, screen for inclusion,
obtain consent, and enroll veterans with unmet mental health
needs to a study at rates comparable with other eHealth studies
and referral in primary care. Baseline and course use data were
also successfully collected using automated methods. Web-based
recruitment resulted in a sample that was diverse in age, gender,
service branch, service era, and geographic location. The study
successfully randomized some participants to receive PS for
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the course and tracked remotely provided PS contacts and
sessions. A major weakness of the study was the low rate of
completion of the study end assessments. Automated requests
to complete the assessments were not sufficiently effective to
achieve adequate completion rates, and staff phone calls to
encourage completion were inconsistent. To increase the study
end measure completion in future studies, staff efforts to reach
participants could be increased, and data might be collected by
study staff by phone. Given the relatively low completion rate
for the study end measures, it is possible that more satisfied
participants completed measures at higher rates than less
satisfied participants, possibly leading to a positive bias in both
quantitative and qualitative satisfaction results. An additional
limitation was that the success in engaging participants was
lower for one of the peer specialists. Future studies on the impact
of PS on eHealth use should consider increasing the number of
PS providers and assessing factors such as participants’
perceptions of therapeutic alliance with peers.

Conclusions
In conclusion, automated processes for recruiting, enrolling,
screening, assessing, and providing a cognitive behavioral
eHealth intervention are feasible and acceptable overall;
however, additional efforts are necessary to achieve adequate
study end assessment completion rates. The finding that
delivering PS for MF by phone with high fidelity was feasible
and the increased use of the course indicates that PS may boost
engagement with web-based courses. Innovative designs such
as SMARTs (Sequential Multiple Assignment Randomization
Trials) may clarify for whom PS is most helpful, when it is most
helpful, and what outcomes are likely to improve. Finally, the
associations of problem-solving confidence with both course
use and improved mental health outcomes indicate that
problem-solving confidence shows promise as a potential
mechanism of action in future eHealth research.
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Abstract
Background: Despite numerous gaps in the literature, mindfulness training in the workplace is rapidly proliferating. Many
“online” or “digital mindfulness” programs do not distinguish between live teaching and recorded or asynchronous sessions, yet
differences in delivery mode (eg, face-to-face, online live, online self-guided, other) may explain outcomes.
Objective: The aim of this study was to use existing data from an online mindfulness solutions company to assess the relative
contribution of live and recorded mindfulness training to lower perceived stress in employees.
Methods: Perceived stress and the amount of live and recorded online mindfulness training accessed by employees were assessed
during eMindful’s One-Percent Challenge (OPC). The OPC is a 30-day program wherein participants are encouraged to spend
1% of their day (14 minutes) practicing mindfulness meditation on the platform. We used linear mixed-effects models to assess
the relationship between stress reduction and usage of components of the eMindful platform (live teaching and recorded options)
while controlling for potential reporting bias (completion) and sampling bias.
Results: A total of 8341 participants from 44 companies registered for the OPC, with 7757 (93.00%) completing stress assessments
prior to the OPC and 2360 (28.29%) completing the postassessment. Approximately one-quarter of the participants (28.86%,
2407/8341) completed both assessments. Most of the completers (2161/2407, 89.78%) engaged in the platform at least once.
Among all participants (N=8341), 8.78% (n=707) accessed only recorded sessions and 33.78% (n=2818) participated only in the
live programs. Most participants engaged in both live and recorded options, with those who used any recordings (2686/8341,
32.20%) tending to use them 3-4 times. Controlling for completer status, any participation with the eMindful OPC reduced stress
(B=–0.32, 95% CI –0.35 to –0.30, SE=0.01, t2393.25=–24.99, P<.001, Cohen d=–1.02). Participation in live programs drove the
decrease in stress (B=–0.03, SE=0.01, t3258.61=–3.03, P=.002, d=–0.11), whereas participation in recorded classes alone did not.
Regular practice across the month led to a greater reduction in stress.
Conclusions: Our findings are in stark contrast to the rapid evolution of online mindfulness training for the workplace. While
the market is reproducing apps and recorded teaching at an unprecedented pace, our results demonstrate that live mindfulness
programs with recorded or on-demand programs used to supplement live practices confer the strongest likelihood of achieving
a significant decrease in stress levels.
(J Med Internet Res 2022;24(1):e31935) doi:10.2196/31935
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Introduction
As the practice of mindfulness continues to rise [1,2], there has
been a concomitant emergence of online mindfulness programs
[3]. Prior to the COVID-19 pandemic, an estimated 60% of
mid-to-large–sized companies in the United States were offering
mind-body programs such as mindfulness for their employees
[4], with related services creating a billion-dollar industry [5].
The pandemic-related spike in stress and mental health issues
[6,7] and the fact that such spikes impair multiple aspects of
adult learning [8,9] have led to an even greater need to support
employees [10,11]. As rapid growth of the online and workplace
mindfulness industries has outpaced research, there is an
increased demand for rigorous methodology to carefully evaluate
workplace mindfulness training, particularly online training.
Relevant literature has multiple confounds, including the fact
that the relative impact of live (synchronous) and recorded
(asynchronous) digital mindfulness training for the workplace
is completely unknown.
Multiple systematic reviews have demonstrated solid evidence
that mindfulness training has a positive impact on stress and
other indicators of mental health [12-16]. In addition,
mindfulness interventions clearly reduce anxiety and depression
symptoms in a therapeutic context [17,18], and help even as a
stand-alone intervention [19]. Mindfulness programs have
consistently been shown to assist clinical patients, health care
professionals, and multiple types of students, and further
promise benefits for the workplace [20-22] by helping
individuals to develop several skills [23]. For example,
mindfulness meditation improves generalized attention, alerting,
and multiple aspects of executive control [24,25]. There is a
solid rationale for why mindfulness training may enhance
workplace functioning [20]. Nonreactive attention on the present
moment should enhance focus while lowering errors; practicing
curiosity and new perspectives should invite creative
problem-solving; and cultivation of the attitudes of mindfulness
should enhance interpersonal relationships, customer service,
and leadership [20]. Although little empirical work has actually
assessed the potential improvement in occupational functioning
[26], very recent meta-analyses on mindfulness interventions
in the workplace show robust and consistent improvements on
stress and indicators of well-being. One recent meta-analysis
of 56 randomized controlled trials (RCTs) found that, compared
to controls, live workplace mindfulness programs did effectively
lower stress, mental distress, and burnout, while enhancing
well-being, mindfulness, compassion, and job satisfaction
(Hedges g=0.32-0.77). Importantly, improvements were
sustained at short-term follow-up assessments up to 12 weeks
[27]. Similarly, another recent meta-analysis of 35 RCTs found
medium effects on stress, distress, anxiety, depression, and
burnout, while also revealing small to medium effects for health,
job performance, compassion/empathy, and well-being [21]. A
third recent meta-analysis of 23 RCTs concurred in finding
moderate effects for stress, distress, anxiety, and well-being
https://www.jmir.org/2022/1/e31935
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[22]. Fortunately, this study further delved into the heterogeneity
and rigor of the studies. Analyses of this heterogeneity and risk
of bias clarified that findings for burnout, depression, and work
performance measures are premature. Study method variability
included differences in measures used, assessment timelines,
selection and attrition bias, and limited use of active control
groups. Intervention variability factors included differences in
training content, dose (program hours, weeks), and delivery
mode (eg, face to face, online live, online self-guided, other)
[22]. Other researchers have also identified concerns with the
state of the literature on mindfulness training in the workplace,
noting its promise yet need to uplevel the rigor of studies to
manage threats to internal and external validity [26]. For
example, workplace-based mindfulness programs are typically
adapted from training programs in other contexts, but do not
generally utilize the same training structure, protocol, or time
commitment as the original studies [22]. Although these
adaptations may fit well in busy workplace settings, workplace
programs are often assumed to be supported by evidence from
the original studies while actually lacking empirical validation.
Moreover, the literature on mindfulness at the worksite has
largely relied upon cross-sectional studies rather than tracking
longitudinal outcomes such as performance over time [28].
These literature shortcomings leave large gaps in understanding
what moderates effective outcomes for mindfulness programs
in the workplace. One significant moderator may well be
program delivery venues. The same mindfulness training
program will produce similar outcomes whether delivered in
person or online, provided it is delivered live (ie, in real time
or synchronous) [16]. Meta-analyses of 8 RCTs demonstrated
a medium effect size (Hedges g=0.432) for perceived stress and
a small effect size (Hedges g=0.275) for mindfulness measures
in nonclinical populations in fully online, live mindfulness
programs [29]. However, there may be a difference in the impact
of workplace mindfulness programs when provided live
(whether in person or online) versus fully recorded (“on
demand” or “asynchronous”) or delivered through static apps.
Only one review assessed delivery methods and found no
moderating effects for program characteristics [27]. However,
the authors acknowledged that their study may have been
underpowered to detect program differences. In addition, their
included studies had an unequal distribution of mindfulness
training delivery venues (eg, on site, online). Although the
unequal distribution allowed for greater external validity, it may
have skewed the findings. The authors suggested that further
studies are needed to explore the potential differential effects
of mindfulness program characteristics.
“Online” or “digital mindfulness” studies frequently do not
distinguish between live and recorded training. Furthermore,
app-based, recorded web-based, or live online teaching [3,30]
are often not differentiated, despite the dearth of evidence for
all but live, online teaching. Researchers note the substantial
amount of human and financial resources required to provide
participants with live, tailored feedback versus automated
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feedback [29]. Given the relatively low cost and ease of
reproducing automated feedback and on-demand content and
apps, companies tend to “check the box” of providing
mindfulness programs without empirical assessment of the
program’s impact or the methodology of delivery. As a result,
many “on-demand” programs and apps are being offered to
employers and consumers, inappropriately leveraging empirical
research conducted on live mindfulness training programs. For
example, there are more than 2500 mindfulness-based apps
available [31], yet rigorous efficacy research for such apps is
meager [30,32,33]. In fact, in a 2015 review and evaluation of
560 mindfulness apps, there was only one efficacy study [33].
In the last 5 years, at least 34 RCTs have examined a
mindfulness intervention where the main component was
app-based mindfulness practice [34]. Although meta-analyses
showed significant improvements in stress (Hedges g=0.46)
using 15 of the trials, when one outlier trial was excluded, the
benefit dropped by 30% (Hedges g=0.32 for 14 trials). The
impact on anxiety, depression, and psychological well-being
was also significant, albeit with small effect sizes (Hedges
g=0.28-0.33). No significant effects were seen for distress or
general well-being in the studies of mindfulness apps. More
concerning were the methodological issues noted, including the
fact that only 12 of the 34 trials had a low risk of bias in 5 or 6
potential bias domains. In general, the studies of apps lacked
information on randomization and concealment allocation, and
less than a third reported intention-to-treat analyses. It is thus
unclear how effective recorded practices and apps are when not
supplemented by live teaching.
Online mindfulness programs for the workplace come in many
forms, ranging from live programs using fully validated
protocols to workplace adaptations with no empirical backing
to recorded programs and apps. Importantly, the relative impact
of live online teaching versus recorded training is completely
unknown. Given the rapid proliferation of digital mindfulness
training opportunities to help participants acquire the skills
necessary to negotiate today’s intense uncertainty and ongoing
rise in stress, we wondered about the relative impact of
participants’ use of recorded training materials versus live
training. The objective of this study was to use existing data
from a mindfulness solutions company to assess the contribution
of live and recorded training to lower perceived stress.

Methods
Study Design and Ethics
Anonymized data were used to assess the immediate longitudinal
impact of participating in a 30-day online mindfulness training
platform. We evaluated the contributions of participant use of
live programs and recorded offerings in explaining potential
change in perceived stress. This nonhuman research study was
provided an exemption by the Vanderbilt University Medical
Center Institutional Review Board.

Participants
Participants were unique users of eMindful Inc, who registered
for the One Percent Challenge (OPC) between January 1, 2017,
and February 29, 2020. Sociodemographic data on participants
were obtained in two ways. Participants from the 2020 OPCs
https://www.jmir.org/2022/1/e31935
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were asked to provide age, gender, and race/ethnicity in a
preparticipation survey, but there was no requirement to do so.
A second attempt at obtaining sociodemographic data was made
by eMindful in culling the eligibility file data for earlier cohorts;
data availability depended upon how the organization onboarded
their employees with eMindful. In both cases, preferences of
the individual organizations whose employees were participating
were honored and data collection was often seen as a barrier to
their employees getting started.

Mindfulness Program
The OPC is a 30-day program wherein participants are
encouraged to spend 1% of their day (14 minutes) practicing
mindfulness meditation on the eMindful platform. Sixteen live,
guided trainings are offered each workday by highly skilled
mindfulness teachers with an average of 21 years of personal
practice, 76% of whom have advanced degrees (eg, PhD, MD)
or are licensed clinicians and 70% of whom are certified
mindfulness teachers from the International Mindfulness
Teacher Association. The live mindfulness sessions come in 3
formats, with an average attendance of 39.3 participants per
session. Attendance at a given session has a wide range (9 to
183 participants); there is very high participation in the weekday
morning sessions and very low attendance late nights and
weekends. The most common format is the 14-minute Mindful
Daily (topic), which consists of 3-4 minutes of didactic teaching
on the application of mindfulness to a particular topic (eg,
trouble falling sleep, coworker conflict, managing your “to do”
list), followed by 10 minutes of guided mindfulness practice
and a closing inquiry. Additional Mindful Daily (practice)
sessions are 15 and 30 minutes in length and consist only of
guided practice. Finally, there are multisession live programs
that are related to chronic conditions. The multisession programs
are delivered in sequenced, 55-minute sessions that aim to build
skills in a particular order. They also combine didactic teaching
and experiential practice, but allow more time for personal
inquiry. While the focus of eMindul has been live teaching in
a virtual classroom, the company developed an app with over
2500 recorded sessions that are “on demand” for participants
to use to supplement or replace the live programs. The “on
demand” options include high-quality reproductions of the live
Mindful Daily sessions as well as recorded practice sequences
designed specifically for common concerns (eg, Seven Days of
Managing Workplace Stress, Return to the Workplace,
Gratefully all in). Companies who provide the OPC to their
employees typically use the OPC to introduce the new benefit
to employees. Promotional material provided to companies to
encourage participation includes emails, one-page flyers, posters,
and brief newsletters focused on the relevance of mindfulness
for employee well-being.

Measures
Usage of the eMindful Platform
Backend data from eMindful provided two types of usage
information: attendance (number of sessions attended, whether
live or recorded) and days of mindfulness (number of days on
which a participant practiced through use of the platform, no
matter how many practices per day they completed).
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Perceived Stress
Participants were asked to complete the Perceived Stress Scale-4
(PSS-4) [35] within 1 week of the start of the OPC and
immediately post-OPC. Participants who did not respond
postprogram were asked again through automated email and
were allowed to take the PSS-4 up to 30 days after the closing
of the OPC, regardless of the number of sessions completed.
The PSS-4 is a 4-item abbreviated and validated version of the
Perceived Stress Scale, which is a widely used measure of
transactional stress that takes into consideration the balance
between stressors and one’s perceived ability to manage them.
The scale asks the following questions: In the last month, how
often have you felt that you were unable to control the important
things in your life? In the last month, how often have you felt
confident about your ability to handle your personal problems?
In the last month, how often have you felt that things were going
your way? In the last month, how often have you felt difficulties
were piling up so high that you could not overcome them?
Items are scored on a 0-4 Likert scale of how often they were
experienced in the past month (Never to Very Often). Two of
the items are then reverse-scored and item scores are summed
to provide a total score. In addition to calculating pre and post
perceived stress levels, an absolute difference was calculated
for each individual to provide estimates of change over time.

Statistical Plan and Data Presentation
Descriptive statistics were calculated on the sociodemographic,
platform usage, and outcome data. We used linear mixed-effects
models to assess the relationship between usage of the eMindful
platform and reduction in stress. We were also interested in the
relative impact of participation in live versus recorded sessions.
Given the practical nature of this real-world trial, and the level
of potential nonrandom missingness, we first examined potential
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bias in completing both surveys on the basis of pre-OPC stress
levels. This informed our inclusion of this factor in the
modeling. We also had incomplete sociodemographic data that
were assessed for potential sampling bias, and we examined the
additional impact of relevant participant demographics on the
model.

Results
Participants
A total of 8341 participants registered for the OPC. They were
from 44 organizations who provided the OPC to their employees
in the given timeline. Eight distinct OPC programs were run
across the time period. The average number of participants per
organization was 189.6 (SD 549.7), with a very wide range
(1-3354 per organization). Thirty participants had a unique OPC
that lasted 61 rather than 30 days, and hence were removed from
the total count and analyses to avoid confounding the outcomes.
Participants who completed the preparticipation survey with
sociodemographic data (age, gender, and race/ethnicity) or
whose sociodemographic data were obtained from eligibility
files allowed us to describe the sample. These two procedures
produced information resulting in age being calculated for
68.04% (n=5675) of the total sample (N=8341), with a mean
age of approximately 45 years, ranging from 20 to 79 years.
Self-reported data on gender was available for 48.09% (n=4011)
of the entire sample; the majority identified as female.
Self-reported race/ethnicity data were available for 12.42%
(n=1036) of the entire sample, with the majority identifying as
white, followed by “nonwhite,” and preferring not to answer.
Baseline demographics are presented in Table 1 organized by
completer status.
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Table 1. Demographics by completer status.
Characteristic

Did not complete both

Completers of pre and post

assessments (n=5934)

PSS-4a (n=2407)

Total (N=8341)

Age (years)

<.001

Responses, n

3509

2166

5675

Mean (SD)

44.3 (11.02)

46.3 (10.91)

45.1 (11.02)

Median (range)

44 (20-73)

47 (21-79)

45 (20-79)
.09b

Gender
Female, n (%)

1871 (81.24)

1413 (82.73)

3284 (81.87)

Male, n (%)

430 (18.67)

282 (16.51)

712 (17.75)

Prefer not to answer, n (%)

2 (0.10)

13 (0.76)

15 (0.37)

Missing, n

3631

699

4330

Race

a

P value

.67

White, n (%)

132 (65.7)

560 (67.1)

692 (66.8)

Nonwhite, n (%)

56 (27.9)

220 (26.3)

276 (26.6)

Prefer not to answer, n (%)

13 (6.5)

55 (6.6)

68 (6.6)

Missing, n

5733

1572

7305

PSS-4: Perceived Stress Scale-4.

b

Comparison based on male versus female.

Data Availability and Statistics
Usage of the eMindful Platform

once during an OPC. A greater proportion of participants
accessed only live sessions compared with those who accessed
only recorded sessions (Table 2).

An estimated 65.93% (n=5499) of the 8341 participants who
registered for an OPC engaged in a mindfulness session at least
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Table 2. Platform usage by completer status.
Usage metric

Did not complete both

Completed pre and post

assessments (n=5934)

PSS-4a (n=2407)

Total (N=8341)

Days (out of 30) used eMindful platform

<.001

N

5934

2407

8341

Mean (SD)

3.0 (5.6)

14.7 (10.7)

6.3 (9.1)

Median (range)

1.0 (0.0-30.0)

14.0 (0.0-30.0)

1.0 (0.0-30.0)

Number of live programs

<.001

N

5934

2407

8341

Mean (SD)

2.7 (6.0)

14.9 (14.8)

6.2 (10.9)

Median (range)

0.0 (0.0-127.0)

12.0 (0.0-151.0)

1.0 (0.0-151.0)

Days (out of 30) of live programs

<.001

N

5934

2407

8341

Mean (SD)

2.2 (4.6)

11.9 (10.2)

5.0 (8.0)

Median (range)

0.0 (0.0-30.0)

10.0 (0.0-30.0)

1.0 (0.0-30.0)

Number of recorded programs

<.001

N

5934

2407

8341

Mean (SD)

1.4 (4.8)

5.1 (10.9)

2.5 (7.3)

Median (range)

0.0 (0.0-139.0)

0.0 (0.0-122.0)

0.0 (0.0-139.0)

Days (out of 30) of recorded programs

<.001

N

5934

2407

8341

Mean (SD)

0.9 (3.1)

3.4 (7.0)

1.7 (4.7)

Median

0.0 (0.0-30.0)

0.0 (0.0-30.0)

0.0 (0.0-30.0)

Any eMindful use at all, n (%)

<.001

No

2588 (43.61)

246 (10.22)

2834 (33.98)

Yes

3346 (56.39)

2161 (89.78)

5507 (66.02)

Only used live programs, n (%)

<.001

No

4112 (69.30)

1411 (58.62)

5523 (66.22)

Yes

1822 (30.70)

996 (41.38)

2818 (33.78)

Only used recorded programs, n (%)

<.001

No

5345 (90.07)

2289 (95.10)

7634 (91.52)

Yes

589 (9.93)

118 (4.90)

707 (8.48)

Used both live and recorded programs, n (%)

a

P value

<.001

No

4999 (84.24)

1360 (56.50)

6359 (76.24)

Yes

935 (15.76)

1047 (43.50)

1982 (23.76)

PSS-4: Perceived Stress Scale-4.

Missing Data
As shown in Table 3, 92.49% (n=7715) of the 8341 registered
participants completed stress assessments prior to the OPC,
whereas 30.09% (n=2510) completed the postassessment.
Approximately one-quarter of the total sample (28.86%, n=2407)
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provided assessments both before and after their participation
in the OPC. Most of these completers engaged in the platform
at least once (89.78%, n=2161). Internal reliability on item-level
data of the PSS-4 was high (Cronbach α=.82). Table 3 also
presents perceived stress by completers and noncompleters.
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Table 3. Perceived stress by completer status and time points.
Stress assessment

Did not complete both

Completed both the pre and

assessments (n=5934)

post PSS-4a (n=2407)

Total (N=8341)

Preprogram stress level

<.001

N

5308

2407

7715

Mean (SD)

6.0 (3.1)

5.6 (3.0)

5.9 (3.1)

Median (range)

6.0 (0.0 to 16.0)

5.0 (0.0 to 16.0)

6.0 (0.0 to 16.0)

Postprogram stress level

.002

N

103

2407

2510

Mean (SD)

5.1 (2.5)

4.3 (2.7)

4.3 (2.7)

Median (range)

5.0 (0.0 to 11.0)

4.0 (0.0 to 16.0)

4.0 (0.0 to 16.0)
NAb

Stress reduction (difference from post to pre; negative value indicates stress reduction)

a

P value

N

0

2407

2407

Mean (SD)

NA

–1.3 (2.5)

–1.3 (2.5)

Median (range)

NA

–1.0 (–11.0 to –9.0)

–1.0 (–11.0 to –9.0)

PSS-4: Perceived Stress Scale-4.

b

NA: not applicable.

Engagement in Live and Recorded Training
Figure 1 shows that approximately 15% of completers engaged
every day and approximately 10% did not engage at all. Above

approximately 3 days of engagement, the rates of engagement
leveled off with some minor spikes at around 15 and 20 days
of engagement. Figure 2 shows a similar picture in the
engagement pattern for those using only live programs.

Figure 1. Days of mindfulness practice among completers.
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Figure 2. Completer engagement in live programs.

Use of recorded sessions presents a different story. As shown
in Figure 3, many participants did not engage with recorded
sessions at all (0 days: n=5652/8341, 67.76%), and for those
who did, there was a steep decline of usage across the days.

Most of those who used recordings at all (2689/8341, 32.22%)
tended to use them 3-4 times at most. The remaining number
of days using recordings was evenly scattered with a spike at
30 days (n=53 users).

Figure 3. Completer engagement in recorded programs.
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Sampling Bias

Change in Stress Levels

We constructed a linear mixed-effects model predicting the
PSS-4 score and examining completer status at baseline,
allowing for random intercepts of PSS-4 items within person.
Those who completed both pre- and post-OPC assessments
showed a tendency to have lower stress scores at baseline
measurement (B=–0.89, SE=0.02, t10,134.13=–5.09; P<.001).
This was a small but significant effect (Cohen d=–0.10). Given
this potential source of bias, we included completer status as a
control variable in all following analyses.

We next sought to examine the degree of change in stress from
pre- to post-OPC. We built upon the previous model’s
random-effects structure by allowing for random slopes by time
of measurement (pre- or post-OPC). We added time as a fixed
effect and included completer status as a control variable in the
model. We found a medium pre-post difference in stress levels
(B=–0.32, SE=0.01, t2393.25=–24.99; P<.001, d=–1.02). The
estimates are summarized in Table 4 and Figure 4, and detailed
model statistics are shown in Table 5.

Table 4. Fixed effects and their interactions on stress in the mixed-effects linear models.
Predictors

a

Model 1

Model 2

Model 3

Estimates, B (95% CI)

P value

Estimates, B (95% CI)

P value

Estimates, B (95% CI)

P value

Intercept

1.50 (1.48 to 1.52)

<.001

1.53 (1.50 to 1.55)

<.001

1.53 (1.50 to 1.55)

<.001

Time [Post]

–0.32 (–0.35 to –0.30)

<.001

–0.25 (–0.31 to –0.20)

<.001

–0.27 (–0.32 to –0.22)

<.001

Completer status

–0.10 (–0.13 to –0.06)

<.001

–0.06 (–0.10 to –0.02)

.002

–0.06 (–0.09 to –0.02)

.003

a

Days of mindfulness
(DoM)

—

—

–0.03 (–0.04 to –0.01)

<.001

—

—

Time×DoM

—

—

–0.03 (–0.05 to –0.01)

.007

—

—

Log of recorded days

—

—

—

—

–0.03 (–0.05 to –0.01)

.001

Log of live teaching days

—

—

—

—

–0.02 (–0.04 to –0.01)

.007

Time×log of recorded days —

—

—

—

0.02 (0.00 to –0.04)

.09

Time×log of live teaching
days

—

—

—

–0.03 (–0.05 to –0.01)

.002

—

Not included in model.

Figure 4. Linear mixed effects model of One Percent Challenge (OPC) usage controlling for completer bias.
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Table 5. Random effects on stress in the mixed-effects linear models.
Model statistic

Model 1

Model 2

Model 3

Variance (σ2)

0.43

0.43

0.43

Question: (Time:ID)

0.07

0.07

0.07

Time:ID

0.07

0.07

0.07

ID

0.36

0.36

0.36

0.54

0.54

0.54

Question

4

4

4

Time

2Time

2Time

2

ID

7281

7281

7281

Observations

40,984

40,984

40,984

Marginal R2/conditional R2

0.030/0.550

0.033/0.551

0.033/0.551

τ00

Intracorrelation coefficient
N

Impact of Days of Mindfulness on Stress Reduction
Days of mindfulness was highly positively skewed (skew=1.50;
D’Augustino test for skewness, z=41.69; P<.001). Thus, we
proceeded with a log-transformed version of the days of
mindfulness variable and its two contributors, days of live
sessions and days of recorded sessions, for all following
analyses. We added days of mindfulness and the interaction of
time point and days of mindfulness to the model to further
explore its potential moderating impact. This model explained
significantly more variance over and above the time point alone
(χ22=27.98, P<.001). In addition, this log-transformed model
explained the data better than the model that left days of
mindfulness untransformed (χ20=7.59, P<.001).
Days of mindfulness had an impact on the reduction of stress
over and above the general effects of engaging in the OPC
(B=–0.03, SE=0.01, t3277.22=–2.69; P=.007, d=–0.09). This
represents an approximate 2.9% decrease in stress per day of
mindfulness practice. Simply engaging in the OPC in some
form over the time period of the OPC reliably reduced stress,
and engaging over more days resulted in greater improvement.
There was also some evidence that, accounting for all of these
effects, individuals who were relatively less stressed overall
were more likely to engage in more days of mindfulness
(B=–0.03, SE=0.01, t12,278.50=–3.49; P<.001, d=–0.06; see Table
4).

Relative Impact of Live Versus Recorded Programs
on Stress Reduction
Breaking down days of mindfulness into days of live programs
and days of recorded programs increased the explanatory power
of the model (χ22=9.06, P=.01). Participation in live programs
drove decreases in stress (B=–0.03, SE=0.01, t3258.61=–3.03;
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P=.002, d=–0.11), whereas participation in recorded classes did
not (B=–0.02, SE=0.01, t3908.17=1.79; P=.07, d=0.06; see Table
4). Participating in a live class resulted in a 3.1% reduction in
stress.

Impact of Participant Demographics
To examine the additional impact of participant demographics,
we removed those who reported that they would “Prefer not to
respond” in response to gender (n=120) or race (n=544). We
then removed a cluster of participants whose age was listed as
“99” (n=24). This was notably above the next maximum
reported age of 79; therefore, these responses were deemed
spurious. Given the proportions in the sample, race was coded
as anyone selecting “white” alone and those who selected
anything else, including other options among “white.” We
pretested each demographic variable for differences in completer
status to determine if there were additional sampling biases (see
Table 6). Of these, women were marginally more likely to
complete both time points of measurement (P=.09), and
therefore we included the interaction of gender and completer
status in the model to be conservative.
As shown in Table 6, we added the demographic variables to
our previous model to evaluate their impact at baseline and their
influence on change in stress over and above completer status
and days of participating in live sessions or recorded sessions.
Older participants had less stress at baseline (0.9% decrease in
stress per year of age), with no clear difference in change in
stress by age. Nonwhite participants had more stress at baseline
(approximately 20.6% higher), but experienced greater
reductions in stress from pre- to post-OPC (approximate 15.3%
greater reduction) such that they had similar stress levels to
those of the white participants post-OPC (who themselves
experienced gains). The model statistics are summarized in
Table 7.
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Table 6. Demographic predictors of change in stress.
Predictors

Estimates, B (SE)

95% CI

P value (df=6893)

Intercept

1.91 (0.13)

1.66 to 2.17

<.001

Time [post]

–0.33 (0.11)

–0.56 to –0.11

.003

Completer status

–0.02 (0.05)

–0.12 to 0.07

.60

Gender [male]

0.18 (0.12)

–0.05 to 0.42

.12

Log of recorded days

–0.05 (0.02)

–0.08 to –0.02

.002

Log of live teaching days

0.00 (0.02)

–0.03 to 0.04

.86

Age

–0.01 (0.00)

–0.01 to 0.00

<.001

Race: Nonwhite

0.19 (0.06)

0.07 to 0.30

.001

Completer×Gender [male]

–0.25 (0.12)

–0.48 to –0.02

.03

Time×Log of recorded days

0.00 (0.02)

–0.03 to 0.03

.99

Time×Log of live teaching days

–0.06 (0.02)

–0.09 to –0.02

.006

Time×Gender [male]

–0.01 (0.05)

–0.11 to 0.10

.87

Time×Age

0.00 (0.00)

0.00 to 0.01

.06

Time×Nonwhite

–0.14 (0.05)

–0.24 to –0.04

.006

Table 7. Random effects of the model including demographic factors to predict changes in stress levels.
Model statistic

Value

σ2

0.42

τ00
Question:(Time:ID)

0.08

Time:ID

0.05

ID

0.27

Intracorrelation coefficient

0.48

N
Question

4

Time

2

ID

703

Observations

6911

Marginal R2/conditional R2

0.050/0.509

Discussion
Principal Findings
This study is the first to explore the relative contribution of live
and recorded online mindfulness training to the reduction of
stress. In this study of participants in the eMindful OPC,
completers demonstrated a reduction in stress across their 30
days of participation with a medium effect size per Cohen d
(95% CI 0.54-0.63). This is consistent with multiple
meta-analyses of RCTs examining the impact of online
mindfulness programs on perceived stress [3,29]. Perhaps more
importantly, this is the first paper to report that participants’
use of live teaching clearly drives the effects on stress reduction.

live teaching and supplemented with recordings demonstrated
the greatest effects, with an average improvement of 1.23 points
on the PSS-4. Similarly, participating in only live teaching
during the OPC conferred a smaller, but significant, reduction
in stress. Although using only recorded programs or “on
demand” content for practice did not reduce stress, the use of
recordings did serve an important function. On average,
participants used recordings only a handful of times across the
month, suggesting that this minor usage is sufficient to
supplement a regular daily mindfulness practice. Notably,
running this same model using pure attendance numbers rather
than days of practice did not show effects, indicating that
changes in stress are more related to regular daily practice than
the number of practices completed.

First, participating at all in eMindful OPC services is beneficial
from a stress reduction perspective. Moreover, those who used
https://www.jmir.org/2022/1/e31935
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Second, in addition to benefits occurring from participating at
all in the OPC, our data confirm that the more days one
practices, the better. Stress reduction occurred in our sample
from participating at all, and the remaining distance toward
enduring change occurred at a rate of approximately 2.9%
reduction per day of practice.

Why Might Live Online Teaching Drive Stress
Reduction?
It makes intuitive sense that live programs would drive stress
reduction, as the social component of live teaching, group
discussion, and the importance of processing personal
experiences are all critical elements in adult learning,
particularly for higher-order thinking skills [2]. To sort through
the high volume, rapidly changing, and often contradictory
information coming at employees on a daily basis, higher-order
thinking skills are imperative. In fact, such skills are thought to
better prepare individuals to manage change than any knowledge
or skill set: “The need to provide a highly educated, skilled
workforce capable of providing solutions to 21st century
challenges and issues has never been greater” [36]. The
education literature can provide a better understanding of this
phenomenon.
In academia, studies of online learning have mostly focused on
learning through asynchronous platforms where participants
access resources such as recorded lectures, readings, quizzes,
and discussion boards at their convenience [37]. With the rapidly
evolving technology of webcams and microphones to allow
real-time participation, synchronous online learning has been
increasing. Although there are still few studies on the topic, the
research performed to date shows that participants indicate that
any possible frustration with the technology itself is overridden
by the convenience of synchronous online learning [37]. This
literature will likely evolve rapidly given the move from offline
to online education in a short period during the COVID-19
pandemic [38], which will hopefully provide even greater insight
into online learning.
The peer-reviewed literature on the effectiveness of online
learning to date can help explain why the live teaching
component is the driver of our outcomes. Researchers of online
learning have long supported the value of social interaction as
a crucial element in the learning process [39]. Despite some
equivocal evidence, successful synchronous courses provide
opportunities for participants to share experiences and interact
with others. This opportunity is not available in recorded
programs or on static apps. Live teaching allows for peer-to-peer
as well as peer-to-instructor interaction, a crucial element in the
learning process. Research shows that peer-to-instructor
interaction remains strong in online synchronous learning,
sometimes superior to in-person learning, and that there is
greater variability regarding peer-to-peer interaction [37]. The
quality of peer-to-peer interaction depends in part on the
program’s use of polling and chats in addition to microphones
that allow participants to express their thoughts and experiences.
Learning theory clarifies that adults use personal life experiences
as a framework for all subsequent learning [40]. Processing
their mindfulness experiences together in class provides
opportunities for participants to connect to their current learning.
https://www.jmir.org/2022/1/e31935
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This cognitive scaffolding is crucial for higher-order thinking
and occurs through interaction.
Only synchronous online programs allow for discussion with
others in the class as well as with the instructor. Since
participants are processing their own experiences in real time,
each comment can shift the direction of thinking in another
person. Owing to this constant shifting, individuals tend to reach
higher levels of thinking as they respond to each other’s
statements [39]. Discussion and group input thus invite
individuals to reach higher levels of thinking, which may be
important in navigating the constant change and uncertainty
required in today’s world.
The education literature can provide more information regarding
adult learners. There is also a wide range of participant
confidence in contributing online, with some feeling less
confident to contribute online versus in person and others
expressing more confidence to contribute online [37]. Whether
use of the online synchronous classroom tends to engender more
or less confidence in participating may depend on the level of
interactive opportunities the program provides. When there is
reduced interaction online versus in person, a likely explanation
has to do with how technology is used within sessions. The
technology has developed to allow for considerable peer-to-peer
interaction, with features such as polls, surveys, and breakout
rooms; however, in practice, the interactive technology is not
always used to its full potential. Ng and Jeffery [41] found that
teachers using new software tended to stick to the traditional
didactic lecture style of teaching, estimating that they devoted
a quarter of the time to interactive activities online than they
would in a comparable classroom. Fortunately, the competitive
nature of the corporate world has demanded creative methods
of engagement from onboarding through delivery of each
session. OPC sessions employ a small didactic nugget with
inquiry that invites participants to place the lesson in daily
context. Most of the session time is focused on experiential
learning, community practice, and processing the experience.
Observations from the industrial organizational literature also
support the importance of a live teacher. In studies on
performance feedback, researchers note the importance of
learners perceiving “social presence,” a sense of human warmth
and being with another person [42]. In addition to influencing
the perceived utility of feedback systems in learning, social
presence appears to be particularly important in distance-based
learning [42]. Not surprisingly, human feedback is perceived
as having greater warmth and sense of closeness than
machine-generated feedback. Similarly, the richer the feedback
media (eg, containing visual and auditory input), the greater the
perceived social presence as it contains greater social cues [42].
Similar observations have been demonstrated in the behavioral
change literature. For example, both human-generated email
feedback and computer-tailored feedback to participants in a
weight loss trial appeared to have the same impact at 3 months,
but only the improvement from the human-generated email
group was maintained at 6 months [43,44]. The use of recorded
practices and computer-tailored models is likely to be quite
nuanced. It is clear that multiple variables impact behavior
change and learning outcomes from online participants, such
as the education of participants [44]. The education literature
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also shows the potential impact of age on one’s preference for
live online versus recorded teaching. Depending on the context,
student preferences for recorded training versus live online
training have been noted, particularly for older students in
situations of content learning [45]. Our results did not show age
as a moderator of our finding that the live programs,
supplemented by on-demand sessions, is what drove the
reduction in stress.
Although eMindful’s focus has been live teaching through a
virtual classroom, the company developed an app and recorded
options for daily use on the platform to further support practice.
Our findings suggest that participants obtained the most benefit
when using the on-demand options as a supplement to support
live practice. This effect has been detected in at least one other
trial as well. In an RCT comparing participants with access to
daily guided meditations to participants who had the same access
but also received a 1-hour web-based live training session for
6 weeks, Wahbeh and Oken [46] showed that usage of the live
web platform increased daily meditation practice.

Limitations of the Study
This study has several limitations that should be considered in
weighing the findings. First, the sample for this study came
from a large pool of participants in a particular program (the
OPC) at a single mindfulness training company. Hence, it is
unclear if the findings would generalize to other programs in
the company or to other companies. Second, there is a
considerable amount of missing data in the sample. Analyzing
data from corporate programs is inherently challenging, since
each corporate client dictates the data to be collected, providing
considerable nonrandom variability. For example, missingness
for sociodemographic data is a result of when the participants
enrolled, the processes at eMindful at the time, and each
organization’s preferences. Hence, the demographics provided
cannot be assumed to be a random representation of the entire
database, or of corporate employees in general. Similarly,

Wolever et al
missingness for outcomes data appears to be nonrandom, making
it extremely important that the analyses allowed for potential
sources of bias. Fortunately, our analyses did take potential
sources of bias into consideration. Completers showed a
0.045-point lower pre-OPC stress level compared with that of
noncompleters. This completion bias suggests that
noncompleters were slightly more stressed. Based on these data,
we would expect that if these noncompleters did complete both
pre- and post-OPC measures, the effects observed on outcomes
would only increase. However, this may depend on engaging
them more in services. Per these analyses, if all people who
engaged in services completed both surveys, we may reasonably
assume that the models presented regarding the reduction of
stress are conservative estimates of the potential of the OPC to
reduce stress. Finally, the baseline rates of using recorded
sessions were much lower than those of using live sessions. We
do not know what impact this had on our results. We attempted
to account for this bias by analyzing log-transformed variables
and including the effect of engaging in recorded sessions at all.
Although our findings may speak to ecologically valid situations,
the field would benefit from additional study of well-controlled
comparisons of recorded versus live sessions that compel equal
dosage in a randomized fashion.

Conclusion
Participation at all with the eMindful OPC reduced stress, and
live online teaching drove this outcome. Regular practice across
the month led to an even greater reduction in stress. The use of
recorded or on-demand offerings to supplement live practices
conferred the strongest likelihood of achieving a clinically
significant change in stress levels. Our findings are in stark
contrast to the rapid evolution of online mindfulness training
for the workplace. Specifically, the market is reproducing apps
and recorded teaching at an unprecedented pace, whereas our
results demonstrate that live teaching leads to greater stress
reduction.
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Abstract
Background: International guidelines consistently endorse the promotion of self-management for people with low back pain
(LBP); however, implementation of these guidelines remains a challenge. Digital health interventions, such as those that can be
provided by smartphone apps, have been proposed as a promising mode of supporting self-management in people with chronic
conditions, including LBP. However, the evidence base for digital health interventions to support self-management of LBP is
weak, and detailed descriptions and documentation of the interventions are lacking. Structured intervention mapping (IM)
constitutes a 6-step process that can be used to guide the development of complex interventions.
Objective: The aim of this paper is to describe the IM process for designing and creating an app-based intervention designed
to support self-management of nonspecific LBP to reduce pain-related disability.
Methods: The first 5 steps of the IM process were systematically applied. The core processes included literature reviews,
brainstorming and group discussions, and the inclusion of stakeholders and representatives from the target population. Over a
period of >2 years, the intervention content and the technical features of delivery were created, tested, and revised through user
tests, feasibility studies, and a pilot study.
Results: A behavioral outcome was identified as a proxy for reaching the overall program goal, that is, increased use of
evidence-based self-management strategies. Physical exercises, education, and physical activity were the main components of
the self-management intervention and were designed and produced to be delivered via a smartphone app. All intervention content
was theoretically underpinned by the behavior change theory and the normalization process theory.
Conclusions: We describe a detailed example of the application of the IM approach for the development of a theory-driven,
complex, and digital intervention designed to support self-management of LBP. This description provides transparency in the
developmental process of the intervention and can be a possible blueprint for designing and creating future digital health
interventions for self-management.
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Introduction
Low back pain (LBP) is well-documented as one of the most
common reasons for activity limitation, sick leave, and disability
[1-4]. Clinical guidelines for LBP consistently endorse patient
education, general physical activity, exercise, and the promotion
of core self-management components of frontline care [5-9].
However, implementation of self-management may be
challenging, perhaps because of its multifaceted complex nature,
with several interacting components and health care settings.
Therefore, new effective ways of delivering supported
self-management for people with LBP are needed.
Digital health interventions (DHIs), such as those that can be
provided by smartphone apps, have been proposed as a
promising mode for supporting self-management in people with
chronic conditions [10]. In a recent systematic review on the
use of DHIs for supporting self-management of LBP, we found
that the literature was heterogeneous in terms of reporting
intervention details, making it difficult to understand what might
work best, for whom, and in what circumstances [11]. The
descriptions of the intervention development and use of theory
were either brief or completely lacking in all the included
studies, and the evidence base for DHIs to support
self-management of LBP was weak [11]. In another systematic
review, Garg et al [12] found that web-based interventions for
supporting individuals with LBP were useful. In particular,
interventions that offer feedback or tailoring based on user
responses and elements from cognitive behavioral therapy seem
to be beneficial; however, the effectiveness of DHIs in
supporting self-management of LBP remains unclear [12]. A
systematic review of smartphone apps for self-management of
LBP concluded that researchers, health care professionals
(HCPs), people with LBP, and app developers need to work
closely together to develop DHIs that are accurate,
evidence-based, and engaging [13]. Structured intervention
mapping (IM) provides a well-defined framework for the
development, implementation, and evaluation of interventions
by integrating the target population and stakeholders in the
process [14]. Using IM for development also fits with the
Medical Research Council framework for evaluation of complex
interventions [15] and CONSORT-EHEALTH (Consolidated
Standards of Reporting Trials of Electronic and Mobile Health
Applications and Online Telehealth) [16] guidelines for
reporting DHIs. One of the issues emphasized by
CONSORT-EHEALTH is that a detailed description and
documentation of the intervention is required to fully understand
its effectiveness [16]. The stepwise process of IM provides just
that, and it has previously been used to develop and adapt
evidence-based self-management programs in other settings
[17,18]. selfBACK [19], a case-based reasoning (CBR) DHI,
which is delivered as an app, is designed to improve the
self-management of nonspecific LBP to reduce pain-related
https://www.jmir.org/2022/1/e26555

XSL• FO
RenderX

disability. The selfBACK app provides weekly tailored
self-management plans (SMPs) targeting physical activity,
strength and flexibility exercises, and education. In addition,
the app also provides access to a variety of tools and information
on the management of LBP that the participants can use at their
convenience. A randomized controlled trial (RCT) is examining
the effectiveness of the intervention as an add-on to usual care
[20]. The aim of this paper is to describe the IM process used
to design and create selfBACK.

Methods
IM Approach
IM is a 6-step process for the development, implementation,
and evaluation of an intervention; however, here we have
described just 5 steps as step 6, the planning of the evaluation
of the intervention, is published as a protocol for an RCT [20]
alongside an implementation and process evaluation protocol
[21]. Each step comprises several tasks, which, once completed,
inform the next step, as detailed by Bartholomew et al [14]. The
IM approach considers the target population, its surrounding
environment, and the persons in that environment who might
influence the target population. It aims to facilitate participation
and consultation of stakeholders and provides a structure for
the integration of theory, findings from empirical literature, and
information collected from the target population. Throughout
all the steps of the development phase, we used core processes
(ie, posing questions, brainstorming, reviewing empirical
literature, reviewing theories, assessing needs for new data, and
developing a working list of answers) as the underlying methods
[14].

Step 1: Logic Model of the Problem
First, we established a planning group comprising partners from
both clinical and research backgrounds and those with expertise
in app development and health innovation management. The
planning group comprised physiotherapists, chiropractors,
physicians, exercise physiologists, behavioral scientists,
computer scientists, and app designers.
We conducted a needs assessment from a societal and user
perspective as a response to a European Union Horizon 2020
program calling for “self-management of health and disease
and decision support systems based on predictive computer
modelling used by the person him or herself.” To meet the
criteria in the call, the project aimed solely for an intervention
targeting individuals with LBP and not their surrounding
environment or the persons in that environment. The needs
assessment was informed by 2 systematic literature reviews
[11,22] that we conducted on digital interventions for supporting
self-management of LBP, reviews of clinical practice guidelines,
extensive supplementary literature searches on factors associated
with LBP and self-management, interviews with patients with
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LBP and HCPs, clinical experience, and group discussions in
the planning group.
The process resulted in a logic model of the problem that
mapped personal determining factors of LBP self-management,
adverse behavior in relation to self-management and how that
behavior affects LBP and associated health issues, and, finally,
the impact on quality of life. Subsequently, based on
recommendations from the LBP literature and previous
experiences within the planning group with interventions
targeting LBP, the overall program goal of the intervention was
formulated.

Step 2: Program Outcomes and Objectives—Logic
Model of Change
The program outcomes were formulated based on the scrutiny
of systematic reviews, overview papers, expert opinion papers
on core outcome domains, and outcome measures used in
previous LBP interventions. To identify behavior-related
outcomes, we consulted the literature on behavior change theory
related to pain, pain-related disability, and self-management.
We also used information from the 2 systematic reviews that
we conducted on digital interventions to support
self-management of LBP [11,22]. Building on the results from
step 1 and an examination of the literature, a logic model of
change specifying the outcomes and objectives was developed.
The model included a definition of the change in behavior
needed for improvement in LBP (behavioral outcomes) and
detailed specifications of what people with LBP need to do to
perform that behavior (performance objectives). Finally, a matrix
pairing the performance objectives with the determining factors
of LBP self-management identified in step 1, with positive
statements about what needs to occur to achieve the performance
objectives (change objectives [14]), was created.

Step 3: Program Design
In step 3, the intervention concepts were outlined in an iterative
process of matching relevant behavioral change theory to the
practical application ideas. Clinical practice guidelines and their
accompanying patient leaflets, as well as pain management
websites deemed to originate from trustworthy sources, were
reviewed to outline the intervention content. The choice of
specific physical exercises and educational content was
determined in a parallel process with the GLA:D Back project,
a group education and exercise program that translates guideline
recommendations into a clinician-delivered package for the
promotion of self-management in people with persistent or
recurrent back pain [23]. A psychologist provided feedback on
the educational content. The process of identifying theories of
behavior change that would guide the choice of methods and
practical applications of these methods was informed by the
review of behavior change theory from step 2 and the extensive
experience with trials on self-management of LBP among the
planning group. Parts of the interviews conducted for step 1
provided valuable information on users’ needs and wishes
regarding the self-management app. We also purposefully
reviewed the literature on practical ideas for enhancing
engagement with the app, for example, as gamification and
notification systems. For all determinants and performance
objectives, theoretically underpinned behavior change
https://www.jmir.org/2022/1/e26555
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techniques were chosen, and the practical application of each
technique was brainstormed, discussed, and refined by the
planning group. The outcome of this third step was an outline
of the intervention themes, components, and sequences of the
intervention.

Step 4: Program Production
All technical and practical features of delivering the selfBACK
intervention through a smartphone app and the participant
documents for use in the RCT study were created in step 4
[24,25]. Throughout the production process, brainstorming
sessions and workshops among planning group members for
production of content were held continuously, and technical
solutions for running the digital intervention (ie, tailored
decision support for self-management using artificial
intelligence) were developed, tested, and refined. Furthermore,
the user interface was designed, starting with wireframes, visual
identity and design, and functional requirements. Before we
designed the app’s visual identity, we performed a search of
existing apps on Google Play and the Apple App Store. The
apps were qualitatively evaluated using Apple Human Interface
Guidelines, Apple Research Kit, and Google’s Material Design.
These guidelines are considered state-of-the-art documents and
trendsetters in app design. As part of the design process, we
created fictional characters (personas) based on the literature
scrutiny from the previous steps and the interviews conducted
in step 2. The personas helped the app developers understand
the needs, experiences, behaviors, and goals of patients with
LBP and guide the design process. The user journey map was
matched with the personas. This map served as a blueprint for
the design and development phases of the app. The map depicted
an overview of the journey that a user would embark on from
experiencing LBP for the first time to finding an individual
solution to their pain and how that journey may be guided
toward using the selfBACK app.
A total of 2 feasibility studies with target population participants
were conducted: 1 in the United Kingdom and 1 in Norway.
The UK feasibility study (n=16) was conducted to explore the
feasibility and acceptability of the baseline questionnaire,
physical activity monitoring, and feedback strategies with a
prototype app, whereas the Norwegian feasibility study (n=10)
tested the full intervention with an early version of the
selfBACK app [26]. In both the UK and Norwegian feasibility
studies, we applied quantitative and qualitative methods to
inform further development of the intervention. Simultaneously,
app prototypes were tested by the planning group members and
external users conducted both as group sessions and as real-time
tests of app use in consecutive periods (n=65 female, 60 male).
Finally, a pilot study in Denmark and Norway (n=51) was
conducted using a complete version of the app to test recruitment
and screening procedures and inform the design of the effect
and process evaluation [27]. Intervention content was developed
and continually refined in an iterative process over a period of
>2 years. To ensure consistency throughout the app content and
the trial documents, everything was first completed in English
and then translated to Danish and Norwegian (settings for the
RCT study).
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Step 5: Implementation Plan
The plan for the implementation and adoption of the selfBACK
app was based on the results from previous steps, the pilot study,
and theory, taking into account both behavior change and
implementation theories, to improve the likelihood of embedding
the DHI into daily routines. The program use outcomes
(adoption and implementation) were specified. The selfBACK
app targets care-seeking patients; therefore, it was necessary to
also consider the adoption of the selfBACK app from the
recruiting HCPs’ perspective. We used normalization process
theory (NPT) to identify determinants of adoption and
implementation and linked them to each performance objective.
Finally, a matrix was created by planning the group discussions.
We used behavior change techniques (BCTs) to convert the
change objectives into practical strategies. Recruitment material
for patients with LBP (app users) and recruiting clinicians was
produced together with a plan of how to attract both groups to
the project. Procedures for the recruitment of and initial and
sustained contact with the HCPs were established, as well as
the procedures for inclusion, screening, randomization,
follow-up, and evaluation of the app users [20].

Results
Step 1: Logic Model of the Problem
In step 1, we interviewed 8 patients with LBP (5 [63%] men
and 3 [27%] women) about their experience with treatment of
LBP and how they usually self-managed their LBP. From these
interviews, we identified and prioritized not following
evidence-based self-management strategies as the most
important changeable, adverse behavioral factor contributing
to poor outcomes for people with LBP. This behavior is believed

https://www.jmir.org/2022/1/e26555

XSL• FO
RenderX

Svendsen et al
to be affected by the following personal determining factors:
not being aware of ways of self-managing LBP (lack of
knowledge and awareness); not possessing skills or being
insecure about the ability to self-manage LBP (low self-efficacy);
or fearing an increase in pain when doing physical activities
(fear-avoidance behavior and catastrophizing), negative
expectations about the course of LBP (low outcome
expectations), and challenges encountered when trying to fit
self-management strategies within the context of daily life (low
motivation). In addition, the 2 interviewed HCPs reported that
many patients relied on HCPs to cure their pain and that getting
people to change their perception of how best to manage LBP
(eg, avoid bed rest and stay active) was one of the biggest
problems for HCPs (patients’ lack of knowledge and low
self-efficacy). Convincing people that simple at-home body
weight exercises and not gym memberships could be helpful
was also challenging (low motivation). All of this informed a
logic model of the problem from the target population’s
perspective. Subsequently, the planning group decided that the
overall program goal was to improve the self-management of
nonspecific LBP to reduce pain-related disability. The personal
determinants were knowledge and awareness, skills, fear
avoidance and catastrophizing, self-efficacy, and motivation
and outcome expectations.

Step 2: Program Outcomes and Objectives—Logic
Model of Change
In this step, we created a matrix specifying the intended
behavioral change expected to result from selfBACK
intervention. The result was a schematic representation of what
patients with LBP needed to do to reach the overall objective
of self-managing their LBP, as exemplified in Table 1.
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Table 1. Extract of the matrix of change objectives for the following behavioral outcome: To increase use of evidence-based self-management strategies.
The full matrix is available in Multimedia Appendix 1 (Table S1).
Behavioral outcomea

Personal determinants
Knowledge and
awarenessb

Skillsc

Fear avoidance and
catastrophizingd

Self-efficacye

Motivation and outcome expectationsf

POg 1: Accept self-management as treatment strategy for LBPh and make the decision to self-manage LBP with support from selfBACK
app
Change objectives

•

•

Identify positive Demonstrate ability to •
characteristics of operate selfBACK
self-management app
and negative
characteristics of
provider dependent behavior
List examples of
self-management
of LBP

Recognize fear- Express confidence in •
ful thoughts and the ability to operate
negative thinking selfBACK app
in relation to
self-management
•

Express positive
feelings or
thoughts about
engaging in selfmanagement of
LBP
Expect that selfmanaging will
ease living with
LBP and achieving life goals

POg 14: Integrate self-management strategies for LBPh into daily life
Change objectives

•

List ways to integrate self-management of LBP
into daily routines

Demonstrate ability to •
schedule self-management into daily routines

•

a

Recognize fearful and negative
thoughts and
feelings in relation to integrating self-management into daily
routines
Recognize own
fear-avoidance
behavior in relation to integrating self-management into daily
routines

Express confidence in •
the ability to integrate
self-management of
LBP into daily routines
•

Express positive
feelings or
thoughts about
integrating selfmanagement into
daily routines
Expect that integration of LBP
self-management
will lead to a
healthier, better
life

Increase use of evidence-based self-management strategies.

b

Increase knowledge of self-management behavior.

c

Develop ability to engage in self-management behavior.

d

Reduce fear or negative expectancies about engaging in self-management behavior.

e

Improve perceived ability to uptake and engage in self-management behavior.

f

Improve autonomous motivation to engage in self-management behavior and improve expectations to the outcome of self-management behavior.

g

PO: performance objective.

h

LBP: low back pain.

Step 3: Program Design
Core Components
Using evidence for the 3 main intervention components from
clinical guidelines [5-8,28-31] and studies on management of
LBP [32], as well as patient leaflets from the National Institute
for Health and Care Excellence [33-41] and LBP management
websites [42-45], three overall themes emerged: physical
exercise, education, and physical activity.
Physical Exercise
Guidelines de campo [28,46] and systematic reviews on LBP
treatment [47-53] endorse physical exercises for the management
of persistent LBP. There is no evidence that any one type of
exercise is better than others; however, strength training and
https://www.jmir.org/2022/1/e26555
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motor control exercises are most commonly used [54,55].
Exercises for flexibility that aim to restore or improve the range
of motion of the lumbar spine are also often part of programs
to alleviate LBP [47,48,53]. In addition, reviews on motor
control exercise support another type of exercise, pain relief,
as being effective to support management of pain
[47,50,52,53,56]. These exercises comprised movements
performed in the midrange and without strong muscle
contractions to facilitate controlled and smooth movements.
The amount of exercise was not always clearly described in
RCTs; however, longer durations of exercise periods and heavier
training seemed to be more effective in reducing back pain
compared with shorter exercise periods and lighter loads [57].
The American College of Sports Medicine recommends 2 to 3
weekly sessions for muscle training at 60%-70% of 1 repetition
J Med Internet Res 2022 | vol. 24 | iss. 1 | e26555 | p.505
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maximum for beginners and 80% or 1 repetition maximum, sets
of 8 to 12 repetitions for strength and power, and >15 for
endurance for those who are more experienced [58]. To maintain
a good range of motion, flexibility exercises to the end range
are recommended 2 to 3 days a week, held for 30 seconds, and
repeated 2 to 4 times [58]. As the literature does not clearly
indicate the most effective exercises, we chose to design
individually tailored exercise programs based on, for example,
symptoms, preferences or fitness levels, and exercises aimed at
pain control or pain reduction, improved motor control, strength,
and flexibility. Consequently, exercises included in the
selfBACK exercise bank were categorized into six different
targets: (1) flexibility exercises, (2) pain-relieving exercises in
addition to strength exercises, (3) back extensors, (4) gluteal
and hip muscles, (5) abdominal muscles, and (6) core muscles.
The organization of exercises by their target, rules for
progression, or regression between exercise levels were guided
by consensus discussions among experienced clinicians and
researchers, physiological reasoning, and clinical experience.
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Education
A cognitive behavioral approach to patient education revolving
around teaching or promoting pain coping skills such as activity
pacing and progression guidance, goal setting and action
planning, and mindfulness techniques [30], as well as
reassurance about the prognosis of LBP [31], was recommended
by the guidelines [28,29,31]. Furthermore, we chose education
that comprised information about the condition, consequences
and management, discouragement of bed rest, and advice to
stay physically active. Our systematic reviews, conducted in
step 1, also highlighted the importance of providing support
that was easy for a user to integrate within the many competing
activities of their daily lives [11,22]. Themes in relation to
education, which were extracted from the guidelines [5-8,28-30],
patient leaflets [33-41], and pain management websites [42-44],
were organized under the main and subthemes, as presented in
Textbox 1.

J Med Internet Res 2022 | vol. 24 | iss. 1 | e26555 | p.506
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Svendsen et al

Textbox 1. Main themes and subthemes of the educational content.
First aid for acute back pain
•

First aid reassurance

•

First aid stay active

Fitting self-management into your daily life
•

Daily activities

•

Me time

General information about low back pain
•

Cause of low back pain

•

Guidelines low back pain

•

Imaging

•

Pain rating

•

Reassurance

•

Start exercise

•

Stay active

•

Structure of back

How body and mind are connected
•

Mind–body connection

How thoughts, behavior, attitudes, and feelings affect low back pain
•

Accepting pain

•

Anxious thoughts and feelings

•

Attitude

•

Changing negative thoughts

•

Distraction

•

Distress

•

Fear avoidance

•

Stress

•

Thoughts

How to overcome barriers for self-management of low back pain
•

Barrier facilities

•

Barrier family and work

•

Barrier time

•

Barrier tiredness

•

Barrier support

•

Barrier weather

How to practice mindfulness for low back pain
•

Mindfulness

How to reach your goals
•

Pacing

How to seek social support
•

Family and friends
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Work

How to set specific, measurable, achievable, realistic, and timely (SMART) goals
•

Action planning

•

Goal setting

How to sleep better at night
•

Sleep tips

How to solve problems
•

Problem solving

Low back pain and other medical conditions
•

Anxiety

•

Depression

•

Musculoskeletal pain

•

Sleep problems

Self-manage your low back pain
•

Encouragement to self-management

Physical Activity
The importance of physical activity has been recognized as a
prime strategy in guidelines for self-management of LBP,
including advice to stay active and at work, as well as
discouragement of bed rest [5-8,28-30]. This has, to a large part,
been based on the deconditioning model of LBP [59]; that is,
patients with LBP may be restricted in the performance of
everyday physical activities. Consequently, they risk developing
an inactive lifestyle, and a vicious circle may then gradually
develop. The recommended daily step count was based on the
general recommendations for physical activity [58]. A minimum
step count goal of 3000 per day was chosen to reflect the fact
that participants may have functional disabilities that affect their
physical activity level. Optimally, users should reach 10,000
steps per day [58,60].

Outline of Intervention App Design
The blueprint of the selfBACK intervention content that is
incorporated in the selfBACK app is shown in Figure 1. Weekly
SMPs with content from the three main intervention components
are outlined as follows: (1) a bank of physical exercises; (2) a
bank of educational messages and quizzes; and (3) physical
activity registration in terms of step counts, together with an
accomplishment-based motivational notification system. The
bank of physical exercises has 59 strength and flexibility
exercises organized in 5 targets with up to 6 difficulty levels
and 11 additional pain relief exercises. Instructions for each
exercise were provided in text and video formats, with real-life
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models demonstrating the exercises (no audio). Exercise sessions
were recommended to be performed 3 to 5 times a week. The
default program comprised 3 exercises constituting 15 minutes
per session. An exercise could be swapped with another chosen
by the system based on the participants’ reason for swapping
(eg, exercise too difficult or easy, pain when performing, or
unclear instructions). The educational material comprised daily
messages or quizzes and a toolbox. Messages and quizzes were
structured under the 14 main themes with up to 9 subthemes
identified in step 2 (Textbox 1). Short messages (<140
characters) were followed by an optional long message
(maximum 500 characters), which included a more thorough
explanation. Quizzes with yes or no answers were followed by
the correct answer and an explanation. When applicable, the
messages were accompanied with a link to a toolbox item with
additional content to support self-management, that is,
interactive tools (goal setting or bedtime reminder), mindfulness
audios, and an explanatory text about how LBP,
self-management, and the selfBACK app were connected.
Additional toolbox items included 2 libraries with all previous
physical exercises and educational messages or quizzes and
advice on handling LBP relapse. Physical activity (step count)
was tracked using a wearable device (Mi Band 3, Xiaomi Corp)
connected to the app via Bluetooth. Daily, weekly, and monthly
accomplishment of steps were graphically available to the
participant. On the basis of their accomplishments, motivational
notifications (motifications) encouraged participants to reach
their daily step count goal.

J Med Internet Res 2022 | vol. 24 | iss. 1 | e26555 | p.508
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Svendsen et al

Figure 1. Outline of the selfBACK intervention. Tailoring questions presented in Sandal et al [20]. LBP: low back pain.

Furthermore, the app had five cross-component features:
•
•

•

•

•

A calendar function allowed users to access content and
see accomplishments from the first day of using the app.
Dots that gradually filled up as the daily goals were reached
displayed the accomplishment level. On days where all 3
goals were reached, a gold star replaced the dots.
A statistical summary showed the distance walked and
number of messages read, quizzes answered, and exercises
performed since the start of using the app.
General and component-specific rewards were unlocked
once the users performed the goal. For example, reaching
all daily goals for the first time gave a reward. The next
levels were 3, 7, and 14 times; another example was the
number of steps in total, where the first reward was at
50,000 steps, followed by 100,000, 200,000, and 800,000
steps.
Notifications motivated users to engage with the app but
could be turned off by the user. Examples of these
motifications were “Fantastic performance today! Achieved
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your step count goal!” and “You’re more than half way to
your step-count goal. Taking the stairs instead of the lift
can really help towards your step count goal.”
Tailoring of SMPs to individual participants was based on data
from four sources: (1) the baseline questionnaire [20]; (2) the
participant’s achievement of physical exercises in the preceding
week; (3) the participant’s achievement of steps in the preceding
week; and (4) weekly tailoring of question and answer sessions
with a changing selection of questions from the baseline
questionnaire [20], the participant’s indication of time available
for physical exercise per session, the participant’s preference
for exercises, and the participant’s adjustment of the step goal
for the new week (–10% to +10% to 20% from what the app
suggested based on the preceding week), with an upper limit of
10,000 steps. A CBR system supported by a sophisticated rule
engine used the abovementioned data from the current
participant (case) and previous similar participants (cases) to
generate new SMPs [19,25]. Generation of a new SMP was
initiated by the weekly tailoring session or upon return to the
J Med Internet Res 2022 | vol. 24 | iss. 1 | e26555 | p.509
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app if the participant had not used the app for more than a week.
This process is described in detail elsewhere [19,25].

Underpinning Theories for Behavior Change and
Engagement in DHIs
Self-management interventions can be characterized as behavior
change interventions in that they are designed to help the patient
learn and adopt a set of health behaviors and thus, benefit their
condition [61]. To underpin the selfBACK intervention
theoretically in relation to behavior change and engagement, 2
frameworks were applied in the design. The Transtheoretical
Domain Framework (TDF) is an overall framework
encompassing 33 behavior change theories [62]. TDF has been
validated for use in behavior change and implementation
research [63]. To facilitate the application of BCTs [64,65],
matrices have been created by expert consensus, mapping BCTs
and theoretical constructs as per TDF [66,67]. Furthermore,
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NPT underpins the strategies for uptake and adherence to the
intervention. NPT is a sociological theory that has been widely
used to understand the factors that influence how technologies
or therapies are implemented, embedded, and integrated into
daily routines [68-70]. NPT has four main constructs: (1)
coherence—the sense-making work that participants undertake,
which influences whether they are willing to embed a new
practice in their lives; (2) cognitive participation—the work
that participants undertake to engage with the new practice; (3)
collective action—the work that participants do to enact a new
practice; and (4) reflexive monitoring—the appraisal work that
participants undertake to determine whether the new practice
is worth sustaining or how it must be reconfigured to fit their
needs [68-70]. All practical applications of the change objectives
are linked to the BCTs and NPT domains, as exemplified in
Table 2.
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Table 2. Example matrix for mapping practical applications of performance and change objectives to BCTsa and NPTb domains. The full matrix is
available in Multimedia Appendix 1 (Table S2).
Personal determinants and change objectives Practical application

BCTs as per BCT taxonomy

NPT domains [68,69]

version 1 [64]
POc 1: accept self-management as a treatment strategy for LBPd and make the decision to self-manage LBP with support from selfBACK
app
•

•
•

•
•

Knowledge and awareness: identify
positive characteristics of selfmanagement and negative characteristics of provider-dependent behavior and list examples of self-management of LBP
Skills: demonstrate the ability to
operate selfBACK app
Fear avoidance and catastrophizing:
recognize fearful thoughts and
negative thinking in relation to selfmanagement
Self-efficacy: express confidence
in the ability to operate selfBACK
app
Motivation and outcome expectations: express positive feelings or
thoughts about engaging in selfmanagement of LBP and expect
that self-managing will ease living
with LBP and achieving life goals

•

•
•
•

•
•
•
•
•

Introduction session explaining structure and content of
app, automatically shown after first log-in and thereafter
accessible from Settings
Educational messages and
quizzes
Referral from educational
messages to relevant toolbox
elements
Toolbox elements: resources
and interactive tools, knowledge bank, libraries, and pain
flare-up relief
Visual display of goal accomplishments
Rewards for achievements
Calendar function
Statistics
Notifications

•

5.1 Information about health •
consequences

•

5.3 Information about emotional consequences

•

•

4.1. Instruction on how to
perform the behavior

•

•
•

2.2. Feedback on behavior
10.4. Social reward

•

•
•

7.1. Prompts/cues
15.1. Verbal persuasion about
capability

•

5.1. Information about health •
consequences
5.3. Information about emo- •
tional consequences

Coherence (gaining an
understanding of the
condition)
Collective action (developing skills)
Cognitive participation
(engaging with the user
to promote uptake)
Reflexive monitoring
(evaluation and feedback)

POc 14: integrate self-management strategies for LBPd into daily life
•
•
•

•
•

a

Knowledge and awareness: list
ways to integrate self-management
of LBP into daily routines
Skills: demonstrate the ability to
schedule self-management into
daily routines
Fear avoidance and catastrophizing:
recognize fearful and negative
thoughts and feelings in relation to
integrating self-management into
daily routines and recognize own
fear avoidance behavior in relation
to integrating self-management into
daily routines
Self-efficacy: express confidence
in the ability to integrate self-management of LBP into daily routines
Motivation and outcome expectations.: express positive feelings or
thoughts about integrating selfmanagement into daily routines and
expect that integration of LBP selfmanagement will lead to a healthier,
better life

•
•
•

•
•
•
•
•
•
•
•

Educational messages and
quizzes
Referral from educational
messages to relevant toolbox
elements
Toolbox elements: resources
and interactive tools, knowledge bank, libraries, and pain
flare-up relief
Visual display of goal accomplishments
Rewards for achievements
Calendar function
Statistics
Notifications
Physical activity registration
Monitoring of steps
Motification system

•
•

4.1. Instruction on how to
perform the behavior

•
•

1.5. Review behavioral goals
1.6. Discrepancy between
current behavior and goals

•

10.4. Social reward

•

2.2. Feedback on behavior

•

10.5. Social incentive

•

7.1. Prompts/cues

•

15.1. Verbal persuasion about
capability

•

Coherence (understanding)
Cognitive participation
(engaging with the user
to promote uptake)
Reflexive monitoring
(evaluation and feedback)

BCT: behavior change technique.

b

NPT: normalization process theory.

c

PO: performance objective.

d

LBP: low back pain.

Outline of Engagement Strategies
Previous work on DHIs for self-management of LBP identified
lack of engagement as a major barrier to use [13,71]. Machado
et al [13] advocated the incorporation of strategies to increase
https://www.jmir.org/2022/1/e26555
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engagement by stimulating repeated use, for example, through
reminders, gamification, or reward systems. In our systematic
review on barriers to and facilitators of engagement in DHIs,
we further identified the briefness of information, feedback,
tailoring, user-friendliness, design, and layout as facilitators of
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enhanced engagement in self-management of LBP through DHIs
[22]. Gamification, the concept of applying game mechanics to
nongame contexts, has been shown to enhance user engagement
in DHIs by using many different techniques, for example,
badges, progress elements, quizzes, and challenges [72,73]. In
addition, gamification in DHIs offers other advantages such as
enhancing motivation, making health activities enjoyable and
understandable, and improving users’ abilities to self-manage
their condition [73]. Therefore, it is thought to contribute to
behavior change because of its resemblance with established
health BCTs [74]. Our interviews with people with LBP
confirmed the empirical findings; a friendly, supportive tone in

Svendsen et al
the app that motivated to do more rather than pointing out
insufficiencies was suggested to improve engagement, as well
as records of accomplishment and rewards. Feedback on
self-management behavior was thought to increase motivation
and engagement. Appraisal of the app by the HCP or visibility
of a trustworthy source was also important for participants.
A program logic model bringing together the intended effect
outcomes, behavioral outcomes, targeted determinants, and
program outputs is presented in Figure 2. This intervention logic
model describes the mechanistic pathway from the intervention
to the reduction in pain-related disability because of LBP.

Figure 2. Program logic model of the selfBACK intervention. BCT: behavior change technique; NPT: normalization process theory.

Step 4: Program Production
Results from the user journey map tests and continuous user
testing of app beta versions provided insights into user needs
and potential barriers to use and contributed to improvements
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in the intervention design and layout (Figure 3). A full
description of the app design process and technical
specifications, including the personas and user journey map,
frontend development, coding, and security measures, are
available elsewhere or upon requesting the authors [75].
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Figure 3. Screenshot of the selfBACK app plan screen showing the 3 main components of a weekly self-management plan and a screenshot of each
of the three main components of the self-management intervention: physical exercises, education, and physical activity.

Results from the feasibility studies improved the activity
monitoring from the wristband to the app; established a
notification taxonomy taking both achievements and reported
barriers into account; and refined the educational content, step
count accuracy and goal setting, motivational notifications, and
technical barriers to using the app [26]. Finally, the 6-week
single-arm pilot study in Denmark and Norway resulted in
refinements of recruitment, screening, and app installation
procedures as well as effect and process evaluations for the RCT
[27].

Step 5: Implementation Plan
The result of the fifth step was a plan of how we foresaw
adoption and implementation in the selfBACK RCT (Table 3).
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The program use outcomes (adoption and implementation) were
formulated with eight performance objectives. Changeable
determinants as per NPT [68,69] were identified and crossed
with the performance objectives to formulate change objectives.
BCTs formed the theoretical foundation for the methods that
underpinned the practical strategies for adoption and
implementation [64]. A screening and inclusion procedure that
lies between the adoption and implementation outcomes has
been published [20,27]. On the basis of the results of the pilot
study, practical strategies for adoption were refined, including
an upscale in the number of recruitment sites or HCPs needed
to adopt the intervention to reach the desired number of
participants in the RCT.
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Table 3. Plan for program adoption and implementation of the selfBACK intervention.
Program use outcomes and performance objectives

Determinants for embedment of digital intervention
to everyday routine as per

Change objectives

NPTa [71,72]

BCTsb to address each
change objective as per
BCT taxonomy version 1
[67]

Practical strategies

Adoption use outcome: Recruitment sites (HCPsc) adopt the selfBACK intervention and participant recruitment procedures
Agree to participate in self-

Coherence and

•

BACK RCTd as recruitment cognitive participation
sites
•

Managers at recruit- •
ment sites provide
verbal agreement to
allow their service to
implement selfBACK
Managers at recruitment sites allocate resources (time) to support recruitment

1.8. Behavioral contract

•

•

Verbal agreement
from each recruitment
site manager to allow
their clinic to implement selfBACK as an
add-on to usual care
and support participant recruitment to
selfBACK RCTd
Recruitment site
managers to nominate
HCPs to receive instruction in recruitment pathway from
selfBACK researchers

•

HCPs develop an un- •
derstanding of the
purpose, structure,
and content of the
selfBACK intervention

1.8. Behavioral contract

•

HCPs receive information about selfBACK RCT and receive information
from selfBACK researchers if there are
further questions

HCPs implement recruitCoherence and cognitive
ment procedures (identifica- participation
tion of eligible patients
based on RCT inclusion criteria, including practical
strategies for establishing
contact between patient and
selfBACK research team)

•

HCPs develop an un- •
derstanding of who
eligible patients are
HCPs develop skills
to initiate recruitment •

5.1. Information
•
about health consequences of the intervention
4.1. Instruction on
how to perform a behavior
•

HCPs receive information about selfBACK RCT and receive information
from selfBACK researchers if there are
further questions
HCPs receive recruitment pathway ideas
from selfBACK researchers

HCPs encourage patients to Cognitive participation and
participate in selfBACK
collective action
RCT as an add-on to usual
care

•

HCPs inform eligible •
patients about the
selfBACK intervention

4.1. Instruction on
•
how to perform a behavior

HCPs give written or
verbal information
about selfBACK to
patients and promote
participation verbally

Agree to recruit patients to
participate in selfBACK
RCT

Cognitive participation

•

Implementation use outcome: participants engage in the selfBACK intervention by implementing selfBACK app in daily routines
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Program use outcomes and performance objectives

Determinants for embedment of digital intervention
to everyday routine as per

Svendsen et al
Change objectives

NPTa [71,72]
Participants make sense of
the selfBACK intervention

a

Coherence

•

Participants build and sus- Cognitive participation
tain engagement in the selfBACK intervention

•

Participants invest efforts
Collective action
and resources in engagement
in the selfBACK intervention

•

Participants evaluate engage- Reflexive monitoring
ment in the selfBACK intervention

•

BCTsb to address each
change objective as per
BCT taxonomy version 1
[67]

Practical strategies

Participants develop •
understanding of the
purpose and potential
of the selfBACK app

8.1. Behavioral prac- •
tice/rehearsal

•

8.1. Behavioral prac- •
tice/rehearsal

Participants initiate
regular use of the
selfBACK app

selfBACK appe

Participants launch
and use the selfBACK app regularlye

Participants prioritize •
regular use of the
selfBACK app

8.1. Behavioral prac- •
tice/rehearsal

•

5.1. Information
•
about health consequences
5.6. Information
•
about emotional consequences

Participants appraise
the selfBACK app
and decide to sustain
engagement

Participants explore
the features of the

•

Participants launch
and use the selfBACK app regularlye
Participants deem
selfBACK app as effective or helpfule
Participants answer
follow-up questionnaires during the trial
period

NPT: normalization process theory.

b

BCT: behavioral change technique.

c

HCP: health care professional.

d

RCT: randomized controlled trial.

e

Practical application is the desired scenario.

Discussion
Principal Findings
This study provides a detailed example of using IM to
systematically develop a theory and evidence-based app-based
intervention for people with nonspecific LBP. There is currently
limited literature on the development of complex digital
interventions for self-management, and this study should inform
future researchers in this evolving field.
During our IM process, we found that the existing knowledge
on self-management of LBP is generic with respect to
descriptions of intervention content. Clinical practice guidelines
for LBP also provide incomplete descriptions of the advice
delivered in interventions [76]. In our systematic review, a
consistent finding was that a comprehensive description of the
development and use of theory was either brief or absent from
the included studies [11]. A recent study revealed that there are
>700 pain-related smartphone apps available from the main app
stores and 61 apps about LBP solely [13]. However, few of
these apps have evidence-based content, many have not been
rigorously tested for effectiveness, and HCPs and patients are
rarely involved in their development [13]. In contrast to the
existing apps, selfBACK was developed with a strong theoretical
underpinning, involved key stakeholders, integrated feedback
from users, and was developed by experts in relevant fields.

intervention content as requested in the Medical Research
Council’s framework [15] and the CONSORT-EHEALTH
checklist [16]. A thorough description of an intervention’s
theoretical underpinning increases the understanding of the
mechanisms of action and the potential for replication. The
application of the IM approach with strong theoretical
underpinning will allow for meaningful evaluation of the process
of implementing digital self-management of LBP in both
people’s daily lives and primary care.

Strengths and Limitations
A strength of this study is the >2-year development phase
following IM. A large and diverse planning group worked
continuously on developing, testing, and refining the selfBACK
intervention, which made the uniqueness of combining behavior
change theory and implementation theory, empirical findings,
and state-of-the-art technical solutions such as CBR possible.
Rigorous pretesting, an essential part of IM [14], with 2
feasibility studies, a pilot study, and continual user testing
involving >200 people, is also a strength of this study. A
possible weakness of our study is that we did not fully adhere
to the IM protocol. Our needs assessment and the resulting logic
model of the problem encountered self-management of LBP
exclusively from the target population’s perspective. The IM
protocol advocates a multilevel approach, taking environmental
factors and the potential influence of environmental agents into
account [14].

As demonstrated in this study, the IM approach details how
accessing and using theory can support the development of
https://www.jmir.org/2022/1/e26555
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Conclusions
This paper reports a detailed example of the application of IM
in the development of a theory-driven complex DHI designed
to support self-management for people with LBP. Although IM

Svendsen et al
is a time-intensive collaborative process, this report of the range
of methods used provides a transparent account of the
development process and a blueprint for designing and creating
future DHIs for self-management.
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Abstract
Background: Noncardiac chest pain has a high prevalence and is associated with reduced quality of life, anxiety, avoidance of
physical activity, and high societal costs. There is a lack of an effective, low-cost, easy to distribute intervention to assist patients
with noncardiac chest pain.
Objective: In this study, we aimed to investigate the effectiveness of internet-based cognitive behavioral therapy with telephone
support for noncardiac chest pain.
Methods: We conducted a randomized controlled trial, with a 12-month follow-up period, to compare internet-based cognitive
behavioral therapy to a control condition (treatment as usual). A total of 162 participants aged 18 to 70 years with a diagnosis of
noncardiac chest pain were randomized to either internet-based cognitive behavioral therapy (n=81) or treatment as usual (n=81).
The participants in the experimental condition received 6 weekly sessions of internet-based cognitive behavioral therapy. The
sessions covered different topics related to coping with noncardiac chest pain (education about the heart, physical activity,
interpretations/attention, physical reactions to stress, optional panic treatment, and maintaining change). Between sessions, the
participants also engaged in individually tailored physical exercises with increasing intensity. In addition to internet-based cognitive
behavioral therapy sessions, participants received a brief weekly call from a clinician to provide support, encourage adherence,
and provide access to the next session. Participants in the treatment-as-usual group received standard care for their noncardiac
chest pain without any restrictions. Primary outcomes were cardiac anxiety, measured with the Cardiac Anxiety Questionnaire,
and fear of bodily sensations, measured with the Body Sensations Questionnaire. Secondary outcomes were depression, measured
using the Patient Health Questionnaire; health-related quality of life, measured using the EuroQol visual analog scale; and level
of physical activity, assessed with self-report question. Additionally, a subgroup analysis of participants with depressive symptoms
at baseline (PHQ-9 score ≥5) was conducted. Assessments were conducted at baseline, posttreatment, and at 3- and 12-month
follow-ups. Linear mixed models were used to evaluate treatment effects. Cohen d was used to calculate effect sizes.
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Results: In the main intention-to-treat analysis at the 12-month follow-up time point, participants in the internet-based cognitive
behavioral therapy group had significant improvements in cardiac anxiety (–3.4 points, 95% CI –5.7 to –1.1; P=.004, d=0.38)
and a nonsignificant improvement in fear of bodily sensations (–2.7 points, 95% CI –5.6 to 0.3; P=.07) compared with the
treatment-as-usual group. Health-related quality of life at the 12-month follow-up improved with statistical and clinical significance
in the internet-based cognitive behavioral therapy group (8.8 points, 95% CI 2.8 to 14.8; P=.004, d=0.48) compared with the
treatment-as-usual group. Physical activity had significantly (P<.001) increased during the 6-week intervention period for the
internet-based cognitive behavioral therapy group. Depression significantly improved posttreatment (P=.003) and at the 3-month
follow-up (P=.03), but not at the 12-month follow-up (P=.35). Participants with depressive symptoms at baseline seemed to have
increased effect of the intervention on cardiac anxiety (d=0.55) and health-related quality of life (d=0.71) at the 12-month
follow-up. In the internet-based cognitive behavioral therapy group, 84% of the participants (68/81) completed at least 5 of the
6 sessions.
Conclusions: This study provides evidence that internet-based cognitive behavioral therapy with minimal therapist contact and
a focus on physical activity is effective in reducing cardiac anxiety and increasing health related quality of life in patients with
noncardiac chest pain.
Trial Registration: ClinicalTrials.gov NCT03096925; http://clinicaltrials.gov/ct2/show/NCT03096925
(J Med Internet Res 2022;24(1):e33631) doi:10.2196/33631
KEYWORDS
noncardiac chest pain; internet-based treatment; internet-assisted treatment; cognitive behavioral therapy; psychosomatic medicine;
randomized controlled trial; pain; treatment; internet-based cognitive behavioral therapy; effectiveness; support; intervention

Introduction
Background
Noncardiac chest pain is the most common final diagnosis for
patients presenting with chest pain at a cardiac unit [1]. Almost
half of patients with noncardiac chest pain experience ongoing
complaints that negatively affect their overall quality of life
after initial noncardiac chest pain diagnosis, and the associated
societal costs are also high [2,3]. Typical consequences include
cardiac anxiety, fear of bodily sensations, and avoidance of
physical activity [2,4,5].
Psychological treatment based on cognitive behavioral therapy,
delivered face-to-face by trained clinicians, has yielded
promising results for noncardiac chest pain [6]. There are,
however, several challenges with the dissemination of ordinary
face-to-face cognitive behavioral therapy to patients with
noncardiac chest pain, including a shortage of specialists who
provide cognitive behavioral therapy, lack of motivation among
patients with noncardiac chest pain to receive psychological
treatment, and the fact that typical care providers (eg,
cardiologists and cardiac nurses) often do not have the skills to
provide such treatment [6].
Evidence-based face-to-face cognitive behavioral therapy for
noncardiac chest pain is quite time-consuming and costly, with
a normal treatment span of 6 to 12 sessions, each lasting 45 to
60 minutes each. To address this barrier, 2 randomized
controlled trials [7,8] tested shorter duration face-to-face
cognitive behavioral therapy specifically designed for
noncardiac chest pain. For patients experiencing sustained
noncardiac chest pain–related complaints 6 months after
diagnosis, a 3-session face-to-face cognitive behavioral therapy
with emphasis on exposure to physical activity was effective
in reducing noncardiac chest pain–related complaints [7].
Furthermore, depression was a significant predictor of poor
outcome [2], and fear of bodily sensations was an important
https://www.jmir.org/2022/1/e33631
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mediator for change [7]. Conversely, another large randomized
controlled trial [8], which included an unselected group of
patients with noncardiac chest pain immediately after receiving
their noncardiac chest pain diagnosis, found that 3 to 4 sessions
of face-to-face cognitive behavioral therapy were not effective
in reducing noncardiac chest pain–related complaints. It is
difficult to fully determine the reasons for these disparate results;
however, one [7] focused on physical activity and included
patients who had significant complaints 6 months after the initial
diagnosis of noncardiac chest pain; in contrast, the other [8] did
not specifically focus on physical activity and included all
patients with noncardiac chest pain immediately after their
cardiac evaluation, regardless of the severity of their symptoms
and duration of illness.
Internet-based cognitive behavioral therapy has the potential to
increase accessibility and can be delivered at reduced costs
compared with those of face-to-face cognitive behavioral
therapy. Two pilot studies [9,10] have shown promising results
for noncardiac chest pain: a small randomized controlled trial
[9] (intervention group: n=7; treatment-as-usual control group:
n=8) found that a 4-session internet-based cognitive behavioral
therapy yielded greater reductions in cardiac anxiety and
depression; however, because it was designed to reveal probable
differences between the groups, it was underpowered to test
statistical significance. Mourad et al [9] concluded that their
brief internet-based cognitive behavioral therapy intervention
was feasible to deliver, and though it was likely to be effective,
a larger sample would be needed to adequately evaluate
effectiveness. Concurrently and independently, our research
group found that 6-session internet-based cognitive behavioral
therapy was feasible and led to a significant reduction in cardiac
anxiety for unselected noncardiac chest pain patients in an
uncontrolled, open pilot study (n=10) [10]. Participants in this
study were offered the internet-based cognitive behavioral
therapy immediately after a cardiac condition had been excluded
and received a brief weekly therapist call in addition to discuss
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home assignments and reinforce session content. The
intervention content was based on a brief face-to-face treatment
previously found to be effective in [7], and it had a similar
emphasis on physical activity.

Objectives
The purpose of this study was to further evaluate the
effectiveness of the internet-based cognitive behavioral therapy
intervention for noncardiac chest pain from our pilot study [10],
in a randomized controlled trial with sufficient statistical power.
The primary goal was to investigate the effects of the
intervention on cardiac anxiety and fear of bodily sensations.
The secondary goals were to evaluate changes in depression,
quality of life, and physical activity, and to investigate the
differential effects of this internet-based cognitive behavioral
therapy in a subgroup of participants with depressive symptoms
at baseline.

Methods
Design
This study was a 2-arm randomized controlled trial. One arm
received treatment as usual, and the other received internet-based
cognitive behavioral therapy for noncardiac chest pain.
Participants were assessed pre- and posttreatment as well as at
3- and 12-month follow-up time points.

Participants and Recruitment
Participants were recruited at the Sørlandet Hospital,
Kristiansand, Norway. A member of the research group screened
all patients with chest pain as their main complaint who had
been referred to the cardiac unit (including an inpatient and an
outpatient unit) for participation. The member of the research
group informed cardiologists about possible eligible patients.
The cardiologists used a checklist with inclusion and exclusion
criteria as well as the definition of noncardiac chest pain to
determine the eligibility of each patient. The cardiologist briefly
explained the project to eligible patients. If the patient agreed,
a member of the research group immediately provided further
verbal and written information about the trial before the
recruitment procedure.
Eligible patients were aged 18 to 70 years, had no cardiac or
other somatic disease that could explain their chest pain
symptoms, no history of or ongoing severe heart disease, and
did not meet any of the following exclusion criteria: (1) language
difficulties; (2) inability to perform at least moderate physical
activity due to physical constraints; (3) obvious cognitive
impairment (eg, severe intellectual disability, psychosis,
dementia, or intoxication); (4) no regular access to a computer
or tablet with internet connection; and (5) severe somatic
comorbidities (eg, cancer, severe kidney failure).
If patients had been examined with coronary computed
tomography angiography, only patients with coronary artery
blockage less than 50% were eligible. All eligible patients were
asked to sign a paper consent form if they agreed to participate.
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Intervention
The brief internet-based cognitive behavioral therapy with
minimal therapist contact has been previously described [10].
The intervention was adjusted and improved based on feedback
from participants in the pilot study [10]. Internet-based cognitive
behavioral therapy sessions (Figure 1; Multimedia Appendix
1) were completed autonomously once per week for 6 weeks.
Between sessions, participants received support calls from a
therapist.
The internet-based cognitive behavioral therapy was specifically
designed and adapted for noncardiac chest pain (1) to provide
an alternative explanation for their chest pain, (2) to provide
tools and education on how to handle bodily discomfort, (3) to
encourage physical activity with the aim that the participants
experienced its safety, and (4) to provide information on
strategies that can prevent relapse.
The first session was completed on a computer or tablet at the
cardiac unit immediately after the cardiac examination was
completed. The sessions covered different topics relevant to the
noncardiac chest pain patients (Figure 2). At the end of every
session, each participant completed a detailed activity plan for
the following week. Adherence to these activities was reported
to the therapist electronically. The activity plan focused on
individually tailored physical exercises with increasing intensity.
In addition, participants were encouraged to perform an attention
task regularly after the third session. Once a week, a brief
support call (5-7 minutes duration), designed to reinforce the
session content, discuss home-based tasks, and troubleshoot
problems, was made by the same therapist. The support call had
3 predefined elements: (1) discussion about the previous week’s
physical activities and tasks, (2) discussion about the previous
week’s session, and (3) general information about the following
week’s session. The participants were given access to the
subsequent week’s internet-based cognitive behavioral therapy
session after the support call. The completed sessions remained
accessible to the participant throughout the project period.
Participants in the control group received treatment as
usual—personal consultation with a doctor at the cardiac unit
after completing the cardiologic investigations. The consultation
included information regarding the results of the examination
and advice on medication, diet, and physical activity. The
intervention group received internet-based cognitive behavioral
therapy in addition to personal consultation at the cardiac unit.
Lottery tickets (each with a price of €5, approximately US
$5.67) were sent to all participants after they completed
assessments to enhance adherence.
A unique code was used to access the intervention platform.
The intervention platform included session-by-session content
and homework exercises. Data were stored using pseudonyms
on a secure server in Oslo, Norway. This server is backed up
every 24 hours by another secure server in Amsterdam,
Netherlands. Only the therapist could link the code to the
participant. No personal identifiable information was collected,
and IP addresses were not logged.
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Figure 1. Screenshot from the internet-based cognitive behavioral therapy at week 3.
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Figure 2. Flowchart for internet-based cognitive behavioral therapy. NCCP: noncardiac chest pain [10].

Assessments and Outcomes

the 17-item Body Sensations Questionnaire (BSQ), which
measures worry about specific bodily sensations [13].

Participants completed web-based self-report questionnaires at
baseline and posttreatment, and at 3- and 12-month follow-up
time points. The primary outcome measures were sum scores
for the 18-item Cardiac Anxiety Questionnaire (CAQ), which
measures worry or fear of heart sensations, avoidance of
physical activity due to fear of eliciting heart symptoms,
heart-focused attention, and reassurance seeking [11,12], and

The CAQ has a sum score that ranges from 0 to 72, with each
item scored on a scale of 0 to 4. Higher scores indicate more
symptoms. The CAQ is well validated, has good internal
consistency (Cronbach α=.84), and high test–retest reliability
(r=0.88) [14].

https://www.jmir.org/2022/1/e33631

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e33631 | p.525
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
The BSQ has a total score that ranges from 17 to 85, with each
item scored on a scale of 1 (not worried) to 5 (extremely
frightened) [15]. The BSQ has been used in several noncardiac
chest pain trials [4,7], has high internal consistency (Cronbach
α=.87), and moderate test–retest reliability (r=0.66) [13].
Secondary outcome measures were the 9-item Patient Health
Questionnaire (PHQ-9) score, the EuroQol Visual Analog Scale
(EQ-VAS) score, and physical activity assessment.
The PHQ-9 includes and assesses level of depression. Each item
is scored from 0 to 3, and the sum range ranges from 0 to 27.
Higher scores indicate greater depression. We used a sum score
≥5 to indicate mild depressive symptoms. The PHQ-9 is well
validated, has high internal consistency (Cronbach α=.89), high
test–retest reliability (r=0.84) [16], and also validated in a
web-based format [17].
The EQ-VAS measures the user’s overall rating of their health
[18] using a visual analog scale that is presented as a line from
0 to 100, where 0 is defined as the worst imaginable health state
and 100 is the best.
Participants
were
further
assessed
using
an
investigator-developed, nonvalidated question that assessed
physical activity level: “How many times each week on average
do you perform physical activity more than 30 min?”.

Clinical Relevance
No minimal clinically important difference thresholds have
been established for the CAQ and BSQ. For PHQ-9, we defined
a difference of 3 points or a reduction of 20% from baseline as
the minimal clinically important difference based on values
from studies [19-21]. The minimal clinically important
difference for EQ-VAS has not been established specifically
for noncardiac chest pain, but previous studies on cancer and
COPD [22-24] have proposed that change in the range of 5.4-7.0
points is clinically relevant.

Adverse Events
The risk of serious adverse events due to internet-based
cognitive behavioral therapy was considered low prior to the
trial, and adverse events were not systematically collected.
PHQ-9 scores were reviewed for each participant. Participants
with a score ≥20 (severe depression) or a score of 3 on question
9 (which addresses suicidal ideation) were contacted. A decision
by the principal investigator (TT) was made regarding the need
for a psychiatric evaluation and whether to contact their general
practitioner.

Randomization and Blinding
The participants were randomized 1:1 without stratification or
the use of known blocks. The study used a web-based
randomization procedure performed at a remote location
(Web-CRF at the Norwegian University of Science and
Technology in Trondheim). Because the intervention was
internet-based cognitive behavioral therapy, blinding was not
possible for the participant or therapist. Outcome measures were
collected electronically, and except for the PHQ-9 scores, were
not known to the therapist or the research group during the study
period.
https://www.jmir.org/2022/1/e33631
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Sample Size
The study was powered to detect a Cohen d effect size of at
least 0.5. The power calculations were based on the results from
the pilot trial [10] and a previous study with brief face-to-face
cognitive behavioral therapy for noncardiac chest pain [7]. A
2-sided test, with α<.05 and power >80% was used, and a
sample size of 63 participants in each group was needed to
detect a mean difference between groups of 5.1 points on the
BSQ with a standard deviation of 10.2. To tolerate an anticipated
20% dropout rate, a total sample size of 80 participants in each
group was deemed appropriate.

Data Analysis
Primary analyses were conducted using intention-to-treat
analysis, in which participants were analyzed according to the
group they had been randomized. In the secondary per-protocol
analysis, participants were excluded if they (1) did not complete
at least 5 of 6 sessions; (2) did not complete all assessments; or
(3) were found after randomization not to have been eligible
based on the inclusion and exclusion criteria. Linear mixed
models were used to evaluate treatment effects. Linear mixed
models take into account repeated measures for each participant.
The fixed part of the model included a group indicator variable
(intervention or treatment as usual), a time variable
(posttreatment, 3-month follow-up, and 12-month follow-up),
and an interaction term between the group indicator and time
variable. Baseline scores were included as covariates in the
fixed portion of the analysis. Maximum likelihood estimations
were used to estimate the effects on all outcomes.
Between-group effect sizes (Cohen d) were calculated for
selected time points. We used SPSS statistical software (version
25, IBM Corp) for all analyses.

Patient Involvement
One person with noncardiac chest pain experience participated
in the development of the internet-based cognitive behavioral
therapy intervention. This person reviewed each session during
the development phase and provided input on the relevance of
the topics and the didactics of the intervention.

Ethics
The study protocol was approved by the Regional Committee
for Medical Research Ethics (2014/2031).

Results
Participants were recruited consecutively (Figure 3) from April
3, 2017 to March 26, 2018, with a 6-week pause from May to
June 2017 (total recruitment period: 10.5 months).
Of 796 patients with chest pain who were screened for
participation, 504 patients fulfilled criteria for noncardiac chest
pain; 231 patients were invited to participate, and 162 accepted
and were randomly allocated (intervention group: n=81;
treatment-as-usual group: n=81). One participant withdrew
consent and requested that their collected data be deleted;
therefore, 161 participants were included in the intention-to-treat
analysis (Table 1). One participant had severe comorbid disease,
which was discovered after randomization, and another had
severe depressive symptoms that required specialist treatment;
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these patients were excluded from the per-protocol analysis. In
the intervention group, 68 (84%) completed the internet-based
cognitive behavioral therapy (at least 5 of 6 sessions).
Posttreatment assessments were completed for 133, 3-month
assessments for 126, and 12-month assessments for 117

Thesen et al
participants. In the per-protocol analysis, 55 participants in the
intervention group and 61 participants in the treatment-as-usual
group were included. The groups were well balanced for
demographic and clinical data.

Figure 3. Flow of participants during the study period. NCCP: non-cardiac chest pain; TAU: treatment as usual.
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Table 1. Demographic and clinical data collected at baseline.
Characteristic

Intervention group (n=80), n (%)

Treatment as usual (n=81), n (%)

Full sample (n=161), n (%)

Men

36 (45)

38 (47)

74 (46)

Women

44 (55)

43 (53)

87 (54)

Age (years), median (range)

53 (20-69)

51 (30-69)

52 (20-69)

Married or cohabiting

64 (80)

68 (84)

132 (82)

Primary or high school

18 (23)

18 (22)

36 (22)

Vocational school

29 (36)

30 (37)

59 (37)

College or university

33 (41)

33 (41)

66 (41)

Full work

43 (54)

48 (59)

91 (57)

Part time work

16 (20)

9 (11)

25 (16)

Disability

14 (18)

18 (22)

32 (20)

Retired

4 (5)

5 (6)

9 (6)

3 (4)

1 (1)

4 (3)

Somatic

42 (53)

41 (51)

82 (52)

Mental health

10 (13)

11 (14)

21 (13)

0-1 month

22 (28)

24 (30)

46 (29)

2-6 months

29 (36)

28 (35)

57 (35)

>6 months

29 (36)

29 (36)

58 (36)

Never

2 (3)

4 (5)

6 (4)

Seldom

41 (51)

37 (46)

78 (48)

Weekly

20 (25)

26 (32)

46 (29)

Daily

17 (21)

14 (17)

31 (19)

Gender

Highest education

Occupational status

Sick leave
Comorbid disorders

a

Chest pain duration

Chest pain frequency

a

According to self-report.

Primary Outcomes
In the intention-to-treat analysis (Table 2), statistically
significant reductions in CAQ score at the 3-month (P=.03) and
12-month follow-up (P=.004) were observed in the intervention
group compared with the treatment-as-usual group. The effect
size at 12-month follow-up was small to moderate (d=0.38).
Accordingly, the BSQ scores were significantly reduced at
posttreatment (P=.03) and at the 3-month follow-up (P=.04).
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In the secondary per-protocol analysis (Table 2), participants
in the intervention group showed statistically significant
reductions in CAQ scores at the 3-month (P=.02) and 12-month
(P=.002) follow-up compared with those in the
treatment-as-usual group. Hence, the BSQ scores in the
per-protocol analysis were significantly reduced at all time
points (posttreatment: P=.02; 3-month follow-up: P=.008;
12-month follow-up: P=.04).
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Table 2. Comparison of outcome measures between groups.
Outcome

Score, mean (SD)
Interventiona

Intention-to-treat analysis

Per-protocol analysis

Treatment as usualb

95% CI

P valuec

95% CI

P valued

Primary
Cardiac Anxiety Questionnaire
Baseline

23.2 (9.8)

23.4 (10.3)

Reference

N/Ae

Reference

N/A

Post

17.5 (9.1)

18.4 (9.7)

–1.0 (–3.3 to 1.2)

.36

–1.2 (–3.6 to 1.1)

.31

3 months

14.5 (7.9)

18.1 (10.4)

–2.5 (–4.8 to –0.2)

.03

–2.9 (–5.3 to –0.5)

.02

12 months

13.8 (8.7)

17.6 (11.1)

–3.4 (–5.7 to –1.1)

.004

–3.7 (–6.0 to –1.3)

.002

Body Sensations Questionnaire
Baseline

36.8 (11.6)

36.7 (12.9)

Reference

N/A

Reference

N/A

Post

31.3 (9.7)

33.5 (12.5)

–3.1 (–6.0 to –0.3)

.03

–3.5 (–6.5 to –0.5)

.02

3 months

29.7 (9.9)

32.2 (12.6)

–3.0 (–5.9 to –0.1)

.04

–4.1 (–7.1 to –1.1)

.008

12 months

29.2 (10.3)

31.3 (12.2)

–2.7 (–5.6 to 0.3)

.07

–3.1 (–6.1 to –0.1)

.04

Secondary
Patient Health Questionnaire–9
Baseline

6.9 (4.7)

6.9 (5.0)

Reference

N/A

Reference

N/A

Post

4.9 (3.9)

6.6 (5.2)

–1.6 (–2.7 to –0.6)

.003

–2.1 (–3.2 to –0.9)

<.001

3 months

4.4 (3.5)

5.9 (4.6)

–1.3 (–2.4 to –0.2)

.03

–1.7 (–2.8 to –0.5)

.004

12 months

4.8 (3.8)

5.3 (5.0)

–0.5 (–1.7 to 0.6)

.35

–0.9 (–2.0 to 0.3)

.13

EuroQol Visual Analog Scale
Baseline

63.5 (20.2)

63.4 (19.4)

Reference

N/A

Reference

N/A

Post

69.0 (19.9)

62.0 (21.6)

7.7 (1.9 to 13.4)

.009

10.5 (4.4 to 16.6)

.001

3 months

71.8 (19.0)

61.1 (20.6)

10.3 (4.5 to 16.2)

.001

12.1 (6.1 to 18.2)

<.001

12 months

71.8 (19.0)

61.8 (22.4)

8.8 (2.8 to 14.8)

.004

10.0 (4.0 to 16.1)

.001

Baseline

3.0 (1.9)

3.4 (2.6)

Reference

N/A

Reference

N/A

Post

4.5 (1.9)

3.3 (2.1)

1.3 (0.8 to 1.8)

<.001

1.6 (1.1 to 2.1)

<.001

3 months

3.7 (1.9)

3.4 (2.4)

0.3 (–0.2 to 0.8)

.19

0.5 (0 to 1.0)

.06

12 months

3.7 (2.0)

3.5 (2.1)

0.1 (–0.4 to 0.6)

.65

0.3 (–0.2 to 0.7)

.30

Physical activityf

a

Intervention: baseline (n=80); post (n=64); 3 months (n=59); 12 months (n=56).

b

Treatment as usual: baseline (n=81); post (n=69); 3 months (n=67); 12 months (n=61).

c

Estimated mean differences between groups adjusted for baseline values (linear mixed models).

d

Estimated mean differences between groups adjusted for baseline values (linear mixed models); n=55 in the intervention group and n=61 in the
treatment-as-usual group.
e

N/A: not applicable.

f

Number of times with moderate physical activity >30 minutes a week.

Secondary Outcomes
In the intention-to-treat analysis, participants in the intervention
group reported a statistically significant improvement in
depression posttreatment (P=.003) and at the 3-month follow-up
(P=.03) compared with the treatment-as-usual group.
Health-related quality of life improved, reaching both statistical
(posttreatment: P=.009; 3-month follow-up: P=.001; 12-month
follow-up: P=.004) and clinical significance in the intervention
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group at all time points. The effect size at 12-month follow-up
was small to moderate (d=0.48). Physical activity increased
significantly in the intervention group posttreatment compared
with treatment-as-usual group (P<.001). In the per-protocol
analyses, all secondary measures improved to a greater extent
in the intervention group than in the treatment-as-usual group
(Table 2).
Participants scoring ≥5 on the PHQ-9 showed greater
improvements in all outcome measures in favor of the
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intervention group in the intention-to-treat analysis and also in
the per-protocol analysis (except for cardiac anxiety at
posttreatment) (Table 3). Effect sizes were moderate for CAQ

(d=0.55) and EQ-VAS (d=0.71) scores at the 12-month
follow-up.

Table 3. Comparison of outcome measures for participants with baseline depression scores (PHQ-9 ≥5).
Outcome

Score, mean (SD)
Interventiona

Intention-to-treat analysis

Per-protocol analysis

Treatment as usualb

95% CI

P valuec

95% CI

P valued

Primary
Cardiac Anxiety Questionnaire
Baseline

25.6 (9.9)

25.6 (10.3)

Reference

N/Ae

Reference

N/A

Post

20.2 (9.6)

20.7 (10.0)

–0.6 (–3.6 to 2.3)

.66

–0.6 (–3.8 to 2.6)

.71

3 months

16.3 (8.4)

21.8 (10.7)

–3.9 (–6.9 to –0.9)

.01

–4.6 (–7.8 to –1.4)

.006

12 months

15.3 (9.4)

21.3 (12.4)

–4.7 (–7.9 to –1.6)

.003

–5.0 (–8.3 to –1.8)

.002

Body Sensations Questionnaire
Baseline

39.7 (12.0)

38.6 (14.2)

Reference

N/A

Reference

N/A

Post

32.2 (10.3)

34.0 (13.0)

–3.7 (–7.4 to –0.1)

.04

–4.1 (–8.1 to –0.1)

.046

3 months

30.3 (10.9)

33.0 (12.6)

–4.0 (–7.8 to –0.3)

.04

–5.7 (–9.6 to –1.7)

.006

12 months

31.4 (11.4)

33.1 (14.0)

–3.5 (–7.4 to 0.4)

.08

–4.1 (–8.0 to –0.1)

.04

Secondary
Patient Health Questionnaire–9
Baseline

9.4 (4.1)

9.3 (4.4)

Reference

N/A

Reference

N/A

Post

6.4 (4.1)

9.1 (5.0)

–2.4 (–4.0 to –0.8)

.003

–3.1 (–4.8 to –1.4)

.001

3 months

5.6 (3.8)

7.8 (4.4)

–1.7 (–3.3 to –0.0)

.047

–2.3 (–4.1 to –0.6)

.008

12 months

5.9 (4.1)

7.7 (5.3)

–1.3 (–3.0 to 0.4)

.14

–1.8 (–3.5 to –0.1)

.04

EuroQol Visual Analog Scale
Baseline

59.9 (21.9)

58.3 (20.5)

Reference

N/A

Reference

N/A

Post

65.9 (21.0)

55.2 (21.0)

9.9 (2.1 to 17.7)

.01

14.4 (5.7 to 23.1)

.001

3 months

68.0 (20.4)

54.3 (20.9)

11.3 (3.2 to 19.4)

.007

13.5 (4.7 to 22.2)

.003

12 months

70.9 (21.0)

54.6 (24.8)

12.4 (4.1 to 20.8)

.004

14.2 (5.4 to 22.9)

.002

Baseline

2.8 (1.7)

3.2 (2.3)

Reference

N/A

Reference

N/A

Post

4.5 (2.0)

3.4 (2.2)

1.3 (0.7 to 2.0)

<.001

1.7 (1.1 to 2.4)

<.001

3 months

3.7 (2.0)

3.4 (2.3)

0.4 (–0.3 to 1.1)

.24

0.6 (–0.1 to 1.2)

.09

12 months

3.7 (2.1)

3.4 (2.3)

0.2 (–0.4 to 0.9)

.48

0.4 (–0.2 to 1.1)

.20

Physical activityf

a

Intervention: baseline (n=51); post (n=40); 3 months (n=35); 12 months (n=34).

b

Treatment as usual: baseline (n=53); post (n=43); 3 months (n=41); 12 months (n=35).

c

Estimated mean differences between groups adjusted for baseline values (linear mixed models).

d

Estimated mean differences between groups adjusted for baseline values (linear mixed models); n=34 in the intervention group and n=35 in the
treatment-as-usual group.
e

N/A: not applicable.

f

Number of times with moderate physical activity >30 minutes a week.

Adverse Events and Protocol Deviations
The participants of the intervention group did not report any
serious adverse events in the telephone contacts with the
therapist. Two participants screened had serious depression
(scores >20 on the PHQ-9): one patient in the treatment-as-usual
https://www.jmir.org/2022/1/e33631
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group required an acute psychiatric evaluation and was referred
to the psychiatric specialist team. The other participant (in the
intervention group) wanted to continue with the intervention.
In agreement with the participant, the general practitioner was
informed of the intervention, and the participant continued the
treatment.
J Med Internet Res 2022 | vol. 24 | iss. 1 | e33631 | p.530
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Discussion
Principal Findings
In this randomized controlled trial, we compared the
effectiveness of internet-based cognitive behavioral therapy and
treatment as usual in patients with noncardiac chest pain. Our
findings provide strong evidence for the effectiveness of
internet-based cognitive behavioral therapy after a negative
cardiac evaluation in a hospital setting. Participants receiving
internet-based cognitive behavioral therapy experienced
improvements in cardiac anxiety, fear of bodily sensations,
depressive symptoms, health-related quality of life, and physical
activity level. Participants with depressive symptoms at baseline
showed greater improvements after internet-based cognitive
behavioral therapy on almost all outcome measures compared
with those who were not depressed at baseline.
Most (163/231, 70%) patients who were invited agreed to
participate, and 84% of participants (68/81) in the intervention
group completed at least 5 of the 6 internet-based cognitive
behavioral therapy sessions. This indicates that the intervention
had a high acceptability. The cumulative therapist time spent
for each internet-based cognitive behavioral therapy participant
totaled 60 to 70 minutes, including the time spent providing
information about the intervention at the hospital. This makes
the intervention considerably less costly and time-consuming
(per patient) than even brief face-to-face cognitive behavioral
therapy.

Primary Outcomes
Cardiac anxiety did not significantly improve at the
posttreatment assessment in the internet-based cognitive
behavioral therapy group compared with the treatment-as-usual
group. However, although the improvements within the
intervention group during the intervention period were large,
improvements in the treatment-as-usual group were also
substantial. This may indicate that an examination by a
cardiologist, which is often combined with computed
tomography angiography, can contribute to reducing cardiac
anxiety. One might expect that improvement in cardiac anxiety
in the treatment-as-usual group would be temporary, but the
improvements were similarly maintained in the
treatment-as-usual group at the 3- and 12-month follow-ups.
However, cardiac anxiety in the intervention group improved
significantly more than in the treatment-as-usual group at the
3- and 12-month follow-ups in both the intention-to-treat and
per-protocol analyses, suggesting that the exclusion of cardiac
conditions combined with internet-based cognitive behavioral
therapy yield a better effect on cardiac anxiety over time.
As with cardiac anxiety, the improvements in fear of bodily
sensations within the intervention group were large and
comparable to findings in a previous study [7]. However, the
treatment-as-usual group also improved substantially; at the
12-month follow-up, the intervention group reported a
nonsignificant improvement of 2.7 points (P=.07) in the
intention-to-treat analysis and a statistically significant
improvement of 3.1 points (P=.04) in the per-protocol analysis.
These improvements in the treatment-as-usual group were
somewhat surprising, given that in [7], the treatment-as-usual
https://www.jmir.org/2022/1/e33631
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group actually showed increased BSQ scores at the 12-month
follow-up. In [7], the intervention group had substantially and
significantly less symptoms on BSQ at 12 months
(between-group difference: 7.5 points). The smaller
improvement in BSQ in our study might be explained by the
fact that the participants in [7] had significant noncardiac chest
pain-related complaints at the time of study inclusion (6 months
after receiving a noncardiac chest pain diagnosis). Therefore,
in [7], the time period most likely associated with a naturalistic
remission of noncardiac chest pain symptoms was completed,
thus eliminating potential participants with very mild symptoms
and little room for improvement from the analysis of key
outcome measures.

Secondary Outcomes
PHQ-9 depression scores improved significantly more in the
intervention group than in the treatment-as-usual group
posttreatment (P=.003) and at the 3-month follow-up (P=.03),
but there was no significant difference at the 12-month follow-up
(P=.35). It is important to note that the sample had a low
baseline score of 6.9 on the PHQ-9, indicating only mild
depressive symptoms on average. These low baseline scores
reduced the likelihood of finding a significant difference in
depression between the internet-based cognitive behavioral
therapy and treatment-as-usual groups. Health-related quality
of life improved substantially in the intervention group, whereas
a slight deterioration was observed in the treatment-as-usual
group. This may suggest that even if patients with noncardiac
chest pain experience improvement in cardiac anxiety and fear
of bodily sensations without specific treatment, they might
struggle to regain a normal quality of life. This corresponds
well with the findings of other studies [5,25,26]. The
improvement in EQ-VAS in the intervention group was
statistically significant (posttreatment: P=.009; 3 months:
P=.001; 12 months: P=.004) and clinically relevant at all points
of time.
There was a significant increase in physical activity in the
intervention group posttreatment (P<.001), suggesting that the
participants adhered to the physical activity–related elements
of our intervention. This initial increase in physical activity in
the internet-based cognitive behavioral therapy group was not
maintained at the 3- and 12-month follow-up. Clinical
impressions suggest that a key element in the internet-based
cognitive behavioral therapy was exposure to increased heart
rates, followed by the observation that the participants did not
experience a health catastrophe. We did not include a specific
measure to monitor the intensity of physical activities, but
participants who were more physically active also exposed
themselves more often to activities that increased their heart
rate. We hypothesize that even a temporary increase in activity
level with a focus on achieving a high heart rate may have
lasting positive effects on cardiac-related anxiety and
psychological limitations associated with physical activity.

Subgroup Analysis of Patients With a PHQ-9 Score
>5 at Baseline
Studies that included noncardiac chest pain patients regardless
of baseline noncardiac chest pain–related symptom levels, such
as [8] and our study, might have difficulty detecting significant
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differences when baseline scores are low. We found larger
effects on most outcome measures among internet-based
cognitive behavioral therapy participants with baseline PHQ-9
scores ≥5. Patients with noncardiac chest pain and with
depressive symptoms might benefit more from internet-based
cognitive behavioral therapy, and PHQ-9 scores should be
further analyzed as a possible predictor of treatment effects.
Given that internet-based cognitive behavioral therapy was
effective for the participant group as a whole, offering a low-cost
intervention with no known side effects to all patients with
noncardiac chest pain regardless of symptom levels at a busy
cardiac unit might be advantageous from an implementation
perspective, even though internet-based cognitive behavioral
therapy might not be needed for those with low depression
scores at baseline.

Comparison With Prior Work
Previously, only one small pilot randomized controlled trial [9]
tested the effectiveness of internet-based cognitive behavioral
therapy for noncardiac chest pain and did not find statistically
significant differences in CAQ or BSQ scores; however, the
study was clearly underpowered. In another recent study [8],
3- or 4-session face-to-face cognitive behavioral therapy were
compared with treatment as usual in an unselected group of 424
noncardiac chest pain patients recruited at the hospital
immediately after their cardiac examination, and health anxiety
improved at the 3-month follow-up in the intervention group
compared with in the treatment-as-usual group, but these
improvements were not sustained at the 12-month follow-up.
The main difference between [8] and our study is that our
intervention focused on exposure to physical activity (which
was not emphasized in [8]). Notably, Jonsbu et al [7] found
sustained improvements in BSQ, avoidance of physical activity
and depression 12 months after the participants completed their
exercise-focused cognitive behavioral therapy treatment. Our
focus on physical activity may account for the enduring effects
of our intervention. Cognitive behavioral therapy is often more
powerful when maladaptive cognitions are challenged during
systematic exposure [27].

Strengths and Limitations
This study has several significant strengths. First, a high
percentage of potential candidates accepted and participated
(162/231, 70%), perhaps because the patients were recruited in
a cardiac setting. Second, adherence to the internet-based
cognitive behavioral therapy was high (68/81, 84%), and sample
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retention at the 12-month follow-up was acceptable (117/162,
72.2%). Third, the study was performed in a routine clinical
setting with few exclusion criteria, which strengthens the
generalizability of the results. Fourth, the intervention required
approximately 1 hour of therapist time per patient and was easy
to administer. Finally, outcome measures were collected
electronically, and randomization was performed electronically
at a remote location.
This trial also had some limitations. First, the therapist (TT)
who conducted all the check-in calls during this study
participated in the development of the intervention and had
previous cognitive behavioral therapy training, which may have
increased the effect of internet-based cognitive behavioral
therapy in this study. In addition, all check-in calls were made
by the same therapist, except during a period of a few weeks.
Second, the control group only received treatment as usual (we
did not use a sham intervention as a control condition). Third,
neither the therapist nor the participants could be blinded to the
intervention. Fourth, computer literacy and internet access were
required in order to utilize the intervention. Finally, the
assessment of physical activity and analysis of PHQ-9 ≥5 were
not described in the original trial registration. A recent study
[8] found that brief cognitive behavioral therapy without a
particular focus on physical activity does not have an effect on
noncardiac chest pain, suggesting that physical activity is an
important aspect of the treatment. The analysis of PHQ-9 ≥5
was added because previous research found that higher
depression scores predicted poorer outcomes in patients with
noncardiac chest pain [2,28].

Clinical Implications and Further Research
An easily accessible, low-cost, and effective internet-based
cognitive behavioral therapy for noncardiac chest pain has the
potential to improve care and quality of life in a large and
underserved group of patients. Further research is needed to
investigate whether standard staff working at the cardiac unit
can provide this type of care effectively and to determine
whether certain patient subgroups benefit more or less from this
type of intervention.

Conclusions
This study provides evidence that internet-based cognitive
behavioral therapy with minimal therapist contact and with a
focus on physical activity is effective in reducing cardiac anxiety
and increasing health-related quality of life in patients with
noncardiac chest pain.

Acknowledgments
Southeastern Norway Regional Health Authority (grant 2016031) and Sørlandet Hospital HF supported this project.
We thank Are Hugo Pripp, Gunvor Launes, Ingrid Klovning, and Finn Tore Gjestvang for significant contributions to this project.
We also thank the patients who participated in the study and the staff at the cardiac department at Sørlandet Hospital, Kristiansand.

Authors' Contributions
JAH conceived the project. TT, JAH, EWM, LTW, FT, and EJ contributed to study design and intervention development. TT,
JAH, EWM, LTW, FT, and EJ contributed to data collection. JAH, FG, and EJ contributed to statistical analysis. JAH, EWM,
and EJ prepared the manuscript.
https://www.jmir.org/2022/1/e33631

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e33631 | p.532
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Thesen et al

Conflicts of Interest
The technical platform used to deliver the intervention is owned by Assistert Selvhjelp AS. None of the authors has economic
relationship with Assistert Selvhjelp AS.
Multimedia Appendix 1
Snapshots from the intervention.
[DOCX File , 3498 KB - jmir_v24i1e33631_app1.docx ]
Multimedia Appendix 2
CONSORT-EHEALTH checklist (V 1.6.1).
[PDF File (Adobe PDF File), 1270 KB - jmir_v24i1e33631_app2.pdf ]

References
1.

2.

3.

4.

5.

6.

7.

8.

9.

10.

11.
12.
13.
14.

15.

16.

Stallone F, Twerenbold R, Wildi K, Reichlin T, Rubini Gimenez M, Haaf P, et al. Prevalence, characteristics and outcome
of non-cardiac chest pain and elevated copeptin levels. Heart 2014 Nov;100(21):1708-1714. [doi:
10.1136/heartjnl-2014-305583] [Medline: 24968886]
Jonsbu E, Dammen T, Morken G, Martinsen EW. Patients with noncardiac chest pain and benign palpitations referred for
cardiac outpatient investigation: a 6-month follow-up. Gen Hosp Psychiatry 2010;32(4):406-412. [doi:
10.1016/j.genhosppsych.2010.03.003] [Medline: 20633745]
Mourad G, Alwin J, Strömberg A, Jaarsma T. Societal costs of non-cardiac chest pain compared with ischemic heart
disease--a longitudinal study. BMC Health Serv Res 2013;13:403 [FREE Full text] [doi: 10.1186/1472-6963-13-403]
[Medline: 24107009]
Mourad G, Strömberg A, Johansson P, Jaarsma T. Depressive symptoms, cardiac anxiety, and fear of body sensations in
patients with non-cardiac chest pain, and their relation to healthcare-seeking behavior: a cross-sectional study. Patient 2016
Feb;9(1):69-77. [doi: 10.1007/s40271-015-0125-0] [Medline: 25840677]
Mourad G, Alwin J, Jaarsma T, Strömberg A, Johansson P. The associations between psychological distress and health-related
quality of life in patients with non-cardiac chest pain. Health Qual Life Outcomes 2020 Mar 12;18(1):68 [FREE Full text]
[doi: 10.1186/s12955-020-01297-0] [Medline: 32160887]
Kisely SR, Campbell LA, Yelland MJ, Paydar A. Psychological interventions for symptomatic management of non-specific
chest pain in patients with normal coronary anatomy. Cochrane Database Syst Rev 2015 Jun 30(6):CD004101 [FREE Full
text] [doi: 10.1002/14651858.CD004101.pub5] [Medline: 26123045]
Jonsbu E, Dammen T, Morken G, Moum T, Martinsen EW. Short-term cognitive behavioral therapy for non-cardiac chest
pain and benign palpitations: a randomized controlled trial. J Psychosom Res 2011 Feb;70(2):117-123. [doi:
10.1016/j.jpsychores.2010.09.013] [Medline: 21262413]
Mulder R, Zarifeh J, Boden J, Lacey C, Tyrer P, Tyrer H, et al. An RCT of brief cognitive therapy versus treatment as usual
in patients with non-cardiac chest pain. Int J Cardiol 2019 Aug 15;289:6-11. [doi: 10.1016/j.ijcard.2019.01.067] [Medline:
30770262]
Mourad G, Strömberg A, Jonsbu E, Gustafsson M, Johansson P, Jaarsma T. Guided internet-delivered cognitive behavioural
therapy in patients with non-cardiac chest pain - a pilot randomized controlled study. Trials 2016 Jul 26;17(1):352 [FREE
Full text] [doi: 10.1186/s13063-016-1491-1] [Medline: 27456689]
Thesen T, Jonsbu E, Martinsen EW, Himle JA, Thorup F, Launes G, et al. Internet-assisted cognitive behavioural therapy
for non-cardiac chest pain: a pilot and feasibility study. Cogn Behav Therap 2021 Jul 01;14:1-18. [doi:
10.1017/s1754470x21000155]
Eifert GH, Thompson RN, Zvolensky MJ, Edwards K, Frazer NL, Haddad JW, et al. The cardiac anxiety questionnaire:
development and preliminary validity. Behav Res Ther 2000 Oct;38(10):1039-1053. [Medline: 11004742]
Marker CD, Carmin CN, Ownby RL. Cardiac anxiety in people with and without coronary atherosclerosis. Depress Anxiety
2008;25(10):824-831 [FREE Full text] [doi: 10.1002/da.20348] [Medline: 17597101]
Khawaja N. Revisiting the factor structure of the agoraphobic cognitions questionnaire and body sensations questionnaire:
a confirmatory factor analysis study. J Psychopathol Behav Assess 2003;25(1):57-63. [doi: 10.1023/A:1022204104267]
Van Beek MHCT, Zuidersma M, Lappenschaar M, Pop G, Roest AM, Van Balkom AJLM, et al. Prognostic association
of cardiac anxiety with new cardiac events and mortality following myocardial infarction. Br J Psychiatry 2016
Nov;209(5):400-406. [doi: 10.1192/bjp.bp.115.174870] [Medline: 27539297]
Chambless DL, Caputo GC, Bright P, Gallagher R. Assessment of fear of fear in agoraphobics: the body sensations
questionnaire and the agoraphobic cognitions questionnaire. J Consult Clin Psychol 1984 Dec;52(6):1090-1097. [Medline:
6520279]
Kroenke K, Spitzer RL, Williams JB. The PHQ-9: validity of a brief depression severity measure. J Gen Intern Med 2001
Sep;16(9):606-613 [FREE Full text] [Medline: 11556941]

https://www.jmir.org/2022/1/e33631

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e33631 | p.533
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
17.
18.

19.

20.

21.

22.
23.

24.

25.
26.
27.

28.

Thesen et al

Erbe D, Eichert H, Rietz C, Ebert D. Interformat reliability of the patient health questionnaire: Validation of the computerized
version of the PHQ-9. Internet Interv 2016 Sep;5:1-4. [doi: 10.1016/j.invent.2016.06.006] [Medline: 25904163]
Herdman M, Gudex C, Lloyd A, Janssen M, Kind P, Parkin D, et al. Development and preliminary testing of the new
five-level version of EQ-5D (EQ-5D-5L). Qual Life Res 2011 Dec;20(10):1727-1736 [FREE Full text] [doi:
10.1007/s11136-011-9903-x] [Medline: 21479777]
Kounali D, Button KS, Lewis G, Gilbody S, Kessler D, Araya R, et al. How much change is enough? Evidence from a
longitudinal study on depression in UK primary care. Psychol Med 2020 Nov 03:1-8. [doi: 10.1017/S0033291720003700]
[Medline: 33138872]
Kroenke K, Stump T, Chen C, Kean J, Bair M, Damush TM, et al. Minimally important differences and severity thresholds
are estimated for the PROMIS depression scales from three randomized clinical trials. J Affect Disord 2020 Apr
01;266:100-108 [FREE Full text] [doi: 10.1016/j.jad.2020.01.101] [Medline: 32056864]
Turkoz I, Alphs L, Singh J, Jamieson C, Daly E, Shawi M, et al. Clinically meaningful changes on depressive symptom
measures and patient-reported outcomes in patients with treatment-resistant depression. Acta Psychiatr Scand 2021
Mar;143(3):253-263 [FREE Full text] [doi: 10.1111/acps.13260] [Medline: 33249552]
Pickard AS, Neary MP, Cella D. Estimation of minimally important differences in EQ-5D utility and VAS scores in cancer.
Health Qual Life Outcomes 2007 Dec 21;5:70 [FREE Full text] [doi: 10.1186/1477-7525-5-70] [Medline: 18154669]
Nolan CM, Longworth L, Lord J, Canavan JL, Jones SE, Kon SSC, et al. The EQ-5D-5L health status questionnaire in
COPD: validity, responsiveness and minimum important difference. Thorax 2016 Dec;71(6):493-500 [FREE Full text]
[doi: 10.1136/thoraxjnl-2015-207782] [Medline: 27030578]
Hu X, Jing M, Zhang M, Yang P, Yan X. Responsiveness and minimal clinically important difference of the EQ-5D-5L in
cervical intraepithelial neoplasia: a longitudinal study. Health Qual Life Outcomes 2020 Oct 02;18(1):324 [FREE Full text]
[doi: 10.1186/s12955-020-01578-8] [Medline: 33008423]
Frieling T. Non-cardiac chest pain. Visc Med 2018 Apr;34(2):92-96 [FREE Full text] [doi: 10.1159/000486440] [Medline:
29888236]
Dammen T, Bringager CB, Arnesen H, Ekeberg O, Friis S. A 1-year follow-up study of chest-pain patients with and without
panic disorder. Gen Hosp Psychiatry 2006;28(6):516-524. [doi: 10.1016/j.genhosppsych.2006.08.005] [Medline: 17088168]
Bilet T, Olsen T, Andersen JR, Martinsen EW. Cognitive behavioral group therapy for panic disorder in a general clinical
setting: a prospective cohort study with 12 to 31-years follow-up. BMC Psychiatry 2020 May 24;20(1):259 [FREE Full
text] [doi: 10.1186/s12888-020-02679-w] [Medline: 32448206]
Mourad G, Jaarsma T, Hallert C, Strömberg A. Depressive symptoms and healthcare utilization in patients with noncardiac
chest pain compared to patients with ischemic heart disease. Heart Lung 2012 Sep;41(5):446-455. [doi:
10.1016/j.hrtlng.2012.04.002] [Medline: 22652167]

Abbreviations
BSQ: Body Sensations Questionnaire
CAQ: Cardiac Anxiety Questionnaire
EQ-VAS: EuroQol Visual Analog Scale
PHQ-9: Patient Health Questionnaire–9

Edited by G Eysenbach; submitted 30.09.21; peer-reviewed by E Børøsund; comments to author 19.11.21; revised version received
27.11.21; accepted 30.11.21; published 24.01.22.
Please cite as:
Thesen T, Himle JA, Martinsen EW, Walseth LT, Thorup F, Gallefoss F, Jonsbu E
Effectiveness of Internet-Based Cognitive Behavioral Therapy With Telephone Support for Noncardiac Chest Pain: Randomized
Controlled Trial
J Med Internet Res 2022;24(1):e33631
URL: https://www.jmir.org/2022/1/e33631
doi:10.2196/33631
PMID:35072641

©Terje Thesen, Joseph A Himle, Egil W Martinsen, Liv T Walseth, Frode Thorup, Frode Gallefoss, Egil Jonsbu. Originally
published in the Journal of Medical Internet Research (https://www.jmir.org), 24.01.2022. 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

https://www.jmir.org/2022/1/e33631

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e33631 | p.534
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Thesen et al

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/2022/1/e33631

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e33631 | p.535
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Duan et al

Original Paper

The Effectiveness of Sequentially Delivered Web-Based
Interventions on Promoting Physical Activity and Fruit-Vegetable
Consumption Among Chinese College Students: Mixed Methods
Study
Yanping Duan1,2*, PhD; Wei Liang1,2*, PhD; Yanping Wang3, MEd; Sonia Lippke4, PhD; Zhihua Lin5, PhD; Borui
Shang6, PhD; Julien Steven Baker1,2, PhD, DSc
1

Department of Sport, Physical Education and Health, Faculty of Social Sciences, Hong Kong Baptist University, Hong Kong, China (Hong Kong)

2

Center for Health and Exercise Science Research, Hong Kong Baptist University, Hong Kong, China (Hong Kong)

3

The National Physical Fitness Lab, Hubei Institute of Sport Science, Wuhan, China

4

Department of Psychology & Methods, Jacobs University Bremen, Bremen, Germany

5

Sport Section, Wuhan University, Wuhan, China

6

Department of Social Sciences, Hebei Sport University, Shijiazhuang, China

*

these authors contributed equally

Corresponding Author:
Yanping Duan, PhD
Department of Sport, Physical Education and Health
Faculty of Social Sciences
Hong Kong Baptist University
12/F Hong Kong Baptist University Shek Mun Campus
8 On Muk Street, Shek Mun, Shatin
Hong Kong, HKG
China (Hong Kong)
Phone: 852 34113038
Fax: 852 34113357
Email: duanyp@hkbu.edu.hk

Abstract
Background: Web-based interventions for multiple health behavior change (MHBC) appear to be a promising approach to
change unhealthy habits. Limited research has tested this assumption in promoting physical activity (PA) and fruit-vegetable
consumption (FVC) among Chinese college students. Moreover, the timing of MHBC intervention delivery and the order of
components need to be addressed.
Objective: This study aims to examine the effectiveness of 2 sequentially delivered 8-week web-based interventions on physical
activity, FVC, and health-related outcomes (BMI, depression, and quality of life) and the differences in the intervention effects
between the 2 sequential delivery patterns. The study also aims to explore participants’ experiences of participating in the health
program.
Methods: We conducted a randomized controlled trial, in which 552 eligible college students (mean 19.99, SD 1.04 years,
322/552, 58.3% female) were randomly assigned to 1 of 3 groups: PA-first group (4 weeks of PA followed by 4 weeks of FVC
intervention), FVC-first group (4 weeks of FVC followed by 4 weeks of PA intervention), and a control group (8 weeks of placebo
treatment unrelated to PA and FVC). The treatment content of two intervention groups was designed based on the Health Action
Process Approach (HAPA) framework. A total of four web-based assessments were conducted: at baseline (T1, n=565), after 4
weeks (T2, after the first behavior intervention, n=486), after 8 weeks (T3, after the second behavior intervention, n=420), and
after 12 weeks (T4, 1-month postintervention follow-up, n=348). In addition, after the completion of the entire 8-week intervention,
18 participants (mean 19.56, SD 1.04 years, 10/18, 56% female) who completed the whole program were immediately invited to
attend one-to-one and face-to-face semistructured interviews. The entire study was conducted during the fall semester of 2017.
Results: The quantitative data supported superior effects on physical activity, FVC, and BMI in the 2 sequential intervention
groups compared with the control group. There were no significant differences in physical activity, FVC, and health-related
https://www.jmir.org/2022/1/e30566
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outcomes between the 2 intervention groups after 8 weeks. The FVC-first group contributed to more maintenance of FVC compared
with the PA-first group after 12 weeks. Four major themes with several subthemes were identified in the qualitative thematic
analysis: PA and FVC behavior, health-related outcomes, correlates of behavior change, and contamination detection.
Conclusions: This study provides empirical evidence for the effectiveness of sequentially delivered, web-based MHBC
interventions on PA and FVC among Chinese college students. The timing issue of MHBC intervention delivery was preliminarily
addressed. Qualitative findings provide an in-depth understanding and supplement the quantitative findings. Overall, this study
may contribute considerably to future web-based MHBC interventions.
Trial Registration: ClinicalTrials.gov NCT03627949; https://clinicaltrials.gov/ct2/show/NCT03627949
International Registered Report Identifier (IRRID): RR2-10.1186/s12889-019-7438-1
(J Med Internet Res 2022;24(1):e30566) doi:10.2196/30566
KEYWORDS
web-based intervention; physical activity; fruit-vegetable consumption; college students; health action process approach; mixed
methods; quantitative research; qualitative research

Introduction
Background
Considerable evidence indicates a high prevalence of physical
inactivity and insufficient consumption of fruit and vegetables
among college students [1]. In China, especially, recent studies
have revealed that about 40% of Chinese college students do
not meet the 150 accumulated minutes of moderate physical
activity (PA) per week recommended by the World Health
Organization [2,3], and more than half of this population does
not consume the recommended 5 servings (400 g) of fruit and
vegetables per day [4,5].
College students, who are in a crucial transition stage from late
adolescence to adulthood, adopting such unhealthy behaviors
can increase the risk of many chronic diseases (eg,
cardiovascular diseases, obesity, or type 2 diabetes) and
jeopardize their mental health (eg, increase the risk of
depression) [6,7]. Therefore, promoting PA and fruit-vegetable
consumption (FVC) in this population is essential. Over the
past 2 decades, much evidence has shown that multiple health
behavior change (MHBC) interventions can promote both PA
and healthy diet among college students [1,8,9]. Thus, MHBC
interventions for college students are promising for supporting
long-lasting behavior changes into late adulthood.
With the burgeoning use of the internet, web-based MHBC
intervention programs have been widely applied in various
populations [10-12]. Compared with traditional face-to-face,
analogous-delivered modes, using the internet to deliver MHBC
interventions has been demonstrated to have a series of
advantages, such as accessibility, scalability, cost-effectiveness,
and convenience [13]. For college students, who form the
majority of the internet users, the acceptability and effectiveness
of web-based MHBC interventions for promoting PA and FVC
have been proven by a growing body of evidence [1,9,14].
However, most of the existing studies have been conducted in
Western countries, while there is limited research on Chinese
college students.
One debatable question in MHBC research is how to deliver
MHBC interventions (ie, delivery timing) to achieve more robust
treatment effects and whether the order of the sequential
https://www.jmir.org/2022/1/e30566
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intervention contents makes a difference [15]. Opinions differ,
and the evidence is limited and inconsistent to date. One view
suggests that multiple health behaviors typically coexist as
behavioral clusters or bundles [16-19]. For example, one risk
behavior (eg, sedentary behavior) often occurs with other risk
behaviors (eg, excessive intake of fat and sugar, smoking, or
alcohol addiction) or one health-protective behavior (eg,
physical activity) coexists with other health-protective behaviors
(eg, FVC). This interconnection of health behaviors can generate
synergistic or additive effects, contributing to the reinforcement
of the treatment effects when changing them simultaneously
[16-18]. Furthermore, this approach is shorter and less costly
[18]. In contrast, some researchers argue that simultaneous
intervention delivery may be overburdened, as it requires
individuals to make considerable efforts to self-regulate to adopt
multiple health behaviors [20,21]. In addition, a simultaneous
approach may not address any particular behavior in sufficient
depth, decreasing the potential effects of the intervention.
Therefore, sequential delivery may be more suitable [19,20].
This design often requires delivering interventions over a longer
period, which potentially increases costs, and if the design lacks
motivation strategies, participation and adherence will suffer
[22]. In addition to these viewpoints, a review of 6 studies
suggested that both simultaneous and sequential approaches
can be considered equally effective in MHBC interventions
[23]; thus, the main question relates more to the sequential order
of the intervention components.
However, previous MHBC studies focused mostly on the
combination of heterogeneous categories of behaviors (eg, risk
behaviors plus health protecting behaviors). When targeting PA
and FVC, which are both health-protecting behaviors, some
evidence has indicated that there is a gateway or carry-over
effect between PA and FVC [21,24,25]. In a sequential design,
changing the first behavior (PA/FVC) may result in increased
self-efficacy or self-regulation to undertake the second behavior
(FVC/PA), thereby contributing to successful changes in both
behaviors [21,24,25]. In addition, using a sequential design may
ensure that each behavior can be adequately addressed, and this
is particularly important for college students who are at a critical
life transition to establish or sustain favorable lifestyles in the
long term [8]. Given these findings, it is possible that a
sequential approach may be more effective for interventions
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that address PA and FVC behavior among college students.
Nevertheless, the question related to 2 sequential delivery
patterns (PA-first vs FVC-first), of which one would contribute
more to improvements in health behaviors and health-related
outcomes, is still unclear. Further examination of this aspect is
warranted.

This Study
The health action process approach (HAPA) model was used
as the theoretical framework of intervention in this study
[12,26,27]. The HAPA model postulates two distinctive stages
(motivational and volitional) for the process of behavior change,
where individuals may experience a dynamic process from
generating a behavioral intention to performing and maintaining
a specific health behavior [28]. A series of psychosocial factors
are considered crucial in the behavioral change process. During
the motivational stage, the primary task is to form a behavioral
intention, where action self-efficacy, outcome expectancies,
and risk perceptions are proposed as contributory antecedents
of intention. Once individuals have initiated behavioral intention,
volitional factors (action planning and coping planning,
maintenance, and recovery self-efficacies) and external resources
(social support) play imperative roles in bridging the
intention-behavior gap to facilitate behavioral execution and
maintenance. The applicability of the HAPA model in promoting
various health behaviors among adults has been widely approved
[16,29,30].
The mixed methods approach can combine the merits of both
quantitative and qualitative methods (ie, integrating the power
of stories and the power of numbers) and compensate for their
respective limitations [31]. Therefore, this study uses a
sequential mixed methods design, including a randomized
controlled trial (RCT) and face-to-face interviews. In particular,
the RCT aims to quantitatively examine the effectiveness of
web-based interventions in promoting PA and FVC behavior
and health-related outcomes among Chinese college students.
We hypothesize that (1) both intervention groups (PA-first and
FVC-first) would show more changes in PA (metabolic
equivalent [MET]-min/week) and FVC (Portion/ day) compared
with the control group; (2) both intervention groups would show
more changes in health-related outcomes (BMI, depression, and
perceived quality of life) compared with the control group; and
(3) 2 intervention groups would differ significantly in PA
(MET-min/week), FVC (portion/day), and health-related
outcomes at 8 and 12 weeks. With regard to the one-on-one and
face-to-face qualitative interviews, we aim to explore college
students’ experiences and perceptions of participating in the
web-based MHBC intervention program.

Methods
Quantitative Study: An RCT
Participants and Procedure
Considering the feasibility and limited resources, an RCT was
adopted instead of a cluster RCT with a standard 3-arm, parallel,
double-blinded design. The study participants were
undergraduate students from a university in the central region
of China. The sample size was calculated using G*Power
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software (Version 3.1). As this study aimed to improve MHBC,
PA and FVC were treated as coprimary outcomes, and the
family-wise error rate was not necessary to be controlled for
the sample size calculation [32,33]. Considering the effect size
of PA change was smaller than that of FVC in our previous
studies, the sample size estimate in this study was based on an
average effect size of 0.45 on PA only (Cohen d) [26,29] to
ensure robust analyses for the treatment effects on both
outcomes (ie, conjunctive power) [32,33]. Therefore, to provide
a power of 0.8 (1-β) with an α of .05, 79 participants were
required for each group. Assuming a dropout rate of 40% to the
posttest (dropout rates ranged from approximately 30% to 50%
in previous studies [26]), a total of 396 participants (132 per
group) were needed.
A total of 634 college students were contacted in their first
general physical education (PE) classes with the assistance of
PE lecturers during the fall semester of 2017. In China, college
students are required to take PE courses based on the national
education guideline [34]. Therefore, it was feasible to recruit
students from different departments via their PE classes. Once
students expressed interest, they were provided with a hard copy
of the study consent form and were invited to complete the
web-based
registration
(including
sociodemographic
information) by scanning a quick response (QR) code. Among
the 634 participants, 565 (89.1%) college students (aged ≥18
years) met the following eligibility criteria: (1) were not
collegiate athletes or majoring in any sport-related subjects, (2)
were not vegetarians, (3) had no restrictions on physical mobility
(eg, heart diseases, stroke, or disability) or FVC (eg, fruit
allergies or diabetes), and (4) were able to use a computer or
laptop and mobile phone and had access to the internet.
After qualification screening, all 565 eligible students were
randomly allocated to 1 of 3 groups. The random number list
was generated at the backend management system of the website
platform. The three groups consisted of intervention group 1
(PA-first group: first 4-week intervention addressing physical
activity, followed by a 4-week intervention addressing FVC;
189/565, 33.5%), intervention group 2 (FVC-first group: first
4-week intervention addressing FVC, followed by a 4-week
intervention addressing physical activity; 198/565, 35.0%), and
a placebo control group (8-week placebo treatments, which
were not relevant to changing actual PA and FVC behavior;
178/565, 31.5%). One week after randomization, participants
were invited to attend the session once a week for approximately
25 minutes each time for 8 weeks. All participants were asked
to complete the weekly health sessions independently and not
to discuss the content of the health sessions with their
classmates, roommates, and friends.
In addition to attending the intervention session, all participants
were asked to complete electronic questionnaires at 4 time
points: baseline (T1, at the beginning of the intervention), after
4 weeks (T2, after the completion of the 4-week intervention
on the first behavior), after 8 weeks (T3, after the completion
of the 4-week intervention on the second behavior), and after
12 weeks (T4, 1-month follow-up after intervention completion;
Multimedia Appendix 1). After excluding participants who did
not complete the baseline assessment, the final sample consisted
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of 552 participants. Participant flow and retention are shown in
Figure 1.
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We obtained ethical approval from the research ethics committee
of Hong Kong Baptist University (FRG2/15-16/032) and
registered the study on ClinicalTrials.gov (NCT03627949).

Figure 1. CONSORT (Consolidated Standards of Reporting Trials) flow diagram. FVC: fruit-vegetable consumption; PA: physical activity; PE: physical
education.

Intervention
The intervention was designed based on the health action process
approach (HAPA) model, which lasted for 8 weeks [9,12,27,28].
The PA-first module was designed in a previous project
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conducted by our research team [26,29]. In particular, the
intervention content of the first 4-week period targeted the
following HAPA-based constructs for physical activity: week
1 included risk perception, outcome expectancies, and goal
settings (contributing to the formation and enhancement of PA
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intention); week 2 included development of action planning;
week 3 included revision and adjustment of previous action
planning and development of coping planning; and week 4
included revision and adjustment of previous coping planning
and development of perceived social support. The same
intervention constructs were then implemented to target the
HAPA-based social cognitive determinants of FVC change in
the second 4-week period. The earlier project only addressed
one sequence of intervention delivery (PA-first) among Chinese
college students [24]. This study extended the intervention
delivery modules by adding an FVC-first module. Multimedia
Appendix 2 shows the intervention variables and content for
the 2 intervention groups and a placebo control group.
Furthermore, a series of behavior change techniques were used
in the weekly intervention sessions to facilitate the
implementation and maintenance of PA and FVC [35]
(Multimedia Appendix 3).
In addition, given the high dropout rate (31.6% for posttest and
71.2% for the follow-up test) in our previous study [24], several
new strategies and approaches were implemented in this study
to increase the attractiveness of the health program and
maximize participant retention [36], including (1) restructuring
the website page to match the preferences of young adults, for
example, supplementing vivid pictures and redrawing the layout;
(2) adding pop-up messages to prevent participants from missing
a unit or a single item; and (3) using WeChat (a popular social
media platform in China) to contact the participants and deliver
the reminder messages. In addition, participants who adhered
to the 8-week intervention and 4 time-point data collection
would be provided with monetary incentive (US $8.0) as a
reward.

Measures
Primary Outcomes: PA and FVC
PA was measured using the Chinese short version of the
International Physical Activity Questionnaire (IPAQ-C) [37].
The IPAQ-C asked participants to report the frequency and
duration of engaging in 3 intensities of PA in the past 7 days.
The weekly MET-min of total PA were calculated using the
following equation [37]:
PA (MET-min/week) = 8.0 METs × vigorous intensity
of PA (min/week) + 4.0METs × moderate intensity
of PA (min/week) + 3.3METs × light intensity of PA
(min/week)
FVC was measured by using a 4-item scale, asking the
participants to count the portions of fruit and vegetables they
consumed on average during a typical day [38]. Each item (raw
vegetables, fruit, cooked or steamed vegetables, and fruit or
vegetable juice) had 11 options for the number of portions such
as 0, 0.5, 1, 1.5, 2, and 2.5 until 5 or above. The total consumed
portion was the sum of each item.
Secondary Outcomes: Health-Related Outcomes
BMI was measured by asking participants to self-report their
body weight (kg) and height (m). BMI was calculated using the
formula BMI = weight (kg)/height squared (m2) [39].
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Depression was measured using the Chinese version of the
Centre for Epidemiologic Studies Depression–10 Scale [40].
Participants were asked with the question stem as “In the past
week how often I feel” followed by 10 items such as “...I was
bothered by things that usually don’t bother me” (Cronbach
α=.78). Answers were given on a visual analog scale (VAS)
from rarely or none of the time (<1 day) 0 to most or all the
time (5-7 days) 3 [40,41].
Perceived quality of life was assessed using the short version
of the World Health Organization Quality of Life-BREF [42].
Respondents were first asked about their general quality of life
as “How would you rate your quality of life?” with a VAS score
ranging from (very poor=1) to (very good=5). The physical
health subdomain with 7 items was also measured (Cronbach
α=.71), such as “How satisfied are you with your ability to
perform your daily living activities?” with a VAS score ranging
from (very dissatisfied=1) to (very satisfied=5).
Demographic Information
Gender, age, relationship status (single or in a relationship),
grade (freshman or sophomore or junior or senior), major, and
self-reported health status (bad or medium or good) were
included in demographic information.
All measurement instruments were translated into a Chinese
version and validated in previous studies with Chinese college
students [26]. Demographic information was collected only at
registration (T0). All other measurements were measured at T1,
T2, T3, and T4.

Statistical Analyses
The data were analyzed using SPSS (version 25.0; IBM
Corporation). Analyses of variances, independent t tests, and
chi-square tests were performed to examine whether the
randomization was successful. Where there were significant
differences across groups at baseline, the variables were treated
as covariates in subsequent analyses. Data analyses for the
intervention effects were performed using the intention-to-treat
principle, with per-protocol analysis as a sensitivity test [43].
Missing values were addressed using the multiple imputation
method with chained equations, except for dropouts, which
were imputed with the baseline-observation-carried-forward
approach [44]. A series of generalized linear mixed models were
applied to evaluate the intervention effects on outcome measures
at different time points, with time, group, and their interaction
as fixed effects, and with individuals as random effects. On the
basis of the −2 log likelihood and Akaike and Bayesian
information criteria, an unstructured covariance structure was
selected for the model estimation using a restricted maximum
likelihood approach. For the post hoc comparison, considering
that studies with co-primary outcomes may increase the type-II
error rate and decrease the study power [33], the least significant
difference method was used rather than other adjusted
approaches (eg, Bonferroni) [45-47]. In addition, chi-square
tests were used for post hoc comparisons. The 5% level
(2-tailed) was used as the statistical significance cut-off point.
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Qualitative Study: Interviews
Study Design and Participants
On the basis of the guideline of descriptive phenomenology, a
series of one-on-one and face-to-face semistructured interviews
were conducted, which involved three types of questions
(open-ended, closed-ended, and conformational) [48].
To reach theoretical saturation, based on the rule of thumb and
calculating the mean of selected qualitative studies, 18
participants who completed the web-based MHBC interventions
were randomly recruited from 2 intervention groups and 1
control group in the RCT (6 participants for each group).

Procedure and Data Collection
The research team jointly developed an interview guide (4
experts in the health psychology domain), including questions,
prompts, and guides, based on suggestions from Bryman and
Flick [48,49]. A detailed interview guide can be found elsewhere
[50] (Multimedia Appendix 4).
One-on-one and face-to-face semistructured interviews were
conducted after the completion of the 8-week web-based MHBC
interventions. On the basis of the interview guide, the main
question was used to invite the participants to talk freely, such
as “What is your experience with the 8-week web-based health
program?” Additional questions were asked during the
conversation for clarification and elaboration, such as “If so,
can you explain in more detail? What caused this change in
your behavior?” Each interview was audio-recorded and lasted
approximately 30 minutes. Each interviewee could obtain US
$6.5 as a participation remuneration if they completed the
interview.

Data Analysis
The audio-recorded interview data were transcribed
orthographically and organized using NVivo (version 11; QSR
International). Thematic analysis was used for data analysis,
including six phases: familiarization with the data, generation
of the initial codes, searching for themes, reviewing the potential
themes, defining and naming themes, and producing the report
[51]. Two members of the research team (WL and YW)
independently conducted the first five steps (intercoder
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agreement=97%). All discrepancies in any aspect of the analysis
process (eg, defining the potential themes and subthemes) were
discussed by three members of the research team (WL, YW,
and YD) until consensus was reached. Both inductive and
deductive processes were involved in the thematic analysis
process. Finally, to guarantee the credibility and trustworthiness
of the qualitative study, the entire procedure followed a set of
principles, including sensitivity, commitment, rigor,
transparency, coherence impact, and importance (Multimedia
Appendix 5) [52]. To guarantee that this study complied with
qualitative reporting standards, the 32-item Consolidated Criteria
for Reporting Qualitative Studies (COREQ) checklist was used
[53] (Multimedia Appendix 6).

Results
Quantitative Study Results
Randomization Check and Sample Characteristics
A randomization check indicated that there were no significant
differences in baseline characteristics across the 3 groups in
relation to gender, age, study year, relationship status, and
self-reported health status (P=.37-.83). Moreover, the 3 groups
did not differ significantly in all continuous and categorical
variables with regard to the physical activity, FVC, and health
outcomes at baseline (P=.098-.93). Therefore, the randomization
was successful.
A description of the study sample is provided in Table 1. A total
of 552 valid respondents were recruited from 28 different
departments (the total number of university departments is 34),
including 322 (58.3%) females and 230 (41.7%) males, with
the age ranging from 18 to 24 years (mean 19.99, SD 1.04
years). Most of the participants were freshmen and sophomores,
that is 47.8% (264/552) and 41.5% (229/552) of the total sample,
respectively. Among these participants, only 46 (8.3%) indicated
being in a relationship. The average BMI was 20.41 kg/m2 (SD
2.45 kg/m2). Most participants (374/552, 67.8%) had a healthy
weight, 23% (127/552) were underweight, and 9.2% (51/552)
were overweight. In addition, 64.9% (358/552) of the
participants indicated a medium level of self-reported health
status.
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Table 1. Sociodemographic information, PAa, FVCb, and health outcomes of the study sample at baseline.
Variable

Total (N=552)

PA-first (n=187)

FVC-first (n=195)

Control (n=170)

19.99 (1.04)

20.07 (1.07)

19.96 (0.99)

19.93 (1.06)

Male

230 (41.7)

79 (42.2)

78 (40)

73 (42.9)

Female

322 (58.3)

108 (57.8)

117 (60)

97 (57.1)

Freshman

264 (47.8)

86 (46.0)

90 (46.2)

88 (51.8)

Sophomore

229 (41.5)

77 (41.2)

84 (43.1)

68 (40)

Junior

46 (8.3)

18 (9.6)

16 (8.2)

12 (7.1)

Senior

13 (2.4)

6 (3.2)

5 (2.6)

2 (1.2)

Single

506 (91.7)

170 (90.9)

183 (93.8)

153 (90)

In a relationship

46 (8.3)

17 (9.1)

12 (6.2)

17 (10)

Poor

17 (3)

5 (2.7)

9 (4.6)

3 (1.8)

Medium

358 (64.9)

122 (65.2)

125 (64.1)

111 (65.3)

Good

177 (32.1)

60 (32.1)

61 (31.3)

56 (32.9)

PA (METc-min/week)

2124.23 (1244.42)

2180.22 (1314.89)

2074.45 (1191.03)

2119.73 (1229.34)

FVC (Portion/day)

3.81 (1.75)

3.84 (1.70)

3.82 (1.87)

3.76 (1.68)

BMI (range 15.62-32.88 kg/m2), mean (SD)

20.41 (2.45)

20.32 (2.34)

20.52 (2.62)

20.40 (2.39)

Depression, mean (SD)

0.92 (0.69)

0.85 (0.63)

0.93 (0.73)

0.98 (0.72)

Quality of life, mean (SD)

3.15 (0.67)

3.23 (0.63)

3.14 (0.67)

3.08 (0.71)

Sociodemographic information
Age (range 18-24 years), mean (SD)
Gender, n (%)

Grade, n (%)

Marital status, n (%)

Health status, n (%)

PA and FVC , mean (SD)

Health-related outcomes

a

PA: physical activity.

b

FVC: fruit-vegetable consumption.

c

MET: metabolic equivalent.

Intervention Effects on PA and FVC
Table 2 presents the results of the evaluation of the intervention
effects on the weekly amount of PA and daily servings of FVC.
Figure 2A and Figure 2B show the descriptive information of
the 2 behaviors from T1 to T4. The results revealed that both
health behaviors changed favorably and significantly over time
(all P≤.001) and that there were significant differences in the
time and treatment effects between the intervention and control
groups in both PA (P=.02) and FVC (P<.001) behaviors. From
the post hoc tests, we found small effect sizes for the
intervention effects on PA (Cohen d=0.22-0.29) and
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small-to-medium effect sizes on FVC behavior (Cohen
d=0.34-0.59).
To identify which intervention delivery schedule would be more
effective in promoting health behavior change after 8 and 12
weeks, we compared the differences in each health behavior
between the PA-first and FVC-first groups at T3 and T4. The
results indicated that the 2 intervention groups did not differ
significantly from each other in PA at either time point, but
there was a significant difference in FVC between the 2
intervention groups (P=.014). The group receiving FVC
instruction first had a significantly higher FVC after 12 weeks
(T4).
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Table 2. Results of the generalized linear mixed models with physical activity and fruit–vegetable consumption after 4, 8, and 12 weeks as outcome
measures (n=552).
PAa

Time and group

FVCb

Values

P value

Effect size, Cohen d

Values

P value

Effect size, Cohen d

Time×group

2.66

.015

N/Ac

12.17

<.001

N/A

Time

5.24

.001

N/A

36.40

<.001

N/A

2.05

.13

N/A

13.64

<.001

N/A

PA-first vs control

231.58

.041

0.22

0.19

.47

0.08

FVC-first vs control

109.70

.33

0.10

1.42

<.001

0.58

PA-first vs FVC-first

121.87

.26

0.11

−1.23

<.001

0.51

PA-first vs control

282.36

.018

0.25

1.13

<.001

0.44

FVC-first vs control

321.19

.007

0.29

1.35

<.001

0.52

PA-first vs FVC-first

−38.83

.74

0.03

−0.22

.41

0.08

PA-first vs control

253.21

.026

0.24

0.81

.02

0.34

FVC-first vs control

252.39

.025

0.24

1.41

<.001

0.59

PA-first vs FVC-first

0.83

.99

<0.01

−0.60

.014

0.25

Type III tests, F549

Group
d

After 4 weeks (T2) , mean difference

After 8 weeks (T3)d, mean difference

After 12 weeks (T4)d, mean difference

a

PA: physical activity (metabolic equivalent of task-min/week).

b

FVC: fruit-vegetable consumption (portion/day).

c

N/A: not applicable.

d

Post hoc test: least significant difference; mean difference was significant at the .05 level.
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Figure 2. Mean values for 3 groups from timepoints T1 to T4. (A) weekly amount of physical activity (metabolic equivalent of task-min/week). (B)
daily portion of fruit and vegetable consumption (portion/day). FVC: fruit-vegetable consumption; PA: physical activity.

Intervention Effects on Health-Related Outcomes
The descriptive results revealed that the intervention groups
had a favorable time effect on health-related outcomes compared
with the control condition (all P<.01; Table 3). For the time and
treatment interaction, the difference was only significant for
BMI (P=.03), and there were no significant differences between
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the intervention and control groups for depression (P=.60) and
perceived quality of life (P=.07). From the post hoc tests, we
found small effect sizes for the intervention effects on BMI
(Cohen d=0.01-0.07), depression (Cohen d=0.07-0.31), and
quality of life (Cohen d=0.07-0.47). Descriptive information is
presented in Figure 3A-Figure 3C.
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Figure 3. Mean values for 3 groups from timepoints T1 to T4. (A) BMI (kg/m2). (B) Depression. (C) Quality of life. FVC: fruit-vegetable consumption;
PA: physical activity.
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Table 3. Results of the generalized linear mixed models with health-related outcomes (ie, BMI, depression, and perceived quality of life) after 4, 8,
and 12 weeks as outcome measures (n=552).
Time and group

BMI

Depression

Quality of life

Value

P value

Effect size, Value
Cohen d

P value

Effect size, Value
Cohen d

P value

Effect size,
Cohen d

Time×group

2.34

.03

N/Aa

.76

.60

N/A

1.95

.07

N/A

Time

18.29

<.001

N/A

8.21

<.001

N/A

6.69

<.001

N/A

Group

.15

.86

N/A

3.61

.03

N/A

6.69

.001

N/A

Type III tests, F549

After 4 weeks (T2)b, mean difference
PAc-first vs control

−0.08

.76

0.03

−0.17

.01

0.27

0.16

.01

0.27

FVCd-first vs control

0.09

.71

0.04

−0.07

.28

0.11

0.12

.07

0.18

PA-first vs FVC-first

−0.17

.49

0.07

−0.10

.14

0.17

0.05

.46

0.07

b

After 8 weeks (T3) , mean difference
PA-first vs control

−0.11

.64

0.05

−0.16

.02

0.25

0.27

<.001

0.42

FVC-first vs control

−0.02

.92

0.01

−0.10

.13

0.15

0.18

.009

0.26

PA-first vs FVC-first

−0.09

.70

0.04

−0.06

.37

0.10

0.09

.18

0.15

b

After 12 weeks (T4) , mean difference

a

PA-first vs control

−0.14

.56

0.06

−0.19

.003

0.31

0.30

<.001

0.47

FVC-first vs control

−0.10

.66

0.04

−0.15

.02

0.23

0.18

.01

0.26

PA-first vs FVC-first

−0.04

.88

0.01

−0.05

.45

0.07

0.12

.07

0.19

N/A: not applicable.

b

Post hoc test: least significant difference; mean difference is significant at the .05 level.

c

PA: physical activity (metabolic equivalent of task-min/week).

d

FVC: fruit-vegetable consumption (portion/day).

Dropout Analysis and Sensitivity Test
The dropout rate of participants was 14.3% (79/552) from T1
to T2, 14% (66/473) from T2 to T3, and 15.7% (64/407) from
T3 to T4. The aggregated dropout percentage was 26.3%
(145/552) from T1 to T3, and 37.9% (209/552) from T1 to T4.
There were no between-group differences in the percentage of
participants with incomplete data at T2, T3, and T4 (χ22=1.3-3.4,
P=.18-.51).
Overall, sensitivity analyses exhibited similar results for all
dependent variables, except for the perceived quality of life,
and the time and treatment effect was found to be statistically
significant (P=.03) for both intervention groups compared with
the control group (Multimedia Appendix 7). This indicated that
our intervention significantly improved the perceived quality
of life only for participants who adhered to the entire
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intervention. However, as noncompliance is inevitable in the
real world, the results of the sensitivity test did not alter the
findings of the primary analyses of the nonsignificant effect of
time and treatment on the perceived quality of life (this was
also consistent with the results of the likelihood-based
estimation).

Qualitative Study Results
Sample Characteristics
A total of 18 participants attended the interview study, including
10 females and 8 males, ranging in age from 18 to 22 years
(mean 19.56, SD 1.04 years); 89% (16/18) of the participants
were single; 61% (11/18) of the participants reported a medium
level of health status, while 39% (7/18) indicated a good level
of health status. Table 4 presents the demographic characteristics
of the participants.
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Table 4. Demographic information of interviewees (n=18).

a

Participant ID

Group

Gender

Age (years)

Marital status

Health status

1

IG1a

Female

19

Single

Medium

2

IG1

Male

20

Single

Medium

3

IG1

Male

19

Single

Medium

4

IG1

Male

19

Single

Medium

5

IG1

Female

20

Single

Good

6

IG1

Female

19

Single

Medium

7

IG2b

Male

18

Single

Good

8

IG2

Male

19

Single

Medium

9

IG2

Male

18

Single

Good

10

IG2

Female

20

Single

Medium

11

IG2

Female

19

Single

Medium

12

IG2

Female

21

In a relationship

Medium

13

CGc

Female

21

Single

Good

14

CG

Female

20

Single

Good

15

CG

Female

19

Single

Medium

16

CG

Male

20

Single

Good

17

CG

Female

22

Single

Good

18

CG

Male

19

In a relationship

Medium

IG1: physical activity–first group.

b

IG2: food-vegetable consumption–first group.

c

CG: control group.

Major Themes
All participants were invited to talk about their experiences and
participation in the web-based MHBC intervention program.
Through thematic analysis, four major themes were identified:
(1) PA and FVC behavior, (2) health-related outcomes, (3)
correlates of health behavior change, and (4) contamination
detection.
Theme 1: PA and FVC Behavior
This theme focused on how the students self-assessed their
current status and changes in PA and FVC behavior over the
previous 8 weeks. It contained three subthemes: (1) improving
health behaviors, (2) no change in health behaviors, and (3)
decrease in health behaviors.
Improving Health Behaviors
In total, 4 of the 12 (33%) students in the intervention groups
reported improvement in their PA in the last 8 weeks
(participants 1, 2, 4, and 6), while no student in the control group
indicated an increase in this behavior. In addition, 2 students
with improved PA stated that they understood the importance
of performing sufficient PA through the web-based health
program (participants 2 and 6). They noted some improvements,
even after encountering obstacles at the start of implementation.
For example:
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I think the health program is quite helpful...I had not
paid much attention to the health issue, especially
since the last year of high school, you know, I was
busy with my studies...But recently, thanks to the
health learning sessions, I started to worry about my
health status and I really improved this behavior these
days, I feel that doing some physical activity makes
all of my days... [Participant 6]
For FVC, the feedback was more positive in the intervention
groups, as 10 of the 12 (83%) students (except participants 1-4)
described their improvement in the consumption of fruit and
vegetables per day after receiving the health interventions. In
comparison, only one student (participant 18) in the control
group reported an increase in this behavior:
I eat more fruit and vegetables every day after
participating in the health learning program...I pay
more attention to this health issue now. [Participant
9]
No Change in Health Behaviors
The results revealed that 5 of the 12 (41%) students (participants
3, 5, 7, 8, and 10) in the intervention groups reported
maintaining their physical activity, while 2 of the 6 (33%)
students in the control group reported no change in their weekly
amount of PA (participants 17 and 18). The participants
explained the following:
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In the last two months, there has been no prominent
change in this behavior...I maintain the same intensity
and the same amount of weekly physical activity.
[Participant 3]
For FVC, two students (participants 1 and 4) in the intervention
groups reported no change in their daily consumption of fruit
and vegetables compared with four students in the control
condition group (participants 13, 14, 16, and 17).
Decrease in Health Behaviors
Of the 12 students, 3 (25%) students in the intervention groups
reported reducing the weekly amount of PA for diverse reasons,
such as weather and study-related activities (participants 9, 11,
and 12). Of the 6, 4 (66%) students in the control group also
witnessed a decrease in PA in the last 8 weeks (participants
13-16). For FVC, only one student in the control group reported
reducing her daily consumption of fruit and vegetables
(participant 15): “I used to eat apples or grapes every day, but
now I do not because of the freezing weather and other reasons.”
Theme 2: Health-Related Outcomes
This theme focused on how students self-assessed their physical
and mental health outcomes. It contained three subthemes: body
weight, depression, and perceived quality of life.
Body Weight
Of the 12 students, 4 (33%) in the intervention groups showed
an increase in body weight (participants 2, 4, 9, and 11), and 3
of the 6 students (50%) in the control group described a similar
trend (participants 13, 15, and 16). Two students in the
intervention groups explained that their body weight increased
because they were fitter and had more muscles these days
(participants 2 and 4), but no further elaboration and explanation
was obtained from the students in the control group. For
example:
My body weight has increased a bit, but I think it is
due to my muscles...there is no obvious change in my
body fat. [Participant 2]
Depression
Most of the students experienced no symptoms of depression
in the previous 8 weeks (12/18, 66%). Although no student
described the change in their level of depression, most students
recognized the positive effects of PA and FVC in reducing
depression. In particular, six students mentioned that PA can
help fight depression (participants 2, 3, 5, 10, 17, and 18). Two
students (participants 2 and 12) described the positive effect of
FVC on reducing depression and felt that this influence was
weaker than that of physical activity. For instance:
Doing exercise is useful for coping with depression
and eating fruit and vegetables can put me in a good
mood...But, I think that dietary behavior is not as
effective as exercise in dealing with this problem...
[Participant 12]
Quality of Life
In total, 10 of the 18 (55%) students felt that their quality of life
was good before participating in the health program. A total of
10 respondents (4 in the intervention groups and 6 in the control
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group) indicated no change in their quality of life. Two
respondents indicated a decrease in this aspect (participants 9
and 11), and 6 respondents in the intervention groups
(participants 2, 3, 5, 6, 8, and 12) felt that they were more
energetic and their perceived well-being improved after
participating in the web-based health program. In total, 9 of the
18 (50%) students recognized that consuming enough fruit and
vegetables could help, while 6 students indicated the positive
influence of regular PA on improving their perceived quality
of life (Multimedia Appendix 8). For instance:
After participating in the health learning program, I
exercised more, it brought me a good spiritual
outlook...I felt that I slept better...Greasy food made
me uncomfortable and fresh fruit and vegetables
improved my well-being. [Participant 2]
Theme 3: Correlates of Behavior Change
This theme reflected the students’ narratives of the correlates
of health behavior change. It contained two subthemes:
university policy for PA and barriers to PA and FVC.
University Policy for Physical Activity
The respondents mentioned that to encourage students to engage
in PA, their university had a policy in place, named Ham Run,
which was used as one of the assignments in the physical
education class. The university declared that all undergraduates
had to run 2000 m 28 times, accounting for 20% of the course
credit. The students also indicated that they had to complete the
Ham Run task before November, as the physical education
course final usually takes place in mid-November:
The Ham Run task was okay for me, I completed it at
the end of October...I feel that I was less active after
completing this task. [Participant 5]
Barriers to PA and FVC
The students reported several barriers to their motivation and
implementation of health behaviors. For physical activity,
students mentioned the weather and facilities that inhibited their
engagement in physical activity. For example:
The weather is freezing and the playground is quite
far from my dormitory, so I rarely go outside to
exercise... [Participant 9]
Sometimes I want to exercise indoors, but the venues
are always unavailable...it is really difficult.
[Participant 3]
For FVC, the barriers included the weather, the supply of
university canteens, and financial issues. For instance, some
students explained the following:
I do not want to eat vegetables because the weather
is freezing and my teeth need hot food. [Participant
15]
I cannot choose what I want to eat...it is decided by
the university canteens...I hope they can improve their
supply of vegetables. [Participant 4]
The fruit sold nearby is quite expensive...I can only
afford one serving of fruit per day...I do not want to
ask my family for more money. [Participant 1]
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Theme 4: Contamination Detection
This theme consisted of three subthemes related to potential
intervention contamination: communication with classmates in
the same physical education class; communication with
classmates in a different physical education class; and
communication with friends, roommates, and family.
Communication With Classmates in the Same Physical
Education Class
All students in the intervention and control groups indicated
that they did not discuss the content of the health program with
other classmates in the same PE class. The students provided
additional information, emphasizing that there was a low
possibility for students from the same department to enroll in
the same PE class to discuss the content due to the university’s
curriculum selection system. Some students explained the
following:
I did not discuss the content with others, as I am not
familiar with my classmates and we come from
different departments...it is impossible for us (students
in my department or roommates) to select the same
PE class... [Participant 5]
Communication With Students in a Different Physical
Education Class
All students explained that they did not discuss the content with
other students participating in the health program but were
enrolled in a different PE class. For instance:
I do not know if the students enrolled in other PE
classes were also invited to join the health program...I
will not communicate with others, even if I find some
acquaintances participating in this program.
[Participant 7]
Communication With Friends, Roommates, and Family
In total, 17 of the 18 students (94%) reported that they did not
discuss the health program with their friends, roommates, and
family. Only 1 student told her parents about her participation
in the health program, but did not discuss the content of the
intervention:
I told my mother that I participated in a health
learning program and she encouraged me to adhere
to it...but I did not give details. [Participant 2]

Discussion
Principal Findings
For the quantitative part of the study, most of the research
hypotheses were supported. For the qualitative analysis, 4 main
themes with a couple of subthemes were identified through
thematic analysis. The qualitative findings corresponded to the
quantitative findings, providing an in-depth understanding of
changes in PA and FVC behavior in Chinese college students.

Intervention Effects on Behavioral Indicators
The principal expected intervention effects on the behavioral
indicators of PA and FVC were identified in the quantitative
study. From the findings of the RCT, compared with students
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in the placebo control condition, students in both intervention
groups reported significant and favorable changes in the weekly
amount of PA and daily consumption of fruit and vegetables,
which supported hypothesis 1. The findings were more positive
than those of our previous study, in which a significant treatment
effect was only supported for FVC change in Chinese college
students [24]. The treatment effects in this study were consistent
with another study, which was conducted in Germany and the
Netherlands, that aimed to improve the PA and FVC in adults
who intended to reduce cardiovascular risk [54]. As the
intervention materials were similar to those used in previous
studies [54], the intervention effects on PA and FVC found in
this study might be suitable for use in other Asian and European
countries.
In terms of the differences in intervention effects on behavioral
changes between the 2 delivery timings (PA-first vs FVC-first),
hypothesis 3 was partially supported in the RCT. We found that
there was no significant difference in PA between the 2
intervention groups at either time point, whereas the FVC-first
group had significantly higher consumption of daily fruit and
vegetables after 12 weeks than the PA-first group. Our finding
is partially consistent with a previous study in middle-aged
adults, which found that the PA-first group showed higher PA
than the diet-first group (Cohen d=0.37, P<.001), while the
diet-first group showed a higher FVC than the PA-first group
(Cohen d=0.28, P<.001) after a 12-month intervention [23].
Our findings might be interpreted as compensatory effects [55].
It seems that FVC-first students in this study were more likely
to consume more fruit and vegetables to compensate for the
reduced PA compared with PA-first students. Nevertheless, this
assumption has not been systematically examined in this study
and deserves further investigation.

Intervention Effects on Health-Related Outcomes
The findings of the RCT revealed that both intervention groups
showed more changes in BMI compared with the control group,
which partially supported hypothesis 2. As most of the
participants were freshmen and sophomores and the data
collection (ie, T3 and T4) was conducted near the beginning of
the winter holidays, most of the participants increased their
body weight because of the seasonal time that the study was
conducted (special transition stage of life and seasonal variation)
[56]. However, the students in the 2 intervention groups had
significant reductions in the upward trend in BMI compared
with the students in the control condition. This was consistent
with findings from other MHBC studies, which suggested that
combined PA and diet interventions had a more robust effect
on weight management than interventions on either PA or diet
alone in adults [57].
For depression, in the RCT, we did not find a significant effect,
probably because of the floor effect [58], that is, the college
students in this study reported a low incidence of depression
(mean 0.92, SD 0.69; scale range from 0 to 3) at the beginning
of the intervention. However, to prevent depression over the
long term, more components that include stress management
techniques and explicitly address mental health problems need
to be developed and examined in future studies. The average
score for quality of life was relatively high (3.15, SD 0.67; scale
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range from 1 to 5), which validated the baseline assessment of
a high level of PA and a low level of depression among the
participants. The ceiling effect might lead to the nonsignificance
of the intervention on the perceived quality of life, coupled with
the depression indicator, indicating the healthy mental states of
these participants.

obstructing the execution of PA and FVC, such as weather,
facilities, and financial support. These barriers are consistent
with findings from a previous qualitative study conducted in
the United Kingdom, emphasizing the university environment
and finance as barriers to students’ PA and dietary behavior
[59].

Dropout Rate

Finally, theme 4 reflected the results of contamination detection,
which provided qualitative evidence and explanation for a low
risk of contamination in this study.

It is not surprising that the dropout rates in this study were
significantly lower than those in our previous study at both the
postintervention test (26.3% vs 31.6%) and at the 1-month
follow-up (37.9% vs 71.2%) [24]. As the psychosocial constructs
and behavior change techniques were the same in our 2 studies,
the higher retention rates might be attributable to the strategies
applied in this study (eg, improvement of website design and
technology and multiple reminders), which is consistent with
other researchers’ suggestions [36]. However, the intervention
and follow-up durations were comparatively short in this study,
and the dropout issue still needs to be considered in future
MHBC intervention programs.

Qualitative Findings
The 4 themes provided a clear picture of the participants’
experiences and perceptions of participating in the web-based
MHBC intervention program. The first theme reflected the
perceived changes in PA and FVC of participants. Most of the
students in the intervention groups indicated a favorable change
in these 2 behaviors, especially for FVC (10/12, 83% indicated
an increase). In contrast, most students in the control group
showed a decrease in PA (4/6, 66%) and no improvement or
decline in FVC (5/6, 83%). Theme 2 reflects participants’
perceptions of their change in health-related outcomes. Around
half of the students mentioned an upward trend in body weight
(7/18, 38%), most of whom indicated a decrease in PA (5/7,
71%). A total of 2 students who improved PA also showed a
slight increase in their body weight and attributed it to muscle
enhancement. No statistically significant effects on depression
and quality of life were identified from the quantitative data,
and we found that most students reflected a good knowledge
of the benefits of adequate PA and FVC in depression (5/12,
41%) and quality of life (10/12, 83%) after receiving the
web-based MHBC interventions. Despite no explicitly positive
comments about the change in these 2 indicators, half of the
students in the intervention groups described that they became
more invigorated and had a better perceived quality of life after
participating in the web-based health interventions.
From the qualitative study, we also found some additional
information that underlined the crucial role of university policy
in promoting physical activity and revealed prominent barriers
to PA and FVC behavior. The students described the university’s
relevant policy, which motivated their engagement in physical
activity. To some extent, this can explain the situation in the
previous RCT of participants reporting a relatively high amount
of weekly physical activity. These results also echoed the
suggestions from other studies, emphasizing the importance of
including sports time in curricula and suggesting that supportive
school policies should be considered when promoting the health
of college students [5,59]. Furthermore, in the qualitative study,
the students highlighted the extrinsic environmental factors
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Strength and Limitations
This study has considerable theoretical and practical implications
for further web-based MHBC interventions. The use of the
mixed methods approach increased the external validity of the
quantitative data for factor-outcome relationship and thus was
generalizable to a larger college student population and also
ensured the strong internal validity of the in-depth descriptive
qualitative data regarding complex context-specific issues and
phenomena (eg, participating in a web-based MHBC
intervention program) [60]. Despite the methodological merits
and profound implications of the study findings, several
limitations need to be addressed. First, all the research data were
obtained via self-report measures or narratives, which may lead
to recall bias and social desirability effects [61]. Furthermore,
although a physical education course at a university in China
provided a convenient setting for the RCT design, spillover and
contamination could not be ignored [62]. Several strategies have
been used to minimize this problem, and the follow-up interview
did not identify any contamination; however, this issue still
deserves further consideration (eg, adopting a cluster RCT).
Furthermore, the intervention study was conducted during
winter, where the effects might be confounded by seasonal
factors. Further examination, including different seasonal
contexts, is warranted. As with all qualitative research, the
findings generated in this study could not be regarded as
representative of all student samples who received a web-based
MHBC intervention for PA and FVC, and caution is needed
when generalizing from the interview sample to wider
populations. In addition, given previous evidence and theoretical
assumptions, this study focused only on a sequential delivery
mode, comparing PA-first with FVC-first. However, to more
comprehensively address the timing of MHBC intervention
delivery, further studies should add a simultaneous design to
compare the advantages of the 2 delivery timings and also
consider participants’ preferences [63].

Conclusions
Using a mixed methods approach, the study demonstrated the
potential of a web-based and theory-based MHBC intervention
for promoting both PA and FVC among Chinese college
students. Moreover, the differences in intervention effects on
changes in PA and FVC between the 2 delivery sequences were
primarily identified in the quantitative study. In addition, the
qualitative interviews provided an in-depth understanding of
the quantitative findings and identified PA policy and external
barriers as other determinants of change in PA and FVC. The
overall findings provide new insights into MHBC research,
providing theoretical and practical implications for future design
and the application of web-based MHBC interventions.
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Abstract
Background: People’s quality of life diverges on their demographics, socioeconomic status, and social connections.
Objective: By taking both demographic and socioeconomic features into account, we investigated how quality of life varied
on social networks using data from both longitudinal surveys and contact diaries in a year-long (2015-2016) study.
Methods: Our 4-wave, repeated measures of quality of life followed the brief version of the World Health Organization Quality
of Life scale (WHOQOL-BREF). In our regression analysis, we integrated these survey measures with key time-varying and
multilevel network indices based on contact diaries.
Results: People’s quality of life may decrease if their daily contacts contain high proportions of weak ties. In addition, people
tend to perceive a better quality of life when their daily contacts are face-to-face or initiated by others or when they contact
someone who is in a good mood or someone with whom they can discuss important life issues.
Conclusions: Our findings imply that both functional and structural aspects of the social network play important but different
roles in shaping people’s quality of life.
(J Med Internet Res 2022;24(1):e23762) doi:10.2196/23762
KEYWORDS
contact diary; egocentric networks; social support; weak ties; World Health Organization Quality of Life Survey; quality of life;
networks; demography; society

Introduction
People’s quality of life (QoL) diverges not just on where they
stand in their life cycle and the socioeconomic hierarchy but
also on how they are connected with others. Overall,
well-connected persons tend to perceive a better quality of their
lives [1-11]. Following various definitions and instruments of
social networks, existing studies have verified such positive
links between social networks and QoL. For example, the
structure of the social network is highly correlated with QoL
among female workers with high levels of stress at home and
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work [12]. It also differs significantly between cancer patients
with high QoL and those with low QoL [13]. In addition, QoL
of older adults varies significantly by the structure of their social
networks in terms of the existence of a spouse, size of their
family, contact frequency of family members, and network of
friends [14]. Moreover, when patients with mental illness discuss
their health issues more often with their social network
members, it is more likely that they will recover from the disease
[15].
Although these studies make various contributions to the
literature, they tend to focus on specific occasions or groups. It
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is relatively unknown how social networks are associated with
QoL in everyday life or among healthy and young adults. In
addition, previous studies on QoL tended to measure people’s
QoL or social networks based on cross-sectional instruments.
When measuring personal networks, some studies are further
limited by focusing on network size only. Although network
size is an important measure of a social network’s global
structure, it reveals little about the social network’s local
structure. In other words, network size is insufficient for
reflecting how people interact with others in their social
networks and how they feel about one another during social
interactions. Other than network structures, such functional
aspects of social networks are also important for understanding
how the social networks are associated with QoL [5].
In this study, we examined how QoL varies in both structure
and function of social networks, by analyzing diary data of
healthy young adults’ social contacts. We adopted a repeated
measurement design and conducted a 4-wave survey to measure
participants’ QoL using the brief version of the World Health
Organization Quality of Life Survey (WHOQOL-BREF). In
addition, we tracked participants’ daily social interactions using
in-depth contact diaries [16-18]. We used these diary data to
build archives about comprehensive personal networks [19] that
reveal participants’ social networking in everyday life. The
diary data also allow us to pay attention to the functional aspects
of the social networks, especially how people feel about each
specific interpersonal contact. By integrating both survey and
diary data, we were able to investigate how social networks are
associated with QoL at contact, tie, and individual levels.
Following this bottom-up approach [20], along with
multiple-wave measures and multilevel research designs, we
aimed to better capture how social networks shape people’s
daily life experiences.

Methods
Recruitment and Data Collection
We recruited participants and collected their survey and diary
data via an online platform called ClickDiary [16,17]. Based
on a web-based design, ClickDiary helps researchers implement
and manage diary studies and lowers the burden for research
participants to record repetitive and unique content relevant to
various contact situations. To facilitate compatible analysis, we
extracted 2 data sets collected between November 25, 2015 and
November 22, 2016. The first data set consisted of a 4-wave
survey of participants’ QoL measured using the
WHOQOL-BREF [21]. This measurement has been further
modified to take local social and cultural norms into account
[22,23]. We implemented the 4-wave survey on November 25,
2015; February 23, 2016; August 23, 2016; and November 22,
2016. Figure 1 shows a schematic plot of the data collection
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procedure. In our analysis, we only focused on healthy
participants. We excluded from our data set participants who
had at least one of the following chronic diseases: cardiovascular
disease, diabetes, and cancer. The reason we excluded these
participants is that, although it is well-known that these chronic
diseases play important roles in shaping people’s QoL, among
154 participants in our original data set, only 5 participants had
these chronic diseases. The sample size was not large enough
to validate the importance of these chronic diseases on people’s
QoL. After excluding the 5 participants, all remaining 149
participants in our data set did not have these chronic diseases.
Among the participants, 34 completed the survey in all 4 waves,
51 completed 3 waves, 28 completed 2 waves, and 36 completed
only 1 of the 4 waves. In total, the participants generated 358
records of the survey. The participants in our sample were
mainly young adults with an average age of 36 years. Of 149
participants, 110 (73.8%) were female. Being skewed in terms
of age and gender, a typical bias present in in-depth diary studies
[19], our sample was not representative by any means, and we
thus refrained from making any inference from our findings
about survey data. Instead, we focused on how the survey results
could benefit from detailed information in the diary data. The
statistics on age and gender, along with other personal attributes,
are summarized in Table 1.
The second data set consisted of detailed contact records nested
at 3 unique, yet intertwined, levels taken from ClickDiary:
individual characteristics of the participant (that is, the diary
keeper, or “ego” in the participant’s egocentric network), unique
attributes of the contact person (“alter”) or the relationship
between ego and alter (“tie”), and the situation of each specific
contact between each ego-alter pair (“contact”). Each participant
recorded contact information and health information in
ClickDiary on a daily basis. To better align such information
with the survey measures, we constructed social network
attributes using only the contact information the participants
recorded 2 weeks before they completed a wave of the
WHOQOL-BREF survey. These social network attributes in
turn facilitated the analysis of how they could help determine
QoL.
Because a typical in-depth contact diary study requires its
participants to devote themselves to recording interpersonal
contacts in all forms for months, and sometimes over a year,
the task of diary-keeping has been so demanding and tedious
that only a small group of volunteers could possibly finish the
study even with reasonable incentive and monetary
compensation [19]. As a result, diary studies are extremely
difficult to implement, and only a handful of diary data sets has
been available in the past decade [16-18]. Unlike other diary
data sets, the data set we used for analysis integrated the
aforementioned standardized QoL measurements in multiple
waves, which appropriately facilitated our research goal.

J Med Internet Res 2022 | vol. 24 | iss. 1 | e23762 | p.557
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Yen et al

Figure 1. Schematic plot of the data collection procedure. WHOQOL: World Health Organization Quality of Life survey.

Table 1. Summary statistics of the ego-level attributes (n=149).
Variable

Results

Male gender, n (%)

39 (26.2)

Male gender, SD

44

Age (years), mean (SD)

35.9 (12.6)

Educationa, mean (SD)

3.99 (0.5)

Nonneurotic personalityb, mean (SD)

1.85 (0.71)

Exercise (hours), mean (SD)

0.27 (0.31)

Sleep well, n (%)

61 (40.9)

Sleep well, SD

49.2
2

BMI 21-24 kg/m , n (%)

52 (34.9)

BMI 21-24 kg/m2, SD

47.7

Network size (log scale), mean (SD)

4.26 (0.71)

a

Education was coded in 6 levels as follows: 0 = no education, 1 = elementary school, 2 = middle school, 3 = high school, 4 = college/university, and
5 = graduate school.
b

Nonneurotic personality was measured with a scale ranging from 0 (disagree strongly) to 3 (agree strongly).

Response Variables
The WHOQOL-100 survey was developed through a
collaboration of 15 sites around the world using a common
protocol with different languages [24]. Each of the 100 items
in this original scale contains responses on a 5-point Likert
interval. To simplify the instrument, the WHOQOL-BREF [22]
was developed. The WHOQOL-BREF consists of only 26
crosscultural items spanning 4 dimensions of QoL: physical,
psychological, social, and environmental. With excellent
reliability, this 26-item scale measures people’s QoL across
different cultural and societal settings [25,26]. In addition to
the 26 items, 2 extra items are added to represent unique cultural
attributes relevant to the QoL of Taiwanese people. The first
concerns personal respectfulness, which belongs to the social
dimension. The second focuses on the availability of food, part
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of the environmental dimension. From the 4-wave
WHOQOL-BREF survey, we calculated scores for the physical,
psychological, social, and environmental dimensions as follows.
First, we divided the 28 (26 plus 2) items in WHOQOL-BREF
into the 4 dimensions according to the WHOQOL-BREF
guidelines [22]. To make the 4 scores comparable, we further
rescaled the scores into a range between 0 and 100. We also
calculated a summary score by summing the rescaled
4-dimensional scores. This summary score was further rescaled
into a range between 0 and 100 for measuring a participant’s
overall QoL [22].
Figure 2 shows a boxplot of the 4 waves of the QoL scores for
physical, psychological, social, environmental, and overall
dimensions of the participants. The means (SDs) of the 5 QoL
scores were 66.0 (12.4), 54.7 (15.5), 59.1 (12.7), 62.1 (12.4),
and 60.5 (11.4), respectively.
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Figure 2. Boxplot of quality of life scores, as calculated using the guideline described in the World Health Organization Quality of Life (WHOQOL)
Taiwan Version [22]: physical, psychological, social, environmental, and corresponding total scores.

Contact Data
The ClickDiary platform is a simplified version of a contact
diary that aims to reach more volunteer participants by reducing
the burden of diary keeping while retaining the core elements
of contact diaries. It allows participants to report information
about daily contacts via a website with a responsive design
adjusted for different electronic devices. Unlike conventional
means of network data collection, ClickDiary contributes to the
methodology with 2 distinct features. First, the platform is
cost-effective since it pays exclusive attention to personal
network information and does not require knowledge of the
whole network [27]. Second, the diary design helps generate
network data on a daily basis. The contact networks based on
such diary data follow a longitudinal format that can yield more
continuous information. This differs from both the network data
collected via one-shot surveys and the unstructured contact
records collected from social media.
By tracing all kinds of contact between ego and alters,
ClickDiary probes the type, time, location, and duration of each
contact. It also asks the participant to report the consequences
of the contact, such as the extent to which each specific contact
benefits ego and leaves ego in a good mood after the contact.
Besides personal information about ego, ClickDiary also
requires the participant to provide detailed information about
each alter’s demographic and socioeconomic background. Each
participant further judges the strength of all ego-alter ties and
estimates the strength of all alter-alter ties within each egocentric
https://www.jmir.org/2022/1/e23762
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network. This further enables us to investigate the impact of
the social network structure on a particular contact outcome.
With a large number of alters, reporting this kind of information
may take a long time and can be laboriously intensive, and some
commitment is required to accomplish the job. To enhance this
commitment, we designed a monetary incentive to encourage
participants to report responsibly and correctly. The research
team checked the data quality each week and set up rules to
exclude unreliable data and participants.
Data collected via ClickDiary are organized in a hierarchical
structure that involves both space-time and interpersonal
dimensions. This hierarchical structure contains 3 levels: (1)
ego level, at which the participant (ego) is identified; (2) alter
level, at which an alter of the participant (ego) is identified; (3)
contact level, at which a daily contact between the participant
and an alter is identified. In our study, we explored the
hierarchical structure to calculate the attributes of each ego and
the attributes of each egocentric network. In other words, we
used the data collected at the ego level to calculate personal
attributes for the participant, and the data collected at the alter
and contact levels were used to calculate the attributes of the
social network surrounding the participant. In addition, we
summarized each network attribute in a propensity score ranging
between 0 and 1, which in turn served as a covariate
(independent variable) in the subsequent regression analysis on
how QoL is linked with social networks. Because we asked the
participants about their QoL conditions during the previous 2
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weeks, we calculated the propensity scores using only data
collected 2 weeks before a wave of the WHOQOL-BREF survey
was conducted. In particular, the propensity score of a social
network attribute was calculated by aggregating the frequency
of the contacts that matched this attribute during the previous
2 weeks.

Independent Variables
The independent variables in our analysis cover ego’s personal
attributes and the attributes of the social network surrounding
each ego. We utilized the following 8 personal attributes for
each ego: gender, age, education, nonneurotic personality, daily
exercise time, sleep quality, BMI, and personal network size
(Table 1).
We used 5 social network attributes at the alter level for each
ego. All 5 network attributes were summarized as propensity
scores that were calculated using diary data collected during
the 2 weeks before we queried respondents using the
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WHOQOL-BREF scale. The 5 attributes were the proportion
of alters who were strongly tied with ego (strong tie); proportion
of alters with whom ego could discuss important issues
(important issue); proportion of alters of the same gender as
ego (gender homophily); proportion of alters in the same age
cohort as ego (age homophily); and averaged embeddedness
score of the alters (embeddedness, or the extent to which alters
knew one another within each egocentric network).
We further reconstructed 4 social network attributes for each
ego from data at the contact level: proportion of the contacts in
which ego felt that the alters were in a good mood, proportion
of contacts that were conducted face-to-face, proportion of
contacts that were initiated by the alters, and proportion of
contacts that were initiated by ego. Figure 3 presents a boxplot
of the 5 alter-level attributes and 4 contact-level attributes.
Because these attributes are defined in terms of proportion, their
values are between 0 and 1.

Figure 3. Boxplot of the alter-level attributes (pink) and contact-level attributes (orange).

Statistical Analysis
We investigated how QoL is linked to social networks by
conducting statistical analysis using the 4-dimension scores and
the total score of QoL as the response variables and the social
network attributes as the independent variables. Here, we
adopted a regression approach to analyzing the data. The
regression approach is an effective way to investigate the
relationship between a response variable and a set of
independent variables. As we are interested in the relationship
https://www.jmir.org/2022/1/e23762
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between QoL and the social networks, a regression model can
help us to clarify what aspects of the social networks are
associated with QoL. It can also control the variables that may
exhibit confounding effects on the response. However, to
conduct a proper regression analysis, we needed to pay attention
to possible correlations among the independent variables. Figure
4 shows a plot of correlations of the independent variables: 8
ego-level attributes, 5 alter-level attributes, and 4 contact-level
attributes. Because the correlations among these attributes were
not high, these attributes were appropriate as independent
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variables in the regression analysis. The weak correlations
among the ego-level, alter-level, and contact-level attributes
also allowed us to use a linear regression model to examine the
relationship between the response variable (QoL measure) and
independent variables (the attributes) since we did not need to
consider collinearity among the independent variables.
Collinearity among independent variables will destabilize
computation of the Gram matrix of independent variables. It
will increase the variance of the estimated regression
coefficients, further distorting interpretation of the results
provided by the regression analysis. On the other hand, because
the response variable was measured repeatedly, the measured
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scores of the consecutive waves tended to correlate with each
other. Figure 5 shows correlation plots of the 4-dimension scores
and the total QoL score in the 4-wave survey (labeled I, II, III,
and IV). These plots indicate that the scores of consecutive
waves were highly correlated. These high correlations may have
had a serious impact on regression model estimation, particularly
on the variance of the estimated regression coefficients. To
address this problem, we adopted the generalized estimating
equation (GEE) method to estimate the regression models [28].
The GEE method takes the correlation structure of the response
into account when estimating the coefficients of the regression
models.

Figure 4. Correlation plot of the ego-level, alter-level, and contact-level attributes.
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Figure 5. Correlation plot of the responses in the 4-wave surveys: (A) total score, (B) physical score, (C) psychological score, (D) social score, (E)
environmental score.

Results
We estimated the regression models separately for each of the
4 dimensions of QoL scores and the total score. Figure 6 shows
the estimation results for the model with the total score as the
response variable. The results revealed that a participant’s
self-reported total score of QoL was higher when the daily
contacts consisted of a larger proportion of alters who were
strongly tied (estimated regression coefficient 7.15, 95% CI
1.88 to 12.42), who could discuss important issues with the
participant (coefficient 7.52, 95% CI 0.30 to 14.75), or who
were in a good mood (coefficient 5.02, 95% CI 1.45 to 8.58)
as well as contact via face-to-face meetings (coefficient 5.57,
95% CI 0.46 to 10.67). In addition, total QoL score was higher
if contact was initiated by alters (coefficient 3.99, 95% CI 7.42
to 0.57). On the other hand, we also found that the size of the
social network surrounding a participant did not have an impact
on the participant’s total score (coefficient –0.241, 95% CI
–2.50 to 2.02). Although contacting a high proportion of alters
who are embedded in a participant’s personal network may have
a negative impact on the participant’s total QoL score, such a
structural factor was not statistically significant (coefficient
–6.91, 95% CI –14.02 to 0.20).
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Figure 7 shows that a participant’s physical QoL score was
higher when more contact was initiated by alters (coefficient
7.88, 95% CI 2.75 to 13.01). Figure 8 further indicates that a
participant’s psychological QoL score was positively associated
with the proportion of contact that was face-to-face (coefficient
6.88, 95% CI 0.40 to 13.36) and contact during which the alter
was in a good mood (coefficient 8.59, 95% CI 3.71 to 8.59).
Psychological QoL also seemed to be better with a higher
proportion of contact in which the alter was strongly tied to the
participant (coefficient 8.86, 95% CI 1.33 to 16.39). Figure 9
shows that a participant’s social QoL score was positively
associated with the proportion of contact in which the alter was
in a good mood (coefficient 6.57, 95% CI 2.68 to 10.46), the
alter could discuss important issues (coefficient 9.02, 95% CI
0.98 to 17.05), and the alter was strongly tied with the
participant (coefficient 9.17; 95% CI 2.56 to 15.78). Figure 10
suggests that a participant’s environmental score was positively
associated with the proportion of alters who could discuss
important issues (coefficient 10.01, 95% CI 2.23 to 17.79) and
the proportion of alters who were strongly tied with the
participant (coefficient 8.02, 95% CI 1.60 to 14.44) but
negatively associated with the embeddedness score (coefficient
–13.58, 95% CI –21.66 to –5.50).
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Figure 6. Estimation results from the regression model with the total score as the response (dependent variable). The estimated regression coefficients
corresponding to the contact-level attributes, alter-level attributes, and ego-level attributes are shown in orange, pink, and light blue, respectively, and
the bars represent the 95% CI for the estimated regression coefficient.
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Figure 7. Estimation results from the regression model with the physical score as the response (dependent variable). The estimated regression coefficients
corresponding to the contact-level attributes, alter-level attributes, and ego-level attributes are shown in orange, pink, and light blue, respectively, and
the bars represent the 95% CI for the estimated regression coefficient.
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Figure 8. Estimation results from the regression model with the psychological score as the response (dependent variable). The estimated regression
coefficients corresponding to the contact-level attributes, alter-level attributes, and ego-level attributes are shown in orange, pink, and light blue,
respectively, and the bars represent the 95% CI for the estimated regression coefficient.
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Figure 9. Estimation results from the regression model with the social score as the response (dependent variable). The estimated regression coefficients
corresponding to the contact-level attributes, alter-level attributes, and ego-level attributes are shown in orange, pink, and light blue, respectively, and
the bars represent the 95% CI for the estimated regression coefficient.
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Figure 10. Estimation results from the regression model with the environmental score as the response (dependent variable). The estimated regression
coefficients corresponding to the contact-level attributes, alter-level attributes, and ego-level attributes are shown in orange, pink, and light blue,
respectively, and the bars represent the 95% CI for the estimated regression coefficient.

Discussion
In this paper, we investigated the relationships between QoL
and social networks by jointly analyzing 2 sets of online
platform data collected via longitudinal surveys and contact
diaries. According to the regression analysis, the overall QoL
among these healthy young adults tended to be higher when
they contacted those who were connected well with them, who
could discuss important issues with them, and who made them
feel better during an interaction. These findings imply that both
functional and structural aspects of social networks play
important roles in shaping one’s QoL. The participants tended
to benefit by interacting with people they knew well, who were
trustworthy, and who were in a positive mood. Overall QoL
was also more likely to increase if more of their daily contacts
https://www.jmir.org/2022/1/e23762
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were initiated by the other party. This interesting finding may
be surprising because earlier diary studies indicated that a person
tends to benefit from a specific social exchange while initiating
a contact [29]. Overall, however, constantly reaching out to
others may not bring one the best QoL in the long run. Being
approached or “invited” by others, after all, may signal a form
of “respectfulness” embedded in social relationships that helps
boost one’s perception of QoL.
In contrast, network size alone was not significantly linked to
overall QoL, after taking both the functional and structural
aspects of social networks into account. This finding is not
surprising because network size was used as a proxy measure
for functional and structural aspects of social networks. Once
the functional and structural aspects of the social network are
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both incorporated into the model, the effect of network size
disappears.

we tried to verify any doubtful information by calling
participants to double check and correct the data.

More specifically, the functional and structural aspects of social
networks may play various roles in shaping different dimensions
of QoL. For example, the participants’ physical QoL increased
when their daily contacts were frequently initiated by other
people, even though this factor did not help other dimensions
of QoL. In addition to the possible “respectfulness” suggested
in the previous paragraph, this finding also may have to do with
one’s physical condition: Better physical health tends to
facilitate or attract more invitations, or initiations, from social
contacts. Moreover, the psychological and social dimensions
of people’s QoL may get better if they frequently interact with
those who have positive moods. However, this “positive energy”
factor does not have a significant impact on helping the physical
and environmental dimensions of QoL.

Our data have a repeated but “imbalanced” measurement format
in which participants did not have equal observations, which
may be another concern for statistical analysis. Because the
social network effects we were interested in were neither
individual-specific nor time-specific, we could still estimate
our regression models by treating the data as repeated
measurement data without a strong assumption on the missing
mechanism of the unobserved data points. What we needed to
pay attention to was the within-subject correlations between
each measurement, which were high in our case, as shown in
Figure 6. We tackled this issue by estimating our regression
model with the GEE method, a method developed for dealing
with data in which observations are dependent.

There are noted limitations to this study. Although our data
follow a longitudinal format, the results cannot be used to verify
the causal relationships between social networks and QoL. In
addition, our results are based on information about the social
network surrounding the participant, which has been constructed
through contact diaries repeatedly recorded by the participant.
Although this diary approach tends to yield active and
comprehensive archives of personal networks and is thus more
stable and reliable than one-shot survey data, these self-reported
contact records may not be free from recall biases. It is thus
difficult to rule out potential measurement errors, even though

In our regression analysis, we treated only social network
attributes as the main factors. Such network effects may interact
with demographic and socioeconomic factors; recent studies
have found that social networks play an important role in
mediating the impacts of gender [30,31], age [32], and ethnicity
[33] on health-related QoL. Not only does the social network
function as a mediator but it may also reciprocally influence
other factors in their impacts on QoL [34]. To take these possible
multiple roles into account, future studies may want to examine
the circumstances under which the social network attributes
mediate the sociodemographic covariates that control the paths
between other factors and QoL.
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Abstract
Background: Standard behavioral weight loss interventions often set uniform physical activity (PA) goals and promote PA
self-monitoring; however, adherence remains a challenge, and recommendations may not accommodate all individuals. Identifying
patterns of PA goal attainment and self-monitoring behavior will offer a deeper understanding of how individuals adhere to
different types of commonly prescribed PA recommendations (ie, minutes of moderate-to-vigorous physical activity [MVPA]
and daily steps) and guide future recommendations for improved intervention effectiveness.
Objective: This study examined weekly patterns of adherence to step-based and minute-based PA goals and self-monitoring
behavior during a 6-month online behavioral weight loss intervention.
Methods: Participants were prescribed weekly PA goals for steps (7000-10,000 steps/day) and minutes of MVPA (50-200
minutes/week) as part of a lifestyle program. Goals gradually increased during the initial 2 months, followed by 4 months of fixed
goals. PA was self-reported daily on the study website. For each week, participants were categorized as adherent if they
self-monitored their PA and met the program PA goal, suboptimally adherent if they self-monitored but did not meet the program
goal, or nonadherent if they did not self-monitor. The probability of transitioning into a less adherent status was examined using
multinomial logistic regression.
Results: Participants (N=212) were predominantly middle-aged females with obesity, and 67 (31.6%) self-identified as a
racial/ethnic minority. Initially, 73 (34.4%) participants were categorized as adherent to step-based goals, with 110 [51.9%]
suboptimally adherent and 29 [13.7%] nonadherent, and there was a high probability of either remaining suboptimally adherent
from week to week or transitioning to a nonadherent status. However, 149 (70.3%) participants started out adherent to minute-based
goals (34 [16%] suboptimally adherent and 29 [13.7%] nonadherent), with suboptimally adherent seen as the most variable status.
During the graded goal phase, participants were more likely to transition to a less adherent status for minute-based goals (odds
ratio [OR] 1.39, 95% CI 1.31-1.48) compared to step-based goals (OR 1.24, 95% CI 1.17-1.30); however, no differences were
seen during the fixed goal phase (minute-based goals: OR 1.06, 95% CI 1.05-1.08; step-based goals: OR 1.07, 95% CI 1.05-1.08).
Conclusions: States of vulnerability to poor PA adherence can emerge rapidly and early in obesity treatment. There is a window
of opportunity within the initial 2 months to bring more people toward adherent behavior, especially those who fail to meet the
https://www.jmir.org/2022/1/e30673
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prescribed goals but engage in self-monitoring. Although this study describes the probability of adhering to step- and minute-based
targets, it will be prudent to determine how individual characteristics and contextual states relate to these behavioral patterns,
which can inform how best to adapt interventions.
Trial Registration: ClinicalTrials.gov NCT02688621; https://clinicaltrials.gov/ct2/show/NCT02688621
(J Med Internet Res 2022;24(1):e30673) doi:10.2196/30673
KEYWORDS
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Introduction
Adherence to physical activity (PA) is a pervasive challenge in
behavioral weight control programs. Many individuals fail to
achieve program recommendations and adopt a physically active
lifestyle [1,2]. As a result, these individuals do not obtain the
multitude of immediate and long-term health benefits associated
with engaging in PA, including chronic disease prevention and
weight management [3,4]. A deeper understanding of the
underlying pattern of an individual’s adherence to program
recommendations may reveal information about what contributes
to deterioration in PA adherence and indicate important targets
for intervention.
Ordinarily, all individuals receive the same programmatic goals,
which gradually progress to targeted PA levels [5-7].
Recommendations
are
most
often
provided
for
moderate-to-vigorous intensity physical activity (MVPA) in
terms of minute-based goals, such as 150 minutes/week of
MVPA [8]. More recently, step-based goals (eg, 10,000
steps/day) have also been incorporated as a means to bolster
the accumulation of activity throughout the day. Individuals
who achieve program MVPA goals during treatment tend to
lose more weight and are more likely to maintain high levels
of activity in the future [1,9-12]. However, the stability in
adherence to step- and minute-based goals over time, as well
as differences in adherence between these 2 types of goal
prescriptions, have yet to be identified. Responsiveness to
program recommendations, along with a more precise
description of how the type and timing of PA goals impact
adherence, can uncover key areas for consideration when
prescribing PA for behavioral weight control and guide
intervention tailoring for those at risk of poor adherence.
Self-monitoring, a key element of lifestyle programs intended
to promote behavioral awareness and fulfillment of
recommendations [4,13], serves as a reliable indicator of weight
loss and PA engagement [10,14]. Failure to initiate
self-monitoring of MVPA and inconsistent recording of MVPA
are associated with weight gain and lower activity levels during
a behavioral weight loss program [15]. Whether self-monitoring
of daily steps follows a similar pattern to MVPA remains to be
determined. Describing how individuals adhere to
self-monitoring of different types of program PA goals from
one week to the next may point toward which type of metric
(steps or minutes of MVPA) individuals are more likely to
engage in during a behavioral weight control program.
Others have examined transitions in levels of adherence to
dietary self-monitoring and found that individuals who partially
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self-monitor in 1 week have a greater chance of improving to
full self-monitoring during the first 2 months of treatment,
whereas after the first 2 months, partial self-monitoring in 1
week foreshadows discontinuation of self-monitoring [16].
Using a similar approach to examining PA will indicate whether
there are meaningful patterns of PA self-monitoring and
engagement, as well as when these patterns emerge. In turn,
potential targets for adaptive interventions may be identified,
which could ultimately improve adherence in behavioral weight
control programs and enhance outcomes for both PA promotion
and weight management.
Examination of weekly adherence to the different types of PA
goals offers insight into goal operationalization, progression,
and timing, since lifestyle programs tend to prescribe goals on
a weekly basis. Therefore, this study aims to describe weekly
patterns of adherence to (1) step-based goals and self-monitoring
steps and (2) minute-based goals and self-monitoring minutes
of MVPA, as well as examine whether weekly transitional
patterns differ between step-based goals versus minute-based
goals, across 6 months of an online, group-based behavioral
weight control program.

Methods
Study Design
This study was a secondary analysis of a randomized controlled
trial (RCT) that evaluated the impact of financial incentives on
weight loss in a group-based behavioral weight control program
delivered online [17]. Briefly, participants received either (1)
the online program augmented with financial incentives for
achieving behavioral and weight loss goals or (2) the online
program alone (ie, control group). Eligible participants had a
body mass index (BMI) of 25-50 kg/m2; were at least 18 years
of age with access to a smartphone, computer, and the internet;
had no medical contraindications to moderate-intensity PA (eg,
brisk walking); and demonstrated the capacity to monitor their
PA using their smartphone or personal fitness tracker prior to
randomization. The study was approved by the institutional
review boards at both clinical sites, and written informed consent
was obtained from all participants. The investigation included
only the control group (N=212) to avoid the potential of
financial incentives obscuring PA adherence patterns (see
Multimedia Appendix 1).

Program Overview
All participants received a goal-oriented behavioral weight
control program delivered online, which has been shown
effective in previous studies [18,19]. Weekly online group
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sessions occurred synchronously via text-based chat led by an
experienced facilitator for 6 months. Session topics, such as
goal setting, problem solving, action planning, and relapse
prevention, were supplemented with online materials, activities,
and other resources on the study website to reinforce key
strategies for self-regulation. A program goal of 10% weight
loss was recommended through calorie reduction and increased
PA. Participants were provided a dietary goal of 1200-1800
calories/day (≤25% from fat) based on their initial body weight.
The same step- and minute-based PA goals were prescribed
concurrently to all participants from weeks 3 to 24 in 2 phases.
The graded goal phase began at week 3, with targets for 7000
steps/day and 50 minutes/week of MVPA; both goals progressed
incrementally, reaching 10,000 steps/day and 150 minutes/week
of MVPA at week 8. The fixed goal phase consisted of weeks
9-24, when both program PA goals were held constant at 10,000
steps/day and 200 minutes/week of MVPA. The MVPA goal
was chosen to be consistent with the Centers for Disease Control
and Prevention and American College of Sports Medicine
guidelines [8]. Although there is much debate about the number
of recommended steps, the 10,000-step goal is commonly used
[20].
Participants were instructed to use their personal fitness tracker
or a smartphone app to track their total steps and minutes of
planned exercise of at least a moderate-to-vigorous intensity
and then record both their total steps and minutes of MVPA on
the study website daily. In other words, participants were asked
to report both metrics for each day of the study period, as
opposed to reporting only 1 metric, even if they did not perform
any PA on that day. Self-monitoring records were reviewed by
the facilitator, who provided tailored feedback via email on a
weekly basis with positive reinforcement of healthy lifestyle
choices, constructive guidance promoting potential areas for
change, and reminders of the program recommendations.

Measures
Physical Activity
The total number of steps and minutes of MVPA both were
self-reported by participants daily on the study website. Weekly
totals for steps and for minutes of MVPA were calculated by
summing the daily reported values, with each week beginning
on the day of the scheduled group session.

Adherence to PA Goals
Adherence to the program step goals (yes/no) and the MVPA
minute goal (yes/no) was separately determined for each
participant and for each week of the program based on the
proportion of the program goal achieved. For example, a
participant could be categorized as nonadherent to the step goal
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and adherent to the MVPA goal. For steps, the average daily
step count for a given week was divided by that week’s program
step goal and multiplied by 100%. For minutes of MVPA, the
total minutes reported in a given week were divided by the
program MVPA goal and multiplied by 100%. Proportions of
≥100% indicated that the corresponding goal was met (yes),
and proportions of <100% indicated that the goal was unmet
(no). A value of 0 was assumed for missing and implausible
entries, including daily step counts of <1000 or >30,000 [21,22]
and >1080 MVPA minutes/day [23,24].

Adherence to PA Self-Monitoring
Adherence to self-monitoring of steps (yes/no) and minutes of
MVPA (yes/no) was based on whether an entry was submitted
and calculated separately for each type of PA goal (ie, a
participant could be categorized as adherent to 1 of the goals
and not adherent to the other). For steps, a participant was
considered to have self-monitored (yes) in a given week if ≥1
record of any step count was submitted, including a value of 0.
Likewise, a participant was considered to have self-monitored
minutes of MVPA (yes) for a given week if ≥1 record of any
number of minutes, including 0, was submitted. If no entry was
submitted for the corresponding PA goal on any of the 7 days,
the participant was considered nonadherent to self-monitoring
(no) for that week. The approach described here is consistent
with previous work, which categorized a participant as adherent
if ≥1 record of any value of exercise minutes was submitted for
a given week and nonadherent if no records were submitted
[25].

Categorization of PA Adherence
The variables adherence to PA goal and adherence to PA
self-monitoring were used to categorize participants into 3
mutually exclusive categories each week for step-based goals
and separately for minute-based goals. Participants were
categorized as (1) adherent if they met the goal and
self-monitored, (2) suboptimally adherent if they did not meet
the goal but did self-monitor, and (3) nonadherent if they did
not self-monitor (Table 1). It was assumed that those who did
not self-monitor also did not meet the PA goal for that week.
To the best of our knowledge, thresholds for adherence to PA
goals and self-monitoring during behavioral weight control have
not been standardized. Therefore, the categories were selected
to mirror the established PA classifications outlined in the
national guidelines (ie, active/highly active, insufficiently active,
and inactive) [26], which are related to the degree of health
benefits obtained [8]. Categorization of PA adherence to
step-based goals did not influence how a participant was
categorized for minute-based goals, and vice versa.
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Table 1. Categorization of PAa adherence based on weekly program PA goals and PA self-monitoring.
Week

Adherent

Suboptimally adherent

Nonadherent

3

≥7000 steps (≥100%) + ≥1 day of self-monitoring

1-6999 steps (0%<x<100%) + ≥1 day of self-monitoring

No self-monitoring

4-5

≥8000 steps (≥100%) + ≥1 day of self-monitoring

1-7999 steps (0%<x<100%) + ≥1 day of self-monitoring

No self-monitoring

6-7

≥9000 steps (≥100%) + ≥1 day of self-monitoring

1-8999 steps (0%<x<100%) + ≥1 day of self-monitoring

No self-monitoring

8-24

≥10,000 steps (≥100%) + ≥1 day of self-monitoring

1-9999 steps (0%<x<100%) + ≥1 day of self-monitoring

No self-monitoring

Steps

Minutes of MVPAb

a

3-4

≥50 minutes (≥100%) + ≥1 day of self-monitoring

1-49 minutes (0%<x<100%) + ≥1 day of self-monitoring

No self-monitoring

5-6

≥100 minutes (≥100%) + ≥1 day of self-monitoring

1-99 minutes (0%<x<100%) + ≥1 day of self-monitoring

No self-monitoring

7-8

≥150 minutes (≥100%) + ≥1 day of self-monitoring

1-149 minutes (0%<x<100%) + ≥1 day of self-monitoring

No self-monitoring

9-24

≥200 minutes (≥100%) + ≥1 day of self-monitoring

1-199 minutes (0%<x<100%) + ≥1 day of self-monitoring

No self-monitoring

PA: physical activity.

b

MVPA: moderate-to-vigorous physical activity.

Statistical Analysis
Descriptive analyses were conducted to characterize the sample
and determine frequencies for the number of participants
meeting PA goals and self-monitoring their PA each week.
Marginal proportions of weekly PA adherence categories were
separately tabulated for each type of PA recommendation (steps
and minutes of MVPA) beginning at week 3 and continuing
through the end of the 6-month period. The weekly transition
probabilities of adherence status were then independently
summarized for step- and minute-based goals using separate
models for the graded PA goal phase (weeks 3-8), fixed PA
goal phase (weeks 9-24), and across all time points (weeks
3-24). Models were conditioned on the probability of
maintaining the same adherence status from the preceding week
or transitioning to another status within each type of goal
prescription.
The likelihood of having an adherent, suboptimally adherent,
or nonadherent status over time was examined for step- and
minute-based goals, separately, using multinomial logistic
regression for correlated data. The odds of having a less adherent
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status were modeled for each type of PA recommendation during
the graded PA goal phase, fixed PA goal phase, and across all
time points. Comparisons were then made between models for
step- versus minute-based goals on the odds of transitioning
into a less adherent status. All analyses were performed using
SAS 9.4 (Cary, NC, USA), and the level of statistical
significance was set at P<.05.

Results
Participant Characteristics
All participants randomized to the control group (N=212) in
the larger RCT [17] were included in this study (Table 2). On
average, participants in the current analyses were 47.9 years
old, with a BMI of 35.8 kg/m2. The majority (n=194, 91.5%)
were female, and approximately one-third (n=67, 31.6%)
self-identified as a racial/ethnic minority. Most participants had
at least a college degree (n=169, 79.7%) and were employed
full-time (n=152, 71.7%). Retention was 81.1% (n=172) at the
6-month assessment visit.
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Table 2. Baseline sociodemographic characteristics of study participants (N=212).
Characteristic

Value

Age (years), mean (SD)

47.9 (11.1)

BMIa (kg/m2), mean (SD)

35.8 (5.9)

Gender, n (%)
Female

194 (91.5)

Male

18 (8.5)

Race/ethnicity, n (%)
White

145 (68.4)

Minorityb

67 (31.6)

Education, n (%)
College degree or higher

169 (79.7)

Some college or less

43 (20.3)

Marital status, n (%)
Married or cohabiting

118 (55.7)

Separated, divorced, widowed, or never married

94 (44.3)

Employment status, n (%)
Full time

152 (71.7)

Part time or unemployed

60 (28.3)

Geographic region, n (%)

a

Northeast (Vermont)

106 (50.0)

Southeast (South Carolina)

106 (50.0)

BMI: body mass index.

b

Minority groups include African American, Asian, Hispanic, and Pacific Islander.

Rates of Adherence to Physical Activity
Step-Based Goals
On average, of the 212 participants, 144 (67.7%) self-monitored
their steps on ≥1 day/week during the 6-month period and 27
(12.4%) met the prescribed steps goal each week. Approximately
one-third (n=73, 34.4%) of the participants started out adherent
to the 7000-daily-step goal in week 3 (Figure 1). Rates declined
as the goal progressed to 10,000 daily steps, and 13 (6.1%)
participants remained adherent by 6 months. More than half of
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the participants (n=110, 51.9%) initially self-monitored their
steps but did not meet the prescribed step goal (suboptimally
adherent). The same pattern observed for adherent participants
was also seen for suboptimally adherent participants, in which
the proportion of suboptimally adherent participants declined
over time to 88 (41.5%) participants. In contrast, the proportion
of participants who were initially nonadherent (n=29, 13.7%)
steadily increased until 111 (52.4%) participants were no longer
self-monitoring steps at the conclusion of the 6-month study
period.
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Figure 1. Weekly marginal proportions of participants in each PA adherence category for step-based goals (N=212). PA: physical activity.

Minute-Based Goals
Comparable to daily steps, 143 (67.4%) participants
self-monitored their total minutes of MVPA on ≥1 day per week
over the 6-month period (Figure 2); however, more than twice
as many participants (n=58, 27.4%) met the weekly MVPA
minute goals relative to the step goals. Most participants (n=149,
70.3%) were adherent to the initial 50-minute MVPA goal.
Adherent behavior rapidly declined as MVPA goals progressed
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through the graded phase, followed by a slower rate of
deterioration in the fixed goal phase to 30 (14.2%) participants
by 6 months. The proportion of those classified as suboptimally
adherent increased sharply during the graded phase before
gradually declining throughout the remaining weeks. Finally,
the proportion of participants considered nonadherent to MVPA
minute goals closely mirrored that of participants considered
nonadherent to step goals over time.
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Figure 2. Weekly marginal proportions of participants in each PA adherence category for minute-based goals (N=212). PA: physical activity.

Transitions in Adherence to Physical Activity
The weekly transitional probabilities of adherence to prescribed
PA goals and PA self-monitoring across successive weeks of
the behavioral weight control program are summarized for steps
and minutes of MVPA in Table 3 (see Multimedia Appendix 2
for flow diagrams of transitions). The most stable status by
phase and across the full 6-month period for both step- and
minute-based goals was the nonadherent status. If a participant
was nonadherent to the initial program goals at week 3, they
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were estimated to remain nonadherent at the end of the 8-week
graded phase 90% of the time and transition to suboptimally
adherent 10% of the time. The likelihood of remaining
nonadherent increased in the fixed goal phase to 98%. A
participant had a 100% probability of being nonadherent at
week 24, given that they had been nonadherent to the initial PA
goals at week 3. It was improbable that a participant would
transition directly from a nonadherent status in 1 week to an
adherent status the following week.
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Table 3. Summary of weekly transitional probabilities of PAa adherence by program phaseb.
Adherence status

Nonadherent (timet)

Suboptimally adherent (timet)

Adherent (timet)

Steps

MVPAc

Steps

MVPA

Steps

MVPA

Nonadherent

89.7 e

89.7

10.3

10.3

0

0

Suboptimally adherent

15.5

14.7

80.9

70.6

3.6

14.7

Adherent

4.1

10.7

67.1

49.0

28.8

40.3

Nonadherent

97.8

97.9

2.2

0

0

2.1

Suboptimally adherent

44.0

46.0

52.5

48.0

3.5

6.0

Adherent

16.0

27.7

52.0

36.9

32.0

35.4

Nonadherent

100

100

0

0

0

0

Suboptimally adherent

53.6

64.7

44.5

29.4

1.8

5.9

Adherent

31.5

39.6

53.4

41.6

15.1

18.8

Graded PA goal phased (timet–1), %

Fixed PA goal phasef (timet–1), %

Full 6-month periodg (timet–1), %

a

PA: physical activity.

b

Transition probabilities describe the likelihood of remaining in an adherence status in 1 week (timet), given the adherence status in the previous week
(timet–1) or transitioning to another status.
c

MVPA: moderate-to-vigorous physical activity.

d

Probabilities indicate adherence status at the end of the graded PA goal phase (week 8), given the adherence status for the initial PA goal at week 3.

e

Values in italics indicate remaining in the same adherence status.

f

Probabilities indicate adherence status at the end of the fixed PA goal phase (week 24), given the adherence status at the end of the graded PA goal
phase (week 8).
g

Probabilities indicate adherence status at the end of the study period (week 24), given the adherence status for the initial PA goal at week 3.

Step-Based Goals
During the initial 8 weeks, as the goals progressed from 7000
to 10,000 daily steps, the probability that a participant would
remain adherent was 29%, while the probability of transitioning
from adherent to suboptimally adherent was 67% (Table 3; also
see Multimedia Appendix 2A for step-based goals). For
example, if a participant was suboptimally adherent to the
7000-step goal at week 3, they had an 81% chance of remaining
suboptimally adherent and a 16% chance of transitioning to a
nonadherent status when the goal increased to 10,000 steps at
week 8. Across the fixed goal phase, those who were
suboptimally adherent at the end of the graded phase (week 8)
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had a 53% chance of continuing to be suboptimally adherent,
a 44% chance of transitioning to a nonadherent status, and a
4% chance of transitioning to an adherent status at the
conclusion of 6 months. A participant was expected to remain
adherent at the end of the program 15% of the time if they were
adherent in week 3; however, the chances of being adherent at
the end of the program increased to 32% if they were adherent
at week 8. When looking at weekly transitions during the phase
with graded PA goals, participants had the highest likelihood
of remaining suboptimally adherent or transitioning from being
nonadherent to suboptimally adherent between weeks 3 and 4
(95% and 31%, respectively), as shown in Table 4 (see
Multimedia Appendix 3A for step-based goals).
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Table 4. Weekly transitional probabilities of PAa adherence during the graded goal phaseb.
Adherence status

Nonadherent (timet)

Suboptimally adherent (timet)

Adherent (timet)

Steps

MVPAc

Steps

MVPA

Steps

MVPA

Nonadherent

69.0 d

72.4

31.0

24.1

0

3.4

Suboptimally adherent

1.8

29.0

94.5

50.0

3.6

47.1

Adherent

0

0.7

43.8

10.7

56.2

88.6

Nonadherent

81.8

82.6

18.2

17.4

0

0

Suboptimally adherent

7.6

22.5

82.1

62.5

10.3

15.0

Adherent

0

1.3

37.8

28.2

62.2

70.5

Nonadherent

93.1

93.3

6.9

6.7

0

0

Suboptimally adherent

5.7

9.9

86.4

69.0

7.9

21.1

Adherent

2.3

1.8

41.9

24.3

55.8

73.9

Nonadherent

86.1

83.8

13.9

13.5

0

2.7

Suboptimally adherent

9.2

14.1

82.3

78.2

8.5

7.7

Adherent

0

1.0

45.7

36.1

54.3

62.9

Nonadherent

81.8

81.4

18.2

18.6

0

0

Suboptimally adherent

7.3

10.9

85.4

71.3

7.3

17.8

Adherent

0

1.5

51.6

29.4

48.4

69.1

Week 4 (timet–1), %

Week 5 (timet–1), %

Week 6 (timet–1), %

Week 7 (timet–1), %

Week 8 (timet–1), %

a

PA: physical activity.

b

Transition probabilities describe the likelihood of remaining in an adherence status in 1 week (timet), given the adherence status in the previous week
(timet–1) or transitioning to another status.
c

MVPA: moderate-to-vigorous physical activity.

d

Values in italics indicate remaining in the same adherence status.

Minute-Based Goals
In the graded goal phase, participants had a 40% chance of
remaining adherent to the 150-minute recommendation at week
8 if they were initially adherent to the 50-minute target, in
addition to a 49% chance of transitioning from being adherent
to suboptimally adherent (Table 3; also see Multimedia
Appendix 2B for minute-based goals). Participants were likely
to remain suboptimally adherent at week 8 approximately 71%
of the time if their initial status had been suboptimally adherent,
with an equal chance of moving from a suboptimally adherent
to a nonadherent or adherent status. During the period when the
prescribed MVPA was fixed at 200 minutes per week (weeks
9-24), a participant was most likely to remain suboptimally
adherent (48%) or transition from being suboptimally adherent
to nonadherent (46%), with a 6% chance of transitioning to an
adherent status. A participant was expected to remain adherent
at the end of the program 19% of the time, given that they were
adherent to the initial 50-minute MVPA goal, and doubled their

https://www.jmir.org/2022/1/e30673

XSL• FO
RenderX

chances of being adherent at the end of the program if they were
adherent at the 8-week mark. When looking at weekly transitions
during the phase with graded PA goals, adherence status from
weeks 3 to 4 demonstrated the greatest chances of remaining
adherent (89%), improving from suboptimally adherent to
adherent (47%), and improving from nonadherent to
suboptimally adherent (24%). See Table 4; in addition, see
Multimedia Appendix 3B for minute-based goals.

Comparison of Adherence Categories for Step-Based
Versus Minute-Based Goals
Analyses examining adherence status over time indicated that
participants were significantly more likely to be in a less
adherent category relative to adherent as the program progressed
(Table 5). Thus, participants were most likely to transition to a
lower adherence category each week in both goal phases and
across the 6-month period for step-based goals (all P<.001), as
well as for minute-based goals (all P<.001).
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Table 5. Comparison of step- versus minute-based goals on the odds of being in a less adherent weekly status.
Phase

a

Step-based goals

Minute-based goals

Steps vs minutes

ORa (95% CI)

OR (95% CI)

P valueb

Graded PAc goal phased

1.24 (1.17-1.30) e

1.39 (1.31-1.48)

.004

Fixed PA goal phasef

1.07 (1.05-1.08)

1.06 (1.05-1.08)

.65

Full 6-month periodg

1.09 (1.09-1.09)

1.11 (1.11-1.11)

.07

OR: odds ratio (odds of being in a less adherent category over time; “adherent” is the reference group).

b

P value for the odds of being in a less adherent category, relative to “adherent,” during the specified phase for step-based goals versus minute-based
goals.
c

PA: physical activity.

d

Graded PA goal phase includes weeks 3-8.

e

Values in italics indicate statistical significance at P<.001 during the specified phase for each type of goal.

f

Fixed PA goal phase includes weeks 9-24.

g

Full 6-month period includes weeks 3-24.

For steps, participants were 1.24 times more likely to be less
adherent, relative to being adherent, each week during the graded
goal phase, 1.07 times more likely to shift to a less adherent
status during the fixed goal phase, and 1.09 times more likely
to be in a less adherent category each week across the 6-month
period. For minutes of MVPA, participants were 1.39 and 1.06
times more likely to be in a less adherent category each week
during the graded and fixed goal phases, respectively, and 1.11
times more likely to shift to a less adherent category each week
over the entire 6 months.
When steps and minutes of MVPA were compared during the
graded PA goal phase, participants were significantly more
likely to regress to a less adherent category the following week
when examining minutes of MVPA relative to considering steps
(P=.004). In other words, participants were more likely to
become less adherent from week to week with respect to
minute-based goals compared to step-based goals during weeks
3-8. No significant difference was seen in the propensity to be
adherent between step- and minute-based goals during the fixed
goal phase (P=.65). Although a trend was noted between models
for steps and minutes of MVPA in the odds of being in a less
adherent category when examining the full 6-month period
(P=.07), the difference was not statistically significant.

Discussion
Principal Findings
To the best of our knowledge, this study is the first to describe
the stability of adherence to weekly self-monitoring and
attainment of PA goals prescribed in terms of daily steps and
weekly minutes of MVPA during an online behavioral weight
control program. Few participants met the initial step-based
goals and subsequently either remained in a nonadherent or a
suboptimally adherent status from one week to the next or
transitioned from a suboptimally adherent to a nonadherent
status over time. Conversely, most participants started out
adherent to the minute-based goals but demonstrated greater
variability between adherence statuses from week to week than
was seen for step-based goals. Thus, participants with
overweight and obesity enrolled in a behavioral weight control
https://www.jmir.org/2022/1/e30673
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program were unlikely to achieve even the lowest step-based
goals or to catch up with the goals as the step target
progressively increased but had a greater chance of meeting the
minute-based goals, particularly early in treatment.
The weekly transitional probabilities identified in this study
underscore the initial 2 months of a lifestyle program as a
formative period that contributes to an individual’s chances of
future PA adherence. Participants who met the earliest
recommendations were most likely to be adherent at 6 months
relative to those who started out suboptimally adherent or
nonadherent. Intriguingly, the likelihood of long-term adherence
increased 2-fold if a participant remained adherent through the
graded goal phase. Our findings substantiate previous studies
that demonstrate that the first 2 months of program initiation
serve as a critical juncture associated with better long-term
program adherence, weight loss, and health-related outcomes
[16,27-30]. From a theoretical perspective, successful adoption
of PA recommendations may be attributed to an increase in
self-efficacy and mastery experiences during program initiation
from frequent, intentional exposure to self-monitoring and goal
attainment [31-33]. Future studies should examine whether
targeting this early period with strategies to facilitate consistent
self-monitoring in conjunction with attaining recommendations
substantially increases a person’s chances of long-term success
in achieving PA targets and in losing weight.
Few participants achieved stability in adherent behavior, which
is of concern. Indeed, nonadherence was the most consistent
status and was increasingly more likely over time, regardless
of the type of PA goal. Some adults with overweight may prefer
monitoring minute-based activity rather than step counts [34];
however, our study did not detect a difference in self-monitoring
behavior between these 2 types of PA metrics. It may be that
the method of submitting daily step totals and minutes of MVPA
concurrently to the study website’s digital diary contributed to
the matching rates of self-monitoring steps and minutes of
MVPA. Nevertheless, a considerable proportion of participants
failed to track their activity and were unlikely to reengage with
self-monitoring despite regular reminders of program PA goals
and prompts to self-monitor, which were given in weekly
emailed feedback, group meetings, and online lessons. Providing
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wearable devices to those who fail to engage in manual
self-monitoring methods may improve adherence by facilitating
continuous PA tracking and minimizing the burden associated
with manual self-monitoring [35,36]. However, others have
demonstrated that providing a wearable activity-tracking device
in an online weight control program does not promote greater
PA engagement or weight loss [37].

weight loss success and PA goal attainment in the context of a
weight control program; examination of these dynamic processes
is warranted because success with weight loss may well be a
driver of PA goal attainment, in addition to PA goal attainment
driving weight loss success [1,9,11]. More research is needed
before firm clinical conclusions can be made about how to adjust
PA recommendations in behavioral weight control.

Suboptimally adherent behavior appeared to be the most
vulnerable to transitions, particularly with respect to
minute-based goals. It is striking that participants had the best
chances of shifting from suboptimally adherent to fully adherent
behavior during the graded goal phase, yet the likelihood of
becoming nonadherent outweighed becoming adherent after 2
months. A similar pattern with weekly dietary self-monitoring
was previously reported where individuals who demonstrated
suboptimal adherence to dietary self-monitoring had the greatest
potential for transitioning to adherent behavior during the first
2 months of a lifestyle program but not after that time [16]. It
is possible that a vulnerability to transitions during program
initiation represents an intervention opportunity to increase the
likelihood of shifting to fully adherent behavior. Supporting
individuals with coaching sessions at the first sign of
vulnerability might foster an increase in their MVPA or step
counts [38-40]. A change in status from adherent to suboptimally
adherent exemplifies 1 event that triggers implementation of a
coaching session to quickly bring the individual back on a
trajectory of success and avoid a decline to nonadherent behavior
when it may be too late to reengage them in program
recommendations.

Limitations

To capitalize on the early weeks of program initiation and move
more individuals toward adherent behavior, reevaluating how
PA recommendations are structured for behavioral weight
control is warranted. It is apparent that providing everyone with
the same incremental, linear progression of PA goals does not
accommodate the dynamic process of lifestyle change for each
individual. From a clinical perspective, it is imperative to
appreciate that the continuation of conventional treatment likely
will not help vulnerable subgroups transition to adherent
behavior. Instead, it may be important to provide tailored goals
that adapt based on the individual’s recent PA, thus providing
more realistic, attainable PA targets [38,41-43].
Although this study took the formative step of describing
behavioral patterns, more work is needed to identify precisely
how best to adapt treatment to capitalize on these patterns and
enhance outcomes. There are likely other factors, such as
cognitive, affective, and motivational components, influencing
whether individuals are adherent to PA, and these should be
explored to guide treatment tailoring [44-48]. For example, does
exercise become unpleasant or untenable for some individuals
when MVPA goals progress to 150 minutes, which contributes
to them no longer adhering to recommendations? Do other
individuals experience boredom with their exercise routine or
a lack of motivation to pursue the goals? To what extent does
a sense of self-efficacy impact attainment of step- or
minute-based goals? There may also be other contextual factors
influencing adherence, such as a vacation, illness/injury, or
other barriers to PA, which interrupt a person’s routine.
Furthermore, there may be dynamic bidirectional influences of
https://www.jmir.org/2022/1/e30673
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This research advances our understanding of the effects of
different types of PA goals commonly prescribed in behavioral
weight control interventions on goal attainment combined with
self-monitoring among a large sample of adults with overweight
and obesity. However, findings should be considered with the
following limitations in mind. First, participants were
predominantly women with obesity, and results may not
generalize to other populations. Next, the influence of exercise
history or the level of activity when entering the study on
adherence patterns could not be determined. If program goal
attainment differs between individuals who are inactive at study
entry compared to those who are already engaging in some PA
at baseline, recommendations may be tailored based on baseline
activity levels. Although the goals offered in the program are
similar to those provided by other behavioral weight control
programs [5,7], patterns of goal attainment noted in this study
may not generalize to other programs that recommend
substantively different types or doses of PA or to PA promotion
programs without an emphasis on weight loss. It is possible that
the MVPA goal was more achievable than the step goal or that
the participants preferred MVPA or preferred tracking MVPA.
Additionally, other programs have used different MVPA goals,
and it will be important to determine whether these findings
generalize to other, usually higher, MVPA goals. Exploring the
behavioral patterns of adherence to other PA recommendations
and programs will be advantageous in determining whether
there are specific thresholds for the number of steps and minutes
of MVPA that optimize adherence. In addition, this study
provided both PA goals, and it will be important in future
research to determine if one goal or the other is more effective
in inducing weight loss. Furthermore, it is possible that some
participants categorized as nonadherent in a given week did, in
fact, meet the corresponding PA goal for that week; however,
goal attainment could not be determined in this case if they did
not submit their activity record on the website. Further, goal
attainment relied on self-report of PA, which is well known for
overestimation [49,50]. Providing technology in future studies
to assist with objective PA measurement and self-monitoring
could remove some of the barriers associated with manual
posting of self-reported PA. Finally, a participant’s adherence
status for each type of PA goal prescription was conditional on
the preceding week’s level of adherence for that prescription
and calculated independently from adherence to the other type
of goal prescription; the influence of adherence at other time
points or adherence to the other PA goal is an area for future
study. Nevertheless, the approach selected allows for a
preliminary examination of dynamic adherence to PA goals and
self-monitoring.
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Conclusion
This study begins to identify key transition points in the behavior
change process as it relates to PA adherence for step- and
minute-based goals in a behavioral weight loss program and
provides a useful framework for detecting responsiveness to
program recommendations. Moreover, it may assist in shaping
more effective PA recommendations in lifestyle programs,
particularly during the early period of program initiation. The
initial 2 months provide a window of opportunity to assist people
in transitioning to adherent behavior, especially those who fail
to meet the PA goals but engage in self-monitoring. As a result,

Stansbury et al
researchers and clinicians should consider PA self-monitoring
and goal attainment concurrently as an indication of an
individual’s adherence status. Emphasis should be placed on
strategies that help people start and reach the 2-month mark
with consistent self-monitoring and attainment of PA
recommendations, since this appears to be a formative period
for continued adherence. Future research should investigate
how these transitional patterns in PA adherence status are
influenced by individual characteristics and contextual factors,
as well as how they relate to weight loss and other health-related
outcomes, to inform optimization of treatment recommendations.
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point, given the previous time point.
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Abstract
Background: Patients with recurrent episodes of noncardiac chest pain (NCCP) experience cardiac anxiety as they misinterpret
the pain to be cardiac related and avoid physical activity that they think could threaten their lives. Psychological interventions,
such as internet-delivered cognitive behavioral therapy (iCBT), targeting anxiety can be a feasible solution by supporting patients
to learn how to perceive and handle their chest pain.
Objective: This study aims to evaluate the effects of a nurse-led iCBT program on cardiac anxiety and other patient-reported
outcomes in patients with NCCP.
Methods: Patients with at least two health care consultations because of NCCP during the past 6 months, and who were
experiencing cardiac anxiety (Cardiac Anxiety Questionnaire score ≥24), were randomized into 5 weeks of iCBT (n=54) or
psychoeducation (n=55). Patients were aged 54 (SD 17) years versus 57 (SD 16) years and were mainly women (32/54, 59% vs
35/55, 64%). The iCBT program comprised psychoeducation, mindfulness, and exposure to physical activity, with weekly
homework assignments. The primary outcome was cardiac anxiety. The secondary outcomes were fear of bodily sensations,
depressive symptoms, health-related quality of life, and chest pain frequency. Intention-to-treat analysis was applied, and the
patients were followed up for 3 months. Mixed model analysis was used to determine between-group differences in primary and
secondary outcomes.
Results: No significant differences were found between the iCBT and psychoeducation groups regarding cardiac anxiety or
any of the secondary outcomes in terms of the interaction effect of time and group over the 3-month follow-up. iCBT demonstrated
a small effect size on cardiac anxiety (Cohen d=0.31). In the iCBT group, 36% (16/44) of patients reported a positive reliable
change score (≥11 points on the Cardiac Anxiety Questionnaire), and thus an improvement in cardiac anxiety, compared with
27% of (13/48) patients in the psychoeducation group. Within-group analysis showed further significant improvement in cardiac
anxiety (P=.04) at the 3-month follow-up compared with the 5-week follow-up in the iCBT group but not in the psychoeducation
group.
Conclusions: iCBT was not superior to psychoeducation in decreasing cardiac anxiety in patients with NCCP. However, iCBT
tends to have better long-term effects on psychological distress, including cardiac anxiety, health-related quality of life, and NCCP
frequency than psychoeducation. The effects need to be followed up to draw more reliable conclusions.
Trial Registration: ClinicalTrials.gov NCT03336112; https://www.clinicaltrials.gov/ct2/show/NCT03336112
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Introduction
Background
Approximately 50% of patients seeking acute care because of
chest pain have noncardiac chest pain (NCCP) [1-5], which is
equivalent to approximately 80,000 people annually in Sweden
[6]. Despite recurrent chest pain, many patients are discharged
without a clear explanation regarding the underlying cause of
their chest pain [7,8], and a large proportion of them continue
to experience chest pain [8-10]. Wertli et al [11], in a
retrospective study of 1341 emergency department admissions
among patients with NCCP, concluded that there is an
uncertainty among physicians regarding how to approach these
patients after ruling out the cardiac causes. In fact, many of
these patients are still not convinced by their negative cardiac
diagnosis several years after the primary assessment, and they
worry about heart disease, avoid activities that they think might
be harmful to their heart, and repeatedly seek medical help
[12,13]. Physical activity has been shown to be associated with
a lower risk of experiencing NCCP. Therefore, avoidance of
such activities has negative effects on these patients [14]. This
situation seems to cause functional impairment, psychological
distress, and impaired quality of life in these patients [4,15-18].
Studies have also suggested that patients with NCCP use
outpatient health care to the same extent as patients with
myocardial infarction [4,17,19] and incur high costs for the
health care system and society [1,6,20-22].
Cardiac anxiety has been found to be highly prevalent in these
patients and is strongly associated with health care use [9,18].
An explanation is that cardiac anxiety may worsen the chest
pain and create a vicious circle, leading to the maintenance of
both anxiety and chest pain. Psychological interventions
targeting anxiety can be a feasible way of breaking the vicious
circle and improving patient outcomes by supporting patients
in learning how to perceive and handle their chest pain. This is
also warranted by the World Health Organization, which
emphasizes the need for the implementation of interventions
targeting psychological distress in patients with somatic diseases
[23].
There is strong support for cognitive behavioral therapy (CBT)
in the treatment of mild and moderately severe states of anxiety
and depressive disorders [24-27]. CBT is a structured and
collaborative process aiming to help individuals evaluate the
accuracy and usefulness of their thoughts [28]. A Cochrane
review found CBT useful and moderately successful, despite
the multifaceted etiology in NCCP, and stressed the need for
further randomized controlled trials of psychological
interventions for NCCP with long follow-up periods [29].
However, a problem is that there are some barriers to the use
of face-to-face CBT [30]. In addition to being time consuming,
there is a lack of trained health care professionals who can
deliver CBT, leading to a treatment demand gap; thus, the
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number of patients in need of CBT is higher than the number
being offered CBT [29,31]. A possible solution is to use the
internet to deliver CBT (internet-delivered CBT [iCBT]), as it
does not differ from face-to-face CBT regarding the effects
among young and middle-aged people [32-35], requires less
therapist involvement, can be given to more patients, is cheaper,
and is not time or room dependent [30].
However, few studies have evaluated the effects and experiences
of iCBT in patients with both somatic disease and psychological
distress [36,37]. However, in a recent study, iCBT provided by
nurses, with a brief introduction in iCBT, to patients with cardiac
disease and depressive symptoms was shown to reduce
depressive symptoms and improve the quality of life [38]. This
implies that health care professionals, such as nurses within
somatic health care, could use iCBT as a tool for treating
patients, which could increase the access to CBT for
psychological distress among patients with somatic diseases,
such as NCCP. Furthermore, no studies have been undertaken
concerning patients with NCCP, apart from our previous pilot
study that tested the feasibility of iCBT in patients with NCCP
and cardiac anxiety. Our piloted iCBT program was perceived
as feasible by the patients [39]. Thus, there is a knowledge gap
regarding the effects of iCBT programs guided by health care
professionals, such as nurses, on cardiac anxiety and other
patient-reported outcomes in patients with NCCP.

Objective
The aim of this study is to evaluate the effects of a nurse-led
iCBT program on cardiac anxiety and other patient-reported
outcomes in patients with NCCP.

Methods
Design and Ethics
This was a randomized controlled trial and was registered at
ClinicalTrials.gov (NCT03336112). The study was approved
by the regional ethical review board in Linköping, Sweden (code
2017/343-31).

Study Participants
Patients were eligible for participation if they were aged ≥18
years, had at least two health care consultations because of
NCCP (International Classification of Diseases-10 codes R07.2,
R07.3, R07.4, and Z03.4) during the past 6 months, and screened
positive for cardiac anxiety (score ≥24 on the Cardiac Anxiety
Questionnaire [CAQ]). Patients were excluded if they had no
access to a computer or tablet with internet connection; were
not able to perform physical activity because of physical
constraints; did not speak or understand Swedish; or experienced
severe depression, as measured by the Patient Health
Questionnaire-9 (PHQ-9), cognitive impairment, or newly
diagnosed cancer requiring treatment (according to medical
records).
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Procedures
Study participants were recruited after discharge from the
emergency units at 3 regional hospitals and 1 university hospital
in southeast Sweden. Recruitment of patients to the study was
conducted between January 2018 and August 2020. At the start
of the study, we only recruited patients from 2 hospitals;
however, to allow for faster recruitment, we expanded to 2 more
hospitals from April 2019. Eligible participants were identified
by registers and sent a packet, which included study information,
an informed consent form, and a prestamped envelope by post.
After some days, patients were contacted by phone by the study
team and informed verbally about the study. Patients interested
in participation and who sent back a signed written informed
consent form were screened for cardiac anxiety using an
encrypted web-based survey tool provided by Linköping
University and requiring both username and password to log
in. Patients fulfilling the criteria were randomized in a 1:1 ratio
into either iCBT or psychoeducation using a randomization
table provided by a statistician. Masking of patients was not
possible as the intervention was a CBT program. Participating
in the study (in both the iCBT and psychoeducation groups) did
not oppose seeking or receiving other inpatient or outpatient
treatments.
The intervention was delivered through a website specifically
developed for the study by the first author (GM). The website
was accessible only to those who received the website URL and
log-in details. In addition to username and password, 2-factor
authentication was applied using an SMS text messaging
one-time password to ensure security.

iCBT Group
The iCBT group received a 5-session/week–long nurse-led
iCBT program that was developed based on our previous pilot
study [39]. This pilot study contained 4 sessions and was
extended by 1 week to give patients more time to work on the
content for better effects. The program comprised
psychoeducation, mindfulness, and exposure to physical activity,
with weekly homework assignments. The psychoeducation part
was aimed at teaching patients about chest pain and its impact
on daily life and how avoidance and safety behaviors can
maintain or exacerbate chest pain. A chest pain diary and
exposure plan were set up by the patients to help them learn
about their chest pain and not be afraid of exposing themselves
to physical activity that many patients normally avoid. The
mindfulness part, comprising both information and different
exercises to perform daily, was intended to raise awareness of
what is going on in the body, emotions, and sensations and to
be more in the present despite chest pain to learn how to handle
the chest pain. The physical activity part comprised information
and recommendations regarding physical activity based on
national guidelines [40]. The goal of this part was to enable
patients to learn that their hearts tolerate physical activity and
to reduce cardiac anxiety and avoidance of physical activity.
The patients had various weekly assignments to accomplish and
send in for feedback. They then received feedback and advice
from the same nurse once per week at the same time to allow
them to plan their time and engagement in the program. The
participants were fully aware of this procedure. The entire
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treatment was conducted through the study website. Reminders
and encouraging messages were sent to motivate the patients
to complete the program. The iCBT program accounted for the
main part of the treatment. The guidance and feedback part took
approximately a mean of 8 (SD 4) minutes per patient and week.

Psychoeducation Group
Patients with NCCP can be seen as a forgotten group as they
usually have no regular follow-ups regarding their chest pain.
Thus, their care as usual is equivalent to no care at all. Therefore,
comparing iCBT with care as usual is equivalent to comparing
with nothing, and therefore, the effect of iCBT could be
overestimated, as it would be difficult to evaluate if the effect
only depended on iCBT or partly on the attention of being in a
study [41]. It is also recommended that control patients in iCBT
studies receive an active control [36]. Furthermore, it is, for
ethical reasons, better to offer patients with different problems
some kind of intervention than nothing at all when randomizing
them to the control arm [41]. On the basis of this, our active
control group received psychoeducation (ie, containing the same
information that the iCBT group received as part of their
psychoeducation but without any assignments or feedback).
This information was divided into 5 sessions, and patients
accessed 1 session per week through the same website as the
iCBT group. The active control group received a message from
the therapist every week when a new session was made
available.

Data Collection
Data were collected at baseline before randomization; at the
end of the intervention (ie, 5 weeks from baseline), and at 3, 6,
and 12 months after the end of the intervention. In this study,
data from the 6- and 12-month follow-ups were not included.
Medical data were provided via medical records, and the rest
were self-reported. All self-reported data were collected using
the encrypted web-based survey tool provided by Linköping
University. As all questions were mandatory to be able to submit
the questionnaires, this resulted in no missing values among
those who chose to answer the questionnaires. In total,
participants received 2 reminders every 2 weeks if they did not
complete the questionnaires.
The primary outcome was cardiac anxiety. The secondary
outcomes were fear of bodily sensations, depressive symptoms,
health-related quality of life (HRQoL), chest pain frequency,
health care use, and health care costs. Data on health care use
and health care costs will be published separately.

Data Measurement
Cardiac Anxiety
Cardiac anxiety was measured by the CAQ. This measurement
comprises 18 items, with scores ranging from 0 to 72. Higher
scores indicate greater cardiac anxiety [42]. In this study, we
used a median score of 24 from one of our previous studies [18]
as the cutoff score for cardiac anxiety. In addition to the total
score obtained from the 18 items, the CAQ comprises three
subscales: fear, avoidance, and heart-focused attention.
However, these subscales are not presented in this study. The
total scale has demonstrated adequate reliability and validity
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[42]. Cronbach α coefficients of .79 to .89 were confirmed in
this study at the different measurement points.

Fear of Bodily Sensations
The Body Sensations Questionnaire (BSQ) was used to assess
the fear of bodily sensations, such as palpitations, dizziness,
and sweating. The BSQ comprises 17 items, with scores between
17 and 85. Higher scores indicate greater fear of bodily
sensations [43]. The BSQ has been proven to be reliable and
valid [13,18,43]. In this study, the Cronbach α coefficients were
.92 to .94.

Depressive Symptoms
The prevalence and severity of depressive symptoms were
assessed using the PHQ-9. This measurement comprises 9 items,
with a score range between 0 and 27. Scores between 5 and 9
indicate mild depressive symptoms, 10 and 14 indicate moderate
depressive symptoms, 15 and 19 indicate moderately severe
depressive symptoms, and 20 and 27 indicate severe depressive
symptoms. In this study, we used a cutoff score of 10 for
depressive symptoms. The PHQ-9 is a reliable instrument [44],
and in this study, the Cronbach α coefficients were .87 to .89.

Chest Pain Frequency
Data on chest pain frequency were collected with the following
self-developed question: During the last month, how often have
you experienced NCCP?

HRQoL Measure
The EuroQol visual analog scale (EQ-VAS), which is a part of
EuroQol, was used to measure HRQoL. This EQ-VAS scores
range between 0 (worst imaginable health state) and 100 (best
imaginable health state). The EQ-VAS provides a quantitative
measure of the patient’s perception of their overall health and
is a frequently used instrument [45].

Statistical Analysis
The SPSS (version 25; IBM Corp) was used for data analysis.
The level of P<.05 was set for significance. According to our
power calculation that was based on results from our previous
pilot study [39], 53 participants needed to be included in each
group to reach a 20% improvement (approximately an effect
size of 0.5) in cardiac anxiety (95% CI and 80% power). This
was used as there is no established score for a clinically
significant improvement in this measurement. This sample size
is comparable with similar CBT studies [32]. Intention-to-treat
analysis was applied, and patients were followed up even if they
were inactive or dropped out from the study. This method was
chosen to preserve the integrity of the randomization and
minimize the risks of bias related to differences in groups
following attrition or nonadherence [46].
Frequencies, percentages, mean values, and SDs were used to
describe and compare the study variables. Chi-square test or
2-tailed Student t test was used depending on the level of the
data to compare differences between iCBT and psychoeducation
groups regarding demographic variables.
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To compare the iCBT and psychoeducation groups regarding
changes in cardiac anxiety, bodily sensations, depressive
symptoms, HRQoL, and NCCP frequency over the 3 different
measurement points (ie, baseline and 5-week and 3-month
follow-ups), a mixed model analysis was performed. As we had
little missing data (in total, 8% at 5-week follow-up and 16%
at 3-month follow-up), we chose to base our analysis on the
original data; however, we also ran a mixed model analysis
based on multiple imputation as a sensitivity analysis to ensure
the accuracy of our results. Multiple imputation was based on
the consideration of data being missing at random (the Little
missing completely at random test; P=.99) [47]. According to
this method, missing values depend on the observed data and
are replaced by values based on the complete data set [48]. In
this model, a total of 40 imputations were calculated based on
the outcome and demographic variables that showed a
significant correlation with the primary outcome at baseline.
The results from the mixed model analysis based on multiple
imputation did not differ from the analysis that was based on
the original data; therefore, these results are not presented in
this study.
Relationships between demographic variables, disease and
psychological burden, treatment activity (such as number of
log-ins and sessions performed), and change score in cardiac
anxiety between baseline and 3-month follow-up in the groups
were determined using the Pearson correlation coefficient. As
there were no significant correlations, no further regression
analysis was performed.
Cohen d was used to measure the effect sizes of the intervention.
Effect sizes <0.20 were considered trivial, 0.20 to 0.49 were
considered small, 0.50 to 0.79 were considered moderate, and
≥0.80 were considered large [49]. As there is no established
score for a clinically significant improvement in CAQ, we
calculated a reliable change index score according to the study
by Christensen et al [50] using the baseline SD of 8.6 and
baseline reliability score of 0.79 in our groups. On the basis of
these values, a reliable change was deemed to be a change score
of approximately 11 points per participant. The chi-square test
was used to examine the difference between groups in the
number of patients with a change score ≥11.
Within-group differences over the 3 different measurement
points were analyzed using paired t tests.

Results
Study Participants
In total, 824 patients were assessed for eligibility and invited
to participate in the study (Figure 1). After screening, 13.2%
(109/824) of patients who fulfilled the inclusion and exclusion
criteria and consented to participate were randomized into iCBT
(54/109, 49.5%) or psychoeducation (55/109, 50.4%). Study
participants included a higher proportion of women than
nonparticipants (715/824, 86.8%; 67/109, 61.5% vs 354/715,
49.5%; P=.02).
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Figure 1. The CONSORT (Consolidated Standards of Reporting Trials) flowchart. iCBT: internet-delivered cognitive behavioral therapy.

The demographic data for the iCBT and psychoeducation groups
are presented in Table 1.
Patients in these groups had a mean age of 54 (17) years versus
57 (SD 16) years and were mainly women (32/54, 59% vs 35/55,
64%) and in a relationship (45/54, 83% vs 38/55, 69%).
Approximately 33% (18/54) in the iCBT group and 27% (15/55)
in the psychoeducation group had previous heart disease, 43%
(23/54) in the iCBT group, and 34% (19/55) in the
psychoeducation group reported previous problems with
psychological distress (such as anxiety, panic, or depression),
and more than half reported troubles with musculoskeletal pain.
Furthermore, approximately half of them (iCBT 23/54, 43% vs
psychoeducation 25/55, 45%) had been treated with
psychotropic drugs. No significant differences were found
between the groups for any of the demographic variables.
Among the participants, the attrition rates at the 5-week
follow-up were 11% and 5% for the iCBT and psychoeducation
groups, respectively. Patients in the iCBT group who were lost
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to the 5-week follow-up, that is, did not fill in the questionnaires,
were more often on sick leave (P=.02). In addition, they had
low or no engagement in the program; that is, they completed
a mean of 1 session compared with 4.2 in those who continued
their participation (P<.001). In the psychoeducation group, those
lost to follow-up were more often single and living alone
(P=.008). As for the iCBT group, those in the psychoeducation
group who were lost to the 5-week follow-up had low or no
engagement in the program, that is, completed a mean of 0.33
sessions compared with 4.0 in those who continued their
participation (P<.001). The corresponding attrition rates of
iCBT and psychoeducation groups for the 3-month follow-up
were 19% and 13%, respectively, compared with baseline. The
only differences between those who continued their participation
and those lost to the 3-month follow-up was a lower number of
completed sessions in the latter group (a mean of 4.1 vs 2.8
sessions, P=.02, in the iCBT group and a mean of 4.2 vs 1.6
sessions, P<.001, in the psychoeducation group).
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Table 1. Demographic data of study patients at baseline (N=109).
Characteristics

iCBTa (n=54)

Psychoeducation (n=55)

P value

Age (year), mean (SD)

54.3 (16.5)

56.8 (15.5)

.42

Sex, n (%)

.64

Women

32 (59)

35 (64)

Men

22 (41)

20 (36)

Marital status, n (%)

.08

In a relationship

45 (83)

38 (69)

Single

9 (17)

17 (31)

3564 (5742)

4018 (5486)

Salary (US $), mean (SD)
Economic situation, n (%)

.46

Very good

5 (9)

7 (13)

Good

42 (78)

38 (69)

Problematic

7 (13)

10 (18)

Educational level, n (%)

.89

Compulsory school

7 (13)

8 (15)

High school

23 (43)

25 (45)

University

24 (44)

22 (40)

Occupational status, n (%)

.30

Working

20 (37)

27 (49)

Retired

20 (37)

19 (35)

On sick leave

6 (11)

5 (9)

Unemployed

2 (4)

3 (5)

Student

6 (11)

1 (2)

Smoking, n (%)

.97

Nonsmoker or previous smoker

49 (91)

48 (87)

Smoker

5 (9)

7 (13)

Alcohol consumption, n (%)

.58

Never or seldom

28 (52)

25 (45)

≤9 glasses/week

24 (44)

30 (55)

>9 glasses/week

2 (4)

0 (0)

2.5 (2.1)

3.0 (2.2)

Exercise ≥30 minutes (days/week), mean (SD)

.69

Origin, n (%)

.24
.36

Sweden

45 (85)

42 (76)

Another Nordic country

2 (4)

3 (6)

Another country within Europe

5 (9)

5 (9)

South America

1 (2)

1 (2)

Asia

0 (0)

4 (7)

Charlson Comorbidity Index, mean (SD)

2.2 (2.4)

2.5 (2.1)

.57

Previous heart disease, n (%)

18 (33)

15 (27)

.49

Acid reflux, n (%)

9 (17)

9 (16)

.97

Muscle pain, n (%)

29 (54)

26 (47)

.50

Joint or skeletal pain, n (%)

32 (59)

31 (56)

.76

Psychological disorder, n (%)

23 (43)

19 (34)

.39
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Characteristics

iCBTa (n=54)

Psychoeducation (n=55)

P value

Psychological treatment, n (%)

8 (15)

5 (9)

.36

Treatment with psychotropic drugs, n (%)

23 (43)

25 (45)

.76

Number of log-ins per week, mean (SD)

13.7 (12.8)

5.4 (2.5)

<.001

Sessions performed, n (%)

a

.06

0

2 (4)

2 (4)

1

5 (9)

4 (7)

2

7 (13)

4 (7)

3

5 (9)

9 (16)

4

1 (2)

10 (18)

5

34 (63)

26 (47)

iCBT: internet-delivered cognitive behavioral therapy.

The Effects of iCBT Compared With Psychoeducation
on Cardiac Anxiety
The mixed model analysis showed no significant differences
between the iCBT and psychoeducation groups regarding cardiac
anxiety in terms of the interaction effect of time and group over
the 3-month follow-up (Table 2). However, as shown in Figure
2, the iCBT group continued to show improvements in cardiac
anxiety at the 3-month follow-up, which was not the case for
the psychoeducation group. The analysis showed a small effect
size in favor of iCBT (Cohen d=0.31). Looking at the time
effect, there were statistically significant differences in cardiac
anxiety at both the 5-week and 3-month follow-ups compared
with baseline (P<.001).
In the iCBT group, 36% (16/44) of patients had a positive
reliable change score between 11 and 34 points, indicating
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improvement in cardiac anxiety, whereas 2% (1/44) of patients
had a negative reliable change score, showing a deterioration
in cardiac anxiety. The corresponding numbers in the
psychoeducation group were 27% (13/48) of patients with a
positive reliable change score and 2% (1/48) of patients with a
negative reliable change score. However, the difference between
the groups was nonsignificant (P=.21).
Within-group analysis showed that both iCBT and
psychoeducation groups improved significantly with respect to
cardiac anxiety from baseline to 5-week follow-up (P<.001).
The iCBT group had an improved mean score from 35.8 to 29.0,
whereas the psychoeducation group had an improved score from
36.3 to 30.8. In addition, at the 3-month follow-up, the mean
score in the iCBT group was 26.6, which was significantly lower
than both baseline (P<.001) and the 5-week follow-up (P=.04).
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Table 2. Mixed model analysis of the effect of internet-delivered cognitive behavioral therapy (iCBT) compared with psychoeducation on cardiac
anxiety and secondary outcomes, presented in estimated marginal means.
Variables

Time effect
Value,
mean

Group effect
P valuea

CAQb

iCBT

Psychoeducation

P value

31.3

32.4

.96

Effect size
(Cohen d)

iCBT

Psychoeducation

P valuea

Baseline

36.4

N/Ac

36.3

36.4

N/A

N/A

5 weeks

30.3

<.001

29.7

30.8

.46

N/A

3 months

28.9

<.001

27.9

29.9

.28

0.31

BSQd

39.3

39.5

.62

Baseline

42.7

N/A

43.3

42.1

N/A

N/A

5 weeks

38.1

<.001

37.1

39.1

.10

N/A

3 months

37.4

<.001

37.5

37.4

.55

0.15

PHQ-9e

7.2

6.6

.76

Baseline

7.8

N/A

8.0

7.6

N/A

N/A

5 weeks

7.0

.54

7.6

6.4

.32

N/A

3 months

5.9

.005

6.0

5.8

.87

0.10

EQ-VASf

60.4

63.4

.03

Baseline

62.5

N/A

58.5

66.4

N/A

N/A

5 weeks

61.4

.49

60.4

62.3

.12

N/A

3 months

61.9

.32

62.5

61.5

.10

0.57

Chest pain frequency

a

Interaction effect

13

7.9

.006

Baseline

12.0

N/A

15.1

8.9

N/A

N/A

5 weeks

11.1

.60

14.1

8.1

.93

N/A

3 months

8.3

.005

9.7

6.8

.20

0.21

In comparison with baseline.

b

CAQ: Cardiac Anxiety Questionnaire.

c

N/A: not applicable.

d

BSQ: Body Sensations Questionnaire.

e

PHQ-9: Patient Health Questionnaire-9.

f

EQ-VAS: EuroQol visual analog scale.

Figure 2. Changes in cardiac anxiety over time between internet-delivered cognitive behavioral therapy (iCBT) and psychoeducation groups. CAQ:
Cardiac Anxiety Questionnaire.
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The Effects of iCBT Compared With Psychoeducation
on Secondary Outcomes
No significant interaction effect of time and group was found
in any of the secondary outcomes (ie, fear of bodily sensations,
depressive symptoms, HRQoL, and chest pain frequency) over
the 3-month follow-up in the iCBT and psychoeducation groups
(Table 2 and Figure 3). Table 3 displays the number of patients
with depressive symptoms ≥10 in the iCBT and psychoeducation
groups. In the iCBT group, only 11% (6/54) of patients reported
depressive symptoms at the 3-month follow-up compared with
39% (21/54) of patients at baseline. For the psychoeducation
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group, of the 55 patients, the corresponding numbers were 9
(16%) patients at the 3-month follow-up and 13 (24%) at
baseline. The effect sizes of the iCBT group on the secondary
outcomes were trivial to moderate (Cohen d between 0.10 and
0.57) compared with those of the psychoeducation group. There
were statistically significant differences regarding the time effect
in bodily sensations at both 5-week and 3-month follow-ups
(P<.001) and in depressive symptoms and chest pain frequency
at the 3-month follow-up (P=.005) compared with baseline.
Comparing the groups without considering the time effects,
there were significant differences in HRQoL (P=.03) and chest
pain frequency (P=.006) in favor of iCBT.

Figure 3. Changes in bodily sensations, depressive symptoms, EuroQol visual analog scale (EQ-VAS), and noncardiac chest pain (NCCP) frequency
over time between internet-delivered cognitive behavioral therapy (iCBT) and psychoeducation groups. BSQ: Body Sensations Questionnaire; PHQ-9:
Patient Health Questionnaire-9.
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Table 3. Changes in the number of patients with depressive symptoms ≥10 between baseline and 3-month follow-up in the internet-delivered cognitive
behavioral therapy (iCBT) and psychoeducation groups.
Measurement point

Patients with depressive symptoms, n (%)
iCBT (n=54)

Psychoeducation (n=55)

Baseline

21 (39)

13 (24)

5-week follow-up

15 (28)

9 (16)

3-month follow-up

6 (11)

9 (16)

Discussion
Principal Findings
To our knowledge, this is the first randomized controlled iCBT
study targeting cardiac anxiety in patients with NCCP. In this
study, we compared a 5-week–long nurse-led iCBT program
comprising psychoeducation, mindfulness, and exposure to
physical activity, with psychoeducation only to evaluate the
effects on psychological distress, including cardiac anxiety, and
other patient-reported outcomes in patients with NCCP. Our
findings showed that iCBT was not superior to psychoeducation
in decreasing cardiac anxiety in these patients. We found that
one-third of the patients who received iCBT reported decreased
anxiety levels compared with one-fourth of those who received
psychoeducation, that is, a reliable change score of at least 11
points on the CAQ. Another important aspect is that only one
of the patients in each group reported increased cardiac anxiety
scores at the 3-month follow-up, indicating that the program
was safe.
Although no significant interaction effect of time and group
was found between the groups, iCBT seems to have better
long-term effects on cardiac anxiety than psychoeducation, as
within-group analysis showed that patients in the iCBT group
had improved further at the 3-month follow-up (P=.04), which
the psychoeducation group did not. In addition, patients who
received iCBT tended to show long-term improvement in all
reported variables (Figures 2 and 3), whereas those in the
psychoeducation group did not change further. We also found
a possible interaction effect of time and group regarding HRQoL
in favor of the iCBT group with a moderate effect size. The
patients improved over the measurement points (EQ-VAS
increased from 58.5 at baseline to 65.5 at the 3-month
follow-up), whereas the psychoeducation group deteriorated
(EQ-VAS decreased from 66.4 at baseline to 61.5 at the 3-month
follow-up).
These findings point to the fact that results related to changes
in psychological distress and HRQoL may take more time to
appear and that our intervention might be too short to detect
such changes. A systematic review and meta-analysis by Reavell
et al [51] showed a significant reduction in anxiety in long CBT
interventions but not in short- to medium-term interventions
compared with controls. These interventions were performed
in patients with cardiovascular disease, and patients might need
a longer time to adjust to their cardiac diagnosis and handle
their anxiety compared with patients with NCCP. Previous
studies in patients with NCCP using short interventions have
reported inconsistent results [13,25,52,53]. Jonsbu et al [13]
used a 3-session CBT intervention and reported significant
https://www.jmir.org/2022/1/e31674

XSL• FO
RenderX

effects in favor of CBT on fear of bodily sensations, avoidance
of physical activity, depression, and some domains of HRQoL,
and these effects lasted up to 12 months. However, cardiac
anxiety was not studied. In a study by van Beek et al [25],
positive effects on anxiety were found 24 weeks following a
6-session CBT intervention compared with usual treatment in
patients with NCCP and panic disorder. Mulder et al [52]
reported significantly lower health anxiety scores at 3 months
but not at 12 months in patients who received 3 to 4 sessions
of CBT compared with care as usual. The authors suggested
booster sessions or longer interventions for more sustained
improvement. Tyrer et al [53] failed to present any significant
differences between iCBT and standard care at both 6- and
12-month follow-ups. Their CBT intervention comprised 4 to
10 sessions (mean 5.7) during a mean period of 14.3 weeks.
They concluded that these results were mainly because of the
study being underpowered. In an 8-year follow-up of CBT on
health anxiety [54], the authors reported sustained improvement
in health anxiety symptoms, especially among patients with
cardiac diseases, and this improvement was greatest in nurse-led
CBT. However, different length and follow-up periods for the
interventions were used in these studies, which also used
face-to-face CBT, compared with passive controls, which makes
these studies difficult to compare with our study. This suggests
that CBT is valuable to medical patients, including NCCP, with
anxiety; however, the key is to find the right duration and type
of CBT modality.
Furthermore, we believe that we could not find significant
differences as iCBT was compared with an active control. In
addition to the possible placebo effect of being in a trial and
having their symptoms recognized, receiving psychoeducation,
which our control group did, seems to have had effects on both
primary and secondary outcomes, which could explain the minor
and nonsignificant differences between the iCBT and
psychoeducation groups [41]. Psychoeducation makes it easier
for patients to understand what therapeutic tools to use and
facilitates the motivation for behavior change and finding
different ways of thinking in relation to their condition [55].
This can be compared with other studies comparing iCBT with
usual care or waiting list instead of an active control and
reporting significant improvement in anxiety and depression in
favor of iCBT [25,30]. Studies with passive controls, such as
waiting list or standard care, often report better outcomes in
favor of the intervention compared with those with active
controls [56]. An important aspect to consider is how long the
effects of psychoeducation last and whether more psychological
tools, such as cognitive restructuring and behavioral change
strategies, are needed to maintain long-term results.
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In the iCBT group, a larger proportion (21/54, 39% vs 13/55,
24%) of patients had at least moderate levels of depressive
symptoms at baseline, although the mean values in the group
did not differ significantly from those in the psychoeducation
group. Although the study was not designed to target depressive
symptoms, the iCBT program had significant effects on
depressive symptoms in most of these patients, as 71% (15/21)
reported lower scores on the PHQ-9 (ie, <10) than was reported
in patients who received psychoeducation, in which only 31%
(4/13) reduced depressive symptom levels. On the basis of our
previous findings revealing that depressive symptoms have
strong effects on cardiac anxiety in patients with NCCP, we
believe that the effects of iCBT targeting cardiac anxiety might
have been limited by the higher proportion of patients with
depressive symptoms in this group [57]. Another affecting aspect
could be that the length of our program was too short to lead to
improvement, as comorbid depressive symptoms need longer
treatments than if patients only have anxiety [58].

Strengths and Limitations
Of the 824 patients assessed, only 109 (13.2%) took part in the
study. This could indicate that the population in this study may
not be representative of patients with NCCP in general. Patients
were included based on high levels of anxiety, as the program
was designed to target anxiety. As the CAQ lacks a cutoff score
for anxiety, we used the median value in our previous study.
This might have been too high, as many patients who perceived
themselves to have cardiac anxiety did not come up to this cutoff
and were, therefore, excluded from the study. As we had little
missing values, we chose to report the original data; however,
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we also provided a mixed model analysis with multiple imputed
data to ensure the accuracy of our results. Regardless of the type
of statistical analysis, our result proved to remain. Some patients
could not join the study because of a lack of computer or internet
access or perceive themselves as having difficulties in handling
such interventions. However, we are aware that internet
interventions cannot fit all patients, partly because of technical
aspects but mainly because of preferences for face-to-face
therapies [30]. We had difficulties recruiting patients to the
study and had to expand our recruitment sites during the study.
This could be as many patients with NCCP are not motivated
to receive psychological treatment as they perceive their pain
to be physical. As stated previously, the iCBT program
accounted for the main part of the treatment effect, and the
guidance and feedback part mainly aimed at confirming patients’
work and progress and encouraging them to reflect on different
issues and take on new challenges. The guidance and feedback
were mainly provided by the first author (GM) and, in some
cases, by the second author (MEL), who was mentored by the
first author. This indicates that feedback can be provided by
different health care professionals with a short introduction to
iCBT.

Conclusions
iCBT was not superior to psychoeducation in decreasing cardiac
anxiety in patients with NCCP. However, iCBT tends to have
better long-term effects on psychological distress, including
cardiac anxiety, HRQoL, and NCCP frequency than
psychoeducation. Better conclusions may be drawn based on
further follow-ups.
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Abstract
Background: The prevalence and economic burden of dementia are increasing dramatically. Using information communication
technology to improve cognitive functions is proven to be effective and holds the potential to serve as a new and efficient method
for the prevention of dementia.
Objective: The aim of this study was to identify factors associated with the experience of mobile apps for cognitive training in
middle-aged adults. We evaluated the relationships between the experience of cognitive training apps and structural variables
using an extended health belief model.
Methods: An online survey was conducted on South Korean participants aged 40 to 64 years (N=320). General characteristics
and dementia knowledge were measured along with the health belief model constructs. Statistical analysis and logistic regression
analysis were performed.
Results: Higher dementia knowledge (odds ratio [OR] 1.164, P=.02), higher perceived benefit (OR 1.373, P<.001), female
gender (OR 0.499, P=.04), and family history of dementia (OR 1.933, P=.04) were significantly associated with the experience
of cognitive training apps for the prevention of dementia.
Conclusions: This study may serve as a theoretical basis for the development of intervention strategies to increase the use of
cognitive training apps for the prevention of dementia.
(J Med Internet Res 2022;24(1):e31664) doi:10.2196/31664
KEYWORDS
cognitive training apps; dementia knowledge; health belief model; middle-aged; logistic regression analysis; dementia; Alzheimer
disease; cognition; mobile apps; health apps

Introduction
Background
Population aging is a worldwide phenomenon, and the
proportion of the elderly is increasing dramatically in developed
countries. Along with this trend, the prevalence of dementia,
which mainly affects older people, is also growing substantially.
Currently, 6.2 million (11.3%) Americans aged 65 years or
https://www.jmir.org/2022/1/e31664
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older have Alzheimer disease (AD), which is expected to grow
more than twice by 2050 [1]. Similarly, 0.75 million (10.2%)
South Koreans aged 65 or older are living with dementia, which
is estimated to reach 3 million (16.1%) by 2050 [2]. The cost
of health care for dementia patients is also becoming a huge
burden, annually spending US $355 billion in the United States
[1] and US $1 billion in South Korea [2].
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Although AD commonly affects the elderly, the first patient
reported was a middle-aged person [3]. Early-onset AD, which
refers to a diagnosis of AD before the age of 65 years, accounts
for about 5% of all AD [4]. The main symptoms may seem
similar, although the diagnosis is greatly delayed and shows a
more aggressive course of disease [5]. General management
strategies for early-onset AD are similar to senile AD, but
targeted cognitive therapies and age-appropriate psychosocial
support are critical [5]. Awareness of the disease entity is
relatively low, and most studies on AD are focused on adults
over 65 years of age, leaving out the early onset population.
The middle-aged are a unique age group. There are many
middle-aged people who, on the one hand, experience with
parents or relatives suffering from dementia; on the other hand,
many of them are susceptible to early-onset AD. Therefore, this
group deserves more attention.
Numerous preventive measures may help manage the growing
burden of AD. Meta-analysis suggested that if some modifiable
risk factors for AD were reduced by 10-20% per decade, the
prevalence of dementia in 2050 could be decreased by 8-15%
[6]. Moreover, engaging in mentally stimulating activities can
greatly decrease the risk of developing AD [7], and low
education attainment is known as the largest modifiable risk
factor for AD development [8]. Therefore, early intervention
of risk factors and active prevention measures may greatly
decrease the socioeconomic burden of dementia.
Behavioral changes leading to the prevention of dementia are
greatly influenced by personal beliefs that dementia can be
prevented or by personal experiences with patients with
dementia [9]. These perceptions about dementia can also be
negatively affected by inaccurate knowledge about dementia.
If someone’s level of awareness for the causes and symptoms
of dementia is low, they are less likely to participate in
preventive activities for dementia, which may lead to delayed
diagnosis and treatment [10,11]. Therefore, knowledge and
perceptions about dementia is very important for the proper
management of the disease [12]. However, according to a
systematic review on the knowledge about dementia in the
general population, 19 out of 40 reports showed that the level
of dementia knowledge was low or very limited [13]. Another
study found that the middle-aged population showed low levels
of knowledge regarding dementia risk factors [14,15]. Therefore,
the middle-aged may perceive dementia as a nonpreventable
disease and may be less likely to take preventive measures.
Today, various mobile apps are being developed and utilized
for the early detection or prevention of health conditions. Apps
developed for dementia prevention mainly focus on cognitive
training or stimulation, which may improve cognitive functions
such as memory, concentration, or visuospatial coordination
[16-20]. Many studies have shown that using these apps can
improve memory and enhance quality of life, both in healthy
adults and individuals with mild cognitive impairment [20-24].
Despite the reported usefulness of this technology, factors
associated with the use of cognitive training apps for dementia
prevention have not been reported in the literature. The use of
cognitive training apps for dementia prevention is a combination
of health-related behavior and the acceptance of technology.
https://www.jmir.org/2022/1/e31664
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The health belief model (HBM) is widely used to predict the
determinants related to health-related behaviors, which evaluates
constructs including perceived benefits, perceived barriers,
perceived susceptibility, and perceived severity to understand
the likelihood of behavior [25]. The technology acceptance
model is used to evaluate the causes that affect people to accept
or reject technology, which measures perceived ease of use and
perceived usefulness to explain usage intentions and behavior
[26,27]. As each model has its limitations to explain the use of
health-related apps, many recent studies have attempted to
extend or combine models for better explanations of the factors
that affect the acceptance of mobile health care apps [28-31].

Objective
The aim of this study was to investigate the association of
structural variables and perceived health belief constructs with
the experience of cognitive training apps in middle-aged adults,
based on the HBM. Perceived benefits and barriers were
measured for the use of cognitive training apps, and perceived
susceptibility and severity was measured for dementia.
Additionally, we included dementia knowledge as an additional
variable to increase the explanatory power of our model.

Methods
Recruitment
Data were collected from middle-aged adults in South Korea
aged 40 to 64 years between February 4 and February 8, 2021.
The participants were recruited online by a professional agency
(Macromill Embrain Co), where about 1.3 million participants
from the general population are maintained by a demographic
distribution based on census data from the National Statistical
Office. First, a weblink or notice was sent to the participants
via email or mobile app, whereby all participants were informed
about the purpose of the study via online documentation on the
starting page. The information was available for download if
needed. The participants voluntarily moved onto the survey by
clicking the start button, which was considered as an informed
consent. Next, the participants were asked to respond to an
online questionnaire. The full survey is provided in Multimedia
Appendices 1 and 2. One of the unique features of an online
survey is that the survey does not progress to the next question
if an answer is omitted or inaccurate, which prevents incomplete
or inaccurate data. The participants were free to drop out at any
point of the survey if they wanted to. All personal identifying
information was removed from the collected data. This study
was approved by the institutional review board of Seoul National
University (2102/002-002).
A total of 547 participants initially accessed the survey; 2 people
did not satisfy the age criteria, and 39 dropped out before
completion. Of the remaining 506 participants, 362 were
selected using the proportionate quota sampling method for age
and gender, due to oversampling. Participants in their 40s, 50s,
and 60s were included at a 2:2:1 ratio, and men and women
were selected at a 1:1 ratio, respectively. Of the selected 362
people, 42 were excluded due to poor data quality, which
included extremely short response times or giving same answers
for all items. In conclusion, 320 participants were included in
the final analysis.
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Measures

Perceived Susceptibility and Severity of Dementia

The participants rated each of the following items on a 5-point
Likert scale (1=strongly disagree to 5=strongly agree), unless
stated otherwise.

The perceived susceptibility of dementia and severity of
dementia was measured with 4 items each, derived from the
intention-to-screen questionnaire originally described by Galvin
et al [33] and adapted in Korean by Yoo and Kim [34].

General Characteristics
Age, gender, education level, marital status, chronic diseases,
family history of dementia, and experience of using cognitive
training apps were assessed with standard survey items.

Dementia Knowledge
Dementia knowledge was measured with a dementia awareness
scale developed for a national survey on the prevalence of
dementia in South Korea [2], which evaluates the individual’s
knowledge about various aspects of dementia. The scale consists
of 15 items which are answered “yes,” “no,” or “don’t know”
(to account for false positives), and the number of correct
answers is summed up to a final score.

Perceived Benefit and Barrier of Using Cognitive
Training Apps
The perceived benefit of using apps for cognitive training was
measured with 4 items adapted from Venkatesh and Davis [27].
The questions were originally used to measure the perceived
usefulness of accepting technology, which were modified for
using apps and adapted in Korean for this study. The perceived
barrier of using apps for cognitive training was measured with
a modified set of 5 items described previously [32]. The items
were originally used to measure the perceived barriers of using
mobile health apps, which were modified for cognitive training
apps in this study.
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Statistical Analysis
Data were analyzed with SPSS, version 22.0 (IBM Corp). The
differences between the groups were analyzed using the Student
t test or one-way analysis of variance (ANOVA), and P<.05
was considered statistically significant. We performed logistic
regression analysis to examine the relationships between the
measured variables and the experience of cognitive training
apps.

Results
General Characteristics
The general characteristics of the study sample are shown in
Table 1. Of the 320 respondents, 82 (25.6%) had experience
with cognitive training apps, while 238 (74.4%) did not. We
compared the general characteristics between these 2 groups.
Within the study sample, 62.2% (n=51) of participants from the
experienced group were female, compared to 47.1% (n=112)
for the nonexperienced group (X2=5.591, P=.02). Participants
with a family history of dementia accounted for 29.3% (n=24)
in the experienced group, which was significantly higher
compared with 16.8% (n=40) for the nonexperienced group
(X2=5.919, P=.02).
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Table 1. Comparison of general characteristics according to experience of cognitive training apps (N=320).
Variables

All participants

Experience of cognitive training apps

(N=320)

Yes (n=82)

No (n=238)

Age range (years), n (%)
40-49

124 (38.8)

26 (31.7)

98 (41.2)

50-59

129 (40.3)

39 (47.6)

90 (37.8)

60-64

67 (20.9)

17 (20.7)

50 (21.0)

Gender, n (%)
Male

157 (49.1)

31 (37.8)

126 (52.9)

Female

163 (50.9)

51 (62.2)

112 (47.1)

Education level, n (%)
High school

74 (23.1)

23 (28.0)

51 (21.4)

College

211 (65.9)

53 (64.6)

158 (66.4)

Graduate school

35 (10.9)

6 (7.3)

29 (12.2)

Marital status, n (%)
Single

40 (12.5)

9 (11.0)

31 (13.0)

Married

256 (80.0)

65 (80.5)

190 (79.8)

Other

24 (7.5)

7 (8.5)

17 (7.1)

Chronic diseases, n (%)
Yes

112 (35.0)

31 (37.8)

81 (34.0)

No

208 (65.0)

51 (62.2)

157 (66.0)

Family history of dementia, n (%)
Yes

64 (20.0)

24 (29.3)

40 (16.8)

No or other

256 (80.0)

58 (70.7)

198 (83.2)

Descriptive Statistics of Study Variables
Descriptive statistics of the measured study variables according
to experience of cognitive training apps are shown in Table 2.
The participants with experience of cognitive training apps
showed higher levels of dementia knowledge (P<.001) and

X2

P value

2.850

.24

5.591

.02

2.506

.29

0.366

.83

0.381

.54

5.919

.02

perceived benefit of using cognitive training apps (P<.001),
compared with nonexperienced individuals. The perceived
barrier of using cognitive training apps was lower (P=.02) in
the experienced group. Both perceived susceptibility and
severity of dementia did not show significant differences
between the groups.

Table 2. Comparison of measured variables according to experience of cognitive training apps (N=320).
Variables

All participants

Experience of cognitive training apps

(N=320)

Yes (n=82)

No (n=238)

t value

P value

Dementia knowledge, mean (SD)

9.05 (2.28)

9.87 (2.42)

8.77 (2.17)

3.817

<.001

Perceived benefit of using apps, mean (SD)

14.92 (2.47)

16.16 (2.12)

14.50 (2.45)

5.875

<.001

Perceived barrier of using apps, mean (SD)

13.44 (3.08)

12.76 (3.27)

13.68 (2.98)

-2.354

.02

Perceived susceptibility of dementia, mean (SD)

11.45 (2.83)

11.04 (3.05)

11.59 (2.75)

-1.524

.13

Perceived severity of dementia, mean (SD)

14.51 (2.40)

14.62 (2.54)

14.47 (2.35)

.506

.61

Factors Associated With the Experience of Cognitive
Training Apps
Based on the statistical analyses above, we included 2 general
characteristics (gender and family history of dementia) and 3
measured variables (dementia knowledge, perceived benefit,
and perceived barrier) as possible predicting factors of the
https://www.jmir.org/2022/1/e31664
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experience of cognitive training apps for logistic regression
analysis (Table 3). The results revealed that higher dementia
knowledge (odds ratio [OR] 1.164, P=.02), higher perceived
benefit (OR 1.373, P<.001), female gender (OR 0.548, P=.04),
and family history of dementia (OR 1.933, P=.04) showed
positive relationships with experience of cognitive training apps
for the prevention of dementia.
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Table 3. Predicting factors of experience of cognitive training apps.

a

Variables

Ba

SE

ORb

95% CI

P value

Dementia knowledge

0.152

0.067

1.164

1.021-1.328

.02

Perceived benefit of using apps

0.317

0.072

1.373

1.192-1.581

<.001

Perceived barrier of using apps

-0.033

0.047

0.499

0.480-0.967

.48

Gender (male=1)

-0.601

0.285

.548

0.314-0.958

.04

Family history of dementia (yes=1)

0.659

0.327

1.933

1.018-3.669

.04

Constant

-8.314

1.882

0.000

—c

—

B: unstandardized regression weight.

b

OR: odds ratio.

c

Not applicable.

Discussion
Principal Findings
This study investigated the factors associated with the actual
use of cognitive training apps for the prevention of dementia in
middle-aged adults. Among the 320 participants, only 82
(25.6%) reported to have experience with cognitive training
apps, which is still quite low, considering the widespread
distribution and frequent usage of smartphones and related apps
in South Korea. As the amount of evidence on the efficacy of
cognitive training apps for improving cognitive functions or
preventing dementia is increasing [21-23], facilitating the use
of mobile apps for dementia care could be an easy solution with
multiple positive effects. Conventional offline dementia
prevention programs require physical space and human
resources, and physical disabilities of an individual may limit
access to the program [35]. Innovative programs that utilize
mobile apps can overcome these hurdles, which may also lead
to continued use. In addition, gamified cognitive training apps
are fun and motivational, cost very little, and can be performed
in a comfortable environment at a convenient time [36], which
could greatly increase adherence. However, one must note that
not all cognitive training apps are based on scientific evidence,
and therefore these ideas should not be generalized. Further
studies investigating the effects of specific cognitive training
apps and the types of cognitive training included are needed,
which would shed light on how to select a cognitive training
app for the prevention of dementia.
Our results showed that the perceived benefit of using cognitive
training apps was positively associated with the use of cognitive
training apps, but other HBM constructs did not. Previous
studies also suggest that perceived benefit is a consistent
predictor of health-related behavior, while perceived
susceptibility and severity often failed to explain health-related
behavior [37-39]. Additionally, previous studies using the
technology acceptance model also showed that the perceived
usefulness of using apps is a positive predictor of the intention
to use the apps [40-42]. In other words, believing that using
cognitive training apps can improve cognitive function is an
important factor in predicting the intention to use the apps.
Moreover, this belief is also critical for the continued use of
health apps [43,44].
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Dementia knowledge was linked to the actual use of cognitive
training apps in this study, which is consistent with previous
reports showing that dementia knowledge is positively
associated with preventive behavior for dementia [45-47]. A
systematic review on dementia knowledge points out that most
people think cognitive activities that exercise the brain are more
effective in preventing dementia rather than medications,
exercise, or dietary modifications [48], which may explain the
link between dementia knowledge and the use of cognitive
training apps.
Meanwhile, the average dementia knowledge score in this study
was 9.05 points out of 15. Recent studies on middle-aged adults
(40 to 75 years of age) showed that more than half of the
respondents had insufficient dementia knowledge, 59.4% wanted
information for cognitive health, and 70% had positive feelings
for eHealth use to improve cognitive health [14,15]. As both
the need and demand for dementia-related education is high,
mobile apps can serve as a useful tool to deliver dementia
knowledge and provide cognitive training programs in the
middle-aged compared to the elderly, in terms of technology
friendliness.
Our results showed that women were more likely to use
cognitive training apps than men. This is consistent with a
previous study, which showed women participate in activities
that help improve cognitive health more frequently than men
[49]. This may be linked to the higher prevalence of dementia
among women compared with men [50], and the higher level
of experience with dementia patients in females [1], although
further studies are required to elucidate the exact relationships
between these factors.
Finally, individuals with a family history of dementia were more
likely to use cognitive training apps in this study. Previous
studies show that people with a family history of dementia think
that they have a higher risk of developing dementia, and as
having a family history of AD has consistently emerged as a
key predictor of dementia worry [51], they may undergo
activities for dementia prevention more actively. However, our
results showed that perceived susceptibility did not predict the
use of cognitive training apps, similar to the findings of a
previous report that showed self-perceived risk itself did not
predict preventive behavior [52]. Other studies also show that
people with family history of dementia are less likely to believe
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that dementia is preventable, and that they have lower
self-efficacy for dementia prevention [53]. Therefore, it is
important to understand the characteristics of this population
and perform suitable interventions, which can lead to a positive
attitude for dementia prevention.

Limitations

Lee & Lim

Conclusions
This study explores the influencing factors on the experience
of cognitive training apps using an extended HBM model, which
may serve as a theoretical basis for the development of
intervention strategies to increase the use of cognitive training
apps for dementia prevention.

The questionnaire data was collected on an online basis;
therefore, individuals could have shown higher digital literacy
compared with the normal population.
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Abstract
Background: Mobile phone–delivered life skills programs are an emerging and promising way to promote mental health and
prevent substance use among adolescents, but little is known about how adolescents actually use them.
Objective: The aim of this study is to determine engagement with a mobile phone–based life skills program and its different
components, as well as the associations of engagement with adolescent characteristics and intended substance use and mental
health outcomes.
Methods: We performed secondary data analysis on data from the intervention group (n=750) from a study that compared a
mobile phone–based life skills intervention for adolescents recruited in secondary and upper secondary school classes with an
assessment-only control group. Throughout the 6-month intervention, participants received 1 SMS text message prompt per week
that introduced a life skills topic or encouraged participation in a quiz or individual life skills training or stimulated sharing
messages with other program participants through a friendly contest. Decision trees were used to identify predictors of engagement
(use and subjective experience). The stability of these decision trees was assessed using a resampling method and by graphical
representation. Finally, associations between engagement and intended substance use and mental health outcomes were examined
using logistic and linear regression analyses.
Results: The adolescents took part in half of the 50 interactions (mean 23.6, SD 15.9) prompted by the program, with SMS text
messages being the most used and contests being the least used components. Adolescents who did not drink in a problematic
manner and attended an upper secondary school were the ones to use the program the most. Regarding associations between
engagement and intended outcomes, adolescents who used the contests more frequently were more likely to be nonsmokers at
follow-up than those who did not (odds ratio 0.86, 95% CI 0.76-0.98; P=.02). In addition, adolescents who read the SMS text
messages more attentively were less likely to drink in a problematic manner at follow-up (odds ratio 0.43, 95% CI 1.29-3.41;
P=.003). Finally, participants who used the program the most and least were more likely to increase their well-being from baseline
to 6-month follow-up compared with those with average engagement (βs=.39; t586=2.66; P=.008; R2=0.24).
Conclusions: Most of the adolescents participating in a digital life skills program that aimed to prevent substance use and
promote mental health engaged with the intervention. However, measures to increase engagement in problem drinkers should be
considered. Furthermore, efforts must be made to ensure that interventions are engaging and powerful across different educational
levels. First results indicate that higher engagement with digital life skills programs could be associated with intended outcomes.
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Future studies should apply further measures to improve the reach of lower-engaged participants at follow-up to establish such
associations with certainty.
(J Med Internet Res 2022;24(1):e28638) doi:10.2196/28638
KEYWORDS
engagement; life skills; adolescents; mobile phone; machine learning; decision tree; mobile phone

Introduction
Background
Adolescence is a vulnerable period in life, during which
substance use and mental disorders often first emerge and begin
to develop [1]. In the age group of 11-15 years, the prevalence
of lifetime and recent alcohol and tobacco use shows a sharp
increase in both genders [2]. In Switzerland, for example, the
lifetime prevalence of alcohol use increased from 22% among
boys aged 11 years to 70% among boys aged 15 years and from
11% in girls aged 11 years to 69% in girls aged 15 years [3].
The lifetime prevalence of tobacco use increased from 6% in
boys aged 11 years to 35% in boys aged 15 years and from 2%
in girls aged 11 years to 30% in girls aged 15 years. Taxation,
public consumption bans, advertising restrictions, and raising
the minimum legal age have proven to be effective ways to
prevent substance use during adolescence. However, early
interventions that incorporate skills trainings have also shown
promising effectiveness [4]. Evidence for this effectiveness
primarily stems from life skills trainings embedded in school
curricula [5-11], whereas life skills trainings to promote mental
health and prevent substance use in young adolescents are only
recently being adapted to digital interventions as well as being
tested [12-18]. This trend is mainly fostered by the difficulties
that schools encounter when trying to implement life skills
trainings in their curricula [9] and the personnel and financial
resources that such programs require [19]. Digital interventions
have great potential to overcome these obstacles. Such
interventions have a large reach at low cost and can deliver
uniquely personalized content automatically, which can be
accessed at any time and anywhere [4]. The main disadvantage
of delivering life skills training electronically is the lack of
control over adolescents’ engagement with the intervention.
Several reviews on digital interventions to promote mental
health [20-22] or to prevent substance use [23] in young people
point at the relatively low levels of user engagement. However,
the most common assumption in current literature is that some
form of engagement is essential for digital interventions to be
effective [24-26]. Engagement, for instance, has been
conceptualized in previous studies as both “(1) the extent (e.g.
amount, frequency, duration, depth) of usage and (2) a subjective
experience characterised by attention, interest and affect” [25].
This definition will be used in the context of this paper. From
studies on adult populations, there is some evidence on factors
that may influence engagement with digital behavior change
interventions [25]. The conceptual framework of Perski et al
[25] specifies factors that might affect engagement, including
characteristics of the intervention (eg, esthetics or design, ease
of use, and the inclusion of known behavior change techniques
such as feedback and goal setting) or the context (eg, norms,
age, education, and self-efficacy). Other factors were
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hypothesized to influence engagement (eg, the target behavior
itself and some mechanism of action, such as accountability
and motivation). Most of the current knowledge on predictors
of engagement in adolescent populations comes from digital
interventions devoted to physical activity [27,28]. To date, only
a few studies have examined predictors of engagement with
digital interventions devoted to mental health or substance use
in adolescents. Furthermore, all studies examined engagement
in terms of program use and not in terms of a subjective
experience. In an internet-based depression prevention program
directed at young adolescents from Australian public schools,
low engagement with the program was predicted by being older,
living in an urban area, or having lower leves of depressive
symptoms or self-esteem at baseline [27]. In a mobile
phone–based smoking cessation intervention targeting Swiss
adolescents from secondary schools, nonengagement over time
was most common among older smokers, smokers with an
immigrant background, and smokers who reported
nonproblematic levels of alcohol use at baseline [29]. Because
of the novelty of using digital life skills interventions to promote
healthy lifestyles in adolescents, it is still unclear which
characteristics predict user engagement. Ascertaining the
predictors in this new field can reveal who engages the most
and for whom new strategies to increase program engagement
have to be developed.
Besides the question of who engages, there is a wider debate
on the associations between engagement and outcomes.
Adolescents’ engagement with digital interventions on mental
health has been found to be positively [30], negatively [31], or
not linked [27] to intended behavior changes. Furthermore,
decreasing engagement with a digital intervention—but not
stable engagement—over time was associated with a smoking
reduction in adolescents compared with nonengagement [29].
Which association between engagement and outcomes is
observed depends on the selected engagement measure (eg,
number of log-ins vs completion of a specific module) and on
the underlying motivation for disengagement (eg, loss of interest
vs sufficient support) [24,26,32,33]. New approaches try to
operationalize effective engagement with the intervention,
defined as the degree of engagement needed to achieve intended
outcomes [34]. Given the current lack of knowledge about
digital life skills interventions, a comprehensive approach to
the assessment of indicators of engagement is needed.
Furthermore, a broad approach must be taken to assess
predictors of engagement, including previous known and
unknown characteristics possibly related to program use and
subjective experience. As use data tend to be highly skewed
[35], methods are needed that (1) can select predictors in a
consistent and unbiased way and (2) overcome distributional
assumptions made by standard methods such as regression
analysis.
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To sum up, studies on engagement need to address different
methodological challenges, through (1) a clear definition of
engagement, (2) a selection of appropriate engagement
measures, and (3) appropriate statistical methods that can handle
large amount of data with different distributional characteristics.

Objective
This study aims to use decision trees to determine predictors of
engagement within a randomized controlled trial assessing the
effectiveness of a novel mobile phone–based life skills
intervention for secondary and upper secondary school students.
The intervention addressed (1) self-management skills, (2) social
skills, and (3) substance use resistance skills, which are the
central competences included in widely disseminated life skills
programs [7,36,37]. Decision trees allow the selection of
relevant predictors associated with the outcome of interest and
display them in a way that is easy to interpret. Furthermore, the
relationship between engagement and changes in outcomes will
be analyzed.

Methods
Participants and Procedures
Data for this study were extracted from a 2-arm, parallel-group,
cluster randomized controlled trial that used school class as the
randomization unit, as detailed elsewhere [14,18].
Students in secondary and upper secondary schools in the
German-speaking part of Switzerland were invited by
cooperating regional centers for addiction prevention to
participate in a mobile phone–based program called SmartCoach
if they (1) were aged ≥14 years, (2) could provide informed
parental consent (only necessary for those aged 14 years), and
(3) owned a mobile phone. The participating students were
reimbursed CHF 10 (US $10.90) for participating in the 6- and
18-month follow-up assessments. To increase program
engagement, a friendly competition among the participants was
integrated into the program. This form of friendly competition
was encouraged by answering SMS text messages, creating
messages or taking pictures within contests, or assessing video
and website links integrated into SMS text messages. With every
interaction, the participants were able to collect credits, and the
more credits the participants collected, the higher their chances
of winning 1 of 10 prizes, which were part of a prize draw
(10×CHF 50 [US $54.50] in cash). The participants had constant
access to their current credit score on the personal profile page,
which also displayed scores of the other participants in the same
group (same starting date).
In the original trial, the efficacy of the life skills intervention
SmartCoach was tested against an assessment-only control
group. A total of 1473 students (mean age 15.4, SD 1.0, years;
813/1473, 55.19%, were girls) from 89 secondary and upper
secondary school classes in the German-speaking part of
Switzerland participated in this study. They were randomly
assigned to either the intervention (750/1473, 50.92%; 44
classes) or to the assessment-only control group (723/1473,
49.08%; 45 classes). In this study, only the participants assigned
to the intervention group were examined. Of the 750 participants
in the intervention group, 597 (79.6%) took part in the 6-month
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follow-up assessment. Attrition at 6-month follow-up was
significantly associated with use of the program (t423.14=25.3;
P<.001). Participants lost to follow-up interacted a mean of 6.0
(SD 8.0) times with the program. In comparison, those who
were assessed interacted a mean of 28.2 (SD 14.2) times with
the program. This means that 64.8% (276/426) of the students
who interacted 0-30 times with the program were assessed at
follow-up in comparison with 98.4% (184/187) of those with
31-40 interactions, and 100% (137/137) of those with 41-50
interactions. The original study underlined the appropriateness
of the program for the target group with most of its participants
(710/750, 94.7%) staying subscribed until month 6. In addition,
a large proportion of the participants stated that they read the
SMS text messages (551/563, 98.4%, with valid follow-up data)
and rated the program as helpful (384/550, 69.8%) and
individually tailored (327/550, 59.5%). Intention-to-treat
comparisons at the 6-month follow-up illustrated significant
differences between both groups in terms of reducing the number
of drinks consumed per month (intervention group vs control
group: –0.6 vs 0.7; P=.03) and the number of cigarettes smoked
per month (intervention group vs control group: –1.7 vs 5.0;
P=.01), as well as reported stress (P=.02). These are initial
results because the analyses of the 18-month follow-up data are
ongoing.
The intervention was designed with, and initiated by, the
open-source behavioral intervention platform MobileCoach
[38,39]. The original study protocol was approved by the ethics
committee of the Faculty of Arts and Sciences at the University
of Zurich, Switzerland (approval number 18.6.5; date of
approval: June 21, 2018). The study was registered with
ISRCTN (ISRCTN41347061; assigned July 21, 2018) and
executed in full compliance with the Declaration of Helsinki.

Description of SmartCoach
Figures 1 and 2 depict all components of the SmartCoach
program. The SmartCoach program combined (1) tailored
web-based feedback to reduce the individual level of stress,
which was delivered directly after completion of the baseline
assessment, and (2) tailored mobile phone SMS text messages
to promote self-management skills (block 1), social skills (block
2), and substance use resistance skills (block 3) over 6 months.
The theoretical backgrounds of these intervention components
are described elsewhere [14,18].
During the 6-month SmartCoach program, participants received
one SMS text message prompt per week that (1) introduced 1
of the 3 life skills blocks, (2) or encouraged the subject’s
participation in quizzes, self-challenges, and individual stress
or social skills trainings, or (3) invited participants to post
pictures or messages and vote on other posts published by all
intervention participants at the end of a block. The initial SMS
text messages included graphical objects but did not require an
answer. The prompts encouraging the subject’s participation in
quizzes, self-challenges, and individual stress or social skills
trainings were easily answered by typing a single letter or
number using the mobile phone’s reply function. Answering
such a prompt could trigger 1-2 further SMS text messages in
the program. Some of these answers included hyperlinks to
thematically relevant video clips, pictures, and related websites.
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To participate in the contests, the participants had to upload a
picture or post a motivational text message on a website within
2 days. This was followed by a 2-day window for voting on all
posts and a presentation of the 3 contributions with the highest
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votes on day 5. This function was also available on the website.
Table 1 displays the sequence and contents of the SMS text
messages and the possible activities prompted by these SMS
text messages.

Figure 1. Overview of the SmartCoach survey components.

Figure 2. Overview of the SmartCoach intervention components.
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Table 1. Sequence, content, and engagement with different prompts within the SmartCoach program (N=750).
Week and content

Required activities

Students engaging with activity, n (%)

1: Introduction to self-management skills and quiz on origin and function of stress
Click on link to an overview picture

194 (25.9)

Reply to quiz question

525 (70)

Click on video link

444 (59.2)

Reply to quiz question

513 (68.4)

Click on video link

410 (54.7)

2: Quiz on common stressors

3 and 6: Tailored stress reduction strategies for individual stressors
Reply to SMS text message with options

938 (62.5)a

Click on video or website link

605 (40.3)a

4: Self-challenge on general stress reduction strategies
Reply to SMS text message with options

465 (62)

Reply to SMS text message on successful application 471 (62.8)
of chosen strategy
5: Quiz on eustress vs distress
Reply to quiz question

473 (63.1)

Click on video link

359 (47.9)

7: Group contest on preferred stress management strategy
Viewing of others’ posts

480 (64)b

Posting a picture and message on individually preferred 193 (25.7)
strategy
Voting on others’ posts

222 (29.6)

8: Introduction to social skills and quiz on social skills
Click on link to an overview picture

372 (49.6)

Reply to quiz question

416 (55.5)

Click on link to picture

301 (40.1)

9: Tailored strategies for improving personal social skills
Reply to SMS text message with options

716 (95.5)

Click on video or website link

398 (53.1)

10: Quiz on use of body language in different situations
Reply to quiz question

426 (56.8)

Click on video link

299 (39.9)c

11: Tailored strategies for improving personal social skills
Reply to SMS text message with options

417 (55.6)

Click on video or website link

231 (30.9)

12: Self-challenge on strategies to improve social skills in different areas
Reply to SMS text message with options

403 (53.7)

Reply to SMS text message on successful application 416 (55.5)
of chosen strategy
13: Origin of smartphone addiction
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Reply to quiz question

418 (55.7)

Click on video link

294 (39.2)
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Required activities

Students engaging with activity, n (%)

14: Quiz on associations between smartphone use and stress tailored to gender
Reply to quiz question

384 (51.2)

Click on video links

360 (48)

Reply to SMS text message with options

386 (51.5)

Reply to SMS text message on successful detox in
chosen situation

405 (54)

Click on video link

239 (31.9)

Click on link to the first part of the video

368 (49.1)

Reply to quiz question

354 (47.2)

Click on link to the second part of the video

373 (49.7)

Viewing of others’ posts

393 (52.4)b

15: Self-challenge on smartphone detox

16: Quiz on recognition of peer pressure

17: Group contest on favourite social situation

Posting a picture and message on favourite social situ- 91 (12.1)
ation
Voting on others’ posts

144 (19.2)

18: Introduction to substance use resistance skills and quiz on substance use prevalence (alcohol or tobacco) in reference group and normative
feedback
Click on link to an overview picture

312 (41.6)

Reply to quiz question

387 (51.6)

19: Quiz on the presence of tobacco advertisements directed to adolescents in everyday life
Reply to quiz question

369 (49.2)

Click on video link

246 (32.8)

Reply to quiz question

386 (51.5)

Click on website link

238 (31.7)

20: Quiz on risks of alcohol use

21: Tailored information on social consequences of alcohol use
Click on video link

323 (43.1)

22: Group contest on motivation for abstinence or low-risk alcohol use
Viewing of others’ posts

393 (52.4)b

Posting a motivational SMS text message

106 (14.1)

Voting on others’ posts

132 (17.6)

a

The MobileCoach log files do not include a timestamp for this activity. The numbers display the total engagement with this task in the corresponding
week 3 and week 6.
b

The MobileCoach log files do not include a timestamp for this activity. The numbers display the total engagement with this task in the corresponding
week.
c

Information is missing for 1 media object (out of 4) included within the SMS text message replies. This number might underestimate the total engagement
of the students with this task.

Measures
After providing informed consent, the students participated in
a baseline assessment during a regular class session through
which data on potential predictors of engagement and outcome
variables were collected. The sociodemographic characteristics
that were assessed were gender, age, immigrant background,
https://www.jmir.org/2022/1/e28638
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and type of school (secondary or upper secondary school). We
assessed the country of birth of both parents of the students to
identify any potential immigrant background. On the basis of
this information, the participants were assigned to one of the
following categories: (1) neither parent born outside
Switzerland, (2) 1 parent born outside Switzerland, or (3) both
parents born outside Switzerland.
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The health-related variables that were assessed were physical
activity, well-being, perceived stress, social skills, problem
drinking, tobacco smoking, and cannabis use.

and Shapiro–Wilk tests. According to these checks, all variables
demonstrated nonnormal distributions. Finally, associations
between overall use and subjective experience were examined.

Self-reported moderate to vigorous physical activity was
measured using a question derived from the Health Behaviour
in School-aged Children study [40]: “Outside school, how many
hours a week do you exercise or participate in sports that make
you sweat or out of breath?” Well-being was assessed using the
World Health Organization–5 Well-being Index [41]. Perceived
stress was measured using a single item from the Swiss Juvenir
study [42]: “How often have you had the feeling of being
overstressed or overwhelmed in the last month?” Participants
were asked to indicate their response on a 5-point Likert scale
that ranged from never to all the time. Social skills were assessed
by using the brief version of the Interpersonal Competence
Questionnaire [43]. Problem drinking was assessed by using
the Alcohol Use Disorders Identification Test–Concise (32)
with a cut-off of ≥5 based on a large German sample [44].
Tobacco smoking was assessed following the criteria of the
Society for Nicotine and Tobacco Research [45] and using the
question “Have you smoked a puff within the last 30 days?”
Cannabis use was assessed by an item of the Health Behaviour
in School-aged Children study [46] addressing the number of
cannabis consumption days in the last 30 days.

For detecting relevant individual characteristics associated with
engagement (use and subjective experience) with the program,
a conditional inference tree, referred to throughout the paper
also as decision tree, was estimated [47]. In short, a decision
tree follows these steps iteratively:

Use of the program was assessed in terms of the total number
of interactions; the number of responses to the weekly SMS
text message prompts (quizzes, self-challenges, and individual
stress and skills trainings); the number of retrieved media objects
within the program (videos, pictures, and website links); and
the number of views, posts, and votes within contests. This
information was available through the log files of the
MobileCoach system.
The subjective experience was assessed at 6-month follow-up
by asking the students to report on how attentively they had
read the SMS text messages, with the possible answers
thoroughly, quickly, and not at all. The answers quickly and not
at all were merged into 1 group.

Statistical Analyses
Descriptive statistics were used to examine participant use of
the SmartCoach program. Bivariate correlations were performed
to evaluate relationships among the use variables. The use
variables correlated with each other with scores from r=0.63
(moderate) and r=0.90 (high). For further analysis, the following
use outcomes were selected:
1.

2.
3.
4.

Total number of interactions with the program, referred to
as overall engagement and encompassing all components
of the intervention.
Total number of quizzes answered.
Total number of media objects retrieved.
Total number of interactions within contests.

The rationale for selecting the variables 2, 3, and 4 was based
on the stipulated effort made by the participant from low
(answering a quiz question by typing a predefined letter) to
middle (downloading and watching a video) to high (thinking
about their own post or voting on other posts within a contest).
All use variables were evaluated for normality using Q-Q plots
https://www.jmir.org/2022/1/e28638
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1.

2.
3.

First, it tests for all input variables for which the variable
is independent from the response variable (=null
hypothesis). If this null hypothesis is not rejected for any
input variable, the decision tree stops. Otherwise, it selects
the input variable that shows the strongest dependency.
On the basis of the selected input variable, it splits the
sample into 2 groups.
It repeats steps 1 and 2 in both groups until the process
stops or until the groups become too small [48].

The advantages of decision trees are as follows: (1) outcomes
and residuals do not need to meet assumptions about their
distribution, (2) the findings are easy to interpret, and (3) larger
amounts of predictors as well as their interactions can be tested
simultaneously [47]. The main disadvantages of decision trees
are as follows: (1) variable selection is affected by order effects
known also from other stepwise variable selection approaches
applied within regression analysis, and (2) the strong
dependency of the chosen predictors and cut points from the
distribution of the observations in the given sample.
Thus, to assess the stability of decision trees, a toolkit of
graphical illustrations was used based on resampling [49]. The
basic idea of this method is the following: it repeatedly draws
new, artificial data sets—so-called bootstrap samples—from
the original data set and constructs a decision tree in the new
data set. Each bootstrap sample is regarded as a plausible
outcome if the study were to be repeated in a new sample. If a
decision tree in the bootstrap sample has a similar structure and
also selects a similar set of predictor variables, this is interpreted
as an indication that these variables have a stable relationship
with the outcome variable. In this study, 500 bootstrap samples
were drawn for each of the engagement outcomes, and it was
investigated whether the predictors that were selected in the
original trees were also consistently selected for splitting in the
resampled data sets and how often (on average) they were
selected for prediction.
In a last step, associations among the engagement outcomes, as
mentioned previously, and pre–post changes in the primary and
secondary outcomes of the original study were examined. For
binary outcomes, follow-up values were included as dependent
variables and baseline values, and engagement outcomes (one
at a time) were included as independent variables. For
continuous outcomes, differences from baseline to 6-month
follow-up were included as dependent variables, whereas
independent variables were the same as for binary outcomes.
R software (version 3.6.3; The R Foundation for Statistical
Computing) and the packages partykit [50,51] and stablelearner
[49] were used to perform recursive partitioning and stability
assessment, whereas SPSS software (version 22; IBM Corp)
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was used for all other analyses. All statistical tests were 2-tailed,
with P<.05 set as the criterion for statistical significance.

Results
Participants
Table 2 presents baseline characteristics that were used to predict
engagement. Of the 750 participants analyzed for this study,
423 (56.4%) were girls. The reported mean age was 15.4 (SD
1.0) years. Almost half of the participants (361/750, 48.2%)
reported either a 1-sided or 2-sided immigrant background.
Three-fourth (585/750, 78%) of the participants were recruited
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at an upper secondary school, and the remaining one-fourth
(165/750, 22%) were recruited at a secondary school. As
expected for this cohort of younger students, only some of the
participants reported problem drinking (114/750, 15.2%) and
tobacco (91/750, 12.1%) or cannabis use (106/750, 14.1%) 30
days before baseline assessment. The participants reported
feeling rather stressed before baseline (mean 2.9, SD 0.9; Q1,
Q3=2, 4). In addition, the mean Well-being Index score was
52.9 (SD 17.3; Q1, Q3=40, 76) out of 100 possible points. On
the basis of the Interpersonal Competence Questionnaire, brief
form, the mean level of interpersonal competences was rather
high.

Table 2. Baseline characteristics of the study sample (N=750).
Variable

Values

Sex, n (%)
Male

327 (43.6)

Female

423 (56.4)

Age (years), mean (SD)

15.4 (1.0)
a

Number of physically active hours per week , mean (SD)

4.1 (3.5)

Immigration background, n (%)
No immigration background

389 (51.9)

One parent born outside Switzerland

173 (23.1)

Both parents born outside Switzerland

188 (25.1)

Type of school, n (%)

a

Secondary school

165 (22)

Upper secondary school

585 (78)

Tobacco smoking before baseline, yes, n (%)

91 (12.1)

Problem drinking before baseline, yes, n (%)

114 (15.2)

Cannabis use before baseline, yes, n (%)

106 (14.1)

Perceived stress on a scale of 1-5, mean (SD)

2.9 (0.9)

Well-being (WHOb-5 Well-being Index) on a scale of 1-100, mean (SD)

52.9 (17.3)

Interpersonal competences (ICQ-10c) on a scale of 5-20, mean (SD)

14.9 (2.2)

Missing values: n=1.

b

WHO: World Health Organization.

c

ICQ-10: Interpersonal Competence Questionnaire, brief form.

Use of Different Program Components
Table 3 summarizes different program use characteristics across
the sample. Of the 750 students, 40 (5.3%) discontinued the
intervention actively by sending an SMS text message to the
program. Of these 40 students, 17 (43%) signed off at program
start, whereas the rest (23/40, 58%) signed off somewhere
between the first and 16th program weeks.
The participants replied to an average of 23.6 (SD 15.9) of 50
program prompts. They interacted with the program mainly
through SMS text message and the least by participating in a
picture or message contest involving all intervention
participants. They answered a mean of 12 (SD 7.7) of 21 SMS
text message prompts. On average, the participants downloaded
https://www.jmir.org/2022/1/e28638
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8.8 (SD 6.9) of 20 media objects received. In all, 3 contests
were prompted throughout the program, each of them including
3 steps (viewing, posting, and voting). Although 50% (375/750)
of the participants viewed at least two contests, only a few
participants accepted the invitation to post pictures or messages
or voted on them within the contests. No participant posted
something during all 3 contests.
Table 1 displays the number of students engaging with the
prompted activities of the program each week. In general,
engagement with the program decreased over time, as can be
observed for the most popular activity, replying to quiz questions
(week 1=525/750, 70%; week 20=386/750, 51.5%). However,
the trend is not linear, and there are weeks with engagement
peaks depending on the topic (eg, in week 8, 372/750, 49.6%,
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clicked on the link to an overview of the social skills topic,
whereas only 194/750, 25.9%, did so in week 1; in week 9,
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716/750, 95.5%, replied to the SMS text messages with options
for improving their social skills).

Table 3. Use of program components.
Engagement variables

Values, mean (SD)

Values, median (Q1a, Q3b)

Range

Total number of interactions

23.6 (15.9)

26.5 (8, 38)

0-50

Quizzes

6.2 (4.0)

7 (2, 7)

0-11

Stress-trainings

1.3 (0.9)

2 (0, 2)

0-2

Self-challenges

3.4 (2.4)

4 (1, 6)

0-6

Skill-trainings

1.1 (0.9)

1 (0, 2)

0-2

Total use of text messages

12.0 (7.7)

14 (4, 19)

0-21

Videos

5.1 (4.0)

5 (1, 9)

0-12

Pictures

1.9 (1.5)

2 (1, 3)

0-4

Website links

1.7 (1.7)

1 (0, 3)

0-6

Total use of media objects

8.8 (6.9)

9 (2, 15)

0-20

Views

1.8 (1.3)

2 (0, 3)

0-3

Posts

0.3 (0.4)

0 (0, 1)

0-1

Votes

0.7 (0.9)

0 (0, 1)

0-3

Total use of contests

2.9 (2.5)

3 (0, 5)

0-9

SMS text messages

Media objects

Picture and SMS text message contests

a

Q1: quartile 1.

b

Q3: quartile 3.

Predictors of Engagement
Predictors of Total Use
Figure 3 depicts a decision tree for the prediction of overall use
of the SmartCoach program. Baseline characteristics used for
prediction of overall use were problem drinking before baseline,
school type, immigration background, age, and sex (Figure 3).
The decision tree can be read as follows: students who reported
problem drinking before baseline (node 13) and students who
did not drink in a problematic manner before baseline but
attended a secondary school and reported a 2-sided immigration
background (node 5) were expected to show low use of the
program. The highest use was expected for girls aged ≤15 years
who attended an upper secondary school and who reported no
alcohol use or moderate alcohol use before baseline (node 9).
Girls at upper secondary schools used the program more than
boys at upper secondary schools. At secondary schools, use of
the program was similar across both sexes.
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Multimedia Appendix 1 gives an insight into the stability of
this decision tree. Each column indicates how often each
predictor variable was selected in the 500 bootstrap samples.
Whereas variables selected in the original tree are presented as
black columns, variables that were not selected in the original
tree are presented as white columns. The predictors problem
drinking and school type were selected very often
(approximately 80% of the time) for the prediction of overall
use and therefore showed a relatively stable relationship with
the outcome. However, the predictors sex, age, and immigration
background were only represented in less than half of the trees
generated based on the bootstrap samples, which makes them
less reliable for prediction compared with the predictors problem
drinking and school type. Tobacco smoking, cannabis use,
perceived stress, and interpersonal competences were not
represented in the original tree but appeared in 10%-15% of the
other decision trees. This indicates that although those variables
seem to carry some information that could be useful for
predicting overall use, they are not predominant.
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Figure 3. Decision tree with predictors of overall use of the SmartCoach program. Binge: problem drinking; Immigration: immigration background;
School: school type; SS: secondary school; USS: upper secondary school.

Predictors of Quiz Use
Figure 4 depicts a decision tree for quiz use, encompassing the
following predictors: problem drinking, school type, and age.
However, the stability check (Multimedia Appendix 2) implies
that only problem drinking showed a stable relationship with
the outcome, being chosen in 80% (400/500) of the subsamples

for prediction. School type was chosen only in approximately
50% of the 500 decision trees and age in less than 50% and
almost as often as immigration background, which was not
depicted in the original tree. To sum up, this decision tree should
be read as follows: nondrinkers at baseline showed higher use
of quizzes, whereas students who reported problem drinking at
baseline showed lower use.

Figure 4. Decision tree for the prediction of use of quizzes. Binge: problem drinking; School: school type; SS: secondary school; USS: upper secondary
school.
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Predictors of Media Use
Figure 5 illustrates a decision tree for use of media objects,
encompassing the following predictors: problem drinking, school
type, sex, and immigration background. However, the stability
check (Multimedia Appendix 3) implies that immigration
background has a less stable relationship with the use of media
objects because it was only chosen in approximately 30% of
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the decision trees and almost as often as tobacco smoking, age,
and cannabis use. The other predictor variables showed a more
stable relationship. This once again could be read as follows:
students who reported problem drinking at baseline were
expected to use media objects the least, whereas regular use
was expected across nondrinkers assisting different school types
with the only difference being that girls at upper secondary
schools used this program component more than the rest.

Figure 5. Decision tree for the prediction of use of media objects. Binge: problem drinking; Immigration: immigration background; School: school
type; SS: secondary school; USS: upper secondary school.

Predictors of Contest Use
Figure 6 depicts a decision tree for use of contests,
encompassing the following predictors: problem drinking, school
type, sex, and immigration background. The tree looks very
similar to the one for media objects, with the only difference
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being a split in the immigration background. However, the
stability check (Multimedia Appendix 4) implies that none of
these predictors showed a highly stable relationship with the
use of contests because they only appear approximately 50%
of the time or even less. This decision tree should therefore not
be considered for further interpretation.
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Figure 6. Decision tree for the prediction of use of contests. Binge: problem drinking; Immigration: immigration background; School: school type;
SS: secondary school; USS: upper secondary school.

Predictors of Subjective Experience
Figure 7 depicts the result of the decision tree for predicting the
subjective experience of students with the program. As it

becomes clear from Figure 7 and from Multimedia Appendix
5, none of the included predictors showed a stable relationship
with the outcome.

Figure 7. Decision tree for the prediction of subjective experience, which has no splits and consists of a single node.

Associations Among Use, Subjective Experience, and
Changes in Outcomes
Overall use of the program was not predictive in our complete
case analysis for problem drinking (odds ratio [OR] 0.99, 95%
CI 0.03-0.09; P=.65) or cannabis smoking (OR 0.98, 95% CI
0.97-1.01; P=.20) at follow-up or for changes in interpersonal
competences (βs=.2; t571=0.41; P=.68).
A tendency was observed for the outcome tobacco use, where
participants who interacted more frequently with the program
https://www.jmir.org/2022/1/e28638
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showed lower odds of having smoked at follow-up (OR 0.98,
95% CI 0.96-1.00; P=.05; R2=0.18) compared with baseline.
Ancillary analysis on tobacco smoking revealed that use of
contests compared with the rest of the program components
lowered the odds of having smoked at follow-up (OR 0.86, 95%
CI 0.76-0.98; P=.02; R2=0.18). Finally, a significant quadratic
association was established between overall use (βs=.39;
t586=2.66; P=.008; R2=0.24) of the program and pre–post
changes in well-being assessed using the World Health
Organization–5 Well-being Index. All participants showed an
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increase in well-being from baseline to 6-month follow-up, but
the mean increase was greater for lower- and higher-engaged
participants. The highest increase in well-being was observed
for participants who participated in almost all program prompts.
Subjective experience (assessed by asking the students to report
on how attentively they had read the SMS text messages) was
predictive for problem drinking at follow-up. Students who read
the SMS text messages more attentively were significantly less
at risk for problem drinking at follow-up (OR 0.43, 95% CI
1.29-3.41; P=.003; R2=0.19).

Discussion
Principal Findings
Using a proactively recruited sample of young adolescents in
secondary and upper secondary schools, this study examined
(1) the use of, and subjective experience with, a digital life skills
intervention; (2) the associations between program engagement
and adolescent characteristics; (3) the stability of these
associations using a resampling method; and (4) the associations
between program engagement and changes in health-related
outcomes.
The main findings are as follows:
1.

2.

3.

4.

Adolescents took part in half of the interactions prompted
by the program, with SMS text messages being the most
used and contests being the least used components.
Of all adolescent characteristics included in the decision
tree analysis, the following were chosen most often as a
predictor of engagement: problem drinking, school type,
age, sex, and immigration background. In almost all
decision trees, adolescents who reported problematic
patterns of alcohol use at baseline were expected to use the
program the least, followed by adolescents attending a
secondary school and reporting a 2-sided immigration
background. Often, a higher use of the program and its
different components was expected for girls and younger
adolescents (aged ≤15 years).
Predictors included in the original trees were often
considered unstable for prediction after resampling. The
most stable predictor for overall and component use after
resampling was problem drinking before baseline (relative
frequency [RF] of approximately 80% in 3 out of 4 trees),
followed by school type (RF≥80% in 2 out of 4 trees).
Predictors of contest use and subjective experience were
especially unstable (RF≤50%).
Adolescents who used the contests more intensively were
more likely to be nonsmokers at follow-up compared with
those who did not. In addition, participants who interacted
the most and the least with the program were more likely
to increase their well-being from baseline to 6-month
follow-up. Finally, adolescents who read the SMS text
messages more attentively were less likely to drink in a
problematic manner at follow-up.

This is the first study to examine engagement with a mobile
phone–based life skills intervention among younger adolescents.
Similar results were found for 2 other mobile phone–based
interventions directed at older adolescents, namely that SMS
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text message prompts and especially quizzes were the most
used, whereas contests, where a message has to be produced by
the participant, were the least used [12,29]. However, this study
showed that contest use was associated with the probability of
being a nonsmoker at follow-up, and a recent review on digital
mental health interventions [21] concluded that program
components enabling interaction with peers were the most
engaging, which is why this component should not be eliminated
from the intervention without further examination.
The results of this study coincide with previous research,
identifying younger adolescents [27,29], women [21], and
adolescents without an immigration background [29] to engage
more with digital interventions aimed at promoting mental health
or preventing substance use. However, this study is the first to
not only examine predictors of engagement, but to also analyze
the stability of these predictors, and in doing so, to overcome
order effects in variable selection and dependency from the
recruited sample known from standard regression analysis. As
a result, sex, age, and immigration background were detected
as rather unstable predictors, which is why associations between
these adolescent characteristics and engagement outcomes
should be considered only with caution.
The most stable predictor over all decision trees was problem
drinking reported at baseline. Generally speaking, adolescents
who already showed patterns of problematic alcohol use at
baseline were expected to engage the least with the program.
The same association could not be found for tobacco or cannabis
use, probably because the included items measured prevalence
instead of severity of use, but this remains a question for future
research. In other words, for those adolescents who are already
involved in risky substance use, an unspecific intervention might
not be appealing because they cannot infer their benefit. This
would coincide with previous research, which found a
tobacco-specific intervention to be more engaging for
adolescents with higher self-perceived benefit in quitting
smoking [29] and a mental health intervention to be more
engaging for adolescents with higher levels of depressive
symptoms [27]. Future qualitative work is needed to ascertain
if digital life skills interventions should be improved for
adolescents who are already involved in risky substance use or
if a problem-specific digital intervention could be of more
interest for this subgroup of adolescents.
Another rather stable predictor was school type, which can be
interpreted as a proxy for educational level in this study. The
results indicate that the mobile phone–based life skills
intervention was more engaging for upper secondary school
students than for secondary school students. This suggests that
the intervention could have been still too demanding for students
with lower educational attainment. Specifically, media
objects—but not quizzes—could have been too demanding for
those adolescents. However, interaction with quizzes alone was
not found to be associated with changes in health-related
outcomes, indicating that despite being engaging for users,
quizzes are less useful for fostering behavior change and more
useful for ensuring program use and for preventing program
dropout. New ways to make media objects more engaging,
including for those with lower educational attainment, must be
explored. A novel chatbot-based life skills intervention that was
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developed in a participatory manner with 20 adolescents [16]
showed that simple cartoon videos were more appealing than
text information and more useful for fostering self-reflection
on individual life skills if they were presented at the beginning
of a session. Cooperating with organizations that already
produce engaging and relevant digital content for adolescents,
as planned by the developers of a novel mobile-based
intervention to support social emotional learning and identity
development in adolescents from low-resource contexts [17],
could also increase the use of such components within digital
life skills interventions.
The results of this study suggest that there is a positive
association between engagement and intended outcomes. A
higher use of contests and the overall program were associated
with intended tobacco use and well-being outcomes. In addition,
reading the text messages more attentively was associated with
intended alcohol use at follow-up. However, low use of the
program also predicted higher well-being at follow-up compared
with baseline. These mixed results could stem from the different
reach at follow-up of more-engaged compared with less-engaged
participants, which is a rather well-known problem from
previous studies [29,52] or from the fact that less-engaged
participants received sufficient support to facilitate intrinsic
motivation to boost well-being [53]. Both explanations are
plausible when looking into previous studies with adults, where
less-engaged participants with access to mobile phone–based
smoking reduction programs reported greater changes at
follow-up [54,55]. Challenges for future research remain finding
ways to also assess lower-engaged participants at follow-up.
The strategy of this study—reimbursement of CHF 10 (US
$10.90) for participation at each follow-up and up to 5 follow-up
calls—seems to be insufficient. A possible way to combat this

Paz Castro et al
problem for studies recruiting in school settings could be to
conduct follow-up assessments within regular school sessions.

Limitations
The findings of this study must be interpreted in view of its
limitations. First, answers to weekly prompts were rewarded
with credits, and credits were linked to a prize draw. Second,
as already emphasized in other studies [29,55], the quantity and
quality of answers to prompts could differ (eg, an adolescent
who answers all quiz questions but answers them all wrong).
Rather than just analyzing registered events, future qualitative
work should investigate whether the content of answers or
contest posts is associated with treatment outcomes.
Furthermore, the results of this study rely on a convenience
sample, and the findings might not be generalizable to the entire
population. Finally, this study relied on self-report data, which
bears the risk that the results may have been influenced by social
desirability.

Conclusions
In summary, in our study, adolescents who did not drink in a
problematic manner before program start frequently engaged
with a mobile phone–based life skills intervention, regardless
of their sex, age, and immigration background. Further efforts
should be undertaken to reach adolescents through digital life
skills interventions before they become involved with risky
substance use. Digitally delivered life skills interventions must
carefully consider how the proportion between engaging and
change-modeling components should be weighed to comply
equally with equity standards and intended intervention
outcomes. In addition, future studies could go a step further and
make assumptions about effective engagement but only in
combination with strategies that are able to reduce attrition bias
at follow-up.
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Abstract
Background: Smartphones allow for real-time monitoring of patients’ behavioral activities in a naturalistic setting. These data
are suggested as markers for the mental state of patients with bipolar disorder (BD).
Objective: We assessed the relations between data collected from smartphones and the clinically rated depressive and manic
symptoms together with the corresponding affective states in patients with BD.
Methods: BDmon, a dedicated mobile app, was developed and installed on patients’ smartphones to automatically collect the
statistics about their phone calls and text messages as well as their self-assessments of sleep and mood. The final sample for the
numerical analyses consisted of 51 eligible patients who participated in at least two psychiatric assessments and used the BDmon
app (mean participation time, 208 [SD 132] days). In total, 196 psychiatric assessments were performed using the Hamilton
Depression Rating Scale and the Young Mania Rating Scale. Generalized linear mixed-effects models were applied to quantify
the strength of the relation between the daily statistics on the behavioral data collected automatically from smartphones and the
affective symptoms and mood states in patients with BD.
Results: Objective behavioral data collected from smartphones were found to be related with the BD states as follows: (1)
depressed patients tended to make phone calls less frequently than euthymic patients (β=−.064, P=.01); (2) the number of incoming
answered calls during depression was lower than that during euthymia (β=−.15, P=.01) and, concurrently, missed incoming calls
were more frequent and increased as depressive symptoms intensified (β=4.431, P<.001; β=4.861, P<.001, respectively); (3) the
fraction of outgoing calls was higher in manic states (β=2.73, P=.03); (4) the fraction of missed calls was higher in manic/mixed
states as compared to that in the euthymic state (β=3.53, P=.01) and positively correlated to the severity of symptoms (β=2.991,
P=.02); (5) the variability of the duration of the outgoing calls was higher in manic/mixed states (β=.0012, P=.045) and positively
correlated to the severity of symptoms (β=.0017, P=.02); and (6) the number and length of the sent text messages was higher in
manic/mixed states as compared to that in the euthymic state (β=.031, P=.01; β=.015, P=.01; respectively) and positively correlated
to the severity of manic symptoms (β=.116, P<.001; β=.022, P<.001; respectively). We also observed that self-assessment of
mood was lower in depressive (β=−1.452, P<.001) and higher in manic states (β=.509, P<.001).
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Conclusions: Smartphone-based behavioral parameters are valid markers for assessing the severity of affective symptoms and
discriminating between mood states in patients with BD. This technology opens a way toward early detection of worsening of
the mental state and thereby increases the patient’s chance of improving in the course of the illness.
(J Med Internet Res 2022;24(1):e28647) doi:10.2196/28647
KEYWORDS
bipolar disorder; generalized linear model; mixed-effects regression; classification; manic episodes; depressive episodes;
smartphone; behavioral markers; mHealth; remote monitoring

Introduction
Bipolar disorder (BD) is a chronic, recurrent, and highly morbid
illness [1]. Its prevalence is estimated to be around 2%-3% [2].
In the course of the illness, there are fluctuations between
different mood states, ranging from depression to
hypomanic/manic episodes, as well as mixed states. Patients
receiving mood-stabilizing drugs have reported relapse rates of
22% per year [3]. The subsequent episodes seem to worsen the
prognosis and increase the suicide risk [4,5]. Patients in the
initial phases of BD appear to better respond to treatment; thus,
early intervention strategies could be vital for improving illness
outcomes [6] by reducing conversion rates to full-blown illness
and reducing symptom severity.
Mobile apps allow for real-time collection of both self-reported
and objective data on behavioral activities or speech in
naturalistic settings [7-12]. Active monitoring through
self-reported data was found to correlate with scores on the
depression (Hamilton Depression Rating Scale [HDRS]) and
mania scales (Young Mania Rating Scale [YMRS]) [7,8,12].
As there are disturbances in diurnal rhythms and daily life
regularity of patients with BD [13], continuous self-monitoring
might be helpful for managing daily activities. Moreover,
self-assessment data can be easily shared with mental health
professionals and facilitate making clinical decisions [8,14].
Nevertheless, such monitoring could be less reliable in case of
hypomanic/manic symptoms owing to decreased illness insight
[12]. The other limitation for certain patients might be the
necessity to respond to daily surveys [15]. It has not been also
proven so far that such self-monitoring could predict phase
change [8].
Data collected through passive objective monitoring of
behavioral activities such as phone call statistics, data on
physical activity and mobility, or voice features are correlated
with scores on the HDRS and YMRS [8-11]. They could serve
as markers for monitoring illness activity; thus, behavioral
tracking is very promising in recognizing and predicting mood
state [12]. Passively collected data do not require any
involvement of the patient and could be beneficial in the early
detection of subthreshold symptoms of episode recurrence.
Disadvantages of passive behavioral tracking include privacy
concerns, the discomfort of being observed, or problems related
to the collection, analysis, and processing of data. Nevertheless,
both active and passive monitoring through smartphone are
promising for the assessment of illness activity in patients with
BD.
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Recent reviews by Antosik-Wójcińska et al [16], Rajagopalan
et al [17], and Torous et al [18] agree that the medical potential
of smartphone-based monitoring is high, but large-scale
methodologically rigorous studies are necessary to draw
well-generalizable conclusions. In another review, Rucci et al
[19] argue that although nothing can substitute the clinical
assessment, smartphone-based monitoring has the potential of
improving the treatment owing to its accessibility to patients
and the possibility of continuous tracking parameters reflecting
illness activity. This could be of great importance, as the
frequency of routine assessments during follow-up visits is often
insufficient and the latency in identifying the recurrence of a
mood episode is often long—3 weeks or more [20].
Consequently, adjustment of the treatment often takes place
late—sometimes during a full episode [21]. This is particularly
relevant in hypomanic/manic episodes because manic patients,
often owing to decreased insight, do not seek medical help
[20,22]. Notably, patients with BD are generally open to using
smartphones to help them monitor their mental state [23,24].
The usefulness and ease of use of such apps were found to
influence patients’ satisfaction and adherence [25,26].
Nevertheless, numerous challenges exist, especially concerning
safeguarding privacy and ensuring data security [27].
In this paper, we report the results of a prospective observational
study of patients with BD. The main goal was to assess whether
behavioral data about smartphone usage collected automatically
via a dedicated app, called BDmon, correlate with the severity
of symptoms on both the HDRS and the YMRS and with the
corresponding affective states in BD. Evaluation of the effect
size and its statistical significance was based on generalized
linear models with random effects for each patient. The
secondary objective was to evaluate the suitability, in terms of
completeness, of self-assessment data collected via the app over
time in naturalistic settings.

Methods
Study Participants
This study was conducted in the Department of Affective
Disorders, Institute of Psychiatry and Neurology in Warsaw
and in a center specializing in clinical trials between September
2017 and December 2018. Patients were enrolled from both
inpatient and outpatient settings to capture both mild and severe
episodes. Based on previous studies [28,29], it was expected
that patients would change the phase at least once in the period
envisaged for this study. This study obtained the consent of the
Bioethical Commission at the District Medical Chamber in
Warsaw (agreement KB/1094/17).
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We used the following inclusion criteria: adults aged 18 years
or older, who gave their informed written consent to participate
in this study, diagnosed with BD, with at least two changes of
phase in the last 12 months, and using a smartphone with
internet access daily or declaring their willingness to use it for
the study period. Exclusion criteria consisted of serious hearing
problems and speech disorders (eg, dysarthria, aphasia).

Dominiak et al

Sample Size
The resulting sample included 84 eligible patients diagnosed
with BD (according to the International Classification of
Diseases, tenth revision [ICD-10]). The baseline
sociodemographic and clinical characteristics of the final study
sample are presented in Table 1.

Table 1. Sociodemographic and clinical characteristics of the final study sample (N=51).
Characteristics

Values

Participation time (days), mean (SD)

208 (32)

Age (years), mean (SD)

36.2 (9.5)

Gender, n (%)
Female

28 (55)

Male

23 (45)

Demographic living status, n (%)
Family

30 (59)

Partner

9 (18)

Self

12 (24)

Education, n (%)
Elementary

2 (4)

Secondary

18 (35)

Higher

31 (61)

Demographic residence, n (%)
City

37 (73)

Town

11 (22)

Village

3 (6)

Occupation, n (%)
Working

29 (57)

Pensioner

11 (22)

Student

6 (12)

Other

5 (9)

Clinical characteristics
Mean duration of illness (years), mean (SD)

7.1 (5.3)

Hospitalizations, median (IQR)

2 (0-7)

Affective episodes, median (IQR)

6 (2-10)

Bipolar disorder type I, n (%)

31 (61)

Bipolar disorder type II, n (%)

20 (39)

Psychiatric Assessment
The assessment of the mental state was carried out by
psychiatrists with experience in the diagnosis and treatment of
BD. Both the researcher and the patient were blinded to the data
automatically collected by the BDmon app. Patients were invited
to visit the researcher at least every 3 months. In the case of a
suspected change in the mood state, patients were invited for
an additional intervention visit. During personal visits, the
primary outcome measures (17-point version of HDRS and
https://www.jmir.org/2022/1/e28647
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YMRS) were used. In this paper, the assessment of HDRS and
YMRS is used as binding to assess the severity of symptoms
and the corresponding BD states.
The data concerning clinical and demographic characteristics
were collected as a part of the initial visit. During the following
visits, the patients were inquired about significant changes in
the general health status and other important life events that
might affect their activity and behavior. The patient’s mood
state was also assessed using fortnightly phone-based
interactions with the researcher. The basic and the most
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important objective of the phone-based assessment was to
determine whether any significant change in the mood state was
likely to occur since the previous contact with the patient. If so,
the patient was invited for an intervention visit, and a full
assessment using HDRS and YMRS was conducted. To shorten
the time of the fortnightly calls, the researcher read to the patient
questions prepared in the telephone questionnaire form (see
Multimedia Appendix 1).
Based on HDRS and YMRS, the mood state was classified into
1 of the 4 phases (depression, hypomania/mania, euthymia, or
mixed state). In previous studies, researchers have adopted
different cutoff points on the HDRS and YMRS for training
classifiers [11,12,30]. High thresholds of 13 points on the HDRS
and YMRS [12] increase the validity of the diagnosis, focusing
on more severe symptoms. The consequence of this approach
might be counting the milder symptoms of a given phase to
euthymia. We aimed at the identification of early symptoms of
phase change and hence adopted lower cutoff points. The state
of euthymia was defined as HDRS<8 and YMRS<6, depression
as HDRS≥8 and YMRS<6, hypomania/mania as HDRS<8 and
YMRS≥6, and mixed state as HDRS≥8 and YMRS≥6.
Smartphones collect behavioral data continuously whereas
clinical assessments are much less frequent. Supervised learning
requires both data types to be present. Consequently, we
extrapolated the psychiatric assessment to 7 days before and 2
days after a visit. In the final sample, we included only patients
with automatically collected smartphone data within this period.
The asymmetry of the time window was inspired by Muaremi
et al [31] who argue that a visit is typically related to some
medical intervention, which might lead to a change in the
patient’s mental state. The time frame before the visit differs
across studies, for example, Faurholt-Jepsen et al [11,12]
adopted a time span of the clinical assessment days and 3
previous days. In this study, we extended this period up to 7
days before the visit because we had additional data about
patient’s mental state (derived from phone-based visit and from
patients’ relatives). Nevertheless, to facilitate meta-analyses,
we additionally performed the analysis for the shorter period
assuming ground truth of 3 days before the psychiatric
assessment and the day of psychiatric assessment, as well for
different cutoff points (Multimedia Appendix 2 and Multimedia
Appendix 3).

Smartphone-Based Data Collection
The BDmon app requires a smartphone with the Android system,
which at the time of the clinical trial had over 90% of the market
share in Poland. Patients used their own smartphones or were
offered a new smartphone for the study period. Patients did not
receive any financial gratification for participation in the study.
The BDmon app collected 3 groups of data:
(1) objective data about patient’s behavior related to smartphone
(statistics about phone calls and text messages), (2) self-reported
data completed by patients via the app (filling in the
questionnaires was not mandatory; Multimedia Appendix 4),
and (3) objective acoustic features about patient’s speech
extracted from his/her daily phone calls. Only self-assessment
(2) required the patients to interact with the software; data from
https://www.jmir.org/2022/1/e28647
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groups (1) and (3) were collected passively. The scope of
monitoring was as follows:
1.

2.

3.

Objective data about patient’s behavior consisted of
statistics of calls and text messages transformed into 11
daily aggregates describing behavioral parameters. They
fall into 4 categories: (1) incoming answered calls: number
(per day), mean duration (seconds/call), and variability of
duration (the standard deviation of the lengths of all
calls/day; seconds); (2) incoming missed calls: number (per
day) and fraction of missed calls; (3) outgoing calls: number
(per day), mean duration (seconds/call), variability of
duration (standard deviation/day; seconds), and fraction of
outgoing calls (ratio of the number of outgoing calls to the
sum of outgoing and incoming calls); and (4) outgoing text
messages: number (per day) and average number of
characters in outgoing messages (per day). Initially, the app
collected data concerning mobility (daily travelled distance)
and activity (pedometer), but owing to the technical issues
and patients’ privacy concerns, these data were mostly
missing and were not eventually analyzed.
Self-reported data completed by patients via the app: filling
in the self-assessment questionnaires was not mandatory
to evaluate, in natural settings, their completeness over
time, and relevance for analysis. Patients assessed their
well-being using a dedicated mood rating scale created for
the purposes of the study. Each patient had access to a graph
illustrating the mood status and the length of sleep.
Acoustic features of patient’s speech signal consisting of
85 physical parameters describing each phone call: acoustic
features require dedicated processing, which is beyond the
scope of this paper. The preliminary analysis of the acoustic
data is a subject of other ongoing and completed works
[32,33].

Statistical Methods
To assess the strength of the relation between the behavioral
markers and the affective symptoms and BD states, we applied
generalized linear mixed-effects models similarly as in the work
of Faurholt-Jepsen et al [12]. First, mixed-effects linear
regression was applied with scores on either HDRS or YMRS
as response variables. This quantifies the correlations between
behavioral markers and the severity of affective symptoms.
Second, mixed-effects logistic regression was used for binary
classification discriminating between an affective state and
euthymia to describe the relation between the behavioral markers
and affective states. The generalized linear mixed-effects model
had the following form:
y = Xβ + Zu + ε
where y is an nd × 1 vector consisting of nd responses, each of
which corresponds to 1 patient and 1 day. When assessing the
severity of symptoms, either the HDRS or YMRS scores are
used as the response vectors.
X is an nd × s covariate matrix of the s predictor variables for
fixed effects β (regression coefficient). The fixed effects consist
of coefficients related to the objective smartphone data (eg,
number of incoming calls) and a constant term. We build a
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separate model for each of the predictor variables; therefore,
s=1.
Z is the nd × q covariate matrix for the random effects u. The
random effects occur at the patient level (level two) and are
patient-specific random intercepts. Consequently, q is equal to
the number of patients (groups) for whom data were available.
ε is the vector of nd errors, which is assumed to be multivariate
normal with zero mean. The number of patients differs
depending on the considered parameter. For example, if patient
A was never sending text messages, the daily number of sent
text messages was calculated as 0. This allowed us to include
patient A for the assessment of the relation between symptoms
and the number of sent text messages. At the same time, sending
no text messages led to missing values reported for the mean
number of characters of sent text messages, and thus, patient A
was not counted for assessment of the relation between
symptoms and the length of sent text messages. Logistic
mixed-effects regression models were applied to assess the
relations between pairs of euthymia and the affective states (eg,
euthymia vs depression). For each of the logistic models, the
response variable equaled 0 for days with the euthymic state
and 1 for days with the affective state (eg, depression). The
inverse of the log link binomial function h(η) = (1+exp(η))−1
was applied to the linear predictor η=Xβ + Zu to relate it to the
outcome y. The mixed-effects logistic regression model was
formulated as follows:
y = h(Xβ + Zu) + ε
Model assumptions were checked with residual analysis and
visually using quantile-quantile plots. The P values were
calculated assuming normal distributions of errors. However,
for some variables, especially the number of outgoing and
incoming calls per day, this assumption seemed to be violated.
Therefore, caution is necessary when interpreting the P values
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of the mixed-effects models; see also Luke [34]. Log
transformations were applied to minimize this effect and the
results were gathered for comparative purposes in Multimedia
Appendix 5 and Multimedia Appendix 6. All analyses were
conducted in the R programming language (R Core Team and
the R Foundation for Statistical Computing). Linear and logistic
mixed-effects models were calculated using packages lme (for
the restricted maximum likelihood estimation) and lmerTest (P
values and model diagnostics) available at the Comprehensive
R Archive Network repository for R language [35]. We set the
significance level to .05.

Results
Study Sample
Figure 1 illustrates the participant flow in this study; 84 eligible
patients diagnosed with BD (according to ICD-10 classification)
were enrolled in this study, and they participated in the initial
interview with the psychiatrist. Disregarding their declarations
of participation in this study, 20 patients dropped out after the
initial psychiatric assessment. As depicted in Figure 1, the mean
age (36.6 [SD 9.1] years) was lower for the group of 64 patients
who continued the study in comparison to that of the group of
20 patients who resigned after the initial visit (44.3 [SD 14.6]
years). For the remaining 64 patients, there were 226 psychiatric
assessments in total. However, smartphone-based automatically
collected behavioral data in the assumed time frame (7 days
before and 2 days after psychiatric assessment) were available
for only 51 patients (196 psychiatric assessments). These
patients (N=51) were considered as the final study sample. In
total, this constitutes 982 patient days with data for the statistical
analyses. The mean participation time for the final sample of
51 patients, calculated as the difference between the initial and
the last psychiatric assessment, was 208 days with a standard
deviation of 132 days.
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Figure 1. Flow chart illustrating the number of patients, psychiatric assessments, and patient days during the study.

Psychiatric Assessments and Affective States
Overall, 196 psychiatric assessments were reported for the final
study sample. We observed 145 mood state transitions among
consecutive psychiatric interviews as summarized in Table 2.

Out of 145 transitions, in 74 (51%) cases, the affective state
changed from the previous one and in 71 (48.9%) remained the
same. The most frequent change was from euthymia to
depression state (17 such cases) and from depression to euthymia
(14 cases).

Table 2. Transitions among the affective states for consecutive visits for patients of this study (N=51).
Flow from the following
phases

To the following phases
Euthymia

Depression

Mixed state

Mania

Euthymia

25

17

2

6

Depression

14

39

4

4

Mixed state

4

2

1

2

Mania

9

5

5

6

Completeness of Data Collected From Smartphones

frequent usage of the app in early 2018 was a result of technical
stability issues with the app.

Figure 2 illustrates the completeness of the objective behavioral
data collected from smartphones. For each patient, there are 2
rows of dots. Green dots in the upper row show days, in which
the objective behavioral data were collected. Turquoise dots in
the lower row indicate days with self-assessment data. Less

Overall, we identified 982 person days with smartphone data
and psychiatric assessments. The summary statistics of
behavioral and self-assessment data are presented in Table 3
for all variables as initially planned for this study.
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Figure 2. Completeness of data: for each patient, the green dots mean that behavioral data were collected, turquoise dots represent self-assessment
data, and letters denote the clinically assessed affective state of patients with bipolar disorder. D: depression; E: euthymia; M: mania; X: mixed.
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Table 3. Basic summary statistics of the behavioral and self-assessment data collected from smartphones.
Type, daily variable

Completeness, n (%)

Median

Mean (SD)

Number of incoming answered calls

982 (100)

2.0

3.2 (3.5)

Mean duration of incoming calls (s/call)

820 (83.5)

119.9

210.3 (286.3)

SD of duration of incoming calls (s)

600 (61.1)

117.7

234.5 (324.3)

Number of outgoing calls

982 (100)

4.0

7.5 (10.9)

Mean duration of outgoing calls (s/call)

886 (90.2)

79.1

147.2 (232.8)

SD of duration of outgoing calls (s)

756 (77.4)

113.3

195.9 (245.7)

Fraction of outgoing calls

886 (90.2)

0.7

0.7 (0.2)

Number of missed calls

982 (100)

1.0

1.8 (2.7)

Fraction of missed calls

982 (100)

0.2

0.2 (0.2)

Number of incoming + outgoing calls

963 (98.0)

105.8

170.2 (229.4)

Mean duration of incoming + outgoing calls (s/call)

877 (89.3)

145.8

234.0 (256.8)

SD of duration of incoming + outgoing calls (s)

982 (100)

8.0

12.5 (14.4)

Number of sent text messages

982 (100)

0.0

3.8 (13.3)

Mean length of text messages

343 (34.9)

39.4

54.3 (48.7)

Sum of steps

103 (10.5)

480

5299.9 (32454.8)

Daily travelled distance (km)

—a

—

—

Self-assessment of sleep time (h)

270 (27.5)

8.0

8.0 (2.5)

Self-assessment of mood (from −4 to +4)

268 (27.3)

0.0

−0.6 (1.6)

Comment about sleep (number of characters)

39 (4)

22.0

27.1 (21.0)

Comment about mood (number of characters)

37 (4)

25.0

40.2 (46.6)

Phone calls (count per patient day)

Text messages

Activity

Self-assessment

a

Not collected due to technical issues and privacy concerns.

The app was designed to collect data concerning mobility (daily
travelled distance) and the activity measures with the number
of steps (pedometer), but owing to the technical issues and
patients’ privacy concerns, the completeness of these data
(98/982, 9.9%) was insufficient to conduct a reliable analysis.
Similarly, the collected self-reported comments about sleep and
mood were characterized by relatively high rates of missing
data (n=39 and n=37, respectively). Table 4 provides the
sociodemographic and clinical characteristics of patients
depending on their adherence in terms of filling in
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self-assessment questionnaires. The study patients were split
into 3 groups depending on the completeness of the
self-assessment data; 16 patients out of 51 patients (31%)
demonstrated low adherence to filling in self-assessment
questionnaires (completeness less than 98 patient days). The
group of patients with low adherence had relatively high sum
of points on the HDRS (7.25 [SD 5.05]) and low sum of points
on the YMRS (1.81 [SD 1.64]). Interestingly, 10 patients out
of 16 in the group with low adherence (62.5%) were assessed
as euthymic during the initial assessment.
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Table 4. Sociodemographic and clinical characteristics of the patients grouped according to their adherence of filling the self-assessment questionnaires
(N=51).
Characteristics

Data completeness of filling the self-assessment
Low (<10%)

Medium (10%-90%)

High (>90%)

16 (31)

29 (57)

6 (12)

Female

7 (14)

18 (35)

3 (6)

Male

9 (18)

11 (22)

3 (6)

Family

11 (22)

13 (25)

6 (12)

Partner

2 (4)

7 (14)

0

Self

3 (6)

9 (18)

0

Elementary

0

2 (4)

0

Secondary

4 (8)

10 (20)

4 (8)

Higher

12 (24)

17 (33)

2 (4)

City

11 (22)

22 (43)

4 (8)

Town

4 (8)

6 (12)

1 (2)

Village

1 (2)

1 (2)

1 (2)

37.31 (8.66)

36.41 (8.69)

32.67 (15.28)

Hamilton Depression Rating Scale

7.25 (5.02)

6.97 (6.89)

5 (4.15)

Young Mania Rating Scale

1.81 (1.64)

5.48 (6.35)

6.5 (8.65)

Euthymia

10

7

3

Depression

6

9

1

Mania

0

11

2

Mixed state

0

2

0

Group of patients according to adherence of filling the self-assessment, n (%)
Gender, n (%)

Demographic living status, n (%)

Education, n (%)

Demographic residence, n (%)

Age (years), mean (SD)
Severity of symptoms from the initial psychiatric assessment, mean (SD)

Affective state assessed during initial psychiatric assessment (n)

Between-Patient and Intrapatient Variability
The summary statistics about the behavioral and self-assessment
data in various affective states are shown in Multimedia
Appendix 7. For most of the considered variables, differences
in statistics were observed between the 4 groups (euthymia,
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depression, mania, mixed state). Apart from the overall
difference of statistics for patients in various BD states, there
was also a relatively high intrapatient variability in phone call
statistics. Figure 3 illustrates this for 2 objective parameters and
all patients with BD. The boxplots for all the variables are
presented in Multimedia Appendices 8-19.
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Figure 3. Intrapatient variability of 2 objective parameters collected with smartphones among chosen patients with bipolar disorder.

Relation Between Smartphone-Based Data and
Severity of Depressive and Manic Symptoms
Table 5 presents the estimates of the regression coefficients β.
They describe the influence of behavioral data on the severity
of manic and depressive symptoms measured by the number of
HDRS and YMRS points. The number of observations is the
product of the number of groups (ie, patients) and days for which
the considered data type was collected.
The results show that the more severe the manic symptoms: (1)
the higher variability in the duration of incoming calls (P=.04)
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and outgoing calls (P=.02), (2) the higher number and fraction
of missed calls (P=.02), (3) the higher number of outgoing text
messages (P<.001), (4) the higher number of characters in
outgoing text messages (P<.001), and (5) the higher score on
self-reported mood rating (P<.001). For example, for every
increase of 1 missed call, there was an increase of 0.141 points
on the YMRS. More severe depressive symptoms are associated
with (1) lower number of incoming answered calls (P<.001),
(2) higher fraction of incoming missed calls (P<.001), and (3)
lower score on self-reported mood rating (P<.001).

J Med Internet Res 2022 | vol. 24 | iss. 1 | e28647 | p.636
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Dominiak et al

Table 5. Relations between smartphone-based data collected using the BDmon app and depressive and manic symptoms assessed with the Hamilton
Depression Rating Scale and Young Mania Rating Scale, respectively.
Daily variable

Depressive symptoms to

Manic symptoms

Regression
coefficient
(β)

Regression
coefficient
(β)

P

P

95% CI

value

Patient
days (n)

Patients (n)

95% CI

value

Number of incoming answered −.149
calls

<.001

−0.231 to −0.066

−.079

.10

−0.174 to 0.016

982

51

Duration of incoming calls
(s/call)

.001

.17

0 to 0.002

.001

.22

0 to 0.002

820

50

Standard deviation of incoming .001
calls duration (s)

.29

0 to 0.001

.0012

.04

0 to 0.002

600

48

Number of outgoing calls

−.023

.09

−0.05 to 0.004

.002

.90

−0.029 to 0.033

982

51

Fraction of outgoing calls

.307

.64

−0.994 to 1.604

.985

.19

−0.492 to 2.471

886

51

Duration of outgoing calls
(s/call)

.001

.37

−0.001 to 0.002

.001

.09

0 to 0.002

886

51

Standard deviation of outgoing 0
calls duration (s)

.91

−0.001 to 0.001

.0017

.02

0 to 0.003

756

48

Number of missed calls

.06

.27

−0.047 to 0.167

.141

.02

0.019 to 0.263

982

51

Fraction of missed calls

4.861

<.001

2.829 to 6.896

2.991

.02

0.434 to 5.526

582

50

Number of sent text messages

.02

.06

−0.001 to 0.041

.116

<.001

0.093 to 0.139

982

51

Mean length of text messages
(number of characters)

.004

.30

−0.003 to 0.011

.022

<.001

0.011 to 0.034

343

38

Self-assessment of sleep time
(h)

−.027

.83

−0.274 to 0.22

−.130

.19

−0.325 to 0.062

270

39

Self-assessment of mood

−1.452

<.001

−1.777 to −1.125

.509

<.001

0.267 to 0.751

268

42

Relation Between Smartphone Data and Affective
States
Tables 6 and 7 present the results from generalized mixed
regression models (logistic model). Smartphone-based data
were used as predictors. We were interested in the detection of
behavioral changes between euthymia, which we treated as a
reference and encode as 0, and the other affective states encoded
as 1. Therefore, for each predictor, we fitted 4 regression models
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distinguishing euthymia from depression, mania, mixed state
as well as a combination of manic and mixed states. Positive
values of the regression coefficients indicate that the predictor
tends to have lower value in the reference euthymic state. As
we put emphasis on the early identification of phase change by
adapting lower cutoff points on the above scales, we were able
to distinguish between euthymia and other affective states, both
mild and severe, that is, depression, hypomania/mania, or mixed
state.
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Table 6. Mixed regression models regarding behavioral smartphone-based data and affective states (euthymia, depression, and mania) in patients with
bipolar disorder assessed with the Hamilton Depression Rating Scale and Young Mania Rating Scale.
Daily variable

Euthymia versus depression
Regression co- P
efficient (β)
value

95% CI

Euthymia versus mania
Observations
(n)

Patients (n) Regression co- P
efficient (β)
value

95% CI

Patient Patients
days (n) (n)

Number of incom- −.15
ing answered calls

.01

−0.243 to 789
−0.056

46

.024

.71

−0.103 to 567
0.152

41

Duration of incom- 0
ing calls (s/call)

.41

0 to 0.001 664

46

−.001

.59

−0.004 to 488
0.002

39

Standard deviation 0
of duration of incoming calls (s)

.45

−0.001 to 490
0.001

44

−.001

.41

−0.005 to 375
0.002

36

Number of

−.064

.01

−0.113 to 789
−0.014

46

.044

.16

−0.018 to 567
0.106

41

1

.09

−0.151 to 715
2.152

46

2.73

.03

0.223 to
5.237

526

41

.001

.31

−0.001 to 715
0.002

46

0

.88

−0.003 to 526
0.003

41

Standard deviation 0
of duration of outgoing calls (s)

.95

−0.001 to 603
0.001

42

−.002

.31

−0.006 to 463
0.002

41

Number of missed
calls

.77

−0.132 to 789
0.098

46

−.03

.76

−0.227 to 567
0.167

41

Fraction of missed 4.431
calls

<.001

2.12 to
6.742

463

45

1.912

.38

−2.335 to 345
6.158

40

Number of sent
text messages

.001

.94

−0.036 to 789
0.039

46

.015

.69

−0.06 to
0.09

567

41

Mean length of
.001
text messages
(number of characters)

.91

−0.016 to 265
0.018

28

.014

.08

−0.002 to 192
0.029

28

Self-assessment of −.254
sleep time (h)

.08

−0.538 to 219
0.03

33

−.548

.19

−1.369 to 147
0.273

30

Self-assessment of −2.056
mood

<.001

−2.058 to 224
−2.055

35

.676

.22

−0.406 to 144
1.758

31

outgoing calls
Fraction of
outgoing calls
Duration of
outgoing calls (s)

−.017
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Table 7. Mixed regression models regarding smartphone-based data and affective states (euthymia, mixed/manic states) in patients with bipolar disorder
assessed with the Hamilton Depression Rating Scale and Young Mania Rating Scale.
Daily variable

Euthymia versus mixed state
Regression co- P
efficient (β)
value

95% CI

Euthymia versus mania and mixed states
Observations
(n)

Patients (n) Regression co- P
efficient (β)
value

95% CI

Patient Patients
days (n) (n)

Number of incom- −.114
ing answered calls

.08

−0.244 to 516
0.015

35

−.043

.32

−0.127 to 638
0.042

42

Duration of incom- .002
ing calls (s/call)

.06

0 to 0.004 448

34

.001

.26

−0.001 to 546
0.002

40

Standard deviation .0027
of duration of incoming calls (s)

.02

0 to 0.005 339

33

.001

.11

0 to 0.003 412

38

Number of outgoing calls

−.035

.13

−0.081 to 516
0.01

35

.005

.64

−0.016 to 638
0.026

42

Fraction of outgoing calls

.44

.70

−1.799 to 477
2.68

35

1.363

.11

−0.318 to 587
3.045

42

Duration of outgo- .0015
ing calls (s)

.045

0 to 0.003 477

35

.001

.06

0 to 0.002 587

42

Standard deviation .0031
of duration of outgoing calls (s)

.01

0.001 to
0.005

420

35

.0012

.045

0 to 0.002 518

42

Number of missed
calls

.07

−0.012 to 516
0.282

35

.08

.18

−0.036 to 638
0.195

42

Fraction of missed 4.928
calls

<.001

4.926 to
4.93

310

35

3.53

.01

0.907 to
6.153

387

42

Number of sent
text messages

.032

.01

0.009 to
0.055

516

35

.031

.01

0.009 to
0.052

638

42

Mean length of
.014
text messages
(number of characters)

.07

−0.001 to 180
0.029

21

.015

.01

0.003 to
0.026

225

29

Self-assessment of −.121
sleep time (h)

.62

−0.606 to 144
0.363

24

−.334

.08

−0.708 to 171
0.04

31

Self-assessment of .166
mood

.69

−0.666 to 142
0.998

25

.348

.31

−0.327 to 165
1.022

32

.135

The following variables discriminate between euthymia and
depression: (1) number of incoming answered calls (P=.01),
(2) fraction of missed calls (P<.001), and (3) number of outgoing
calls (P=.01). Euthymia and mania differ significantly in fraction
of outgoing calls (P=.03). The mixed states observed in this
study were mainly mixed manic states, which was reflected in
the average scores on HDRS (10.6 [SD 2.9]) and YMRS (17.6
[SD 10.2]). This is the rationale behind conducting additional
analysis to catch the whole spectrum of manic or mixed features
by combining both states into 1 group in Table 7. The following
variables turned out to be relevant and discriminate the above
conditions from euthymia: (1) fraction of missed calls (P=.01),
(2) variability of the duration of calls (P=.045), (3) number of
sent text messages (P=.01), and (4) mean length of text messages
(P=.01).
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Further, in Table 8, we discriminate euthymia from the
pathological states considered as 1 group to find out which
predictors are relevant markers for BD. The following 7 out of
13 variables (54%) are statistically significant: (1) number of
incoming calls (P=.002), (2) fraction of outgoing calls (P=.01),
(3) fraction of missed calls (P<.001), (4) number of sent text
messages (P=.01), (5) mean length of text messages (P=.01),
(6) self-reported sleep time (P=.03), and (7) self-reported mood
(P=.003). It needs to be noted that 6 out of these 7 variables (all
except for the self-reported sleep time) are statistically
significant and discriminate euthymia from the pathological
states considered as 1 group also for the longer period (14 days)
preceding the psychiatric assessments (see Multimedia
Appendices 8-20).
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Table 8. Mixed regression models regarding smartphone-based data and affective states (euthymia vs depressive/mixed/manic states) in patients with
bipolar disorder assessed with the Hamilton Depression Rating Scale and Young Mania Rating Scale.
Daily variable

Euthymia versus depression/mania/mixed state
Regression coefficient (β)

P

95% CI

Observations Patients (n)
(n)

value
Number of incoming answered calls

–.101

.002

–0.164 to –0.038

982

51

Duration of incoming calls (s/call)

.000

.29

0 to 0.001

820

50

Standard deviation of duration of incoming calls (s)

.001

.24

0 to 0.001

600

48

Number of outgoing calls

–.005

.55

–0.022 to 0.012

982

51

Fraction of outgoing calls

1.211

.01

0.244 to 2.179

886

51

Duration of outgoing calls (s)

.001

.07

0 to 0.002

886

51

Standard deviation of duration of outgoing calls (s)

.0004

.34

0 to 0.001

756

48

Number of missed calls

.0496

.24

–0.033 to 0.132

982

51

Fraction of missed calls

4.494

<.001

4.492 to 4.496

582

50

Number of sent text messages

.023

.01

0.006 to 0.041

982

51

Mean length of text messages (number of characters) .010

.04

0 to 0.02

343

38

Self-assessment of sleep time (h)

–.261

.03

–0.493 to –0.03

270

39

Self-assessment of mood

–.551

.003

–0.913 to –0.189

268

42

Summary of the Analyses
The most clinically relevant data that could be drawn from both
presented analysis types are as follows: (1) number of incoming
answered calls was lower in patients with depression as
compared to those with euthymia and, at the same time, missed
incoming calls were more frequent and increased as depressive
symptoms intensified; (2) depressed patients tended to make
phone calls less frequently than euthymic patients; (3) fraction
of missed calls was higher in manic/mixed states and was
positively correlated to manic symptoms; (4) fraction of
outgoing calls was higher in manic states; (5) variability of
duration of calls was higher in manic/mixed states and positively
correlated to the severity of symptoms; and (6) the number and
length of sent text messages was higher in manic/mixed states
as compared to euthymic state and positively correlated to the
severity of manic symptoms. The self-reported mood scores
were significantly correlated with depressive and manic
symptoms (as measured with the HDRS and YMRS), but data
were insufficient to explain their relation to BD states.

Discussion
Principal Findings
To the best of our knowledge, this is one of the largest studies
investigating the relation between the BD phase assessed by
psychiatrists and the objective behavioral data collected via
smartphones. Reliable smartphone-based results were obtained
for 51 patients. This paper confirms and further extends the
findings presented by Faurholt-Jepsen et al [12] concerning
objective behavioral markers based on phone call statistics. Our
results confirm that the majority of phone call statistics are
significantly correlated with the clinically rated depressive and
manic symptoms (assessed using the HDRS and YMRS,
respectively) and are valid markers distinguishing between BD
https://www.jmir.org/2022/1/e28647
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phases (mania, depression, mixed state, euthymia). We observed
that depressed patients made phone calls less frequently than
euthymic patients; they also answered the phone less often, and
this behavior increased as the depressive symptoms intensified.
However, patients in the manic/mixed states used phones more
frequently than patients in the euthymic state, which was seen
in the higher fraction of outgoing calls and a higher number and
length of text messages. In general, these results are consistent
with those reported in a previous research. For example, in the
studies of Faurholt-Jepsen et al [8] and Muaremi et al [31], the
number and length of phone calls were correlated with the BD
phase and were found to be higher in mania and lower in
depression. However, the available studies are not entirely
homogeneous in terms of the given phone call parameter and
its direction of changes in the particular phase of BD
[8,12,31,36]. Patients present different behavioral patterns
depending on individual characteristics and preferences for
using a mobile phone. We suppose that this issue may at least
partly depend on the analyzed group of patients and intrapatient
variability. In our study, we also observed that patients in
manic/mixed states demonstrated various phone usage
patterns—from very long calls to very rare phone use. This was
especially reflected in the large standard deviation of the
duration of calls. To our knowledge, this variability has not
been investigated in detail in similar studies so far. This could
open up an interesting field for further research focused on
tailored solutions for the individual patient rather than on the
characteristics of BD itself. It seems that taking precautions in
considering call statistics as a single-phase marker or phase
change marker for all patients, in particular, in manic/mixed
state, would be reasonable. The behavioral parameters differ
between mood phases (depression, mania, mixed state) as
compared to euthymia. Depression and mania reflect various
manifestations of the illness, but not necessarily should be seen
as two poles of the same dimension [37]. Consequently,
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parameters characterizing depression and mania do not need to
have opposite signs but will rather be different from euthymic
state. In our study, this conclusion was also confirmed by the
observation of missed calls among patients with depression and
mania or mixed state. This parameter was significantly increased
in both affective states as compared to euthymia and was
positively correlated to the severity of depressive and manic
symptoms. This could indicate that both manifestations of the
disease, although of different affective tones, have a similar
effect on social interactions, and its size increases with the
severity of the illness symptoms. In depression, this could be
due to psychomotor retardation and social isolation, while in
manic/mixed states, this could be the effect of growing
distractibility and inattention. Therefore, we conjecture that the
key information might be conveyed by the general change in
behavioral patterns appropriate for a given patient in euthymia,
and not the direction of the change itself. The above conclusion
is also supported by an analysis comparing all pathological
affective states in BD to the euthymic state (Table 8), showing
a significant difference with the euthymic state. The correlation
of self-assessment data with the clinically rated depressive or
manic symptoms has been shown in the previous research
[8,38-41]. It is worth noting at this point that there are also apps
providing personalized psychoeducation programs or mobile
therapy combined with self-assessment tools, for instance, the
SIMPLe app [42]. The SIMPLe app showed efficacy in
improving sleep, social rhythms, and eating pattern [43].This
paper also revealed that in natural settings, patients’ adherence
declined over time. We observed that at the very beginning,
almost 90% of the patients filled data regularly, but after 3
months, only less than one-quarter of the patients systematically
continued the self-assessment. This adherence rate appeared to
be similar to that reported by Hidalgo-Mazzei et al [44] where
only 30% of the patients were using the app regularly after 6
months of the study. Nevertheless, it should be stressed that
adherence in completing self-rated questionnaires ranging from
42% to 95% was observed in previous studies [45]. We have
identified that most of the patients with low adherence in filling
self-assessment questionnaires were in the state of euthymia
during the initial psychiatric assessment. The other hypothesis
is that cognitive performance might play a certain role in filling
the assessments [46]; yet, the data collected in this study
provides little information on this topic. Further research might
take this potential variable into consideration. The long-term
collection of self-assessment data and their suitability for the
recognition and prediction of affective state seem to be
problematic. Similar conclusions were also drawn by
Faurholt-Jepsen et al [8]. The completeness of the
self-assessment data collected in this study was insufficient to
fully explain their relation to BD states. A strength of this study
is that most patients were assessed several times using a
longitudinal design for an average of ~7 months. The adopted
cutoff points on the depressive (HDRS) and manic (YMRS)
scales allowed us to capture changes in phone usage patterns
that
are
already
different
in
mild
depression/hypomania/mania/mixed states as compared to
euthymia. Patients with severe manic/mixed symptoms also
tended to provide more diversified patterns of behavior in the
same condition. This sheds new light on, so far little studied,
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the variability of behavior among patients with BD (measured
for example with the standard deviation) in given affective
states. Further research could concentrate on personalized apps,
adapting to a given patient, or the search for more generalizable
smartphone-based objective parameters, which will be
independent of the individual patterns of the phone usage and
behavior. Acoustic features of the human voice seem to be
promising candidates [47]. In the study of Faurholt-Jepsen et
al [11], voice data turned out to be a reliable objective phase
marker in BD. Moreover, speech features seem to be a promising
marker for the assessment of suicide risk in patients with
depression [48]. In our study, we also collected these data, but
owing to their extensive nature and the need for thorough
analysis, they will be presented in a separate paper. Relations
between data collected from smartphones and the depressive
and manic affective symptoms confirmed in this study
demonstrate promising potential for both early detection of
affective states and the prediction of phase changes. This is
commonly formulated as either classification or regression task
[49]. Recent papers [34,50] show that statistical and machine
learning approaches can be complemented by process
monitoring with control charts. These are easily understandable
visual tools that naturally address the temporal structure of data
and generate notifications about the change of BD phase.

Limitations
The initially planned sample size was 100 patients. The reason
for not meeting this goal was a slowdown in the trial in early
2018 due to technical issues (eg, monitoring of the daily
travelled distance based on satellite navigation data, disruption
of the normal usage of smartphone). However, it is worth noting
that the final sample size (N=51) is still one of the largest among
similar studies. The BDmon app was developed only for
Android as it was the dominating operating system in Poland
at the time of this study and we did not want to add additional
costs and technical complexity to the project. During the
enrolment into the study, only 3 out of 84 patients (4%) did not
have an Android smartphone and were offered a relevant device
for the study period. Therefore, we believe that the potential
autoselection of our sample arising from this issue was
negligible. The most controversial monitoring function for
patients was travelled distance computed using satellite
navigation—almost 90% of the patients refused to be monitored;
thus, these data were not eventually analyzed. Moreover, patients
in the manic state were likely to switch off the smartphone quite
frequently or uninstall the app, which created nonrandom
missing data. During this study, 3 patients experienced
worsening of the psychotic symptoms accompanying depressive
and manic episodes. Finally, since this study was exploratory,
no correction for multiple comparisons was applied.

Conclusions
This study brings strong evidence that smartphone-based
parameters reflecting behavioral activities are related to the
severity of depressive and manic symptoms and allow for
discriminating between affective states in BD, that is, depression
versus euthymia and manic/mixed states versus euthymia. These
parameters could be used to assess the severity of manic or
depressive symptoms in BD and assist in the early recognition
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of phase change, which can increase the patient’s chance of
early intervention between outpatient visits and hence improve
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the course of the disease and prognosis.
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Abstract
Background: Cardiovascular diseases are a major cause of death worldwide. Mobile health apps could help in preventing
cardiovascular diseases by improving modifiable risk factors such as eating habits, physical activity levels, and alcohol or tobacco
consumption.
Objective: The aim of this study was to design a mobile health app, Prevent Connect, and to assess its quality for (1) assessing
patient behavior for 4 cardiovascular risk factors (unhealthy eating, sedentary lifestyle, alcohol, and tobacco consumption) and
(2) suggesting personalized recommendations and mobile health interventions for risky behaviors.
Methods: The knowledge base of the app is based on French national recommendations for healthy eating, physical activity,
and limiting alcohol and tobacco consumption. It contains a list of patient behaviors and related personalized recommendations
and digital health interventions. The interface was designed according to usability principles. Its quality was assessed by a panel
of 52 users in a 5-step process: completion of the demographic form, visualization of a short presentation of the app, testing of
the app, completion of the user version of the Mobile App Rating Scale (uMARS), and an open group discussion.
Results: This app assesses patient behaviors through specific questionnaires about 4 risk factors (unhealthy eating, sedentary
lifestyle, alcohol, and tobacco consumption) and suggests personalized recommendations and digital health interventions for
improving behavior. The app was deemed to be of good quality, with a mean uMARS quality score of 4 on a 5-point Likert scale.
The functionality and information content of the app were particularly appreciated, with a mean uMARS score above 4. Almost
all the study participants appreciated the navigation system and found the app easy to use. More than three-quarters of the study
participants found the app content relevant, concise, and comprehensive. The aesthetics and the engagement of the app were also
appreciated (uMARS score, 3.7). Overall, 80% (42/52) of the study participants declared that the app helped them to become
aware of the importance of addressing health behavior, and 65% (34/52) said that the app helped motivate them to change lifestyle
habits.
Conclusions: The app assessed the risky behaviors of the patients and delivered personalized recommendations and digital
health interventions for multiple risk factors. The quality of the app was considered to be good, but the impact of the app on
behavior changes is yet to be demonstrated and will be assessed in further studies.
(J Med Internet Res 2022;24(1):e25384) doi:10.2196/25384
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Introduction

complete tasks, errors) [21] and must be considered to increase
the chance of the app being successfully adopted by patients.

Cardiovascular diseases (CVDs) are a major cause of death
worldwide [1] for which several causal risk factors have been
identified [2]. One of the keys to prevent CVD is reducing the
impact of modifiable risk factors such as unhealthy eating,
physical inactivity, alcohol consumption, and smoking [3-7].
This can be achieved by providing advice and encouraging
changes in patient behavior, particularly as concerns these risk
factors. Mobile health (mHealth) interventions [8-10] can be
useful for improving lifestyle behaviors relating to CVDs.
mHealth technology is defined as mobile devices such as mobile
phones, patient monitoring devices, personal digital assistants,
or other wireless devices intended to be worn, carried, or
accessed by patients or health care providers to monitor health
status or improve health outcomes [3,4].

Here, we designed an mHealth app, Prevent Connect, for (1)
assessing patient behaviors for 4 important risk factors
(unhealthy eating, sedentary lifestyle, alcohol, and tobacco
consumption) and (2) suggesting personalized recommendations
and mHealth interventions for risky behaviors. We aimed to
design an app with sufficiently high usability to favor its
adoption by patients. We describe the Prevent Connect app and
the evaluation of its quality and usability.

mHealth interventions may take various forms, including SMS
text messages, interactive voice responses, surveys, focus
groups, smartphone health apps, and solutions combining several
aspects of connected health. Many of these interventions have
been shown to have a significant impact on the management
and improvement of modifiable risk factors in CVD prevention
[5-7,11-14]. For example, many studies [14] have reported
promising results for mHealth interventions in the improvement
of patient outcomes such as body measurements (eg, weight,
waist circumference), metabolic and physiological
measurements (eg, blood pressure, glucose levels), adherence
to and safe use of medication, physical activity performance,
meal management, and awareness of health conditions and
treatment options.
Despite the emergence of mHealth and research into lifestyle
behavior changes, most of the interventions developed to date
target one single risk factor for CVD prevention. Positive effects
of mHealth interventions have been demonstrated for single
risk factors for CVD, for example, Text2Quit [15] for smoking
cessation, ASA24 [16] for recording food intake, and mDiet
[17] for weight loss and for alcohol intake [18]. Some studies
[14] have also examined the impact of mHealth interventions
on multiple risk factors, but these studies have reported only
limited success. These studies were limited by a lack of
personalization for either delivering recommendations or for
selecting the most appropriate form of intervention (SMS, email,
etc) as a function of patient profile. Furthermore, many of the
apps are at risk of becoming rapidly obsolete owing to the fast
pace at which technologies are progressing, and new
technological innovations must therefore be considered. For
example, the latest mobile technologies can connect and interact
with each other, update, and track personal health data in real
time, and send alerts to users. In addition, the number of users
with a modern smartphone has considerably increased in recent
years (from 35% in 2011 to 81% in 2019 [9]). Likewise, most
health apps have encountered serious usability problems [19]
or have not undergone usability assessment [20]. Usability
affects the efficiency and efficacy of the app (eg, time to
https://www.jmir.org/2022/1/e25384
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Methods
Design of Prevent Connect
Knowledge Base
The knowledge base of the mobile app was based on French
national recommendations for healthy eating, physical activity
levels, and limiting alcohol and tobacco consumption [22-25].
We analyzed these recommendations and extracted the necessary
variables for the assessments of each behavior (eg, for healthy
eating, we extracted 23 variables, each with 7 possible answers).
We then combined the variables and their responses to establish
a list of patient behaviors. For each patient behavior, we
calculated a qualitative score extending from “very good
behavior” to “very bad behavior” (based on guidelines). We
then associated personalized recommended actions with these
behavior scores (eg, “do the equivalent of 30 minutes of physical
activity per day”) and digital health interventions (eg, “activity
tracker for self-monitoring of daily activity”). The identified
patient behaviors and their associated qualitative scores for risky
behavior, personalized recommendations, and digital health
interventions were then implemented within the app.

Interface
The mobile app was ergonomically designed according to
usability principles [26,27], and the graphical interface was
implemented with Gluon mobile technology [28]. The
navigation system was based on a 3-step process: (1) assessment
of each risk factor with specific questionnaires, (2) automatic
assessment, by the app, of risky behavior, and visualization of
recommended and personalized actions, and (3) suggestions for
digital health interventions. The interface was designed
according to the following usability principles [26,27]:
simplicity, naturalness, and effective use of language by using
concise, appropriate, and understandable language; consistency,
minimizing cognitive load, and efficient interactions by dividing
the navigation into a 3-step process and adding a clear taskbar
and meaningful colors; and effective information presentation,
by limiting the amount of text and using comprehensible icons
(eg, a wineglass icon was used to represent alcohol
consumption). The consideration of usability principles in app
design can help reduce the user’s cognitive workload and
increase confidence in the app [29].
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Evaluation of Prevent Connect
General Study Design and Ethics Approval
We carried out an evaluation of the quality of the app by asking
patients identified as potential future users to test the app. We
organized 20 online sessions, each with 1-5 users. Each session
began with a demonstration of the app and then testing of the
app by the study participants. The opinions of the study
participants were then collected in an electronic form and
through an open discussion. The study protocol was validated
by the appropriate Inserm ethics committee (CD/EB 20-023,
20-660, IRB000388, IORG0003254, FWA0005831).

Recruitment
Study participants were recruited online via a dedicated website
and by word-of-mouth from April 15 to June 15, 2020. For
participation, subjects had to be older than 18 years and not
treated for CVD (eg, stroke, coronary artery disease). They also
had to sign an online consent form and agree to participate
without compensation.

Study Design and Statistical Analysis
The evaluation was performed online and lasted from 30 minutes
to 1 hour, depending on the session. It proceeded via 5
successive steps:
1.

2.
3.

4.

In step 1, study participants completed an online form to
provide sociodemographic information. Questions were
adapted so as to guarantee anonymity, and no personal
information was recorded (eg, participants were asked to
indicate their age group rather than an exact age to limit
the risks of reidentification).
In step 2, study participants watched a short demonstration
of the app.
In step 3, study participants used and tested the app on their
own. They first completed the questionnaires for behavior
assessment and visualized the recommendations delivered
by the app.
In step 4, study participants completed the user version of
the Mobile App Rating Scale (uMARS) evaluation form
online, together with 2 additional questions about
satisfaction and possible areas of improvement. The
uMARS form contains 26 items for assessing app quality
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5.

[30]: 5 items for app engagement, 4 items for app
functionality, 3 items for aesthetics, 4 items for app
information, 4 items for the subjective quality of the app,
and 6 items for the perceived impact of the app. The global
quality of the app was then assessed by calculating the mean
score for the uMARS items corresponding to the categories
engagement, functionality, aesthetics, and information,
according to the following formula [31]: mean score =
(engagement score + functionality score + aesthetics score
+ information score)/4, with a maximum mean score of 5.
In step 5, study participants were invited to discuss the app
freely in groups. They were allowed to give their opinions
freely and to discuss the app together.

For sociodemographic data and for each item of the uMARS
scale, we calculated the percentage of each response. For the
free discussion, data were analyzed, broken up, and combined
into similar themes. Each theme was mapped to one of the
categories of the uMARS scale (eg, engagement, functionality).

Results
The Prevent Connect App
Use of the app begins with the login interface (Figure 1). Once
the users have logged in, they visualize the home interface,
which includes several tabs (eg, welcome first time, behavior
questionnaire). During the first connection, patients are asked
a number of questions about themselves (eg, gender, age, family
history, social context) and behaviors concerning eating habits,
physical activity, and tobacco and alcohol consumption. Once
these forms have been completed, the app provides a recap of
the behavior assessment for each risk factor in the form of a
gauge with an arrow indicating the position of the user on a
color scale extending from green for “very good behavior” to
red for “very bad behavior” (graduated scale depending on the
qualitative score calculated for risky behavior). Personalized
and recommended actions regarding behavior changes are also
displayed at the bottom of the interface. Users then go on to the
next screen, which displays the personalized digital health
interventions that would be helpful in encouraging behavior
changes. A help icon is also provided to allow users to obtain
additional explanations or information on request.
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Figure 1. Illustration of the “Prevent Connect” app. On the first interface, users complete questionnaires to assess their behavior for each risk factor
(eg, in area A, the alcohol consumption questionnaire is shown). The app automatically identifies risky behaviors and the users can consult this result
and the recommended actions on the second interface (eg, in area B, the user is sedentary, and a personalized recommendation is displayed). On the
last interface, users can consult a list of targeted digital interventions that are personalized according to their risky behaviors (eg, in area C, an activity
tracker or a weighing scale is suggested because the patient is sedentary). Note: manger.bouger.fr is a well-known social network in France that provides
additional tips and advice regarding physical activities and healthy eating.

Evaluation of the Quality of the Prevent Connect App
Description of the Panel of Study Participants
In total, 52 individuals tested and evaluated the app: 28 women
and 24 men. The study participants were aged between 18 and
69 years and had diverse professional profiles. Most participants
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were familiar with digital devices and used a smartphone,
computer tablet, or laptop computer at least once per week. Half
of the participants declared that they had already used a
connected object, mostly with an app, but only 13% (7/52)
declared that they had already assessed their cardiovascular risk
in this way (Table 1).

J Med Internet Res 2022 | vol. 24 | iss. 1 | e25384 | p.650
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Agher et al

Table 1. Sociodemographic characteristics of the study participants (N=52).
Characteristics

Values, n (%)

Sex
Female

28 (54)

Male

24 (46)

Age (years)
18-24

8 (15)

25-34

23 (44)

35-49

16 (31)

50-69

5 (10)

Socioprofessional category
Student

11 (21)

Executive

24 (46)

Employee

2 (4)

Liberal profession

9 (17)

Unemployed

4 (8)

Retired

2 (4)

Use of smartphone, laptop computer, or computer tablet at least once per week
Smartphone only

4 (8)

Laptop computer only

2 (4)

Computer tablet only

0 (0)

Smartphone and laptop computer

29 (56)

Smartphone and computer tablet

2 (4)

Smartphone, computer tablet, and laptop computer

15 (29)

Use of connected objects (eg, activity tracker)
Yes, at least once per day

10 (19)

Yes, at least once per week

7 (13)

Yes, at least once per month

4 (8)

Yes, less than once per month

6 (12)

No use

25 (48)

Mode of connected object use
Exclusively with the help of a health professional

1 (2)

Exclusively with an app

23 (44)

By turning the Wi-Fi off

1 (2)

With a health professional and app

2 (4)

No use

25 (48)

Evaluation of cardiovascular risk (present or past)
Yes, less than once per month

7 (13)

No

45 (87)

Mode of cardiovascular risk evaluation
Health professional

3 (6)

Apps

2 (4)

Website

1 (2)

Score

1 (2)
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Characteristics
No item

App Quality
The mean total score for app quality was 4 on the uMARS scale
(maximum mean score of 5, Figure 2).
For engagement, the mean uMARS score was 3.7 (SD 0.7).
More than three-quarters of the study participants found the app
interesting and appropriate for the target audience, and more
than half found it fun and entertaining (Table 2, comment 1).
One study participant said that the app was appropriate and
accessible to everyone, including older adults who were less
used to apps (Table 2, comment 2). However, fewer than half
of the study participants found the app sufficiently interactive
and customizable. Some study participants suggested making
the app more interactive by adding a chatbot and the possibility

Agher et al
Values, n (%)
45 (86)

of speaking to an expert, together with additional reminders and
alerts concerning the recommended behavior changes. A few
study participants also suggested delivering a daily preventive
message to help educate users (Table 2, comment 3).
For functionality, the mean uMARS score was 4.4 (SD 0.6).
Almost all the study participants appreciated the navigation
system and found the app easy to use. More than 80% of the
participants also appreciated the performance and design of the
app (Table 2, comment 4). Study participants said that they
found the app intuitive and very easy to use, although 1 person
suggested adding a tutorial (Table 2, comment 5). None of the
study participants declared having experienced technical
problems during the evaluation.

Figure 2. Distribution of users’ responses to the user version of the Mobile App Rating Scale (N=52, except for the item “credibility of source,” for
which only 51 answers were available, and for the item “visual information,” for which only 48 answers were available).
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Table 2. Examples of feedback from study participants.
Section, subsection

Extract of comments

Engagement
Entertainment and interest

…The mobile app is fun and enables us to assess our behaviors. [Comment 1]

Customization and interactivity

…The app could be more interactive and customizable with a chatbot, the possibility to talk with an expert,
but also with reminders and alerts about the recommended behavior changes. [Comment 2]

Target group

…The app is appropriate and accessible to everybody, even for older adults less accustomed to apps.
[Comment 3]

Functionality
Performance

…I didn't have any technical problems when I used the app. [Comment 4]

Ease of use and navigation

…Very practical and easy to use. The app can be used to make a quick assessment, but also encourages
behavior changes, such as doing more sport or adapting food quantity. [Comment 5]

Aesthetics
Layout

…The aesthetics could be improved by adding 3D pictures, video animations, summaries, pictograms (eg,
arrows), and emojis. [Comment 6]

Graphics, visual

…Colors and graphics are consistent with a health app. Even if the blue color is currently used for health
apps, I would prefer green. [Comment 7]

Information
Quality and quantity

…The app content is of good quality (…). The content is right relevant, concise, interesting, clear and detailed. [Comment 8]

Visual

…Regarding app content, you could add shocking images and information like those displayed on cigarette
packets or during the campaign for preventing traffic accidents. [Comment 9]

Credibility of source

…This app inspires more confidence than apps available on app stores. [Comment 10]

Subjective
Quality

…Yes, this is a good app. I would give it a score of 4 out of 5, and I will use it to check my results and to
see if I have achieved the target behaviors. [Comment 11]

Perceived impact
Awareness and knowledge

…This is a very good app for becoming aware of your own behavior and changing your lifestyle, and thus
for preventing health problems. [Comment 12]

Seeking help and behavioral
changes

…Used alone no, but associated with follow-up by a health professional, why not? [Comment 13]

For aesthetics, the mean uMARS score was 3.7 (SD 0.6). More
than three-quarters of the study participants found the layout
appropriate. However, less than half felt that the graphics were
of sufficiently high quality and visually appealing. Some study
participants found the design and colors appropriate for a health
app, whereas others felt that the colors were insufficiently
attractive (Table 2, comment 7). Some study participants
suggested improving the aesthetics of the app by adding more
3D pictures, video animations, summaries, pictograms, (eg,
arrows), and emojis (Table 2, comment 6).

on app stores (Table 2, comment 10). Some study participants
suggested improving the questionnaires used to assess
cardiovascular risk by adding more accurate questions about
family history, tobacco and alcohol use, and physical activities,
for example, or by adding questions about drugs and making
the eating habit forms easier to complete. Other study
participants suggested adding more information about dairy
products, sports activities, and recipes. One study participant
suggested adding explanations about the workings of the human
body and physiology (eg, heart physiology).

For information, the mean uMARS score was 4.2 (SD 0.5).
More than three-quarters of the study participants found the app
content appropriate, relevant, concise, and comprehensive (Table
2, comment 8). Study participants said they found the content
interesting, clear, and detailed. Almost all the study participants
also appreciated the visual elements used to display information
and had confidence in the credibility of the source used to build
the app content (Table 2, comment 9). One study participant
said that this app inspired more confidence than those available

For subjective opinion about app quality, 92% (48/52) of the
study participants said they would recommend the app to several
people, 56% (29/52) of the study participants also declared that
they would use the app more than 3-10 times in the next 12
months, and 59% (31/52) said that they would not be willing
to pay for it. Finally, 88% (46/52) of the participants gave more
than 3 stars for the app when asked to rate it (Table 2, comment
11) (Figure 3).
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Figure 3. Distribution of users’ responses to the user version of the Mobile App Rating Scale for subjective quality (N=52).

Perceived Impact, Global Satisfaction, and Areas of
Improvement
For perceived impact (Figure 4), 80% (42/52) of the study
participants declared that the app had made them more aware
of the importance of addressing health behavior, and 77%
(40/52) said that it had helped to improve their awareness of
their behavior. Some study participants explained that the
automatic assessment of behaviors had improved their
understanding of their lifestyles and attitudes. One study
participant also said that this awareness could encourage changes

in behavior to prevent health disorders (Table 2, comment 12).
Overall, 67% (35/52) of the participants said that the app had
changed their attitudes toward improving health behavior, and
65% (34/52) said that they were more motivated to change their
habits by playing more sports or eating more healthily, for
example. One study participant said that the app could help him
to achieve his personal goals in terms of behavior changes.
Furthermore, 61% (32/52) of the participants thought that the
app would lead to improvements in health behavior, and 73%
(38/52) thought that the app would encourage people to seek
further help if required (Table 2, comment 13).

Figure 4. Distribution of users’ responses to the user version of the Mobile App Rating Scale for perceived impact (N=52).

For global satisfaction, 55% (29/52) of the study participants
were fully satisfied with the app, and only 12% (6/52) were not.
The others were neutral. Almost all the study participants found
that the recommendations delivered were clear.

participant also suggested adding a virtual avatar to assess
progress in behavioral changes over time.

For areas of improvement, some study participants suggested
extending the app to cardiovascular follow-up. They suggested
adding new functionalities for tracing behavioral changes such
as functions for recording meals or an activity tracker for
recording physical activity. They also suggested displaying the
data collected through their other connected objects (eg, sleep
data collected with connected watch) within the app. One

Principal Results
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Discussion
We designed Prevent Connect, an app based on national
recommendations, to encourage behavioral change for CVD
prevention. This app assesses 4 risk factors (unhealthy eating,
sedentary lifestyle, alcohol, and tobacco consumption) and
delivers personalized recommendations and digital health
interventions to encourage changes in behavior. The quality
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and usability of the app were assessed by 52 potential future
users. They considered the app to be of good quality, with a
mean uMARS quality score of 4 on a 5-point Likert scale. The
functionality and information content of the app were
particularly well appreciated, with uMARS scores above 4. The
aesthetics and the engagement of the app were also appreciated
(uMARS score 3.7), but further improvements are required.

Strengths and Limitations
This study has several strengths. First, the app is not limited to
a single risk factor, but instead covers multiple risk factors. It
also delivers recommendations and digital health interventions
personalized according to the profile of the patient. Furthermore,
the app is available for use on mobile phones, which should
facilitate its adoption by patients [32,33]. Second, we considered
usability principles [26,27] such as simplicity, naturalness,
effective use of language, consistency, minimizing cognitive
load, efficient interactions, and effective information
presentation to improve the design of the app. It has been shown
that the consideration of usability principles can considerably
reduce user cognitive workload and increase confidence in
technology [29], thereby increasing the likelihood of successful
adoption of the app [34,35]. Third, we assessed the quality and
usability of the app with a diverse panel of 52 potential users.
We used the uMARS scale, which has been validated [31] for
the assessment of various aspects of quality (engagement,
functionality, aesthetics, and information), and we organized a
free discussion with participants. The assessment of both quality
and usability is a crucial step in the software lifecycle. Most
health apps encounter serious usability problems [19], which
may have a negative impact on app efficiency and efficacy (eg,
time to complete the tasks, content errors) [21], thereby
decreasing the likelihood of app adoption. Usability testing can
identify any serious issues early in app development, making
it possible to improve the app.
Our study also has several weaknesses. It focuses on primary
rather than secondary prevention as it is vital to trigger
behavioral changes early before the disease appears to prevent
CVD [36]. However, we plan, in the future, to extend the scope
of the app to secondary prevention. Another limitation is that
we assessed only the quality of the app—not its impact on
changes in behavior. Changing behavior is a complex process
[37], and even if this app makes patients more aware of their
risky behaviors and improves their understanding of healthy
behavior, we cannot guarantee that this will be sufficient to
have a positive impact on behavior. We plan to set up a
randomized controlled trial to assess the impact of this app on
changes in behavior and CVD prevention.

Comparison With Other Studies
We propose here interventions for changing behavior at the
individual level. Other interventions such as mass media
campaigns have been proposed to induce changes in behavior
at the population level [38]. They have the advantage of reaching
a larger population through the dissemination of prevention
messages via the mass media such as television, radio, or
newspapers [38]. They also have the potential to produce
positive behavior changes and to prevent negative changes [38].
However, they are not personalized to individuals and usually
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expose the population to the negative consequences of risky
behavior, such as the arterial damage caused by smoking
(Australian campaign “Every Cigarette is Doing You Damage”
[39]). Traditional interventions are designed to evoke fear [32],
but it is also important to deliver more positive messages [40].
By doing this, our app may help individuals to change their
behavior with greater motivation and enthusiasm, favoring the
persistence of behavioral changes over time [41]. Various apps
have been developed for cardiovascular prevention at the
individual level. However, these apps have several limitations.
First, most are limited to a single risk factor. For example,
Text2Quit [15] is an interactive mHealth program that sends
text messages to offer advice, support, and reminders about
quitting smoking, and ASA24 [16] is an automated
self-administered recall system for collecting information about
food intake. Our app has the advantage of covering multiple
risk factors (unhealthy eating habits, sedentary lifestyle, alcohol,
and tobacco consumption). Second, most of these apps lack
personalization, particularly for the recommendation of digital
health interventions (SMS, email, use of connected weighing
scales, etc). Personalization is important for ensuring the
successful adoption of the recommendations delivered [40]. For
example, it has been shown [42] that SMS-based interventions
should not be recommended to individuals not familiar with the
use of such messages. Costly digital health interventions should
not be recommended to patients with financial difficulty, and
mobile interactive voice responses should not be recommended
if the subject is deaf or unable to respond to questions via a
touch-tone phone [42]. Our app has the advantage of delivering
free personalized digital health interventions adapted to patient
profiles, as defined in the French national health
recommendations. In the future, we plan to increase the degree
of personalization by considering additional conditions with a
potential impact on patient adherence to recommendations (eg,
living conditions such as work or family constraints). The
consideration of such conditions will require the development
of new guidelines, with the help of a multidisciplinary group
of experts.

Areas for Improvement
In the future, we aim to incorporate new functionalities,
suggested by the participants, into the app. First, some study
participants suggested adding functions for tracing behavioral
changes. These changes could be monitored with connected
objects such as t-shirts, bracelet watches, and smart socks [43].
Connected objects are increasingly being used by individuals
for the instantaneous tracking of physiological activities such
as physical activity, sleeping, or healthy eating [44]. Such
monitoring could be very useful for patient follow-up and for
adapting recommendations over time. Furthermore, the tracking
achieved with these connected objects can be very effective for
encouraging people to change their behavior [45,46]. For these
reasons, we plan to connect our app to such tracking devices.
Second, some study participants suggested delivering daily
messages to support behavioral changes, whereas others
suggested adding the possibility to talk with an expert or coach.
Alternatively, a conversational agent (or chatbot), a computer
program designed to simulate human text or verbal
conversations [47,48], could be added. Chatbots have already
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been used as an alternative to face-to-face counseling for
assisting clinicians, supporting patients trying to change their
behavior and for monitoring health conditions [49]. A recent
literature review [50] showed that interventions including
conversational agents for coaching people in a healthy lifestyle
could be more engaging, although data concerning their efficacy
remain inconclusive. We will incorporate a conversational agent
into our app in the future to increase the chances of behavioral
changes being successfully adopted over time.

Agher et al

Conclusions
We developed Prevent Connect, an app based on national
recommendations, to encourage behavioral changes for the
prevention of CVDs. The app allows users to self-assess the 4
most important risk factors (unhealthy eating habits, sedentary
lifestyle, alcohol, and tobacco consumption) and delivers
personalized recommendations and digital health interventions
to help individuals improve their behavior. The app was
considered to be of good quality by a panel of potential future
users, but further improvements are required. The impact of the
app on behavioral changes remains to be demonstrated and will
be assessed in future studies.
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Abstract
Background: Atopic dermatitis (AD) is a chronic, pruritic, inflammatory disease that occurs most frequently in children but
also affects many adults. Social media have become key tools for finding and disseminating medical information.
Objective: The aims of this study were to identify the main themes of discussion, the difficulties encountered by patients with
respect to AD, the impact of the pathology on quality of life (QoL; physical, psychological, social, or financial), and to study the
perception of patients regarding their treatment.
Methods: A retrospective study was carried out by collecting social media posts in French language written by internet users
mentioning their experience with AD, their QoL, and their treatments. Messages related to AD discomfort posted between July
1, 2010, and October 23, 2020, were extracted from French-speaking publicly available online forums. Automatic and manual
extractions were implemented to create a general corpus and 2 subcorpuses depending on the level of control of the disease.
Results: A total of 33,115 messages associated with AD were included in the analysis corpus after extraction and cleaning.
These messages were posted by 15,857 separate web users, most of them being women younger than 40 years. Tips to manage
AD and everyday hygiene/treatments were among the most discussed topics for controlled AD subcorpus, while baby-related
topics and therapeutic failure were among the most discussed topics for insufficiently controlled AD subcorpus. QoL was discussed
in both subcorpuses with a higher proportion in the controlled AD subcorpus. Treatments and their perception were also discussed
by web users.
Conclusions: More than just emotional or peer support, patients with AD turn to online forums to discuss their health. Our
findings show the need for an intersection between social media and health care and the importance of developing new approaches
such as the Atopic Dermatitis Control Tool, which is a patient-related disease severity assessment tool focused on patients with
AD.
(J Med Internet Res 2022;24(1):e31140) doi:10.2196/31140
KEYWORDS
atopic dermatitis; Atopic Dermatitis Control Tool; health-related quality of life; social media use; real world; dermatology; skin
disease; social media; online health information; online health; health care
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Introduction
Atopic dermatitis (AD) is a chronic, pruritic, inflammatory skin
disease that occurs most frequently in children but that can also
affect adults. The course of the disease is relapsing, and it is
frequently associated with elevated levels of serum
immunoglobulin E, individual or family history of food allergies,
allergic rhinitis, and asthma [1-3]. According to the World
Health Organization Global Burden of Diseases initiative’s data,
AD ranks 15th among all nonfatal disabilities worldwide and
has the highest disease burden among skin diseases as measured
by disability-adjusted life-years [4]. Childhood-onset AD begins
early in life, with 50% diagnosed in the first year of life and
85% by 5 years of age [1,5]. However, AD can present at any
age, with adult onset reported by 26% of patients with AD [6].
Although AD often resolves during childhood, it persists through
adulthood in 20%-50% of patients [7,8].
AD is associated with substantial morbidity and quality of life
(QoL) impairment. There are several comorbid health problems
that occur in patients with AD, aside from the cutaneous signs
and symptoms. Chronic pruritus and inflammation can lead to
sleep disturbances and mental health symptoms, which are not
mutually exclusive. AD may also predispose to a higher risk of
other atopic disorders, including asthma and allergic rhinitis
[9]. Persons with AD appear to be at higher risk for multiple
neuropsychiatric disorders, including depression, anxiety,
attention-deficit hyperactivity disorder, speech disorders in
childhood, headaches, and seizures [10]. There is also a
multifactorial association of AD with osteoporosis, bone and
joint injuries, infections, and fractures [11-14].
Clinical presentation and severity of AD vary widely, and
diagnosis is not always straightforward, especially in adults
[15]. Treatment of AD follows a multifaceted, stepwise approach
that is tailored according to disease severity [1]. For all patients,
basic management and flare prevention consist of good skin
care practices (daily showers or baths) followed immediately
by the application of emollients and moisturizers, with avoidance
of triggers such as irritants; aero or food allergens; and extremes
of heat, cold, or humidity [9]. In mild AD, treatment involves,
as needed, use of low- to mid-potency topical corticosteroids
or topical calcineurin inhibitors during flares. Patients with
frequent flares may benefit from proactive application of topical
anti-inflammatory therapies twice a week to the most
troublesome areas. Patients with severe disease often present
significant treatment challenges. Systemic therapies are usually
required for severe AD but have varying degrees of success and
can be associated with side effect profiles that require counseling
and close monitoring. Phototherapy has been shown to have
success in treating moderate-to-severe AD, but several factors
can limit its utility and efficacy including cost and access. New
therapies are targeting specific pathways relevant for AD and
many others are in development. An array of topical, oral, and
injectable therapies targeting specific disease pathways in AD
are in development for pediatric and adult populations [16].
Dupilumab (Dupixent) is the current first-line systemic agent
for adults and children with moderate-to-severe,
treatment-resistant AD. It is the only biologic treatment
approved from 6 years of age. There are several emerging
https://www.jmir.org/2022/1/e31140
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therapies currently in Phase III clinical trials such as JAK1 and
JAK2 inhibitors or other biologic treatments (monoclonal
antibodies or NK-1R antagonists) [16,17].
Social media is one of the most rapid and impactful ways of
obtaining and delivering information in the modern era. In
general, social media refers to forms of electronic
communication (such as websites for social networking and
microblogging) through which users create online communities
to share information, opinions, personal messages, photos,
videos, and other contents within internet applications [18].
Social media provides a readily accessible means to promote
user-generated content, broaden interpersonal connections, and
encourage social collaboration.
Social media has gained unprecedented worldwide popularity
over the last 2 decades. It is estimated that there are currently
over 2.3 billion active social media users internationally and
this number is growing by approximately 1 million new users
every day [19]. Unsurprisingly, therefore, the use of social media
to find, exchange, and discuss health information is growing at
an unprecedented rate. Anyone with access to the internet can
post or read information on a (social media) site. This means
that it is directly accessible to patients, their family and friends,
and all health care providers. They provide access to active
communities of health care professionals and fellow patients,
with whom they can share information and their experiences,
raise awareness of their concerns, learn about their conditions
and health care opportunities, and find support [18].
Artificial intelligence (AI) tools are strongly related to data
mining and AI is nowadays ranked among the top-10 technology
[20]. Despite their limitations, AI tools and techniques that are
still in their infancy already offer substantial benefits in
providing in-depth knowledge on individuals’ health and
predicting population health risks, and their use for medicine
and public health is likely to increase substantially in the near
future [21].
The purpose of this retrospective study was to better understand
how patients suffering from AD perceive their QoL and their
treatments, based on the assessment of web-based social media
posts, which we considered as a real-life source of health
information. In this study, we aimed to (1) identify the main
themes for discussion; (2) identify the difficulties encountered
by patients with respect to AD and the impact of the disease on
QoL (physical, psychological, social, or financial); and (3) study
the perception of patients regarding their treatment.

Methods
Study Design and Population
This was a noninterventional retrospective study using a text
mining approach to retrieve information from social media posts
(data available in the public domain) written by French language
internet users between July 1, 2010, and October 23, 2020
(Figure 1). The study was conducted in 2 phases: data collection
using the published Detec’t web crawler [22,23] developed by
Kap Code to collect AD-related posts, and a
quantitative/qualitative analysis to identify trends and
characterize key themes discussed by French-speaking users.
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Figure 1. Study framework. AD: atopic dermatitis.

Data Extraction

with extraction words not specific to AD. If one of these words
was found in the post, then the message was kept in the corpus.

A web crawler is an engine that browses through hyperlinks
and stores them for future download of associated web pages
(identified by the visited hyperlinks) [24]. Scraping of messages
was performed according to the HTML structure of each forum.
All discussions containing at least one of the keywords or one
of their synonyms were automatically retrieved with all the
associated metadata, deidentified, and cleaned (signature and
quote withdrawal) before being stored in a study-specific
database. A list of the keywords used for message retrieval is
detailed in Multimedia Appendix 1 and a list of secondary filters
on nonspecific extraction words is detailed in Multimedia
Appendix 2. These terms were searched in extracted messages

The analysis corpus consisted of the corpus cleaned after the
removal of messages containing predetermined keywords written
in a language other than French, posts containing animal-related
vocabulary, and messages containing at least one of the
study-specific inclusion words listed in Multimedia Appendix
2. The analysis corpus was then divided into 2 subcorpuses: 1
subcorpus for controlled AD and 1 subcorpus for insufficiently
controlled AD (Figure 2). The lexical fields of both subcorpuses
were realized based on the Atopic Dermatitis Control Tool
(ADCT) questionnaire and completed with real expressions of
internet users [22].

Figure 2. Flowchart presenting the steps for creating analysis corpus and the 2 subcorpuses. AD: atopic dermatitis.
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Data Analysis

Drug Intake

Age and Gender

To identify drug intake by the author of the message, the first
step consisted of identifying the treatments cited in the 2
subcorpuses of messages. These were detected from the Detec’t
database, which contains around 2500 molecules and drugs.
After that, a prediction was made the simultaneous presence of
the drug name and its associated adverse reaction in the same
message (ie, a product–message couple). The model bases its
prediction on regular forms expressing the intake of a treatment
and their distance to the drug mention. Expressions were scored
according to their probability of implying a treatment intake.

Web users’ gender was determined through the identification
of regular expressions for each gender. First names and
gender-associated suffix and prefix were first searched in the
username. Then, the content of all available messages was
screened for gender-specific lexical fields and gender
agreements of adjectives and verbs. In the end, a score was
computed for each gender and a prediction for the user was
obtained by comparing them.
Ages of web users were identified by a twofold method. First,
regular expressions of age were identified in the entire user post.
If no expressions were found, then a machine learning model
predicted the age based on several features. Among them, the
model considered syntactic aspects of posts as well as expressed
feeling and the source on which the users express themselves.

Topic Model
A topic model was applied to identify the themes addressed in
the messages. Topic models consist of a text mining approach
aiming to automatically identify the abstract themes addressed
in a collection of documents. Such models are based on the
hypothesis that each document in the corpus corresponds to a
distribution of several topics. A Biterm Topic Model (BTM)
was used to identify the topics without prior knowledge. A topic
is defined as a subject of discussion, which amounts to tokens
that frequently appear together in a corpus. The BTM considers
the whole corpus as a mixture of topics, where each co-occurring
pair of tokens (the biterm) is drawn from a specific topic
independently and modeled topics are probability distributions
over the biterms.
As topics are probability distributions over tokens of the study
corpus, they can be characterized by the highest per-topic
probability tokens. Weighting these probabilities through
term-frequency inverse document frequency (TF-IDF) weighting
allows to allocate a higher importance to topic-specific tokens.
In this case, the per-topic probability of a token was weighted
by the inverse of the probabilities of this token in other topics.
For each topic, tokens were ranked from the highest to the
lowest weighted probabilities TF-IDF value in this topic. The
first 15 tokens were designated as the set of characteristic tokens
and used to manually name the topic. A topic model was applied
to each of the subcorpuses.

Health-Related Quality of Life
A health-related quality of life (HRQoL) algorithm was applied
to identify and qualify expressed impact of the disease or
treatments on the QoL of a patient. Types of impact were
defined according to HRQoL survey categories. The algorithm
was twofold: it indicates if an impact is expressed and, thanks
to 5 specific models, it indicates the nature of the impact:
physical, psychic, activity-related, relational, or financial.
Features involved in the model describe expressed emotions,
grammar, conjugation, and lexical fields of HRQoL-related
features. The HRQoL algorithm was applied to each of the
subcorpuses.
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Feeling Analysis
In both subcorpuses, the content of the drug intake messages
was analyzed (sentiment analysis) using Microsoft Azure
Cognitive Services. Sentiment analysis is part of text analytics
and can detect the level of positive or negative sentiment of
input text using a confidence score across a variety of languages.
This machine learning algorithm assigns a sentiment score to
each sentence of a message, and then calculates the overall score
to assign the message to a category (positive, negative, mixed,
or neutral).
The sentiment analysis algorithm was applied to each of the
drug intake messages’ subcorpuses. For drugs with few
identified intakes, sentiment analysis was applied to treatment
citation instead of treatment intake: this was the case for
Dupixent for example.
The qualitative content of the positive and negative feelings in
the messages was characterized by a manual identification with
a review of posts detected with a treatment taken by the web
users. The percentage of messages was calculated according to
the total number of messages identified with terms related to
treatments taken.

Results
Description of the Population and Posts
Overview
After cleaning and formatting, the analysis corpus contained a
total of 33,115 messages corresponding to 15,857 different web
users, with a median of 2.1 posts per patient (SD 9.55) (Figure
3). The controlled AD subcorpus contained 9454 posts
corresponding to 4875 web users and the insufficiently
controlledAD subcorpus contained about twice as many
messages and web users with 17,384 posts from 9292 web users
who published fewer messages than the other subcorpus (median
of 1.87 posts per patient versus 1.94).
For both subgroups, extracted data mostly came from Baby
Center [25] with 889/9454 (9.40%) posts for the controlled AD
subcorpus and 2475/17,384 (14.24%) posts for the insufficiently
controlled AD subcorpus (Table 1). The most frequently
identified keyword was “Eczema” (7717/9454 posts for the
controlled AD subcorpus and 13,039/17,384 posts for the
insufficiently controlled AD subcorpus) followed by “Dermatite”
(1146/9454 posts for the controlled AD subcorpus and
2386/17,384 posts for the insufficiently controlled AD
subcorpus).
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Figure 3. Methodology. AD: atopic dermatitis.

Table 1. Top 10 sites.
Controlled ADa

a

Insufficiently controlled AD

Forums

Posts, n

Forums

Posts, n

Baby Center

889

Baby Center

2475

Aufeminin

307

Twitter

2431

L’Appart’ des Spasmos

230

L’Appart’ des Spasmos

1288

Amazon

220

Aufeminin

893

Mamandco

206

Mamandco

385

Twitter

128

Boursorama

282

e-Sante

109

Amazon

228

Forum Melodie

88

Mjeuxvideo

197

Club Beaute Addict

61

Forum manucure

126

Journal des Femmes

38

BourseReflex

121

AD: atopic dermatitis.

We observed fluctuations in the evolution of the volume of
messages between July 2010 and October 2020 (Figure 4) due
to either seasonality or publications of scientific results related
to AD. An apparent recurrent increase in the number of
messages was observed from November to July that could be
related to the increase in dust mites’ allergies in winter and the
discomfort associated with sweating in summer [26,27]. From
February to December 2015 there was a significant increase in
the number of posts, which seems to be related to the publication
of different scientific articles especially concerning the results
of tofacitinib citrate, an oral Janus kinase inhibitor. Another
increase in messages was also seen in 2018 that can be
associated with the availability of Dupixent (dupilumab) in
hospitals.

(945/4869) appeared with undetermined gender (Figure 5). This
was consistent with the results of many studies that point out
that women express more personal issues in social networks
[28,29]. In the present case, the topic of the disease was much
discussed by mothers of children with AD who tended to focus
on the appearance of their child’s skin.
As shown in Figure 6, patients with AD are increasingly active
online and use social media to participate, share their concerns,
and express themselves freely regarding their disease. This trend
was comparable to that of patients with psoriasis, even if the
number of messages was lower for AD that was not sufficiently
prioritized. By contrast, the comparison with the cancer disease
area (1% of the messages) clearly highlighted the lack of specific
forums or associations for AD compared with the cancer field.

In both subcorpuses, most users were women (3486/4869,
71.60%) with an average age of about 38 years and 19.41%
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Figure 4. Fluctuations in the evolution of the volume of messages between July 2010 and October 2020. AD: atopic dermatitis.

Figure 5. Age and gender distribution among (A) controlled AD subcorpus and (B) insufficiently controlled subcorpus. AD: atopic dermatitis.
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Figure 6. Trend over time of the number of posts concerning atopic dermatitis compared with other diseases such as cancer and psoriasis.

Discussion Themes and Topics
Basically, the topics around AD were roughly the same between
the 2 subcorpuses and the observed differences were due to the
stage of the disease. Patients in the controlled AD subcorpus
had more perspective and experience, whereas patients in the
insufficiently controlled AD subcorpus lacked experience and
were looking for information. As shown in Figure 7, the largest
category of topics was related to “the exchange of tips to relieve
eczema” (2864/6339, 45.18%), followed closely by “hygiene
and care adapted with the disease” (1535/6339, 24.22%) for the
controlled AD subcorpus. For the insufficiently controlled AD
subcorpus, 42.19% (6351/15,055) of the discussions were about
“eczema in babies and children” with most messages related to
discussions between parents who are concerned about their
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child’s eczema and who ask questions to other web users. The
second most discussed topic, with 14.93% (2247/15,055) of
messages in the insufficiently controlled AD subcorpus, was the
therapeutic failure experienced by web users. Their concerns
reflected the poor knowledge of their disease and treatments.
They expressed their frustration and lack of satisfaction about
the treatments and solutions they have tested to reduce their
symptoms. In the controlled AD subcorpus, by contrast, web
users exchange information about natural remedies and
alternative medicines to treat their AD. They expressed their
satisfaction with the use of essential oils, food supplements,
and other nonmedicinal methods and the effectiveness of these
solutions. They used social networks to provide advice based
on their own experience.
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Figure 7. Distribution of posts by overall topic category. AD: atopic dermatitis.

Quality of Life
The QoL is an important tool for evaluating the effect of a
disease as well as effects of treatment interventions. In this
study, the impact of AD on the QoL of individuals was assessed
by monitoring physical well-being, social well-being, material
well-being, emotional well-being, and development/activity.
The impact of the disease on QoL was discussed by 70.32%
(3428/4875) of patients in the controlled AD subcorpus (Figure
8A) and 49.05% (4558/9292) in the insufficiently controlled
AD subcorpus (Figure 8B). This lower proportion can be
explained by the heavy burden that AD places on patients with
insufficiently controlled AD, particularly those who search for
a solution to improve their health rather than their QoL.
Furthermore, this trend can be related to the lack of awareness
about their disease compared with patients from the controlled
AD subcorpus, who have more knowledge about AD and
therefore speak about their lived experience.
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Patients in both subcorpuses seem to report the same impacts
in their messages, but with a time lag that corresponds to the
evolution of the knowledge of their disease.
Social functioning is affected by AD and is the first self-reported
burden in both subcorpuses. Social isolation can be seen in
young children with AD because adults and other children avoid
interacting with them. The main effect of AD on the lives of
adult patients stems from embarrassment and not wanting to be
seen in public. Furthermore, some web users reported that they
have been teased or bullied because of their AD. This trend was
also reported by the International Study on Life with Atopic
Eczema (ISOLATE) that found major impacts of AD on
self-esteem [30].
The impacts that follows are the emotional impact (behavioral
problems, irritability, crying, problems with treatments), the
impact on activities (interference with activities such as bathing,
swimming, and playing; clothing restrictions; decreased
productivity at work; absenteeism), the impact on physical
health (including itching, scratching, pain), and the economic
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impact (over-the-counter pharmacy costs among others).
Independent of the corpus, there were on average 3 different

Voillot et al
impacts per message, which show the importance of this disease
in everyday life.

Figure 8. (A) Impact of the disease on controlled AD subcorpus. (B) Impact of the disease on insufficiently controlled AD subcorpus. AD: atopic
dermatitis.

Treatments
AD treatment is targeted at both the disease and its symptoms.
Among the 9454 messages retrieved from users in the controlled
AD subcorpus, 1229 concerned discussions on the different
treatments taken by the patients (ie, 13%). A focus was made
on the top 10 and it appeared that web users in the controlled
AD subcorpus were mainly focused on cortisone/corticosteroids
and anti-inflammatory therapy. In addition, patients were
prescribed antihistamines to decrease the itch–scratch cycle and
antibiotics if the skin becomes superinfected (Table 2, data
pertaining to “Controlled AD subcorpus”). Among the 17,384
messages retrieved from users in the insufficiently controlled
AD subcorpus, 1677 concerned discussions on the different
treatments taken by the patients (ie, 9.65%). Topically applied
corticosteroids and emollients, moisturizers, and bath additives
were the mainstay of therapy used by web users in the
insufficiently controlled AD subcorpus followed by
anti-inflammatory therapy to control pruritus and antihistamines
as a therapeutic adjunct to alleviate it. In this subcorpus,
treatments for acute phases such as topical corticosteroids, for
example (Diprosone), were also discussed by patients from the
insufficiently controlled AD subcorpus (Table 2, data pertaining
to “Insufficiently controlled AD subcorpus”).
Then, the perception of treatments was found in 63.30% of the
messages related to treatments taken by users in the controlled
AD subcorpus (778/1229 messages) and in 72.09% of the
messages dealing with treatments taken by users in the
insufficiently controlled AD subcorpus (1209/1677 messages).
In both subcorpuses, the most expressed treatment perception
was cortisone.
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Mixed perception was found in 57% (47/83) of the controlled
AD and 66% (114/173) of the insufficiently controlled AD with
some concerns on the risks/side effects of cortisone emphasized
by its efficacy. The perception was mostly negative (21/83,
25%) for controlled AD and 23% (39/173) for insufficiently
controlled AD subcorpuses and positive in only 8% (7/83) of
web users in the controlled AD and in 7% (12/173) of web users
in the insufficiently controlled AD (Figure 9) subcorpuses. It is
to note that in the lower panel, Dupixent is not a medication
taken by patients with insufficiently controlled AD but only
cited in their messages on which an analysis of perception was
applied.
Concerning cortisone, the controlled AD subcorpus and the
insufficiently controlled AD subcorpus expressed safety concerns
associated with their long-term use with negative feelings and
beliefs (25% [21/83] and 23% [39/173] of the messages,
respectively), whereas 8% (7/83) of users in the controlled AD
subcorpus and 7% (12/173) of those in the insufficiently
controlled AD subcorpus felt a positive perception following
the effectiveness they had experienced. Positive and negative
perceptions were quite counter-balanced between side effects
and satisfaction for the texture and the use as a preventive
treatment in patients with controlled AD using Dexeryl (9%
[2/22] of positive and negative messages), whereas patients
from the insufficiently controlled AD subcorpus reported more
concerns about safety (10/31, 32%). The ineffectiveness of
anti-inflammatories to calm the flare-ups was a concern for 19%
(4/21) of users in the controlled AD subcorpus and 33% (6/18)
of users in the insufficiently controlled AD subcorpus, whereas
only 5% (1/21) and 17% (3/18), respectively, had a positive
efficacy feeling. For Dupixent, there was an absence of messages
from internet users who have taken or are aware of the treatment,
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and this may be due to its restricted prescription by
dermatologists or directly from hospital and because it is not
prescribed as first intention AD therapy. The only messages
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found were from patients seeking information mainly on the
conditions of access (13/165, 7.9%) and on the effectiveness of
the drug (13/165, 7.9%; Figure 10).

Table 2. Top 10 treatments used.
Controlled ADa subcorpus

a

Insufficiently controlled AD subcorpus

Treatments taken (top 10)

Web users, n

Treatments taken (top 10)

Web users, n

Cortisone/corticoids

131

Cortisone/corticoids

222

Anti-inflammatories

32

Liniment

40

Dexeryl

28

Dexeryl

39

Calendula

28

Anti-inflammatories

26

Liniment

26

Calendula

26

Antibiotics

26

Antibiotics

17

Vitamins

12

Diprosone

16

Atarax

8

Bepanthen

11

Bepanthen

6

Aerius

10

Aerius

5

Vitamins

10

AD: atopic dermatitis.

Figure 9. Treatments’ perception. (A) Controlled AD subcorpus. (B) Insufficiently Controlled AD subcorpus. AD: atopic dermatitis.
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Figure 10. Treatments’ perception. (A) Controlled AD subcorpus. (B) Insufficiently controlled AD subcorpus. AD: atopic dermatitis; AE: adverse
event.

Discussion
Principal Findings
This retrospective study aimed at assessing how patients with
AD or their parents perceive their QoL and their treatments
following the analysis of web forums in France over the last 10
years. AD is increasingly discussed in French web forums as
shown in this study (Figure 6), with most users being women
between the ages of 30 and 40 (Figure 5).
We were able to segment web users into 2 subcorpuses
corresponding to patients with controlled AD and patients with
insufficiently controlled AD. These subcorpuses are
characterized by similarities in the expressions. Web users from
the controlled AD subcorpus and those from the insufficiently
controlled AD subcorpus have almost the same preoccupations
but we observed a time lag due in part to the stage and the
knowledge of their disease. The main topics were the lack of
information and solutions leading to some sort of therapeutic
wandering, the high impact of AD on the QoL and the
well-being of patients, and the dissatisfaction with the available
treatments.

Limitations of the Study

unlike traditional epidemiological studies. There is also the
problem of discovering demographic information—only limited
or no information regarding individual user demographics may
be available. Demographic information such as age and race
need to be determined via automated techniques.
Health misinformation is significant on social media;
nevertheless, recent reviews showed that misinformation or fake
information related to health is most prevalent in studies dealing
with the safety of tobacco, vaccines, and drugs such as opioids
and marijuana. Finally, the lowest levels of misinformation
were observed in studies evaluating medical treatments [31,32].
Nevertheless, results from Pulido et al [33] indicated that
messages focused on fake health information are mostly
aggressive and that messages with evidence of social impact
overcome fake information.
Finally, social media represent an ideal place where patients
can freely and spontaneously discuss their experiences with
their therapy, thus providing valuable information on their QoL.
However, this observation should be interpreted cautiously,
because social media data may include a higher frequency of
erroneous information, and patients posting on social media
forums may not be representative of the wider patient
population.

Given the inherent observational nature of social media data,
their analyses are subject to many limitations.

Implications and Future Research

Selection bias was the first limitation because analyses were
restricted to French data sources, and social media users and
nonusers may differ. Thus, results are not generalizable at a
worldwide scale. Furthermore, using social media to analyze
patients’ reactions excludes patients who do not have access to
the internet or who are not familiar with the use of online
discussions.

Messages published on social networks should be integrated
into the assessment of patient’s QoL, as they can help to
characterize the patient’s experience in a more individualized
and spontaneous way. Furthermore, it seems important to
explore the specific areas of QoL of patients with AD and
potentially enrich the existing standard questionnaires with new
elements more relevant for these patients in their daily
confrontation with disease and treatment.

Extraction bias was the second limitation. Keyword selection
in social media studies can induce varying levels of extraction
bias.
Another limitation of using social media is that complete
information about individual cases may be harder to obtain,
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To the extent that the most dominant topics can be interpreted
as unmet informational needs, our study highlights the
refinement of practical implications such as the improvement
of available tools, and further analysis on the perception of
treatments and the evolution of the QoL under treatment. We
recommend to carry out a study segmented by year to see the
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evolution of the different subjects (QoL, topics, treatments)
over the years and to observe the global evolutions.

Conclusion
Social media listening offers the opportunity to consider
behavior and interactions that are difficult to assess through
traditional research methods. Millions of microblogs act as
online communities, dealing with topics from the impact of AD
on QoL through the lack of information on possible treatments
and their effectiveness. Of particular interest is the exponential
growth in recent years of patient support groups, and the high
potential of users disseminating materials and opinions relating
to AD through their posts. These forums are increasingly popular
and have become an additional source of evidence, therapy, or
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support for the patients. Our study illustrates the current situation
and the evolution over time of AD on social media platforms.
Discussions on AD are becoming a frequent purpose on social
media but they are still in contrast to the high frequency reported
for the use of social media in research with patients with
psoriasis.
All these data highlight the importance of clearly defining the
role and limitations of these platforms for orienting future
information campaigns and developing new models such as the
ADCT centered on patients with AD [34]. This validated 6-item
ADCT facilitates patient–physician communication on disease
control. Such a tool might better inform health care professionals
and patients with individualized measures covering QoL more
in depth than existing standard questionnaires.
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Abstract
Background: As social media is a major channel of interpersonal communication in the digital age, social media addiction has
emerged as a novel mental health issue that has raised considerable concerns among researchers, health professionals, policy
makers, mass media, and the general public.
Objective: The aim of this study is to examine the prevalence of social media addiction derived from 4 major classification
schemes (strict monothetic, strict polythetic, monothetic, and polythetic), with latent profiles embedded in the empirical data
adopted as the benchmark for comparison. The extent of matching between the classification of each scheme and the actual data
pattern was evaluated using sensitivity and specificity analyses. The associations between social media addiction and 2 comorbid
mental health conditions—depression and anxiety—were investigated.
Methods: A cross-sectional web-based survey was conducted, and the replicability of findings was assessed in 2 independent
samples comprising 573 adults from the United Kingdom (261/573, 45.6% men; mean age 43.62 years, SD 12.24 years) and 474
adults from the United States (224/474, 47.4% men; mean age 44.67 years, SD 12.99 years). The demographic characteristics of
both samples were similar to those of their respective populations.
Results: The prevalence estimates of social media addiction varied across the classification schemes, ranging from 1% to 15%
for the UK sample and 0% to 11% for the US sample. The latent profile analysis identified 3 latent groups for both samples:
low-risk, at-risk, and high-risk. The sensitivity, specificity, and negative predictive values were high (83%-100%) for all
classification schemes, except for the relatively lower sensitivity (73%-74%) for the polythetic scheme. However, the polythetic
scheme had high positive predictive values (88%-94%), whereas such values were low (2%-43%) for the other 3 classification
schemes. The group membership yielded by the polythetic scheme was largely consistent (95%-96%) with that of the benchmark.
Conclusions: Among the classification schemes, the polythetic scheme is more well-balanced across all 4 indices.
(J Med Internet Res 2022;24(1):e27000) doi:10.2196/27000
KEYWORDS
behavioral addiction; compulsive social media use; information technology addiction; mental health; psychological assessment;
sensitivity; social network site; social networking; well-being
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Introduction
Background Context
The internet has turned the world into an interconnected, global
village in which information and problems alike spread swiftly
across countries. Apart from face-to-face interactions, social
media has emerged as a major channel of interpersonal
communication in the cyber age. Social media use is beneficial
in many aspects. For instance, social media allows people to
maintain contact with existing friends or family members who
live apart [1,2], and individuals who use social media to connect
with their social network members tend to experience greater
levels of subjective well-being [3,4]. In the extended period of
social distancing during the COVID-19 pandemic, social media
use is found to be associated with both social and physical
well-being [5,6]. For people who seek mental health professional
services, the interventions delivered through social media are
deemed more accessible and engaging than face-to-face
interventions [7].
Despite these psychological benefits, the misuse of social media
can incur considerable psychological costs, especially for
individuals who use social media as a refuge to evade unpleasant
feelings or real-life problems. According to the model of
compensatory internet use [8], social media use may improve
these individuals’ psychological condition in the short run, but
such short-term benefits may also strengthen their dependence
on social media, leading to continuous excessive use of social
media and the development of social media addiction [9].
Moreover, social media addiction is motivated by the need to
fulfill fundamental psychological needs that cannot be gratified
in the real world, such as the need to belong [10-13].

Social Media Addiction and Its Assessment
Social media addiction is a type of behavioral addiction that is
broadly defined as compulsive engagement in social media
platforms that significantly disrupts the users’ functioning in
important life domains, such as interpersonal relations, work
or study performance, and physical health [14,15]. According
to the components model of behavioral addiction [16], social
media addiction is conceptualized as a set of symptoms
pertaining to six types of problematic behavior: (1) salience,
which refers to the dominance of social media activities in one’s
thoughts and daily life; (2) tolerance, which refers to the
tendency of spending an increasing amount of time using social
media to attain the same amount of pleasure; (3) mood
modification, which refers to the use of social media to avoid
or mitigate unpleasant emotions experienced in real-life events;
(4) relapse, which refers to the failure of curbing excessive
social media use after attempts of abstinence or control; (5)
withdrawal, which refers to psychological distress experienced
when one cannot get access to social media; and (6) conflict,
which refers to the adverse impact on one’s job or studies
because of problematic social media use.
Although social media addiction is not currently a diagnosable
condition, researchers have constructed measures of social media
addiction based on the diagnostic criteria for other behavioral
addictions such as gambling disorder [16,17]. The most popular
ones include the Facebook Intrusion Questionnaire [18] and the
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Bergen Social Media Addiction Scale (BSMAS) [19]. The
former measure assesses addiction specific to a single social
media platform, whereas the latter assesses addiction to social
media in general. Instead of creating new assessment tools,
another group of researchers have modified the current validated
scales of internet addiction. The modification typically involves
altering the context from Internet to Facebook or social media.
For instance, the items of the Problematic Facebook Use Scale
[20] were adapted from those of the Generalized Problematic
Internet Use Scale [21].

Classification Schemes for Social Media Addiction
Validated measures of social media addiction have been widely
used as screening tools for distinguishing individuals with and
without the problem [22,23]. Both monothetic and polythetic
formats have been adopted to yield prevalence estimates and to
screen cases [24,25], because these schemes have long been
used in case classifications of psychiatric disorders in the
Diagnostic and Statistical Manual of Mental Disorders (DSM)
[17,26,27]. The classical monothetic classification is generally
regarded as more conservative because a positive diagnosis
requires the endorsement of all the listed criteria [28]. For
polythetic classification, however, no single criterion is required
to make a diagnosis. The polythetic classification is more liberal
than the monothetic classification because a positive diagnosis
requires the endorsement of more than half of the listed criteria
rather than all; therefore, individuals with the same classification
may have different clinical presentations. Polythetic
classification is commonly used in a variety of clinical
diagnoses, including gambling disorder and substance abuse
[17,27].
Most existing measures of social media addiction consist of
items that are answered on a Likert-type scale ranging from 1
to 5 rather than dichotomous options. A usual practice for
indicating the presence of a symptom involves the recoding of
the 5-point ratings using the midpoint (ie, 3) as the cutoff such
that a particular criterion is met for a score of 3 or above. Some
researchers recently advocated stricter coding by setting a higher
cutoff of 4 instead of the midpoint [29,30]. Taken together, a
review of the literature reveals 4 commonly adopted
classification schemes: monothetic, polythetic, strict monothetic,
and strict polythetic. As these schemes vary in the extent of
strictness in case classifications, different prevalence estimates
are obtained, with higher prevalence yielded from more liberal
classifications such as the polythetic scheme.
Previous studies on social media addiction have adopted either
1 or at most 2 of the classification schemes for deriving
prevalence estimates, and the reported prevalence rates differ
vastly across studies. As social media addiction is a global
mental health concern, researchers worldwide have investigated
the prevalence of this emergent problem [31-34]. The samples
recruited in these prevalence studies vary considerably in their
demographic characteristics, such as age and ethnicity, making
between-study comparisons difficult. This study is the first to
apply all 4 major classification schemes such that comparisons
of the prevalence drawn from various schemes can be made. A
total of 2 independent, demographically heterogeneous samples
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were included to evaluate the extent of cross-sample replicability
in the findings.

Evaluation of Classification Schemes for Social Media
Addiction
Sensitivity and specificity analyses are widely used for the
evaluation of classification schemes [35]. This method seeks
to test the performance of a classification in matching and
predicting a diagnosis or outcome. As a gold standard for
classifying social media addiction is currently unavailable, the
latent profiles embedded in a data set are adopted as a
benchmark to evaluate which existing classification scheme for
social media addiction can provide the best fit to empirical data.
Latent profile analysis (LPA) is a type of mixture modeling that
can reveal hidden subgroups of individuals from observed data

Cheng et al
that share similar symptom profiles [36]. This person-centered
statistical approach is especially appropriate for classifying
disorders with heterogeneous symptoms, because highly
consistent classifications can be obtained by precise distinctions
among profiles and differences in characteristics among profiles
[37,38]. LPA has been applied to social media addiction and
can be used to estimate the proportion of the population with
different risk levels of this disorder [39]. This study extends the
literature by evaluating the extent to which the prevalence
estimate derived from a particular classification approximates
the latent profiles of symptoms actually endorsed by
respondents, and the results are indicated by 4 indices:
sensitivity, specificity, positive predictive value, and negative
predictive value (Figure 1).

Figure 1. The 4 indicators of sensitivity and specificity analysis.

In this study, sensitivity refers to the proportion of individuals
from the data-driven, latent high-risk group who are also
classified by a particular scheme as high risk. Specificity refers
to the proportion of individuals from the data-driven, latent
low-risk group who are also classified by a particular scheme
as low risk. Positive predictive value refers to the proportion of
high-risk participants classified by a particular scheme who also
belong to the data-driven, latent high-risk group. Negative
predictive value refers to the proportion of low-risk participants
classified by a particular scheme who also belong to the
data-driven, latent low-risk group.
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Social Media Addiction and Comorbid Mental Health
Problems
To establish that social media addiction is not merely a
normative behavioral pattern, it is important to evaluate whether
it is associated with other comorbid mental health problems. In
the literature on social media addiction, a frequently researched
psychiatric condition is depression, which has been found to
have positive associations with social media addiction.
Specifically, individuals with depression tend to have a high
risk of developing social media addiction [40,41]. Although
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users generally have more pleasant experiences than unpleasant
ones when engaging in social media, unpleasant experiences
on social media (eg, cyberbullying and social comparison with
friends or strangers) tend to compromise mental health [42].
These adverse mental health impacts are especially salient
among individuals with depression owing to their ruminative
response style [43,44].
Another frequently researched psychiatric condition is anxiety
[10,45]. Some studies have shown that individuals with anxiety
are prone to social media addiction because of their strong
motivation to avoid face-to-face social interactions [46]. As
individuals with social media addiction tend to spend more time
on web-based than in-person social interactions, their prolonged
social media use may erode social skills and promote greater
fear of meeting people in real life [47]. Their anxiety may in
turn aggravate their symptoms of social media addiction, as
these individuals continue to perceive in-person interactions as
a source of threat [46]. People who fear face-to-face
communication experience a deficit in need for relatedness,
which may arise from feelings of insecurity in daily life
situations, and social media may thus be used as a
compensational tool to gratify their relatedness needs [47].
Prolonged, excessive use of social media may lead to social
media addiction among individuals with heightened anxiety
[48].

Methods
Participant Recruitment and Procedures
The 2 independent samples for this study were recruited from
Prolific because this web-based participant pool provides
heterogeneous samples with diverse demographic characteristics.
Moreover, the participants of this web-based survey platform
were found to be more honest and naïve, and their data quality
was better than that of members from other survey platforms
[49]. Eligible participants were residents of the United Kingdom
or the United States aged between 18 and 65 years and were
users of at least one social networking site. To maintain data
quality, only those who had an approval rating of ≥90% on the
survey site were included.
The samples were recruited from the United Kingdom and the
United States because members of both countries are the largest
body of consumers of the English version of the BSMAS. These
countries are appropriate for sample replication because they
are highly similar in their internet penetration rates,
socioeconomic development, and cultural values [50,51].
Recruitment was carried out from May 18, 2020, to May 24,
2020.
All participants completed a set of questionnaires that was
constructed and launched through a web-based survey tool,
Qualtrics (Qualtrics International Incorporation). The research
protocol of this study followed those adopted in previous
web-based surveys [29,52]. An advertisement was placed on
the survey platform, and those interested were invited to sign
up. All participants had to give their consent before the survey
began. Upon completion of the survey, they were paid according
to the standard rate set by the survey platform. The human
https://www.jmir.org/2022/1/e27000

XSL• FO
RenderX

Cheng et al
research ethics committee of the university where the principal
author is employed approved the research protocol before this
study was implemented.

Measures
Social Media Addiction
The symptoms of social media addiction were measured by the
BSMAS [10], which is by far the most widely used validated
assessment tool for addictive use of social media in general.
This scale comprises 6 items, each measuring a core symptom
(ie, salience, tolerance, mood modification, loss of control,
withdrawal, and conflict). Item wording was consistent with
the diagnostic criteria for gambling disorder [17]. The
respondents rated each item on a 5-point scale, ranging from 1
(very rarely) to 5 (very often). The item scores were aggregated
to obtain a composite score, and the 4 major classification
schemes outlined in the Introduction section (the Classification
Schemes for Social Media Addiction subsection) were adopted
to categorize respondents into groups: high- versus noto-low-risk. Prevalence rate refers to the proportion of
participants who were classified as having social media
addiction to the entire sample, and the prevalence rates derived
from various classification schemes were then compared. The
BSMAS was a reliable measure in this study (Cronbach α=.88
and .86 for the UK and the US samples, respectively).

Depression
In this study, depression and anxiety were included as criterion
variables owing to the high comorbidity between social media
addiction and both of these mental health conditions [53,54].
Probable depression was assessed using the Center for
Epidemiological Studies Depression Scale [55], which was
constructed for use with general, nonpsychiatric populations.
Respondents were instructed to rate each of the 20 items on a
4-point scale ranging from 0 (rarely or none of the time) to 3
(most or all of the time). A higher composite score indicated a
higher level of depression. This measure is widely adopted as
a screening tool for clinical depression, with a recommended
cutoff score of 16. This threshold score was thus adopted to
indicate probable depression. The measure exhibited excellent
psychometric properties in screening for major depression in
the general population as verified by the DSM [55]. The
depression measure displayed internal consistency in this study
(Cronbach α=.92 and .91 for the UK and the US samples,
respectively).

Anxiety
Probable anxiety was measured by the state anxiety subscale
of the State-Trait Anxiety Inventory Form Y1 [56], which was
selected because this extensively validated measure has by far
been the most popular screening tool for anxiety [57].
Respondents rated each of the 20 items on a 4-point scale
ranging from 1 (not at all) to 4 (very much so). A higher
composite score indicates a higher level of anxiety. According
to the community adult norms stated in the manual [56], a cutoff
score of 40 was used for screening. This measure was found to
be reliable (Cronbach α=.96 and .96 for the UK and the US
samples, respectively).
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Data Analysis
LPA was conducted because this person-centered approach is
currently widely applied for identifying latent groups with
similar characteristics [58]. A total of 6 BSMAS items were
included as indicator variables in this analysis. Multiple indices
were checked to determine the model with the best fit of data
[59]. Specifically, a number of models with different class
solutions (k ranging from 2 to 5) were tested, and better data fit
was indicated by lower values of 3 goodness-of-fit statistics:
Bayesian Information Criterion, sample size adjusted Bayesian
Information Criterion, and Akaike Information Criterion.
Entropy was also examined to evaluate the precision of assigning
latent group membership, with a value of ≥0.80, indicating
precision of classification. A class solution with an entropy
value of <0.80 was ruled out. In addition, the Lo-Mendell-Rubin
likelihood ratio test and bootstrap likelihood ratio test were used
to assist model selection, and a significant result (ie, P<.05)
showed that a k class model improved a k–1 class model. If the
results revealed that 2 or more models were adequate, model
parsimony and interpretability were considered. After the model
selection decision had been made, the profiles were plotted for
each group using a line graph.
The latent profiles identified in the LPA were then mapped onto
existing classification schemes using sensitivity and specificity
analyses [60]. A total of 4 indices—sensitivity, specificity,
positive predictive value, and negative predictive value—were
examined (the Evaluation of Classification Schemes for Social
Media Addiction subsection and Figure 1). In addition, an index
of overall consistency was reported to indicate the percentage
of overlap in group membership between the latent profiles and
high-versus-low-risk groups classified by a particular scheme.
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Risk ratio was used to make two types of estimation: (1) the
individual contribution of demographic variables (sex and age
groups) to the risk for social media addiction and (2) the
individual contribution of social media addiction prevalence to
the risk for mental health problems. All statistical analyses were
conducted using SPSS version 26 (IBM), except for LPA, which
was conducted using MPlus version 8.5 (Muthén and Muthén).

Funding and Ethical Considerations
This study was funded in part by the General Research Fund
administered by the Research Grants Council of Hong Kong in
January 2020 (grant 17400714). The research protocol was
reviewed and approved by the human research ethics committee
of the University of Hong Kong before data collection (approval
number: EA2002033; approval date: March 4, 2020). All study
procedures were performed in accordance with the ethical
principles of the Declaration of Helsinki. All participants were
required to provide informed consent before completing the
survey.

Results
Sample Characteristics
The UK sample comprised 573 adults, whereas the US sample
comprised 474 adults. The sample size of each country met the
requirements for conducting covariance modeling [59] and
sensitivity and specificity analyses [35]. The average age of the
participants in the UK sample was 43.62 years (SD 12.24 years)
and that of the participants in the US sample was 44.67 years
(SD 12.99 years). Table 1 presents the sex and age distribution
of the participants from both samples as well as those of the
UK and the US populations. As shown in Table 1, sample
distributions of these major demographic variables were
comparable to those of their respective populations.

Table 1. Sex and age distribution of the 2 samples compared with that of their own population (N=1047).
Parameters

The United Kingdom, n (%)

The United States, n (%)

Sample (n=573)

Population in 2020

Sample (n=474)

Population in 2020

Male

261 (45.6)

33,821a (49.8)

224 (47.4)

165,899a (50.1)

Female

312 (54.4)

34,065 (50.2)

250 (52.6)

165,104 (49.9)

18-34

192 (33.5)

22,775 (33.5)

169 (35.6)

118,036 (35.6)

35-49

191 (33.3)

22,654 (33.4)

152 (32.1)

105,788 (32)

50-65

190 (33.2)

22,457 (33.1)

153 (32.3)

107,179 (32.4)

Sex

Age group (years)

a

Figures in these columns are expressed in thousands.

Case Classification With LPA
Table 2 presents the results of LPA that were tested and
compared among the 4 models derived from different
classification schemes. For the UK sample, the 3-class model
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was selected because the Lo-Mendell-Rubin likelihood ratio
test showed that this model had better data fit than the 2-class
model, but the degree of data fit was highly similar for the
3-class, 4-class, and 5-class models. Hence, the 3-class model
was chosen for parsimonious considerations.
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Table 2. Summary of latent profile analysis comparing the various models (N=1047).
Characteristics

Model comparison
2-class model

3-class model

4-class model

5-class model

BICa

8748.65

8196.68

8063.43

7882.23

SSABICb

8688.33

8114.14

7958.67

7755.25

AICc

8665.99

8083.56

7919.85

7708.20

Entropy

0.94

0.90

0 90

0.93

LMR-LRTd, P value

.004

.001

.32

.08

BLRTe, P value

<.001

<.001

<.001

<.001

BIC

6755.99

6342.76

5946.03

5855.20

SSABIC

6695.69

6260.24

5841.29

5728.24

AIC

6676.93

6234.56

5808.71

5688.75

Entropy

0.93

0.91

0.93

0.93

LMR-LRT, P value

<.001

.02

.005

.09

BLRT, P value

<.001

<.001

<.001

<.001

The UK Sample (n=573)

The US Sample (n=474)

a

BIC: Bayesian Information Criteria.

b

SSABIC: sample size adjusted Bayesian Information Criterion.

c

AIC: Akaike Information Criterion.

d

LMR-LRT: Lo-Mendell-Rubin likelihood ratio test.

e

BLRT: bootstrap likelihood ratio test.

The latent profiles of the participants from the United Kingdom
are shown in Figure 2. As shown in this figure, the 3 latent
groups differed in terms of symptom severity. Specifically,
more than half of the participants were assigned to the first
group (315/573, 55%) characterized by low mean item scores
across all 6 criteria of social media addiction (<1.34), and this
group was labeled as low-risk. The profile pattern of the second
group (190/573, 33.1%) was relatively more complex than that
of the first group. The participants from the second group were
more likely to endorse the salience, tolerance, and mood
modification criteria, with item mean scores clustered around
the midpoint (range 2.62-2.97), but not the remaining 3 criteria
(mean item scores<2.07). The second group was labeled as
at-risk because the mean item scores for half of the criteria
approached the cutoff (ie, midpoint) for both the monothetic
and polythetic schemes. The third group (68/573, 11.9%) had
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high mean item scores for all the criteria that were above the
cutoff for the monothetic and polythetic schemes (>3.18), and
this group was labeled as high-risk.
For the US sample, both the 3-class and the 4-class models
demonstrated good data fit, but the former model was chosen
because its grouping of participants was more interpretable than
that of the latter. The 3 latent groups are shown in Figure 3. As
revealed in this figure, the profiles of the first 2 groups were
highly similar for the UK and the US samples. Specifically, the
low-risk group of the US sample (295/474, 62.2%) had low
mean item scores across all 6 criteria (<1.45), and the at-risk
group (136/474, 28.7%) tended to endorse the same 3 criteria
(salience, tolerance, and mood modification; mean item scores
ranged from 2.78 to 3.08) but not the other 3 (mean item
scores<1.89).
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Figure 2. Latent profiles for the 3-class solution for the UK samples.

Figure 3. Latent profiles for the 3-class solution for the US samples.

Although the profiles of the low-risk and at-risk groups of
participants from the United States were comparable with those
of the same 2 groups of the participants from the United
Kingdom, the profiles of the third group were different for the
2 samples. Instead of consistently having all scores above the
midpoint across all 6 items as their UK counterparts did, the
third group of the US sample (43/474, 9.1%) had mean item
scores above the midpoint only for two-thirds of the criteria (ie,
salience, tolerance, mood modification, and withdrawal; mean
item scores>3.34). The third group of the US sample was also
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labeled as high-risk owing to their members’ endorsement of 4
out of 6 criteria that was consistent with the polythetic scheme.
Ad hoc Bonferroni tests were conducted among the 3 latent
groups for each of the 6 criteria. The results consistently showed
that all the criterion scores of the high-risk group were
significantly higher than those of the at-risk group, whose
criterion scores were in turn significantly higher than those of
the low-risk group (P<.001). These results provided evidence
for the distinctness of the profiles of the 3 latent groups.
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Prevalence of Social Media Addiction
As both of the samples were heterogeneous in terms of
demographic characteristics, risk ratios were computed to
identify sex and age differences. The results revealed
considerable age differences in the prevalence of social media
addiction for both samples (Table 3). For the UK sample,
younger adults aged between 18 and 34 years were at a 4-fold
higher risk of social media addiction than their older
counterparts aged between 50 and 65 years, and this pattern of

findings was consistent across the various classification
schemes. For the US sample, the risk of social media addiction
was 2 to 4 times higher in the group of younger adults compared
with the group of older adults. However, sex differences in the
prevalence of social media addiction were not prominent for
both samples, except female participants from the US sample
were found to have higher risks of social media addiction than
their male counterparts when the strict polythetic scheme was
adopted for classification.

Table 3. Prevalence of social media addiction by major classification scheme, sex, and age group for the 2 samples (N=1047).
Parameters

Classification scheme
Strict
monothetic, n (%)

Strict
monothet-

Monothet- Monothet- Polythetic,
ic, n (%) ic, RR
n (%)

Polythetic,
RR

Latent

Latent

ic, RR

Strict poly- Strict
thetic, n
polythet(%)
ic, RR

profileb,
n (%)

profileb,
RR

4 (0.7)

—c

23 (4)

—

29 (5.1)

—

86 (15)

—

68 (11.9)

—

Male

7 (1.2)

N/Ad

28 (4.9)

1.56

35 (6.1)

1.58

101 (17.6)

1.53

72 (12.6)

1.18

Female

0 (0)

Refe

18 (3.1)

Ref

22 (3.8)

Ref

66 (11.5)

Ref

62 (10.8)

Ref

18-34

12 (2.1)

4.03

48 (8.4)

4.09

60 (10.5)

4.09

144 (25.1)

3.78

132 (23)

6.20

35-49

0 (0)

N/A

17 (3)

1.45

22 (3.8)

1.49

90 (15.7)

2.36

63 (11)

2.41

50-65

3 (0.5)

Ref

12 (2.1)

Ref

15 (2.6)

Ref

38 (6.6)

Ref

26 (5)

Ref

1 (0.2)

—

12 (2.5)

—

12 (2.5)

—

52 (11)

—

43 (9.1)

—

Male

2 (0.4)

N/A

21 (4.4)

4.38

13 (2.7)

1.23

64 (13.5)

1.66

47 (9.9)

1.25

Female

0 (0)

Ref

4 (0.8)

Ref

11 (2.3)

Ref

39 (8.2)

Ref

39 (8)

Ref

18-34

0 (0)

N/A

16 (3.4)

2.24

20 (4.2)

4.19

72 (15.2)

2.16

60 (12.7)

2.74

35-49

3 (0.6)

N/A

15 (3.2)

2.09

15 (3.2)

3.13

60 (12.7)

1.79

54 (11.4)

1.13

50-65

0 (0)

Ref

7 (1.5)

Ref

5 (1.1)

Ref

34 (7.2)

Ref

24 (5.1)

Ref

a

The UK Sample (n=573)
Total
Sex

Age group (years)

The US sample (n=474)
Total
Sex

Age group (years)

a

RR: risk ratio.

b

The low-risk and at-risk groups were coded as 0, and the high-risk group was coded as 1.

c

No reference group.

d

N/A: not applicable (cannot be computed).

e

Ref: reference group.

Sensitivity and Specificity Analysis
The sensitivity and specificity analyses are summarized in Table
4. The various classification schemes generally had a high
sensitivity (83%-100%) for both the UK and the US samples,
with the exception of the polythetic scheme that had somewhat
lower sensitivity (74% and 73% for the UK and the US samples,
respectively). The specificity and negative predictive value were
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also high across the various schemes (>88% and >95%).
Moreover, there were considerable consistencies or overlaps
(>88%) in group membership between the latent profiles and
the high-versus-low-risk groups classified by all the schemes,
indicating that the participants classified by the various schemes
were largely consistent with the latent groups embedded in the
data when their sensitivity, specificity, and negative predictive
value were examined.
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Table 4. Sensitivity and specificity analyses of various classification schemes with the latent group as the benchmark (N=1047).
Sample and classification

Indicator of sensitivity and specificity analyses (%)

scheme
Sensitivity

Specificity

Positive predictive value

Negative predictive value

Overall consistency

Strict monothetic

100

89

6

100

89

Strict polythetic

100

92

34

100

92

Monothetic

100

93

43

100

93

Polythetic

74

99

94

96

95

Strict monothetic

100

91

2

100

91

Strict polythetic

83

93

23

100

93

Monothetic

100

93

28

100

93

Polythetic

73

99

88

97

96

The UK sample (n=573)

The US sample (n=474)

Despite these similarities among the schemes, it is important to
note that the schemes differed vastly in their positive predictive
value. Only the polythetic scheme had a high positive predictive
value for both samples (>88%), whereas the other schemes had
a low positive predictive value (<43%). These results indicated
that only the polythetic scheme could identify high-risk
participants that were largely consistent with the data, whereas
all other schemes might fail to identify a considerable proportion
of participants who were classified as high risk by the
data-driven LPA.
In summary, the various classification schemes generally had
good sensitivity and specificity, but their positive predictive
value was low, indicating that those participants who were
classified by these schemes as having high risks only represented
a relatively small proportion of participants from the data-driven,
latent high-risk group. Despite having somewhat lower
sensitivity than other schemes, the polythetic scheme had a high
positive predictive value, indicating that the membership of
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various groups derived from the polythetic scheme overlapped
with the group membership identified by the data-driven latent
profiles as much as 96% of the time. Taken together, the
polythetic scheme yielded the best balance of sensitivity,
specificity, positive predictive value, and negative predictive
value among the major classification schemes, and may thus
be optimal for classifying cases of social media addiction.

Risk Ratio of Mental Health Problems by Classification
Scheme and Criteria
Table 5 presents the descriptive statistics of mental health
problems for both low-to-at-risk and high-risk groups classified
by various schemes, whereas Table 6 displays the risk ratios of
various major mental health problems associated with the
incidence of social media addiction at both the scale and item
levels. In these analyses, the reference group referred to the
low-to-at-risk group classified by various schemes of social
media addiction.
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Table 5. Descriptive statistics of mental health problems by case classification of major schemes for the 2 samples (N=1047).
Scheme and mental health problem The UK sample (n=573)

The US sample (n=474)

High-risk group,
mean (SD)

Low-to-at-risk
group, mean (SD)

P valuea

High-risk group,
mean (SD)

Low-to-at-risk
group, mean (SD)

P value

Depression

41.25 (9.64)

16.87 (11.08)

<.001

N/Ab

N/A

N/A

Anxiety

64.25 (12.61)

40.07 (13.11)

<.001

N/A

N/A

N/A

Depression

32.39 (11.26)

16.40 (10.79)

<.001

26.08 (8.62)

16.11 (10.89)

.002

Anxiety

56.13 (13.88)

39.56 (12.80)

<.001

48.25 (14.52)

38.39 (13.12)

.01

Depression

27.03 (13.30)

16.51 (10.88)

<.001

26.00 (11.08)

16.12 (10.83)

.002

Anxiety

52.90 (14.20)

39.55 (12.86)

<.001

52.00 (11.95)

38.32 (13.11)

.001

Depression

26.02 (12.67)

15.47 (10.21)

<.001

24.65 (10.38)

15.36 (10.58)

<.001

Anxiety

48.35 (13.94)

38.76 (12.59)

<.001

45.25 (13.09)

37.83 (13.04)

<.001

Depression

26.59 (12.70)

15.75 (10.39)

<.001

24.00 (11.02)

15.62 (10.65)

<.001

Anxiety

50.10 (14.01)

38.87 (12.56)

<.001

45.98 (13.07)

37.91 (13.04)

<.001

Strict monothetic

Strict polythetic

Monothetic

Polythetic

Latent profilec

a

P value indicates the significance level of an independent sample t test (1-tailed) for each mental health problem of a sample.

b

N/A: not applicable (cannot be computed).

c

The low-risk and at-risk groups were coded as 0, and the high-risk group was coded as 1.
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Table 6. Risk ratio of mental health problems by classification scheme and criteria for social media addiction (N=1047).
Mental health problems in the UK sample (n=573), RRa

Mental health problems in the US sample (n=474), RR

Probable depression

Probable anxiety

Probable depression

Probable anxiety

Strict monothetic

N/Ac

N/A

N/A

N/A

Strict polythetic

5.99

6.17

6.59

14.81

Monothetic

2.77

8.48

3.92

2.90

Polythetic

4.46

3.27

6.21

2.65

Latent profile

4.17

3.85

4.60

2.79

Salience

1.97

2.18

2.51

1.68

Tolerance

2.58

2.16

3.35

2.08

Mood modification

4.34

3.54

6.33

2.99

Loss of control

1.57

1.38

2.62

2.29

Withdrawal

5.99

3.52

7.29

8.95

Conflict

7.02

2.79

3.88

4.33

Salience

1.44

1.67

2.19

1.66

Tolerance

1.29

1.63

2.82

1.81

Mood modification

3.93

2.83

5.22

3.20

Loss of control

2.37

1.87

3.06

3.09

Withdrawal

3.17

3.54

4.60

2.79

Conflict

4.08

3.79

3.30

2.65

Parameters

b

Classification scheme

Criteriad

Criteriae

a

RR: risk ratio, with the low-risk and at-risk groups coded as 0, and the high-risk group was coded as 1.

b

This analysis was conducted at the scale level.

c

N/A: not applicable (cannot be computed).

d

This analysis was conducted at the item level with a cutoff score of 4.

e

This analysis was conducted at the item level with a cutoff score of 3.

For the UK sample, the risk of probable depression or anxiety
was about 3 to 8 times higher in the high-risk group by various
schemes than in the low-to-at-risk group. Similarly, for the US
sample, the risk of having any of these mental health problems
was about 3 to 15 times higher for the high-risk (vs
no-to-low-risk) group identified by various schemes.

a higher cutoff of 4, the risk of probable depression or anxiety
was about 3 to 5 times higher for the mood modification,
withdrawal, and conflict criteria for both the UK and the US
samples.

As the profiles of the latent groups revealed some interesting
patterns across the 6 criteria for social media addiction,
additional analyses were conducted at the item (criterion) level.
Specifically, each of the BSMAS items was dummy coded
according to the cutoff adopted in the strict monothetic and
strict polythetic schemes (ie, 4 out of a 5-point scale). As shown
in the middle panel of Table 6, the risk of probable depression
or anxiety was about 3 to 9 times higher for the mood
modification, withdrawal, and conflict criteria for both the UK
and the US samples when a high cutoff of 4 was applied.

Principal Findings

The BSMAS items were also dummy coded according to the
cutoff adopted in the monothetic and the polythetic schemes
(ie, 3 out of a 5-point scale), and the results are summarized in
the lower panel of Table 6. Similar to the findings derived from
https://www.jmir.org/2022/1/e27000
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RenderX

Discussion
Social media addiction has emerged as a prevalent problem of
public concern in the modern cyber era, and this emergent
problem has been examined in the context of the COVID-19
pandemic. Although the prevalence rates of social media
addiction for both samples obtained in this period are
comparable with those derived from the same countries before
the pandemic [61], the psychiatric problems reported by both
samples are more prevalent than those reported in previous
studies [62]. These findings indicate that the residents of the
United Kingdom and the United States could be emotionally
overwhelmed by enormous stressors elicited during the early
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phase of the pandemic [62,63], but the prevalence of social
media addiction remained largely stable at that stage.
This study is the first to adopt a nuanced analysis of the various
schemes that have been widely used for case classification
purposes. Our findings indicate that the application of diverse
schemes yields varied prevalence estimates, and testing these
schemes against the data-driven, latent profile analytic approach
thus generates valuable information that unveils the relative
performance of different schemes in case classification.
In our study, three latent profiles are found to be embedded in
the data: low-risk, at-risk, and high-risk. It is noteworthy that
the shape of the symptom profile of the at-risk group was distinct
from that of the other 2 groups. For the at-risk group, the
endorsement of half of the criteria (ie, salience, tolerance, and
mood modification) tended to be more similar to the
endorsement of those by the high-risk group, whereas the
endorsement of the other half (ie, loss of control, withdrawal,
and conflict) by the at-risk group tended to be more similar to
the endorsement of those by the low-risk group. These findings
show that a dichotomous (low-risk vs high-risk) classification
scheme may be inadequate. Instead, a tripartite classification
scheme may be more appropriate for capturing respondents’
distinct symptom characteristics of social media addiction,
especially for the at-risk group whose symptom profile is similar
to the low-risk and high-risk groups in certain criteria but not
others.
In general, most classification schemes used in existing studies
have good sensitivity and specificity when compared with the
latent groups identified in our latent profile analyses. However,
a low positive predictive value is found in most of the schemes,
with the exception of the polythetic scheme. The present
findings indicate that both strict monothetic and monothetic
schemes have perfect sensitivity (100%) but at the cost of low
positive predictive values (2%-43%). These 2 schemes may be
too conservative, such that a large proportion of individuals
with probable social media addiction are excluded from further
assessment or follow-ups. In contrast, despite having slightly
lower sensitivity than the other schemes, the polythetic scheme
appears to have a more balanced performance across all
psychometric indicators.

Research and Practical Implications
These new findings have research and practical implications.
Specifically, the study delineates the strengths and weaknesses
of each classification scheme, thus guiding decisions for
selecting an optimal scheme for making population-level
estimates of social media addiction. The findings indicate that
the various major classification schemes have a large degree of
heterogeneity, both in terms of estimating the prevalence rates
of social media addiction as well as screening and detecting
cases of social media addiction. With regard to prevalence
estimates, researchers utilizing strict classification schemes may
tend to obtain very low prevalence rates of social media
addiction. As shown in this study, such discrepancies can be as
large as 10% to 15% (eg, using polythetic vs strict monothetic
schemes). It is noteworthy that the polythetic scheme was found
to have relatively high consistency with the benchmark data of
the 2 independent samples, with discrepancies of only 2% to
https://www.jmir.org/2022/1/e27000
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3% (11% vs 9% in the United States; 15% vs 12% in the United
Kingdom). Thus, the present findings provide some empirical
evidence that polythetic classification may best reflect
classifications identified using a data-driven approach and is
optimal when the goal is to identify a broad group of individuals
at risk for social media addiction.
Furthermore, the assessment of social media addiction has
become an issue of growing importance for mental health
professionals, with some countries formulating public health
policies and providing extensive training to guide professionals
in distinguishing clients with varying severity levels of the
problem [64]. As precise case classification is crucial for
appropriate referral to tailored intervention, a better
understanding of how well a screening instrument function
using different scoring methods becomes important. In
evaluating screening tools, the sensitivity and specificity of
classification schemes have traditionally been emphasized.
However, basing classification schemes solely on these 2 indices
is insufficient for making clinical decisions at the individual
level and may even be misleading in some cases [65]. This is
because both indicators of sensitivity and specificity are
population-based indices that represent properties of the
screening test in itself [66], but the 2 predictive values further
include sample-relevant information, such as the base rate of a
given problem area [67]. Therefore, the use of multiple indices,
including positive and negative predictive values, is a notable
strength of our analyses, providing valuable data that could
inform the scoring and interpretation of the BSMAS within the
context of clinical assessment [65,68].
The BSMAS is a brief measure that has been commonly adopted
to assess symptoms of social media addiction, although our
results highlight several considerations relevant to clinicians’
choice of classification schemes. Despite demonstrating high
sensitivity and specificity, the use of the strict monothetic, strict
polythetic, and monothetic schemes are found to be more prone
to missing members of the high-risk group derived from the
actual data (ie, positive predictive values ranging from 2% to
43%) as compared with the polythetic scheme (ie, positive
predictive values of 88% and 94%). These findings demonstrate
that the polythetic scheme has superior positive predictive rates
of social media addiction compared with the other schemes,
indicating the greater utility of the polythetic scheme in detecting
individuals who are at high risk for social media addiction.
The polythetic scheme as compared with the monothetic scheme
is more consistent with the current theoretical approaches to
psychological functioning and mental health, as the polythetic
scheme emphasizes a prototypical perspective (ie, requiring the
presence of many rather than all symptoms) rather than a
classical, monothetic perspective (ie, requiring the presence of
all symptoms) to mental health [69]. Characterized by a
prototypical approach, the polythetic scheme does not
necessitate the presence of all symptoms within a problem area,
representing an approach that is more attuned toward individual
variability and heterogeneity, both of which are frequently
observed in clinical and research settings. Similar to many other
problem domains, the present findings indicate that social media
addiction may be conceptualized as a continuum ranging from
no to high risks, with a considerable proportion of at-risk
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individuals clustered somewhere between the 2 extremes. Hence,
the polythetic classification scheme is more similar to current
assessment approaches to mental health problems, such as the
DSM-5 and the 11th version of the International Statistical
Classification of Diseases and Related Health Problems
(ICD-11) [27,70]
Although information technology addiction (eg, social media
addiction and gaming disorder) is currently not a diagnosable
condition in the DSM-5 [71], a recent expert review has outlined
meta-level criteria for determining whether different behavioral
addictions may warrant the designation of other specified
disorders due to addictive behaviors under the ICD-11 [72]. To
determine whether social media addiction is present based on
specific symptoms, this study fills the knowledge gap by
revealing 3 symptoms of social media addiction with high-risk
ratios with comorbid problems of depression and anxiety: mood
modification, withdrawal, and conflict (Table 6). The replicable
findings across the 2 independent samples suggest that these
symptoms are crucial for the assessment of social media
addiction. More importantly, these findings echo the
classifications of a related problem of gaming disorder and other
behavioral disorders in the ICD-11, in which conflict and
adverse consequences in significant life domains are essential
for a diagnosis.
This study further reveals that individuals identified with social
media addiction have a high risk of probable depression and
anxiety. Primarily, these findings indicate that the classification
schemes of social media addiction may serve as a risk indicator
in the screening process for potentially detecting comorbid
problems with depression and anxiety. More importantly, several
specific symptoms of social media addiction tend to have
stronger connections with depression and anxiety, including
mood modification, withdrawal, and conflict. Our item-level
analyses identified several associations that warrant future
research and attention by clinicians. First, the association
between the specific symptoms of conflict and depression and
anxiety corroborates those that have been empirically unveiled
in a variety of contexts [73,74], highlighting conflict arising
from social media addiction as a potential pathway linked with
both mental health conditions. Clinicians may need to evaluate
how conflict arising from social media addiction is related to
depressive symptoms, such as the feelings of letting oneself and
their significant others down, feelings of worthlessness, or
anxiety symptoms associated with the monitoring of worry and
rumination thoughts that are attributable to addictive use of
social media [75,76]. Second, mood modification through
addictive use of social media to avoid facing real-life problems
is associated with a high risk of probable depression and anxiety.
This finding may reflect individuals who use social media as a
refuge to evade real-life challenges, duties, or responsibilities.
If this is the case, clinicians may need to address social media
addiction as a maladaptive, avoidant coping response that likely
serves as a maintaining factor for both depression and anxiety
[77,78]. Finally, as withdrawal symptoms are associated with
psychological distress, individuals who are at risk for social
media addiction may benefit from developing alternative coping
skills that can replace social media activities when experiencing
withdrawal.
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In addition to the use of the BSMAS as a diagnostic tool for
identifying individuals with social media addiction for treatment
referral, this screening tool can also serve as an effective tool
for early screening of at-risk cases to prevent further
development into social media addiction. As prevention is often
more cost-effective than treatment [79], broad-based screening
can be valuable when mental health intervention resources are
available in the community to serve the identified at-risk
individuals. Given that this study evaluates the performance of
multiple classification schemes against the empirically-derived
benchmark, the findings can provide useful guidance for health
care professionals to select the scheme most appropriate for
their intervention schemes.

Research Limitations and Directions
Before concluding, caution should be exercised. First, this study
adopted a quantitative design that included only validated
measures with structured close-ended questions. The present
inquiry thus focused on the typical symptoms of social media
addiction, anxiety, and depression. The widely adopted
quantitative design should be supplemented with qualitative
data collection methods, such as narrative interviews and focus
groups, which can broaden the scope of inquiry by unveiling
participants’ unique experiences [80,81]. Thus, a mixed methods
design is encouraged to combine quantitative and qualitative
methods to gain a more comprehensive perspective on social
media addiction.
Second, our study used a web-based survey method for data
collection and is thus vulnerable to the shortcomings inherent
in this type of method. Although the screening function of the
web-based survey platform allows the recruitment of the present
samples whose demographic profiles resemble those of their
respective populations, it is important to reiterate that
nonprobabilistic sampling method was used in participant
recruitment. Participants signed up for the web-based survey
voluntarily upon placing an advertisement on the website, and
such self-selection could potentially elicit sample bias.
Third, our study adopted a symptom approach in the
examination of social media addiction and its mental health
implications. Validated measures assessing a standard set of
symptoms of social media addiction and the 2 psychiatric
problems were administered. It is noteworthy that we did not
include any measures of time for overall internet use or social
media engagement [82,83]; thus, the amount and pattern of
social media use were not assessed. For criterion assessment,
only anxiety and depression were measured because both are
major psychiatric comorbidities of information technology
addiction [84,85]. Apart from psychiatric problems, individuals
with information technology addiction also experience
disruptions in other life domains, such as interpersonal relations
and job performance [86,87]. The scope of daily life dysfunction
should be broadened by including a greater variety of life
domains for a more comprehensive evaluation of daily life
challenges experienced by individuals with social media
addiction.
Fourth, it is noteworthy that this study was conducted during
the COVID-19 pandemic. As the massive global transmission
of this unknown virus was unprecedented, an avalanche of false
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and misleading information was disseminated through social
media. Frequent use of social media was associated with
COVID-19 anxiety that disturbed sleep quality [88,89]. Such
psychological responses may not be fully captured by the
traditional measures of mental health. Future research may
consider using measures that capture COVID-19–specific
stressors and experiences, such as loss of family and friends
because of COVID-19 or exposure to misinformation about the
pandemic via social media use [90].
Finally, although efforts have been made to replicate the findings
in 2 independent samples from English-speaking countries with
high internet penetration rates [50], the present findings cannot
be generalized to individuals from other countries or cultural
backgrounds. This is particularly the case as multinational
meta-analyses have revealed the prevalence of information
technology addiction and its differential underlying
psychological mechanisms across cultural regions [61,84].
Therefore, future research should be expanded to include more
countries with varying levels of cultural individualism and
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internet penetration. Data derived from a myriad of countries
with diverse backgrounds enable researchers to make
cross-cultural comparisons at both the individual and country
levels [91].

Conclusions
In conclusion, this study evaluated 4 major schemes widely
adopted to classify cases of social media addiction. Using latent
profiles identified from empirical data as a benchmark, the
performance of the polythetic scheme is more well-balanced in
attaining relatively high levels of sensitivity, specificity, positive
predictive value, and negative predictive value compared with
those of the other 3 schemes. Although these findings are largely
replicable in the 2 independent samples, efforts should be made
to expand the scope of inquiry in countries with diverse cultural
backgrounds using a wider range of criterion variables through
qualitative methods, thus enriching the discussion and informing
future decisions about the potential inclusion of social media
addiction in the future versions of the DSM or ICD.
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Abstract
Background: The COVID-19 pandemic has had adverse impacts on mental health and substance use worldwide. Systematic
reviews suggest eHealth interventions can be effective at addressing these problems. However, strong positive eHealth outcomes
are often tied to the intensity of web-based therapist guidance, which has time and cost implications that can make the population
scale-up of more effective interventions difficult. A way to offset cost while maintaining the intensity of therapist guidance is to
offer eHealth programs to groups rather than more standard one-on-one formats.
Objective: This systematic review aims to assess experimental evidence for the effectiveness of live health professional–led
group eHealth interventions on mental health, substance use, or bereavement among community-dwelling adults. Within the
articles selected for our primary aim, we also seek to examine the impact of interventions that encourage physical activity compared
with those that do not.
Methods: Overall, 4 databases (MEDLINE, CINAHL, PsycINFO, and the Cochrane Library) were searched in July 2020.
Eligible studies were randomized controlled trials (RCTs) of eHealth interventions led by health professionals and delivered
entirely to adult groups by videoconference, teleconference, or webchat. Eligible studies reported mental health, substance use,
or bereavement as primary outcomes. The results were examined by outcome, eHealth platform, and intervention length.
Postintervention data were used to calculate effect size by study. The findings were summarized using the Synthesis Without
Meta-Analysis guidelines. Risk of bias was assessed using the Cochrane Collaboration Tool.
Results: Of the 4099 identified studies, 21 (0.51%) RCTs representing 20 interventions met the inclusion criteria. These studies
examined mental health outcomes among 2438 participants (sample size range: 47-361 participants per study) across 7 countries.
When effect sizes were pooled, live health professional–led group eHealth interventions had a medium effect on reducing anxiety
compared with inactive (Cohen d=0.57) or active control (Cohen d=0.48), a medium to small effect on reducing depression
compared with inactive (Cohen d=0.61) or active control (Cohen d=0.21), and mixed effects on mental distress and coping.
Interventions led by videoconference, and those that provided 8-12 hours of live health professional–led group contact had more
robust effects on adult mental health. Risk of bias was high in 91% (19/21) of the studies. Heterogeneity across interventions was
significant, resulting in low to very low quality of evidence. No eligible RCT was found that examined substance use, bereavement,
or physical activity.
Conclusions: Live eHealth group interventions led by health professionals can foster moderate improvements in anxiety and
moderate to small improvements in depression among community-based adults, particularly those delivered by videoconference
and those providing 8-12 hours of synchronous engagement.
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Introduction
Background
The COVID-19 pandemic has resulted in many forms of loss.
These privations have had adverse impacts on adult mental
health and substance use worldwide [1-3]. Scalable interventions
are needed to address the immediate-, mid-, and long-term
psychological consequences of the pandemic across countries
[4]. Mental health interventions delivered by video, telephone,
and mobile apps, termed eHealth interventions, are critical and
effective tools to address this need [5-12].
When interventions are delivered using eHealth platforms,
patient engagement in the intervention and clinical outcomes
are often tied to the intensity of the interaction between
clinicians and their clients [8]. For example, a systematic review
found that one-on-one therapist-supported internet cognitive
behavioral therapy (CBT) was more effective than attention,
information, or web-based discussion group controls at reducing
adult anxiety [13]. Similarly, a 2021 randomized controlled trial
(RCT) found that live, therapist-guided web-based therapy was
superior to an unguided form of the program delivered by email
at improving pandemic-induced anxiety and depression [14].
A review of best practices to improve engagement and adherence
in eHealth interventions specifically recommends the inclusion
of human, or a sense of human, contact to build a therapeutic
alliance with clients and help them feel more accountable to
engage in the interventions [15].
A pair of 2019 systematic reviews concluded that health
professional–led videoconference interventions are effective at
improving adult anxiety and depression when delivered live
and one-on-one between a therapist and a client [11,12]. Yet,
therapist engagement in eHealth interventions has time and cost
implications that can make the population scale-up and
accessibility of more effective programs difficult [16]. A way
to offset time and cost while maintaining the intensity of
therapist guidance is to offer live therapist-led eHealth
interventions to groups rather than one-on-one. If effective,
group-based eHealth interventions could expand public access
to mental health professionals during and after the pandemic.
In Canada and other countries, there is also a need for eHealth
interventions that are accessible and culturally safe for
Indigenous people and remote communities in addition to the
general population [17]. Group-delivered interventions may be
more in keeping with the community-centered focus of many
Indigenous cultures and thus may be more culturally appropriate
for Indigenous clients and communities [18,19]. Group-delivered
mental health and substance use interventions have been shown
https://www.jmir.org/2022/1/e27939
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to have cultural utility for Indigenous people, while also
providing benefits for non-Indigenous people seeking help for
these problems [20,21]. This is not surprising, given that humans
are social creatures. Our lives are shaped by our experiences in
groups, making the propensity to congregate a powerful
therapeutic tool [22]. Group interventions have been shown to
promote client engagement in treatment through rewarding and
therapeutic forces such as affiliation, support, empathy, and
identification [22]. Group interventions can also enable those
struggling with mental health and addiction to witness and strive
for the healing they see in others, as well as reduce the sense of
isolation that mental health and addiction problems can create
[23-25].
The need for a systematic review to understand whether group
health professional–led interventions could be delivered
effectively using eHealth platforms became apparent to our
research team in 2020. The year before, we had launched an
RCT to assess the mental health impacts of health
professional–led interventions delivered to groups in person
[26]. In March 2020, we stopped the RCT abruptly because of
rapidly spreading COVID-19 in our region and public health
restrictions on indoor gatherings. Our in-person mental health
interventions had been carefully designed over many months
using the principles of patient-oriented research, defined as a
process that engages patients and providers, focuses on
patient-relevant priorities, and seeks to improve health care
practices to improve patient outcomes [27]. When pandemic
restrictions required that our interventions move to the web, our
Indigenous, patient, and clinical partners recommended that
group delivery be maintained. Thus, we sought a systematic
review in the literature to guide our efforts. We found 2
systematic reviews that examined this evidence specifically for
videoconference-delivered interventions [28,29]. Both concluded
that they were feasible for, and well accepted by, adults. Both
reviews also observed a trend toward mental health
improvement. However, the teams were not confident in their
observations, given that they did not specifically search for
mental health outcomes. As well, most studies included in these
reviews were observational, and interventions delivered by
teleconference and live chat platforms were excluded. Thus, we
conducted a systematic review of RCTs specifically focused on
mental health outcomes for live, health professional–led group
interventions delivered by videoconference, teleconference, or
live chat platforms both to inform our own work and the work
of others.

Review Aims
The primary aim of this systematic review is to assess
experimental evidence for the effectiveness of live health
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professional–led group eHealth interventions on mental health,
substance use, or bereavement among community-dwelling
adults. Bereavement and loss were included as outcomes for
this review in light of the increased morbidity and mortality
that many populations have experienced during the COVID-19
pandemic. A 2020 systematic review of 7 RCTs concluded that
web-based one-on-one bereavement interventions are promising
[30]. However, the role that group eHealth interventions could
play in addressing bereavement outcomes is unknown. Within
articles selected for our primary aim, we also sought to examine
the impact of eHealth interventions that encouraged physical
activity compared with those that did not, given that physical
activity has been shown to improve adult mental health [31-33].

Methods
Protocol and Registration

Currie et al

Eligible Outcomes
The primary outcomes were changes in (1) acute or chronic
mental health conditions or concerns, (2) acute or chronic
substance use conditions or concerns, or (3) bereavement. In
our protocol we had proposed to examine physical health and
behavioral outcomes beyond substance use [35]. However, upon
reflection we recognized that our search strategy (Multimedia
Appendix 1) was not designed to systematically search for these
outcomes and we removed them from our review aims. To
increase the utility of this review, we have summarized findings
from eligible studies that reported physical or behavioral health
outcomes other than substance use, with an added caution that
these summaries are not based on a comprehensive search of
the literature for these outcomes.

Information Sources and Search

This review was conducted according to the PRISMA (Preferred
Reporting Items for Systematic Reviews and Meta-Analyses)
statement [16,34]. The review protocol was registered with
PROSPERO (CRD42020187551) and published as a protocol
[35]. Ethics approval and participant consent were not required,
given that the review was based on data from previously
published studies.

In all, 4 electronic databases were searched to identify relevant
studies published in English or French from January 2005 to
June 2020 (MEDLINE, PsycINFO, CINAHL, and the Cochrane
Central Register of Controlled Trials). Reference lists of the
selected articles were also searched. The search strategy was
developed by a health librarian (DRS) and performed in July
2020 using a combination of key words relevant for each
database.

Eligibility Criteria

Study Selection and Data Extraction

Eligible Study Designs

The results were imported and deduplicated in Covidence
(Veritas Health Innovation Ltd) [36]. Titles and abstracts were
independently screened in duplicate by 4 reviewers (MLV, EH,
MT, and Sydney Murdoch). Full-text screening was conducted
by the same reviewers for all articles that met the eligibility
criteria or had unclear eligibility. Disagreements were resolved
through consensus between 2 reviewers. If a decision could not
be reached, consensus was achieved by discussing with an
investigator (CLC or RL). Where information in the article was
unclear, the corresponding author was contacted for clarification
before inclusion. If the corresponding author could not be
reached, articles with unclear inclusion criteria were excluded.

This review was limited to RCTs. Nonrandomized and
observational studies were excluded. The included studies
compared eligible interventions with inactive control
interventions (placebo, no treatment, usual or standard care, or
a waiting list control) or active control interventions that differed
from the treatment intervention (eg, a different variant of the
same intervention or a different kind of therapy) in keeping with
recommendations from the Cochrane Handbook [36]. Active
control interventions included those that were unguided,
individual, or delivered in person.

Eligible Interventions
To be eligible, interventions had to be made up of ≥3 sessions
delivered entirely live to groups on the web using a video or
chat platform or by teleconference. Interventions had to be led
by a health facilitator with professional training related to the
intervention. This was defined as a certificate or degree in
medicine, nursing, allied health, counseling, psychology, social
work, or alternative health therapies. Interventions were
excluded if they were not delivered in a live, synchronous group
format and were not delivered entirely on the web or by
telephone. Peer-led groups and web-based groups led by
individuals without a recognized certificate or degree related
to the intervention were also excluded.

Eligible Participants
Studies that examined community-dwelling adults aged ≥18
years with self-reported or physician-diagnosed mental health,
substance use, or bereavement concerns were included. Studies
that examined patients in palliative care or adults living in
institutionalized settings (eg, care homes, hospitals, and prisons)
were excluded.
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Data extraction was carried out independently, in duplicate, by
4 reviewers using Covidence (MLV, EH, MT, and Sydney
Murdoch). The extracted data included descriptions of the study
sample, intervention details, analytic method, and relationships
between the interventions and outcomes of interest. Outcomes
reported as means, SDs, and effect estimates were also extracted.
Where data were insufficient or not available in the published
paper or not obtainable by contacting the authors, studies were
excluded from the review. Of note, several RCTs examined the
same intervention, reported >1 outcome, or reported >1 measure
per outcome, all of which are included in this review.

Synthesis of Results and Assessment of Heterogeneity
Given the expected heterogeneity across studies, it was
determined that it would not be appropriate to conduct a
meta-analysis. Instead, a narrative analysis of the studies
following the Synthesis Without Meta-Analysis reporting
guidelines was performed [37]. We explored heterogeneity of
the intervention effects by comparing the effect sizes of studies
grouped by (1) mental health outcome, (2) intervention delivery
platform (videoconference, teleconference, and synchronous
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chat), and (3) intervention intensity (<8 contact hours, 8-12
contact hours, and >12 contact hours).
In the protocol, we had planned to assess intervention effects
by sex and gender [35]. We were unable to do so because of a
lack of studies that reported outcomes by these variables. In the
protocol, we had also planned to compare the effects of eHealth
interventions delivered to groups with those of eHealth
interventions delivered to active or inactive control, with results
combined across the 2 control conditions. Upon reviewing the
studies selected for the review, we found differential intervention
effects for active and inactive controls and have presented them
separately in the results.
We found a small but significant subset of studies focused on
nonprofessional caregiver mental health. Although we did not
specifically search for RCTs related to caregiver mental health,
these studies did meet our search criteria. Thus, our main
findings summarize results for all participants, including those
who are caregivers (eg, parents of children with cancer). To
increase the utility of our findings, we have also provided a
summary of intervention effects specifically for nonprofessional
caregivers.

Quality Assessment
We evaluated the quality of evidence for each outcome using
the Grading of Recommendations Assessment, Development
and Evaluation approach [38]. Outcomes were assessed using
the following categories: (1) high certainty: we are very
confident that the true effect lies close to the effect estimate;
(2) moderate certainty: we are moderately confident that the
true effect is close to the effect estimate, but there is a possibility
that it is substantially different; (3) low certainty: we have
limited confidence in the effect estimate; the true effect may be
substantially different from the effect estimate; and (4) very low
certainty: we have very little confidence in the effect estimate;
the true effect is likely to be substantially different from the
effect estimate.
Two reviewers (MLV and EH) independently rated the quality
of evidence. Given that all studies were RCTs, each rating began
as high quality. We downgraded quality by 1 level for serious
concerns and by 2 levels for very serious concerns about risk
of bias, inconsistency, indirectness, imprecision, and publication
bias. We used the GRADEpro Guideline Development Tool
(McMaster University and Evidence Prime) to generate
summary of findings tables for intervention outcomes compared
with active and inactive controls [39].
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using Cohen d to allow for a comparison of effects (ie, rather
than Hedges g, which is typically used to address inflation when
sample sizes are <20) [40]. Effect sizes were calculated by
subtracting the mean posttest score for the treatment group from
the mean posttest score for the control group and dividing the
result by the pooled SD of the 2 groups [41]. Effect sizes were
computed between the groups within 1 month after the
intervention period, given that this time point was most
consistently reported across the included studies. Effect sizes
were categorized as trivial (Cohen d<0.20), small (Cohen
d=0.20-0.49), medium (Cohen d=0.50-0.79), and large (Cohen
d≥0.80) following the guidelines provided by Cohen [41].
Wilcoxon signed-rank tests in R were used to calculate 95%
CIs for pooled effect sizes (with the exception of effect sizes
corresponding to single studies, for which 95% CIs could not
be produced) [42]. As recommended when a meta-analysis of
effect estimates is not conducted, visual displays were created
to summarize effect sizes by outcome across studies [43].
Specific effect size calculations by study are provided in
Multimedia Appendix 2 [44-64].

Risk of Bias
Risk of bias was assessed for all studies using the Cochrane
Risk-of-Bias Tool [65]. Of the 21 articles, the first 5 (24%) were
assessed by 4 reviewers (MLV, EH, MT, and Sydney Murdoch)
and the coinvestigators (CLC, RL, and RS) and compared for
consistency. Next, 4 reviewers (MLV, EH, MT, and Sydney
Murdoch) independently reviewed articles for risk of bias.
Judgments (high, some concerns, and low) were made based
on all risk-of-bias domains.

Results
Study Selection
Overall, 21 studies representing 20 interventions were included
in this review. As shown in Figure 1, the search yielded 7486
articles, with an additional 99 articles included in the initial
screening phase through hand searching the reference lists of
identified studies. From the 7585 articles, 3486 (45.96%)
duplicates were removed, leaving 4099 (54.04%) articles. After
title and abstract screening, of the 4099 articles, 973 (23.74%)
remained and underwent a full-text screening by 2 independent
reviewers (2 from MLV, EH, MT, and Sydney Murdoch).
Within this subsample of 973 articles, 949 (97.5%) were
excluded because of ineligibility and 3 (0.3%) were excluded
because of unclear eligibility despite multiple efforts to contact
authors for clarification.

Statistical Analysis
Given that no RCTs selected for this review had a sample size
<20 and most had sample sizes >50, we calculated effect sizes
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart.

Study and Participant Characteristics
The characteristics of the included studies are summarized in
Multimedia Appendix 3 [44-64]. Funding source, outcomes,
and measures are summarized in Table 1. A total of 20
interventions delivered to 2438 participants (sample size range:
47 to 361 participants per study) were examined [44-64]. The
studies spanned 7 countries, including Canada, the United States,
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Italy, the United Kingdom, Australia, the Netherlands, and
Spain. Most interventions took place in North America.
All 21 studies included in this review assessed changes in mental
health conditions or concerns. The most commonly reported
outcomes were anxiety, coping, depression, mental distress,
and quality of life. None of the included studies reported changes
in substance use or bereavement. More than half of the included
studies compared interventions using inactive control, which
was defined as no intervention, waitlist, or usual care
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[44,47,49,52,53,55-58,60,61,63]. This included 2 RCTs (2/21,
10%) that compared 2 interventions that met the inclusion
criteria with each other and with inactive control [49,58]. The
remaining RCTs in this review compared the intervention with
active control, which was defined as any intervention that
differed from the treatment and did not meet the eligibility
criteria for this review [45,46,51,59,62,64]. Typical active
controls were in-person interventions, unguided interventions,
and one-on-one interventions. In all, 3 RCTs used both inactive
and active control groups [48,50,54].
All studies reported findings by sex, and 14% (3/21) also
included gender and sexual orientation (men, women, gay, and
bisexual). Although sex was reported in the descriptive
summaries, it was not considered during the analyses or the
reporting of results, with the exception of Heckman and Carlson
[48] who reported findings by male, female, and gay or bisexual
categories [48]. Although the studies included in this review
were unbalanced in terms of sex, with an overrepresentation of
female participants in many RCTs, the findings were typically
generalizable to the populations studied. We observed that
interventions examining mental health among adults living with
HIV had more men, whereas interventions examining mental
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health among adults with chronic fatigue syndrome had more
women. In terms of age, this review focused on adults aged ≥18
years with a single exception. We included a study with
participants aged 16-25 years, given that the mean sample age
was 20 (SD 2.2) years, with 3.7% (9/244) of the participants
aged <18 years [57]. No studies that met our inclusion criteria
examined interventions within ethnic minority populations, and
no sample was adequate for conducting stratified analysis for
ethnic minority adults in this review.
All studies included in this review used self-reported symptom
scores to examine the effects of an intervention. No RCT that
used physician-diagnosed mental health measures was found.
The specific measures used to examine changes in mental health
across this review are described in Table 1. Most of the
interventions sought to improve mental health among adults
with a specific physical health condition, including cancer or
tumors [51,59,63,64], HIV or AIDS [47-49], epilepsy [50,55,56],
multiple sclerosis (MS) [44,45], bulimia [62], and chronic
fatigue [46]. Several sought to improve mental health among
nonprofessional caregivers [52,53,58,60,61]. Only 10% (2/20)
of interventions that met the inclusion criteria sought to improve
mental health among adults in the general population [54,57].
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Table 1. Funding source, outcomes, and measures of the included studies (N=21).
Study

Funding source

Outcomes and measures
Anxiety

Coping

Depression Mental distress

Quality of
life

Physical health
or behavior

HADSa

N/Ab

HADS

GHQc

EQ-5Dd

MSIS-29e; FSSf

Bogosian et al,
2015 [44]

Multiple Sclerosis Society UK (961/11)

Cavalera et al,
2019 [45]

Fondazione Italiana Sclerosi Multipla, Italian HADS
private foundation (FISM Research Grant
2013/R/17)

N/A

HADS

N/A

MSQOL-54g MOS-Sh; MFISi

Hall et al, 2017
[46]

National Institutes of Health
N/A
(5R01NS055672), National Research Service
Award (T32AT000051) from the National
Center for Complementary and Integrative
Health at the National Institutes of Health

N/A

N/A

PSSj

N/A

CDC-CFSk

Heckman et al,
2006 [47]

National Institute on Aging (R21 AG20334) N/A

CSESl;

GDSn

N/A

N/A

N/A

Heckman and
Carlson, 2007
[48]

National Institute of Mental Health (RO1
MH59009)

N/A

CSES

BDIo

N/A

N/A

N/A

Heckman et al,
2013 [49]

Grant RO1 MH078749 from the National
Institute of Mental Health and the National
Institute of Nursing Research

N/A

N/A

GDS

N/A

N/A

N/A

N/A

N/A

QIDSp and N/A

WHOQOL-

N/A

m

WOCC

Hum et al, 2019 EpLink: The Epilepsy Research Program of
[50]
the Ontario Brain Institute

NDDI-E

q

BREFr

Lepore et al,
2014 [51]

National Institutes of Health (R21CA15877) HADS

N/A

HADS

N/A

N/A

N/A

Marziali and
Donahue, 2006
[52]

National Institute of Mental Health (R34
MH092207)

N/A

N/A

RMBPCs

N/A

HSQ-12t

Park et al, 2020 Marino Health Foundation (no grant number) PHQ-4u
[53]

N/A

PHQ-4

VASv

N/A

N/A

Paxton et al,
2007 [54]

N/A

BDI-IIw

N/A

N/A

N/A

Thompson et al, Cooperative Agreement (U48 DP000043)
N/A
2010 [55]
through the Emory Prevention Research
Center from the Centers for Disease Control
and Prevention

CSES

BDI; mB-

N/A

BRFSSz

N/A

Thompson et al, National Institutes of Health grant (5RC1
2015 [56]
MD004563) from the National Center for
Minority Health and Health Disparities

N/A

mBDI;
PHQ-9

N/A

N/A

N/A

Van der Zanden ZonMw (Netherlands Organization for Health HADS
et al, 2012 [57] Research and Development) grant
(61300036)

N/A

CES-Daa

N/A

N/A

N/A

Vazquez et al,
2017 [58]

N/A

CES-D

N/A

N/A

N/A

Vranceanu et al, Children’s Tumor Foundation through a
GASab
2016 [59]; Zale clinical research grant awarded to Ana-Maria
et al, 2018 [64] Vranceanu

MOCS-

PHQ-9

N/A

WHOQOLBREF

NPRSad; BPIae

Wakefield et al, Cancer Australia (APP1065428); the National DASS2016 [60]
Health and Medical Research Council of
21af
Australia (APP1067501); Cancer Institute of
New South Wales (11/ECF/3-43); and Cancer
Institute of New South Wales (14/ECF/1-11).
The Behavioural Sciences Unit is supported
by the Kids with Cancer Foundation

N/A

DASS-21

DASS-21

QOL-FCTag

N/A

Australian Rotary Health Research Fund

Ministry of Economy and Competitiveness
of Spain (2012-PN162 [PSI2012-37396])
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N/A

HADS

DIx; NDDIE; PHQ9y

Aac
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Study

a

Funding source
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Outcomes and measures
Anxiety

Coping

Depression Mental distress

Quality of
life

Physical health
or behavior

Winter and
Gitlin, 2007
[61]

Alzheimer’s Association grant awarded to
Laura N. Gitlin, PhD

N/A

N/A

CES-D

N/A

N/A

N/A

Zernicke et al,
2014 [63]

Mind and Life Francisco J. Varela Research
Award

POMSah

N/A

POMS

CSOSIai

N/A

N/A

Zerwas et al,
2016 [62]

National Institute of Mental Health grant
(R01MH080065); Clinical Translational
Science Award (UL1TR000083); and
Alexander von Humboldt-Stiftung

BAIaj

BDI

N/A

N/A

EDQOLak;
SF-6D

N/A

al

HADS: Hospital Anxiety and Depression Scale.

b

N/A: not applicable.

c

GHQ: General Health Questionnaire.

d

EQ-5D: EuroQol-5 Dimensions.

e

MSIS-29: Multiple Sclerosis Impact Scale-29.

f

FSS: Fatigue Severity Scale.

g

MSQOL-54: Multiple Sclerosis Quality of Life-54.

h

MOS-S: Medical Outcomes Study-Sleep.

i

MFIS: Modified Fatigue Impact Scale.

j

PSS: Perceived Stress Scale.

k

CDC-CFS: Centers for Disease Control and Prevention Chronic Fatigue Syndrome Symptom Inventory.

l

CSES: Coping Self-Efficacy Scale.

m

WOCC: Ways of Coping Checklist.

n

GDS: Geriatric Depression Scale.

o

BDI: Beck Depression Inventory.

p

QIDS: Quick Inventory of Depressive Symptomatology.

q

NDDI-E: Neurological Disorders Depression Inventory for Epilepsy.

r

WHOQOL-BREF: World Health Organization Quality of Life-Brief Version.

s

RMBPC: Revised Memory and Behavior Problems Checklist.

t

HSQ-12: Health Status Questionnaire-12.

u

PHQ-4: Patient Health Questionnaire-4 item.

v

VAS: Visual Analog Scale.

w

BDI-II: Beck Depression Inventory 2.

x

mBDI: modified Beck Depression Inventory.

y

PHQ-9: Patient Health Questionnaire-9 item.

z

BRFSS: Behavioral Risk Factor Surveillance System.

aa

CES-D: Center for Epidemiological Studies-Depression.

ab
ac

MOCS-A: Measure of Current Status-Part A.

ad
ae

GAS: Generalized Anxiety Scale.
NPRS: Numeric Pain Rating Scale.

BPI: Brief Pain Inventory.

af

DASS-21: Depression Anxiety Stress Scale-21.

ag

QOL-FCT: Quality of Life-Family Caregiver Tool.

ah

POMS: Profile of Mood States.

ai

CSOSI: Calgary Symptoms of Stress Inventory.

aj

BAI: Beck Anxiety Inventory.

ak

EDQOL: Eating Disorder Quality of Life.

al

SF-6D: Short Form-6 Dimensions.

Adults with a specific physical health condition were recruited
through registries, community-based organizations, health
centers, or clinical referrals. People living with cancer or tumors
included women with stage I or II breast cancer in the past 36
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months [51], patients with neurofibromatosis diagnosed by a
medical professional [59,64], and those diagnosed with cancer
who completed primary cancer treatment in the last 3 years [63].
Studies that examined people living with HIV or AIDS used
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self-reported diagnosis [47-49]. Adults with epilepsy were
required to have been diagnosed with the condition for at least
one year [50,55], or at least 3 months should have elapsed after
the diagnosis at the time of recruitment [56]. Adults with MS
were included if they had a diagnosis of primary or secondary
progressive MS [44] or a diagnosis of relapsing–remitting or
secondary progressive MS, as determined by a neurologist [45].
Zerwas et al [62] used the Diagnostic and Statistical Manual of
Mental Disorders, Fourth Edition, to assess bulimia nervosa
[62]. Hall et al [46] required participants to have a
physician-determined chronic fatigue syndrome diagnosis based
on the definition formulated by Fukuda et al [66].

Intervention Content and Facilitation
Of the 20 group eHealth interventions, 6 (30%) delivered CBT
[46,54,57,58,60,62], 1 (5%) was a mindfulness program tested
across 2 RCTs [45,63], 4 (20%) used a combination of
mindfulness and CBT [44,50,55,56], 2 (10%) were defined as
resilience-based programs [53,59,64], and 6 (30%) were support
groups led by a health professional [47-49,51,52,61].
In all, 38% (8/21) of RCTs examined interventions delivered
by videoconference [44,45,52,53,59,60,63,64], 43% (9/21) by
teleconference [46-50,55,56,58,61], and 19% (4/21) by live,
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synchronous chat room [51,54,57,62]. Of the 20 interventions,
95% (n=19) were fully delivered by facilitators with professional
training related to the intervention (the facilitators were typically
mental health or allied health professionals). The sole exception
had some peer-led delivery but was included, given that the
intervention had significantly more contact hours than most
interventions examined, and the first 10 hours had been
delivered solely by certified health professionals [52].

Intervention Effectiveness by Outcome
Overview
Key outcomes examined across most of the RCTs were
depression (17/21, 81% of the studies), anxiety (8/21, 38%),
mental distress (6/21, 24%), coping (4/21, 19%), and quality of
life (8/21, 38%). None of the RCTs examined substance use,
addiction, or bereavement outcomes, highlighting a gap in
knowledge regarding the use of live, health professional–led
group eHealth interventions for these outcomes. Effect sizes
and CIs were calculated for each study to allow for comparison
of effects across RCTs, with results summarized in Table 2 and
narratively in the next sections. In addition, Figure 2 provides
a visual display of the results as recommended when a
meta-analysis of effect estimates is not possible [43].
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Table 2. Effect of eHealth interventions by outcome and comparator.
Outcome by comparator

Impact

Number of participants (studies)

Certainty of evidence

446 (5 RCTsb)

Very lowc,d,e

(GRADEa)

Anxiety
Inactive control Four studies had large to small effects, and 1 study had a trivial effect
Active control

Two studies had large to small effects, and 1 study had a trivial effect; 1 study 380 (4 RCTs)
reported inferior results, but effect sizes could not be calculated

Very lowc,d,e,f

Bereavement
Inactive control No studies

0 RCTs

N/Ag

Active control

0 RCTs

N/A

Inactive control One study had a small effect; and 1 study showed a trivial effect; 1 study had
small to trivial effects favoring the control group

433 (3 RCTs)

Very lowc,d,e

Active control

63 (1 RCTs)

Very lowd,e,f,h

No studies

Coping

One study had a large effect

Depression
Inactive control Nine studies had large to small effects, and 2 studies had trivial effects; 1 study 1488 (13 RCTs)
comparing 2 interventions found small effects in one and trivial effects in the
other. The intervention was inferior to control in 1 study (small effect)

Lowc

Active control

500 (5 RCTs)

Very lowc,d,e

Inactive control Four studies had large to medium effects, and 1 study had a trivial effect

268 (5 RCTs)

Very lowc,f,h,i

Active control

100 (1 RCTs)

Very lowd,e,f

Three studies had medium to small effects, and 2 studies had trivial effects

Mental distress

The intervention was inferior to control in 1 study (large effect)

Quality of life
Inactive control One study had a small effect, and 2 studies had a trivial effect. The intervention 268 (4 RCTs)
was inferior to control in 1 study (small effect)

Very lowc,d,f,j

Active control

421 (4 RCTs)

Very lowc,e,i,j

Inactive control No studies

0 RCTs

N/A

Active control

0 RCTs

N/A

Two studies had large to small effects, and 2 studies had a trivial effect

Substance use

a

No studies

GRADE: Grading of Recommendations Assessment, Development, and Evaluation.

b

RCT: randomized controlled trial.

c

Most articles were rated high using the Cochrane Risk-of-Bias Tool.

d

Magnitude and direction of effect varied across studies.

e

Variability in how the outcome is measured and the types of interventions.

f

The total number of participants across studies was small (400 or fewer), and some studies had small improvements, whereas others had nonsignificant
results likely because of a small sample size (borderline imprecision).
g

N/A: not applicable.

h

At least one study was rated high, and multiple studies rated some concerns overall with the Cochrane Risk-of-Bias Tool.

i

Populations are limited to a few specific conditions and disorders or by sex, which limits generalizability.

j

The total number of participants across studies was >400, but some studies found no effect (borderline imprecision).
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Figure 2. Effect sizes for mental health outcomes among the included studies compared with inactive and active controls.

Anxiety
In all, 38% (8/21) of RCTs examined intervention effectiveness
for anxiety, which was most commonly measured using the
Hospital Anxiety and Depression Scale (n=5 studies). The
Patient Health Questionnaire (n=1), the Generalized Anxiety
Scale (n=1), the Depression Anxiety Stress Scale Short Form
(n=1), the Beck Anxiety Inventory (n=1), and the Profile of
Mood States (n=1) were also used. Compared with inactive
control, health professional–led group eHealth interventions
delivered live to adults had large to small effects on anxiety
across 4 studies [44,53,57,63] and a trivial effect in 1 study [60].
Compared with active control, the interventions had large to
small effects on anxiety in 2 studies [45,59] and a trivial effect
in 1 study [62]. Active control was superior to intervention in
1 study; however, we were unable to calculate the effect size
using the available data [62]. Taken together, the interventions
had a medium effect on reducing anxiety compared with inactive
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(Cohen d=0.57, 95% CI 0.17-0.90) or active control (Cohen
d=0.48, 95% CI 0.15-0.81).

Coping
A total of 24% (5/21) of studies examined intervention
effectiveness for perceived coping. Most of them used the
Coping Self-Efficacy Scale (n=3 studies). The Beck Depression
Inventory, Measure of Current Status-Part A, and the Ways of
Coping Checklist were also used. Compared with inactive
control, interventions had a small to trivial effect on coping
across 2 studies [47,56]. An additional study compared 2 eligible
interventions with inactive control; the effect sizes suggest that
the interventions were inferior [48]. Compared with active
control, an eligible intervention had a large effect on improving
coping (Cohen d=1.15, 95% CI values could not be computed)
[64]. On the basis of these results, we conclude that more studies
are needed before results can be pooled and conclusions drawn
about the effectiveness of live health professional–led group
eHealth interventions on coping.
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Depression
Overall, 81% (17/21) of RCTs examined intervention
effectiveness for depression, which was measured using
well-recognized instruments for this construct, including the
Beck Depression Inventory (n=4 studies), the Hospital Anxiety
and Depression Scale (n=3), the Patient Health Questionnaire
(n=3), or the Centre of Epidemiological Studies Depression
Scale (n=3). Compared with inactive control, 9 interventions
had large to small effects on depression
[44,50,53,56-58,60,61,63], 1 study had small to trivial effects
[49], and 1 study had a trivial effect [47]. Compared with active
control, 3 studies had medium to small effects on depression
(compared with psychoeducation control) [45,50,59]. However,
the intervention was inferior to in-person delivery of the same
intervention for depression in 2 studies [54,62]. Taken together,
live health professional–led group eHealth interventions had
medium effects on adult depression compared with inactive
control (Cohen d=0.61, 95% CI 0.33-0.89) and small effects on
adult depression compared with active control (Cohen d=0.21,
95% CI –0.19 to 0.53).

Mental Distress
In all, 24% (5/21) of RCTs examined intervention effectiveness
for mental distress, which was examined using a different
measure in each of the 5 studies that assessed it. The measures
used were the Calgary Symptoms of Stress Inventory, General
Health Questionnaire, Perceived Stress Scale, Visual Analog
Scale, Revised Memory and Behavior Problems Checklist, and
the Depression Anxiety Stress Scale-21 (Table 1). Compared
with inactive control, interventions had large to medium effects
on mental distress in 4 studies [44,52,53,63] and no effect on
mental distress in 1 study [60]. Compared with active control,
the intervention was inferior in 1 study compared with in-person
delivery (Cohen d=–1.90) [46]. When effect sizes were pooled,
the eligible interventions yielded a moderate effect on mental
distress compared with inactive control (Cohen d=0.72, 95%
CI –0.04 to 0.85) across 5 studies but inferior to the same
intervention delivered in person. Thus, although live health
professional–led group eHealth interventions may be effective
for addressing mental distress among adults compared with
inactive control, more research is needed to determine whether
it is effective compared with the same intervention delivered
in person.

Quality of Life
This review did not systematically search for quality-of-life
outcomes. However, 38% (8/21) of studies that met the inclusion
criteria reported intervention effectiveness for this outcome.
We have summarized this information, noting that this may not
comprehensively summarize all the RCTs that assessed the
effect of live eHealth professional–led group interventions on
quality of life. As shown in Table 1, quality of life was measured
using a variety of instruments. Compared with inactive control,
the eligible interventions had a small effect on quality of life in
1 study [44], had a trivial effect in 2 studies [55,56], and were
inferior to control in 1 study [60]. Compared with active control,
the eligible interventions had large to small effects on quality
of life in 2 studies [45,59], and a trivial effect on quality of life
in 2 studies [50,62]. When the findings were pooled, we found
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that live eHealth professional–led group interventions had trivial
effects on quality of life compared with inactive control (Cohen
d=0.07, 95% CI –0.26 to 0.32) and active control (Cohen
d=0.19, 95% CI 0.07-0.76).

Physical and Behavioral Health
This review did not search for physical or behavioral health
outcomes beyond substance use. Given that 24% (5/21) of RCTs
selected for this review reported these outcomes, we have
summarized the evidence. As shown in Table 1, sleep, fatigue,
pain, MS, and general health were examined using a variety of
measures. An eligible intervention resulted in significant
reductions in fatigue compared with inactive control [44].
However, the results were mixed when compared with active
control, with a live health professional–led group eHealth
intervention having no effect on fatigue [37] and a second
intervention proving inferior to this comparator [38]. For sleep,
a study reported significant improvements in sleep quality and
sleep quantity compared with active control [37]. For pain, an
eligible intervention had a significant impact on pain compared
with inactive control [44]. Compared with active control, an
intervention reduced pain intensity, but this change did not
significantly differ from control at posttest assessment [50]. A
study found that a live health professional–led group eHealth
intervention significantly reduced the perceived burden of MS
on participants’ lives compared with inactive control [44].
Finally, a study found that an eligible intervention had no impact
on perceived general health compared with no intervention [52].

Effectiveness by Intervention Delivery Platform
Videoconferencing
A total of 38% (8/21) of RCTs examined interventions delivered
by videoconference, all of which reported large to small effects
on improved mental health compared with inactive
[44,52,53,60,63] and active control [45,59,64]. When effect
sizes were pooled across comparators, the eligible interventions
delivered by videoconferencing had a medium effect on adult
anxiety (Cohen d=0.60, 95% CI 0.17-1.03), depression (Cohen
d=0.60, 95% CI 0.38-0.90), and mental distress (Cohen d=0.72,
95% CI 0.18-1.03) and a small effect on quality of life (Cohen
d=0.43, 95% CI –0.03 to 0.99).

Teleconferencing
In all, 43% (9/21) of RCTs examined interventions delivered
by teleconference. Compared with inactive control, 6 resulted
in large to small improvements in mental health
[49,50,55,56,58,61], 1 had a trivial effect [47], and 1
intervention was inferior [48]. Compared with active control,
an eligible intervention delivered by teleconference had a small
effect on improving mental health in 1 study [40] but was
inferior at improving mental health across 2 studies [46,48].
When effect sizes were pooled, teleconference interventions
had a medium effect on depression (Cohen d=0.50, 95% CI
0.16-1.08), had a trivial effect on coping (Cohen d=0.04, 95%
CI –0.03 to 0.10) and quality of life (Cohen d=0.09, 95% CI
0.06-0.16), and were inferior to control for mental distress
(Cohen d=–1.90, 95% CI –0.24 to 0.05).
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Live Chat Room
Live, synchronous chat rooms were used to deliver interventions
across 19% (4/21) of interventions in this review. Compared
with inactive control, 2 studies reported large to medium effects
on depression and anxiety [54,57]. Compared with active
control, 1 study found a trivial effect and 2 studies found that
active control was superior (the same intervention delivered
face to face) [51,54,62]. When effect sizes were pooled across
comparators, interventions delivered by live chat room had a
small effect on adult anxiety (Cohen d=0.35, 95% CI –0.08 to
0.78) and depression (Cohen d=0.24, 95% CI –0.11 to 0.59).

Effectiveness by Intervention Intensity
Contact Hours: <8
Given that only 10% (2/21) of RCTs examined interventions
with less than 8 group-based contact hours, we did not pool
effect estimates for interventions of this length. Both
interventions sought to improve mental health among
nonprofessional caregivers. The first intervention had a large
effect on depression compared with inactive control and trivial
effects compared with active control [58]. The second
intervention had small effects on depression, anxiety, and mental
distress among parents caring for children with cancer compared
with waitlist control [60].

Contact Hours: 8-12
The majority of RCTs (11/21, 52%) examined interventions
that
had
8-12
group-based
contact
hours
[44,48,50,51,53-57,59,61]. Compared with inactive control, 6
found the interventions superior at improving mental health
[44,53-57] and 1 found a trivial effect compared with usual care
[48]. Compared with active control, 3 interventions of this length
were superior at improving mental health [50,59,64], whereas
2 found that active control was superior [48,54]. When effect
sizes were pooled, interventions with 8-12 contact hours had a
medium effect on adult anxiety (Cohen d=0.57, 95% CI
0.04-1.03) and mental distress (Cohen d=0.75, 95% CI
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0.05-0.44) and a small effect on coping (Cohen d=0.35, 95%
CI –0.09 to 0.54) and depression (Cohen d=0.40, 95% CI
0.21-0.60).

Contact Hours: >12
In all, 38% (8/21) of RCTs examined eligible interventions with
more than 12 group-based contact hours [45-47,49,52,61-63].
A total 22 contact hours were provided by 1 study, with the first
10 hours delivered by a health professional and the last 12 hours
by peer-led support. We have included this study in the >12-hour
category, given that the outcomes were only measured at the
end of 22 contact hours [52]. Compared with inactive control,
4 studies found that interventions of this length had large to
small effects on mental health outcomes [49,52,61,63] and 1
study found a trivial effect [47]. Compared with active control,
1 study found medium to small effects on mental health [45],
1 study found a trivial effect compared with in-person delivery
of the same intervention [62], and 1 study found that in-person
delivery was superior [46]. When effect sizes were pooled,
interventions with more than 12 contact hours had a medium
effect on anxiety (Cohen d=0.63, 95% CI 0.26-1.00), a small
effect on depression (Cohen d=0.33, 95% CI 0.02-0.90), and a
trivial effect on coping (Cohen d=0.07, 95% CI 0.09-0.21) and
mental distress (Cohen d=0.01, 95% CI –0.64 to 0.67).

Nonprofessional Caregivers
Almost one quarter of RCTs in this review (5/21, 24%) assessed
interventions designed to improve nonprofessional caregiver
mental health. These findings were pooled into our overall
results. We also present the results for this subgroup separately
in Figure 3. To summarize these results, the eligible
interventions had beneficial effects on caregiver anxiety [53,60],
depression [53,58,60,61], and mental distress [52,53]. Compared
with inactive control, 1 study found trivial effects on anxiety
[60]. None of the RCTs identified in this review focused on
professional caregivers (ie, those trained and paid to provide
care), which may be a gap to address in future studies.
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Figure 3. Effect sizes for mental health outcomes among caregivers compared with inactive control.

Risk of Bias
Risk-of-bias assessments are presented in Figure 4 and Figure
5 [44-64], with more detailed information presented in
Multimedia Appendix 4 [44-64]. Most of the studies (19/21,
91%) received a high risk-of-bias rating, given that the
behavioral interventions tested would be difficult to conceal.
In all, 19% (4/21) of the RCTs examined interventions that
blinded study staff during the data cleaning and analysis portions
of the studies [44,51,60,63]. For example, an intervention
blinded participants by telling them that they were testing 2
stress management interventions without revealing which was
the treatment condition. We included 2 RCTs reporting
outcomes from this blinded intervention in this review [59,64].
Risk-of-bias ratings were also affected by the measurement of

https://www.jmir.org/2022/1/e27939

XSL• FO
RenderX

outcomes, which were typically reported using surveys with
participants rather than through independent assessors [67].
Finally, risk-of-bias ratings were affected by missing
information about allocation concealment in 67% (14/21) of
studies [45-49,52-57,59,61,64] and missing information about
the randomization process in 33% (7/21) of studies
[46,48,50,52,55,56,61].
The quality of evidence in this review was typically rated very
low because of small sample sizes. The exception was
depression compared with inactive control, which was rated
low given the larger number of studies, larger samples, and
medium to large effects (Table 2). For caregiver populations,
all outcomes were rated as having very low certainty because
of small sample sizes across included studies.
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Figure 4. Risk-of-bias graph: review of authors’ judgments about each risk-of-bias item presented as percentages across all included studies.

Figure 5. Risk-of-bias summary: review of authors’ judgments about each risk-of-bias item for each included study [44-64].

Knowledge Gaps
No eligible RCT that examined impacts on substance use or
bereavement was found despite our use of search terms to
specifically identify studies that had examined these outcomes.
In addition, none of the studies identified in this review reported
that they had encouraged physical activity as a way to address
or improve mental health as part of their intervention. Finally,
no eligible intervention identified in this review focused on
professional caregivers or health professionals.
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Discussion
Principal Findings
This systematic review assessed experimental evidence for the
effectiveness of live health professional–led group eHealth
interventions on mental health, substance use, or bereavement
among community-dwelling adults. A total of 20 unique
interventions met the inclusion criteria for this review across
21 RCTs. Evidence was summarized for 2438 adults in 7
countries. All participants were community-dwelling; most had
underlying physical health conditions and were taking part in
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the intervention to address mental health concerns related to
their health.
The interventions identified in this review had the strongest and
most consistent effects on reducing anxiety and depression.
Medium effects on anxiety were observed compared with
inactive or active control across studies. This is not unexpected,
given that eHealth interventions may be particularly effective
for anxiety disorders such as agoraphobia that have symptoms
exacerbated by travel [11]. For depression, the interventions
had medium to small effects across studies compared with
inactive and active controls. These findings build on a pair of
recent systematic reviews that concluded that live health
professional–led videoconference interventions are effective at
improving adult anxiety and depression when delivered
one-on-one [11,12]. Extending these findings to groups in this
review is encouraging, given that group delivery of live eHealth
interventions could expand public access to mental health
professionals in cost- and time-effective ways, both during and
after the pandemic. That said, the effectiveness of the
interventions examined in this review for mental distress and
coping were unclear across studies, highlighting the need for
more research on these outcomes.
No RCT was found that examined intervention impacts on
substance use or bereavement, highlighting notable gaps in the
evidence base. More broadly, systematic reviews of RCTs have
shown that internet- and computer-based interventions are
effective at reducing grief, as well as cannabis and illicit drug
use among adults, although the number of RCTs used to make
these assessments remains small [6,30,68]. Thus, it is plausible
that live, eHealth group interventions led by health professionals
could also be effective at addressing these outcomes.
Determining the extent to which this is the case and the
superiority of such interventions for these outcomes compared
with in-person, asynchronous, or one-on-one eHealth
interventions requires further RCT research.
When the results were examined by eHealth platform,
interventions delivered by group videoconference had the most
robust impacts on adult mental health. Medium effects on
reduced anxiety, depression, and mental distress were observed
across videoconference interventions, in addition to a small
effect on improved quality of life. Eligible teleconference
interventions had medium effects on depression. However,
trivial effects were observed for improvements in perceived
coping and quality of life, and a study found that an intervention
delivered by teleconference was inferior to control for mental
distress. Although only a few RCTs (n=4) examined
interventions delivered using live web-based chat, small but
encouraging positive effects were observed for adult anxiety
and depression.
In terms of intervention length, 90% (19/21) of the RCTs in this
review examined interventions that offered ≥8 live, group
contact hours led by a health professional. Interventions with
8-12 contact hours had medium effects on anxiety and mental
distress and small effects on depression and coping across 11
RCTs. Interventions with >12 contact hours were assessed by
38% (8/21) of RCTs and also had a medium effect on anxiety
and a small effect on depression. This is surprising, given that
https://www.jmir.org/2022/1/e27939

XSL• FO
RenderX

Currie et al
research suggests that more time is generally better to build a
strong therapeutic bond in a digital intervention [15,69].
Building from these results, a hypothesis that could be tested
in future studies is whether working with clients in groups using
eHealth platforms encourages therapeutic bonds to be built more
efficiently compared with more standard one-on-one eHealth
therapies. The findings of this review also highlight the need
for more research generally, given that the heterogenous nature
of the interventions identified, the risk of bias, and the quality
of evidence available to date make it difficult to ascertain
whether the observed effects were due to intervention length or
other factors.
The conflictive results observed in this review may also be due
to differences in the target populations examined. Many
participants in this review had underlying health conditions,
which suggests that some may have been receiving concomitant
treatments as part of their usual care that could have influenced
outcomes. It may also be that chronic disease or pain among
participants in some studies influenced the extent of their
engagement. Inconsistent results may also be due to differences
in the therapeutic methods used (eg, mindfulness-based
cognitive therapy, CBT, and mindfulness-based stress
reduction). Of note, we were not able to draw conclusions on
the effectiveness of specific therapeutic methods because few
studies used the same method. Differences in the types of control
groups used across studies may have also influenced the
discrepant results. For example, when an active intervention
was found to be inferior in this review, it was often in studies
that compared it with an active control that was the same
intervention delivered face to face. Finally, many of the RCTs
included in this review were described as pilot studies (9/21,
43%) and may not have had the study power to draw reliable
conclusions.

Limitations
This review was limited to studies published in English or
French. The search did not include physical or behavioral health
outcomes or gray literature. Clinical experts (eg, psychiatrists)
were not involved in the search. All measures used to assess
changes in mental health in this review were self-report, and
the overall number of studies summarized was small. The nature
of the interventions under study (ie, behavioral rather than
pharmaceutical) meant that participants were usually unblinded.
For these reasons, no study captured in this review was rated
lower than moderate for risk of bias. Intervention adherence
and attendance were not consistently reported across the RCTs
selected for this review and could not be assessed. All
participants were community-dwelling, and most had underlying
chronic health problems. Given that chronic health conditions
are common among adults, this may not hamper generalizability,
although generalizability to adults without underlying health
conditions should be made with caution [57,58]. We also note
that the intensity of usual care varied across the RCTs in this
review, raising concerns about the interpretation and
generalizability of results. We also note that a study identified
in this review included 9 participants who were aged 16-17
years. The reason for this exception to the inclusion criteria is
that the proportion of the sample who were not aged ≥18 years
was extremely small (9/244, 3.8%) and likely inconsequential
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to the results, given that the remaining bulk of the sample
(235/244, 96.2% of the participants) were aged ≥18 years. Thus,
we decided that removing this particular study would be a
greater violation of our inclusion criteria than including it would
be a violation of our exclusion criteria. This study had one of
the largest sample sizes of adults who met all inclusion criteria;
thus, it was our opinion that removing it would result in a
systematic review that did not reflect the published studies we
sought to summarize. We can confirm that no other study in the
pool of papers selected from our original literature search that
met all other inclusion criteria for this review had a mixed
adolescent or adult sample. Finally, few studies selected for this

Currie et al
review included a follow-up period of ≥6 months. As a result,
the longer-term impacts of live health professional–led group
eHealth interventions on adult mental health remains unclear.

Conclusion
Live eHealth group interventions led by health professionals
can foster moderate improvements in anxiety, and moderate to
small improvements in depression among community-dwelling
adults, particularly those delivered by videoconference and
those providing 8-12 hours of synchronous engagement. This
review highlights a need for experimental research to understand
the long-term impacts of these interventions and whether they
may be effective for adult substance use and bereavement.
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Abstract
Background: Hikikomori is a form of severe social withdrawal that is particularly prevalent in Japan. Social media posts offer
insight into public perceptions of mental health conditions and may also inform strategies to identify, engage, and support
hard-to-reach patient populations such as individuals affected by hikikomori.
Objective: In this study, we seek to identify the types of content on Twitter related to hikikomori in the Japanese language and
to assess Twitter users’ engagement with that content.
Methods: We conducted a mixed methods analysis of a random sample of 4940 Japanese tweets from February to August 2018
using a hashtag (#hikikomori). Qualitative content analysis included examination of the text of each tweet, development of a
codebook, and categorization of tweets into relevant codes. For quantitative analysis (n=4859 tweets), we used bivariate and
multivariate logistic regression models, adjusted for multiple comparisons, and estimated the predicted probabilities of tweets
receiving engagement (likes or retweets).
Results: Our content analysis identified 9 codes relevant to tweets about hikikomori: personal anecdotes, social support,
marketing, advice, stigma, educational opportunities, refuge (ibasho), employment opportunities, and medicine and science.
Tweets about personal anecdotes were the most common (present in 2747/4859, 56.53% of the tweets), followed by social support
(902/4859, 18.56%) and marketing (624/4859, 12.84%). In the adjusted models, tweets coded as stigma had a lower predicted
https://www.jmir.org/2022/1/e31175
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probability of likes (−33 percentage points, 95% CI −42 to −23 percentage points; P<.001) and retweets (−11 percentage points,
95% CI −18 to −4 percentage points; P<.001), personal anecdotes had a lower predicted probability of retweets (−8 percentage
points, 95% CI −14 to −3 percentage points; P=.002), marketing had a lower predicted probability of likes (−13 percentage points,
95% CI −21 to −6 percentage points; P<.001), and social support had a higher predicted probability of retweets (+15 percentage
points, 95% CI 6-24 percentage points; P=.001), compared with all tweets without each of these codes.
Conclusions: Japanese tweets about hikikomori reflect a unique array of topics, many of which have not been identified in prior
research and vary in their likelihood of receiving engagement. Tweets often contain personal stories of hikikomori, suggesting
the potential to identify individuals with hikikomori through Twitter.
(J Med Internet Res 2022;24(1):e31175) doi:10.2196/31175
KEYWORDS
hikikomori; loneliness; social isolation; social withdrawal; Twitter; hidden youth; mobile phone

Introduction
Background
Hikikomori is a form of severe social withdrawal, initially
described in Japan in the 1990s, and since the 2010s, it has been
increasingly reported in other countries around the globe,
including the Western world [1,2]. Individuals with hikikomori
are described as people who shut themselves in their homes for
months and even years, with minimal interaction with society
and little to no participation in school or the workforce [3].
Hikikomori can cause significant distress to the affected
individuals and is often associated with psychiatric disorders
[4,5]. It has also been considered a major socioeconomic and
public health concern in Japan for years, with an estimated
prevalence of approximately 1% [6,7].
A longstanding area of debate is whether hikikomori constitutes
(or is a manifestation of) psychopathology versus sociological
phenomena such as nonmainstream lifestyle preferences, cultural
marginalization [8], or nonconforming reactions to societal
constraints [9]. To an extent, hikikomori represents
psychopathology, and additional issues include how to diagnose
and treat it [7].
The nature of hikikomori makes affected individuals a
hard-to-reach population [10] in terms of research and
intervention efforts. Although hikikomori was described in
Japan much before the digital revolution of the 2000s, the
internet, social media, and web-based gaming have radically
changed the way people interact [11]. This may be particularly
relevant among individuals with hikikomori, a hidden population
that might be spending a considerable amount of time on the
internet for entertainment and social interaction [12]. Indeed,
the relationships among internet use, video gaming, social media
use, and hikikomori have been studied in Japan [13]. Given this,
the online world has been proposed as an accessible gateway
to reach and support individuals with hikikomori [10,14].
Social media platforms, including Twitter [15], Facebook [16],
and Instagram [17] have been increasingly harnessed for health
research. Twitter, a popular microblogging platform mainly
based in short text posts (tweets), counts on >300 million users
worldwide [18] and provides open access to its public contents.
Health research on Twitter has included exploration of content
in the public conversation regarding health conditions and
treatments, engagement of users (reach of general public,
https://www.jmir.org/2022/1/e31175
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recruitment of research subjects, and intervention on target
populations), and real time epidemiological surveillance [15]
(these applications of internet and social media-based data have
been named Infodemiology and infoveillance) [19].
Twitter can be especially useful for health research in Japan, as
it is the most popular social media platform in this country [20],
with 51.9 million users as of October 2020 (in absolute number
of Twitter users worldwide, Japan is only behind the United
States, which has 68.7 million users) [18]. We previously
reported findings based on analysis of tweets containing the
hashtag #hikikomori [10]; the study found that tweets depicted
hikikomori as either not a problem (eg, as a lifestyle or a
nonconcerning behavior) or as a medical or social problem.
Tweets with scientific content and tweets mentioning hikikomori
in countries other than Japan showed significantly higher user
engagement than those without these topics. However, the study
was limited in sample size and only included tweets in 5 Western
languages (English, Italian, Spanish, Catalan, and French).

Objectives
The objective of this study is to analyze Japanese language
tweets related to hikikomori. Our two primary research questions
are as follows: (1) What are the main types of content among
Japanese language tweets related to hikikomori? (2) What tweets
result in the most engagement (as measured by users’ retweets
and likes)?

Methods
Study Design and Overview
In this mixed methods study [21], we used concurrent collection
and analysis of qualitative and quantitative social media data
to better understand hikikomori. Qualitative data and analysis
focused on content analysis of publicly available tweets about
hikikomori in the Japanese language, whereas quantitative data
and analysis focused on metrics of engagement with the tweets
contained in the content analysis.
Translation (Japanese to English) was done by bilingual research
team members (ART and MPJT), with backtranslation (English
to Japanese) by native Japanese speakers (TH and RK). This
study was approved by the University of Navarra Research
Ethics Committee (ID: 2018.36-mod1) and the Veterans Affairs
Portland Health System Research and Development Committee
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(ID: 4524). We used publicly available tweets, which are subject
to universal access according to Twitter’s terms of service [22].

Data Collection and Curation
Figure 1 presents a flowchart summarizing the steps in data
collection and analysis, along with the number of tweets
included and excluded in each step. We used the Tweet Binder

Pereira-Sanchez et al
engine for the identification and collection of tweets. As
described in our previous studies on Twitter content analysis,
[10,23-25], Tweet Binder uses the Twitter provider Firehose
via the tool Gnip (Gnip Inc) to access 100% of the public tweets
matching a specific query, whereas some other search engines
based on Twitter’s application programing interface can only
access small samples [15,26].

Figure 1. Flowchart summarizing the steps in data collection and analysis.
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We included tweets that met the following criteria: (1) were
public (ie, not posted as protected by users); (2) contained any
of the 3 hashtags, each representing a way to transcribe the term
hikikomori in Japanese (#ひきこもりor #引きこもり or #引
き籠り); (3) were posted between February 1 and August 16,
2018; and (4) contained any text in Japanese besides the hashtag
itself. The exclusion criteria were as follows: (1) the majority
of text in the tweet was in another language besides Japanese
or (2) tweets only contained a link or picture without any text.
Extracted information also included metadata (date of tweets,
contributors’ usernames and number of followers, number of
likes and retweets, frequently associated hashtags, etc). We
merged the full data for each of the tweets containing 1 of the
3 hashtags into 1 data set, removed duplicates, and randomized
the order of tweets in the data set.

Content Analysis: Codebook Development and
Training
Training was provided by research team members (VPS and
ART) experienced in content analysis and codebook
development [10,16,24]. There were 2 primary coders (TH and
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RK), with a third research team member (MPJT) assisting with
adjudication of coding disagreements.
We first created a training data set of 604 tweets for content
exploration and for training coders. Both coders looked at the
text of each tweet independently, being blind to its metadata
(username and date), to identify both hypothesis-driven codes
(ie, types of contents previously identified in our study on
hikikomori in Western languages [10]: hikikomori not as a
problem, medicine and science, personal anecdotes, social,
scientific reference, and hikikomori out of Japan) and
data-driven codes (new types of contents). Tweets could be
coded into multiple codes when appropriate, although the
assignment of a single code was preferred.
A codebook was developed using an iterative process through
regular team meetings; the final codebook comprised 9 codes
that fit all the main topics present in the data set and for which
the interrater reliability (IRR), as measured by agreement
percentages, was very high (>95%). Table 1, which lists these
codes and provides definitions and examples, was used as a
reference for coders in the following step.

J Med Internet Res 2022 | vol. 24 | iss. 1 | e31175 | p.716
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Pereira-Sanchez et al

Table 1. Codebook for content analysis (N=5000 tweets).a
Code

Definition

Examples of tweets

Unclassifiable

Tweets with insufficient information to be •
coded. These typically included brief
tweets or tweets with seemingly random
content with little relevance to hikikomori.

“I’m in the intensive camp trying to get a driving license, I can’t stand it
anymore #event #smartphone #driverslicense #camp #Iwannagohome
#hikikomori #ubearable (URL).” [Tweet ID 1695]

Personal anecdotes

Tweets describing experiences with
•
hikikomori. These can either be from
people who self-identify as hikikomori
(first person stories) or comments about
others thought to have hikikomori (second
or third person stories).

“A quiet morning. Heb hasn’t come into the living room. Perhaps he’s having
a restful sleep? 1 year and several months ago Even if he had medications
he couldn’t sleep. It was difficult for him to fall asleep alone. Now, even
without medication, he falls asleep just like this. I hope he sleeps a
lot...#depression #hikikomori #schoolrefusal.” [Tweet ID 4796]

Social support

Tweets about resources that may provide •
social support, such as online or face-toface support groups or hotlines for people
affected by hikikomori.

“Self-help group for those who are unemployed or on leave (URL) # Selfhelpgroup “Intersection”#Unemployed #On leave #Returntowork #Depression
#Hikikomori #Socialparticipation #Self-helpgroup #Createanibasho
#Urawac#counseling #NEETd #Psychiatry.” [Tweet ID 1156]

•

“Good evening, this is Akebonobashic Independence Training Center. Are
you troubled by #Hikikomori #NEET #developmental disorder #domestic
violence? Do discuss it with us! (URL).” [Tweet ID 1320]

Tweets advertising or offering services to •
individuals with hikikomori (note: if the
service being marketed was a job offer or
schooling or educational opportunity, they
were coded using those codes instead).

“There aren’t many people with a PC who aren’t doing this you know? It’s

Advice

Tweet offering suggestions, recommenda- •
tions, or advice for individuals with
hikikomori.

“Today, discussed “listening communication” at the “trouble with returning
to work café.” While communication tends to emphasize “speaking,” actually
“listening” can also be important! Perhaps this approach can be effective for
people who have problems with communication? #support with return to
work #youthsupport #ibasho #Hikikomori (URL).” [Tweet ID 172]

Stigma

Tweets using hikikomori as a pejorative
word or insult.

•

“Colorful, small-sized clothes are worn by both older women, and younger
ladies in their 20s. Even if both of these groups have a slim and short
physique, I think there are clothes that are suitable for a certain age. It’s like

Marketing

what happens when you try too hard...lole ⇒ (URL) #Sidejob #Millionaire
#NEET #Hikikomori.” [Tweet ID 1011]

washing everyone’s clothes together on the weekend.f #Cigarettesmell #Noise
#Annoyingbehavior #Condominiumresident #Okagamic #Hikikomori
#Makingyoung #disgusting #Aunt.” [Tweet ID 1021]
Educational opportuni- Tweets about schooling options or other
ties
educational opportunities for individuals
with a diagnosis of hikikomori.
Refuge (Ibasho)

•

Tweet that describes or offers a refuge,
•
respite, or other safe space for people (including those affected by hikikomori). In
Japanese, the term ibasho is used.

Employment opportu- Tweets offering jobs for individuals with
nities
hikikomori.

•

Medicine and science Tweet related to the epidemiology, psy•
chopathology, diagnosis, research, or
treatment of hikikomori. Tweets with an
explicit reference to a scientific publication, government document, or other offi- •
cial source are also included here.
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“Kyoto or Osaka correspondence school. A school in Kyoto, which is eligible
for a secure study Support System. (URL) #School refusal #Hikikomori.”
[Tweet ID 677]
“Hi there! Today at my ibasho, I had a day of art

A bit like winter? Using

felt to make a mini cushion! Feel like it turned out pretty good
g

c

c,g

#tokyo #tokyo #sugamo #sugamo
399]

‼ #Tokyo

#hikikomori...(URL).” [Tweet ID

“Ocomailh is in production! #Starfish* #myjobistofind people #recruitment
#Occupation #Kagawac #Kochic #Tokushimac #Ehimec #Shikokuc #LGBT
#Hikikomori #Elderlypeople #Foreigners #Mother #Disabledpeople #Careerchange #Jobhunting #Job #Staffrecruitment #Recruitment #Mid-career recruitment #Ocomail” [Tweet ID 155]
“20xx news from cabinet office: Hikikomori (40-64 yrs old) A national survey...‘rarely leaves their own room,’ ‘travels only to nearby convenience
stores’ -> counselling with Hikikomori (URL) #cabinet office #Hikikomori
#nationalsurvey (URL).” [Tweet ID 11,384]
“The average age of hikikomori is 34.4 years, with an average duration of
11.8 years. The ages appear to be increasing. ⇒ The average age of actual
hikikomori is 34.4 years old, with an average duration of hikikomori is 11
years 8 months. Both of which were the highest ever in an official survey.
#Hikikomori (URL).” [Tweet ID 3212]
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a

This table presents the definitions and examples of the codes in our codebook. Spacing between lines and paragraphs, if present in the original tweets,
was removed to shorten the length of the table. Hyperlinks, when present in the original tweet, were removed in these examples (we leave [URL] to
indicate that a hyperlink was present in the original tweet). All hashtags (starting with #) were translated into English unless they used unique concepts
without appropriate English equivalents.
b

The tweet does not specify what gender the person in question is; the male pronoun is used only for the purposes of this translation.

c

Toponym.

d

NEET: not in employment, education, or training.

e

The letter “W” in the original text is thought to represent an onomatopoeia for the sound of laughter. On the internet, it is used similar to its English
equivalent of lol (ie, laugh out loud).
f

It is standard practice in Japan to do one’s laundry separate from others, particularly as people commonly live in shared accommodation.

g

The Japanese language comprises of multiple writing systems; here, the same toponyms are spelled in different hashtags using different writing systems.

h

Ocomail is a popular Japanese company that specializes in shipping locally grown Japanese rice overseas.

Content Analysis: Categorization of Tweets
An independent subsample of 5000 tweets (analytic data set)
was used for content analysis, and the newly developed
codebook was applied. Each coder independently examined the
texts of 50% (2500/5000) tweets. For each tweet, raters were
instructed to determine whether it fit the inclusion criteria
(60/5000, 1.2% tweets were unclassifiable and excluded) and
code it for the presence or absence of each of the 9 codes.
To ensure acceptable IRR and prevent coder drift [27], both
raters also coded 3 batches of tweets from an independent subset
(IRR data set), 1 batch per week during the first 3 weeks of the
content analyses. The lead investigator (VPS) monitored the
IRR for these batches and provided interim feedback when
appropriate.

Statistical Analyses: IRR and Engagement Metrics
Statistical analyses were conducted using Stata 16 (StataCorp)
and included calculations of IRR, descriptive figures of the
distribution of tweets by codes, and analysis of engagement
metrics.
We calculated the agreement percentages to assess the IRR for
the 261 double-coded tweets from the IRR data set, which were
used for coder training and not used during content analyses.
Agreement percentages (presented as last batch of double
coding/average across batches of double coding) were
79.21%/77.84% for personal anecdotes, 91.09%/90.68% for
social support, 87.13%/85.71% for marketing, 91.09%/90.68%
for advice, 92.08%/89.44% for stigma, 98.02%/96.89% for
educational opportunities, 98.02%/96.89% for refuge (ibasho),
99.01%/98.76% for employment opportunities, and
99.01%/99.38% for medicine and science. We use agreement
percentages over κ coefficients, as the latter underestimates
agreement when the prevalence values (in our case, number of
tweets) for a category or code are too low [27].
As for users’ engagement metrics, we analyzed likes and
retweets for each code in the analytic data set. Previous research
has estimated that most users’ engagement with social media
content occurs within a week after posting [28]. Therefore, we
further restricted our analytic sample to tweets that had at least
3 days of follow-up between posting and data collection, thereby
excluding 1.64% (81/4940) tweets.
Bivariate logistic regression models were used to test for the
association between tweets and the presence of a code and
receiving at least one like or retweet. Multivariate models tested
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the same association with adjustment for (1) user’s number of
tweets in our analytic sample, (2) user’s number of followers,
and (3) number of days between posting and data collection.
All models were clustered by the user. Results were presented
as proportion points difference (also understood as difference
in predicted probabilities between tweets with and without the
code) rather than model coefficients for ease of interpretation
[29]. Critical values for Bonferroni correction for multiple
comparisons were calculated by dividing the α level (.05) by
the number of hypotheses (9) and applied to all results (critical
value P<.005). These regression models were preferred over
linear regressions for numbers of likes and retweets because of
the uneven distribution of these numbers among tweets.

Results
As detailed in the flowchart presented in Figure 1, of the 8065
tweets collected by the Tweet Binder tool, 4940 (61.25%) and
4859 (60.25%) unique tweets were included in the qualitative
content and quantitative data analysis, respectively. A total of
1680 unique users contributed to those tweets, with an average
of 1 tweet per user (median 1; IQR 1-2); only 54 users (3.21%)
contributed >10 tweets.

Content of Tweets That Reference Hikikomori
The codebook applied to the analytic data set included 9 codes,
1 of which was hypothesis-driven from our previous research
[10] and the remaining 8 were data-driven based on the
exploration of tweets in the training data set:
1.

2.

Hypothesis-driven code: Medicine and science included
tweets related to epidemiological, therapeutic, or research
aspects of hikikomori understood as a pathology (eg, a tweet
about a published research paper on hikikomori).
Data-driven codes: Marketing, employment opportunities,
and educational opportunities included different kinds of
offers apparently targeted at people with hikikomori. Social
support and refuge (ibasho) comprised tweets promoting
resources to help people with hikikomori, such as online
or onsite social support groups, hotlines, or ibasho—a
Japanese concept referring to designated spaces of
psychological comfort for people in distress [30]. Personal
anecdotes were related to stories of people describing
hikikomori symptoms or behaviors with or without negative
connotations (stigma) or helpful information (advice).

As mentioned earlier, definitions and examples are available in
Table 1.
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The 10 most frequently used hashtags are represented in Figure
2. The most common hashtags were related to education and
employment (#school absenteeism or #refusal and #NEET, an

Pereira-Sanchez et al
acronym used to refer to people not in education, employment,
nor training), whereas some less frequent ones were related to
mental health and support.

Figure 2. Word cloud illustrating the 10 most frequently used hashtags in the tweets analyzed.

Distribution of Tweets by Codes
The tweet contents were unevenly distributed across the codes.
Of the 4859 tweets, the code personal anecdotes was present
in 2747 (56.53%), whereas social support was present in 902
https://www.jmir.org/2022/1/e31175
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(18.56%) tweets, and marketing was present in 624 (12.84%)
tweets. To note, medicine and science was the code with the
least tweets (31/4859, 0.63%). Complete figures on the number
and percentages of tweets per code are presented in Table 2,
along with the descriptive figures for likes and retweets.
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Table 2. Descriptive characteristics of the tweets included in the analysis by code (N=4859).a
Code

Tweets, n (%)

Likes

Retweets
b

c

At least one , n (%)

Median (IQR)

At least oneb, n (%)

Medianc (IQR)

Personal anecdotes

2747 (56.53)

1318 (48)

3 (1-7)

436 (15.9)

1 (1-3)

Social support

902 (18.56)

276 (30.6)

2 (1-4)

211 (23.4)

1 (1-3)

Marketing

624 (12.84)

199 (31.9)

2 (1-5)

106 (17)

1 (1-2)

Advice

281 (5.78)

93 (33.1)

2 (1-5)

60 (21.4)

1 (1-3)

Stigma

166 (3.42)

12 (7.2)

1 (1-3)

9 (5.4)

1 (1-1)

Educational opportunities

129 (2.65)

37 (28.7)

2 (1-5)

21 (16.3)

2 (1-3)

Refuge (Ibasho)

86 (1.77)

40 (46.5)

4 (1-7)

30 (34.9)

2 (1-4)

Employment opportunities

82 (1.69)

28 (34.2)

3 (1-13)

21 (25.6)

3 (1-15)

Medicine and science

31 (0.64)

16 (51.6)

2 (1-3)

7 (22.6)

4 (2-7)

a

For each code, the total number of tweets and retweets (n) and relative proportions (%) are provided. The total number of tweets in the first column
may add to more than the total number of tweets that we have analyzed because 1 tweet could be coded into multiple codes.
b

Among tweets in the code, n (%) with at least one like (or retweet).

c

Among tweets in the code which had at least one like (or retweet), median (IQR) of the number of likes (or retweets).

Engagement Metrics by Codes
Approximately half of all tweets in medicine and science,
personal anecdotes, and refuge (ibasho) codes received at least
one like (16/31, 51.6%; 1318/2747, 48%; and 40/86, 46.5%,
respectively), whereas one-third (30/86, 35%) of tweets in refuge
(ibasho)’ and approximately one-quarter of tweets in
employment opportunities (21/82, 26%) and social support
(211/902, 23.4%) received at least one retweet. Tweets with the
code stigma had the lowest probability of having at least one
like (12/166, 7.2%) or 1 retweet (9/166, 5.4%; Table 2).

Results from logistic regression analyses with clustering by user
are presented in Table 3 (for likes) and Table 4 (for retweets).
In unadjusted models, tweets with the stigma code had a
significantly lower predicted probability of receiving likes (−35
percentage points, 95% CI −45 to −25 percentage points;
P<.001) and receiving retweets (−13 percentage points, 95%
CI −20 to −7 percentage points; P<.001) compared with all
tweets without that code. Tweets coded as personal anecdotes
had a significantly higher predicted probability of receiving
likes (+16 percentage points, 95% CI 3-29 percentage points;
P=.02) compared with all tweets without that code. No other
associations between codes and being liked or retweeted were
significant in the unadjusted models.

Table 3. Association between content analysis codes and receiving at least one like (N=4859 tweets) using logistic regression with adjustment for
covariates and clustering by user.a
Code

Estimated probability (95% CI) by tweet content

P value

Tweets without code (%)

Tweets with code (%)

Difference (percentage points)

Personal anecdotes

35.4 (30.3 to 40.5)

44.9 (36.5 to 53.3)

9.5 (0.5 to 18.5)

.04b

Social support

41 (34.1 to 47.9)

41.2 (32.9 to 49.4)

0.2 (−12.6 to 12.9)

.98

Marketing

42.9 (37.6 to 48.1)

29.5 (19.8 to 39.3)

−13.3 (−20.8 to −5.9)

<.001b,c

Advice

41.1 (35.2 to 47.1)

39.7 (26.3 to 53.1)

−1.4 (−16.9 to 14.0)

.86

Stigma

42.1 (36.4 to 47.7)

9.5 (2.6 to 16.3)

−32.6 (−41.9 to −23.3)

<.001b,c

Educational opportunities

41.5 (35.8 to 47.1)

27.5 (16.7 to 38.4)

−13.9 (−25.4 to −2.4)

.02b,c

Refuge (Ibasho)

41.1 (35.5 to 46.6)

40.5 (16.4 to 64.7)

−0.5 (−24.5 to 23.5)

.97

Employment opportunities

41.2 (35.6 to 46.8)

33.7 (21.9 to 45.4)

−7.5 (−20.2 to 5.1)

.24

Medicine and science

41 (35.5 to 46.6)

42.4 (23.7 to 61)

1.3 (−17.5 to 20.2)

.89

a

Results are expressed as the difference in predicted probability of at least one like between tweets with and without the code, wherein a positive value
indicates a higher probability of receiving a like among tweets with the code present compared with tweets without the code. Models adjusted for (1)
number of user tweets in the data set, (2) number of followers for the user, and (3) number of days between posting and the data collection date.
b

Significance at critical value P<.05.

c

Significant at the Bonferroni-adjusted critical value P<.006.
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Table 4. Association between content analysis code and receiving at least one retweet (N=4859 tweets) using logistic regression with adjustment for
covariates and clustering by user.a
Code

Estimated probability (95% CI) by tweet content

P value

Tweets without code (%)

Tweets with code (%)

Difference (percentage points)

Personal anecdotes

23.2 (19.1 to 27.3)

14.9 (11.2 to 18.6)

−8.3 (−13.6 to −3.1)

.002b,c

Social support

16.1 (12.9 to 19.3)

31.4 (23.6 to 39.3)

15.3 (6.3 to 24.3)

.001b,c

Marketing

18.7 (15.6 to 21.8)

15.2 (10 to 20.3)

−3.5 (−8.2 to 1.2)

.14

Advice

17.8 (14.6 to 21)

25.6 (18.7 to 32.5)

7.8 (−0.3 to 16.0)

.06

Stigma

18.5 (15.4 to 21.6)

7.5 (1.7 to 13.4)

−11.0 (−17.6 to −4.3)

.001b,c

Educational opportunities

18.3 (15.2 to 21.3)

15.7 (6.9 to 24.5)

−2.5 (−11.5 to 6.4)

.58

Refuge (Ibasho)

18 (15 to 20.9)

29 (8.8 to 4.9)

11 (−8.7 to 30.7)

.27

Employment opportunities

18.1 (15 to 21.1)

24.8 (11.1 to 38.5)

6.8 (−7.1 to 20.6)

.34

Medicine and science

18.2 (15.1 to 21.2)

17.1 (3.8 to 30.4)

−1.1 (−14.4 to 12.2)

.87

a

Results are expressed as the difference in predicted probability of at least one retweet between tweets with and without the code, where a positive value
indicates a higher probability of receiving a retweet among tweets with the code present compared with tweets without the code. Models adjusted for
(1) number of user tweets in the data set, (2) number of followers for the user, and (3) number of days between posting and data collection date.
b

Significance at critical value P<.05.

c

Significant at the Bonferroni-adjusted critical value P<.006.

In adjusted models, the associations between stigma and lower
predicted probability of being liked (−33 percentage points,
95% CI −42 to −23 percentage points; P<.001) and retweeted
(−11 percentage points, 95% CI −18 to −4 percentage points;
P<.001) remained highly significant, whereas the association
of personal anecdotes with a higher predicted probability of
being liked lost significance. In contrast, several associations
that were not significant in the unadjusted models became
significant after adjustment. Tweets in marketing had a
significantly lower predicted probability of receiving likes (−13
percentage points, 95% CI −21 to −6 percentage points; P<.001),
tweets with personal anecdotes had a significantly lower
predicted probability of receiving retweets (−8 percentage
points, 95% CI −14.0 to −3 percentage points; P=.002), and
tweets with social support had a significantly higher probability
of receiving retweets (+15 percentage points, 95% CI 6-24
percentage points; P=.001), compared with all tweets without
each of these codes. These associations were statistically
significant at the false discovery rate critical value (P<.017) to
account for multiple comparisons. Other associations that were
significant at the level of P<.05 are presented in Tables 3 and
4.

Discussion
Principal Findings
Our mixed method analysis of nearly 5000 Japanese language
tweets revealed a unique array of topics discussed in relation
to hikikomori, many of which have not been identified in prior
studies. Personal anecdotes about hikikomori predominated,
suggesting that individual Twitter users are willing to share
their personal stories and experiences with hikikomori on social
media. School absenteeism (futoko) and withdrawal from the
education system and labor force (not in employment, education,
or training) were also commonly associated with the hikikomori
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hashtag, adding corroboration from Twitter data that these 2
concepts are closely linked to the lives of people with
hikikomori and frequently discussed in Japan [8,31].
Engagement (retweets and likes) varied by tweet content, but
tweets with stigmatizing content received consistently lower
engagement.
To the best of our knowledge, this report presents the first
application of social media research to a data set of Japanese
tweets related to hikikomori. This study builds upon our
previous study of tweets with #hikikomori in several Western
languages [10], both by examining a significantly larger data
set and also by identifying a distinct set of topics within the
Japanese Twitter discourse on hikikomori. In contrast to our
prior study, this study revealed that tweets in Japanese tend to
relate to personal stories (personal anecdotes) of hikikomori,
as well as marketing (in many cases, presented as click-bait
[32]) and social support opportunities targeting individuals with
hikikomori. These findings support the suspicion that social
media may indeed be a refuge for individuals with hikikomori
and serve as a place where they can find social support [10,14].
It is noteworthy that the code medicine and science was by far
the least identified in the Japanese data set, accounting for <1%
of the tweets, in contrast to our previous study on tweets in
Western languages, where these contents were present in 42.22%
of classifiable tweets [10]. This suggests the existence of
cross-cultural differences in the way hikikomori is conceived
and discussed by the general public in Japan versus Western
countries. Although hikikomori seems to be a term more
integrated in popular culture and a part of one’s identity in
Japan, Western countries tend to view it as a worrisome behavior
and related to mental health issues.
Our discovery of stigmatizing tweets eliciting negative public
engagement (lower predicted probability of retweets and likes)
is worth discussing. Stigma, a social phenomenon involving
J Med Internet Res 2022 | vol. 24 | iss. 1 | e31175 | p.721
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negative attitudes toward people with certain characteristics or
conditions, markedly affects people with mental disorders [33].
Given the potential role that social media plays in the
perpetuation of misinformation, stereotypes, and hateful speech,
psychiatric research in this area has particularly focused on
stigma [34]; examples include studies on psychosis and
schizophrenia [24,35,36], bipolar disorder [37], and the depiction
of mental disorders by mass media [38]. The infrequency of
stigmatizing Twitter content related to hikikomori and the
relative lack of engagement with such content are hopeful
findings.
A final point for discussion of our results relates to our research
question about the differential patterns of public engagement
(retweets and likes) generated by each of the topics. Engagement
with social media content, apart from being a marker of
visibility, may reflect the public’s interest, perceptions, and
behavior [23,28,39]. One possible explanation for the pattern
of a higher probability of likes but a lower predicted probability
for retweets observed for personal anecdotes tweets is that
Twitter users may show solidarity with the person disclosing
hikikomori but less willingness to publicly share and endorse
those personal stories with their own followers.
Our social media research on hikikomori, the results of which
are presented in our previous study of Western language tweets
[10] and this study, constitutes the first application of Twitter
content analyses to this phenomenon. To contextualize our study
in the scientific literature, 2 aspects are worth noting. On the
one hand, our methods were built on previous social media
studies in the area of health [24,25,28,37] and incorporated
innovations based on our own hypotheses and the retrieved data.
Social media research is relatively young, and the preferred
methodology is subject to change. In contrast, recent hikikomori
research has paid more attention to the interplay among social
withdrawal, smartphones and technology, internet use and
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addiction, and social media, where causal relationships seem
difficult to untangle [11,13]. Further work is needed to fine-tune
and replicate Twitter analysis methods in health research, as
well as to study social media use by people with hikikomori,
examining the patterns of use, contents they consume and
generate and their influence on them and on the general public,
and avenues for research and public health interventions to reach
and support them.

Limitations
The main limitations of this study are as follows: (1) hyperlinks
that were included in the original tweets were not analyzed,
which limited the ability to understand the full context of the
tweets; (2) other tweets potentially related to hikikomori may
have been missed if they used other hashtags not captured in
our data set; (3) although high overall, the IRR was variable
across codes and weaker in some of them, especially in personal
anecdotes code; (4) metrics of engagement (likes and retweets)
may have been influenced by unknown or unmeasurable
confounding factors (eg, characteristics of the user posting the
content, factors related to the user’s followers, and other
contextual factors).

Conclusions
In conclusion, Japanese tweets that are related to hikikomori
are abundant and contain a wide array of topics. Engagement
patterns varied but stigmatizing and marketing content were
generally less likely to receive engagement, whereas personal
stories and social support showed some evidence of being more
likely to receive engagement. Future research to better
understand the characteristics that make some tweets more likely
to elicit reactions [40,41], their significance [42], and the
intriguing ways in which retweets and likes converge and
diverge [24] would be helpful. Our findings can inform Twitter
content to potentially identify and connect with this
hard-to-reach population.
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Abstract
Background: Social media has been extensively used for the communication of health-related information and consecutively
for the potential spread of medical misinformation. Conventional systematic reviews have been published on this topic to identify
original articles and to summarize their methodological approaches and themes. A bibliometric study could complement their
findings, for instance, by evaluating the geographical distribution of the publications and determining if they were well cited and
disseminated in high-impact journals.
Objective: The aim of this study was to perform a bibliometric analysis of the current literature to discover the prevalent trends
and topics related to medical misinformation on social media.
Methods: The Web of Science Core Collection electronic database was accessed to identify relevant papers with the following
search string: ALL=(misinformati* OR “wrong informati*” OR disinformati* OR “misleading informati*” OR “fake news*”)
AND ALL=(medic* OR illness* OR disease* OR health* OR pharma* OR drug* OR therap*) AND ALL=(“social media*” OR
Facebook* OR Twitter* OR Instagram* OR YouTube* OR Weibo* OR Whatsapp* OR Reddit* OR TikTok* OR WeChat*).
Full records were exported to a bibliometric software, VOSviewer, to link bibliographic information with citation data. Term and
keyword maps were created to illustrate recurring terms and keywords.
Results: Based on an analysis of 529 papers on medical and health-related misinformation on social media, we found that the
most popularly investigated social media platforms were Twitter (n=90), YouTube (n=67), and Facebook (n=57). Articles targeting
these 3 platforms had higher citations per paper (>13.7) than articles covering other social media platforms (Instagram, Weibo,
WhatsApp, Reddit, and WeChat; citations per paper <8.7). Moreover, social media platform–specific papers accounted for 44.1%
(233/529) of all identified publications. Investigations on these platforms had different foci. Twitter-based research explored
cyberchondria and hypochondriasis, YouTube-based research explored tobacco smoking, and Facebook-based research studied
vaccine hesitancy related to autism. COVID-19 was a common topic investigated across all platforms. Overall, the United States
contributed to half of all identified papers, and 80% of the top 10 most productive institutions were based in this country. The
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identified papers were mostly published in journals of the categories public environmental and occupational health, communication,
health care sciences services, medical informatics, and medicine general internal, with the top journal being the Journal of Medical
Internet Research.
Conclusions: There is a significant platform-specific topic preference for social media investigations on medical misinformation.
With a large population of internet users from China, it may be reasonably expected that Weibo, WeChat, and TikTok (and its
Chinese version Douyin) would be more investigated in future studies. Currently, these platforms present research gaps that leave
their usage and information dissemination warranting further evaluation. Future studies should also include social platforms
targeting non-English users to provide a wider global perspective.
(J Med Internet Res 2022;24(1):e28152) doi:10.2196/28152
KEYWORDS
COVID-19; Twitter; health; social media; bibliometric; dissemination; knowledge exchange

Introduction
Public health information has been traditionally distributed to
the public with the use of printed media, television, or radio.
With the rise of participatory web and social media [1] and
particularly in the face of recent pandemics, such as the H1N1
influenza pandemic in 2009 and the COVID-19 pandemic [2],
the internet plays a major role in information sharing. The
general public no longer acts as a passive consumer but plays
a critical role in the generation, filtering, and amplification of
public health information [1]. Health care–related scientific
discoveries are now often condensed into news pieces written
in layman’s terms and disseminated to broad and nonexpert
audiences via social media, which contributes to not only better
visibility of important information, but also better
communication between health care professionals and the
community [3]. Another major benefit of social media for health
care is the potential for patient empowerment by providing a
platform where patients can get information about their medical
condition, communicate with health care professionals, share
their experiences, and support other individuals affected by the
same condition [4].
While providing numerous empowerment opportunities, there
lies a great potential for miscommunication and misinformation
[5] within the social media–based setting of health-related
information distribution. While social media has increased and
improved the dissemination of scientific results to the
community, it has also increased the sensationalist language
used to describe scientific findings [6,7]. Often, media articles
may report research findings with misinterpretation and
overstatement that can lead to confusion, misinformation, and
mistrust in scientific reporting [6]. Moreover, social media
empowers pseudoexperts and nonexpert influencers in sharing
opinions and false information in the area of health care [8].
Very often, important societal figures, such as celebrities,
politicians, and activists, without any expert knowledge of a
certain topic, but with a large influence, can take part in
spreading health-related misinformation [8]. The need for social
media to moderate the information shared and increase expert
consultation is increasingly evident and could be one way to
reduce the spread of misinformation [9].
One of the most polarizing topics in recent years has been
vaccination, following a scientific article from 1998 by
Wakefield et al, which proposed a causative link between the
https://www.jmir.org/2022/1/e28152
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measles, mumps, and rubella (MMR) vaccine and autism [3,10].
The study by Wakefield et al was later found to be flawed and
fraudulent and was retracted [11-14]. Even though the findings
in the study by Wakefield et al have since been disproved as
numerous subsequent studies found no link between vaccines
and autism, the study caused great damage to vaccine programs
worldwide, with a considerable increase in the number of people
rejecting vaccination in the past decades [9]. Another prominent
illustrative example is the case of measles reappearance in the
United States [15]. In the United States, there was an immense
surge in antivaccine Tweets around 2015 to 2016, closely
following the 2014 to 2015 measles outbreak and the release
of Wakefield’s antivaccine movie Vaxxed in 2016 [16]. This
could be linked to the finding that antivaccine posts on Facebook
were often shared and liked more often than provaccine posts
[17]. Similarly, individuals exposed to negative opinions on
vaccination are more likely to further share the opinions
compared to individuals exposed to positive or neutral opinions
[18]. This is potentiated by the so called “echo chamber effect,”
where many social media users are exposed to curated content
that is likely to align to their existing beliefs and exacerbates
the strength of the misinformation they receive [19,20].
As medical misinformation is an increasingly relevant topic to
study, the amount of available literature is growing. On this
background, the aim of this study was to perform a bibliometric
analysis of the current literature to discover the prevalent trends
and topics related to medical misinformation on social media.
Conventional systematic reviews have been published on this
topic to identify original articles and summarize their
methodological approaches and themes [7,21]. A bibliometric
study could complement their findings, for instance, by
identifying the most productive authors and institutions,
evaluating the geographical distribution of the publications,
revealing recurring journals disseminating such research
findings, unveiling the most common keywords or concepts
reported, and evaluating if the publications were well cited and
disseminated in journals with high impact factors. These data
can serve as starting points to guide fellow researchers to
pinpoint papers relevant to their studies, contact potential
collaborators to conduct joint research, and find suitable journals
to submit their work. At the same time, these data can help
researchers find missing gaps in the literature and missing parties
contributing to the field, so that the missing pieces can be filled.
Since the most common social media platforms have originated
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in the United States, it was hypothesized that the United States
would have the highest contribution in this area of academic
research. This would be an important research question as
publication bias toward the United States might shadow or fail
to capture the wider spectrum of global developments and
experiences regarding medical misinformation on social media.

Methods
Data Source and Search Strategy
A bibliometric analysis is a study that applies mathematical and
statistical methods to books and other media of communication,
such as academic publications [22]. Similar to a previous
bibliometric study [23], this work was performed in accordance
with the Preferred Reporting Items for Systematic Reviews and
Meta-Analysis (PRISMA) statement [24]. The Web of Science
(WoS) Core Collection database was accessed on January 13,
2021, via the following search string: ALL=(misinformati* OR
“wrong informati*” OR disinformati* OR “misleading
informati*” OR “fake news*”) AND ALL=(medic* OR illness*
OR disease* OR health* OR pharma* OR drug* OR therap*)
AND ALL=(“social media*” OR Facebook* OR Twitter* OR
Instagram* OR YouTube* OR Weibo* OR Whatsapp* OR
Reddit* OR TikTok* OR WeChat*). The PubMed database
was similarly searched for papers mentioning these terms in
their titles and abstracts. The search terms about misinformation
and its common synonyms were referred from 2 recent
systematic reviews [7,25]. No additional filter was placed to
restrict the search results, and the indicated search yielded 529
papers in WoS and 285 papers in PubMed. After merging the
lists from both databases and removing duplicates, 529 papers
remained. Since this was a total-scale analysis of the concerned
literature [26], all resultant papers were included without
exclusion (Multimedia Appendix 1).
The “Analyze” function of WoS was used to provide initial
descriptive statistics regarding the bibliographic data. The
numbers of social media platform–specific papers were counted.
The approach applied to Facebook is presented here as an
example for the used evaluation strategy. In particular, we
additionally searched with the following search string: ALL=
Facebook* NOT (Twitter* OR Instagram* OR YouTube* OR
Weibo* OR Whatsapp* OR Reddit* OR TikTok* OR
WeChat*). When the original search string and this new search
string were combined with the Boolean operator “AND,” the
resulting papers mentioned Facebook but not the other
referenced social media.

Outcome Measures
We evaluated the publication and citation counts of contributors
in terms of author, institution, country, and journal. We also
computed the publication and citation counts of terms and
keywords, and identified the top 10 most cited papers. The
semantic content of the identified publications was analyzed in
the following ways. Citations per paper (CPPs) were computed
for terms occurring in the titles, abstracts, and keywords of the
identified papers, and n-gram analysis was conducted to identify
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the most recurring metatext. These analyses aimed to answer
the queries listed at the end of the Introduction. Further details
are described below.

Data Extraction and Main Analysis
The 529 identified papers were exported in full record with cited
references to VOSviewer [27,28] for subsequent bibliometric
analyses and visualizations. To visualize the results, a term map
was created via VOSviewer to display publication and citation
data for terms that appeared in the titles and abstracts of the
analyzed papers. We decided to visualize terms that appeared
in over 1% of the papers (ie, at least six papers) for improved
clarity of the generated image, to avoid a heavily crowded figure
[26]. A keyword map was similarly produced with the same
frequency threshold, displaying author keywords and keywords
added by WoS (KeyWords Plus) altogether. VOSviewer
performs text mining by part-of-speech tagging with the aid of
Apache OpenNLP and a linguistic filter, and converts plural
noun phrases into singular form [29]. Meanwhile, it constructs
a map in the following 3 steps based on a co-occurrence matrix:
(1) calculation of a similarity index based on association strength
(also known as proximity index and probabilistic affinity index),
(2) application of the VOS mapping technique to the matrix,
and (3) solution transformation to produce consistent results
[27]. Besides visualizations, the resultant data from the maps
were checked, and the recurring items were presented in tabular
format.
In addition, keyword maps were produced for subsets of papers
that were specific to Twitter, YouTube, and Facebook. For these
maps, keywords with at least two appearances were included.

Exploratory Analysis
Finally, an exploratory n-gram analysis was conducted with the
online NGram Analyzer [30] that allows n-gram metatexts to
be listed. The abstracts of the publications were pasted into the
program and the recurring 5-grams (a contiguous sequence of
5 words) were extracted. After manual checking, meaningful
5-grams with at least four appearances have been reported in
the Results.

Results
Our search strategy identified a total of 529 scientific articles
addressing medical misinformation on social media. The
analysis of these papers revealed that the earliest papers on this
subject could be traced back to 2010 and 2011, and the total
publication and citation counts increased very rapidly, especially
during the last 2 years (Figure 1). Original articles accounted
for the majority of the identified publications (n=393, 74.3%),
followed by editorial materials (n=50, 9.5%). The
article-to-review ratio was 12.7:1 (n=393 vs 31). Proceedings
accounted for another 7.2% (n=38). Over 97% of the indexed
papers were written in English. The most cited paper among
the 529 was also the oldest paper; it involved content analysis
of over 5000 relevant Tweets during the 2009 H1N1 outbreak
[1]. Within a decade, it has already accumulated 589 citations.
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Figure 1. Total publication and citation counts of papers on medical and health-related misinformation on social media. Data are shown until the end
of 2020.

The most productive author publishing in this subject area was
Emily K Vraga from George Mason University (Virginia, USA).
She started to publish on this topic in 2015 and accumulated a
total of 13 papers, mostly with Leticia Bode and Melissa Tully.
Leticia Bode and Joseph A Hill followed second in the list of
the most productive researchers, with 9 papers each. Following
them were 27 authors with 7 papers each. The top 10 most
productive institutions, countries, journals, and WoS categories
in which the analyzed works were published are listed in Table
1. The United States contributed to half (265/529, 50.1%) of
the identified papers and was the home country of 80% of the
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top 10 most productive institutions. The identified papers were
mostly published in journals belonging to the following
categories: public environmental and occupational health,
communication, health care sciences services, medical
informatics, and medicine general internal.
Social media platform–specific papers accounted for 44.1%
(n=233) of all 529 identified papers (Table 2). The most
popularly investigated social media were Twitter, YouTube,
and Facebook. They also had higher CPPs than other social
media.
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Table 1. Top 10 most productive institutions, countries, journals, and Web of Science categories publishing papers on medical and health-related
misinformation on social media.
Variable

Publication count (N=529), n
(%)

Citations per paper

Harvard University

25 (4.7)

13.2

University of Texas System

20 (3.8)

3.4

University of North Carolina

14 (2.6)

13.8

University of Pennsylvania

14 (2.6)

11.9

University of London

13 (2.5)

30.5

Johns Hopkins University

12 (2.3)

6.0

University of California System

11 (2.1)

1.7

University of Minnesota System

11 (2.1)

2.8

Pennsylvania Commonwealth System of Higher Education

10 (1.9)

3.6

University System of Sydney

10 (1.9)

32.1

United States

265 (50.1)

12.2

United Kingdom

53 (9.3)

20.0

Italy

35 (6.6)

9.2

Canada

33 (6.2)

34.0

Spain

30 (5.7)

7.2

Australia

27 (5.1)

19.0

China

27 (5.1)

13.7

Turkey

17 (3.2)

5.1

Germany

15 (2.8)

27.9

India

14 (2.6)

2.8

Switzerland

14 (2.6)

14.9

Journal of Medical Internet Research (5.034)

32 (6.0)

14.1

American Journal of Public Health (6.464)

14 (2.6)

3.1

Health Communication (1.965)

13 (2.5)

9.2

Vaccine (3.143)

13 (2.5)

28.1

International Journal of Environmental Research and Public Health (2.468)

11 (2.1)

8.6

PLOS One (2.740)

11 (2.1)

60.1

Institution

Country

Journal (2019 impact factor)

a

Annals of Behavioral Medicine (4.475)

8 (1.5)

0

Professional de la Informacion (N/Ab)

8 (1.5)

8.6

Cureus (N/A)

6 (1.1)

26.7

Journal of Health Communication (1.596)

6 (1.1)

2.3

Public environmental and occupational health

95 (18.0)

12.6

Communication

71 (13.4)

7.3

Health care sciences services

50 (9.5)

17.5

Medical informatics

48 (9.1)

17.4

Medicine general internal

38 (7.2)

17.2

Web of Science category
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Variable

a

Yeung et al
Publication count (N=529), n
(%)

Citations per paper

Computer science information systems

33 (6.2)

4.1

Information science library science

32 (6.0)

5.5

Health policy services

22 (4.2)

13.6

Computer science theory methods

21 (4.0)

5.4

Immunology

21 (4.0)

23.6

All 8 publications in Annals of Behavioral Medicine were meeting abstracts and received no citation.

b

N/A: not applicable.

Table 2. Count of platform-specific papers on medical and health-related misinformation on social media.

a

Social media

Publication count, n

Citations per paper

Twitter

90

17.0

YouTube

67

13.7

Facebook

57

15.3

WhatsApp

6

4.0

Instagram

6

8.7

Weibo

4

7.5

Reddit

2

2.5

WeChat

1

3.0

TikTok

0

N/Aa

N/A: not applicable.

Figure 2 shows the terms extracted from the titles and abstracts
of all 529 identified papers. COVID-19 (“covid” at the lower
half, n=109, CPP=7.1) and vaccine (upper half, n=62,
CPP=15.7) were 2 major health issues identified. Mentioned
COVID-19 derivatives included SARS-CoV-2 (“sars cov,” n=9,
CPP=11.0), coronavirus (n=22, CPP=15.3), coronavirus disease
(n=25, CPP=12.6), and coronavirus pandemic (n=6, CPP=2.3).
Mentioned vaccine derivatives included vaccination (n=53,
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CPP=21.6), vaccination rate (n=7, CPP=5.7), vaccine hesitancy
(n=14, CPP=13.8), vaccine misinformation (n=13, CPP=6.9),
vaccine preventable disease (n=6, CPP=29.0), and vaccine safety
(n=8, CPP=7.8). The top 20 terms with the highest CPPs are
listed in Table 3. Notable terms hinting on important issues
discussed in the analyzed literature set were public perception,
public concern, health authority, peer (related to peer-to-peer
support), and policy maker (Table 3).
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Figure 2. Term map showing words/phrases extracted from the titles and abstracts of the 529 papers. Circle size is related to the number of papers
mentioning the word/phrase. Circle color is related to the citations per paper. The proximity between circles is related to how frequently the terms are
co-mentioned in the same papers.
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Table 3. Top 20 terms with the highest citations per paper.

a

Terma

Publication count (N=529), n (%)

Citations per paper

Real time

5 (0.9)

160.2

Public perception

7 (1.3)

86.4

Credible source

7 (1.3)

84.9

Public concern

11 (2.1)

75.5

Health authority

14 (2.6)

56.5

Story

24 (4.5)

54.5

Peer

11 (2.1)

50.4

Adoption

16 (3.0)

49.3

Relevant video

7 (1.3)

48.1

Term

34 (6.4)

43.3

Sentiment

19 (3.6)

41.2

Illness

6 (1.1)

41.0

Zika virus

6 (1.1)

40.3

Emergency

21 (4.0)

38.7

Policy maker

9 (1.7)

38.6

Viewer

7 (1.3)

37.1

Misperception

8 (1.5)

36.5

Information source

12 (2.3)

36.0

Feeling

6 (1.1)

35.0

Potential risk

7 (1.3)

35.0

Only terms that appeared in at least 1% of papers were considered.

A keyword map is shown in Figure 3. The keyword map showed
that several diseases were recurring themes of investigation,
such as measles (n=9, CPP=7.7), Ebola (n=22, CPP=11.4),
COVID-19 (n=87, CPP=6.4), and cardiovascular diseases (n=9,
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CPP=1.7). Table 4 presents the top 20 keywords with the highest
CPPs, and reveals that risk and safety were among the concepts
with the highest CPPs.
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Figure 3. Keyword map of the 529 papers. Circle size is related to the number of papers including the word/phrase as a keyword. Circle color is related
to the citations per paper. The proximity between circles is related to how frequently the terms are co-mentioned in the same papers.

https://www.jmir.org/2022/1/e28152

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e28152 | p.734
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Yeung et al

Table 4. Top 20 keywords with the highest citations per paper.

a

Keyworda

Publication count (N=529), n (%)

Citations per paper

Risk

17 (3.2)

51.6

Social network

7 (1.3)

50.7

Parents

7 (1.3)

41.1

Hesitancy

8 (1.5)

39.5

Coverage

13 (2.5)

37.9

Immunization

13 (2.5)

34.5

People

7 (1.3)

31.0

Web 2.0

14 (2.6)

30.4

Knowledge

13 (2.5)

27.5

Medical information

6 (1.1)

27.5

Technology

8 (1.5)

27.3

Public-health

8 (1.5)

27.1

Attitudes

7 (1.3)

24.9

Vaccines

19 (3.6)

24.7

Videos

11 (2.1)

23.1

Safety

7 (1.3)

22.7

Care

9 (1.7)

20.9

Risk communication

10 (1.9)

20.0

China

6 (1.1)

19.5

Internet

86 (16.3)

18.6

Only keywords that appeared in at least 1% of papers were considered.

Keyword maps generated for the publication set that investigated
Twitter, YouTube, and Facebook are shown in Figure 4A-C.
The keyword maps reveal that Twitter research focused on
anxiety related to online searching for disease and medical
information (cyberchondria and hypochondriasis, cyan),
vaccination and Zika virus (red), COVID-19 (blue), Ebola
(yellow), cancer (green), and data analysis involving predictive
modeling (purple). YouTube research focused on smoking and
tobacco (purple), alternative medicine for various diseases, such
as rheumatoid arthritis and prostate cancer (green), breast cancer
(yellow), COVID-19 (red), and Ebola (blue). Finally, Facebook
research focused on online health communities (yellow), vaccine
hesitancy related to autism (blue), credibility of health
information related to immunization and nutrition (red), cancer
(purple), and COVID-19 (green).

Twitter, YouTube, and Facebook data were investigated. The
themes of these top 10 papers were consistent with the list of
highly cited terms listed in Table 3, covering topics such as
peer-to-peer support, online videos, and public perception.
The exploratory n-gram analysis resulted in several meaningful
5-gram metatexts with at least four appearances as follows: 6
appearances, “as a source of information” and “the spread of
fake news;” 5 appearances, “rumors stigma and conspiracy
theories,” “the quality of health information,” and “content
reliability and quality of;” 4 appearances, “health anxiety and
health literacy,” “the relationship between message factors,”
“intentions to trust and share,” “#PedsICU and coronavirus
disease 2019,” “in low- and middle-income countries,” “actions
for a framework for,” “interacted with perceived message
importance,” and “verify and share the message.”

The top 10 most cited papers are listed in Table 5. Peer-to-peer
support and spread of misinformation were mentioned, and all
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Figure 4. Keyword maps of the papers investigating (A) Twitter, (B) YouTube, and (C) Facebook. Circle size is related to the number of papers
mentioning the respective word/phrase as a keyword. Circle color is related to the clustering of the words by the default setting of VOSviewer. The
proximity between circles is related to how frequently the terms are co-mentioned in the same papers.

Table 5. Top 10 most cited papers on medical and health-related misinformation on social media.
Authors, year

Citations, n

Chew et al, 2010 [1]

613

Yaqub et al, 2014 [31]

256

Naslund et al, 2016 [32]

212

Madathil et al, 2015 [33]

195

Kamel Boulos et al, 2011 [34]

186

Betsch et al, 2012 [35]

168

Syed-Abdul et al, 2013 [36]

147

Depoux et al, 2020 [37]

136

Singh et al, 2012 [38]

123

Bode et al, 2015 [39]

121

Discussion
General Discussion

investigated social media platforms, prevailing research themes,
most utilized journals, and most productive countries,
institutions, and authors.

Using bibliometric analysis, this study identified and
quantitatively analyzed 529 papers on medical and health-related
misinformation on social media, revealing the most popularly
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Findings Concerning the Western World and Its
Prevalent Social Media Platforms
This bibliometric analysis on 529 scientific articles concerning
medical and health-related misinformation on social media
revealed that the most heavily investigated platforms were
Twitter, YouTube, and Facebook. This could be related to the
finding that most of the top 10 productive countries were from
North America and Europe where these social media platforms
were dominant. The results also confirmed the hypothesis that
the United States had the largest contribution in social media
research. The total publication and citation counts increased
very rapidly especially during the last 2 years, consistent with
the trends identified by previous systematic reviews on this
topic [7,21]. On the other hand, this study found that original
articles accounted for 74.3% of the analyzed literature set. This
implied that one-fourth of the literature was not covered by the
abovementioned systematic reviews, which might partly explain
some differences in the results. For instance, this study found
that Twitter was the most recurring social medium in the
literature instead of YouTube, as reported by Wang et al [7].
The strength of the review by Suarez-Lledo and Alvarez-Galvez
[21] was that it analyzed the prevalence of health misinformation
posts (0%-98%) reported in the original articles. Meanwhile,
Wang et al [7] categorized them into predefined theoretical
frameworks with the most prevalent ones being public health,
health policy, and epidemiology (n=14); health informatics
(n=8); communications studies (n=5); vaccines (n=4);
cyberpsychology (n=3); and system sciences (n=3). Here, it was
found that publications in immunology were on average more
frequently cited than communication and computer science,
whereas health care sciences and medical informatics papers
were in-between. This implies that the more published
disciplines do not necessarily warrant more citations. This
finding has 2 implications. First, quantity may not necessarily
mean quality. Second, field differences in citation rates found
in general [40] remained present even when the literature set
was confined to a single focus on misinformation. Similar to
the current findings, Wang et al [7] also found that the most
popular topics were vaccination, Ebola, and Zika virus, with
other less popular focus topics being nutrition, cancer, and
smoking. In contrast, Wang et al [7] identified fluoridation of
water as one of the recurring topics, whereas in this study,
COVID-19 emerged as a strong research focus. Moreover, the
performed keyword analysis in this work revealed that the
research on different social media platforms, such as Twitter,
YouTube, and Facebook, focused on different topics. While, at
present, we do not have an explanation for this interesting
observation, we believe that the reasoning for different topic
studies on different social media could be a relevant direction
for future research. Such studies may elucidate whether this is
due to different prevalences of specific content across the
platforms or due to preferential academic interest from research
teams with particular interest in specific social media platforms
or topics.

Findings Concerning China and Its Prevalent Social
Media Platforms
Though some social media platforms were not available in
China, China still made it into the top 10 list of the most
https://www.jmir.org/2022/1/e28152
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productive countries (Table 1). With a large population of
internet users in China, it could be reasonably expected that
Weibo and WeChat, which are popular social media platforms
in China, would become more investigated in future studies.
One potential barrier to non-Chinese researchers would be
content translation, as the majority of their content is written in
Chinese. In addition, the fast-growing short video platform
TikTok (and its Chinese version Douyin) might also exert
significant influence on the health information seeking behavior
of internet users in the future. However, TikTok videos might
be hard to archive, and video analysis tools might not be as well
developed as text mining tools, which might hinder analysis by
public health researchers. The same applies to the visual contents
posted on Instagram. Current findings seem to suggest that
sufficient research on misinformation disseminating through
these platforms is missing from the current literature and should
be addressed in future research. Readers should be aware that
the publication bias toward Europe and North America,
especially the United States, indicates that the current body of
knowledge might not reflect the wider spectrum of
misinformation on global health issues, especially in other parts
of the world with large online communities, such as Asia and
South America.
The most productive author was found to be Emily K Vraga
who is based in the United States. Her studies focused on how
to correct health misinformation (in other words, overturn
subjects’ misperceptions) dispersed on social media, particularly
Facebook and Twitter [39,41-43]. Though China was among
the top 10 most productive countries, we found that only 2 of
the top 50 most productive authors were based in China. They
were King-Wa Fu (n=4) and Chung-Hong Chan (n=3) from the
University of Hong Kong, and they focused solely on the Ebola
virus [44-47]. This implied that, to grasp the research foci from
China, readers need to refer to diverse works from multiple
authors instead of that from a few prominent authors. With the
continued growth of netizens in China, we anticipate that more
productive authors might be based in China in the future.

Elaboration on the Recurring Themes of the Literature
A very important role of social media is to provide peer-to-peer
support, as investigated by some publications identified in this
study (see Tables 3 and 5), for example, by forming online
health communities and support groups, and ensuring
stakeholder access to the latest and most relevant scientific
information and health interventions [32]. For instance, users
could post supportive comments and advice to YouTube videos
uploaded by individuals with mental health issues [48]. On the
other hand, misinformation spread via social media (especially
related to Twitter, see Figure 4A) might lead to cyberchondria
(cyberspace-related hypochondria; the unfounded concern
escalation about common symptomology based on information
found on the internet), with a study revealing that unverified
information might be more easily shared by internet users who
trust online information and perceived an information overload,
and that women were more likely to experience cyberchondria
[49]. Cyberchondria could be an important health concern, as
a meta-analysis established the correlation between health
anxiety and both online information seeking and cyberchondria
[50], and another work revealed that it had 5 facets, including
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reassurance seeking and mistrust of medical professionals [51].
Being flooded by online misinformation would not alleviate the
situation but may worsen it. A recent study found that
government and professional videos containing solely factual
information only accounted for 11% of all YouTube videos on
COVID-19 and 10% of views, whereas 28% of the analyzed
videos contained misinformation and had up to 62 million views
[52]. In this context, the adequacy of funding and resources
allocated by governmental bodies to online health literacy
campaigns needs to be questioned.
Meanwhile, from the perspective of policy makers, the large
amount of information from social media can be monitored and
used for the achievement of efficient outcomes. As seen from
the results, “health policy services” was among the most
recurring journal categories for the analyzed literature set (Table
1) and “policy maker” was one of the recurring terms with the
highest CPP (Table 3). For instance, by analyzing tweets related
to the COVID-19 pandemic, researchers could identify the top
4 concerns of Twitter users, namely the origin, sources, impact
on various levels, and ways to reduce the infection risk [53].
While using similar approaches, keeping these concerns
anonymized at an individual level and ensuring that social or
ethnic groups expressing specific concerns do not become
targets of discrimination are crucial. Authorities could therefore
focus on these concerns as they derive measures and disseminate
information to the public to contain the pandemic and reduce
fears within the community. In this regard, authorities could
collaborate with scientific associations and provide incentives
to civil society to address ignorance or misinformation on the
detected concerns. Future research could compare relevant social
media content following interventions, to define the optimal
strategies of tackling misinformation on social media.
As mentioned in the Introduction, the fraudulent study linking
the MMR vaccine to autism still has a lingering influence on
social media, as it is still posted on the Facebook platform by
antivaccine advocates, despite its retraction due to fraudulency
[54]. Moreover, it was found that the content posted by
Facebook users regarding vaccination has been increasingly
polarized [20]. One study suggested that the use of angry
language could promote the viral spread of the messages,
including the misinformation of vaccines causing autism [55],
though it was not investigating contents exclusive to vaccines
and only binarized words into positive and negative emotions.
Summarizing the results from n-gram analysis, netizens might
need to be aware of fake news, rumors, stigma, and conspiracy
theories circulating on the internet. Content reliability and
quality should be assessed, and information should be verified
before sharing. One way to cohort authoritative or accurate
health care information shared by experts on social media (eg,
Twitter) is by the use of a hashtag, so that others can search
easily. One example was #PedsICU that promoted pediatric
critical care content, as found by n-gram analysis. By sensible
collaboration, there may be a chance to mitigate misinformation.

Limitations
Any publications in journals not indexed by WoS were missed
in the current analysis. For example, there is a relevant paper
investigating misinformation of COVID-19 on TikTok, which
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is not indexed by WoS [56]. Besides, WoS mainly indexes
papers written in English. There may be papers investigating
Weibo and WeChat written in Chinese or published in Chinese
journals that are not yet indexed by WoS. Preprints are also not
indexed in WoS, which could be an important source of
preliminary information, but the reliability of such information
is debatable due to the lack of peer-review assessment.
Moreover, a bibliometric study cannot assess the scientific
quality of the content, such as risk of bias, effect size or
statistical significance of the results, and whether the conclusions
are justified by the respective data reported. The accuracy of
data tagging by the literature database could also pose a
limitation. For instance, KeyWords Plus are keywords tagged
to a paper by an algorithm used by WoS based on the terms
from the titles of the cited references [57], and are more broadly
descriptive and therefore applicable to analyzing the structure
of scientific fields [58]. However, it was unclear how accurate
they were compared to other tags such as the National Center
for Biotechnology Information’s Medical Subject Headings
(“MeSH terms”). Future studies should also incorporate
“conspiracy theory” and related terms into their search protocols
for more comprehensive results.

Future Research
For potential future research, artificial intelligence (AI)
applications for social media content analysis would be an
especially promising avenue. With increasing content and
misinformation circulating on social media, it becomes
practically impossible to manually determine and classify
misinformation. AI or machine learning might be employed for
such content analysis, which has the potential to achieve high
accuracy [59]. Yet, AI could also be exploited to generate and
disseminate misinformation to targeted audiences [60]. AI
research in health care was most frequently published in journals
in computer science and engineering, as reported by Guo et al
[61], and indeed, among their identified top 10 most productive
journals, only PLOS One was on the list in our study (Table 1).
Along this line, with the further development of AI applications
for social media content analysis, it might also be of interest to
promote the dissemination of such research in mainstream public
health journals, in order to reach a broader relevant audience.

Conclusions
Based on an analysis of 529 papers on medical and
health-related misinformation on social media, we found that
the United States contributed to half of the papers, with 80%
of the top 10 most productive institutions being based in this
country. The papers were mostly published in journals belonging
to the categories public environmental and occupational health,
communication, health care sciences services, medical
informatics, and medicine general internal. However, they were
generally less cited than papers published in immunology,
suggesting that more publications did not warrant more citations.
Social media platform–specific papers accounted for 44% of
all papers. The most popularly investigated social media
platforms were Twitter, YouTube, and Facebook. They also
had higher CPPs than other social media. Investigations on these
platforms had different foci. Twitter-based research investigated
cyberchondria and hypochondriasis, YouTube-based research
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investigated tobacco smoking, and Facebook-based research
investigated vaccine hesitancy related to autism. COVID-19
was a common topic investigated across all platforms. An
important implication of these findings is that often knowledge
on specific themes related to medical misinformation relies on

Yeung et al
the predominant study of a single social media platform or
limited number of platforms, and broader cross-platform studies
could be a promising direction for future research. Future studies
should also include social platforms aimed at non-English users
to provide a wider perspective on global health misinformation.
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Abstract
Background: Current qualitative literature about the experiences of women dealing with urinary tract infections (UTIs) is
limited to patients recruited from tertiary centers and medical clinics. However, traditional focus groups and interviews may limit
what patients share. Using digital ethnography, we analyzed free-range conversations of an online community.
Objective: This study aimed to investigate and characterize the patient perspectives of women dealing with UTIs using digital
ethnography.
Methods: A data-mining service was used to identify online posts. A thematic analysis was conducted on a subset of the
identified posts. Additionally, a latent Dirichlet allocation (LDA) probabilistic topic modeling method was applied to review the
entire data set using a semiautomatic approach. Each identified topic was generated as a discrete distribution over the words in
the collection, which can be thought of as a word cloud. We also performed a thematic analysis of the word cloud topic model
results.
Results: A total of 83,589 posts by 53,460 users from 859 websites were identified. Our hand-coding inductive analysis yielded
the following 7 themes: quality-of-life impact, knowledge acquisition, support of the online community, health care utilization,
risk factors and prevention, antibiotic treatment, and alternative therapies. Using the LDA topic model method, 105 themes were
identified and consolidated into 9 categories. Of the LDA-derived themes, 25.7% (27/105) were related to online community
support, and 22% (23/105) focused on UTI risk factors and prevention strategies.
Conclusions: Our large-scale social media analysis supports the importance and reproducibility of using online data to comprehend
women’s UTI experience. This inductive thematic analysis highlights patient behavior, self-empowerment, and online media
utilization by women to address their health concerns in a safe, anonymous way.
(J Med Internet Res 2022;24(1):e26781) doi:10.2196/26781
KEYWORDS
female urology; urinary tract infections; health services research; social media; online community; online forum; latent Dirichlet
allocation; data mining; digital ethnography
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Introduction
Symptomatic acute bacterial cystitis, often used interchangeably
with the term urinary tract infection (UTI), affects 60% of
women once in their lifetime [1,2]. Based on self-reported data,
the National Health and Nutrition Examination Survey identified
a 12.6% annual incidence of UTI among women aged 18 years
or older [3]. The cost of diagnosing and treating UTI has been
estimated to be US $1.6 billion, which does not account for the
management of recurrent UTI (rUTI) [1]. Up to 44% of women
will have recurrent UTIs, defined as 2 or more UTIs within a
6-month period or 3 or more UTIs within 12 months [4].
Current qualitative studies among women with UTIs focus on
prescription practice patterns, self-management strategies, and
UTIs during pregnancy [5-7]. These studies are usually
conducted in the clinical setting. Leveraging social media to
understand the UTI experience of patients remains unexplored,
despite the prominent use of online sources to supplement
medical care among middle-aged to older adults [8,9].
To understand women’s knowledge and experience with UTIs,
we used digital ethnography to investigate patient perspectives
via online media [9]. This research method adapts conventional
ethnographic principles to understand a phenomenon in a
population of interest by allowing investigators to study social
media posts and conversations that serve as free-range,
nonexperimental sources that may be generalized to a broader
population of women with UTI [9]. Using online sources is a
nonconventional tool to gather patient perspectives to better
meet the medical needs of women with UTI seeking advice
outside the clinical setting. Physicians should counsel patients
based on their direct concerns. The National Institute of Diabetes
and Digestive and Kidney Diseases–funded Prevention of Lower
Urinary Tract Symptoms (PLUS) Network supported our efforts
to complement its goals of understanding personal and
environmental factors affecting women’s bladder health [10].
The PLUS Consortium adopted the social ecological model,
which considers interactions between social context and biology
across the lifespan and views health behaviors as being
determined by intrapersonal factors, interpersonal processes
and primary groups, institutional factors, community factors,
and public policy. We sought to characterize the awareness,
patient experience, prevention strategies, and risk factors among
women with UTI by conducting an ethnographic analysis of
social media posts.

Methods
Data Acquisition
This study was found exempt by our institution’s institutional
review board. To gather large-scale online posts by women with
UTI, we contracted with Treato, a web-based data-mining
service company that utilizes extraction templates and a
proprietary search algorithm designed to capture patient content.
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After consultation with the PLUS Consortium, our team chose
a combination of keywords related to disease nomenclature,
symptoms, treatment options, and exclusion terms to identify
posts using their search algorithm (Multimedia Appendix 1).
After extracting posts from online forums, we performed digital
ethnography using qualitative thematic analysis and a latent
Dirichlet allocation (LDA) topic modeling quantitative process
that also facilitated qualitative results [11]. Combining both
methods allowed us to ensure thematic saturation by analyzing
the entire data set of identified posts.

Qualitative Analysis
After identifying posts that met our search criteria, the entire
data set was randomized to ensure that we reviewed posts from
various websites before reaching thematic saturation. We
performed an inductive, iterative, open-coding, qualitative
analysis until we could no longer identify unique themes. Two
research team members were assigned to examine the extracted
posts several times. The data were then organized into different
units or codes, which provides sufficient detail for the reader
even without the context. Therefore, the codes were supported
by text fragments. This was an iterative process; hence, as
unique inductive codes emerged, they were regrouped into more
specific categories, and some were combined while others were
placed in a superordinate category. Our goal was to avoid
redundancy among the categories, so we created broad themes
encompassing the categories.

LDA: A Quantitative and Qualitative Approach
To supplement the manual inductive coding process, we applied
a second, more novel technique, LDA, that allowed for the
review of the entire data set. LDA is an unsupervised
probabilistic topic model process that relies on the contextual
co-occurrence of words to identify patterns of words that, when
found together, have a semantic meaning [11,12]. For example,
the word “bank” can have different meanings when paired with
“money” versus “water.” This model generates outputs as topics
that can be understood with the concept of a “word cloud,”
comprised of words that are ranked higher in a corresponding
topic, if these co-occurred frequently in the social media posts.
These topics were interpreted for thematic analysis. Each topic
has an assigned prevalence value, which represents the quantity
of words in the collection assigned to the topic divided by the
total number of words. The word cloud topics were sorted based
on their respective prevalence (quantitative signature) for review
by the research team to identify a thematic interpretation.
Consistency of theme allocation for a specific topic was
confirmed by reviewing posts that contributed to the
development of the word cloud. Table 1 demonstrates examples
of the word cloud topics and their assigned themes. Combining
both methods allowed for a comprehensive review of the results
using a semiautomated approach and a manual inductive coding
process to capture a broad understanding of the experience of
patients with UTI.

J Med Internet Res 2022 | vol. 24 | iss. 1 | e26781 | p.744
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Gonzalez et al

Table 1. Example word cloud topics with their respective prevalence and assigned themes.
Topics

a

Prevalence (%)

Themes

uti, burning, symptoms, urination, urine, urinate, frequent,
15
sensation, urinating, urge, ago, having, past, started, feel, time,
discomfort, painful, year, week

Online community support (symptom sharing)

years, utis, recurrent, months, year, ago, antibiotics, infections, 14
cause, menopause, sex, antibotics, colonized, time, month,
bladder, mg, antibiotic, uti, stopped, tried, chronic

Recurrent UTIa, risk factors and prevention

uti, taking, antibiotics, antibiotic, prescribed, mg, infection,
took, macrobid, bactrim, taken, week, amoxicillin, started,
medication, nitrofurantoin, got, pills, allergic, prescription

11.5

Antibiotics

use, clean, shower, utis, soap, uti, using, underwear, make,
baths, used, cause, infections, toilet, utis, skin, sure, wipe,
change, hot water, douche

10.5

Hygiene, risk factors and prevention

infection, uti, antibiotics, need, kidneys, bladder, cause, utis,
infections, untreated, symptoms, treated, pregnancy, worse,
sounds, checked, definitely, serious, asap, away

5

Treatment (untreated UTI)

bladder, cystitis, ic, symptoms, urologist, interstitial, years,
4
flare, diagnosed, help, diet, chronic, uti, condition, infection,
painful, urethra, thought, inflammation, pelvic, misdiagnosed

Diagnosis (overlap with interstitial cystitis)

cranberry, drink, juice, uti, drinking, help, lots, utis, make,
3.5
helps, utis, sure, pills, fluids, antibiotics, flush, bladder, need,
avoid, drinks

Alternative therapies

UTI: urinary tract infection.

Results
We identified 83,589 posts written by 53,460 unique users found
on 859 websites from January 2016 to December 2018.

LDA Topic Modeling Themes

overview of the topics represented online (Table 2).
Additionally, there was significant overlap with our hand-coding
approach, so the data were synthesized into 7 themes with
subthemes (Table 2) to represent results from both methods.
Our hand-coding approach facilitated more descriptive
interpretations.

We identified a total of 105 themes using LDA, which were
grouped into 9 categories to avoid redundancy and provide an
Table 2. Nine categories of themes found using latent Dirichlet allocation.
Categories

Prevalence (N=105), n (%)

Online community support

27 (25.7)

Risk factors and prevention

23 (22.0)

Self-management strategies

14 (13.3)

Antibiotics

11 (10.5)

Alternative therapies

7 (6.7)

Access to care

7 (6.7)

Treatment options

7 (6.7)

Quality of life

6 (5.7)

Diagnosis

3 (2.9)

Inductive Thematic Analysis
Qualitative hand-coding analysis yielded 7 themes with
subthemes related to the knowledge and experience of women
with UTI symptoms (Table 3).
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Table 3. Themes and illustrative examples from 200 online posts.
Theme

Subtheme

Example quotes

Quality of life

•
•
•
•

Impact on sexual health
Fear
Pain
Self-blame

•

•
•

Differential diagnosis

•

UTIa workup
Seeking an etiology

•

Knowledge acquisition

•
•

Support of online community

•

b

•

IC symptom overlap
Untreated UTIs

•
•
•
•
•
•

Online engagement
Seeking advice
Symptom sharing
Information exchange
Self-management strategies
Unique populations

•

•
•
•

•

Health care utilization

•
•
•

Access barriers
Treatment location
Patient-physician interactions

•
•
•

•

Risk factors and prevention

Antibiotic treatment
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•
•
•
•
•
•

Dehydration
Hygiene
Anatomical differences
Hormonal imbalances
Gynecologic factors
Comorbid conditions

•

•
•
•
•
•

Treatment duration
Safety and side effects
Multidrug-resistant bacteria
Effect on microbiome
Culture-directed antibiotic treatment

•
•

•
•

•
•

“UTIs always dictate my life and make me feel
very low, I’m always worried about going out
for the day and whether there will be toilets
around”
“feeling helpless, like it’s a nightmare: rUTIs”
“I was told I had trace blood in urine…what’s
trace?... Dr. didn’t explain.”
“Some of what I thought was constant UTIs was
actually interstitial cystitis - an inflammation
triggered by acidic foods.”
“Interstitial cystitis is similar to recurring UTI,
with WBC and no bacteria”
“Are these things true or is it a myth?”
“The information here to understand my dreadful cycles of UTIs is better than any library.”
“Just wondering if anyone has ever gotten or
heard of someone that has gotten misdiagnosed
with recurrent urine infections when they have
other bladder problems.”
“Girl, get to the doctor ASAP. UTIs are no joke.
They basically travel up the urinary tract and
you can get a bladder infection or even a kidney
infection. You don't want that. Go to urgent care
if you have to. They just need a pee sample.
Amoxicillin is your friend!”
“I’m losing a lonely battle with the medical
community as these UTIs won’t go away. I’m
glad you are here.”
“I need to take an action list...no one gives me
straight answers.”
“If you can't go to the ER due to no insurance,
what about a Planned Parenthood? When I was
between insurance plans, I went there for UTI's,
and all other lady things.”
“Mismanagement always happens so recommend seeing a urogynecologist, not a GP.”
“Women should be drinking 3L of water per
day to prevent UTIs.”
“I’ve heard that douching, tampons soaked in
different things (tried in the past) can help treat
and prevent urine infections.”
“Prolapse after pregnancy and ‘abnormal
anatomy’ making more prone to infections.”
“Prescribing antibiotics for UTIs seems weird.”
“It [antibiotic] slayed me! In bed, exhaustion
and major aches like I had the flu.”
“I’ve done a 5-day course of antibiotics…no
improvement”
“You get better improvement with antibiotics
for 7 days with no sex.”
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Theme

Subtheme

Example quotes

Alternative therapies

•
•

•

Homeopathy
Dietary modifications

•

•

a

“Homeopathic medicine…is more tailored to
you, they spend an hour talking to you and can
treat your urine infection.”
“D-mannose can be used as a treatment or preventatively and I think would be most useful
for your mom since it works by sort of lubricating the urinary tract, so the bacteria are unable
to stick on and cause inflammation.”
“Infections damage bladder lining. recommend
drinking baking soda.”

UTI: urinary tract infection.

b

IC: interstitial cystitis.

Quality of Life
The first theme was the quality-of-life burden associated with
UTI episodes. The impact on women’s sexual health was
frequently mentioned in the context of limiting intercourse due
to aggravating symptoms (pain) and managing postcoital
antibiotic use. Women described significant negative emotions
and hopelessness when they sought self-management strategies
and medical care. Self-blame was central to the negative
emotions described, as women searched for inherent personal
factors causing repetitive infections. Fear of worsening
symptoms and progression to pyelonephritis was frequently
mentioned.

Knowledge Acquisition
Patient knowledge acquisition was another major theme. Based
on the keyword content of the posts, it appeared that women
consulted online resources at different time intervals to
supplement their decision-making while experiencing UTI
symptoms or seeking medical care. Some users focused on
identifying a differential diagnosis and a specific etiology, while
others described self-blame. There was a lack of consensus
regarding the optimal work-up and management of UTIs, as
evidenced by people providing inconsistent advice to each other
on these forums. The misdiagnosis of rUTIs and interstitial
cystitis due to symptom overlap, delayed referral, and perceived
lack of physician knowledge appeared frequently.

Online Community Support
The value and gratitude expressed for the support provided by
online communities was another identified theme. In addition
to the plethora of information exchanged, including symptom
sharing and lay recommendations, we identified geriatric
patients, pregnant women, and those with rUTIs as unique
populations who frequently appeared as the subject matter of
posts with special considerations. Pregnant women had specific
interests regarding antibiotic safety and the development of
pyelonephritis.

Health Care Utilization
The third theme was health care utilization with subthemes
centering on the contextual factors influencing whether or not
people sought care. Posts included concerns about minimal
insurance coverage or being uninsured. Additionally, multiple
medical visits for recurrent infections appeared to cause fatigue,
frustration, and loss of work productivity. Furthermore, the
https://www.jmir.org/2022/1/e26781
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perceived lack of illness clarity and lack of cure affected the
way users commented about their experience.

Risk Factors and Prevention
Risk factors and prevention was another theme we identified.
Women sought to understand their respective predisposing
contributions due to day-to-day activities. The appropriate
preventive hydration level was frequently mentioned, with
various levels ranging from 1 to 3 L of water. Additionally,
genital hygiene (self and partners’) practices were discussed.
Pelvic organ prolapse and vaginal atrophy were perceived to
increase the risk of UTIs. Diabetes and dementia were also
frequently mentioned risk factors. Gynecologic factors that were
discussed included methods of contraception and menstrual
cycle sanitation products.

Antibiotic Treatment and Alternative Therapies
Treatment of UTIs with antibiotics was another identified theme.
The appropriate duration and variation in the prescribed length
of treatment were discussed, as were the safety and side effects
of antibiotics for pregnant and nonpregnant women. The online
community misunderstood antibiotic resistance as a patient
characteristic that developed, rather than as a bacterial
phenomenon. Recommendations to restore the natural gut
microbiome were exchanged. The final identified theme was
alternative therapies beyond antibiotics to self-manage
symptoms, ameliorate current infections, or prevent further
UTIs. Some of these alternative therapies included bacteriophage
therapy, cranberry products, d-mannose, vitamin C, probiotics,
bladder instillation of hyaluronic acid, and oral activated
charcoal treatments.

Discussion
Principal Results
Our ethnographic study of social media posts on UTIs revealed
information on illness experience, lay knowledge, and concerns
among women. Unlike prior qualitative studies, we presented
patient perspectives that are likely more diverse and candid than
data gathered from specialty clinics [5-7]. We found a strong
online community support network created via forums to
exchange information among peers, which may have partially
resulted from frustrations and challenges with medical care. We
found that UTIs cause a significant burden on daily activities
and, as a result, women engage in supportive conversations
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about physician interactions, antibiotics, alternative therapies,
risk factors, and prevention strategies to bridge knowledge gaps
and obtain reassurance from peers.

development, were consistent with those previously found in a
study analyzing online content to understand UTIs and antibiotic
use in the pregnant population [6].

We captured broad and diverse patient experiences using two
methods to conduct digital ethnography. However, our inductive
hand coding provided more granular details as expected from
directly analyzing quotes, which helped us comprehend online
discussions and women’s perspectives for specific themes. For
example, culture-directed antibiotic treatment was a unique
patient concern identified with our hand coding of posts that
was not found using LDA. Although the LDA word clouds
consistently represented quality-of-life concerns, hand coding
provided examples of fears women faced. Half of the LDA
themes related to community support and identifying risk factors
and prevention strategies, which was consistent with our
hand-coding results.

The semistructured interview style of many qualitative studies
may limit and potentially narrow the scope of what patients
share in clinical settings. One qualitative one-on-one interview
study of 21 women recruited from a larger primary care trial
found that patients wanted clinicians to address quality-of-life
impact and that they were receptive to the strategy of antibiotic
delay, which allows for 48 hours to reassess if infection
symptoms subside before starting antibiotics [7]. Women who
enrolled in this randomized study were, by default, receptive
to different management strategies. Although we found similar
quality-of-life concerns, we also identified self-blame,
mismanagement in the primary care setting, delayed referrals,
inconsistent counseling about treatment guidelines, unmet
expectations, and the practice of culture-directed antibiotic use,
which were not previously characterized.

Comparison With Prior Work
Ghouri et al [13] previously conducted 15 telephone interviews
with women with prior documented UTI and described feelings
of hopelessness and lack of support in this group. Our study
highlights the support experienced by patients with UTI who
exchanged information online. Our findings support prior results
that social media is an integral part of processing medical
information and can facilitate patient engagement for the
exchange of condition-specific knowledge [14,15]. Additionally,
it has been widely documented that online forum discussions
allow for better intake and information processing [16-18].
Our study was broad, capturing different populations of women.
This better allowed the analysis to be guided by the direct,
anonymous discussions of patients, making it more likely to be
generalizable to the UTI population at large. Prior work only
surveyed patients recruited from clinical settings, those with
rUTI, and pregnant women [5-7]. Our work, on the other hand,
captured the perspectives of several populations in a single
analysis, including pregnant women, geriatric women, and
women with rUTI across a collection of websites. Geriatric
patients, pregnant women, older women, and women with rUTIs
were frequently identified in posts with unique concerns,
suggesting the need for more targeted outreach to these special
populations.
Unlike prior online studies, our study design has the advantage
of analyzing multiple websites [5,6]. Flower et al [5] conducted
an analysis of 1 online self-help forum for patients with rUTI
to understand how women manage their rUTIs. Our findings
of alternative therapies, antibiotic concerns, and
patient-physician interactions were similar. However, due to
the broader sample size, we found other alternative therapies
not previously described, additional antibiotic concerns (eg,
treatment duration, human microbiome, bacterial resistance,
and culture-guided treatment), and more complex health care
barriers (eg, specialty care access, insurance coverage, and
presumed level of care required for treatment). To our
knowledge, the theme of risk factors and prevention has not
been previously described in prior UTI online forum literature.
Additionally, our findings that pregnant women were concerned
about the progression of cystitis to pyelonephritis, as well as
the effect of antibiotic use (or lack of treatment) on fetal
https://www.jmir.org/2022/1/e26781
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Online discussion points were in agreement with the 2019
American Urological Association’s guidelines for uncomplicated
rUTI, which recommend first-line antibiotic agents and promote
culture-directed antibiotic treatments rather than empiric
treatment [19]. This suggests that many patients with UTIs were
well educated on the topic. However, there were inconsistencies
discussed online for the role of cystoscopy and upper tract
imaging, despite the recommendations provided in the updated
guidelines to avoid those diagnostic studies in uncomplicated
cases [19]. This may have been due to the fact that our data
were collected before the publication of the updated guidelines.
Concerns about antibiotic collateral damage mentioned in the
literature and discussed in the rUTI guidelines were also
supported by our analysis [19].

Limitations
Despite the innovation and patient inclusivity of our study, there
are important limitations that can inform future work. We did
not have access to demographic information, and the website
content could have been restricted by the sample of websites
accessed by Treato and our search strategy. Although we
focused our analysis on women, it is possible that some men
participated on the forums and were included in the analyses.
The anonymous data may also contribute to patient
misclassification since we cannot confirm a diagnosis, but our
best attempt was made using contextual factors. Additionally,
our analysis and conclusion relied on the degree to which
individuals post online. We could not characterize specific posts’
engagement level, such as individual read and reply counts. Our
study, by default, excluded those women who do not exchange
medical information on the internet.

Conclusions
Digital ethnography combining qualitative analysis and LDA
allowed us to analyze free-range patient perspectives, which
are currently not found in the UTI literature. First, unlike focus
group studies, anonymity is a clear driver of candid, honest
conversations, facilitating online users to provide support and
address the most important concerns. Second, there was a
pervasive element of fear: fear of not treating UTIs, as well as
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fear of the sequelae associated with antibiotic treatments.
Finally, the use of online forums empowered women to
self-manage their condition and take their care into their own
hands. Our findings also demonstrate the reliability of using
online social media data to learn about patient behavior and
decision-making, which is important to guide how we engage

Gonzalez et al
with patients and disseminate society-sponsored guidelines.
Patient information, outreach, and treatment guidelines by
medical societies must be congruent with patients’ concerns.
Physicians can use this data to discuss misconceptions and
improve patient-centered care.
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Abstract
Background: e-Cigarette use among youth is high, which may be due in part to pro–e-cigarette content on social media such
as YouTube. YouTube is also a valuable resource for learning about e-cigarette use, trends, marketing, and e-cigarette user
perceptions. However, there is a lack of understanding on how similar e-cigarette–related search items result in similar or relatively
mutually exclusive search results. This study uses novel methods to evaluate the relationship between e-cigarette–related search
items and results.
Objective: The aim of this study is to apply network modeling and rule-based classification to characterize the relationships
between e-cigarette–related search items on YouTube and gauge the level of importance of each search item as part of an e-cigarette
information network on YouTube.
Methods: We used 16 fictitious YouTube profiles to retrieve 4201 distinct videos from 18 keywords related to e-cigarettes. We
used network modeling to represent the relationships between the search items. Moreover, we developed a rule-based classification
approach to classify videos. We used betweenness centrality (BC) and correlations between nodes (ie, search items) to help us
gain knowledge of the underlying structure of the information network.
Results: By modeling search items and videos as a network, we observed that broad search items such as e-cig had the most
connections to other search items, and specific search items such as cigalike had the least connections. Search items with similar
words (eg, vape and vaping) and search items with similar meaning (eg, e-liquid and e-juice) yielded a high degree of connectedness.
We also found that each node had 18 (SD 34.8) connections (common videos) on average. BC indicated that general search items
such as electronic cigarette and vaping had high importance in the network (BC=0.00836). Our rule-based classification sorted
videos into four categories: e-cigarette devices (34%-57%), cannabis vaping (16%-28%), e-liquid (14%-37%), and other (8%-22%).
Conclusions: Our findings indicate that search items on YouTube have unique relationships that vary in strength and importance.
Our methods can not only be used to successfully identify the important, overlapping, and unique e-cigarette–related search items
but also help determine which search items are more likely to act as a gateway to e-cigarette–related content.
(J Med Internet Res 2022;24(1):e30679) doi:10.2196/30679
KEYWORDS
electronic nicotine delivery systems; vaping; social media; search engine; natural language processing; social network analysis
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Introduction

[15], and health information regarding e-cigarettes [16], as well
as identify and characterize e-cigarette users [10].

Background

Search Algorithms on YouTube

e-Cigarette use has grown exponentially since its introduction
to the US market in 2007. Currently, e-cigarettes are the second
most used tobacco product (4.5%), following cigarettes (14%),
among adults [1]. The highest use is among young adults aged
18 to 24 years (9.3%) [1]. A concerning trend is that US
adolescents have been using e-cigarettes at an alarmingly high
rate; 19.6% of high school students reported using e-cigarettes
in the past month (the cigarette smoking rate is 4.6%), and
38.9% of the past-month users were using e-cigarettes for ≥20
days [2]. Similar trends in e-cigarette use have been reported
in other countries. For example, e-cigarette use ranges from
0.2% to 27% in European countries [3]. A survey conducted by
Wang et al [4] found that a quarter of young Chinese adults had
used e-cigarettes. Given the high rates of e-cigarette use
worldwide, particularly among young people, it is imperative
to understand the appeal, use patterns, and marketing associated
with the use of e-cigarettes to inform prevention strategies.

As YouTube is being used widely to understand
e-cigarette–related behaviors, it is important to advance the
methods used to obtain and analyze videos. Researchers have
searched YouTube for keywords of interest to obtain information
on e-cigarettes. Most existing studies that examine e-cigarettes
on YouTube have used a range of general search items, such as
electronic cigarette, e-cigarette, e-cig, vaping, vape, e-liquid,
and e-juice [8-10,14,15]. Less known is how well these search
items yield videos relevant to e-cigarettes and whether these
search items yield comparable or unique results. Currently, there
is no guidance for researchers to evaluate how related search
items function to yield relevant and parsimonious results on
YouTube. Such evaluation is necessary as search items drive
the content being shown, which can ultimately shape conclusions
reached to inform policy regarding e-cigarettes. Thus, a goal of
our study is to use novel methods (eg, network modeling and
rule-based classification) to evaluate the association between
similar e-cigarette–related search items and search results, as
well as to identify which search items act as gateways to
e-cigarette–related content.

YouTube and e-Cigarettes
Analysis of social media platforms such as YouTube, which
are widely used by youth [5] and have also been shown to have
high e-cigarette content [6], could provide insights into
e-cigarette use trends and marketing strategies that youth are
exposed to. YouTube is a free web-based video streaming
service that allows users to view and upload videos, post
comments, and rate videos. Users can also interact by
subscribing to each other’s YouTube channels and sharing
opinions on the video content through writing comments on
videos and liking or disliking videos. YouTube has 2 billion
users, which is a third of all internet users, and people currently
spend >1 billion hours per day watching web-based videos on
the platform [7]. YouTube, along with Facebook, continues to
dominate web-based social media use in 2021. Although social
media platforms, most notably Instagram, Snapchat, and TikTok,
have been very popular among youth, they also actively use
YouTube [5].
A concerning finding is that pro–e-cigarette content is readily
available on YouTube [6]. An examination of e-cigarette–related
YouTube videos from 2012 to 2013 identified 28,000 videos,
and these videos were viewed >100 million times, indicating a
high level of content consumption [6]. Prior research has also
identified that 85% of the pro–e-cigarette content on YouTube
is by the e-cigarette industry [8], and the marketing content
includes comparisons with cigarettes and emphasizes themes
that e-cigarettes are cleaner and cheaper than combustible
cigarettes and that they can be used anywhere [9]. Other content
areas on YouTube include characterizations of a variety of use
behaviors such as vape tricks, which involve using e-cigarettes
to blow large, thick amounts of exhaled aerosol (ie, clouds) or
shapes [10], and unorthodox use of e-cigarettes, which is
manipulating the product to be used for unintended purposes
[11,12]. YouTube videos have also been used to understand the
way users puff e-cigarettes [13], product characteristics through
product reviews [14], the presence of nicotine warning labels
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Both the search and recommendation algorithms on YouTube
were structured from the platform’s infancy to drive views of
videos [17]. YouTube recommends a series of related videos
to users in response to the video currently being played by the
users or to a specific search item being used in the search engine.
YouTube’s search and recommendation algorithms use
machine-learned approaches and are predominantly based on
the users’ cumulative viewing experiences. As YouTube’s
algorithm is proprietary, the first step in the characterization of
e-cigarette–related information on YouTube is to reconstruct
the resulting associations between the content of the videos
related to this topic that are retrieved from querying YouTube’s
search engine. We applied network modeling to study the
relatedness of search items and the associations between the
content of the videos retrieved from different search items. This
approach has been successfully used in other studies.
Abul-Fottouh et al [18] modeled vaccine-related videos on
YouTube as a network to evaluate how the platform
recommends vaccination-related videos to its users. Murthy
[19] used features of YouTube videos to illustrate and visualize
variations in video recommendations based on the language of
a video. However, in this study, we used network modeling
instead of YouTube’s recommendation system to model
YouTube search engine results. Network modeling will help
researchers understand how different e-cigarette search items
are related in YouTube search results.
We have also used the features of the networks, particularly
betweenness centrality (BC) [20], which measures the
importance of entities in a network, which have a positional
advantage in that they connect the shortest (geodesic) paths
between other pairs of entities. A practical application of BC
is to determine what search items in the network of information
of e-cigarette–related videos are more central and thus provide
information seekers with more relevant information in the
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YouTube search engine. We used correlations between nodes
(ie, search items) to characterize the network to identify the
relationships between e-cigarette–related search items and the
level of importance of each search item in the information
network of these search items. Then, we used a rule-based
classification to assess whether our search items correctly
identified videos related to e-cigarettes.
In summary, the aim of this study is to use network modeling
and rule-based text classification methods to understand how
the search for e-cigarettes on YouTube is affected by differences
in search items. These methods can be used to identify the
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overlap or uniqueness of search items related to e-cigarettes on
YouTube. Assessing whether the search items are parsimonious
and whether redundancies can be reduced could inform future
work by assisting others in optimizing their search queries to
retrieve and analyze information related to e-cigarettes on
YouTube videos.

Methods
Figure 1 illustrates the framework we used to collect, process,
and analyze YouTube data.

Figure 1. Project architecture; relevant figures and tables are referenced in parentheses.

Video Identification
First, we created fictitious viewer accounts to simulate
individuals searching for e-cigarette–related content on
YouTube. A separate mobile SIM card was obtained to create
a Google account for each fictitious account. The fictitious
YouTube profiles comprised African American women and
men aged 16 and 24 years (4/16, 25% in total), Hispanic women
and men aged 16 and 24 years (4/16, 25% in total), and 2 sets
of White women and men aged 16 and 24 years (8/16, 50% in
total). We used common African American, Hispanic, and White
first and last names to create the fictitious profiles. We created
more White profiles to better reflect the e-cigarette use
populations [21]. With each of the 16 fictitious viewer profiles,
we used a factory-reset Android phone with Orbot (The Tor
Project) [22], an app that allows the use of the anonymized Tor
IP bridge with any app, to search YouTube for the following
keywords related to e-cigarettes in July 2020: e-cigarette, e-cig,
electronic cigarette, e-liquid, ENDS, e-juice, vape, vaping, vape
juice, box mods, cigalikes, disposable e-cigs, disposables,
disposable vape, pod mods, vape mods, vape pens, and vape
pods. We factory reset the phone and Tor IP address after
https://www.jmir.org/2022/1/e30679
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collecting data for each user so that any personalization by
YouTube was erased. Other researchers have used general search
items related to e-cigarettes on YouTube to identify trends in
perceptions, use, marketing and sales related to e-cigarettes
[8-10,14,15]. On the basis of this prior literature, we chose a
single general term related to e-cigarettes as our search item to
assess whether our methods could be used to evaluate the
associations between the results derived from these search items.
Across all search items and for each profile, we requested 140
videos (7 pages with 20 videos on each page) and collected a
total of 5875 videos after removing the duplicates across
different profiles (see Multimedia Appendix 1 for a breakdown
of the collected videos by search item after the duplicates across
the profiles were removed). Of those 5875 videos, we further
removed 1674 (28.49%) duplicates across different search items,
which resulted in our final data set of 4201 (71.51%) unique
videos. We did not exclude duplicate videos when generating
the network; we merely removed duplicates for classification
purposes. For these 4201 videos, we extracted video transcripts
directly from the YouTube application programming interface
(API). We did not restrict the date of video upload as some
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videos that were uploaded years ago could still be relevant. The
video metadata that we requested from the YouTube API were
public; therefore, the Yale Institutional Review Board deemed
that institutional review board approval was not required.

Search Items as a Network
We modeled the resulting videos derived from the search items
as a network. We assumed that each search item was a node
and each video was an edge. If 2 search items had a connected
edge, there was a common video in the resulting video data set.
This method helped us to better visualize the connectivity of
the search items and visualize the connectivity between search
items. We then used social network analysis to study how search
queries may be connected to each other. Connections between
nodes in a network were a good proxy for the similarity between
nodes. A search item’s similarity with others could be measured
by comparing the video IDs that we retrieved from querying
YouTube.

BC Analysis
We then identified the nodes that had the most influence on the
network of search items using BC, which measures the
importance of entities (ie, nodes) in a network, which have a
positional advantage in that they connect the shortest (geodesic)
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paths between other pairs of entities. This metric estimates all
the shortest paths between every pair of search items in the
network (Figure 2) and then computes the number of times a
search item (node) is on the shortest path between 2 other nodes.
Nodes with high BC may have considerable influence within a
network by virtue of their control over information passing
between others. They are also the ones whose removal from the
network will most disrupt communications between other nodes
as they lie on the largest number of paths connecting nodes.
Ultimately, BC indicates the importance of each node in a
network. The BC of a node v is the sum—taken over all pairs
(s, t) of source–target nodes—of the ratio between the number
of shortest paths from s to t passing through v and the total
number of shortest paths from s to t. Therefore, nodes with high
BC belong to several shortest paths, whereas nodes with low
BC belong to few shortest paths. A node with high BC is
presumed to be a significant and influential node. An important
feature of BC is that it is the measure of the degree to which a
node is between other nodes in a graph or network, meaning
that this node could act as a mediator in the network regardless
of the frequency of connectivity [23,24]. This is very important
in the context of YouTube as the platform’s recommendation
algorithms may use BC as a parameter to recommend videos
based on the search items.

Figure 2. The network of search items and videos from our YouTube searches. Connections (edges) between the nodes (search items) indicate when
the same videos resulted from 2 different search items, and a darker shaded edge line indicates a higher frequency of common results. ENDS: electronic
nicotine delivery system.

Correlogram
We calculated the correlation coefficient between the nodes
(search items) and the edges (number of videos) that linked to
each other in the network and visualized the correlation using
a correlogram. A correlogram can be used to visualize which
nodes behave similarly (positive correlations) or differently
(negative correlations).

Rule-Based Classification
Our methodological approach to classifying the themes of the
videos used (1) a custom-developed Python script to extract
video transcripts and video metadata, including number of
views, title, category on YouTube, number of likes or dislikes,
and comments; (2) preprocessing and lemmatization; (3) natural
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language processing (NLP) methods to extract keywords from
video transcripts for their representation while removing stop
words from the transcript; and (4) a rule-based classifier to
categorize themes.

Preprocessing Data and Lemmatization
We cleaned the raw data by checking the quality of the raw text.
Our preprocessing pipeline involved converting the raw text
from the video transcripts into a vectorized form that was easily
interpretable by our models. We used the spaCy (Explosion AI)
library [25], an open-source NLP software library that comes
with pretrained word vectors, to preprocess these transcripts.
We used the provided GloVe [26] vectors from the
en_core_web_lg model, which were trained on a variety of
internet corpora. The use of word vectors allowed us to provide
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our models with a meaningful representation in a vectorized
form that encoded semantic similarity between words. Ideally,
these word vectors would allow our models to use semantic
relationships to determine whether the text we were classifying
fell within a given theme, such as e-cigarette device. We used
spaCy’s list of 312 stop words (eg, and, a, our, and my) as they
did not significantly contribute to the understanding of our data.
We also lemmatized the words so that different word
conjugations appeared identical to the classifier.

Rule Set
Approaches for the classification of text included rule-based
methods, machine learning–based methods, and hybrid
approaches that used both machine learning and rule-based
methods [27,28]. We used rule-based methods to classify the
text of the transcript of the video to identify whether the search
items were indeed identifying e-cigarette videos. Rule-based
approaches classify text into classes using a set of custom
linguistic rules. These rules direct the algorithm to use
semantically relevant elements of a text to identify similar
categories based on the content of the texts and documents. Our
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rule set is detailed in Textbox 1. Indicators for each class were
chosen by identifying common words in the video titles,
descriptions, and transcripts.
We initially implemented a framework with >4 categories but
discovered that some categories had very few cases. Therefore,
we grouped categories with low frequencies into other
e-cigarette videos. This category included videos that did not
feature a specific e-cigarette device and were related to health
information and news clips that contained news related to
e-cigarettes. The other three categories included e-cigarette
products featured on videos presented to YouTube users:
specific e-cigarette devices that are used for vaping, the liquid
that is used in the devices, and cannabis vaping products
(Textbox 1). Our rationale for a rule-based method stems from
2 key reasons. First, we use a small number of classes (n=4),
and these classes can be easily separated with a rule-based
approach, and we do not need to train more sophisticated models
to classify the video texts. Related text—specifically video
transcripts—usually contain high dimensional nondiscriminative
(irrelevant and noisy) words that can result in high
computational costs and poor learning performance [29].

Textbox 1. Rule set for theme-based classification of e-cigarette–related videos.
Class type and indicators (videos can be categorized into >1 category)
e-Cigarette device
e-cigarette, electronic cigarette, e-cig, ecig, vape pen, vapepen, vape, pod, pod mod, disposable ecig, disposable vape, disposable, cigalike, box mod,
boxmod, juul, puff bar, cartomizer, drip, drip tip, vape kit, mod, electronic nicotine delivery system, ENDS, puffbar, puff bar, sourin, blu, smok, leaf,
markten, nicotek, vuse, fin, v2, 21st, atomizer, RDA, RTA, cartridge, ohm, wattage, watt, drip, cartomizer, ecig+device, vape+device
e-Liquid
e-juice, e-liquid, ejuice, eliquid, vapejuice, vape liquid, zamplebox
Cannabis vaping products
cheeba, dab, firefly, ganja, gpen, hemp, indica, kush, marijuana, pax, pot, reefer, sativa, snoop dogg, weed, THC, cannabis, hash, wax, CBD
Other e-cigarette videos
These videos included e-cigarette–related videos but did not feature a specific e-cigarette device (eg, news clips and health information videos). We
categorized videos that did not fit into any of the classes above into this category.

Results
Search Item Network
Figure 2 illustrates the network of 18 search results. In this
network, each node (search item) is represented by a unique
color, and darker shaded edges indicate a higher frequency of
connections. Each line represents a common video (edge)
between 2 nodes, indicating that a common video has been
found in the search results for both search items. As expected,
similar search items had more common videos. For example,
e-cigarette and electronic cigarette had more common edges
than e-juice and disposable.
Another way of representing the network of videos is to convert
the number of connections (ie, edges) to a weight within the
network for search items (Figure 3). We assumed that the nodes
were connected through weighted edges. We counted the edges
(common videos) between 2 nodes (search items) and
normalized this number to a weight between 0 and 1, with 1
corresponding to the maximum number of edges between 2
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nodes in the network and 0 indicating the minimum number of
edges. The thickness of the edges is an indication of the weight,
and thicker edges indicate more common videos and a stronger
information flow and relationship between the 2 nodes.
From the networks illustrated in Figures 2 and 3, search items
with similar words (eg, vape and vaping) and search items with
similar meanings (eg, e-liquid and e-juice) have strong weighted
edges, indicating that YouTube’s search algorithm gave similar
search results for these 2 categories. e-Juice and vape juice had
188 common edges, which was the maximum number of
connections between 2 search items. e-Juice and e-liquid had
179 common edges, which was the second-largest number of
connections. Cigalike had the lowest overall connections (n=82),
whereas e-cig had the highest total connections (n=505). Search
items vape pens, ENDS, and e-cig had at least one connected
edge to other search items. e-Cig had the most connected edges
to others (mean 29.7, SD 45.2), and e-cigarette had the
second-highest connected edges (mean 27.6, SD 52.9). Cigalikes
and pod mods had 4.8 and 6.6 common edges with other search
items, respectively, which were the lowest connected edges. On
J Med Internet Res 2022 | vol. 24 | iss. 1 | e30679 | p.755
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average, each node had 18.0 (SD 34.8) connections, indicating
that there was a large variation in the number of connections
between search items. This large SD could also be because of
the fact that some of the search items were not connected (ie,
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there were no common videos between them). For example,
cigalikes and box mods or disposable vape and pod mods had
no connections. The complete list of the average connections
is detailed in Table 1.

Figure 3. The network of search items and videos from our YouTube searches with weighted edges. The weighted edges, which represent the relative
frequency of connections between 2 nodes, are represented by the thickness of each line. ENDS: electronic nicotine delivery system.

Table 1. Average number of connections (videos) for each node (search item) in the network and BCa of each node in the network.

a

Search item

Number of connections, mean (SD)

BC

e-cig

29.7 (45.2)

0.00836

e-cigarette

27.6 (52.9)

0.00836

vaping

26.2 (39.6)

0.00836

electronic cigarette

25.4 (45.1)

0.00836

e-juice

25.2 (59.7)

0.00232

vape

23.9 (39.6)

0.00407

vape juice

23.8 (52.3)

0.00407

e-liquid

21.5 (50.9)

0.00407

vape mods

15.2 (32.5)

0.00726

disposable vape

13.3 (24.8)

0.00049

disposables

11.5 (24.1)

0.00521

disposable e-cigs

11.5 (13.0)

0.00396

box mods

11.4 (32.4)

0.00056

vape pens

10.5 (9.3)

0.00836

vape pods

10.2 (11.5)

0.00836

ENDSb

7.9 (9.4)

0.00836

pod mods

6.6 (12.5)

0.00392

cigalikes

4.8 (6.4)

0.00105

BC: betweenness centrality.

b

ENDS: electronic nicotine delivery system.

BC and Rule-Based Classification
BC can be used to demonstrate the flow of information and
provide a connective fabric between different search items in
the network of e-cigarette–related videos. In our study, BC
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detected the dominant nodes (search items) that occupied a set
of intermediate items observed between 2 other search items in
the information network constructed with search items and
YouTube videos. Generally, nodes with high BC are assumed
to have a considerable impact on a network and can be
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considered important nodes as they control the information flow
between other nodes. Furthermore, a node with high BC may
not have a high connectivity degree. For example, in our
network, the ENDS node had 7.9 (SD 9.4) connections on
average and was considered low relative to other search items;
however, its BC was relatively high (Table 1 and Figure 4).
High-BC nodes (with a low connectivity degree) can act as
bridges between different clusters in a network (ie,
subnetworks). Our network-based results indicate that there
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were subnetworks in the information network of
e-cigarette–related videos, with search items such as ENDS
acting as a bridge between these subnetworks. From a practical
perspective, this means that users searching for ENDS could
be exposed to ENDS content as well as videos in the cigalike
and e-liquid subnetworks (eg, through YouTube’s recommended
videos feature), whereas searches for just cigalike or e-liquid
would be more restricted in terms of both search results and
videos being recommended.

Figure 4. Weighted network of search items. The thickness of an edge (thickness of the lines) indicates the weighted number of common videos between
2 search items. Betweenness centrality (BC) and classes (themes) of videos in search items are also shown. The size of each node (represented as a pie
chart) indicates a node’s BC, with a larger size indicating higher BC than a smaller size. Each pie chart shows the percentage of 4 classes in each search
item. ENDS: electronic nicotine delivery system.

In Figure 4, the size of the pie indicates the relative BC values
for the network of search items. For instance, a larger pie size
indicates greater BC, suggesting that these are important nodes
that serve as gateways to most videos in the network of videos
derived from our data set. Nodes that did not show high levels
of importance are represented by midsize pie charts, and nodes
that had a low level of importance are represented by small pie
charts. Specifically, the search items vape pens, ENDS, e-cig,
electronic cigarette, vaping, vape pods, and e-cigarette had the
highest BC (Table 1), whereas disposable vape, box mods, and
cigalikes had the lowest values and, therefore, were the least
important nodes in the network of search items.
Rule-based classification identified that e-cigarette device was
dominant in all search items (34%-57%), followed by videos
on e-liquids (14%-37%), cannabis (16%-28%), and other
(8%-22%). These classes (labels) are shown in Figure 4. The
pie chart, which represents a search item in the network of
videos, shows the percentages of videos that belong to 1 of the
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4 classes. For example, in the disposable e-cigs node, 57% of
the videos are labeled as e-cigarette device, which is the highest
among all the nodes (see Multimedia Appendix 1 for the
percentage of classes for each search item). Interestingly,
although we did not use search items that were directly related
to cannabis, all the search items did have a considerable
percentage of videos with vaping cannabis content.
Figure 5 shows the correlogram (correlation matrix), with each
value indicating the correlation coefficient between the 2
corresponding search items. The magnitude of the correlation
is represented by the color and a number on the corresponding
square. Most pairs had negative or low positive correlations.
The highest positive correlation in the network was observed
between electronic cigarette and ENDS (0.75). The lowest
correlation was observed between vape mods and disposable
e-cigs (−0.28), which was the lowest in the network, suggesting
that these nodes behave differently.
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Figure 5. The correlogram of the search item network. Each cell indicates the correlation between the corresponding 2 nodes. The strength of the
correlation is represented both by numerical value and by the gradient (represented by background color). More significant correlations with P≤.05 are
shown in bold font. ENDS: electronic nicotine delivery system.

Discussion
Principal Findings
In this study, we used novel methods—such as network analysis
and rule-based classification—to evaluate the associations
among e-cigarette–related search items on YouTube. We
observed that broad search items such as e-cig had the most
connections to other search items and that specific search items
such as cigalike had the least connections. Search items with
similar words (eg, vape and vaping) and search items with
similar meaning (eg, e-liquid and e-juice) yielded a high degree
of connectedness. We also found that each node (ie, search item)
had 18 (SD 34.8) connections (common videos) on average.
BC indicated that general search items such as electronic
cigarette and vaping had high importance in the network
(0.00836). Our rule-based classification sorted videos into 4
categories: e-cigarette devices, cannabis vaping, e-liquid, and
other.
Our results show that similar search items that were more
specific (eg, e-liquids and e-juice) derived similar videos and
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that broad items (eg, e-cig and e-cigarettes) yielded a wide range
of videos that were also identified with other search items. More
specific items such as cigalikes and pod mods were less likely
to be connected to other types of videos and identified unique
videos that closely represented these items. For example, Massey
et al [12] examined specific topics related to e-cigarettes, such
as modifications of e-cigarettes, and searched YouTube for 28
phrases related to e-cigarette use as well as items related to
modifications such as custom build, modification, and dripping.
These research findings suggest that when identifying a specific
topic area related to e-cigarettes, both broad items and specific
items relevant to the topic area should be used. Our findings
also suggest that there is a high level of redundancy in search
results between pairs of similar search items such as ENDS and
e-cigarettes, vape and vaping, and vape juice and e-juice, which
suggests that redundant search items can be removed and the
e-cigarette–related YouTube videos retrieved would largely be
unaffected.
Our findings suggest that the local connectivity of mutual nodes
in the network is important, and we looked at the relationships
between a node and its neighbors regardless of its relationship
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with the corpus. However, we were also interested in finding
the search items whose removal from the network would most
disrupt the network. We used BC to demonstrate the flow of
information between different search items in the network of
e-cigarette–related videos to accomplish this. In our information
network (Figure 4), search items (nodes) were connected through
common videos and, when there was no direct
connection—illustrated by a line (edge)—between 2 nodes, a
third node might enable connectedness. For instance, a search
for pod mods on YouTube may return search results of videos
that may also show search items such as vape pods and vape
mods. When a user watches a video (retrieved from searching
pod mods) that occurs in both pod mods and vape pods, the
content of the video can influence the user and help the user
consume vape pods content. However, as there are no direct
common videos between pod mods and disposable vape, there
is no content to guide the user directly toward videos related to
disposable vape (from retrieved videos from searching pod
mods only). Thus, a third search item (eg, vape pods) is needed
for a user to traverse between these 2 nodes. Our network was
relatively small but, for large networks, there might be several
paths that users can traverse to reach nodes from a starting point
in the network of search items. It should be noted that users can
access information related to disposable vape through a variety
of other related search items, such as disposable, vape pens,
and e-cig (Figure 3). For the data that we collected, YouTube
search results presented no common videos between the pod
mods and disposable vape search items in the 16 fictitious
profiles that we created. Ultimately, the search results were time
dependent, and our results may not hold true in the future if
YouTube’s algorithms or input data change.
In a network, nodes that possess more central positions (higher
BC) are more likely to provide informational content with less
central members and have a more heterogeneous connection
array [29,30]. In our study, search items such as electronic
cigarettes, ENDS, and vape pens played this role. Looking at
the measure of all search items, there was considerable variation
in this value (from 0.00049 to 0.00836). However, with that
noted, the overall BC values were low, meaning that connections
in the network of search items could be made without
intermediaries [31]. Generally, BC highlights the importance
of a node in an information network as a transfer point between
any pair of nodes. Consider the case in which a YouTube user
uses several search items (nodes in our network) to obtain
e-cigarette–related content (similar to the framework that we
developed in this study). Some search items are more central
in the list of search items as they will generate results broadly
related to e-cigarettes, whereas more specific, niche items may
be needed to access content specific to particular subdomains
related to e-cigarettes.

Limitations and Strengths
The limitations of this study should be noted. Although we
examined 18 search items related to e-cigarettes based on the
items previously used in other studies [12], we did not use all
the potential items used to refer to e-cigarettes to assess what
video content users were likely to encounter on YouTube. There
are many other items used to refer to e-cigarettes, such as
brand-specific names (eg, Juuling) that were not used in this
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study and vernacular that is used to refer to e-cigarette use (eg,
stick). Future work can use our methods to evaluate other search
items to assess whether these search items produce relevant
e-cigarette–related videos of interest. Our study findings indicate
that search items that have similar meanings or words are likely
to have significant overlap in the items of the resulting videos.
Therefore, studies would benefit from pilot or exploratory work
to determine the best search query items before proceeding with
full-scale data collection. It is important to note that actual users
search social media platforms for more complex themes rather
than single words, such as motivations for using e-cigarettes or
concerns about health outcomes related to their use [32]. Future
research should extend our methods to assess the search results
derived from a combination of words with different themes.
Our rule-based classification of video transcripts provides further
information about the network. However, rule-based
classification has some limitations as it relies on domain-specific
expert knowledge. Therefore, each class may include some
features (indicators similar to those in Textbox 1) that have not
been incorporated into the selected features of that label. Despite
these limitations, this is the first study to examine
e-cigarette–related content on YouTube using NLP, video
classification, and network modeling.
Another limitation of this study is that we used English-language
search items to query the YouTube API. Other languages can
be used to search videos on YouTube. Future work should
evaluate other search items to assess whether our findings hold
true for non–English-language videos.
Our study contributes to the existing literature related to
e-cigarettes on YouTube [6,10,12,33,34] and provides tools to
explore the search items as an information network. We
developed a general framework for acquiring, cleaning, and
analyzing the search data related to e-cigarettes on YouTube.
Our use of network-based approaches presents a novel approach
to the study of e-cigarettes on social media platforms. Our
network-based approach highlighted the connections between
different search items and enabled us to identify the associations
between various e-cigarette–related search items. We used
network analytic methods—particularly BC, which provided
quantitative measures to better understand e-cigarette–related
content on YouTube—to understand the underlying relationships
between search items and characterize the information network
formed by thousands of videos. Several centrality measures
have been developed and are currently being used by search
engines and recommendation systems in social media [35].
Although measures such as BC have been used extensively to
study health-related content on social media [36], our study is
the first to use BC to demonstrate the flow of information
between different search items in the network of
e-cigarette–related videos.
Importantly, our methods can be used by public health
researchers to optimize search results on YouTube to better
understand e-cigarette trends. Understanding search items is
important as search items drive the information being presented
to users. Our methods provide insight into how YouTube’s
algorithm selects and presents e-cigarette videos to users.
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Surveillance of e-cigarettes on YouTube is crucial to
understanding how health information and marketing are being
communicated to users and nonusers, particularly among youth.
Youth are vulnerable to e-cigarette content on social media [37],
and they actively use social media platforms such as YouTube
to obtain information, including information on novel uses of
e-cigarettes [38]. Thus, having a better understanding of
e-cigarette information being shown to youth is an important
public health goal, as such information can provide insight into
the public health policies needed and the social media platforms
that control these algorithms. Given that YouTube’s algorithm
is proprietary, we can use these methods to evaluate search
results even if YouTube introduces wholly new algorithms to
evaluate the connectedness between search items and resulting
videos. Our approach can also be applied longitudinally to
determine whether YouTube search results change over time
and to what extent the network of search items and their
properties differ as a function of time. In addition, although we
focused on e-cigarette–related content on YouTube in this study,
we believe that our approach can be implemented on other
platforms. Similarly, Harris et al [39] used network analysis to
study the content of tweets and identify Twitter users prominent
in the conversation for and against the e-cigarette Twitter
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campaign of the Chicago Department of Public Health. Future
work could also evaluate whether our findings hold true for
other social media platforms.

Conclusions
We found that similar search items (eg, e-liquids and e-juice)
and items with similar word structures (eg, e-cig and
e-cigarettes) yielded similar videos. In addition, general search
items such as e-cig yielded a broad range of videos that were
also identified by other related search items. Ultimately, broader
search items act as gateways to the network of
e-cigarette–related search items. More specific items such as
cigalikes and pod mods are less likely to be connected to other
types of videos and are useful in identifying unique videos that
may closely represent more specific, niche e-cigarette–related
areas. Our methods can be used as a measure to exclude some
search items from future studies, restrict the number of search
items, and identify search items that serve as important gateways
to broader e-cigarette–related content. Importantly, public health
researchers can use our methods to optimize search results on
YouTube to better understand how search items related to
e-cigarettes drive the content that is shown to youth on this
popular social media platform as well as on other social media
platforms.
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Abstract
Background: The digital era has ushered in an unprecedented volume of readily accessible information, including news coverage
of current events. Research has shown that the sentiment of news articles can evoke emotional responses from readers on a daily
basis with specific evidence for increased anxiety and depression in response to coverage of the recent COVID-19 pandemic.
Given the primacy and relevance of such information exposure, its daily impact on the mental health of the general population
within this modality warrants further nuanced investigation.
Objective: Using the COVID-19 pandemic as a subject-specific example, this work aimed to profile and examine associations
between the dynamics of semantic affect in online local news headlines and same-day online mental health term search behavior
over time across the United States.
Methods: Using COVID-19–related news headlines from a database of online news stories in conjunction with mental
health–related online search data from Google Trends, this paper first explored the statistical and qualitative affective properties
of state-specific COVID-19 news coverage across the United States from January 23, 2020, to October 22, 2020. The resultant
operationalizations and findings from the joint application of dictionary-based sentiment analysis and the circumplex theory of
affect informed the construction of subsequent hypothesis-driven mixed effects models. Daily state-specific counts of mental
health search queries were regressed on circumplex-derived features of semantic affect, time, and state (as a random effect) to
model the associations between the dynamics of news affect and search behavior throughout the pandemic. Search terms were
also grouped into depression symptoms, anxiety symptoms, and nonspecific depression and anxiety symptoms to model the broad
impact of news coverage on mental health.
Results: Exploratory efforts revealed patterns in day-to-day news headline affect variation across the first 9 months of the
pandemic. In addition, circumplex mapping of the most frequently used words in state-specific headlines uncovered time-agnostic
similarities and differences across the United States, including the ubiquitous use of negatively valenced and strongly arousing
language. Subsequent mixed effects modeling implicated increased consistency in affective tone (SpinVA β=–.207; P<.001) as
predictive of increased depression-related search term activity, with emotional language patterns indicative of affective
uncontrollability (FluxA β=.221; P<.001) contributing generally to an increase in online mental health search term frequency.
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Conclusions: This study demonstrated promise in applying the circumplex model of affect to written content and provided a
practical example for how circumplex theory can be integrated with sentiment analysis techniques to interrogate mental
health–related associations. The findings from pandemic-specific news headlines highlighted arousal, flux, and spin as potentially
significant affect-based foci for further study. Future efforts may also benefit from more expansive sentiment analysis approaches
to more broadly test the practical application and theoretical capabilities of the circumplex model of affect on text-based data.
(J Med Internet Res 2022;24(1):e32731) doi:10.2196/32731
KEYWORDS
affect; sentiment; circumplex; news; mental health; online search behavior; generalized mixed models; natural language processing;
anxiety; depression; coronavirus; internet; information seeking; behavior; online health information; COVID-19

Introduction
News coverage can have a significant impact on mental health.
In particular, the sentiment of new articles, or their views and
attitudes toward specific topics, can evoke emotional responses
in consumers [1-7]. For instance, news articles with a negative
sentiment can elicit negative emotions on a daily basis [1], and,
similarly, news articles with a positive sentiment can elicit
positive emotions and enjoyment in consumers [2]. The intensity
of the emotional response to the news is strongly related to the
personal relevance of stories [1,3]. Emotional intensity is also
contingent on the type of news: forms of “hard” news such as
significant world events and more pressing issues (eg, natural
disasters, political turmoil) typically evoke stronger responses
than “soft” news articles that are more sensational and less
timely (eg, sports, pop culture, tabloid-style stories) [2,4].
Furthermore, online sources such as social media are being
increasingly used as a source of news [8], and posts seen in
news feeds have shown to elicit emotional responses aligning
with the sentiment of the posts [5]. Given the impact of daily
emotional responses on long-term mental health (eg, [9]), it is
worth investigating the role of daily stressors such as news
coverage sentiment in the mental health of consumers.
News headlines are a specific facet of news coverage that can
impact mental health. Headlines attempt to draw attention to
specific details and facts about the main story, often significantly
impacting how the reader perceives the given information [6].
To attract the reader, news headlines will often contain strong
sentiment [6,10], leading readers to experience emotional
responses from simply reading headlines [7]. Furthermore,
social media outlets such as Facebook are being increasingly
used as news sources, and estimates suggest that over 90% of
Facebook users only read the headlines of news stories in their
feeds [11]. Thus, while both story headlines and content are
important to consider, specific focus on headlines may be more
prescient from a mental health perspective.
A recent global issue of pervasive personal relevance and
therefore particular noteworthiness when considering the mental
health implications of news coverage is the COVID-19
pandemic. Recent studies have reported that people respond
adversely to news pertaining to COVID-19. One study found
that over one-third of participants were spending at least two
hours on social media reading COVID-19–related news, and
extended exposure to COVID-19 news was associated with
higher anxiety and depression in adults [12]. More extreme
exposure (eg, ≥3 hours) has been found to be associated with
https://www.jmir.org/2022/1/e32731
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generalized anxiety disorder [13]. Studies have led to similar
findings among college-aged students, reporting that students
spending an hour or more online looking for COVID-19–related
news have significantly higher levels of anxiety and
somatization [14]. In a separate multimodal passive sensing
study with self-reported ecological momentary assessments
conducted on 217 undergraduate students in the United States,
students were found to be more sedentary and reported increased
anxiety and depression symptoms (P<.001) during the academic
term coinciding with the first few months of the COVID-19
pandemic (Winter 2020) compared with previous academic
terms [15]. Additionally, movement and sleep-related behaviors
were found to be associated with fluctuations in COVID-19
reporting [15]. Furthermore, another study looked specifically
at the sentiment of headlines in COVID-19 news articles and
found that over 50% of headlines had a negative sentiment, 30%
had a positive sentiment, and under 20% had a neutral or
nonpolarizing sentiment [16]. Taken together, there is empirical
precedent to link the consumption of COVID-19–related news
to changes in mental health.
Given that the majority of people under 25 years perform
internet searches as their primary method of seeking mental
health information and help [17], it stands to reason that internet
search behavior may be a novel and powerful indicator of mental
health changes. With readily available data accessible via
platforms such as Google Trends, internet search behavior
represents a large corpus of data with increasing prevalence in
epidemiological applications. For example, peaks in suicide
search term activity correspond to high-profile news stories
pertaining to suicide [18] as well as completed suicide rates in
many countries [19]. Along with this, internet searches exhibit
seasonal variability, with peaks in mental health searches
occurring in the winter and troughs occurring in the summer,
aligning with seasonal depressive disorder [20]. Furthermore,
mental health searches in the United States spiked in early 2020
after lockdown announcements due to the COVID-19 pandemic,
but such searches leveled off in response to the issuing of
stay-at-home orders [21]. All in all, the leverage of records
derived from internet search behavior represents a broader
method of sampling that may have implications for
population-level mental health—a degree of heterogeneity that
is not always attainable through more traditional epidemiological
or clinical sampling approaches.
Given the versatility of internet search trends as an indicator of
mental health changes, a popular and successful approach to
analyzing such text corpora is using natural language processing
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(NLP). NLP is a computational-based approach to analyzing
text, and it has been used to study and model a variety of mental
health constructs [22-27]. A particularly useful facet of NLP is
sentiment analysis, which is a method of computationally
assessing opinions, subjectivity, and emotion in text [22]. At a
basic level, sentiment analysis constitutes the extraction of
words and phrases (n-grams) from a text corpus to compare
these features with prior knowledge regarding their affective
connotation. A common approach to extraction is to use a
rule-based technique, which applies a consistent system of
manually derived rules for reference and identification of
sentiment, such as a dictionary mapping of words to a specific
sentiment category or value (eg, positive or negative) [23].
Studies leveraging sentiment analysis have also relied on
automatic techniques that operate by implementing machine
learning–based methods, which classify the sentiment of novel
text by “learning” from the features of example data (eg, [24]).
In more recent literature, hybrid techniques combining elements
of both rule-based and automatic techniques have emerged,
often being used for analyzing sentiment across domains (eg,
[25,26]). Sentiment analysis has been commonly applied to text
from social media platforms such as Twitter. For instance,
Chakraborty et al [27] analyzed the sentiment of tweets to assess
mental health in response to COVID-19, and Chintalapudi et
al [28] applied a hybrid-based sentiment analysis using a naïve
Bayes classifier to patient medical records to assess trends in
patients’ physical and mental health over time. In the broadest
sense, this methodology has presented as a promising means to
quantitatively ascertain mental health dynamics.
The circumplex model of affect is a theory-driven approach to
ascertain emotional dynamics from the quantitative perspective
of sentiment analysis. One version of the model posits that, for
each individual, all affective states stem from 3
neurophysiological states: valence (pleasure/displeasure), arousal
(alertness/excitation), and dominance (autonomy/restriction)
[29]. Specifically, all emotions can be represented as a linear
combination of valence, arousal, and dominance, or different
degrees of these states [29]. It is worth noting that affect,
sentiment, and emotion, while they are often regarded as
equivalent and used interchangeably, are distinct in the
psychological literature. Affect is considered an “umbrella term”
that encompasses both emotion and sentiment which refers to
an individual’s subjective response to an experience, which can
vary in positive and negative intensity [30]. Emotion is a
conscious affective experience that is an adaptive response to
some event which, according to circumplex theory, can be
measured by its valence and arousal [30]. Finally, sentiment is
an individual’s acquired affective disposition toward an object
or event, wherein a disposition will have emotions associated
with it [30]. Thus, the affect circumplex inherently refers to
both
sentiment
and
emotion.
Preceding
the
valence–arousal–dominance (VAD-3D) circumplex model is
the valence–arousal (VA-2D) circumplex model [31]. While
the VA-2D model has the earliest and widest empirical support
in the literature (eg, [31,32]), the VAD-3D model has shown
to be more sensitive in the differentiation of certain affective
states (eg, fear and anger) compared with the VA-2D model
(eg, [29,33]). In general, a circumplex model can be constructed
for an individual by assessing affective states after multiple
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interactions over time. Further analysis of the circumplex
dimensions offer deeper understanding of an individual’s
emotions and emotion dynamics, or how an individual’s
emotions change over time.
Although the affect circumplex has traditionally been used to
temporally model emotion in individuals, it has also been used
to operationalize word usage within the context of sentiment
analysis. For instance, the circumplex model has been applied
to detect sentiment from social media content, including Twitter
tweets [34] and Facebook posts [35]. While there have been
several disparate and effective empirical applications of the
affect circumplex to the greater sentiment analysis framework,
the properties of the circumplex itself have also been utilized
within the research domain of emotion dynamics. In a
meta-analysis, researchers examined the flux, pulse, and spin
of affect [36] to predict changes in aggressive behaviors and
found that flux in positive affect, contrary to expectation, was
associated with individual aggression [37]. More broadly, their
findings supported the application of such dynamic measures
to better understand human social behavior [37]. While currently
underrepresented in the literature as a suite of metrics within
the NLP toolkit, there is broader empirical precedent to apply
the affect circumplex as a uniquely synergistic operationalization
of emotion/sentiment. Inspired by the promise of circumplex
theory and application within the extant literature, this study
aimed to integrate notions of circumplex dynamics with a
medium of the written word, thereby leveraging novel
quantifications of semantics for exploratory and
hypothesis-testing applications within the mental health space.
The COVID-19 pandemic, as of June 2021, has claimed the
lives of nearly 4 million individuals worldwide [38],
significantly altering the infrastructure, enterprise, and
sociobehavioral landscape of the globe. Its widespread,
devastating impact to physical, mental, and economic well-being
has presented a unique case study opportunity to further explore
how news media coverage of such a ubiquitous, baleful issue
influences the mental health of a society that is now highly
integrated with, and reliant on, digital technology for
information exchange. The breadth and depth of the data
associated with analyses on this front necessitate creative and
novel analytical approaches to uncover nuanced patterns that
may have potential implications for how information is
expressed as well as for the well-being of those who are exposed
to its expression. Given the broadly unifying and consistently
impactful nature of the recent pandemic, the current study sought
to interrogate the association between the affective dynamics
in digitally accessible local news media and online trends in
mental health search behavior across the United States. This
work capitalized on the affordances of online “big data” and
leveraged both Google Trends and Media Cloud repositories to
collect daily, state-specific, concurrent information on internet
search activity and written news media coverage of the
pandemic, respectively. Data from March 24, 2020, to October
22, 2020, were used to specifically profile COVID-19–related
news article headlines based on affect. As mentioned in previous
work, a focus on news headlines provides several benefits: (1)
they are dense with contextual information while being short
and more consistently formatted, (2) they often appeal to
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readers’ emotions, and (3) avoid issues of data privacy [7].
Relying on NLP techniques to ultimately draw from the
circumplex theory of affect and associated operationalizations
of emotion dynamics, in conjunction with generalized mixed
statistical modeling to assess online mental health behavioral
correlations with these operationalizations, this research
contributes a novel, integrative analytical framework for the
exploration and quantification of news media affect in the digital
era.
To this end, the current body of work consisted of a
descriptive/exploratory aim leveraged to inform subsequent
research questions aimed to model online mental health–based
search behavior in a targeted and empirically justified manner.
Accordingly, the first aim was to gain some intuition regarding
the language surrounding written COVID-19 news reporting
and characterize the semantic affect of written COVID-19 news
reporting across the United States. This aim was expressed in
terms of 2 initial exploratory research questions:
1.

2.

How does affect (valence, arousal, and dominance) of
state-specific COVID-19–related news headlines change
throughout the course of the initial phases of the pandemic?
How different is overall word usage in COVID-19–related
news headlines across the country?

The statistical and qualitative answers to these questions at
baseline were then used to inform and justify subsequent
modeling decisions for the second aim, namely, to interrogate
the association between mental health–based online search
behavior and the affective dynamics of COVID-19 news
exposure through time. Specifically, the resulting models
leveraged operationalized word affect exposure and focused on
the potential utility of affective dynamics in circumplex space
to model changes in online mental health search behavior
through time. As a result, this second aim was driven by the
following 2 additional research questions:
1.

2.

Do variables that reflect dimensional circumplex dynamics
of affect (flux, pulse, and spin) across daily news story
headlines have a stronger, statistically significant association
with same-day online mental health search behavior
outcomes compared with more simple measures of affect
(ie, daily average valence, arousal, and dominance)?
Given the core importance of valence and arousal in affect
theory, are features that capture the valence and arousal
components of news headlines more significant and more
highly associated with mental health search behavior
outcomes compared with dominance-related metrics?

Methods
Study Sample
This work used publicly available COVID-19–related online
news headlines. As described in more detail in the “News Data”
section, 88,987 news story titles were analyzed in total and
represented written coverage of the pandemic through time
across the top-ranked state-based news outlets by web traffic
in the United States (n=135 news outlets).
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Data Collection
News Data
News outlets were selected to represent daily sources that have
the largest audience while also emphasizing coverage of local
state-wide news, thus broader news outlets with substantial
national or international coverage were not selected (eg, the
New York Times, the Washington Post, USA Today). Web
traffic was used as a heuristic to select representative news
outlets on a per-state basis, with the requirement that the source
ranked within the top 5 of all outlets for that state [39]. Sources
were not considered if they were not among the most frequently
visited. In many cases, sources that ranked highly in terms of
web traffic were also ranked within the top 10 in terms of
physical circulation [40] (Multimedia Appendix 1). As the study
aimed to investigate the association between online search
behavior (operationalized through Google Trends data) and the
language of news coverage, it was most practical to focus on
news information readily available via the web. To this end, the
study utilized the Media Cloud API client, an open-source
platform for tracking millions of stories published online, to
ultimately construct a web scraping pipeline in Python and
programmatically extract the titles, dates, and body text from
stories of selected news sources [41,42]. COVID-19–related
news stories were queried from January 23, 2020, to October
22, 2020, for the presence of “covid”, “covid19”, “covid-19”,
“coronavirus”, or “pandemic” in at least one of either the story
headline or main body text.
The study aimed for 3 news sources per state, but due to the
limitations of data availability via Media Cloud as well as
paywalls specific to certain news outlets, several states did not
have appreciable representation of stories from top-ranked
outlets available for access between the dates specified for the
study. Typically, if Media Cloud had insufficient data for a
news source (defined as <15 stories per month on average), the
news source with the next highest web traffic rate was chosen
(up to the fifth highest ranked news source). An exhaustive list
of the sources used and their respective Media Cloud identifiers
is provided in Multimedia Appendix 1.
The analyses for this work were conducted specifically on the
content of story headlines. All stories were manually curated
to remove advertisements and other non-news content as well
as duplicate entries within any 1 news source. Stories without
an associated date of publication were removed. In several cases,
body text was not accessible; however, the headlines of these
stories were still included for analysis. The numbers reported
in Multimedia Appendix 1 represent the outlet-specific totals
for analysis after curation and preprocessing. Despite the
availability of news data from January 23, 2020, only data
starting from March 24, 2020, to October 22, 2020, were used
for downstream hypothesis testing, as the initiation of data
collection associated with the outcomes of interest (see the
“Mental Health Search Activity” section) occurred on March
24, 2020.

Mental Health Search Activity
Counts of mental health–related search terms were collected
daily using the gtrendsR (v1.4.8) package in the R programming
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language. For each of 17 mental health terms (“anxiety,”
“depression,” “hopeless,” “angry,” “afraid,” “apathy,”
“worthless,” “worried,” “restless,” “irritable,” “tense,”
“scattered,” “tired,” “avoiding,” “insomnia,” “suicidal”, and
“suicide”), queries were conducted for search activity across
the United States with state-level resolution. Following the
authors’ previous work in this domain [21], these terms were
adapted and validated in part by prior research on mental health
using Google Trends [20] as well as by research that assessed
rapid affective symptom changes in accordance with the
Diagnostic and Statistical Manual of Mental Disorders, 5th
edition [43,44].
As discussed in more detail in the Google Trends
documentation, search data are automatically normalized and
scaled from 0 to 100 based on a topic’s proportion to all searches
on all topics within a specified period and geographic location.
However, for this work, raw counts of searches were desired
rather than normalized values. To ultimately arrive at estimated
raw counts of mental health term searches, queries in gtrendsR
were constructed to include a unique daily comparator term that
was selected to serve as a representative top-trending term for
that day. These trending terms are published daily by Google
in tiers of absolute frequency (eg, >50,000 hits) and are therefore
not normalized. Each programmatic call to gtrendsR therefore
consisted of 2 simultaneous keywords (eg, “anxiety” and
“NASA”) corresponding to a mental health term and the selected
comparator term for that day. Manual selection of comparator
terms was performed to ensure that the term was as unrelated
as possible with regard to both COVID-19 and mental health.
The complete list of utilized comparator terms by date, along
with their estimated search volume thresholds, is provided in
Multimedia Appendix 2. Ultimately, each query to gtrendsR
returned state-level normalized counts for the target mental
health term and the representative comparator term for the date
of interest. From this information, a state-specific estimated
daily count for each mental health term was calculated in the
following manner:
MHNormTot × (COMPSV)/(COMPNormTot) = MHAdjTot
(1)
MHAdjTot
×
(MHNormState)/(MHNormTot)
(POPState)/(POPTot) = MHAdjState (2)

×

In Equation 1, an adjusted count for the target mental health
term MHAdjTot was first calculated by scaling the gtrendsR
normalized total count of the target mental health term
(MHNormTot) by the ratio of the reported comparator term search
volume to its gtrendsR normalized total count
(COMPSV/COMPNormTot). Because Google reports search
volume in tiers (eg, 50,000+, 100,000+), the value of COMPSV
was selected to be the lowest possible value that represents that
tier (eg, an estimated search volume of 50,000+ was set to
correspond to a COMPSV=50,000). MHAdjTot is summative
across all 50 states. To distill a practical estimation of mental
health search term counts at the state level, Equation 2 then
takes the ratio of the normalized target state count to the
normalized total count (across all 50 states) for the target mental
health term (MHNormState/MHNormTot) as well as the estimated
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ratio of the population belonging to the target state
(POPState/POPTot) (calculated from information provided by the
2019 US Census Bureau) and computes the product of these
values to ultimately calculate the target state–specific portion
of MHAdjTot and yield MHAdjState. Resulting counts were rounded
down to the nearest whole number. The process was repeated
for each of the 17 mental health terms, for each of the 50 states,
across the 213 days of the study spanning from March 24, 2020,
to October 22, 2020. Quantification and preprocessing of raw
gtrendsR count data were performed with custom scripts written
in the Python programming language (version 3.8.3).

Sentiment Analysis
Quantification of the emotional tone of words is a major
analytical arm of NLP. A component and feature of many NLP
analytical suites such as Python’s nltk library [45], sentiment
analysis commonly involves quantification of both polarity
(valence) and intensity (arousal) of emotion. While it is common
to employ pretrained models or dictionaries with packaged
implementations such as what is provided through nltk, it is also
possible to conduct sentiment analysis with a custom reference
dictionary so as to capture additional or unique nuances of
emotion. Accordingly, this work leveraged a large,
comprehensive, and empirically derived reference dictionary
of 13,915 English lemmas quantified by a crowdsourcing effort
involving 1827 responders and over 1 million word ratings of
valence, arousal, and dominance [46]. Average (SD) valence
of all rated words in the dictionary is 5.064 (1.275), average
arousal is 4.211 (0.986), and average dominance is 5.185 (0.938)
on a scale of 1-9, with higher values indicative of more positive
polarity, stronger intensity of emotion, or more dominant
language. For this study, all individual word ratings of valence,
arousal, and dominance were standardized to obtain Z-score
equivalents prior to application in downstream analyses. As a
result, numerical values represent SDs below or above the
average (Z=0) across all reference dictionary words for that
affective dimension.
With a custom-built Python script, tabular data containing a
state’s news story titles and dates of publication were first
preprocessed using nltk and regular expressions to lowercase
all words, remove all nonalphabetical characters, and remove
common stop words—words that do not add meaning or provide
context to a sentence (eg, “the,” “she,” “it”). Additional words
were manually appended to the default stop word dictionary to
account for location names (eg, “orange,” “lake,” “phoenix”),
media language (eg, “video,” “subscribe,” “share”), and proper
nouns doubling as reference dictionary entries (eg, “mitt,”
“trump”). A complete list of manually added stop words is
available in Multimedia Appendix 3 for reference. News stories
were then grouped by date of publication, and all words across
story titles were pooled into date-based lists representing a given
state’s headline word usage across time. From these lists, the
average Z-score valence, arousal, and dominance across words
that mapped to the reference dictionary were calculated per day.
This process was repeated for each of the 50 states to arrive at
state-specific, daily averages of normalized news headline
sentiment across 3 primary affect dimensions. Out of the total
731,607 non–stop words across all news story titles in the data
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set, 252,524 (34.52%) mapped to the reference dictionary and
were therefore considered in analyses.

Affect Circumplex Feature Engineering and
Exploratory Visualization

Descriptive Statistics of State-Specific Affect Through
Time

Overview

To address the exploratory component of this study, several
approaches were taken. With regard to the first question of affect
across time, the news collection period (January 23,
2020-October 22, 2020) was first divided into 5 distinct temporal
windows comprising 3 phases of the pandemic in the United
States. The first phase is referred to as “Pre-pandemic” and
spans 50 days (January 23, 2020-March 12, 2020). The
termination of this phase and the initiation of the second phase
was defined by the official presidential announcement
(Proclamation 9994) defining COVID-19 as a national
emergency on March 13, 2020. The second phase, “Early
Response,” spans 26 days and terminates on April 7, 2020. This
date marks South Carolina’s announcement of stay-at-home
orders, the last of 42 states to make an official statement
regarding the required alterations to daily behavior and
movement. The third and final phase, “Mid-pandemic,”
continues for 198 days to the end of the study period (April 8,
2020-October 22, 2020). This phase was further subdivided into
3 equal partitions of 66 days to create event-agnostic temporal
parity within the phase. This also allowed for less biased
statistical comparisons across all 3 phases because the resulting
statistics summarized phases with more equivalent data
representation.
News headlines were then parsed based on publication date into
these 5 temporal bins. For each state, the (1) mean, (2) variance,
and (3) root mean square of successive differences (RMSSDs)
[47] for the standardized daily averaged valence, arousal, and
dominance were calculated. Where mean and variance
calculations represented more traditional summative statistical
parameters and defined a phase more broadly, RMSSD captured
notions of change and consistency in affect within temporal
partitions over time. With the resulting data in hand (see
Multimedia Appendix 4 for each state’s partition-specific data),
affect-specific choropleths for each of the 5 temporal windows
were constructed. In addition, 6 representative states were
selected (Arizona, Georgia, Illinois, New Jersey, Texas, and
Washington) to further illustrate similarities and differences in
state-specific affect mean and RMSSD across the designated
phases of the pandemic. These states were chosen for further
illustration based on their collective geopolitical breadth as well
as their appreciable volume of available news headlines;
however, all states were analyzed in subsequent modeling efforts
(see the “Generalized Mixed Effects Modeling” section). The
results of these initial collective efforts served in part as the
impetus for further pattern-based operationalizations (see the
“Affect Circumplex Feature Engineering and Exploratory
Visualization “ section) and hypothesis testing (see the
“Generalized Mixed Effects Modeling” section).

https://www.jmir.org/2022/1/e32731

XSL• FO
RenderX

Appreciable patterns and variability in affect RMSSD across
time compared with mean and variance (see the “Descriptive
Statistics of State-Specific Affect Through Time” section)
suggested promise in leveraging signatures that capture the
dynamics of affect expression to ultimately integrate the
circumplex model of affect with sentiment analysis. Where
observed differences in RMSSD across states argued for
potential utility in modeling day-to-day volatility of affect,
observed differences in RMSSD across time within any 1 state
argued for potential utility in modeling the course of this affect
volatility. The circumplex, while not interrogating volatility per
se, nevertheless provides a practical, theory-guided means with
which patterns in written sentiment can be quantified and further
investigated within a temporal modeling framework. As such,
several additional features were derived from the daily
normalized average values of valence (V), arousal (A), and
dominance (D) for each state’s news headlines calculated in the
“Sentiment Analysis” section. These features served as key
variables in subsequent modeling efforts (see the “Generalized
Mixed Effects Modeling” section) to uniquely operationalize
affective variability in VA-2D and VAD-3D circumplex space
and ultimately interrogate the significance of daily patterns in
sentiment expression as associated with online mental health
search behavior outcomes (see the “Mental Health Search
Activity” section).

Flux
An operationalization of affect consistency along a dimensional
axis of the affect circumplex, flux is the SD of average
Z-standardized word affect scores (FluxV, FluxD, FluxA) across
all mapped words pooled from all state-specific news story
headlines for the day. Flux is scalar—it focuses on intensity
and is agnostic to directionality of the word vector in circumplex
coordinate space.

(3)
where is the mean standardized affect scores across all words,
w1, w2, w3, ..., wn.

Pulse
An operationalization of the consistency in extremity (distance
from the origin), pulse is the SD of the word vector magnitudes
in 2D circumplex space (PulseVA, PulseVD, PulseAD). Pulse is
similar in mathematical form (an SD) to flux, except that the
SD is found on a set of vector magnitudes rather than scalar
quantities of affect—unlike flux, pulse considers both intensity
and direction. The vector magnitude, M, for a word, w, was
operationalized in the circumplex as the Euclidean distance in
Cartesian coordinate space from the origin (0,0) to (Vw, Aw) in
the VA circumplex, to (Vw, Dw) in the VD circumplex, and to
(Aw,Dw) in the AD circumplex.

J Med Internet Res 2022 | vol. 24 | iss. 1 | e32731 | p.768
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

(4)

Lekkas et al
The final SD equation for calculating spin, with
as the mean
of the angular displacement calculations across all words
modeled in the circumplex, is therefore:

where
is the mean of the vector magnitudes across all words
modeled in the circumplex.

Spin
An operationalization of the consistency in angular orientation
or the breadth of coverage across the affect space (SpinVA,
SpinVD, SpinAD), spin is the SD of the word vectors
characterized in terms of their angular displacement from the
horizontal 2D circumplex axis (0°). Spin is the opposite of flux
in that it is only concerned with position and is therefore
intensity agnostic. Like both flux and pulse, spin is at its core
a calculation of an SD; however, it is the SD of vector angles
(from the x-axis) rather than vector magnitudes or scalar affect
values. Thus, the angle formed between the word affect vector
and the x-axis of the circumplex, θ, for a word, w, is equivalent
to the cosine of the dot product of vectors u = (ax, 0) and v =
(ax, ay), where ax and ay are the x-dimensional and y-dimensional
affect values (V, A, or D) associated with the 2D circumplex of
interest, respectively, divided by the product of their magnitudes:
cosθw = (u·v)/||(u·v)|| (5)
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To provide summative visualizations of descriptive patterns in
news headline word choice within the circumplex framework,
VA-2D word clouds were derived for each of the 6
representative states from the “Descriptive Statistics of
State-Specific Affect Through Time” section (Arizona, Georgia,
Illinois, New Jersey, Texas, and Washington). While the efforts
outlined in the aforesaid section focused on the deconstruction
of basic affect parameters at distinct phases of the evolving
pandemic, the efforts herein served 2 purposes: (1) visually
introduce the more nuanced circumplex and (2) more broadly
characterize word usage among states in a time-agnostic manner.
To develop some intuition, Figure 1 provides simple descriptive
examples of affect flux and spin profiles from singular
Massachusetts news headlines. In practice, however, the
resulting circumplex plots represented the most frequently
mapped words (≥2 SDs above the mean count of words across
news headlines in that state) from a state-wise concatenation of
all news headlines across time.
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Figure 1. Example valence-arousal affect circumplex plots for COVID news headlines. Headline words that map to the affect dictionary are plotted
in affect space with the x-axis representative of a word’s valence and the y-axis representative of a word’s arousal. The units of both axes represent the
Z-score of the word; thus, they can be interpreted as standard deviations from the mean affect score across all words in the reference affect dictionary.
Within this derived coordinate space, the circumplex properties of pulse and spin can be intuitively visualized through the mapping of example news
headlines. (A) Higher spin and higher pulse. (B) Lower spin and higher pulse. (C) Higher spin and lower pulse. (D) Lower spin and lower pulse.

Generalized Mixed Effects Modeling
To investigate the association between mental health search
term activity and affective dynamics of COVID-19 news
reporting across the United States, 8 separate mixed effects
models were constructed. Because both the VA-2D and
VAD-3D operationalizations of affect are popular, the 8 models
represent 4 pairs of outcome-specific investigations, where each
pair consists of 1 model with VA circumplex variables and
another model with VAD circumplex variables (see the “Affect
Circumplex Feature Engineering and Exploratory Visualization”
section). For each model pair, the outcome was operationalized
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differently to both holistically and more specifically interrogate
mental health search behavior. One subset of the selected terms
most closely corresponded with the mental health construct of
depression, another distinct subset corresponded with anxiety,
and a third aligned with both depression and anxiety.
Accordingly, the first model, “All Cluster,” pooled the daily
state-level counts for all 17 mental health search terms into a
single sum; the second model, “Depression Cluster,” pooled
the daily state-level counts for “apathy,” “depression,”
“hopeless,” “suicidal,” “suicide,” “tired,” and “worthless” into
a single sum; the third model, “Anxiety Cluster,” pooled the
daily state-level counts for “afraid,” “anxiety,” “avoiding,”
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“restless,” “tense,” and “worried” into a single sum; and the
fourth model, “Nonspecific Cluster,” pooled the daily state-level
counts for “angry,” “insomnia,” “irritable,” and “scattered.”
Given that these outcomes were overdispersed count data (ie,
with the variance of the outcome distributions higher than the
mean), models were constructed as negative binomial mixed
models in R using the glmmTMB package (version 1.0.2.1) [48]:
MHClusterCountVA = t + V + A + SpinVA + PulseVA
+ FluxV + FluxA + (1 | State) (7)
MHClusterCountVAD = t + V + A + D+ SpinVA +
SpinVD + SpinAD + PulseVA + PulseVD + PulseAD+
FluxV + FluxA + FluxD + (1 | State) (8)
For both the VA-2D (Equation 7) and VAD-3D (Equation 8)
models, time (day count since March 24, 2020), t, and each of
the respective affect values and circumplex features were
included as fixed effects, while state was included as a random
effect. All negative binomial models were run on stacked format
tabular data by specifying “family=nbinom2” with default
settings in glmmTMB. Model fit was assessed using Efron
pseudo-r2 [49]. See Multimedia Appendix 5 for the complete
data set used in analysis. For closer intuitive introspection of
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marginal and interaction effects, prediction plots of the most
statistically significant (P<.001) variables were constructed
using the sjPlot package (version 2.8.7) in R [50].

Ethics
This paper was not considered human subjects research because
it used anonymous, publicly available data and as such was
exempt from human subjects approval.

Results
Study Sample
Figure 2 illustrates the patterns in overall and state-specific
COVID-19 news availability in the current data set. General
trends reflect the progression of the pandemic in the United
States, with the highest representative coverage occurring in
mid-to-late March 2020, coinciding with the official US
presidential announcement of a national emergency and the first
wave of state-specific announcements and enactments of
stay-at-home orders that shortly followed [21]. For a complete
list of the outlets utilized by state, along with their respective
details on publication city, web traffic, and state circulation
rankings, as well as the number of stories included in the data
set, please refer to Multimedia Appendix 1.

Figure 2. Trend in available number of COVID-19 news stories across the United States. Colored dashed lines represent state-specific trends in available
COVID-19-related news stories through time as determined by the accessibility of the selected news outlets’ story headlines via Media Cloud. The bold
black line indicates the trend in the average number of representative stories across states. The maximum average number of stories (27.5) occurs on
March 13, 2020, coinciding with the release of the presidential Proclamation 9994 that declared COVID-19 a national emergency.

Descriptive Statistics of State-Specific Affect Through
Time
Phase-based calculations of standardized affect mean, variance,
and RMSSD for each of the 50 states’ news headlines revealed
several interesting features of the data. In general, the summative
phase metrics of mean and variance for each of valence, arousal,
and dominance did not exhibit any meaningful trends across
phases. For example, all 3 measures of affect tended to hover
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between a mean standardized score of 0.0 and 0.5, indicating
an overall propensity toward slightly positive, arousing, and
dominant language in COVID-19–related news headlines in
each phase. However, the RMSSD, which captured the change
in day-to-day affect over time within each phase, exhibited a
general pattern across phases that was consistent in a majority
of states. This pattern is clearly illustrated in the 6 representative
states of Figure 3B(1-6) and can be described as low consistency
(higher RMSSD) in affect during Phase 1, followed by an
J Med Internet Res 2022 | vol. 24 | iss. 1 | e32731 | p.771
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appreciable increase in consistency (lower RMSSD) from Phase
1 to Phase 2, leading ultimately to a gradual “rubber-banding”
back toward lower consistency across the 198 days of Phase 3.
This pattern was observed regardless of the affect dimension in
question. Discrepancies between states manifested in terms of
the overall magnitude in these shifts, including the extent of
“deterioration” in headline affect consistency during Phase 3,
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thus indicating that despite general similarities in news affect
across the nation, local news sentiment over time at different
phases of the pandemic is idiosyncratic to the state in question.
In turn, this suggests that a fuller appreciation of affect
differences in news headlines requires operationalizations that
emphasize nuanced patterns of expression.

Figure 3. Affect trajectories of representative states across phases of the COVID-19 pandemic. The (A) mean and (B) RMSSD of phase-specific
standardized valence (blue), arousal (orange), and dominance (green) across all words comprising COVID-19-related news headlines for each of (1)
Arizona, (2) Georgia, (3) Illinois, (4) New Jersey, (5) Texas, and (6) Washington. RMSSD: root mean square of successive differences.
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To further illustrate these trajectories of RMSSD in news affect
across the country, Figure 4 presents a 3 × 5 grid of
percentile-transformed RMSSD choropleths for valence, arousal,
and dominance across the 5 predefined time windows of the
study. A comparison of affect mean, affect variance, and affect

Lekkas et al
RMSSD in Figures 3 and 5 further emphasizes descriptive
statistical similarities and differences across time and state for
the 6 representative states. For additional reference, Multimedia
Appendix 4 provides all raw statistical results from which
time-based descriptions of affect were derived.

Figure 4. Choropleths of news affect percentile ranked RMSSD across phases of the COVID-19 pandemic. The percentile rank of state-specific arousal
(green), valence (blue), and dominance (purple) RMSSD across three phases (five temporal partitions) of the pandemic. A pattern of high RMSSD
during Phase 1, low RMSSD during Phase 2, and a gradual increase in RMSSD throughout Phase 3 is characteristic of the majority of states. As shown,
the temporal window of the study (January 23, 2020 - October 22, 2020) represents the first nine months of the pandemic. RMSSD: root mean square
of successive differences.

Figure 5. Affect descriptive statistics of representative states across phases of the COVID-19 pandemic. Mean, variance, and RMSSD of daily averaged
standardized valence, arousal, and dominance were calculated across news headlines in 6 geographically disparate states. News data were split into 3
distinct phases (with 6 total windows for analysis). A: arousal; D: dominance; RMSSD: root mean square of successive differences; V: valence.

Temporally Agnostic Exploratory Visualization With
the Affect Circumplex
With a focus on the VA-2D operationalization of affect
dynamics, the resulting circumplex word clouds in Figure 6
highlight interesting time-agnostic similarities and differences
in COVID-19–related news headlines across the country. Most
generally, descriptive analysis of the 6 representative states
https://www.jmir.org/2022/1/e32731
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indicated an overrepresentation of neutral and positively
valenced diction (eg, “health”) with some state-specific variety.
In addition, more negatively valenced and strongly arousing
language (eg, “emergency”) was less prevalent, however more
consistent and ubiquitous across states. The results, in
conjunction with those in the “Descriptive Statistics of
State-Specific Affect Through Time” section, encourage the
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implementation of affect-based models that account for
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state-specific random effects within a temporal framework.

Figure 6. Valence–arousal circumplex of most commonly used words in COVID-19 news headlines across representative states. Valence–arousal
circumplex plots of the most frequently used words in COVID-19–related news headlines. Plots are anchored in 2D Euclidean space where the x-axis
indicates standardized valence of a word and the y-axis indicates standardized arousal of a word. All represented words reflect a state-specific frequency
of use at or above 2SDs from the mean use across all words in the news headlines for the respective state. The size of the data point scales with relative
frequency. Words used more frequently are represented by larger points relative to those used less frequently. (A) Arizona, (B) Georgia, (C) Illinois,
(D) New Jersey, (E) Texas, and (F) Washington.

Generalized Mixed Effects Modeling
Eight different negative binomial mixed effects models (in
VA-2D and VAD-3D pairs) were constructed to interrogate the
associations between affect dynamics in COVID-19–related
news and online mental health–related search term activity.
https://www.jmir.org/2022/1/e32731
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Activity was operationalized in terms of 4 clusters. First, the
VA-2D (pseudo-r2=0.11) and VAD-3D (pseudo-r2=0.11)
models corresponding to the “All Cluster” of mental health
search terms corroborated a statistical significance in the fixed
effects of both SpinVA (P=.004 and .009, respectively) and FluxA
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(P<.001 and P<.001, respectively) with similar respective
magnitudes of association (Table 1). Specifically, SpinVA was
found to have a significantly (P=.004) negative association with
mental health search term volume: a unit increase in SpinVA
was found to have an approximate 14.8% decrease in mental
health search term volume. By contrast, FluxA was found to

have a significantly (P<.001) positive association with mental
health search term volume: a unit increase in FluxA reflects an
approximate 24.7% increase in mental health search term counts.
For completeness, Multimedia Appendix 6 reports on the
conditional modes of the state-based random effects for these
models.

Table 1. Generalized mixed effects model results for all cluster of mental health search termsa.
Fixed effects feature

VAb model

VADc model

β

95% CI

P value

β

95% CI

P value

Time (t)

–.013

–0.035 to 0.009

.26

–.014

–0.036 to 0.009

.23

Valence (V)

–.061

–0.126 to 0.004

.07

–.047

–0.136 to 0.043

.31

Arousal (A)

–.01

–0.077 to 0.057

.77

–.015

–0.082 to 0.053

.67

–.034

–0.119 to 0.052

.44

–.17

–0.297 to –0.042

.009d

SpinVD

.01

–0.103 to 0.123

.87

SpinAD

.03

–0.092 to 0.151

.63

.095

–0.108 to 0.299

.36

PulseVD

–.314

–0.717 to 0.089

.13

PulseAD

.035

–0.179 to 0.249

.75

Dominance (D)
SpinVA

PulseVA

–.16

.131

–0.270 to –0.050

–0.031 to 0.292

.004

d

.11

FluxV

.016

–0.084 to 0.115

.76

.318

–0.006 to 0.642

.05

FluxA

.221

0.116 to 0.326

<.001e

.216

0.106 to 0.325

<.001e

.09

–0.231 to 0.411

.58

FluxD
a

Results of the negative binomial mixed effects model for the “All Cluster” summed mental health terms outcome. The VA model includes affect and
circumplex features representing the valence and arousal dimensions of words, while the VAD model includes affect and circumplex features representing
the valence, arousal, and dominance dimensions of words.
b

VA: valence–arousal.

c

VAD: valence–arousal–dominance.

d

P<.05.

e

P<.001.

Second, the VA-2D (pseudo-r2=0.11) and VAD-3D
(pseudo-r2=0.11) models corresponding to the “Anxiety Cluster”
of mental health search terms suggest a consistent statistically
significant (P<.001 and P<.001, respectively) positive
association between FluxA and anxiety-related search term
volume, with FluxV (P=.04) and D (P=.03) exhibiting additional
significance in the VAD-3D model only (Table 2). Significance
(P<.001) in FluxA partially echoes findings in the “All Cluster”
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with a 1 unit increase in FluxA accounting for an approximate
24.5% increase in anxiety-related online search activity.
Idiosyncratic to the VAD-3D model, a 1 unit increase in FluxV
was associated with an approximately 42.0% increase, while a
1 unit increase in D was associated with an approximately 9.1%
decrease in anxiety-related search term counts. For
completeness, Multimedia Appendix 6 reports on the conditional
modes of the state-based random effects for these models.
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Table 2. Generalized mixed effects model results for anxiety cluster of mental health search termsa.
Fixed effects feature

VAb model

VADc model

β

95% CI

P value

β

95% CI

P value

Time (t)

–0.02

–0.042 to 0.003

.08

–0.023

–0.045 to 0.000

.05

Valence (V)

–0.06

–0.126 to 0.005

.07

–0.003

–0.094 to 0.087

.94

Arousal (A)

–0.016

–0.084 to 0.052

.65

–0.025

–0.094 to 0.044

.48

–0.095

–0.181 to –0.008

.03d

–0.11

–0.239 to 0.189

.09

SpinVD

0.007

–0.109 to 0.123

.90

SpinAD

0.036

–0.088 to 0.160

.57

0.032

–0.173 to 0.238

.76

PulseVD

–0.357

–0.768 to 0.053

.09

PulseAD

0.038

–0.178 to 0.254

.73

Dominance (D)
SpinVA

PulseVA

–0.109

0.078

–0.220 to 0.002

–0.085 to 0.241

.06

.35

FluxV

0.006

–0.094 to 0.106

.91

0.351

0.021 to 0.680

.04d

FluxA

0.219

0.112 to 0.326

<.001e

0.215

0.104 to 0.327

<.001e

0.092

–0.235 to 0.419

.58

FluxD
a

Results of the negative binomial mixed effects model for the “Anxiety Cluster” summed mental health terms outcome. The VA model includes affect
and circumplex features representing the valence and arousal dimensions of words, while the VAD model includes affect and circumplex features
representing the valence, arousal, and dominance dimensions of words.
b

VA: valence–arousal.

c

VAD: valence–arousal–dominance.

d

P<.05.

e

P<.001.

Third, the VA-2D (pseudo-r2=0.10) and VAD-3D
(pseudo-r2=0.10) models corresponding to the “Depression
Cluster” of mental health search terms uncovered consistent
statistical significance for the fixed effects of SpinVA (P<.001
and P<.001, respectively) and FluxA (P<.001 and P<.001,
respectively) with additional statistical significance for V
(P=.04) and PulseVA (P=.03) within the VA-2D model only
(Table 3). Akin to what was observed in the “All Cluster”,
SpinVA was found to have a significantly (P=.003) negative
association with depression-related search term counts: a unit
increase in SpinVA was associated with an 18.7% decrease in
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depression-related search volume. Likewise, FluxA had a
significantly
(P<.001)
positive
association
with
depression-related search activity: there was an approximate
28.9% increase in depression-related search counts for every 1
unit increase in FluxA. Idiosyncratic to the VA-2D model, a 1
unit increase in V was associated with an approximate 6.9%
decrease, while a 1 unit increase in PulseVA was associated with
an approximate 20.2% increase in depression-related search
term counts. For completeness, Multimedia Appendix 6 reports
on the conditional modes of the state-based random effects for
these models.
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Table 3. Generalized mixed effects model results for depression cluster of mental health search termsa.
Fixed effects feature

VAb model

VADc model

β

95% CI

P value

β

95% CI

P value

Time (t)

–0.015

–0.037 to 0.007

.18

–0.016

–0.039 to 0.007

.17

Valence (V)

–0.071

–0.138 to –0.071

.04d

–0.072

–0.164 to 0.020

.13

Arousal (A)

–0.009

–0.077 to 0.059

.80

–0.01

–0.079 to 0.059

.78

–0.012

–0.099 to 0.076

.80

–0.228

–0.358 to –0.098

<.001e

SpinVD

0.015

–0.101 to 0.130

.80

SpinAD

0.048

–0.078 to 0.173

.45

0.138

–0.072 to 0.348

.20

PulseVD

–0.247

–0.657 to 0.164

.24

PulseAD

0.052

–0.170 to 0.273

.65

Dominance (D)
SpinVA

PulseVA

–0.207

0.184

–0.320 to –0.094

0.017 to 0.351

<.001e

.03d

FluxV

0.049

–0.053 to 0.152

.35

0.301

–0.031 to 0.633

.08

FluxA

0.254

0.146 to 0.362

<.001e

0.246

0.133 to 0.358

<.001e

0.041

–0.287 to 0.368

.81

FluxD
a

Results of the negative binomial mixed effects model for the “Depression Cluster” summed mental health terms outcome. The VA model includes
affect and circumplex features representing the valence and arousal dimensions of words, while the VAD model includes affect and circumplex features
representing the valence, arousal, and dominance dimensions of words.
b

VA: valence–arousal.

c

VAD: valence–arousal–dominance.

d

P<.05.

e

P<.001.

At the request of an anonymous reviewer, identical negative
binomial mixed effects models with time modeled as logistic
were run to challenge the above models’ assumption of time as
linearly associated with the outcome. Using Efron pseudo-r2 to
assess comparative fit of the logistic-transformed time models
with their respective linear version, results were comparable to
2 decimal places (pseudo-r2=0.10-0.11). As such, treating time
as linear or logistic did not lead to an appreciable difference in
fit.
Both spin and flux were consistently found to be significant
(P<.05) in the above mixed models. Given this prominence,
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Figure 7 first provides an intuitive visualization of the marginal
effect of the cluster-/model-specific significant (P<.05) spin
and flux-based parameters on the frequency of mental health
search term clusters, indicating that lower spin and higher flux
individually result in larger predicted counts of cluster-related
search terms. Considering the significance of SpinVA and FluxA
simultaneously, Figure 8 then illustrates their interactive effect
on the predicted summative count of all mental health search
terms (All Cluster), further implicating overall mental health
search term behavior as positively associated with FluxA/FluxV
and negatively associated with SpinVA.

J Med Internet Res 2022 | vol. 24 | iss. 1 | e32731 | p.777
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Lekkas et al

Figure 7. Marginal effect plots of significant VA-2D affect circumplex features on mental health search term counts. The prediction plots illustrate
the marginal impact of the most significant affect features on online mental health search term count outcome from the cluster’s respective VA-2D
negative binomial mixed model. The x-axis indicates the potential value (0-3) of the designated affect feature, and the y-axis is the model-predicted
search term count. Slopes recapitulate the directionalities of association as enumerated in Tables 1-3. (A) “All Cluster”; (B) “Anxiety Cluster”; (C)
“Depression Cluster”. VA: valence–arousal. VA-2D: valence-arousal-two-dimensional.
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Figure 8. Interaction plot of overall significant affect circumplex features from VA-2D All Cluster model. Illustration of the marginal interactions of
the most significant circumplex features from the fit VA-2D circumplex “All Cluster” negative binomial mixed model. Higher FluxA influences
predictions toward higher overall activity in online mental health search term counts, while simultaneous higher SpinVA dampens, but does not eliminate,
the overall trajectory toward higher search term activity. VA: valence–arousal. VA-2D: valence-arousal-two-dimensional.

Discussion
This research endeavor revealed patterns in day-to-day
COVID-19 news headline affect variation across the first 9
months of the pandemic. Applying a rule-based, empirical
approach to sentiment analysis, time-agnostic similarities and
differences in word use and affect were found across the United
States, including the ubiquitous use of negatively valenced and
strongly arousing language. Initial temporal analyses revealed
trends in affect change within and between phases of the
pandemic, highlighting the potential importance of
operationalizing patterns of expression in future investigations
involving written sentiment. For example, the generalized
mixed-effects models employed in this work utilized
circumplex-based predictors, revealing that an increased
consistency in affective tone (SpinVA) was predictive of
increased depression-related search term activity, and emotional
language patterns indicative of affective uncontrollability
(FluxA) contributed more generally to an increase in online
mental health search term frequency.
This study leveraged both news and internet search data to
interrogate the association between the daily affective
dimensions of local news headlines and online mental health
search behavior across the United States. Using the recent
COVID-19 pandemic as an example, this research applied the
circumplex theory of affect within the context of NLP to
operationalize the dynamics of language-based emotion. These
operationalizations were then employed within a time-anchored,
generalized mixed modeling framework to gauge the
significance of the circumplex properties of news headlines on
same-day mental health–related search term volume. The study
https://www.jmir.org/2022/1/e32731
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aimed to first explore news coverage temporally, holistically,
and geographically from the unique quantitative perspective of
word affect (ie, valence, arousal, and dominance). Through
basic descriptive statistics and summative data visualization,
these efforts profiled key similarities and differences which
informed and justified modeling choices for subsequent
hypothesis testing. After establishing this descriptive baseline
of COVID-19–related news affect, the research was interested
in testing hypotheses concerning the relative significance of
affect flux, pulse, and spin to ultimately contribute a unique and
more nuanced explanation of the semantic mechanisms that
underlie the impact of written news exposure on the mental
health of society.
As an initial exploratory analysis, this study took daily averaged
values of word use affect in COVID-19 news headlines and
calculated the state- and pandemic phase–specific mean,
variance, and RMSSD of these values. One primary goal of this
endeavor was to compare affect coverage through time from
both traditional, pattern-agnostic quantifications (ie, mean and
variance) with one that began to interrogate notions of affective
dynamics (RMSSD within a phase). The results indicated that
while the mean and variance of phase-specific COVID-19 news
affect did not show significant change through time (Figure 5),
there was a clear recapitulation of RMSSD patterns of change
across the vast majority of states (Figure 4). Example
comparisons of mean and RMSSD in 6 representative states
further reflected the nature of these statistical patterns (Figure
3). Taken together, these findings indicated several important
aspects of COVID-19 news headline sentiment.
First, and most broadly, these findings indicate that the
phenomenology of written sentiment in the context of news
J Med Internet Res 2022 | vol. 24 | iss. 1 | e32731 | p.779
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coverage is volatile and dynamic; RMSSD can be thought of
as an inspiration and justification for applying circumplex-based
modeling in subsequent hypothesis testing. Second, deviance
among the 50 states indicates that while there is a potentially
significant pattern of affect change through time, it does not
manifest consistently and to the same degree across the United
States. Thus, modeling should account for “state” as a random
effect when interrogating any affect–outcome relationship from
the data, insinuating the utility of a mixed modeling strategy.
Third, these results provide a baseline, descriptive statistical
narrative of COVID-19 news coverage throughout the first 9
months of the pandemic. The employment of emotional written
language in news, while showing little variance or change in
central tendency between pandemic phases holistically (Figures
3A and 5), was characterized by appreciable patterns of change
within each phase which differ from one phase to the next
(Figures 3B(1-6), 4, and 5). Thus, day-to-day fluctuations in
news sentiment, as well as the patterns of these fluctuations in
local news, may be potentially informative and impactful aspects
of news coverage on the resulting mental health of the American
people. In general, the initial findings supported the notion that
written news affect in this setting is nuanced and thus requires
operationalizations and associated modeling that can more subtly
capture changes in the dimensions of sentiment through time.
Before any digital surrogates of mental health were incorporated
for hypothesis testing, this study sought to additionally provide
some linguistic characterization to the headline content driving
the aforementioned statistical patterns of sentiment. The
resulting word clouds depicting the most commonly used words
in COVID-19 news headlines across the 6 representative states
aimed not only to interrogate the nuances in state-specific
diction, but also to consider the valence and arousal of these
headlines at the word level (Figure 6). Words with high arousal
and low valence (eg, “emergency,” “quarantine,” and “fight”)
were ubiquitous across the majority of the representative states,
likely reflecting common COVID-19–related headlines that
may not be idiosyncratic to state-specific news outlets and
therefore representative of common themes in news coverage
across the United States. However, the word clouds of the
representative states predominantly consisted of words with
high valence and varying arousal. While some of these words
suggest a direct connection to COVID-19–related updates (eg,
“vaccine,” “travel,” and “stimulus”), others are more indicative
of the impact of COVID-19 on everyday life specific to that
state (eg, “football,” “college,” and “restaurant”). The
over-representation of words with high valence is worthy of
note as it may lend to a misinterpretation of COVID-19 news
headlines as being generally positive, as reflected by a positive
mean valence across the top most commonly used words in a
given state. This interpretation highlights the necessity for
contextualization of the headline’s diction. For example, when
mapped against the valence–arousal circumplex, the headline
“Massachusetts nurses, scared for their safety, brace for
coronavirus peak” produces 2 words of positive valence
(“safety” and “peak”), matched by 2 words of negative valence
(“scared” and “brace”; Figure 1A). Despite an inconclusive
depiction of the headline’s sentiment when operationalized by
the mean valence of the 4 individually mapped words, the
headline as a whole suggests a clear sense of fear. Such
https://www.jmir.org/2022/1/e32731
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examples highlight that while the incorporation of mean valence
may allow for comparison across a single affect dimension,
additional introspection is required to better understand temporal
and multidimensional variation in news headline sentiment.
Following the exploratory and descriptive endeavors of
COVID-19 news headline coverage, the study turned to the core
issue at hand, namely, the interrogation of the impact of these
daily news headlines on the mental health–related online search
behavior of the US population. Using same-day Google Trends
count data of key mental health terms, negative binomial mixed
effects models were constructed using time and affect
circumplex-derived variables. Valence, arousal, and dominance
(ie, flux, pulse, and spin) were used as fixed effects in both
VA-2D and VAD-3D representations of word affect along with
“state” as a random effect (see the “Generalized Mixed Effects
Modeling” section). The results of these circumplex-based
modeling efforts can be partially understood through the lens
of established psychological theory and are concomitant with
word affect patterns that reflect the zeitgeist of the early
pandemic. In addition, the novel application of sentiment
analysis within a circumplex framework has highlighted several
novel foci for future research consideration.
One key methodological feature of the hypothesis-driven mixed
modeling was the summation of daily state-specific mental
health search term count activity by 4 clusters: (1) All, (2)
Depression, (3) Anxiety, and (4) Nonspecific (see the “Mental
Health Search Activity” and “Generalized Mixed Effects
Modeling” sections). For terms related to the construct of
depression, the models implicate both spin in the
valence–arousal circumplex (SpinVA) and flux–arousal (FluxA)
as statistically significant predictors of depression-related search
term activity through time in both the VA-2D and VAD-3D
representations of affect (Table 3). This result indicates that
both the affective position and magnitude of words in news
headline exposure were associated with depression-related
search activity. Moreover, this result differed from the results
of the “Anxiety” cluster models, where only FluxA was a
statistically significant predictor of anxiety-related search
activity in both the VA-2D and VAD-3D versions of the model.
The exclusive significance of FluxA in the anxiety models
implies that only the magnitude of the arousal dimension is
important for prediction when anxiety-related terms are
considered (Table 2). Additionally, the “All Cluster” models,
where anxiety, depression, and nonspecific search terms were
considered, reflected the union of circumplex variable
significance for the “Anxiety”, “Depression”, and “Nonspecific”
(not-shown; no significance) clusters (Table 1). When
considering the importance of spin for depression-related search
behavior, SpinVA can be thought of as representing affective
“tone” or “mood” (ie, the “kind” of affect [37]) due to its solely
position-based (and not magnitude-based) operationalization
within the circumplex. Thus, the finding that lower spin (more
consistent tone) is associated with higher depression-related
search term activity may be a reflection of the mundane, of a
situation that is stagnant and inescapable, thereby potentially
fueling depressive thoughts and feelings. Such a description
echoes feelings of languishing—a void between depression and
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peak psychological well-being—that have widely characterized
the mental milieu of those affected by the COVID-19 pandemic
[51].
Turning now to the significance of FluxA in the “Anxiety
Cluster,” “Depression Cluster,” and “All Cluster” models, the
learned helplessness hypothesis may offer some explanation.
The learned helplessness hypothesis describes a situation where
perceived uncontrollable events lead to a learned disconnection
between behavior and outcome, ultimately producing
motivational, cognitive, and emotional states of uncontrollability
during this learning process [52]. This framing purports that
uncontrollable aversive events produce greater emotional
disruption than controllable aversive events, which ultimately
leads to what could be described as a “defeatist” mentality (of
particular note for depression). The significance of FluxA as a
predictor of mental health search term counts highlights the
affective uncontrollability of COVID-19 reporting (and
COVID-19 itself); ubiquitous feelings of uncertainty
surrounding the pandemic have been parroted by the news,
thereby reinforcing these sentiments through time. The positive
directionality of association between FluxA and the “Anxiety
Cluster,” “Depression Cluster,” and “All Cluster” model
outcomes is indicative of the impact of greater-expressed
uncertainty on the mental health of the population.
In joint consideration of low spin and high flux, with importance
centered on valence and arousal, the modeling results showed
that COVID-19–related news coverage through time clashes
low energy and high energy emotional states, a combination
(and fluctuation) of both the arousing and the mundane. Given
the behavioral and environmental context and uncertainties
surrounding the pandemic, this dynamic may be particularly
disturbing for consumers and may engender heightened feelings
of both depression and anxiety, ultimately exacerbating mental
health issues. Figures 7 and 8 offer some preliminary empirical
support for this association.
The application and similarity of results between the VA-2D
and VAD-3D models of affect support the overall robusticity
of the results. Such a general recapitulation also implies that
dominance, in the setting of news headlines, does not seem to
contribute to modeling the association between written news
affect and mental health search term behavior; the VA-2D
circumplex statistically accounts for mental health search term
behavior on its own. However, there are some discrepancies
worth noting. In modeling anxiety-related search terms, flux
valence (FluxV) is significant in the VAD-3D model only,
meaning the dynamics of valence become important only after
controlling for dominance. This supports a common critique of
the 2D circumplex, which states that the limited framing may
not adequately capture nuances in emotion. For example,
nervousness and anger share a similar space in the VA
circumplex (negative valence, positive arousal), but with the
addition of dominance in the VAD circumplex, nervousness
(negative dominance) and anger (positive dominance) become
separable in 3D space. While the current results saw limited
instances of discrepancy between the 2, it is worth noting for
future endeavors that accounting for dominance may uncover
nuanced differences in the affective properties and associated
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circumplex dynamics that exist among words and their
corresponding emotional states. Dimensionality notwithstanding,
this study has underlined arousal (over both valence and
dominance) as the most significant affective dimension in
consideration of mental health search behavior outcomes. The
implications of the significance of arousal are not clear and
should be a focus for future work in this area.
This study contributes to a small yet growing body of literature
connecting NLP, sentiment analysis, and affective dynamics,
ultimately offering a novel framework to more finely interrogate
the impact of emotion in written form. Leveraging a large and
robust data set of time-anchored news headlines and internet
search behavior, theory-driven operationalizations of emotion,
along with empirically informed modeling of association against
the backdrop of a widespread emotional and impactful stimulus,
this work serves both as a theoretical proof of concept for
methodological integration and as a practical, big data–driven
investigation into the impact of language on the mental health
of society. While acknowledging these strengths, this study also
has several limitations worth noting when considering the
significance of the results. First and foremost, the analyses only
extracted individual words, or unigrams, from news headlines
and used a reference dictionary to quantify the sentiment of
each word. While considering unigrams is convenient for
extracting the sentiment of individual words, they do not take
into account contextual elements of full sentences that may
disambiguate the meaning and therefore sentiment of a word
[53]. For instance, the word “good” can be modified with an
intensifier like “very” to increase its positive sentiment or a
negator like “not” to give it a negative sentiment [54]. Thus,
using an n-gram approach, where n is a number of words greater
than 1 (eg, bigrams, trigrams), may have yielded more accurate
quantifications of sentiment contained within the
COVID-19–related news headlines. However, because this study
utilized an externally developed affect reference dictionary for
English lemmas, which mapped unigrams to sentiments, the
authors of this study would have had to empirically derive a
new reference dictionary for n-grams of a comparable quality
to the one used. In addition, because the external reference
dictionary could only account for 34.47% (252,254/731,607)
of the lemmas extracted from the COVID-19–related news
headlines, the majority of the extracted lemmas could not be
considered for analysis. Second, this study relied on the Media
Cloud API client for COVID-19–related headline availability.
It is possible that some news stories were not available in the
database and therefore not included in this analyses. While the
news headline corpus was extensive in totality, state-wise news
coverage was dependent on database availability and thus not
equally representative nor exhaustive. Finally, the present
methods used approximate calculations of mental health–related
term frequencies based on normalized Google Trends values,
as Google Trends does not provide absolute search term counts.
These estimated frequencies were conservative, consistent, and
empirically based, and thus the impact of using them on the
present results was likely slim; however, the true search term
counts may yield slightly different results.
This work demonstrated the general promise of leveraging the
circumplex model of affect to written content, providing an
J Med Internet Res 2022 | vol. 24 | iss. 1 | e32731 | p.781
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example for how circumplex theory can be integrated with NLP
and sentiment analysis techniques. The results of this work
operationalized sentiment analysis via the theory-driven affect
circumplex to uncover nuanced dynamics of word use, thus
suggesting that such a combination of analytical tools is uniquely
informative and promising for analyzing associations relating
to emotional dynamics, especially within a longitudinal context.
Future efforts may benefit from applying an expanded sentiment
reference dictionary or machine learning–based sentiment

Lekkas et al
analysis approaches with the inclusion of n-grams to more fully
test the practical application and theoretical capabilities of the
circumplex model of affect on text-based data. Furthermore, in
analyzing news headline content, the present results implicated
arousal as the most informative and statistically significant
circumplex dimension. Future studies of news content not
necessarily limited to COVID-19 or mental health may therefore
find it informative to incorporate and focus attention on the
arousal-based qualities of word use.
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Abstract
Background: Massive, easily accessible online health information empowers users to cope with health problems better. Most
patients search for relevant online health information before seeing a doctor to alleviate information asymmetry. However, the
mechanism of how online health information affects health empowerment is still unclear.
Objective: To study how online health information processing affects health empowerment.
Methods: We conducted a cross-sectional questionnaire study that included 343 samples from participants who had searched
online health information before the consultation. Respondents' perceptions of online information cues, benefits, health literacy,
and health empowerment were assessed.
Results: Perceived argument quality and perceived source credibility have significant and positive effects on perceived information
benefits, but only perceived argument quality has a significant effect on perceived decision-making benefits. Two types of
perceived benefits, in turn, affect health empowerment. The effects of perceived argument quality on perceived informational
benefits and perceived decision-making benefits on health empowerment are significantly stronger for the high health literacy
group than the low health literacy group (t269=7.156, P<.001; t269=23.240, P<.001). While, the effects of perceived source
credibility on perceived informational benefits and perceived informational benefits on health empowerment are significantly
weaker for the high health literacy group than the low health literacy group (t269=–10.497, P<.001; t269=–6.344, P<.001). The
effect of perceived argument quality on perceived informational benefits shows no significant difference between high and low
health literacy groups.
Conclusions: In the context of online health information, perceived information benefits and perceived decision-making benefits
are the antecedents of health empowerment, which in turn will be affected by perceived argument quality and perceived source
credibility. Health literacy plays a moderating role in the relationship of some variables. To maximize health empowerment,
online health information providers should strengthen information quality and provide differentiated information services based
on users' health literacy.
(J Med Internet Res 2022;24(1):e27178) doi:10.2196/27178
KEYWORDS
online health information; perceived argument quality; perceived source credibility; health literacy; health empowerment;
information seeking
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Introduction
Background
Health empowerment is a cornerstone of a patient-centered
approach to healthcare. Empowerment allows patients to take
the initiative in making decisions about their own health care
and quality of life, rather than passively complying with
decisions made by others [1,2]. Previous literature hailed health
empowerment as a new paradigm for health management and
nursing practice [3,4]. As such, how to promote individuals’
health empowerment has become a common concern of scholars
and health care professionals.
The rise of e-health services has brought new opportunities for
promoting health empowerment. Various forms of electronic
health services (eg, health information portals, online health
communities, consultation platforms, etc) provide the public
with abundant and easily accessible health information. Patients
can obtain information about the symptoms of the disease,
conventional treatment methods, and the treatment experience
of others. With that health information, patients can become
informed before doctors' visits and participate in health
decision-making during the consultation process to enhance
their sense of control. And an increasing number of people now
obtain health information online. The China Internet Network
Information Center pointed out that more than 276 million users
in China utilize internet medical services, accounting for 29.4%
of all internet users [5]. Online health information is changing
the traditional way of the doctor visit, in which patients passively
follow doctor's decisions.
Research on health empowerment in the context of eHealth
services has become an important research stream. Some
scholars explored the logic or dimensions of empowerment in
the context of eHealth services [6,7]. Other scholars focused on
the promotion of health empowerment by the benefits or
functions of online health services. Electronic health records
make users more informed and in a favorable position in the
medical market [8]. Online health communities can provide
users with various social support to promote empowerment
[9-12]. Berkel et al [13] showed patients discussing drug use
information on online message boards can promote patient
empowerment, and the most common empowerment process is
providing information and sharing personal experiences. Nelson
et al [14] extracted the six system elements of wearable devices
and pointed out that they can promote the user's health
empowerment and commitment to health goals. In addition,
some scholars have pointed out that web-based interventions
can promote patient empowerment [15-17].
Previous research provided us with valuable knowledge for
understanding health empowerment. Undoubtedly, obtaining
health information from online resources to reduce information
asymmetry is an indispensable part of patient empowerment
[18,19]. However, perhaps we should pay more attention to the
mechanism of information processing on health empowerment
currently. Accessing online health information is easy nowadays
due to high internet penetration, available devices, available
information, but once information has been accessed, processing
information is a crucial next step. In the context of processing
https://www.jmir.org/2022/1/e27178
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online health information, individuals with different health
literacy may face different situations. Health literacy measures
the ability to acquire, process, and understand basic health
information and the ability to use health information to make
healthy decisions [20]. The usefulness of online health
information largely depends on the recipients' health literacy
[21]. Even in the face of the same online health information,
the receivers with different health literacy will have different
perceptions and health empowerment. In order to promote health
empowerment more efficiently, it is necessary to focus further
on information processing, explore how information recipients
benefit from online health information, and ultimately promote
health empowerment. Therefore, this study focuses on two
issues: (1) How do users’ processing of health information
contribute to health empowerment? (2) How does health literacy
affect an individual's health empowerment process?
Overall, we assume that online health information can promote
health empowerment during the consultation process, which is
the result of the interaction information factors and the health
literacy of the recipient. As a popular health resource, online
health information can support patients with the ability to
participate in the consultation process. Therefore, it is necessary
to explore the process by which patients analyze online
information and identify the mechanisms by which they
contribute to health empowerment. To address this question,
based on the elaboration likelihood model (ELM), we
conceptualized perceived argument quality, perceived source
credibility, and health literacy into online health information
processing scenarios and explored their impact on health benefits
and health empowerment.

Literature Review
Health Empowerment
Empowerment theory has been explored by a rich body of
research in social work, mainly as it relates to self-esteem,
self-worth, self-confidence, and wellness [22,23]. Health
empowerment is a further development of empowerment theory
in the medical field. As part of a patient-centered philosophy,
health empowerment emphasizes that individuals are responsible
for their own health [24]. Health empowerment focuses on
keeping individuals informed, encouraging active patient
participation in decision-making [25,26], and working toward
individual self-efficacy with regard to health matters [27,28].
Although health empowerment has been one of the core concepts
in health promotion research, there is still no unified definition.
Past researches have mainly defined health empowerment from
three perspectives: process, emergent state, and active behavior
[29]. From a process perspective, health empowerment is
defined as the process leading to personal transformation,
through which the individual’s ability to cope with health
problems is developed [30,31]. In general, the implementation
of the empowerment process requires the support of external
resources. From an emergent state perspective, health
empowerment represents the individual's health skills and
psychological cognition, such as the health knowledge, skills,
attitudes, and self-awareness with which people can make better
health decisions [32]. This definition highlights motivation and
ability and assesses an individual's state of being empowered.
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From an active behavior perspective, health empowerment is
interpreted as the actual behavior change after possession,
ability, and motivation.
Due to different definitions and research contexts, previous
studies have used multidimensional or single-dimensional
assessments of health empowerment. Ouschan et al [33]
proposed that empowerment in the context of medical
consultation includes three dimensions: patient control, patient
participation, and doctor support. Prigge et al [34] understand
empowerment as the behaviors that meet the inherent needs of
autonomy and competence, including three dimensions:
information
search,
knowledge
development,
and
decision-making participation. From the perspective of the
internal motivation process, Londono and Schulz [35] evaluate
health empowerment in four dimensions: meaning, competence,
self-determination, and impact. There are also some studies that
assess health empowerment from a single dimension [36,37].
This study considers health empowerment from the perspective
of the state of being empowered. Accessible online health
information eases the information asymmetry between doctors
and patients to a certain extent. The patient is no longer in a
completely passive position but can actively participate in health
activities. This undoubtedly allows patients to advocate for
themselves and increase their sense of control. We define health
empowerment as one's belief that they have a significant
influence over health outcomes, including the ability to address
personal health issues and feel in control over factors that can
impact health outcomes.

Elaboration Likelihood Model
The elaboration likelihood model (ELM) explains how two
types of information persuasion paths affect individuals’ attitude
changes, perceptions, and behaviors [38]. The ELM has been
used for many information systems literature as the theoretical
basis for researching information adoption [39,40], online
physician selection [41], and information technology adoption
contexts [42,43]. The model postulates that external information
can lead to attitude changes by two means: the central route and
the peripheral route. The two routes distinguish one another in
terms of the level of cognitive effort involved in processing
information [38]. For the central route, persuasion results from
careful consideration of the arguments regarding the core issues
presented by the information. The recipients exert a high degree
of cognitive effort. For the peripheral route, persuasion does
not come from the information itself but from nonissue-related
concerns, and the recipients devote less cognitive effort to the
process [38,44]. The influence of each of the two routes can
cause attitude changes and consequent behavior changes, but
the changes caused by the central route are usually more stable
and long-lasting than those caused by the peripheral route
[45,46].
In addition, the ELM generally approaches elaboration
likelihood from two influencing dimensions: ability and
motivation [45]. If information recipients view a given message
as being important or have a greater belief that they are capable
of processing the information, they are more likely to invest the
needed cognitive effort. In contrast, if recipients view the same
message as having little personal relevance, or if they believe
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that as nonexperts, they have little choice but to depend on
peripheral cues, they may be unwilling to spend much time and
effort to scrutinize the information content [40]. Hence, ability
and motivation are generally considered to moderate the
relationship between two types of routes and perception changes
[47]. Typically, ELM researchers have operationalized central
route processing in terms of perceived argument quality and
peripheral route processing in terms of perceived source
credibility. Perceived argument quality measures whether the
information content provides sufficient reasoning or support to
prove the validity of key claims [48], while perceived source
credibility measures the reliability and perceived acceptance of
the information provider [49].

Research Model and Hypotheses
The Influence of Perceived Informational Benefits and
Perceived Decision-making Benefits on Health
Empowerment
By providing online health information and educational
opportunities, information and communication technology (ICT)
can empower users to deal with health issues and engage in
their own health outcomes [50,51]. Assessing consumers’
perceived benefits from the use of ICT can enable health
professionals and researchers to develop better strategies for
using ICT as an empowerment tool to support users in accessing
information and managing health. Perceived informational
benefits reflect the users’ ability to better understand their own
health status and treatment options with the support of online
information. Perceived decision-making benefits measure the
extent to which users can participate effectively in
decision-making for their own well-being with the help of
knowledge or experiences obtained from the internet [26].
Health empowerment is based on the premise that the individual
can obtain relevant medical knowledge and skills [52]. The
availability of online health information allows users to acquire
the knowledge and skills they need to enhance their
self-efficacy. This knowledge allows them to be more confident
about participating in treatment decisions by addressing
questions to their physicians, sharing feelings, and otherwise
being actively involved in their own health care [53].
Online support groups enable patients to learn more about
themselves, enhance their social well-being, and thus promote
healthy empowerment [11]. Johnston et al [19] explored the
impact of participation in online health communities on health
empowerment from the perspective of information utility. Their
findings showed that online health communities could provide
participants with direct benefits such as practical information
and social support to further promote their health empowerment.
Since involvement in health consultation and decision-making
processes is an important element of health empowerment [54],
individual participation in the medical decision-making process
will help patients understand medical practices, maximize
individual satisfaction, and achieve a better quality of care
[55,56]. Health empowerment can be improved by developing
individuals’ ability to participate actively in the medical
decision-making process [57]. With the increasing availability
of online health information, individuals can better interact with
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their physicians, evaluate services more accurately, and make
informed decisions. Therefore, we proposed the following
hypotheses:

information derived from communication can help consumers
evaluate the quality of products, allowing the consumers to
make reasonable purchase decisions [64].

•

In the health information literature, perceived source credibility
is an important topic that relates to individual health outcomes
and decision-making behavior. Young people's trust in health
information is affected by perceived source credibility. The
higher credibility of the information source, the more likely the
users are to participate in the information activity [65,66].
Ghaddar et al [67] demonstrated that exposure to credible
sources of health information could improve individual health
literacy. High-quality health information is the basis for
individuals to improve their health knowledge and participate
in treatment decisions. In addition, source credibility is an
important factor used by individuals to evaluate the quality of
online health information [68,69]. When faced with uncertain
quality online health information, highly credible sources can
reduce perceived risk and increase trust in health information
[44]. Individuals who obtain more credible health information
can better understand their own health conditions and participate
more effectively in health decision-making processes, whereas
individuals who possess unreliable health information may be
led to negative outcomes [70]. Hence, we hypothesized:

•

H1: Perceived informational benefits have a positive impact
on health empowerment.
H2: Perceived decision-making benefits have a positive
impact on health empowerment.

The Influence of Perceived Argument Quality on
Perceived Benefits
Perceived argument quality is reflected in an individual's
subjective evaluation of the reasoning that forms the core of
presented information. The presentation of information can be
strong and convincing or weak and specious. Strong arguments
mean that the presented information is reasonable and
convincing to the recipient, while weak arguments are doubtful
or contradictory [38,58]. In the ELM, perceived argument
quality that follows the central path of cognitive processing is
an important factor affecting attitudes and decision-making
[45,59]. In the information adoption model proposed by
Sussman and Siegal [40], perceived argument quality was used
as a predictor of the perceived usefulness of the information.
Their empirical results showed that as the quality of information
arguments increased, the perceived usefulness and adoption
intention increased as well. In health information research, the
literature has pointed out that perceived argument quality exerts
an influence on recipients’ attitude changes and is an important
index used to evaluate the quality of information [44,60]. The
quality of information is directly related to whether information
seekers can obtain the information they need and make
high-quality decisions [61]. Therefore, perceived argument
quality will affect the individual’s perceived informational and
decision-related benefits. When confronted with the uneven
quality of online health information, the recipients can judge
the quality and usefulness of the information according to the
quality of the arguments to obtain complete, accurate, and
validated online health information. In line with the idea that
quality information can help people better understand their own
health status and perform well in making health decisions, the
following hypotheses were proposed:
•
•

H3a: The perceived argument quality has a positive impact
on the perceived informational benefits.
H3b: The perceived argument quality has a positive impact
on the perceived decision-making benefits.

The Influence of Perceived Source Credibility on
Perceived Benefits
Perceived source credibility is the evaluation of information
from the reliability of information sources. It can be perceived
to be credible, acceptable, or untrustworthy by information
recipients [62]. A highly credible information source is more
persuasive than a less creditable one [49,63]. In the ELM,
perceived source credibility as a peripheral route factor affects
the attitude change of the information recipient [45,59]. In the
context of information adoption, perceived source credibility
has been identified as peripheral clues of the given messages
that affect information’s usefulness [40]. In the context of
consumer-to-consumer communication, the credibility of
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•
•

H4a: The credibility of sources has a positive effect on the
perceived informational benefits.
H4b: The credibility of sources has a positive effect on the
perceived decision-making benefits.

Moderating Effect of Health Literacy
According to the ELM, the ability to process information can
affect the level of elaboration likelihood [45]. In our work,
health literacy was identified to measure ones’ ability to process
health information gained online. Health literacy measures the
ability to acquire, process, and understand basic health
information, as well as the ability to use health information to
make healthy decisions [20]. Previous research demonstrated
that health literacy correlates with individuals’ health
information acquisition and use behaviors. Individuals with
adequate health literacy are more inclined to access health
information through multiple channels, such as the internet,
rather than relying solely on medical personnel [71,72]. Ghaddar
et al [67] also pointed out that health literacy positively affects
the self-efficacy and motivation of individuals to gather the
information needed from online sources. In addition, health
literacy determines the effective response of information
recipients to health information to a certain extent. Individuals
with limited health literacy can obtain more information as
needed if the information providers reduce the cognitive
requirements for understanding online information [21].
In the process of health information analysis, individuals with
adequate health literacy have a greater ability to analyze the
arguments presented as part of health information. For
individuals whose attitudes or perceptions change based on
central route processing, the information influence occurs under
conditions of high-end elaboration (ie, content-oriented
reasoning). In contrast, for individuals with limited health
literacy, information processing is more about evaluating factors
other than content, so peripheral cues play a more critical role
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in processing. These expectations led us to state the following
hypotheses:
•

•

•

•

H5a: For users with high health literacy, perceived
argument quality has a stronger impact on perceived
informational benefits than that of users with low health
literacy.
H5b: For users with high health literacy, perceived
argument quality has a stronger impact on perceived
decision-making benefits than that of users with low health
literacy.
H6a: For users with low health literacy, perceived source
credibility has a stronger impact on perceived informational
benefits than that of users with high health literacy.
H6b: For users with low health literacy, perceived source
credibility has a stronger impact on perceived
decision-making benefits than that of users with high health
literacy.

We assume that the perceived informational benefits and
decision-making benefits all contribute to empowerment.
However, the two kinds of benefits have different requirements
for patients’ health literacy. Informational benefits are the
prerequisite for decision-making benefits. Sufficient information
can improve the quality of decision-making and reduce risks
[73]. Meanwhile, decision-making requires patients to devote
more cognitive costs. Because decision-making means that
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patients have to make some trade-offs, such as choosing a
suitable therapy among multiple treatment options[74], these
require patients to organize and process health information at
a deeper level, which means that adequate health literacy is
needed. Individuals with high health literacy tend to participate
in health decisions [74,75]. Therefore, patients have varying
degrees of demands or expectations for informational benefits
and decision-making benefits in promoting empowerment. For
groups with high health literacy, the appeal of rights and
interests in the consultation is not limited to getting more
information but also encourages participation in the
decision-making process. For groups with low health literacy,
their information processing capacity is insufficient to form
effective health decisions; their appeals focus on obtaining
informational benefits. Therefore, we get the following
hypotheses:
•

•

H7a: For users with high health literacy, perceived
informational benefits have a weaker impact on health
empowerment than that of users with low health literacy.
H7b: For users with high health literacy, perceived
decision-making benefits have a stronger impact on health
empowerment than that of users with low health literacy.

A summary of the conceptual research model is depicted in
Figure 1.

Figure 1. Research model.

Methods
Measurement Development
To test our hypotheses, we administered a self-reported
questionnaire to collect data. The questionnaire consisted of
two parts: one was designed to investigate the demographic
characteristics of the participants, and the other focused on the
measurement of the constructs. The research model contained
a total of 6 constructs. The measurement scales were developed
by drawing on prior literature, and some items were fine-tuned
according to the background of this study. We adapted the work
of Hur et al [76] to measure perceived argument quality (eg,
“the health information provided online is informative” and
“the health information provided online is persuasive”) and the
work of Sussman and Siegal [40] to measure perceived source
credibility (eg, “the provider of online health information is
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knowledgeable” and “the provider is an expert on the message
topic”). The measurement of perceived informational benefits
(eg, “by searching for online health information, I feel better
informed as a patient” and “by searching for online health
information, I understand my illness better” ) was adapted from
the paper by van Uden-Kraan et al [11], and the measurement
of perceived decision-making benefits (eg, “online health
information is helpful to decide what questions to ask during
doctor appointments” and “online health information is helpful
to decide on treatment choices and make decisions” ) was
adapted from Seçkin [26]. The determination of health literacy
(eg, “I know how to use the internet to answer my questions
about health” and “I have the skills I need to evaluate the health
resources and information I find on the internet” ) was adapted
from the eHealth Literacy Scale [77]. The items used to measure
health empowerment (eg, “I feel more in control of my health”
and “I know what to do to take care of my health problem”)
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were adapted from Bann et al [36]. There are two reasons for
the choice. First, the content captured by the empowerment in
this study is similar to Bann et al [36], that is, enablement and
the sense of control. Although the two research contexts are
different, both explore the improvement of patients' ability and
a sense of control with the support of external convenience.
Second, the scale has been used in many studies [78-80], and
it has been proven to have good reliability and validity. For all
constructs, measures were designed using 5-point Likert scales
from 1 (“strongly disagree”) to 5 (“strongly agree”).
Since the respondents are Chinese, we need to translate all the
items from English into Chinese. All measures were
back-translated by another translator who did not know the
background of the study to ensure the accuracy of the translation.
The two English versions were compared, and potential semantic
discrepancies were examined to ensure that the Chinese scales
reflected the meaning of all measures accurately. Then 10
postgraduates with experience seeking online health information
were invited to participate in a pretest of the scales. Based on
their feedback, any ambiguous expressions were amended. The
measured constructs and their sources are shown in Multimedia
Appendix 1.

Survey Administration
We collected data through a questionnaire service website [81].
The survey participants were required to have had experience
seeking online health information before they consulted a doctor
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during the most recent 6-month period to ensure that participants
had an accurate understanding of each measurement item. In
addition, subjects were asked to evaluate each measurement
item based on their last used experience. A total of 371
questionnaires were collected within 2 weeks. We deleted 28
uncompleted or invalid questionnaires, leaving a total of 343
valid responses. The response rate was 92.7%.
Among the valid questionnaires, 47.2% (162/343) were from
males, and 52.8% (181/343) were from females. Further, 85.1%
(292/343) of respondents’ ages ranged from 18-35 years,
implying that the majority of online health information users
tend to be younger. In terms of education, 88.9% (305/343) of
the respondents had a college degree or above. The majority
(234/343, 68.2%) of the respondents had a monthly disposable
income in the range of 3000-8999 Chinese Yuan (approximately
US $469-1406). As to their occupations, business employees
accounted for the largest proportion of participants, reaching
47.5% (163/343). The most popular way to access information
was through a health information portal, accounting for 61.8%
(212/343) of the respondents, followed by a health consulting
platform, accounting for 22.7% (78/343). On average, 63.3%
(217/343) of the respondents used online health information
sources between 1 and 3 times weekly, and 22.4% (77/343) of
the subjects used these sources 4 to 5 times weekly. The specific
demographic information of the target samples is shown in
Table 1.
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Table 1. Demographic information of respondents (N=343).
Characteristics

Participants, n (%)

Gender
Male

162(47.2)

Female

181(52.8)

Age, years
18-25

89(25.9)

26-35

203(59.2)

36-45

45(13.2)

46 and above

6(1.7)

Education
High school or below

38(11.1)

Associate degree

101(29.4)

College degree

176(51.3)

Master degree or above

28(8.2)

a

Income, Chinese Yuan /month
Under 3000

83(24.2)

3000—5999

148(43.1)

6000—8999

86(25.1)

9000—11,999

16(4.7)

12,000 and above

10(2.9)

Occupation
Student

41(12)

Business employees

163(47.5)

Government and public institutions

39(11.4)

Self-employed persons

45(13.1)

Other

55(16)

Weekly usage frequency (times)
1-3

217(63.3)

4-5

77(22.4)

6-7

25(7.3)

7 and above

24(7)

Information channel

a

Health information portal

212(61.8)

Online patient community

36(10.5)

Health consultation platform

78(22.7)

Blog or video

8(2.3)

Other

9(2.6)

A currency exchange rate of ¥1 = US $0.16 is applicable.

Results
Overview
We used variance-based partial least squares structural equation
modeling (PLS-SEM) for data analysis. We chose the PLS-SEM
https://www.jmir.org/2022/1/e27178
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method for the following reasons. First, the PLS-SEM method
does not require multivariate normal distribution data [82]. We
performed Kolmogorov-Smirnov test (K-S test) to examine the
distribution of sample data. And we found that the significance
level of all items is less than 0.05. Therefore, the null hypothesis
is rejected, meaning the data is nonnormally distributed. Second,
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PLS-SEM is suitable for exploratory research because it aims
at theoretical development rather than the confirmation of the
established theory [82,83]. Finally, the PLS-SEM method has
fewer restrictions on the sample size [84]. Compared with other
methods, it can obtain greater statistical power with nonlarge
sample size. We first examined the measurement model and
then the structural model.

Jiang et al

Reliability and Validity Analysis

means that the measurement model has good reliability [85].
To assess convergent validity, we measured the standard loading
of each item as well as the average variance extracted (AVE)
for each construct. The results showed that the items’ loadings
range from 0.678 to 0.833. Among them, two items’ loadings
(PAQ4 and PDB1) are less than 0.7 but still much larger than
the cutoff value of 0.6 [86]. Also, the AVE of each construct
surpasses 0.5. These results imply that the measurement model
has good convergence validity [85].

In this study, we used the confirmatory factor analysis process
to test the measurement model. As shown in Table 2, Cronbach’s
α of all constructs is between 0.717 and 0.895. And the
composite reliability of each construct is between 0.823 and
0.916. These are above the recommended value of 0.7, which

Furthermore, as shown in Table 3, the square root of the AVE
of each construct is larger than its correlation coefficients with
other constructs, which means the discriminant validity of the
measurement model is confirmed [85].
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Table 2. Results of confirmatory factor analysis.
Construct and item

Loading

Perceived argument quality (PAQ)
PAQ1

0.750

PAQ2

0.827

PAQ3

0.784

PAQ4

0.695

Perceived source credibility (PSC)
PSC1

0.785

PSC2

0.781

PSC3

0.793

PSC4

0.808

Perceived informational benefits (PIB)
PIB1

0.787

PIB2

0.747

PIB3

0.708

PIB4

0.797

Perception decision-making benefits (PDB)
PDB1

0.678

PDB2

0.762

PDB3

0.724

PDB4

0.769

Health empowerment (EM)
EM1

0.736

EM2

0.775

EM3

0.702

EM4

0.736

EM5

0.720

Health literacy (HL)

a

HL1

0.773

HL2

0.833

HL3

0.787

HL4

0.712

HL5

0.715

HL6

0.758

HL7

0.750

HL8

0.747

Cronbach’s α

Composite reliability

AVEa

0.764

0.850

0.587

0.802

0.870

0.627

0.756

0.845

0.578

0.717

0.823

0.539

0.786

0.854

0.539

0.895

0.916

0.578

AVE: average variance extracted.
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Table 3. Means, SD, and correlation matrix.

a

Variable

Mean

SD

PAQa

PSCb

PIBc

PDBd

EMe

HLf

PAQ

3.910

0.680

0.766

—g

—

—

—

—

PSC

3.625

0.725

0.624

0.701

—

—

—

—

PIB

3.918

0.722

0.634

0.553

0.760

—

—

—

PDB

3.812

0.656

0.514

0.409

0.632

0.734

—

—

EM

3.676

0.651

0.424

0.410

0.454

0.402

0.734

—

HL

3.433

0.799

0.569

0.550

0.593

0.553

0.603

0.760

PAQ: perceived argument quality.

b

PSC: perceived source credibility.

c

PIB: perceived informational benefits.

d

PDB: perceived decision-making benefits.

e

EM: health empowerment.

f

HL: health literacy.

g

—: The correlation matrix is symmetrical; therefore, only the lower-left corner is displayed.

As our data were collected from single respondents, common
method variance (CMV) may threaten the validity of the results.
To test such bias, first, we used Harman’s single-factor test to
assess the 6 constructs in the search model. The results showed
that the variance explained by the first factor is 35.4%, which
does not exceed 50% [87]. Second, we verified the issue by
using the potential factor method from Liang et al [88]. We
introduced a common method factor into the PLS-SEM model,
which contains all the constructs’ indicators. Then we calculated
to what extent the common method factor and the main
constructs explain the variance of each indicator, respectively.
As shown in Multimedia Appendix 2, the average explain
variance based on major constructs and the common method
factor is 0.579 and 0.006, respectively, with a larger ratio
between them. In summary, CMV should not be a serious
concern for this study.

Test of Main Effects
In this paper, we used SmartPLS 3.0 (SmartPLS GmbH) to test
the research model. The path coefficients and significance levels
of main effects are shown in Figure 2. Perceived informational
benefits (β=.327, P<.001) and perceived decision-making
benefits (β=.186, P=.01) exerted positive effects on users’ health
empowerment, indicating that H1 and H2 were supported.
Perceived argument quality had a positive effect on perceived
informational benefits (β=.472, P<.001) and on perceived
decision-making benefits (β=.423, P<.001), indicating that H3a
and H3b were supported. Perceived source credibility had a
positive effect on perceived informational benefits (β=.259,
P<.001), but the effect on perceived decision-making benefits
was not significant. Thus, hypothesis H4a was supported, but
H4b was not supported. All control variables had no significant
effect on health empowerment. The variances explained by
perceived informational benefits, perceived decision-making
benefits, and healthy empowerment were 44.3%, 27.7%, and
23.5%, respectively.

Figure 2. PLS Analysis of main effects. PLS: partial least squares.
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Test of Moderating Effects
A multigroup comparison method developed by Keil et al [89]
was used to test the moderating effect of health literacy. This
method tests the moderating effect by evaluating the difference
in path coefficients between subgroups and has been used in
many studies [90,91]. We first divided the samples into high
health literacy and low health literacy groups by the median
(3.75), with sample sizes of 174 (≥3.75) and 169 (<3.75). Then
we used the data of each subgroup to test the research model
and compared the path coefficients.
As shown in Table 4, the path coefficients from perceived
argument quality to perceived informational benefits and
perceived decision-making benefits to empowerment are

significantly stronger for the high health literacy group than the
low health literacy group (t341=7.156, P<.001; t341=23.240,
P<.001). The path coefficients from perceived source credibility
to perceived informational benefits and from perceived
informational benefits to empowerment are significantly weaker
for the high health literacy group than the low health literacy
group (t341=–10.497, P<.001; t341=–6.344, P<.001). Therefore,
H5a, H6a, H7a, and H7b were supported. The path coefficients
from perceived argument quality to decision-making benefits
show no significant difference between the two subgroups.
Therefore, H5b was not supported. Although path coefficients
perceived source credibility to perceived decision-making
benefits show a significant difference, they are not significant
in either group.

Table 4. The results of moderating effects.
Paths

a

High health literacy (n=174)

Low health literacy (n=169)

t341 values comparing the two groups

Coefficient

SE

Coefficient

SE

PAQa→PIB

0.464

0.099

0.395

0.078

7.156

PAQ→PDB

0.358

0.107

0.341

0.099

1.526

PSCb→ PIB

0.181

0.076

0.27

0.081

–10.497

PSC→PDB

0.067

0.122

0.151

0.102

–6.908

PIBc→EMd

0.190

0.094

0.266

0.126

–6.344

PDBe→EM

0.292

0.089

–0.003

0.141

23.240

PAQ: perceived argument quality.

b

PSC: perceived source credibility.

c

PIB: perceived informational benefits.

d

EM: health empowerment.

e

PDB: perceived decision-making benefits.

Test of Mediating Effects
The bootstrap method was used for the analysis of mediating
effects [92]. This method can directly test the indirect effects
of independent variables on the dependent variables and does
not require the mediating effects to follow normal distribution
[93]. Using SmartPLS 3.0, we performed bootstrap with 5000
resamples to obtain a 95% CI for indirect effects and direct
effect. According to the results in Table 5, the direct effect of
perceived argument quality on health empowerment was not
significant. Meanwhile, the indirect effects of perceived
argument quality on health empowerment (ie, PAQ→PIB→EM
and PAQ→PDB→EM) were significant. It means that perceived
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informational benefits and perceived decision-making benefits
play a fully mediating role between perceived argument quality
and health empowerment. The direct effect of perceived source
credibility on health empowerment was significant, and the
indirect effect of the two variables (ie, PSC→PIB→EM) was
also significant. This means that the effect of perceived source
credibility on health empowerment was partially mediated by
perceived
informational
benefits.
With
perceived
decision-making benefits as the mediate variable, the indirect
effect of PSC on health empowerment was not significant,
indicating that perceived decision-making benefits have a
nonmediating role in the effect of perceived source credibility
on health empowerment.
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Table 5. The results of the mediation effect test.

a

Indirect path

95%CI

Direct path

95%CI

Result

PAQa→PIBb→EMc

0.007 to 0.173

PAQ→EM

–0.011 to 0.256

Full

PAQ→PDBd→EM

0.005 to 0.129

PAQ→EM

–0.011 to 0.256

Full

PSCe→PIB→EM

0.004 to 0.097

PSC→EM

0.058 to 0.285

Partial

PSC→PDB→EM

–0.002 to 0.061

PSC→EM

0.058 to 0.285

None

PAQ: perceived argument quality.

b

PIB: perceived informational benefits.

c

EM: health empowerment.

d

PDB: perceived decision-making benefits.

e

PSC: perceived source credibility.

Discussion
Principal Findings
Based on the ELM model, this paper examined the influencing
factors of health empowerment in the context of processing
online health information. Our empirical research provided the
following results:
First, perceived informational and decision-making benefits are
important predictors of users’ health empowerment. Perceived
informational benefits accrue when individuals become more
informed by browsing online health information. This input
allows them to have a more objective understanding of their
illnesses and health situations, thereby reducing negative
emotions, such as anxiety and panic. Perceived decision-making
benefits refer to growth in terms of knowledge and skills gained
through seeking online health information. This improvement
in decision-making capacity allows individuals to participate
more effectively in the consultation process and make reasonable
suggestions for treatment. The gain of these two kinds of
benefits makes users feel empowered.
Second, the results confirm that perceived argument quality, as
involved with the central route, has a positive effect on perceived
informational and decision-making benefits, while perceived
source credibility, which relies on the peripheral route, only has
a significant impact on perceived informational benefits. When
getting health information from online channels, the strength
of the arguments and credibility of the sources reflect the quality
of information. They are the guarantee that users can benefit
from the information they receive. Both high-quality arguments
and credible sources can enhance an individual's acceptance
and approval of the information, thus promoting the perceived
informational benefits. Individuals need knowledge and skills
to make informed health decisions. The online health
information presented with high-quality arguments can provide
recipients with health knowledge and treatment experience so
they can make informed decisions in medical consultations.
Our results show that the credibility of sources has no significant
influence on perceived decision-making benefits. One possible
explanation is that the basis for supporting individuals’
participation in decision-making may come more from the
information itself, which develops individuals’ knowledge or
skills. However, the credibility of information resources as a
https://www.jmir.org/2022/1/e27178
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peripheral cue does not improve knowledge or skill levels and
thus cannot support the individual’s participation in the
decision-making process.
Third, we also found that the effects of the central route and the
peripheral route are different in low and high health literacy
groups. For individuals with high health literacy, the effect of
central route processing (perceived argument quality) on
perceived informational benefits is stronger than the influence
of processing using peripheral cues (perceived source
credibility). Individuals with high health literacy are more likely
to exert cognitive effort when assessing the arguments provided
by online information. For these individuals, information source
credibility is used as a secondary consideration and has a weaker
effect on perceived informational benefits. The opposite is true
for individuals with low health literacy. For low health literacy
groups, their judgments of online health information rely more
on the source credibility.
Finally, the study demonstrates that the effects of the two
perceived benefits on health empowerment are different between
groups with high and low health literacy. The effect of perceived
informational benefits on health empowerment is greater in the
low health literacy group than in the high health literacy group.
The effect of perceived decision-making benefits on health
empowerment is significant in the high health literacy group
but not in the low-health literacy group. The results show that
there is a higher demand for health empowerment for individuals
with high health literacy. Merely information benefits are not
enough to promote health empowerment but to further obtain
perceived decision-making benefits. For low health literacy
groups, health empowerment does not derive from participating
in decision-making but from getting enough information to
reduce information asymmetry.

Theoretical Implications
There are two theoretical contributions of this study. First, the
study provided a profound understanding of the mechanism of
health information processing on health empowerment. Previous
studies highlighted the convenience and positive health
outcomes that can be derived from information technology and
online health information [9,10,14]. However, fewer studies
have focused on how the process of information processing
influence users’ perceived benefits and health empowerment.
To advance this line of research, this study explored how the
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two information processing routes affect the individuals’
perceived benefits and health empowerment. In this way, our
work enriches the existing research on health empowerment
promotion.

effective way to promote empowerment, and providers should
highlight the professionalism and reliability of the sources of
information.

Second, this study explained the relationship between health
literacy and health empowerment from a new perspective that
is different from previous literature, which always explores the
direct relationship between health literacy and health
empowerment [94-96]. This study found that individuals with
different health literacy have differences in the processing of
online health information. Individuals with higher health literacy
tend to focus on the central route, while those with lower health
literacy focus on peripheral cues. The findings of this study
provide a new perspective for studying the relationship between
health literacy and health empowerment in other contexts.

Although this paper draws some conclusions that cannot be
ignored, there are still some shortcomings that should be
addressed in the future. First, this study did not consider the
impact of the type of online health information service model
used by consumers to gather information, such as an online
health consultation website or a medical information portal.
The unique characteristics of different online health information
services may impact health empowerment. Second, our study
was based on a static model and cross-sectional data. The
processes that affect the promotion of individual health
empowerment are likely to be dynamic, so longitudinal research
is necessary. Third, we did not involve the measurement of the
respondent’s disease and pathology, which may affect a person’s
use of online health information. Finally, medical consultation
is a process of interaction between patients and doctors. This
research only focuses on patient factors. Future research should
consider the impact of doctor-related factors (such as empathy
and patient-centered communication) on health empowerment.

Practical Implications
Based on our theoretical analysis and empirical results, the
following practical implications should be noted. First,
encouraging patients to search for high-quality online health
information is an effective way to promote their health
empowerment. The information provider can strengthen
information quality management in terms of perceived argument
quality and perceived source credibility. Accordingly, to prevent
the dissemination of misleading content, online health
information providers should establish reasonable evaluation
and testing mechanisms. They should strictly scrutinize every
piece of health information provided to consumers and ensure
that information content is complete, rigorous, sound, and
scientific.
Second, information providers should also consider the health
literacy of recipients while providing health information. To
improve the effectiveness of promoting health empowerment,
online health information providers should establish a health
literacy assessment mechanism to provide targeted information
services to individuals with different health literacy. For
individuals with a high level of health literacy, it is an effective
strategy to cultivate users' health decision-making ability to
promote health empowerment, and providers should highlight
the scientific nature of the information. For those with a lower
level of health literacy, making them more informed is an

Limitations of the Study

Conclusion
In this paper, we explored the effect of the central route and
peripheral route of online health information on users’ health
empowerment. We also considered the moderating role of health
literacy in both routes. To test the hypothesis, PLS-SEM was
used to analyze the data, and the empirical results supported
most of the hypothesis. The findings further confirmed the
important role of electronic information technology in promoting
health empowerment. In the context of online health
information, we must pay more attention to information quality
and the interaction effect between individuals’ health literacy
and information processing cues. Research results provide
practical guidance for health information providers to better
serve and maximize individuals’ benefits and empowerment.
This study also pointed out the differences in promoting health
empowerment besides health literacy. And more research in the
future is needed to focus on individualized differences in the
promotion of health empowerment.
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Abstract
Background: A platform designed to support the home management of oral anticancer treatments and provide a secure web-based
patient–health care professional communication modality, ONCO-TreC, was tested in 3 cancer centers in Italy.
Objective: The overall aims of the trial are to customize the platform; assess the system’s ability to facilitate the shared
management of oral anticancer therapies by patients and health professionals; and evaluate system usability and acceptability by
patients, caregivers, and health care professionals.
Methods: Patients aged ≥18 years who were candidates for oral anticancer treatment as monotherapy with an Eastern Cooperative
Oncology Group performance status score of 0 to 1 and a sufficient level of familiarity with mobile devices were eligible.
ONCO-TreC consisted of a mobile app for patients and a web-based dashboard for health care professionals. Adherence to
treatment (pill count) and toxicities reported by patients through the app were compared with those reported by physicians in
medical records. Usability and acceptability were evaluated using questionnaires.
Results: A total of 40 patients were enrolled, 38 (95%) of whom were evaluable for adherence to treatment. The ability of the
system to measure adherence to treatment was high, with a concordance of 97.3% (95% CI 86.1%-99.9%) between the investigator
and system pill count. Only 60% (3/5) of grade 3, 54% (13/24) of grade 2, and 19% (7/36) of grade 1 adverse events reported by
physicians in the case report forms were also reported in the app directly by patients. In total, 94% (33/35) of patients had ≥1 app
launch each week, and the median number of daily accesses per patient was 2. Approximately 71% (27/38) and 68% (26/38) of
patients used the app for messages and vital sign entering, respectively, at least once during the study period.
Conclusions: ONCO-TreC is an important tool for measuring and monitoring adherence to oral anticancer drugs. System
usability and acceptability were very high, whereas its reliability in registering toxicity could be improved.
Trial Registration: ClinicalTrials.gov NCT02921724; https://www.clinicaltrials.gov/ct2/show/NCT02921724
(J Med Internet Res 2022;24(1):e27349) doi:10.2196/27349
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Introduction

Methods

During the last few decades, oral anticancer drugs, either alone
or in combination with intravenous treatments, have occupied
an increasingly important space in oncohematology. In addition
to traditional hormonal and cytotoxic drugs, new formulations
targeting specific genetic mutations (usually referred to as
tyrosine kinase inhibitors [TKIs]) have been widely developed
[1,2]. The advantages of oral therapies include improved
outcomes in several tumor types and a reduction in the workload
needed for nurses in terms of administration and intravenous
infusion. Moreover, patients generally prefer this type of
administration as it enables them to maintain their normal
lifestyle [3]. However, alongside these indisputable benefits,
some critical issues regarding the use of oral treatments have
emerged, especially in relation to treatment adherence and
patient safety [4]. For example, toxicities may not be reported,
major drug interactions may be overlooked, and
self-administration may expose patients to the risk of over- or
undertreatment.

ONCO-TreC

Several studies addressing adherence to oral treatments have
reported variable rates, some as low as 6% [5-9]. Moreover,
adherence levels appear to influence specific clinical and health
care outcomes, such as cancer progression, inpatient days, health
care resource use and costs, and even survival [10-15].
Numerous variables have been correlated with nonadherence
in relation to patients (eg, age and beliefs about medication),
treatments (eg, toxicity and complex schedules), health care
professionals (eg, empathy and communication skills), and the
health care system (eg, communication problems with cancer
centers) [16-18]. Consequently, methods that can be used to
increase adherence levels include patient education and
improved communication between health care professionals
and patients [19,20].
Patient-centered approaches and mobile health care solutions
such as web-based and mobile apps have proven to be useful
tools for optimizing the home management of cancer patients.
In this context, by involving patients and health care
professionals in participatory design techniques (ie, focus group
sessions and joint reviews), we were able to customize and
adopt an existing health care system (already used for the remote
monitoring of patients with asthma, type 1 diabetes, and
hypertension) that met the needs of home management and
remote monitoring of oral anticancer therapy [21]. We have
conducted a prospective training–validation, interventional,
nonpharmacological, multicenter study on a new platform called
ONCO-TreC for oral anticancer therapy. The overall aims of
the trial are to customize the platform; assess the ability of the
system to support patients and health care professionals in the
shared management of oral anticancer therapies (thus improving
adherence and the home management of side effects); and
evaluate the usability and acceptability of the system by patients,
caregivers, and health care professionals.
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ONCO-TreC consists of a mobile app for patients and a
web-based dashboard for health care professionals. Clinicians
enter the details of medication schemes through the dashboard,
set reminders, monitor for adherence to treatment and adverse
events (AEs), and communicate with patients via a secure
messaging system. The app provides patients with a visual
reminder of cancer therapy, a reminder of concomitant drugs
to be taken, an easy-to-use AE reporting system, a diary of vital
signs, and a messaging system. A detailed description of
ONCO-TreC and the trial design has been previously reported
[22]. All the cancer centers involved in the study used electronic
health records, and although the ONCO-TreC system was
designed to be fully integrated into the health records, it was
still not connected at this experimental stage. Thus, the
investigators consulted the medical records and dashboard
separately.

Patients
A total of 80 patients were considered for the ONCO-TreC trial,
comprising 25% (20/80) of patients in the training step and 75%
(60/80) patients in the validation step. Eligible patients were
required to meet the following criteria: (1) adults aged ≥18 and
<75 years of either sex, (2) Eastern Cooperative Oncology
Group performance status score of ≤1, (3) candidates for oral
anticancer treatment with capecitabine or sunitinib as
monotherapy (adjuvant and advanced settings allowed), (4)
ability to manage the mobile app after a basic training course
held at baseline, (5) clear understanding of the Italian language,
and (6) written informed consent. Patients who were also
receiving intravenous anticancer treatment or experimental
drugs were excluded.
At the time of treatment prescription, the health care
professionals provided information on treatment-related side
effects and the use and functions of the app. The patients were
advised to manually insert data into the system at least once a
day. They were seen at study centers every 6 weeks, when
clinicians compared adherence and toxicity data entered into
the system with those directly reported during the hospital visit
and with drug accountability. If the patients were having
technical difficulties with the mobile app, the training was
repeated. The patients remained under observation until
treatment interruption (because of disease progression,
unacceptable toxicity, death, or discontinuation) or for ≤6
months.
At the end of the training step (first 20 patients), the results were
shared among the centers, the system was fine-tuned, and the
study protocol was amended. The sample size of the validation
step was reduced from 60 to 20 patients, which is considered a
sufficient number to validate the system in a clinical setting.
The inclusion criteria were expanded, allowing for the inclusion
of patients aged >75 years and those being treated with other
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TKIs (regorafenib, sorafenib, pazopanib, everolimus, erlotinib,
gefitinib, afatinib, axitinib, or crizotinib). The decision to reduce
the sample size of the validation step from 60 to 20 patients was
made because the analysis of the training step had already
highlighted excellent usability and high patient satisfaction.
Conversely, to have more efficacy data, it was deemed necessary
to design a larger randomized study comparing the effectiveness
of the system with that of standard clinical practice.

Outcome Measures
To assess the system’s ability to monitor adherence, the number
of pills counted by the system (entered by the patients at home)
was compared with that of residual pills returned by the patients
during the hospital visit and counted by the physicians. Patients
who took ≥90% of the total drug dose as per the study protocol
were defined as adherent. The proportions of adherent patients
according to the app and to the pill count were compared. AEs
were reported and graded on a daily basis by patients through
the app, whereas during study visits, the oncologist recorded
the highest grade of each AE per cycle in medical records. The
reliability of the system for registering toxicity was evaluated
by comparing the type and grade of toxicity indicated by the
system with those registered during the clinical visits. The
quality of the system was considered adequate if all grade 3
toxicities and ≥80% of grade 2 toxicities reported by the patient
at the time of the visit were recorded in the app. In total, 2
validated questionnaires, 1 on perceived levels of quality of life
(Functional Assessment of Cancer Therapy-General [FACT-G])
and the other on anxiety (Hospital Anxiety and Depression Scale
[HADS]), were administered at baseline and at the end of the
study to assess health-related quality of life and anxiety and
depression levels in the enrolled patients [23,24]. Given that a
review of the literature did not identify any existing validated
questionnaires for assessing system usability and acceptability
by patients, 2 ad hoc questionnaires were developed by the team
of investigators to analyze patient expectations with regard to
the system (administered at baseline) and to evaluate system
acceptability and communication between patients and cancer
centers (administered at week 6 and at the end of treatment).
The first questionnaire aimed to establish a baseline with regard
to patient communication with the oncology department in terms
of the means used (eg, frequency of emails or phone calls) and
the adequacy of responses to questions asked. The second
questionnaire, distributed at the end of the study, aimed to assess
the changes brought about by the use of ONCO-TreC. The
overall usability of the system was assessed using the System
Usability Scale (SUS) questionnaire, a validated 10-item Likert
scale that provides a rapid, reliable subjective evaluation [25].
The SUS was administered at the end of the study to ensure that
the patients had had sufficient time to familiarize themselves
with the digital device. All the questionnaires were paper-based
and self-completed by patients.
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Statistical Analysis
A formal sample size calculation for the prospective study was
not performed owing to the lack of preliminary data and the
exploratory intent of the study. Frequencies were calculated for
categorical variables. For continuous variables, median
(minimum to maximum or IQR) or mean and SD were shown.
The Wilcoxon and Fisher tests were used to evaluate the
difference between the ratios of days of use to total days in
different groups of patients. The following tests were used for
the comparison between the baseline and end-of-study
questionnaires: Wilcoxon matched-pairs signed-ranks for the
FACT-G and Stuart-Maxwell for the HADS.

Results
System Fine-tuning
The study was activated on May 29, 2015. The TreC system,
originally designed for remote monitoring of patients with
asthma, type 1 diabetes, and hypertension, was customized to
meet the home management and remote monitoring needs of
patients with cancer treated with the cytotoxic drug capecitabine
or the TKI sunitinib. From June 2015 to December 2015, the
system, in particular the mobile app for patients, was fine-tuned
through participatory research to comply with the clinical
practice regulations of the participating centers. Face-to-face
participatory design sessions were conducted with study
researchers and patient representatives, the results of which
were used to modify the system. Of note, a shared revision of
the Common Terminology Criteria for Adverse Events version
4.03, based on health literacy and patient-reported outcome
principles, was included in the system to support patient
self-reporting of AEs (Multimedia Appendix 1). Some
customized suggestions for the management of side effects,
differentiated according to the degree of toxicity, were also
implemented.

Patients
From January 2016 to July 2018, a total of 40 patients (20/40,
50% in the training step and 20/40, 50% in the validation step)
were enrolled in the ONCO-TreC study from 3 cancer centers
in different Italian regions. Patient characteristics are reported
in Table 1. The median age was 66 years (range 42-82 years),
and 8 patients were aged >75 years. Most were women (24/40,
60%) and had an Eastern Cooperative Oncology Group
performance status score of 0 (31/40, 78%) and ≥1 comorbidity
(32/40, 80%). As expected, cardiovascular and metabolic or
endocrine comorbidities were the most frequent (22/40, 55%
and 16/40, 40%, respectively). Oral anticancer drugs comprised
mainly capecitabine (23/40, 58%), regorafenib (7/40, 18%), and
sunitinib (6/40, 15%). Approximately 68% (27/40) of patients
were being treated for advanced disease, and 44% (16/40) had
been heavily pretreated. The patients used the app for a mean
of 4.4 (SD 8.0) months.
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Table 1. Patient characteristics (N=40).
Variable

Values

Age at study registration (years), median (range)

66 (42-82)

Gender, n (%)
Male

16 (40)

Female

24 (60)

ECOGa (performance status), n (%)
0

31 (78)

1

9 (23)

Comorbidity, n (%)
Yes

32 (80)

No

8 (20)

Type of comorbidity, n (%)
Cardiovascular

22 (55)

Pulmonary

4 (10)

Gastrointestinal and hepatobiliary

7 (18)

Metabolic and endocrine

16 (40)

Musculoskeletal

2 (5)

Renal or urinary tract

3 (8)

Allergy

4 (10)

Neurological and psychiatric

5 (13)

Other comorbidities

4 (10)

Site of disease, n (%)
Colorectum

15 (38)

Pancreas

5 (13)

Lung

3 (8)

Breast

4 (10)

Biliary tract

2 (5)

Kidney

5 (13)

Liver

1 (3)

Unknown

5 (13)

Oral anticancer drug, n (%)
Capecitabine

23 (58)

Regorafenib

7 (18)

Sunitinib

6 (15)

Afatinib

2 (5)

Sorafenib

1 (3)

Gefitinib

1 (3)

Setting, n (%)
Adjuvant

10 (25)

Advanced

30 (75)

Previous therapy, n (%)
None

14 (35)

1

6 (15)
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Variable

a

Values

≥2

16 (40)

Unknown

4 (10)

ECOG: Eastern Cooperative Oncology Group.

Toxicity Monitoring

Treatment Adherence
Adherence to treatment, calculated according to pill count and
registered in a case report form (CRF), was available for 38
patients. Of those 38 patients, 32 (84%) patients were defined
as adherent to treatment, 1 (3%) patient had a residual drug that
was justified (treatment discontinuation advised by the
oncologist because of toxicity), and 5 (13%) patients were
defined as nonadherent to treatment. Adherence to treatment
according to ONCO-TreC was as follows: 87% (33/38) of
patients were adherent, 3% (1/38) were justified nonadherent,
and 11% (4/38) were nonadherent. A patient in the nonadherent
group reported regular drug intake in the app even during the
days of discontinuation. A concordance of 97.3% (95% CI
86.1%-99.9%) was observed between the CRF and app-reported
adherence.

Of the 40 enrolled patients, 35 (88%) were evaluable for
toxicity. A total of 718 AEs were registered on ONCO-TreC
by 18 patients, and 98 AEs were registered for 29 patients by
physicians. In total, 1 patient reported AEs in the system but
not during the hospital visits. Conversely, of the 29 patients
reporting AEs during the study visits, 12 (41%) did not enter
any AE information into the system. Table 2 summarizes the
AEs reported by patients during study visits and registered in
CRFs and those entered by the patients themselves into the app
based on grade of severity. Of the 5 grade 3 AEs, 24 grade 2
AEs, and 36 grade 1 AEs reported by physicians in CRFs, 3
(60%), 13 (54%), and 7 (19%) cases, respectively, were also
reported in the system by patients.

Table 2. Summary of adverse events reported in case report forms (CRF) or the app by grade of severity (N=35).
Adverse event

Registered events in the app, n (%)

Registered events in CRFs, n (%)

Grade 1 (n=45)

Grade 2 (n=26)

Grade 3 (n=4)

Grade 1 (n=36)

Grade 2 (n=24)

Grade 3 (n=5)

Asthenia or fatigue

5 (14)

5 (14)

1 (3)

3 (8)

7 (19)

1 (3)

Nausea or vomiting

14 (40)

5 (14)

0 (0)

4 (11)

8 (23)

1 (3)

Rash

1 (3)

0 (0)

0 (0)

1 (3)

0 (0)

0 (0)

Paronychia

0 (0)

0 (0)

0 (0)

1 (3)

0 (0)

0 (0)

Anorexia

1 (3)

1 (3)

1 (3)

4 (11)

1 (3)

0 (0)

Mucositis

3 (8)

3 (8)

1 (3)

1 (3)

3 (8)

1 (3)

Skin toxicity

3 (8)

2 (6)

0 (0)

3 (8)

1 (3)

0 (0)

Nervous system disorders

1 (3)

0 (0)

0 (0)

3 (8)

0 (0)

0 (0)

Alopecia

2 (6)

2 (6)

0 (0)

1 (3)

0 (0)

0 (0)

Hand and foot syndrome

3 (8)

3 (8)

1 (3)

4 (11)

2 (6)

2 (6)

Conjunctivitis

2 (6)

0 (0)

0 (0)

1 (3)

0 (0)

0 (0)

Diarrhea

8 (23)

4 (11)

0 (0)

5 (14)

2 (3)

0 (0)

Fever

0 (0)

0 (0)

0 (0)

3 (8)

0 (0)

0 (0)

Pruritus

2 (6)

1 (3)

0 (0)

2 (6)

0 (0)

0 (0)

System Use
A total of 5186 accesses to the app were made by 35 patients.
Of these35 patients, 33 (94%) patients launched the app at least
once a week, whereas only 2 (6%) patients showed a lower
frequency (twice or 5 times in 90 days of observation). The
median number of accesses per patient per day was 2 (range
1-30 and IQR 1-3), and approximately 25% (9/35) of the patients
accessed the system >3 times a day.

(2428/5186, 46.81% of launches from 6 to 11:59 AM), an
expected result as the mobile app reminded patients to take their
medications and enter vital signs mainly at this time. There were
no significant differences in the rate of app use related to sex,
age, or anticancer treatment (Table 4).
At each trial site, the health care professionals (medical
oncologist or nurse) involved in the study accessed the system
every 24 to 48 hours and before each study visit to check patient
status (data not shown).

The distribution of app launches according to the time slots is
presented in Table 3. Most patients used the app in the morning
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Table 3. Time slots of app launches, conversation starts, and vital sign entering.
Time

App launches (n=5186), n (%)

Conversations (n=100), n (%)

Vital signs (n=1757), n (%)

From 6 to 11:59 AM

2428 (46.98)

54 (54)

1085 (61.75)

From noon to 5:59 PM

1143 (22.11)

31 (31)

173 (9.85)

From 6 to 11:59 PM

1524 (29.49)

13 (13)

143 (8.14)

From midnight to 05:59 AM

91 (1.76)

2 (2)

356 (20.26)

Table 4. System usability (app launches, vital sign entering, and messages) according to patient characteristics.
Characteristic

Overall patients

App launches

Vital sign entering

Messages

Patients,
n (%)

Median days P value
of use/total
(Wilcoxon
days, %
test)
(IQR)

Patients,
n (%)

Median days P value
of use/total
(Wilcoxon
days, %
test)
(IQR)

None, n
(%)

≥1, n (%)

P value (Fisher
exact test)

35

67 (39-85)

26

61 (8-100)

11 (29)

27 (71)

N/A

Gender

.61

N/A
.29

.30

Female

19

76 (39-89)

14

54 (9-100)

8 (73)

14 (52)

Male

16

67 (32-77)

12

61 (6-100)

3 (27)

13 (48)

Age (years)

.44

.29

.07

<66

16

56 (28-83)

13

95 (9-100)

8 (73)

11 (41)

≥66

19

74 (40-85)

13

27 (6-90)

3 (27)

16 (59)

Drug

a

N/Aa

.33

.32

.29

Capecitabine

18

72 (40-89)

12

10 (4-100)

8 (73)

13 (48)

TKIsb

17

67 (19-80)

14

87 (27-100)

3 (27)

14 (52)

N/A: not applicable.bTKI: tyrosine kinase inhibitor.

Vital Sign Entering
Approximately 68% (26/38) of patients entered ≥1 parameter
during the study, the main items being blood pressure (22/26,
85%), pulse rate (9/26, 35%), weight (18/26, 69%), and body
temperature (8/26, 31%). Most parameters were entered in the
morning (1085/1757, 61.75% from 6 to 11:59 AM), and some
were registered in the afternoon (173/1757, 9.84% from noon
to 5:59 PM), in the evening (143/1757, 8.14% from 6 to 11:59
PM), and during the night (356/1757, 20.26% from midnight
to 5:59 AM), the latter mainly because of patients entering the
information in the early hours of the morning (Table 3).
The rate of app use for vital sign entering, calculated as the
number of days in which ≥1 parameter was registered with
respect to the total number of days of observation, was 61%.
There were no significant differences in the rate of vital sign
entering related to sex, age, or anticancer treatment. Vital signs
were entered more frequently by younger patients (95% <66
years vs 27% ≥66 years) and by patients receiving TKIs (87%
vs 10% for capecitabine; Table 4).

Use of System for Messages
Approximately 71% (27/38) of patients used the app for
messages at least once during the study, and 212 messages were
generated in 100 conversations between patients and health care
professionals. The conversations mainly regarded problems
with side effects (59/100, 59%), difficulties with the app
https://www.jmir.org/2022/1/e27349
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(30/100, 30%), and clarification about appointments (11/100,
11%). Most messages were sent during the morning hours
(54/100, 54% from 6 to 11:59 AM) or in the afternoon (31/100,
31% from noon to 5:59 PM; Table 3). There were no significant
differences in the use of the messaging system related to sex,
age, or anticancer treatment. However, elderly patients used the
messaging system more frequently (Table 4); 59% (16/27) of
the patients who sent ≥1 message were aged >65 years, whereas
approximately 73% (8/11) of the patients who did not use the
messaging system were aged <65 years.

Alarm System
The ONCO-TreC was endowed with a rule-based alarm system
[21,22] defined by our oncologists and drawing on
state-of-the-art knowledge in the area of cancer. Alarms went
off at least once for 23 patients, and a total of 150 alarms were
activated. Among the reasons for alarm activation were data
not entered for 3 days in a row (22/150, 14.7%), anticancer
drugs not taken for 3 days in a row (47/150, 31.3%), systolic
blood pressure ≥160 mmHg or diastolic blood pressure ≥100
mmHg (69/150, 46%), and grade ≥3 AEs (12/150, 8%). The
median time to resolution by health care professionals was 2
days.

FACT-G and HADS Questionnaires
A total of 36 patients were evaluated by administering
questionnaires at baseline, of whom 34 (94%) completed the
FACT-G questionnaire and 35 (97%) completed the HADS
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questionnaire. Patients showed a mean total score of 69.1 (SD
14.9), reporting better physical well-being (mean 22.5, SD 5.1)
but poorer functional well-being (mean 11.4, SD 5.4). Of the
35 cases evaluated by the HADS questionnaire at baseline, 20
(57%) and 19 (54%) were considered to have normal levels of
anxiety and depression, respectively.
Data from the FACT-G and HADS questionnaires administered
at baseline and at the end of the study were available for only
18 and 20 patients, respectively. In the subgroup of patients
who answered both the baseline and posttreatment FACT-G
questionnaire, a slight reduction in physical well-being emerged
(P=.046), whereas the scores for the other subscales did not
change substantially. Of the 20 patients with both pre- and
posttreatment HADS, 3 (15%) showed an improved anxiety
score after treatment, whereas another 3 (15%) had a worse
score (P=.55). Similar results were reported in the depression
subscale, with 4 (20%) patients achieving a better status after
treatment, and another 4 (20%) showing a worse status (P=.77).

Usability and Acceptability
The patients did not encounter any significant issues in
interacting with the app. The SUS scores indicated an excellent
subjective assessment of the usability of the system. The overall
score was <68 (the average SUS score) in only a small
percentage of patients (11.8%); however, it still denoted an
acceptable overall usability of the system. An overall score of
>80.3 was recorded for 76.4% of patients, which is considered
the threshold of excellence [26]. Of note, few patients reported
being worried about their ability to use the system before they
started the trial, and some mentioned having requested the help
of a relative the first time they used it. However, all patients
reported being able to use ONCO-TreC by themselves within
a short period.
The acceptability of ONCO-TreC and its perceived benefits
was explored using 2 ad hoc questionnaires distributed to
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patients at the end of the trial. The overall satisfaction was very
satisfied (10/20, 50%), moderately satisfied (9/20, 45%), slightly
satisfied (5/20, 5%), and not satisfied (0/20, 0%). The patients
reported an overall positive effect on several aspects of health
care management, measured using a Likert scale. ONCO-TreC
proved useful for self-management purposes and was considered
a valuable reminder of when to take therapy (19/20, 95%
strongly agreed and 1/20, 5% agreed) and a useful AE tracker
(14/20, 70% strongly agreed and 5/20, 25% agreed). The
questionnaire also highlighted a significantly positive effect on
the patient–provider relationship as patients felt that
ONCO-TreC reinforced the perception of being continuously
monitored by providers (18/20,90% strongly agreed and
2/20,10% agreed). An overall positive evaluation was also
recorded for the messaging system as a useful communication
tool (12/20, 60% strongly agreed and 4/20, 20% agreed).

Patient–Provider Communication
ONCO-TreC modified the way in which patients were able to
communicate with health care professionals. An ad hoc
questionnaire was developed to investigate the communication
channels used by patients before and after the introduction of
the system. Of the 35 patients who completed the baseline
questionnaire, only 20 (57%) returned to the questionnaire at
the end of the treatment. Table 5 shows the results of the preand posttreatment evaluations for this subgroup. Although the
small number of participants and the brevity of the study period
did not allow for any definitive conclusions to be drawn about
this, our results suggest that the ONCO-TreC messaging system
helped reduce all forms of direct contact that would have
resulted in a disruption of the workflow in a health care setting
(eg, phone calls to a switchboard or physician and physically
going to the hospital). Although only 71% (27/38) of the patients
used the messaging system integrated into the platform, our
findings indicate that it minimized synchronous interactions by
favoring asynchronous communication.

Table 5. Channels to contact providers before and after the introduction of ONCO-TreC (N=20).
Contact with the oncology department in the previous couple of months

a

Often or sometimes, n (%)

Rarely or never, n (%)

Before

After

Before

After

Phone call to switchboard

10 (50)

7 (35)

10 (50)

13 (65)

Phone call to physician

6 (30)

4 (20)

14 (70)

16 (80)

Email to physician

4 (20)

2 (10)

16 (80)

18 (90)

Going to the department

13 (65)

7 (35)

7 (35)

13 (65)

ONCO-TreC system

N/Aa

7 (35)

N/A

13 (65)

Other

1 (5)

0 (0)

19 (95)

20 (100)

N/A: not applicable.

Discussion
Principal Findings
This project aimed to fine-tune and validate an oral anticancer
therapy monitoring system in terms of its ability to increase
adherence to treatment, improve home management of treatment
side effects, and enhance patient or health care professional
communication. Adherence is normally considered as the
https://www.jmir.org/2022/1/e27349

XSL• FO
RenderX

percentage of the prescribed treatment dose actually taken by
the patient over a specified period. The most common and
simple method used to measure adherence other than direct
patient questioning is pill count (ie, counting the number of pills
that remain in a patient’s medication bottles or vials). Although
the simplicity and empirical nature of this method are attractive
to many investigators, the method is subject to problems as
patients may switch medicines between bottles and discard pills
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before visits to appear to be following the regimen. Improving
communication between health care professionals and patients
through new technologies such as reminders and PDAs might
thus be an effective strategy to increase adherence. In this trial,
adherence was measured both by pill count and by the number
of pills counted by the system (entered every day by the patients
at home). Adherence was very high and may have been due,
among other factors, to the reminder system integrated into the
app, which was considered very useful by virtually all patients.
However, the small sample size and absence of a control arm
did not allow us to draw definitive conclusions about the
efficacy of the system in improving adherence. The ability of
the system to measure adherence to treatment was also high,
with a concordance of 97.3%.
The reliability of the platform to register toxicity was also
investigated by comparing the type and grade of toxicities
recorded in the system with those reported by patients during
the clinical visits. The quality of the system proved inadequate
in that only a fraction of AEs reported by physicians in CRFs
were also recorded in the app by patients. This negative result
was probably related to some patients not using the app to
register toxicity because of technical difficulties,
underestimation of the importance of the AE, or other unknown
causes. In fact, of the 29 patients reporting AEs during the study
visits, only 17 (59%) entered information on the events into the
system. Conversely, the patients using the app for AE entering
were very meticulous and provided a large amount of data (718
AEs), enabling clinicians to create an accurate, day-to-day
reconstruction of the toxicity trend over time. It can thus be
hypothesized that, although ONCO-TreC has a high capacity
for detecting and monitoring AEs, patients need to be made
aware of the importance of this complex part of the system and
trained to use it correctly.
The system helped reshape the patient–provider interaction
between clinical visits, enabling some synchronous
communication to be turned into asynchronous contact through
the messaging system. Even though the reshaping of
communication was not a primary end point of this study, the
decrease in phone calls and patients physically going to the
hospital in favor of texting through the platform could make
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communication more manageable during home oral anticancer
treatment. Phone calls and visits tend to disrupt the workflow
of hospital departments, whereas asynchronous communication
allows providers to make good use of downtime or even define
a specific time slot to interact with patients at home. Partial
confirmation of the potential usefulness of messaging can be
obtained by comparing it with alarm management. In fact,
alarms are the counterpart of messages. The former go off
automatically when the rule-based system detects a potential
harmful pattern, whereas the latter are sent by patients because
they need to communicate something. However, in this
experimental phase, both alarms and messages addressed
noncritical issues.
The use and usability of the system were also analyzed
extensively. Approximately 94% (33/35) of patients launched
the app at least once a week, and the median number of daily
accesses per patient was 2. Most patients used the app for
messages and vital sign entering at least once during the study
period. The usability of the system was greatly appreciated by
patients, and preliminary results of the training step led to the
extension of the age limit for enrollment in the trial. This result
was probably due to the use of a simplified interface with
visualization tools that patients were familiar with and to the
work carried out in the preliminary phase of the study with
representatives of patient associations. However, as previously
mentioned, only some patients used the most advanced functions
of the app, that is, messaging and AE reporting. Thus, other
studies are warranted to investigate the usability of each function
and determine whether their limited use is a result of their design
or a lack of interest on the part of the patients.

Conclusions
The ONCO-TreC system appears to be an important tool for
improving the home management of and monitoring adherence
to oral anticancer drugs. Although the usability and acceptability
of the system were very high, its reliability in registering toxicity
needs to be improved. A phase III trial comparing the
ONCO-TreC system with a standard oral anticancer treatment
diary is currently recruiting patients (ClinicalTrials.gov ID
NCT04826458).
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Abstract
Background: Hypertension is associated with a large global disease burden with variable control rates across different regions
and races. Telehealth has recently emerged as a health care strategy for managing chronic diseases, but there are few reports
regarding the effects of synchronous telehealth services on home blood pressure (BP) control and variability.
Objective: The objective of this study is to investigate the effect of synchronous telehealth services with a digital platform on
home BP.
Methods: This retrospective study was conducted by the Taiwan ELEctroHEALTH study group at the Telehealth Center of the
National Taiwan University Hospital. We analyzed home BP data taken from 2888 patients with cardiovascular disease (CVD)
enrolled in our telehealth program between 2009 to 2017. Of the 2888 patients with CVD, 348 (12.05%) patients who received
home BP surveillance for ≥56 days were selected for BP analysis. Patients were stratified into three groups: (1) poorly controlled
hypertension, (2) well-controlled hypertension, and (3) nonhypertension. The mean, SD, coefficient of variation (CV), and average
real variability were calculated.
Results: Telehealth interventions significantly and steadily reduced systolic blood pressure (SBP) in the poorly controlled
hypertension group from 144.8.2±9.2 to 133.7±10.2 mmHg after 2 months (P<.001). BP variability reduced in all patients:
SBP-SD decreased from 7.8±3.4 to 7.3±3.4 after 2 months (P=.004), and SBP-CV decreased from 6.3±2.5 to 5.9±2.6 after 2
months (P=.004). Event-free survival (admission) analysis stratified by SBP-SD showed longer time to first hospitalization for
Q1 patients compared with Q4 patients (P=.02, odds ratio 2.15, 95% CI 1.18-3.89).
Conclusions: Synchronous telehealth intervention may improve home BP control and decrease day-by-day home BP variability
in patients with CVD.
(J Med Internet Res 2022;24(1):e22957) doi:10.2196/22957
KEYWORDS
blood pressure; variability; telehealth; hypertension; cardiovascular disease; chronic disease; heart; digital platform; cohort;
management; intervention
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Introduction
According to data sourced from the noncommunicable disease
(NCD) Risk Factor Collaboration, the number of adults
worldwide with increased blood pressure (BP) was 1.13 billion
in 2015, up from 594 million in 1975 [1]. As the number of
adults with elevated BP levels continues to rise, hypertension
is becoming a growing public health threat and an important
global NCD. Globally, hypertension is considered a leading
risk factor for both cardiovascular disease (CVD) and chronic
kidney disease [2]. The relationship between the risks of CVD
and BP can be continuous or log-linear [3]. Starting at BP levels
of 115/75 mmHg, mortality risks associated with stroke, heart
disease, or other CVDs are doubled with every 20 mmHg
increase in systolic blood pressure (SBP) and every 10 mmHg
increase in diastolic blood pressure (DBP) [3], while treatment
to control BP can provide proportional reductions in risk that
are independent of pretreatment BP levels [4].
The best hypertension management practices combine
pharmacotherapy and nonpharmacological interventions, such
as weight reduction, increased physical activity, the Dietary
Approaches to Stop Hypertension (DASH) diet, potassium
supplements, decreased sodium intake, and reduced alcohol
consumption [5-7]. Despite widespread initiatives for treating
hypertension and the availability of antihypertensive
medications, more than 50% people in the United States have
uncontrolled, elevated BP [8]. Among adults with hypertension
in the United States, hypertension control rates are around
50%-60% for non-Hispanic Whites but less than 50% for
non-Hispanic Black, Hispanic, and non-Hispanic Asian
populations [9]. This phenomenon is primarily attributed to a
lack of awareness and treatment, as well as suboptimal
adherence to self-care [9,10]. It is recommended that structured
and team-based interventions be paired with technology-based
strategies rooted in health information to control and treat
hypertension [6]. Telehealth strategies, such as telemedicine,
eHealth, and mHealth, are innovative tools for BP control.
Meta-analyses of randomized controlled trials (RCTs) using
different telehealth interventions have demonstrated greater BP
reductions and a larger proportion of patients achieving BP
control [11,12]. However, the involvement of various telehealth
interventions within a single strategy can lead to inconsistent
clinical effects. Anker et al [13] proposed a classification system
enabling comparison between various telehealth strategies for
the four different generations of telemedicine based on data
transfer procedures, the analytical ability of the telehealth
system, and the degree of integration with patient primary health
care structures. The telehealth service from the National Taiwan
University Hospital (NTUH), Taipei, Taiwan, has provided a
fully integrated remote management system with constant
analytical and decision-making support for full therapeutic
authority outside office hours since 2009. This service model
fulfills the criteria for the fourth-generation telehealth
service/program proposed by Anker et al [13]. As evidence from
use of a fourth-generation telehealth program for home BP
control and home BP variability is currently lacking, we decided
to analyze patient data collected through the Telehealth Center
of the NTUH to determine the impacts of our telehealth
https://www.jmir.org/2022/1/e22957
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intervention services on home BP control and home BP
variability. The objective of our study was to investigate the
effect of synchronous telehealth services with a digital platform
on home BP.

Methods
Study Design
This was a single-center retrospective cohort study approved
by the institutional review board of the NTUH and conducted
by the Taiwan ELEctroHEALTH (TELEHEALTH) study group.
We obtained written informed consent from all participants for
telehealth services.

Telehealth Services
Since 2009, the Telehealth Center of the NTUH has provided
telehealth services for patients with CVD, including both
patients with multiple CVD risk factors and patients with
established CVDs, such as coronary artery disease, myocardial
infarction, congestive heart failure, arrhythmia, and other
surgical or congenital heart conditions. Detailed descriptions
of enrollment criteria and the scope of telehealth services have
been reported previously [14].
Our telehealth services encompassed surveillance of biometric
data, discussions between patients and the Telehealth Center,
and full therapeutic authority and suggestions from case
managers and cardiologists 24 hours a day. Patients with CVD
were required to measure vital biometric data (single-lead
electrocardiography, BP, pulse rate [PR], finger-stick glucose,
and oxygen saturation) at home daily or on demand. Data were
then transmitted to a cloud database for review and evaluation
by nurse case managers or physicians who were able to access
the data via an internet-based interactive platform and provide
instant advice according to the clinical conditions of each patient
[14-17]. The internet-based interactive platform used by the
Telehealth Center was developed by the Graduate Institute of
Biomedical Electronics and Bioinformatics, National Taiwan
University, Taiwan [18]. The ultimate goal of the telehealth
program was to bridge the gap between acute care and home
care and also to emphasize education, enhance self-awareness,
improve self-care skills, strengthen prevention, and facilitate
early detection of clinical deterioration.

Patient Selection
To evaluate day-by-day BP changes over a period of 8 weeks,
patients with CVD who had received telehealth services and
recorded daily home BP measurements consecutively for more
than 56 days (8 weeks) during 2009 to 2017 were retrospectively
selected for analysis. Patients who were enrolled in the telehealth
program for less than 56 days or those who failed to transmit
daily home BP measurements were excluded from our analysis.
No statistical power calculation was conducted prior to the
study. The sample size was based on the available data. All
statistical tests were determined after examination of available
data.

Home BP
We compiled SBP, DBP, and PR data from all patients to serve
as explanatory variables. Mean blood pressure (MBP) values
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were calculated using the formula MBP = [SBP + (2 × DBP)]/3.
We calculated the daily home MBP values for every selected
patient from days 1 to 56 and then calculated baseline home BP
by averaging the first 3 days (days 1-3) of home BP values.
Thereafter, average posttelehealth BP values were calculated
in 14-day (2-week) intervals: values for week 2 were calculated
by averaging BP values from days 4 to 14, values for week 4
were calculated by averaging BP values from days 15 to 28,
values for week 6 were calculated by averaging BP values from
days 29 to 42, and values for week 8 were calculated by
averaging BP values from days 43 to 56. Calculations were
conducted in the same manner for SBP, DBP, MBP, and PR
data.

Home BP Variability
Home BP variability values were calculated by SD, coefficient
of variation (CV), and average real variability (ARV) [19].
Home BP variability was calculated in 14-day (2-week)
intervals: baseline values were derived from days 1 to 14, weeks
3-4 values from days 15 to 28, weeks 5-6 values from days 29
to 42, and weeks 7-8 values from days 43 to 56. Calculations
were conducted in the same manner for SBP and DBP data.

Group Analysis
We divided patients into the following groups based on clinical
diagnosis and BP data at baseline: (1) poorly controlled
hypertension group, which included hypertension patients with
baseline home SBP ≥135 mmHg or home DBP ≥85 mmHg
according to European Society of Cardiology (ESC) guideline
definitions [7]; (2) well-controlled hypertension group, which
included hypertension patients with baseline home SBP <135
mmHg and home DBP <85 mmHg; and (3) nonhypertension
group, which included patients who had not previously been
diagnosed with hypertension. All group analyses were
determined based on examinations of available data.

Outcome Measurement and Follow-Up
Mean values and variability indicators for home BP levels after
telehealth services were compared with baseline values (at
prespecified durations after telehealth services) at 2-week
intervals. Clinical outcomes regarding the time to first
hospitalization were censored in selected patients with CVD
with a mean follow-up period of 22 months.

Statistical Analysis
Continuous data are presented as the mean±SD. Discrete data
are given as counts and percentages. Paired t-tests were used to
analyze changes in different data sets over time for the same
individuals compared with baseline. Between-group
comparisons of discrete indicators at baseline (gender
proportions, comorbidities, and medications) were analyzed
using a chi-square test, while between-group comparisons of
continuous indicators at baseline (age, average BP measurements
per day, hemoglobin A1c (HbA1c) levels, creatinine levels, and
total cholesterol) were calculated using an ANOVA test.
We used paired t-tests to compare differences in BP values
between patient groups. Basic assumptions for paired t-tests
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were verified prior to conducting these analyses. Independently
observed continuous BP values were set as our dependent
variable. SBP values <65 mmHg or >250 mmHg and DBP
values <40 mmHg or >150 mmHg were excluded to avoid
outliers. Two-week average BP values were found to be
normally distributed based on graphical presentations of QQ
plots and histograms. One-way ANOVA and chi-square tests
were used to compare differences in baseline characteristics
between patient groups. Basic assumptions for one-way
ANOVA and chi-square tests were verified prior to conducting
these analyses. One-way ANOVA was used for continuous data,
such as age, average BP measurements per day, HbA1c,
creatinine, and total cholesterol. All data adhered to ANOVA
assumptions of normality (based on QQ plots), homoscedasticity
(based on scatterplot of residuals), no multicollinearity (based
on correlation data and variance inflation factor), and
independence of measurements. Chi-square tests were used for
independent categorical data such as gender, comorbidities, and
medication.
A two-sided P value of <0.05 was considered statistically
significant. Kaplan-Meier analysis was used to compare time
to first hospitalization for different groups, and the log-rank test
(pairwise over strata) was used to detect differences between
survival curves. Patients were censored if they were not
hospitalized more than 36 months after entry into our telehealth
program or if there were insufficient data to indicate that they
were hospitalized during this period. IBM SPSS for Windows,
version 22.0, (SPSS Inc., Chicago, IL, USA) was used for
statistical analyses.

Results
Descriptive Statistics
From 2009 to 2017, a total of 2888 patients with CVD received
synchronous telehealth services and delivered a total of 678,596
BP data sets over varying lengths of time. Of these, 2540
patients had insufficient data over a 56-day period and were
excluded from the study. The majority of missing data in the
cohort was due to participants forgetting to take BP
measurements or leaving the program before 56 days. A total
of 348 patients (mean age 67.6±14.6 years; 232 [66.7%] males)
who recorded daily home BP measurements for more than 56
days were selected for BP analysis. During their 56-day period
of telehealth care (days 1-56), 383,400 BP data sets were
transmitted for telehealth surveillance.
The patients were further stratified into the (1) poorly controlled
hypertension group (n=81), (2) well-controlled hypertension
group (n=125), and (3) nonhypertension group (n=142)
according to prespecified definitions. Baseline demographics
and medications before telehealth care are summarized in Table
1. In the poorly controlled hypertension group, the mean age
was significantly higher (P=.001) and patients had more
comorbidities and higher rates of renin-angiotensin system
(RAS) blocker usage compared with the other groups.
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Table 1. Baseline characteristics of telehealth service patients.
Characteristics, diseases, and medications

Poorly controlled

Well-controlled

hypertension

hypertension

Nonhypertension

Total patients

P value

Patients

n=81

n=125

n=142

N=348

—a

Age (years), mean±SD

72.0±12.2

68.1±13.8

64.6±15.8

67.6±14.6

.001

Male, n (%)

52 (64%)

79 (63.2%)

101 (71.1%)

232 (66.7%)

.34

Hypertension, n (%)

81 (100%)

125 (100%)

0 (0.0%)

183 (52.6%)

<.001

Heart failure, n (%)

15 (19%)

29 (23.2%)

39 (27.5%)

83 (23.9%)

.31

Diabetes mellitus, n (%)

37 (46%)

55 (44.0%)

18 (12.7%)

110 (31.6%)

<.001

Hyperlipidemia, n (%)

24 (30%)

64 (51.2%)

30 (21.1%)

118 (33.9%)

<.001

Myocardial infarction, n (%)

9 (11%)

17 (13.6%)

18 (12.7%)

44 (12.6%)

.87

Coronary artery disease, n (%)

37 (46%)

72 (57.6%)

57 (40.1%)

166 (47.7%)

.02

Stroke, n (%)

6 (7%)

23 (18.4%)

6 (4.2%)

35 (10.1%)

<.001

End-stage renal failure, n (%)

16 (20%)

14 (11.2%)

4 (2.8%)

34 (9.8%)

<.001

Atrial fibrillation, n (%)

10 (12%)

24 (19.2%)

26 (18.3%)

60 (17.2%)

.40

Average BP measurements per day

2.3±0.9

2.2±1.1

2.1±0.7

2.2±0.9

.21

HbA1cc (%), mean±SD

6.5±1.0

6.4±1.0

6.2±1.1

6.3±1.0

.05

Creatinined (mg/dL), mean±SD

1.8±2.3

1.3±1.4

1.3±1.2

1.4±1.5

.06

Total cholesterol (mg/dL), mean±SD

166.6±43.9

158.9±34.8

159.6±36.9

160.9±37.9

.33

Calcium channel blocker, n (%)

4 (5%)

12 (9.6%)

8 (5.6%)

24 (6.9%)

.32

Diuretics, n (%)

18 (22%)

33 (26.4%)

24 (16.9%)

75 (21.6%)

.17

Beta blocker, n (%)

16 (20%)

29 (23.2%)

32 (22.5%)

77 (22.1%)

.84

25 (31%)

48 (38.4%)

23 (16.2%)

96 (27.6%)

.001

Characteristics

Diseases

b

Medications

e

RAS blocker, n (%)
a

—: not applicable.

b

BP: blood pressure.

c

HbA1c: hemoglobin A1c.

d

Patients with renal failure under dialysis were excluded.

e

RAS: renin-angiotensin system. The RAS blocker includes angiotensin-converting enzyme inhibitors, angiotensin receptor blockers, and angiotensin
receptor neprilysin inhibitor.

Home BP Change After Telehealth Service
In the poorly controlled hypertension group, BP significantly
and constantly decreased after 2 weeks of telehealth service.
During the 8 weeks of telehealth service, the mean SBP
decreased from baseline 144.8±9.2 mmHg to 133.7±10.2 mmHg
(P<.001) and the mean DBP also decreased from baseline
77.7±12.7 mmHg to 72.9±12.1 mmHg (P<.001).
In the well-controlled hypertension group, a gradual increment
in BP was observed. During the 8 weeks of telehealth service,
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the mean SBP increased from baseline 119.7±9.8 mmHg to
124.1±11.3 mmHg (P<.001) and the mean DBP increased from
baseline 71.3±9.9 mmHg to 73.0±9.4 mmHg (P=.009). A slight
increment in home BP (1.7 mmHg in SBP and 1.6 mmHg in
DBP) was also observed in the nonhypertension group during
the 8 weeks of telehealth service (Table 2). The effect of
telehealth services on the PR and MBP in different subgroups
is provided in Multimedia Appendix 1. The impact of telehealth
services on BP values in all patients is provided in Multimedia
Appendix 2.
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Table 2. Change in BPa during the period of telehealth service by subgroup.
BP measures

Baseline

Week 2

Week 4

Week 6

Week 8

(days 1-3)

(days 4-14)

(days 15-28)

(days 29-42)

(days 43-56)

SBPb (mmHg), mean±SD

144.8±9.2

140.7±10.0

137.1±12.0

136.0±11.8

133.7±10.2

P valuec

—d

<.001

<.001

<.001

<.001

DBPe, mmHg

77.7±12.7

76.0±11.0

74.8±12.2

73.9±11.9

72.9±12.1

P value

—

.01

.002

<.001

<.001

SBP (mmHg), mean±SD

119.7±9.8

121.9±10.6

123.1±10.7

123.3±11.0

124.1±11.3

P value

—

.004

<.001

<.001

<.001

DBP (mmHg), mean±SD

71.3±9.9

72.0±9.4

72.8±9.5

72.8±9.2

73.0±9.4

P value

—

.11

.006

.02

.009

SBP (mmHg), mean±SD

115.6±11.0

115.5±11.7

116.0±11.6

116.8±11.5

117.3±11.6

P value

—

.81

.56

.13

.04

DBP (mmHg), mean±SD

68.6±8.8

69.1±8.4

69.1±9.1

70.0±9.0

70.2±9.4

P value

—

.25

.35

.02

.01

Poorly controlled hypertension group

Well-controlled hypertension group

Nonhypertension group

a

BP: blood pressure.

b

SBP: systolic blood pressure.

c

Data were expressed as the mean±SD and were compared with baseline.

d

—: not applicable.

e

DBP: diastolic blood pressure.

Change in Home BP Variability After Telehealth
Service
Home day-by-day BP variability in different subgroups
decreased following telehealth services (Table 3). In the poorly
controlled hypertension group, SBP-SD decreased from 9.2±4.1
mmHg (baseline) to 8.2±3.5 mmHg during weeks 5-6 (P=.04)
and stayed constant thereafter (variability for weeks 7-8 did not
rise significantly compared with variability for weeks 5-6).
DBP-SD decreased from 5.7±2.5 mmHg (baseline) to 4.9±1.8
mmHg during weeks 5-6 (P=.02) and remained stable thereafter.
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We found no significant changes with regard to SBP or DBP
variability measured by the CV or ARV.
In the well-controlled hypertension group, SBP-CV during
weeks 7-8 was 6.0%±2.6%, which was significantly lower than
baseline SBP-CV (6.5%±2.3%, P=.02), and DBP-CV during
weeks 5-6 was 6.9%±3.0%, which was also significantly lower
than baseline DBP-CV (7.5%±2.9%, P=.01).
In the nonhypertension group, a significant decrease in DBP-SD
was observed during weeks 3-4 compared with baseline.
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Table 3. Change in BPa variability during the period of telehealth service by subgroup.
BP measures

Baseline (days 1-14)

Weeks 3-4 (days 15-28) Weeks 5-6 (days 29-42) Weeks 7-8 (days 43-56)

SBPb-SD (mmHg), mean±SD

9.2±4.1

8.5±3.5

8.2±3.5

8.3±4.1

P valuec

—d

.14

.04

.09

SBP-CVe (%), mean±SD

6.5±2.8

6.2±2.6

6.0±2.5

6.2±3.0

P value

—

.39

.16

.40

SBP-ARVf (mmHg), mean±SD

8.6±4.0

8.7±3.9

8.6±4.1

8.7±4.0

P value

—

.84

.86

.88

DBPg-SD (mmHg), mean±SD

5.7±2.5

5.3±3.3

4.9±1.8

5.0±2.1

P value

—

.43

.02

.06

DBP-CV (%), mean±SD

7.4±3.1

7.3±4.8

6.8±2.7

7.0±2.9

P value

—

.81

.11

.28

DBP-ARV (mmHg), mean±SD

5.3±2.5

5.5±3.1

5.1±1.9

5.3±2.3

P value

—

.55

.49

.98

SBP-SD (mmHg), mean±SD

8.0±3.2

7.7±3.7

7.5±3.0

7.5±3.3

P value

—

.46

.15

.08

SBP-CV (%), mean±SD

6.5±2.3

6.2±2.8

6.1±2.3

6.0±2.6

P value

—

.28

.08

.02

SBP-ARV (mmHg), mean±SD

8.0±3.5

7.9±3.2

8.0±3.5

8.1±3.6

P value

—

.75

.90

.70

DBP-SD (mmHg), mean±SD

5.3±1.9

5.3±2.4

5.0±2.1

5.3±3.1

P value

—

.99

.05

.99

DBP-CV (%), mean±SD

7.5±2.9

7.3±3.2

6.9±3.0

7.4±4.8

P value

—

.50

.01

.83

DBP-ARV (mmHg), mean±SD

5.3±2.2

5.4±2.5

5.2±2.3

5.8±3.2

P value

—

.67

.69

.08

SBP-SD (mmHg), mean±SD

6.9±2.9

6.6±2.9

6.7±3.1

6.6±2.8

P value

—

.17

.29

.15

SBP-CV (%), mean±SD

6.0±2.4

5.7±2.3

5.7±2.6

5.6±2.3

P value

—

.11

.19

.08

SBP-ARV (mmHg), mean±SD

6.7±2.9

7.0±3.2

7.2±3.1

7.0±3.3

P value

—

.23

.09

.14

DBP-SD (mmHg), mean±SD

4.9±2.2

4.6±2.0

4.7±2.4

4.9±2.3

P value

—

.05

.27

.96

DBP-CV (%), mean±SD

7.2±3.2

6.7±3.0

6.7±3.3

7.2±3.6

P value

—

.05

.13

.88

DBP-ARV (mmHg), mean±SD

4.8±2.2

4.8±2.1

5.0±2.3

5.1±2.4

P value

—

.96

.56

.19

Poorly controlled hypertension group

Well-controlled hypertension group

Nonhypertension group

a

BP: blood pressure.

b

SBP: systolic blood pressure.
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Data were expressed as the mean±SD and were compared with baseline.

d

—: not applicable.

e

CV: coefficient of variation.

f

ARV: average real variability.

g

DBP: diastolic blood pressure.

The effect of telehealth services on day-by-day home BP
variability in all patients is provided in Table 4. Telehealth
services significantly improved SBP variability (SD and CV)

during weeks 3-4 and remained constant during weeks 5-6 and
weeks 7-8. DBP variability (SD and CV) was also significantly
improved at weeks 5-6 compared with baseline.

Table 4. Change in BPa variability during the period of telehealth service in all patients (N=348).
BP measures

Baseline (days 1-14)

Weeks 3-4 (days 15-28)

Weeks 5-6 (days 29-42)

Weeks 7-8 (days 43-56)

SBP -SD, mmHg

7.8±3.4

7.5±3.4

7.3±3.2

7.3±3.4

P valuec

—d

.04

.008

.004

SBP-CVe, %

6.3±2.5

6.0±2.6

5.9±2.5

5.9±2.6

P value

—

.04

.009

.004

SBP-ARVf, mmHg

7.6±3.5

7.7±3.4

7.8±3.5

7.8±3.6

P value

—

.54

.38

.35

DBPg-SD, mmHg

5.2±2.2

5.0±2.5

4.8±2.2

5.1±2.6

P value

—

.11

.003

.31

DBP-CV, %

7.4±3.1

7.1±3.6

6.8±3.1

7.2±4.0

P value

—

.12

.002

.46

DBP-ARV, mmHg

5.1±2.3

5.2±2.5

5.1±2.2

5.4±2.7

P value

—

.55

.85

.06

b

a

BP: blood pressure.

b

SBP: systolic blood pressure.

c

Data were expressed as the mean±SD and were compared with baseline.

d

—: not applicable.

e

CV: coefficient of variation.

f

ARV: average real variability.

g

DBP: diastolic blood pressure.

Time to First Hospitalization After Telehealth Services
No significant differences were found between the three
subgroups in terms of time to first hospitalization (P=.20; Figure
1) during a mean follow-up period of 22 months.
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We further stratified these patients according to baseline
SBP-SD quartiles (Q1: <5.5; Q2: 5.5-7.1; Q3: 7.1-9.7; and Q4:
>9.7), and a significant difference in time to first hospitalization
was observed between Q1 and Q4 SBP-SD variability groups
(P=.02, odds ratio 2.15, 95% CI 1.18-3.89; Figure 2).
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Figure 1. Kaplan-Meier survival estimates for time to first hospitalization stratified by hypertension type (poor: poorly controlled hypertension; well:
well-controlled hypertension; non: nonhypertension).

Figure 2. Kaplan-Meier survival estimates for time to first hospitalization across quartiles of day-by-day variability, SD of systolic blood pressure at
baseline. Q1 to Q4 indicate ascending quartiles: (Q1: <5.5, Q2: 5.5-7.1, Q3: 7.1-9.7, Q4: >9.7).
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Discussion
Principal Findings
The findings from this retrospective study suggest that
synchronous telehealth intervention may improve home BP
control and decrease home BP variability in patients with CVD.
For patients with poorly controlled hypertension, our telehealth
intervention demonstrated a significant BP reduction after only
2 weeks of service. BP reductions were continuous and remained
steady throughout the 8-week period of telehealth services,
achieving an absolute 11.1 mmHg SBP reduction and a 4.8
mmHg DBP reduction after 8 weeks of telehealth intervention.
For patients without hypertension or with well-controlled
hypertension, the telehealth intervention helped to normalize
home BP, possibly by avoiding overtreatment and hypotension.
The telehealth intervention also decreased BP variability after
4 weeks of telehealth services, and this effect remained constant
hereafter and may be observed across the three different
subgroups.

Telehealth Services Improved Home BP Control
A higher SBP and DBP are known to be associated with
increased risk of CVD [20], and high BP variability is associated
with cardiovascular end-organ damage, renal outcomes, and
increased risk of incident CVD [19,21,22]. Our study therefore
demonstrates the value of telehealth services in controlling both
home BP and home BP variability, which can potentially help
to prevent future occurrence of CVD events.
Our previous study found that all-cause admission rates and
all-cause hospital stay durations of patients with CVD decrease
following synchronous telehealth interventions [14]. When
compared with usual care, synchronous telehealth interventions
were found to result in better cost-effectiveness [15] and were
also proven to be associated with lower all-cause mortality [16].
It is speculated that these proven clinical benefits stemmed from
continuous improvement in the control of chronic conditions,
including BP control, which in turn led to reduced mortality.
The results from this retrospective study provide additional
evidence to support this speculation.

Telehealth Services Normalized Home BP
During the 8 weeks of continuous telehealth intervention, home
BP values significantly increased in the well-controlled
hypertension group (mean SBP increased from 119.7±9.8 to
124.1±11.3 mmHg) and the nonhypertension group (SBP
increased from 115.6±11.0 to 117.3±11.6 mmHg). This
paradoxical increase in home BP should be considered a
normalization of BP via telehealth interventions, which avoid
overtreatment and hypotension. Patients in the nonhypertension
group still received calcium channel blockers, beta blockers,
diuretics, or RAS blockers for clinical indications other than
hypertension, such as arrhythmia or heart failure; this patient
population was considered highly susceptible to hypotension
during treatment, and it may be that our telehealth interventions
helped to prevent hypotensive events. This is worth noting, as
a lower BP is associated with a worse prognosis for patients
with heart failure [23].
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The Systolic Blood Pressure Intervention Trial (SPRINT) study
[24] aimed for an SBP goal of <120 mmHg. In the intensive
treatment group, a marked decrease in the SBP was accompanied
by a marked increase in the incidence of side effects, such as
hypotension, syncope, electrolyte abnormalities, and kidney
injures; similar results were also observed in the Action to
Control Cardiovascular Risk in Diabetes (ACCORD) study
[25].
Among treated hypertensive patients, SBP values of <110
mmHg are associated with potential serious falls and syncope
[26]. Additionally, hypotension or masked hypotension occurs
frequently in older hypertensive adults undergoing treatment
[27,28], and low daytime SBP values are also known to be
associated with a greater level of cognitive decline in these older
patients [29]. Hypotension in hypertensive elderly patients
undergoing treatment is an important red flag that makes it
unclear whether these patients actually benefit from BP control.
Out-of-office BP (including ambulatory BP monitoring or home
BP monitoring) is specifically recommended as a method for
identifying hypotension side effects during treatment [7].
Synchronous telehealth interventions not only help to identify
hypotension side effects but may also exert an additional role
in avoiding overtreatment and preventing hypotension.

Other Telehealth Interventions for BP
The American Heart Association (AHA) recommends the use
of out-of-office BP measurements paired with telehealth
counseling and titration of BP-lowering medication to assess
treatment response, improve adherence, and enhance BP control
[6].
Meta-analyses of RCTs have shown that highly heterogeneous
telehealth intervention models ranging from computer-based
support systems to programs led by medical staff can improve
BP control and achieve BP normalization in a larger proportion
of patients [11,12]. Omboni et al [11] analyzed 23 RCTs (7037
patients) and found that telemonitoring of home BP
demonstrates an improvement over office SBP by 4.7 mmHg
and office DBP by 2.5 mmHg compared with usual care [11].
The Telemonitoring and/or Self-Monitoring of Blood Pressure
in Hypertension (TASMINH4) trial, an unmasked RCT study
that compared self-monitored BP with and without
telemonitoring in patients with poorly controlled BP, failed to
demonstrate any BP control benefits associated with
telemonitoring. However, the study was conducted in 142
general practices (GPs) throughout the United Kingdom, which
provided a simple and free SMS text-based telemonitoring
service. Participants in the telemonitoring group received an
SMS message on a weekly basis containing a report of MBP
values. Overly high or low readings triggered an alert, which
was sent to participants but not GPs, and attending clinicians
reviewed the readings on a monthly basis [30]. This
asynchronous telemonitoring design meant that medical advice
was often delayed for several weeks and was perhaps why the
results of the study failed to find benefits associated with
telemonitoring. By contrast, the Telehealth Center of the NTUH
offers a fourth-generation telehealth program that is fully
integrated with remote management systems and synchronous
data transfers that allow for constant analytical support backed
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by full therapeutic authority and decision making from
physicians outside office hours [13]. The TASMINH4 trial
provides a sharp contrast to our work and confirms our belief
that synchronous telehealth care that preserves people-to-people
communication is the key for successful telehealth interventions.
Our study results support the use of synchronous telehealth
services to control home BP in patients with CVD.

Baseline BP Variability Predicts Clinical Outcomes
In our study, cumulative incidence for time to first
hospitalization differed across baseline SBP-SD quartiles,
implying that baseline BP variability may have some prognostic
value. The Ohasama study [21] calculated day-by-day BP
variability in 2455 residents in Ohasama, Japan, who measured
home BP once every morning for 26 days. Over a median
follow-up period of 11.9 years, an increase in SBP variability
of +1 between-subject SD was found to be associated with
increased hazard ratios for cardiovascular death (1.27; P=.002)
and stroke mortality (1.41; P=.001). The Japan Morning Surge
- Home Blood Pressure (J-HOP) study [19] calculated
day-by-day BP variability in 4231 participants who measured
home BP each morning and evening over a 14-day period. After
4 years of follow-up, greater day-by-day home SBP variability
was associated with increased risk of incident CVD and
cardiovascular end-organ damage. Both the Ohasama study and
the J-HOP study concluded that baseline or short periods of
day-by-day home BP variability provide useful clinical
information for assessing future cardiovascular risk. In terms
of physiological conditions, BP variations occur on a
beat-by-beat basis and may represent a complex homeostatic
control or response to neural, humoral, vascular, environmental,
behavioral, and emotional stimuli [31]. Day-by-day home BP
variability is not constant and can be modified: our study
demonstrated that synchronous telehealth interventions can
significantly decrease day-by-day BP variability. To the best
of our knowledge, this is the first study that demonstrates the
value of synchronous telehealth services in improving
day-by-day BP variability. Future studies are warranted to
determine whether declines in day-by-day BP variability could
prevent future CVD occurrence.

Different Scales of BP Variability
Previous longitudinal and observational studies have shown
that different types of BP variability determined by the duration
of analysis can represent differing prognostic relevance for CVD
and renal outcomes [22]. Durations range from very short term
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(beat-to-beat), short term (over 24 hours), mid-term
(day-to-day), long term (visit-to-visit < 5 years), and very long
term (visit-to-visit ≥ 5 years). Analysis over all durations provide
a consistent message showing that higher BP variability predicts
worse clinical outcomes. Higher mid-term BP variability was
associated with higher rates of subclinical organ damage, stroke,
myocardial infarction, cardiovascular mortality, all-cause
mortality, microabuminuria, and lower estimated glomerular
filtration rate [22]. The mid-term BP variability analyzed in our
study showed that the cumulative incidence for time to first
hospitalization is higher in patients with higher baseline BP
variability, although the cumulative incidence for time to first
hospitalization did not differ across subgroups stratified by
hypertension status. This result may be attributed to the effects
of synchronous telehealth interventions that improved BP control
over time, particularly for the poorly controlled hypertension
group.
The causative mechanism between BP variability and clinical
outcomes is still unclear. Kario et al [32] proposed a systemic
hemodynamic atherothrombotic syndrome theory that
hypothesized that BP variability is caused by synergistic
resonance, and demonstrated that BP exhibits different
variabilities with different time phases (beat-by-beat, diurnal,
day-by-day, visit-to-visit, seasonal, and yearly). Synergistic
resonance of BP variabilities over different time phases can
generate hemodynamic surges and trigger a vicious cycle of
hemodynamic stress, which can lead to organ damage and
ultimately advance to CVD.

Limitations
There were several limitations in our study. First, the study was
a non-RCT, retrospective study with no comparable usual-care
group. Second, although our follow-up period continued for 22
months, most patients with CVD did not receive parallel
continuous telehealth services. Third, the study included
heterogenous patients with CVD both with and without
hypertension. To clarify specific issues, these patients were
further stratified into subgroups, thus lowering the patient
numbers in each subgroup. Fourth, adjustment of medication
data was lacking in our study.

Conclusion
Synchronous telehealth interventions may improve home BP
control and decrease day-by-day home BP variability in patients
with CVD.
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Abstract
Background: Rapid implementation of telehealth for cancer care during COVID-19 required innovative and adaptive solutions
among oncology health care providers and professionals (HPPs).
Objective: The aim of this qualitative study was to explore oncology HPPs’ experiences with telehealth implementation during
the COVID-19 pandemic.
Methods: This study was conducted at Moffitt Cancer Center (Moffitt), an NCI (National Cancer Institute)-Designated
Comprehensive Cancer Center. Prior to COVID-19, Moffitt piloted telehealth visits on a limited basis. After COVID-19, Moffitt
rapidly expanded telehealth visits. Telehealth visits included real-time videoconferencing between HPPs and patients and virtual
check-ins (ie, brief communication with an HPP by telephone only). We conducted semistructured interviews with 40 oncology
HPPs who implemented telehealth during COVID-19. The interviews were recorded, transcribed verbatim, and analyzed for
themes using Dedoose software (version 4.12).
Results: Approximately half of the 40 participants were physicians (n=22, 55%), and one-quarter of the participants were
advanced practice providers (n=10, 25%). Other participants included social workers (n=3, 8%), psychologists (n=2, 5%), dieticians
(n=2, 5%), and a pharmacist (n=1, 3%). Five key themes were identified: (1) establishing and maintaining patient-HPP relationships,
(2) coordinating care with other HPPs and informal caregivers, (3) adapting in-person assessments for telehealth, (4) developing
workflows and allocating resources, and (5) future recommendations. Participants described innovative strategies for implementing
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telehealth, such as coordinating interdisciplinary visits with multiple HPPs and inviting informal caregivers (eg, spouse) to
participate in telehealth visits. Health care workers discussed key challenges, such as workflow integration, lack of physical exam
and biometric data, and overcoming the digital divide (eg, telehealth accessibility among patients with communication-related
disabilities). Participants recommended policy advocacy to support telehealth (eg, medical licensure policies) and monitoring
how telehealth affects patient outcomes and health care delivery.
Conclusions: To support telehealth growth, implementation strategies are needed to ensure that HPPs and patients have the
tools necessary to effectively engage in telehealth. At the same time, cancer care organizations will need to engage in advocacy
to ensure that policies are supportive of oncology telehealth and develop systems to monitor the impact of telehealth on patient
outcomes, health care quality, costs, and equity.
(J Med Internet Res 2022;24(1):e29635) doi:10.2196/29635
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Introduction
The onset of the COVID-19 pandemic in March 2020
accelerated the rapid adoption of telehealth, which is health care
delivery at a distance [1-4]. Prior to the COVID-19 pandemic,
health care systems faced substantial barriers to telehealth
adoption, such as limited reimbursement and start-up hurdles
(eg, infrastructure costs) [5-9]. In the United States, telehealth
had spread in some health care markets (eg, neurology) due to
policy reform, while diffusion into other markets, such as
oncology, was minimal [10-13]. Widespread federal and state
changes to telehealth regulation, payment, and insurance benefit
design as a result of COVID-19 reduced many entry barriers,
allowing health care systems to deploy telehealth for oncology
[4,14-16]. This seismic shift in telehealth policy created a
window of opportunity to redesign cancer care for a virtual
setting. In response, cancer care systems invested in large-scale
organizational change, such as adopting new technologies and
changing billing processes, to support telehealth implementation
[17-21]. Much of this work was led by cancer care frontline
workers who quickly adapted their practice to a virtual
environment. The 1-year anniversary of COVID-19 was an
opportunity to evaluate oncology care teams’ experiences with
telehealth and assess the role that telehealth can play in cancer
care in the future.
Before the pandemic, the Centers for Medicare & Medicaid
Services (CMS) defined telehealth as real-time
videoconferencing between health care providers and
professionals (HPPs) and patients [22]. During the pandemic,
CMS broadened its definition of telehealth to include virtual
check-ins (ie, brief communication with a practitioner by
telephone or another form of telecommunication) and e-visits
(ie, asynchronous communication between patients and HPPs
through a secure platform, such as a patient portal). In response,
oncology care teams began to implement telehealth in various
forms [17-21]. In the span of just a few weeks after the pandemic
hit, many cancer care systems implemented telehealth for the
first time and rapidly scaled virtual care to more than half of
their patient population [18-20]. HPPs were required to adapt
elements of the physical exam to a telehealth visit and maintain
strong relationships with patients from a distance
[17,20,21,23-25]. HPPs were also faced with a long-standing
digital divide, that is, disparities in patients’ technology
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know-how and access [26]. Early reports of telehealth
implementation described challenges, such as limited device
access, lack of home broadband, limited digital literacy, and
lack of technology education programs for patients [26]. Further,
HPPs were required to make complex decisions around patient
care, such as determining which conditions and patients are
appropriate for virtual care [17,24].
To capture experiences with telehealth implementation during
COVID-19, we conducted a qualitative study with HPPs at a
cancer center. We discuss insights from oncology HPPs
regarding the successes and challenges with telehealth
implementation and recommendations for future telehealth
delivery.

Methods
Setting, Recruitment, and Eligibility Criteria
This study was conducted at Moffitt Cancer Center (Moffitt),
an NCI (National Cancer Institute)-Designated Comprehensive
Cancer Center, located in Tampa, Florida. Prior to COVID-19,
Moffitt piloted telehealth visits (ie, real-time videoconferencing
between HPPs and patients) [22] on a limited basis. After the
start of the COVID-19 pandemic, Moffitt rapidly expanded
telehealth visits; the volume increased by 5000% from
pre–COVID-19 to after the start of the COVID-19 pandemic
[27]. Moffitt also instituted virtual check-ins (ie, brief
communication with an HPP by telephone only) [22] as a part
of telehealth delivery. Moffitt did not employ any other
telecommunication technologies for virtual check-ins (eg, secure
text messages) and did not implement any other forms of
telehealth (eg, e-visits). The Moffitt Virtual Health Program—a
centralized support system for the institution—provided
information technology (IT) support for patients and HPPs,
technical assistance for HPPs (eg, help with out-of-state
licensure questions), and an interpreter service for patients with
limited English proficiency. Telehealth visits were implemented
through Zoom software (Zoom Video Communications, Inc),
which was not integrated into Moffitt’s electronic health record
(EHR) system. The telehealth visits were conducted in various
locations depending on what space was available to the HPP
(eg, private office, shared office, and conference room). Some
HPPs also elected to deliver telehealth visits from their home.
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The target population included all full-time HPPs in oncology
at Moffitt. HPPs were defined as health care providers who are
licensed to diagnose and deliver treatment (eg, physicians,
advanced practice providers [APPs], and psychologists) and
professionals who are licensed to deliver other health services
(eg, dieticians, social workers, and pharmacists). Oncology was
defined, using the NCI’s definition, as a field of medicine
concerned with the diagnosis and treatment of cancer [28]. We
excluded trainees (eg, fellows, residents, and interns), given
that their experience with adapting to telehealth would likely
be distinct from HPPs. Since trainees are new to delivering care,
we opted for interviewing HPPs who had experience with
delivering care prior to the pandemic and may be better
positioned to describe how health care had changed because of
the pandemic. For recruitment, we sent recruitment emails to
two institution-wide listservs on July 1, 2021; presented the
study at a leadership meeting that included all department chairs
on July 15, 2021; and asked participating HPPs to suggest
additional participants. We recruited until no new themes
emerged or when data saturation was achieved [29].

Data Collection
The research team developed a semistructured interview guide
to assess oncology HPPs’ experiences with telehealth during
COVID-19 (Multimedia Appendix 1). The interviews assessed
how HPPs were using telehealth, adaptations necessary to shift
in-person care to virtual, and perceived successes, challenges,
and lessons learned. The interview guide was developed based
on the Consolidated Framework for Implementation Research
(CFIR) that identifies common, multilevel barriers and
facilitators to implementing new programs, such as leadership
support, resources, and individuals’ knowledge about the
intervention [30]. The guide was structured around the five
CFIR domains and focused on constructs most relevant to
telehealth implementation, including the following: (1)
intervention characteristics (eg, ease of implementation of
telehealth platform), (2) inner setting characteristics (eg, access
to information about the intervention), (3) outer setting
characteristics (eg, reimbursement and licensure policies related
to telehealth), (4) individual characteristics (eg, patient and HPP
knowledge about telehealth), and (5) process (eg, planning for
telehealth implementation).
Participants were also asked about the future of oncology
telehealth and whether they were supportive of using telehealth
beyond COVID-19. An individual trained in qualitative methods
conducted 40 individual interviews from August to December
2020 with HPPs via Zoom videoconference. An audio recording
was generated through QuickTime Player (Apple Inc). We
limited the interviews to 30 minutes to ensure that HPPs could
participate. To stay close to the 30-minute time frame, we alerted
all participants when 25 minutes had passed, assessed how many
questions were left at the 25-minute mark, and if more than one
question was left, we asked participants if they could stay on
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for a few additional minutes to finish all the interview questions.
We were able to ask all participants all the interview questions
using this approach. Participants provided informed consent via
videoconference. Participants were asked to provide oral consent
for interview participation and then asked to provide oral consent
to having the interview recorded. The interviews were recorded
and transcribed verbatim by a professional transcription service
(GMR Transcription Services, Inc). The transcripts were
deidentified (ie, all identifying information about participants
was removed) and were assigned a participant ID. The Advarra
Institutional Review Board reviewed and exempted this study.
Participants were not compensated for their participation.

Data Analyses
We applied a hybrid approach of integrating deductive and
inductive coding, which is commonly used in implementation
science research and allows researchers to use theory-driven
and data-driven coding [31,32]. We developed a codebook based
on deductive codes [33] from the interview guide and inductive
codes [34] generated from themes within the data. The
interviews were coded by two independent coders using
Dedoose software (version 4.12). The coders applied codes to
an initial set of transcripts (n=5) independently, compared and
refined coding until consensus was achieved, and finished
coding the remaining transcripts. A high level of interrater
reliability (κ=0.81) was achieved. The κ coefficient was defined
as the number of characters coded and not coded by both coders
(ie, agreement) divided by the total number of characters [35].
A summary of key themes was sent to 5 participants to confirm
that the researchers’ interpretation of the data was consistent
with participants’ experiences (ie, member checking) [29]. We
reported on themes that were discussed by a minimum of 10
participants to ensure that we were summarizing central themes.
Within themes, we noted when there was consensus or
divergence across HPPs. The findings are reported based on the
Consolidated Criteria for Reporting Qualitative Studies checklist
[36].

Results
Participant Characteristics
Approximately half of the 40 participants were physicians (n=22,
55%), and one-quarter of the participants were APPs (n=10,
25%; Table 1). Other participants included social workers (n=3,
8%), psychologists (n=2, 5%), dieticians (n=2, 5%), and a
pharmacist (n=1, 3%). Most participants were female (n=24,
60%). Participants represented 17 clinical areas. Few participants
(n=6, 15%) had used telehealth prior to COVID-19, but all were
using telehealth during COVID-19. Participants used telehealth
across the cancer care continuum, including screening, diagnosis
and follow-up, surveillance, supportive care, procedure
preparation and follow-up, and survivorship care.
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Table 1. Participant characteristics.
Characteristics

Value (N=40)

Job role, n (%)a
Advanced practice providerb

10 (25)

Dietician

2 (5)

Pharmacist
Physician

c

1 (3)
22 (55)

Psychologist

2 (5)

Social worker

3 (8)

Gender, n (%)
Female

24 (60)

Male

16 (40)

Clinical focus, n (%)
Breast oncology

2 (5)

Bone marrow transplant

2 (5)

Cutaneous oncology

2 (5)

Endocrinology

1 (3)

Gastrointestinal oncology

4 (10)

Genitourinary oncology

3 (8)

Gynecologic oncology

2 (5)

Head and neck cancer

2 (5)

Interventional radiology

2 (5)

Neuro-oncology

1 (3)

Radiation oncology

2 (5)

Sarcoma

3 (8)

Senior adult

1 (3)

Social work

3 (8)

Supportive care

4 (10)

Survivorship clinic

2 (5)

Thoracic oncology

4 (10)

Clinical affiliation, n (%)
Single-site practice

37 (93)

Multisite practice

3 (8)

Job tenure (years), mean (SD)

12.5 (6.9)

Virtual visits pre–COVID-19, n (%)
Yes

6 (15)

No

34 (85)

Virtual visits during COVID-19, n (%)

a

Yes

40 (100)

No

0 (0)

Some of the percentages may not add to 100 due to rounding.

b

Advanced practice providers included nurse practitioners and physician assistants.

c

Physicians included endocrinologists, medical oncologists, palliative care specialists, psychiatrists, radiation oncologists, radiologists, and surgeons.
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Qualitative Analysis
Five key themes were identified: (1) establishing and
maintaining patient-HPP relationships, (2) coordinating care
with other HPPs and informal caregivers, (3) adapting in-person
assessments for telehealth, (4) developing workflows and
allocating resources, and (5) future recommendations. For each
theme, the codes, code definitions, and frequency of use across
participants are presented in tables in the following sections,
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while illustrative quotations are presented in the sections
following the tables.

Theme 1: Establishing and Maintaining Patient-HPP
Relationships
Overview
Participants described how telehealth changed the patient-HPP
relationship, including information exchange, patient
engagement, and emotional response (Table 2).

Table 2. Theme 1: establishing and maintaining patient-HPP relationships codebook.
Parent code and child codes

Code definition

Code frequency across participants (N=40), n (%)

Patient-HPPa communication
Patient receptivity to information

Apply code when participant discusses how patient-HPP communication 21 (53)
is easier due to patient’s increased receptivity to receive information in
their home environment.

Easier to share screen with patient to
display results

Apply code when participant discusses how it is easier to share screen
and display results with a patient during telehealth visits.

12 (30)

Patient-initiated discussion and questions Apply code when participant describes how telehealth visits affect pa- 11 (28)
tients’ willingness to initiate discussion about condition or ask questions.
Patient-HPP engagement

a

Requires more energy from the HPP

Apply code when participant describes having to put on an act, be more 27 (68)
dynamic, or put more energy into telehealth visits to engage patients.

Value of video

Apply code when participant describes how the video component of
telehealth visits is important for patient-HPP engagement.

Lack of physical connection

Apply code when participant describes how lack of physical connection 12 (30)
(ie, ability to touch patient) affects the delivery of medicine through
telehealth.

Communicating difficult news

Apply code when participant describes the challenges of delivering dif- 23 (58)
ficult news through telehealth (eg, new and serious diagnosis).

10 (25)

HPP: health care provider and professional.

Information Exchange
Participants felt that patient education was easier to deliver
virtually because patients were more relaxed at home compared
to the clinic and may be more receptive to receiving information.
For example, one dietician explained as follows:
Because they’re typically at home, they’re more
relaxed. They’re not in this clinic environment. So,
it’s almost like they’re a little bit more receptive to
what you’re saying because they’re home in their own
comfortable environment.

Patient Engagement
In contrast, some participants felt that patients were more
reluctant to speak up and ask questions during telehealth visits
compared to in-person visits, making information exchange
more difficult. One APP described this as follows:
I think the connection, it’s not always there. It makes
it a little harder to have that quick back-and-forth
dialogue. When you’re trying to get a lot of
information across, I feel like patients are listening
more than they are having a conversation back with
you.
https://www.jmir.org/2022/1/e29635

XSL• FO
RenderX

Participants noted that patient engagement was more challenging
during telehealth visits. Participants described how telehealth
visits required more energy from HPPs. One APP said the
following:
When I’m talking to patients over Zoom, those are
really shorter visits. There’s not as much discussion
over Zoom. I fear that we’re gonna miss some things
because of it. I try to slow down a little bit during the
Zoom visit and really try to hold their attention a little
bit longer. It requires more focus on my part than an
in-person visit.
Participants also noted that engagement was harder during
virtual check-ins delivered by phone compared to telehealth
visits with video. One social worker indicated the following:
Some people they’re not using their picture or they’re
calling in, so you don’t know what’s going on. So,
something does get lost.

Emotional Response
Some participants also found it more challenging to respond to
patients’ emotions during telehealth visits. One physician
described the following:
J Med Internet Res 2022 | vol. 24 | iss. 1 | e29635 | p.831
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I think sometimes it’s nice when you can hold
somebody’s hand or give them a hug. Obviously, now,
the COVID world, you know, we’re not able to do
that as much. But especially through a screen when
you’re not there in person, you lose a bit of that
connection.
As a result, some HPPs felt that certain tasks, such as delivering
difficult news, are better suited for in-person visits. For example,
one APP shared the following:
This is a new diagnosis. They should be in the clinic
so that I can emotionally support them, offer other
services while they're in here—if they need to talk to

Turner et al
the social worker. Otherwise, they may hang up, and
it may be too devastating, and we may not be able to
connect again.

Theme 2: Coordinating Care With Other HPPs and
Informal Caregivers
Overview
Participants indicated that telehealth made it easier to coordinate
care with other HPPs and informal caregivers, such as family
members or friends (Table 3). This theme was primarily
discussed by health care providers (eg, physicians and APPs)
as opposed to other health care professionals (eg, dieticians).

Table 3. Theme 2: care coordination with other HPPs and informal caregivers codebook.
Parent code and child codes

Code definition

Code frequency across participants (N=40), n (%)

HPPa-HPP coordination
Coordinating with external HPPs

Apply code when participant describes coordinating telehealth

18 (45)

b

visits with health care HPPs external to Moffitt .
Coordinating with internal HPPs

Apply code when participant describes coordinating telehealth
22 (55)
visits with health care HPPs internal to Moffitt (eg, other specialties).

HPP-caregiver coordination
Allowing caregivers to join in-person visits
through telehealth

Apply code when participant describes using Zoom or other plat- 30 (75)
form to allow caregiver to participant in a patient’s in-person visit.

Allowing caregivers to join patients’ telehealth Apply code when participant describes including caregivers in
visits
patient’s telehealth visit.
a

25 (63)

HPP: health care provider and professional.

b

Moffitt: Moffitt Cancer Center.

Care Coordination With HPPs
Participants discussed how telehealth made it possible to bring
together HPPs within the same institution. One physician
recalled the following:
I’ve had one of the surgeons, myself, and the medical
oncologist, and the radiation oncologist, and the
patient all on Zoom at one time, so true
multidisciplinary care provided through the Zoom
platform. I’ve done that in one instance where the
patient was in the room with me and I was doing the
physical exam and we Zoomed-in the medical
oncologist as part of a kind of multidisciplinary
assessment.
Participants also described how telehealth visits made it much
easier to coordinate care with HPPs outside of Moffitt. For
example, one physician described the following:
I’ve got a few patients that I share with oncologists
in other parts of the country and there’s one
particularly memorable patient in my mind that I saw
while he was at home as part of his visit with one of
the medical oncologists at [name of organization].
So, the three of us had a three-way conversation. So,
we set up interdisciplinary, interinstitutional care for
that patient because he’s a snowbird and winters
https://www.jmir.org/2022/1/e29635
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down here and summers up there and so we shared
his care. That went remarkably well.

Care Coordination With Informal Caregivers
Participants described how telehealth made it easier to
coordinate information with multiple informal caregivers (eg,
inviting family members to a visit to go over a patient’s
prognosis). One physician said the following:
We used Zoom so the whole family could be there. I
was able to share my screen, demonstrating the tumor.
They thought that was just the greatest. And, so
everybody was able to be together for all that
information.
Participants also used telehealth to enhance in-person visits,
such as calling or videoconferencing caregivers who could not
participate in the in-person visit due to on-site guest restrictions
during COVID-19. A physician recalled the following:
It allowed them to have their family with them when
we went over the results. Because, right now, we’re
still not allowing family in the outpatient clinic. And,
so it allowed our patients to be with their families so
that they can ask questions and hear everything at
the same time.
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Theme 3: Adapting In-Person Assessments for
Telehealth

Participants identified challenges with patient assessments (eg,
obtaining vital signs, patient-reported outcomes [PROs], and
images) and conducting physical exams during telehealth visits
(Table 4).

Overview
Table 4. Theme 3: adapting in-person assessments for telehealth codebook.
Parent code and child codes

Code definition

Code frequency across participants (N=40), n (%)

Inability to examine lymph nodes

Apply code when participant describes the inability to feel, measure,
or inspect a patient’s lymph nodes during a telehealth visit.

12 (30)

Missing a clinical problem

Apply code when participant describes concerns over missing a clinical 26 (65)
problem because of the inability to visualize the patient during a telehealth visit.

Getting the patient involved in the exam

Apply code when participants describe strategies for getting the patient 16 (40)
to help with the physical exam during the telehealth visit.

Lack of physical exam

Lack of data
Images

Apply code when participants describe challenges with image resolution 15 (38)
during telehealth visits to visualize condition (eg, wound monitoring).

Vital signs and other biometrics

Apply code when participant describes not having access to vital sign 22 (55)
or other biometric data (eg, blood pressure) that is relevant for clinical
decision-making.

Patient-reported outcomes

Apply code when participant describes not having access to patientreported outcomes as a barrier for telehealth visit delivery.

Vital Sign Collection
Some participants lacked data due to scheduling challenges (eg,
having a virtual visit scheduled before imaging data were
available) or lack of remote monitoring (ie, ability to gather
data between in-person visits). A few participants described
how some patients would obtain their own vital sign data (eg,
from wearable devices) and report it during the visit. As an
example, one APP said the following:
It would be helpful to have vitals. I have one patient
who does this by themselves, checking their own vitals
(heart rate, oxygen saturation) and their blood
pressure and they share it during the visit, which is
great.

Patient-Reported Outcomes
Some participants described how it was challenging to deliver
certain types of care (eg, supportive care) virtually without
access to PROs (eg, depression symptoms). One psychologist
explained as follows:
We used to collect the ESAS [Edmonton Symptom
Assessment System] [37] for patients in person, but
now, if we see a patient virtually, we don’t have that
information. For supportive care, monitoring
depressive symptoms is really important and now we
don’t have that. We talked about having nurses call
the patient to collect it over the phone before the
virtual visit, but that is really not the same as getting
the symptoms from the patient perspective.
During COVID-19, some clinics suspended in-person collection
of PROs and did not have a means for collecting PROs as a part
https://www.jmir.org/2022/1/e29635
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11 (28)

of virtual care. Participants also described how image quality
could be challenging, requiring HPPs to follow up and obtain
images after the visit. One physician indicated the following:
Some patients might have a limitation in the internet
provider bandwidth, so the image resolution is poor
quality. In that circumstance, what I do is I tell the
patient, “Please take a picture of your surgical site
with your phone, and email it to me.” But it would be
nice if there was a more systematic way to do this so
I could see the image during the visit.

Image Collection
Participants felt that most patients were comfortable sharing
images with HPPs digitally and did not cite concerns about
privacy. A few HPPs noted that patients over 65 years of age
were more reluctant to share images due to privacy concerns
compared to younger patients. One APP said the following:
Our clinic sees a lot of older patients [over 65 years]
who tend to have more privacy issues with sharing
images than our younger patients.

Physical Exams
Participants were also concerned about missing important
clinical problems due to the lack of a physical exam (eg,
checking lymph nodes). One APP said the following:
I really do think there’s something lost, the personal
touch and the things you see with your eyes and a
physical exam for a cancer patient is very important.
To feel for lymph adenopathy and wherever they say
their cancer was, the nearest lymph node drainage.
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I mean, there’s no way that I could discern that over
telemedicine.
Similarly, a physician explained as follows:
I see things on my patients all the time when I see
them in person. I’m like, “You need to go get that
little thing on your arm there checked.” It might be
a new skin lesion that they need to have looked at. I
worry about missing things during virtual visits when
I can’t really visualize the patient.
Some participants described getting the patient to help with
conducting the physical exam (eg, having the patient measure
a visible tumor) during the telehealth visit to overcome this
limitation. For example, one APP shared the following:
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Sometimes, I’ve had patients who’ve had visible
tumors on their neck or visible tumors, I can see it on
telemedicine, but I can’t really measure it. So I ask
the patient to go get a tape measure and measure it.

Theme 4: Developing Workflows and Allocating
Resources
Overview
Participants described the importance of developing workflows
for telehealth visits that are equivalent to in-person visits (eg,
check-in process, EHR integration, and scheduling) and ensure
sufficient resources are allocated for HPPs and patients (Table
5).

Table 5. Theme 4: developing workflows and allocating resources for telehealth codebook.
Parent code and child codes

Code definition

Code frequency across participants (N=40), n (%)

Workflow
Check-in process

Apply code when participant describes the check-in process used during 28 (70)
telehealth visits.

Scheduling

Apply code when participants describe how telehealth visits are scheduled 33 (83)
(eg, batching visits).

Electronic health record (EHR) integra- Apply code when participant describes lack of Zoom EHR integration
tion
(eg, inability to find visit in EHR).

16 (40)

Resources
Equipment

Apply code when participants describe equipment necessary for telehealth 35 (88)
delivery (eg, cameras).

Space

Apply code when participants describe space where telehealth visit is
conducted.

36 (90)

Clerical support

Apply code when participants describe the amount of administrative
support available for telehealth visit delivery.

26 (65)

Information technology (IT) support for Apply code when participants discuss IT support for patients who may
patients with low digital literacy
have low computer or mobile health literacy.

27 (68)

Tools for patients with disabilities

30 (75)

Apply code when participants discuss need for tools for patients with
disabilities (eg, closed captioning and speech-to-text tools).

Check-in Process
Participants, for example, felt that the patient check-in process,
which is usually handled by staff, was left up to the HPP for
telehealth visits, creating inefficiency. One physician described
the following:
I really am concerned about the way we’ve
implemented the virtual visits is we’ve cut the nurse
and the PAR [Patient Access Representative] team
out of the equation so now I’m having to check in my
own patients when they show up on a Zoom visit. That
becomes a little more cumbersome because any time
you ask me to do an administrative task, the chance
that I’m gonna execute it accurately is less than if
you have a nurse doing it.

EHR Integration
Participants also found it challenging that telehealth visits were
not integrated within the EHR, making it difficult to ensure that
https://www.jmir.org/2022/1/e29635
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all the HPPs involved in preparing a visit (eg, nurse and APP)
could access the visit link. One APP mentioned the following:
I have great nurses who work with me and they prep
the clinics and they don’t have the Zoom invitation.
So, the invitation comes to me, but it doesn’t go to
the nurses working with me, which makes it hard for
them to prep the visit. But if somehow, the Zoom
meetings were discoverable in the EHR then that
would really help.

Scheduling
Some participants described refining their schedule to ensure
that telehealth visits were grouped together rather than
interspersed between in-person visits. Having telehealth and
in-person visits mixed together created problems, such as forcing
HPPs to run back and forth between their clinic and office where
telehealth visits were conducted. One physician mentioned the
following:
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So, for a month or two I was running around like a
chicken without a head. And finally, I said, “Enough.
We’re gonna have designated days where we’re doing
all the virtual visits.” So, I can sit here and do one
patient after the other because it was not working,
running back and forth between clinics and my office
where I take the virtual visits.

HPP Resources
Some participants described lacking sufficient resources for
telehealth visits, including equipment (eg, cameras and
headphones), space (eg, finding a private or well-lit space), and
administrative support. One social worker shared the following:
How are we supposed to do virtual visits when we
don’t have a camera? Here we are, five or six months
into this pandemic and most of us have no access to
a camera outside of our cellphones.
Participants also felt that the amount of administrative support
for telehealth visits was inferior to in-person visits and, as a
result, much of the administrative work fell on APPs and nurses.
One APP mentioned the following:
Right now, our nurse is looking ahead at who’s
scheduled and making sure everything is there for the
visit. But, it’s almost like if there could be someone
on the back end—like they do for new patient visits
that are in person—doing that, it would help the
nurses. It ends up being a lot of clerical work for the
nurses, taking them away from patient education.

Patient Resources
Most participants felt that there were sufficient resources for
patients, such as the interpreter service and IT support.
Participants felt that the level of IT support worked for the
majority of patients but was not sufficient for patients with low
mobile health (mHealth) literacy or those with a lower ability
to use mHealth apps with efficiency to accomplish a task [38].
As a result, some HPPs spent a significant amount of time
helping their patients with the Zoom app during telehealth visits
or converted telehealth visits to virtual check-ins by phone. One
pharmacist described the following:
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phone. They didn’t know how to download or locate
the app. We need to make sure the training that
patients receive covers how to use the app so that we
don’t have to spend so much time on this during the
visit.
Participants also indicated a need for more resources for patients
with disabilities that may interfere with technology use. One
psychologist described the following:
It was really challenging to meet virtually with
patients who had trouble with hearing. I ended up
converting those visits [to in person].
Similarly, a physician described the difficulty of delivering
telehealth visits to patients with speech impairments, as follows:
We see patients who may not be able to talk after
surgery. We would try to get the caregiver on or use
the chat feature, but if they don’t have help at home,
we’d have to bring them in.

Theme 5: Recommendations for Telehealth
Implementation in the Future
Patient-Level Recommendations
Nearly all participants were supportive of continuing telehealth
beyond COVID-19 but recommended changes to ensure
implementation is sustainable (Table 6). Participants provided
recommendations at the patient, HPP, and organizational levels
for improving telehealth implementation in the future. At the
patient level, participants discussed the importance of
overcoming the digital divide and recommended real-time IT
support for patients, closed captioning for patients with
communication-related disabilities, and educational materials
on how to prepare for a telehealth visit (eg, finding a place that
is comfortable). For example, one psychologist suggested the
following:
I would have said a bit more patient training, just
some training on not just using Zoom, but
telemedicine in general, and sort of optimizing the
whole visit because I’m sure there are ways to do it.
For example, encouraging them to find a comfortable
space, have what they need on hand.

The patients that struggled the most were patients
who had to access the telehealth visit from their

https://www.jmir.org/2022/1/e29635

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e29635 | p.835
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Turner et al

Table 6. Recommendations for future telehealth implementation codebook.
Parent code and child codes

Code definition

Code frequency across participants (N=40), n (%)

Patient-level recommendations
Greater telehealth accessibility

Apply code when participants recommend strategies for im- 31 (78)
proving the accessibility of telehealth (eg, closed captioning).

Real-time, information technology support

Apply code when participants recommend strategies to deliver 12 (30)
more timely technology support to patients.

Patient education

Apply code when participants recommend strategies to deliver 23 (58)
more patient education on how to use telehealth or prepare
for telehealth visits.

HPPa-level recommendations
Sharing information about telehealth policy changes Apply code when participants recommend strategies to pro- 21 (53)
mote discussion about ongoing telehealth policy changes (eg,
licensure).
Sharing best practices

Apply code when participants recommend strategies to promote discussion about telehealth best practices (eg, tips for
patient engagement and checklists).

33 (83)

“Webside manner” training

Apply code when participants recommend HPP-level training 32 (80)
to engage patients in a telehealth environment (eg, how to
maintain eye contact).

Production support

Apply code when participants recommend support needed to 26 (65)
professionalize the telehealth visit (eg, background and lighting).

Organizational-level recommendations

a

Optimizing workflow

Apply code when participants recommend strategies for opti- 30 (75)
mizing workflow (eg, virtual waiting room and batching telehealth visits).

Policy advocacy

Apply code when participants recommend organizational
strategies for policy advocacy (eg, being more engaged with
advocacy organizations).

Long-term planning

Apply code when participants recommend long-term planning 20 (50)
strategies, such as how telehealth will be evaluated and how
it will fit with other organizational priorities.

10 (25)

HPP: health care provider and professional.

HPP-Level Recommendations
Participants thought that HPPs should have more training on
engaging patients in a virtual environment (eg, optimal eye
contact and communication strategies to create a dialogue). One
APP mentioned the following:
I think more training would be helpful. Not on the
technology, but what is the best way to maintain eye
contact with patients, how do you keep patients
engaged and talking with you.
Participants also wanted more discussion about best practices
in telehealth use and updates on policy changes (eg, Medicare
reimbursement). One physician said the following:
I wish there was more ongoing communication, not
just deliver the news without an ongoing conversation.
When Medicare is going to stop covering all the
telemedicine visits is a question that we all have
heard. It would be helpful to have a chance to discuss
this.
https://www.jmir.org/2022/1/e29635
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Participants also wanted more resources to ensure that telehealth
visits were delivered in a professional and consistent way across
HPPs. For example, one physician shared the following:
Professionalizing it is the highest priority. Making
sure the equipment is in place, that a dedicated room
is in place, that the background is place, the lighting
is in place. I think we should be trying to go in a
direction more like a professional broadcasting
company with that level of quality because I think
that adds to the performance art that is at the heart
of a lot of medicine.

Organizational-Level Recommendations
At the organizational level, participants suggested that Moffitt
engage in telehealth policy advocacy (eg, reimbursement and
out-of-state licensure). One physician recalled the following:
What we had asked that patient to do was to drive
themselves across the border and to have the
telemedicine visit from their car. I mean, it’s an
absurdity. There’s nothing we can actionably do about
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that except work on our government relations team
and kind of change that into the future.
Participants also had suggestions for optimizing workflow, such
as having a virtual waiting room and letting patients know when
an HPP is running late for a telehealth visit. For example, one
APP shared the following:
When I go to my cardiologist, they have a virtual
waiting room that is managed by their MAs [medical
assistants]. So, I log in and the MA immediately says
to me, “Hi. Glad you’re with us. The doctor is running
10 minutes behind.” In our scenario, if I’m not on
time, the patients think there’s something wrong with
the technology and they’ll be calling the nurse. They’ll
be calling like crazy. And it’s just another thing for
the nurse to have to pay attention to.
Participants also recommended developing a long-term strategy
for telehealth, such as how telehealth aligns with other
organizational priorities and an evaluation plan to see how
telehealth affects patient outcomes and health care quality and
costs. One physician shared the following:
I’d like to see a long-term vision and plans for
evaluating progress. We don’t really know how it will
impact patients or the care we deliver or
reimbursement. We should see if it is being used to
its full potential in other priority areas, like clinical
trials.

Discussion
Principal Findings
The goal of this study was to capture oncology HPPs’
experiences with rapid implementation of telehealth during the
COVID-19 pandemic. Overall, oncology HPPs saw telehealth
as an integral part of health care delivery moving forward—a
finding consistent with other studies [20,24]—but recommended
addressing key barriers to improve sustainability. At Moffitt,
we plan to present the findings of this research to our leadership
team to determine how the results can inform future telehealth
implementation. More broadly, our research findings also
provide implications for future telehealth research and practice.
For example, our findings suggest that more work is needed to
overcome the digital divide and ensure that HPPs have access
to the resources and data necessary to deliver high-quality care
in a virtual environment (eg, vital signs). Further, the results
suggest that a long-term strategy is needed to determine how
telehealth will be integrated across the cancer care continuum
and monitored to assess impact on patient outcomes and health
care delivery. At the same time, health care systems will need
to develop a research and policy agenda to ensure that evidence
informs telehealth policy approaches, and that the regulatory
and payment landscape accelerates and facilitates optimal
telehealth use in cancer care.

Addressing the Digital Divide
Health care systems have implemented innovative strategies to
address the digital divide (ie, disparities in technology access,
skills, and use) during COVID-19, such as assessing patients’
readiness for telehealth [39-42]. A key step to overcoming the
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digital divide is understanding which patients within a system
are impacted by the digital divide and what specific barriers
they experience. For example, smartphone-only internet access
may bridge the digital divide for some patients, but it could
limit health care access for others who have limited data plans
or limited experience with mobile apps [18,43]. To address
digital health literacy (ie, the ability to use computers and search
for and evaluate health information electronically), some health
care systems have deployed social work staff to help patients
access telehealth [18,41]. In our system, we provided IT support
to all patients with scheduled telehealth visits, but for some
patients, more support was needed. Health care systems have
also experimented with device loan programs and partnering
with community-based organizations to create spaces where
patients can connect to the internet [21,41,43]. The Veterans
Health Administration (VHA) recently developed a partnership
with a cellphone carrier to ensure patients could access VHA
telehealth apps without affecting their data limits [21]. Prior
studies also suggest that experience with technology is a key
predictor of technology use for health care (eg, how often a
patient uses the internet or a smartphone) [44]. Further studies
should explore longitudinal models of technology training that
move beyond a one-time training and allow for repeated
experiences with technology use for health care. Further, our
health care team members found that current telehealth apps
may not be optimized for patients with disabilities (eg, lack of
closed captioning and speech-to-text tools), similar to other
studies [21,45,46]. To improve access among patients with
disabilities and other conditions that could affect
human-computer interaction (eg, low literacy), technology
vendors should include patients who are affected by the digital
divide in co-designing and testing of new products [39,46,47].
Future studies should also consider community-based
participatory research approaches in the development of digital
health technologies to better engage patients affected by the
digital divide [48]. Community-based participatory research
has been used in mHealth studies, for example, to increase
community participation in app development, usability testing
and app refinement, and designing recruitment, implementation,
and dissemination strategies [48].
Our study participants noted that access to interpreters was a
key ingredient of successful telehealth deployment. Prior studies
have documented disparities in telehealth use among patients
who prefer English and those who do not prefer English in the
United States during the pandemic [49-52]. Similar disparities
have been observed in patient portals, which are used by some
health care systems to deliver telehealth [53,54]. Qualitative
studies have documented barriers, such as limited access to
professional interpreters, lack of bilingual HPPs, and lack of
translation of COVID-19–related informational materials [55].
Additional studies are needed to better understand telehealth
access among patients who do not prefer English. For example,
a previous study demonstrated that factors such as interpreter
modality (eg, professional vs ad hoc and video vs in person)
affect the accuracy of interpretation for health care visits [56].
Future studies could compare different models of interpreter
services through telehealth and compare interpretation accuracy
rates and other outcomes, such as patient satisfaction.
Researchers have also recommended that health care
J Med Internet Res 2022 | vol. 24 | iss. 1 | e29635 | p.837
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organizations develop monitoring systems for evaluating
disparities in telehealth uptake by language preference (eg,
dashboards), develop telehealth and patient portal trainings in
multiple languages, and prioritize the hiring of bilingual HPPs
[57]. More research is needed to develop and test
implementation strategies that address disparities in telehealth
access based on language preference.

Ensuring HPPs Have Sufficient Tools for Telehealth
Implementation
HPPs may need additional resources to deliver telehealth
effectively. HPP-facing tools [58,59] may be helpful in
providing education on “webside manner” and implementation
checklists [58,59]. HPPs at Moffitt indicated a need for guidance
on the optimal way to conduct a telehealth visit (eg, lighting
and eye contact), similar to other studies [40,60]. Health care
systems could disseminate available trainings (eg, Academy of
Communication in Healthcare training) or develop
institution-specific trainings [61]. Some health care systems
have developed implementation checklists for health care team
members that include helpful tips, such as confirming a patient’s
phone number at the beginning of the virtual visit in case the
technology fails [62]. Patient-facing tools may also improve
virtual patient-HPP communication. Some HPPs have developed
patient handouts on how to conduct elements of a physical exam
during a telehealth visit and how to prepare for the visit (eg,
patient positioning) [23]. Similar approaches could be tested
more broadly. Other studies have noted that HPPs may lack
sufficient digital health literacy [63,64], which can negatively
affect engagement with health IT systems (eg, EHRs) [65]. This
concern was not raised by our participants, but future studies
should explore the effects of HPPs’ eHealth literacy on
telehealth implementation.

Remote Monitoring for Telehealth Implementation
Access to patient data during telehealth visits, such as biometric
data and PROs, is also critical to implementation success. A
recent study in primary care found that blood pressure
assessments declined by 37% during COVID-19, in part due to
lack of biometric screening during virtual visits [66,67]. These
findings highlight the need for remote monitoring programs,
which will require health care systems to invest in complex
change (eg, EHR integration of biometric data and optimized
data visualization) [68-72]. Prior to COVID-19, there was
limited reimbursement for remote monitoring, hindering health
care system adoption [73]. During the pandemic, Medicare has
expanded payment policies for remote monitoring with certain
restrictions (eg, type of data and minimum amount of data
needed) [74]. Some cancer care systems have started to invest
in remote monitoring programs and cited recent changes in
Medicare policy as a motivator for adoption [75]. Cancer care
systems will need to evaluate the effectiveness of remote
monitoring programs and identify areas in which remote
monitoring adds the most value. Like other studies, our research
found that older patients may have more privacy concerns about
remote monitoring and sharing patient-generated health data,
such as images, compared to other patients [76,77]. Prior studies
recommended strategies that strengthen patient activation and
HPP-patient trust; they also recommended developing patient
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education programs about how data are being used and protected
in order to overcome privacy-related barriers to sharing
patient-generated data [76,77]. Other privacy-related barriers
(eg, concerns about information security) were not mentioned
by participants in our study but deserve consideration in future
telehealth research. Organizations have reported examples of
“Zoombombing,” or when an intruder joins a Zoom
videoconference [78], raising concerns about information
security and telehealth. Researchers have recommended that
health care organizations develop multipronged approaches (eg,
employee training and simulated cyberattacks) to address
information security threats in telehealth [79]. Further, some
have argued that health care organizations should transition
from consumer-oriented videoconference tools that were adopted
at the onset of the pandemic to health care–specific
videoconference tools with additional security features [79].
More research is needed to identify best practices in information
security for telehealth as it grows in usage.

Greater Evidence Regarding Effectiveness,
Implementation, and Potential Risks of Telehealth
Cancer care systems, payers and insurers, and policy makers
will need more evidence for the effectiveness and safety of
oncology telehealth to guide future decisions. Research from
other health care sectors has demonstrated that telehealth can
be equivalent to in-person care for certain conditions and offers
a relative advantage over in-person care (eg, reducing rural
health care disparities) [11,80-83]. Telehealth also has potential
risks, such as inappropriate antibiotic prescribing or exacerbating
existing health care disparities due to the digital divide
[26,84-89]. Within oncology, telehealth models for supportive
and survivorship care and ancillary services (eg, genetic
counseling) have proven effective, but there is limited evaluation
of telehealth for other areas of care (eg, screening, diagnosis,
treatment, and surveillance) [90-95]. Therefore, it is critical to
evaluate telehealth use in these areas and assess impact on
patient outcomes, health care quality, costs, equity, and potential
risks (eg, inappropriate care). Further, research is needed to
evaluate strategies for incentivizing the use of telehealth in a
postpandemic landscape [96]. One strategy may be alternative
payment models, which have increased telehealth adoption in
other health care sectors but are understudied in oncology [97].
Further, as adoption decisions move from mandatory to
voluntary, studies should test theories of technology adoption
(eg, technology acceptance model) to examine what factors help
explain sustained telehealth use beyond the pandemic [98,99].

Policy Advocacy for Telehealth
Cancer care systems and key stakeholders will need to develop
an agenda to ensure that future policies are supportive of
oncology telehealth. During the pandemic, many state-level
restrictions were lifted that made it easier to implement
telehealth, including waiving out-of-state licensure requirements
or expanding payment parity [4,15]. Further, many state
Medicaid programs and commercial insurers changed telehealth
policies in response to COVID-19 (eg, removing cost-sharing
requirements) [4,15]. At the federal level, there was a major
overhaul of Medicare telehealth payment policies (eg, allowing
virtual check-ins through telephone to qualify for telehealth),
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resulting in 244 temporary regulatory changes [4,15,100].
Uncertainty remains regarding which federal- and state-level
policies will be retained in the future [4,15]. There has also been
federal investment in overcoming the digital divide in the United
States [101]. The Infrastructure Investment and Jobs Act became
public law recently and provides funding for expanding
broadband access in low-income neighborhoods, reducing
practices of digital redlining (ie, limited internet service
provision in low-income and high–minority concentration
neighborhoods), and expanding internet subsidies for individuals
with limited economic resources [101]. Future research will be
needed to monitor program implementation and effectiveness
for addressing digital disparities at the federal, state, and local
levels. Moving forward, a policy agenda will need to include
greater investment in telehealth research, addressing medical
licensure and credentialing barriers [102], and a balanced
approach to regulation, one that continues to fuel innovation in
telehealth for oncology while safeguarding against potential
risks (eg, delivering telehealth for a condition that is not
“tele-amenable” [96]). For instance, among our study
participants, some HPPs expressed concerns about using
telehealth to deliver information about a new and serious cancer
diagnosis. A recent survey among oncologists (n=29) identified
similar findings: some oncologists were reluctant to use
telehealth for delivering bad news [103]. Additional studies are
needed to determine optimal use of telehealth in oncology to
guide future policy.

Limitations
This paper has several limitations. First, this is a qualitative
study from an NCI-Designated Comprehensive Cancer Center
and the findings may not be generalizable to other settings.
Second, there are other health care professionals (eg, genetic
counselors) who have used telehealth as a part of their practice,
and their experiences were not captured in our sample. Third,
we limited the interviews to 30 minutes or less to increase
participation, and we reduced the number of questions included
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in the interview guide. Therefore, some topics, such as how
HPPs have used telehealth for clinical trials, were not discussed.
Fourth, our study excluded residents and fellows who were
important stakeholders in telehealth implementation. Future
studies should examine the unique experiences of residents and
fellows who are simultaneously learning how to deliver care in
person and virtually. Finally, it was beyond the scope of this
research to capture the patient perspective. Studies have started
to assess patient experience with telehealth during the
COVID-19 pandemic; however, there has been limited study
of this in oncology [104-106]. Future studies should assess the
perspectives of patients with cancer regarding telehealth to
explore patient satisfaction, barriers and facilitators to telehealth
access, and patient preferences for telehealth (eg, whether certain
services should be delivered in person vs virtually and
preferences for how interpreter services should be implemented).

Conclusions
Overall, cancer care frontline HPPs have used innovative and
adaptive strategies to rapidly implement telehealth during
COVID-19 and are supportive of continuing virtual cancer care
delivery beyond the COVID-19 pandemic. HPPs identified
several facilitators for telehealth implementation, such as
improved care coordination with other HPPs and informal
caregivers. HPPs also noted several barriers, such as lack of
physical examinations and vital sign information, which limited
HPPs’ ability to fully evaluate a patient. To support the rapid
growth of oncology telehealth, implementation strategies are
needed to overcome the digital divide and ensure that HPPs and
patients have the tools necessary to effectively engage in
telehealth. Health care systems, policy makers, health insurers,
and payers must develop long-term strategies for integrating
telehealth into the cancer care continuum, building the evidence
base around telehealth in oncology, and developing a policy
agenda that will advance telehealth innovation while
safeguarding against potential risks.
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Abstract
Background: There has been rapid integration of telehealth into care delivery during the COVID-19 pandemic. However, little
is known about technology ownership, internet access and use for communication, and telehealth availability among cancer
survivors, particularly those enrolled in Medicare.
Objective: This study aims to identify sociodemographic associations with technology ownership, internet access and use for
communication, and telehealth availability in a population-based sample of Medicare-enrolled cancer survivors.
Methods: Data are from the Medicare Current Beneficiary Survey COVID-19 Summer 2020 Supplement administered between
June 10 and July 15, 2020. Analyses were restricted to beneficiaries who reported a prior (nonskin) cancer diagnosis and a usual
source of care (N=2044). Dichotomous outcomes included technology ownership, internet access, internet use for communication,
and telehealth availability from providers. Sociodemographic correlates included sex, age, race/ethnicity, Medicare/Medicaid
dual enrollment, rurality, census region, and self-reported comorbidities.
Results: Over half (957/2044, 53%) of cancer survivors reported using the internet for communication purposes, and 62%
(1218/2044) reported that their usual provider had telehealth services available. Using the internet for communication purposes
was reported less frequently for rural compared to urban survivors (adjusted probability of 28% vs 46%; P<.001) and for Hispanic
and Black survivors compared to non-Hispanic White survivors (29%, 31%, and 44%, respectively; all P<.01). Rural survivors
reported lower telehealth availability (53% vs 63%; P<.001); no significant differences in telehealth availability were identified
by race/ethnicity.
Conclusions: During the COVID-19 pandemic, study findings highlight a complex digital divide among Medicare beneficiaries
with a history of cancer related to device ownership necessary for telehealth, internet access and use for communication, and
reports of providers having telehealth available. Multilevel approaches are needed to increase equitable telehealth availability
and use for cancer survivors. Suggested strategies include increasing broadband internet access to providers and patients in at-risk
communities, supporting telehealth implementation among providers that serve populations with known health disparities, raising
awareness of providers’ available telehealth services among patients, and screening for technology use and provision of
telehealth-related technical assistance among older and historically underserved cancer survivors.
(J Med Internet Res 2022;24(1):e34616) doi:10.2196/34616
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Introduction

diagnosis and a usual source of care other than urgent care or
emergency departments.

Throughout the COVID-19 pandemic, there has been a
substantial increase in telehealth, defined as “the exchange of
medical information from one site to another through electronic
communication to improve a patient’s health,” to deliver health
care services [1-3]. Increased telehealth use was motivated by
the need to limit COVID-19 exposure, particularly among
vulnerable patient populations, and facilitated by increased
familiarity with teleconferencing and changes in reimbursement
and regulatory policies [2]. Cancer survivors are likely to be
particularly vulnerable to access to care obstacles associated
with COVID-19: they tend to be older and may have
comorbidities or immunosuppression that heightens both risk
and consequences of infection [4]. As a result, telehealth can
provide particular benefit by reducing logistical barriers to
timely cancer-related care [5]. Prior research has identified
barriers to successful telehealth use for adults generally,
including lack of computer and internet access, and limited
digital literacy skills needed to negotiate video log-on processes
[6]. Previous research demonstrates that characteristics such as
older age, rurality, and lower income were associated with less
access to and engagement with telehealth prepandemic [7-9].
However, assessing whether these patterns apply to cancer
survivors, and persisted during the onset of the pandemic,
remains underexplored. Therefore, this exploratory study’s aim
was to identify sociodemographic correlates of technology
ownership, internet access, internet use for communication, and
telehealth availability, captured early during the COVID-19
pandemic among a nationally representative sample of Medicare
beneficiaries with a cancer history in the United States.

Outcome Variables

Methods

We evaluated four dichotomous measures: (1) technology
ownership (“Do you own or use any of the following: desktop
or laptop, smartphone, or tablet?”), (2) internet access (“Do you
have access to the internet?”), (3) internet use for
communication (“Have you ever participated in video or voice
calls or conferencing over the internet, such as with Skype or
FaceTime?”), and (4) telehealth availability (“Does your usual
provider offer telephone or video appointments, so that you
don’t need to physically visit their office or facility?”).

Independent Variables
We assessed the role of sociodemographic characteristics,
including age, race/ethnicity, Medicare/Medicaid dual
enrollment (an indicator of poverty) [11], and rurality defined
by metropolitan statistical area, adjusting for sex, census region,
and self-reported comorbidities.

Statistical Analyses
Descriptive statistics and bivariate comparisons were generated
for each outcome. Multivariable logistic regression models
estimated the effects of the independent variables on each
outcome.
Results
related
to
age,
race/ethnicity,
Medicare/Medicaid dual enrollment, and rurality are reported
as adjusted predicted (marginal) probabilities. All estimates
were weighted, and analyses used SAS 9.4 (SAS Institute, Inc)
procedures to adjust for complex survey design (PROC
SURVEYFREQ, SURVEYMEANS, and SURVEYLOGISTIC).
Statistical tests were 2-sided with α=.05. As Medicare Current
Beneficiary Survey data are publicly available and deidentified,
the study was not considered to be human participant research.

Data Source and Sample

Results

The Medicare Current Beneficiary Survey COVID-19 Summer
2020 Supplement, sponsored by the Centers for Medicare and
Medicaid Services, is a telephone survey of community-dwelling
Medicare beneficiaries administered between June 10 to July
15, 2020. Individuals who are 65 years or older, disabled, or
have end-stage renal disease (ESRD) are eligible for Medicare
[10]. Survey weights represent the population of beneficiaries
continuously enrolled in Medicare from January through summer
2020. Selected beneficiaries reported prior non–skin cancer

The sample of Medicare-enrolled cancer survivors was 57%
(1144/2044) female, 41% (1192/2044) 75 years or older, and
79% (1638/2044) non-Hispanic White (n=2044; weighted
n=9,941,910). Over half (957/2044, 53%) used the internet for
communication and 62% (1218/2044) reported telehealth
availability (Table 1). Please note that the percentages reported
are weighted, while the sample sizes are unweighted, and hence,
percentages may differ.
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Table 1. Sample characteristics of Medicare beneficiaries reporting a cancer history and a usual source of care as assessed by the Medicare Current
Beneficiary Survey (N=2044).
Characteristic

Unweighted n

Weighted %

Male

900

43.1

Female

1144

56.9

<65

201

10.8

65-74

651

48.1

≥75

1192

41.1

White non-Hispanic

1638

79.1

Black non-Hispanic

135

7.7

Hispanic

159

6.1

Other/unknown

112

7.1

Nondual Medicare/Medicaid enrollment

1747

87.7

Any dual Medicare/Medicaid enrollment

297

12.3

Urban

1542

79.6

Rural

502

20.4

Northeast

372

18.2

Midwest

461

21.3

South

819

40.0

West

392

20.6

0 conditions

458

24.2

1 condition

653

32.3

≥2 conditions

933

43.5

Technology ownership (computer, smartphone, tablet)

1588

83.3

Internet access

1604

82.9

Internet use for communication

957

53.0

Telehealth availability

1218

62.0

Sex

Age group (years)

Race/ethnicity

Dual Medicare/Medicaid enrollment (2019)

Metropolitan statistical area residencea

Census region

Comorbidities

Outcomes

a

Metropolitan statistical area residence defined by the Office of Management and Budget as having at least one urbanized area with a minimum population
of 50,000.

Technology Ownership, Internet Access, and Internet
Use for Communication
Older age, rural residence, dual Medicare/Medicaid enrollment,
and non-Hispanic Black or Hispanic race/ethnicity were
associated with lower probabilities of owning technology (Table
2), internet access (Table 3), and internet use for communication
(all P<.05; Table 4). Compared to urban cancer survivors, rural
survivors had lower predicted probabilities of technology
https://www.jmir.org/2022/1/e34616
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RenderX

ownership (67% vs 82%; P<.001; Table 2), internet access (58%
vs 79%; P<.001; Table 3), and internet use for communication
(28% vs 46%; P<.001; Table 4). Compared to non-Hispanic
Whites, Hispanic and Black survivors had lower technology
ownership (67% vs 82%, P<.001; 65% vs 82%, P=.005,
respectively), internet access (56% vs 81%, P<.001; 52% vs
82%, P<.001, respectively), and internet use for communication
(29% vs 44%, P<.001; 31% vs 44%, P=.002, respectively).
Compared to nondual enrolled, dual Medicare/Medicaid enrolled
J Med Internet Res 2022 | vol. 24 | iss. 1 | e34616 | p.848
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beneficiaries had lower technology ownership (60% vs 86%;
P<.001), internet access (53% vs 83%; P<.001), and internet
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use for communication (26% vs 48%; P<.001).

Table 2. Factors associated with technology ownership among Medicare Current Beneficiary Survey respondents with a history of cancer and a usual
source of care (N=2044).
Characteristic

Own computer, tablet, or smartphone
Predicted probability

aORa (95% CI)

P value

Urban (reference)

0.82

N/Ac

N/A

Rural

0.67

0.44 (0.31-0.62)

<.001

65-74 (reference)

0.79

N/A

N/A

<65

0.88

2.06 (1.07-3.94)

.03

≥75

0.50

0.27 (0.19-0.39)

<.001

Male (reference)

0.72

N/A

N/A

Female

0.75

1.14 (0.89-1.47)

.32

White non-Hispanic (reference)

0.82

N/A

N/A

Black non-Hispanic

0.65

0.40 (0.21-0.75)

.005

Hispanic

0.67

0.44 (0.26-0.75)

<.001

Other/unknown

0.83

1.05 (0.51-2.13)

.90

Nondual Medicare/Medicaid enrollment (reference)

0.86

N/A

N/A

Any enrollment Medicare/Medicaid

0.60

0.25 (0.15-0.41)

<.001

Midwest (reference)

0.71

N/A

N/A

Northeast

0.72

1.05 (0.68-1.63)

.83

South

0.72

1.09 (0.74-1.60)

.66

West

0.84

2.23 (1.41-3.53)

<.001

0 (reference)

0.77

N/A

N/A

1

0.74

0.85 (0.56-1.29)

.45

≥2

0.74

0.85 (0.60-1.21)

.36

Metropolitan statistical area residenceb

Age group (years)

Sex

Race/ethnicity

Dual Medicare/Medicaid enrollment (2019)

Census region

Comorbidities

a

aOR: adjusted odds ratio.

b

Metropolitan statistical area residence defined by the Office of Management and Budget as having at least one urbanized area with a minimum population
of 50,000.
c

N/A: not applicable.
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Table 3. Factors associated with internet access among Medicare Current Beneficiary Survey respondents with a history of cancer and a usual source
of care (N=2044).
Characteristic

Internet access
Predicted probability

aORa (95% CI)

P value

Metro (reference)

0.79

N/Ac

N/A

Nonmetro

0.58

0.35 (0.25-0.50)

<.001

65-74 (reference)

0.74

N/A

N/A

<65

0.83

1.73 (0.84-3.55)

.14

≥75

0.46

0.30 (0.22-0.42)

<.001

Male (reference)

0.70

N/A

N/A

Female

0.69

0.92 (0.73-1.17)

.49

White non-Hispanic (reference)

0.81

N/A

N/A

Black non-Hispanic

0.52

0.26 (0.13-0.52)

<.001

Hispanic

0.56

0.30 (0.18-0.51)

<.001

Other/unknown

0.82

1.04 (0.55-1.94)

.91

Nondual Medicare/Medicaid enrollment (reference)

0.83

N/A

N/A

Any enrollment Medicare/Medicaid

0.53

0.24 (0.16-0.34)

<.001

Midwest (reference)

0.65

N/A

N/A

Northeast

0.63

0.94 (0.60-1.45)

.76

South

0.67

1.11 (0.73-1.71)

.62

West

0.81

2.35 (1.29-4.28)

.01

0 (reference)

0.71

N/A

N/A

1

0.69

0.91 (0.61-1.34)

.62

≥2

0.68

0.88 (0.58-1.32)

.52

Metropolitan statistical area residenceb

Age group (years)

Sex

Race/ethnicity

Dual Medicare/Medicaid enrollment (2019)

Census region

Comorbidities

a

aOR: adjusted odds ratio.

b

Metropolitan statistical area residence defined by the Office of Management and Budget as having at least one urbanized area with a minimum population
of 50,000.
c

N/A: not applicable.
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Table 4. Factors associated with internet use for communication among Medicare Current Beneficiary Survey respondents with a history of cancer
and a usual source of care (N=2044).
Characteristic

Internet use for communication
Predicted probability

aORa (95% CI)

P value

Metro (reference)

0.46

N/Ac

N/A

Nonmetro

N/A

0.45 (0.34-0.59)

<.001

65-74 (reference)

0.42

N/A

N/A

<65

0.47

1.22 (0.84-1.77)

.30

≥75

0.22

0.38 (0.31-0.47)

<.001

Male (reference)

0.34

N/A

N/A

Female

0.38

1.19 (0.96-1.47)

.11

White non-Hispanic (reference)

0.44

N/A

N/A

Black non-Hispanic

0.31

0.55 (0.33-0.92)

.002

Hispanic

0.29

0.52 (0.34-0.79)

<.001

Other/unknown

0.42

0.93 (0.58-1.50)

.76

Nondual Medicare/Medicaid enrollment (reference)

0.48

N/A

N/A

Any enrollment Medicare/Medicaid

0.26

0.39 (0.26-0.59)

<.001

Midwest (reference)

0.36

N/A

N/A

Northeast

0.34

0.93 (0.65-1.32)

.66

South

0.34

0.94 (0.71-1.24)

.65

West

0.42

1.33 (0.94-1.89)

.11

0 (reference)

0.39

N/A

N/A

1

0.37

0.90 (0.68-1.19)

.46

≥2

0.34

0.79 (0.61-1.03)

.08

Metropolitan statistical area residenceb

Age group (years)

Sex

Race/ethnicity

Dual Medicare/Medicaid enrollment (2019)

Census region

Comorbidities

a

aOR: adjusted odds ratio.

b

Metropolitan statistical area residence defined by the Office of Management and Budget as having at least one urbanized area with a minimum population
of 50,000.
c

N/A: not applicable.

Telehealth Availability
Older age, rural residence, and dual Medicare/Medicaid
enrollment were associated with lower probabilities of telehealth
availability (Table 5). Compared to urban survivors, rural
survivors had lower predicted probability of telehealth
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availability (53% vs 63%; P<.001). Telehealth availability was
not associated with race/ethnicity. Compared to nondual
enrollees, dual Medicare/Medicaid-enrolled beneficiaries had
lower probability of being offered telehealth (53% vs 63%;
P=.009).
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Table 5. Factors associated with telehealth availability among Medicare Current Beneficiary Survey respondents with a history of cancer and a usual
source of care (N=2044).
Characteristic

Telehealth availability
Predicted probability

aORa (95% CI)

P value

Metro (reference)

0.63

N/Ac

N/A

Nonmetro

0.53

0.68 (0.53-0.87)

<.001

65-74 (reference)

0.60

N/A

N/A

<65

0.64

1.18 (0.78-1.79)

.40

≥75

0.50

0.67 (0.54-0.83)

<.001

Male (reference)

0.59

N/A

N/A

Female

0.58

0.94 (0.74-1.21)

.65

White non-Hispanic (reference)

0.59

N/A

N/A

Black non-Hispanic

0.56

0.89 (0.52-1.50)

.65

Hispanic

0.59

1.01 (0.67-1.52)

.95

Other/unknown

0.60

1.06 (0.63-1.77)

.83

Nondual Medicare/Medicaid enrollment (reference)

0.63

N/A

N/A

Any enrollment Medicare/Medicaid

0.53

0.66 (0.48-0.90)

.009

Midwest (reference)

0.56

N/A

N/A

Northeast

0.56

1.01 (0.74-1.38)

.96

South

0.51

0.86 (0.65-1.13)

.27

West

0.70

1.88 (1.27-2.79)

.002

0 (reference)

0.56

N/A

N/A

1

0.58

1.07 (0.83-1.39)

.60

≥2

0.61

1.26 (0.95-1.69)

.11

Metropolitan statistical area residenceb

Age group (years)

Sex

Race/ethnicity

Dual Medicare/Medicaid enrollment (2019)

Census region

Comorbidities

a

aOR: adjusted odds ratio.

b

Metropolitan statistical area residence defined by the Office of Management and Budget as having at least one urbanized area with a minimum population
of 50,000.
c

N/A: not applicable.

Discussion
Principal Findings
Early during the COVID-19 pandemic, we found that over 80%
of Medicare-enrolled cancer survivors owned the necessary
technology for telehealth encounters, but only half had
experience using the internet for communication; almost
two-thirds of survivors reported that their usual provider offered
telehealth. Consistent with previous research [12-14], study
findings highlight a complex digital divide related to telehealth
availability and technology ownership and use, particularly
https://www.jmir.org/2022/1/e34616
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among older, Black, Hispanic, lower-income, and rural cancer
survivors. Despite the potential of telehealth to meet the unique
health care needs of cancer survivors (eg, surveillance,
comorbidities, and primary and survivorship care), some patient
groups face greater barriers to technology access. These
patterned differences in use and access underscore a need to
engage multilevel interventions to mitigate the underlying
barriers to telehealth use. These results have implications for
clinicians, patient advocates, and policy makers as they seek to
improve access to care for vulnerable cancer survivors,
particularly as the COVID-19 pandemic continues and telehealth
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becomes an increasingly important bridge between patients and
providers.
Study findings highlight gaps in reported telehealth availability,
raising concerns that some providers may have limited telehealth
infrastructure [15]. Given the increasingly important role of
telehealth to access services, clinicians may need to enhance
their practices’ telehealth capabilities and clinical workflow by
providing additional staff support during video log-on and
follow-up processes. New procedures may be needed to assess
and refer patients to community resources that can augment
technology access and telehealth literacy [16]. Patient advocates
and policy makers can support clinician efforts to engage
patients via telehealth through continued reimbursement of
telehealth visits that support technical and staff requirements.
Legislation supporting reimbursement of telehealth services
beyond the pandemic, including audio-only telehealth visits, is
important in providing equitable access to care among older,
rural cancer survivors living in poverty [17].
Gaps in patient access to technology need to be considered
within the broader context of structural inequities and policies
to address them. Data suggest limited broadband internet access
is more prevalent among rural residents, adults 65 years and
older, minority populations, and communities of lower
socioeconomic status, the same populations that experience
disparities in access to cancer survivorship care [18-20]. In
parallel with supporting clinicians, ongoing efforts by policy
makers to expand broadband access will be essential to reducing
disparities in telehealth access. Findings suggest systemic factors
may be influencing technology ownership, internet access and
use for communication, and telehealth availability, necessitating
further monitoring of telehealth in health care delivery to ensure
that existing inequities in survivorship care are not exacerbated
as telehealth availability increases.

Lama et al

Limitations and Future Research
The cross-sectional data are from June and July 2020, and do
not reflect the population’s telehealth experience over the course
of the COVID-19 pandemic. Technology access and use and
provider telehealth availability were self-reported and may be
subject to bias; the survey did not measure telehealth use or
difficulties with technology. The analytic sample included
individuals aged <65 years, a special group of younger patients
who are either disabled or have ESRD, and may not be
representative of other adult cancer survivors aged <65 years.
Further, although sample respondents reported a cancer history,
we cannot ascertain if cancer was an active health problem.
Despite these limitations, the study draws on a large,
population-based sample of cancer survivors, with timely and
targeted questions addressing telehealth use early during the
COVID-19 pandemic. Future research is needed to assess cancer
survivors’ experience with telehealth use as the pandemic
continues. In addition, research should examine providers’
experience with offering their patients telehealth and challenges
in serving historically vulnerable populations of cancer
survivors. More research is needed to understand the telehealth
needs and preferences of Medicare-enrolled cancer survivors,
particularly those facing barriers to accessing and using
technology necessary for telehealth.

Conclusion
This study captures disparities in telehealth availability and
related technological requirements during the COVID-19
pandemic among Medicare-enrolled cancer survivors.
Developing and testing multilevel solutions for the
“double-burden” of lack of technological access and disparities
in access to health care are important to ensure existing
inequities in survivorship care are not exacerbated as telehealth
becomes more embedded into postpandemic health care delivery
models.
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Abstract
Background: Despite the growing prevalence of people with complex conditions and evidence of the positive impact of
telemonitoring for single conditions, little research exists on telemonitoring for this population.
Objective: This randomized controlled trial and embedded qualitative study aims to evaluate the impact on and experiences of
patients and health care providers (HCPs) using a telemonitoring system with decision support to manage patients with complex
conditions, including those with multiple chronic conditions, compared with the standard of care.
Methods: A pragmatic, unblinded, 6-month randomized controlled trial sought to recruit 146 patients with ≥1 diagnosis of heart
failure (HF), uncontrolled hypertension (HT), and insulin-requiring diabetes mellitus (DM) from outpatient specialty settings in
Toronto, Ontario, Canada. Participants were randomized into the control and telemonitoring groups, with the latter being instructed
to take readings relevant to their conditions. The telemonitoring system contained an algorithm that generated decision support
in the form of actionable self-care directives to patients and alerts to HCPs. The primary outcome was health status (36-Item
Short Form Health Survey questionnaire). Secondary outcomes included anxiety and depression, self-efficacy in chronic disease
management, and self-reported health service use. HF-related quality of life and self-care measures were also collected from
patients followed for HF. Within- and between-group change scores were analyzed for statistical significance (P<.05). A
convenience sample of HCPs and patients in the intervention group was interviewed about their experiences.
Results: A total of 96 patients were recruited and randomized. Recruitment was terminated early because of implementation
challenges and the onset of the COVID-19 pandemic. No significant within- and between-group differences were found for the
main primary and secondary outcomes. However, a within-group analysis of patients with HF found improvements in self-care
maintenance (P=.04) and physical quality of life (P=.046). Opinions expressed by the 5 HCPs and 13 patients who were interviewed
https://www.jmir.org/2022/1/e31754
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differed based on the monitored conditions. Although patients with HF reported benefitting from actionable self-care guidance
and meaningful interactions with their HCPs, patient and HCP users of the DM and HT modules did not think telemonitoring
improved the clinical management of those conditions to the same degree. These differing experiences were largely attributed to
the siloed nature of specialty care and the design of the decision support, whereby fluctuations in the status of HT and DM typically
required less urgent interventions compared with patients with HF.
Conclusions: We recommend that future research conceive telemonitoring as a program and that self-management and clinical
decision support are necessary but not sufficient components of such programs for patients with complex conditions and lower
acuity. We conclude that telemonitoring for patients with complex conditions or within multidisciplinary care settings may be
best operationalized through nurse-led models of care.
Trial Registration: ClinicalTrials.gov NCT03127852; https://clinicaltrials.gov/ct2/show/NCT03127852
International Registered Report Identifier (IRRID): RR2-10.2196/resprot.8367
(J Med Internet Res 2022;24(1):e31754) doi:10.2196/31754
KEYWORDS
telemonitoring; telemedicine; heart failure; diabetes; hypertension; tertiary health care; multiple chronic conditions; mobile phone

Introduction
Telemonitoring for the Management of Chronic
Conditions
Despite a growing prevalence of patients with complex and
multiple chronic conditions (MCCs) [1,2], siloed care models
focusing on single conditions have been a barrier to the
appropriate management of these patients [3]. In Canada, 12.9%
of individuals across all age groups report having ≥2 chronic
conditions, and 3.9% report having ≥3 conditions [1]. They are
among the highest cost users of health care systems because of
a higher frequency of hospitalizations, many of which are
thought to be preventable [4,5]. Research suggests that effective
patient self-management can reduce the need for urgent care
while promoting self-efficacy, improving quality of life, and
reducing the risk of adverse psychological effects [6]. However,
complex decision-making and often conflicting clinical advice
from multiple siloed health care providers (HCPs) make
self-management challenging for patients with MCCs [7,8].
Telemonitoring has the potential to empower patients and HCPs
by facilitating patient self-management and clinical decision
support to manage MCCs. Telemonitoring systems enable
patients to track vital signs and symptoms and can enable the
automatic generation of self-management instructions [9]. In
addition, by delivering these data to the clinical team, HCPs
can identify patients showing early signs of exacerbation, which
offers an opportunity for reinforcing the principles of
self-management at teachable moments [10]. Importantly,
telemonitoring allows HCPs to provide remote guidance or
make changes to a care plan, thereby stabilizing symptoms
before they escalate to the point of hospitalization.
Although research on telemonitoring is rapidly growing [11],
these systems typically target a singular condition such as
diabetes mellitus (DM), hypertension (HT), or heart failure (HF)
[12-14]. Systematic reviews indicate that telemonitoring for
single conditions leads to improved health outcomes and quality
of life and reductions in health service use and costs [15-21].
Studies that do not report improvements do not often include a
self-care component, are difficult to use, or do not target patients
who are most ill and frequently hospitalized [22-25]. To date,
https://www.jmir.org/2022/1/e31754
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few studies have focused on the use of telemonitoring among
patients with complex conditions, although these patients may
benefit the most from such interventions [15,26-32].

Objective
The objective of this study is to evaluate the impact of a mobile
phone–based telemonitoring program for the management of
patients with complex conditions in specialty care settings.
Patients with complex conditions are defined as those who are
at high risk for hospitalization, exacerbations of their chronic
conditions, and disease progression and those with MCCs,
including HF, uncontrolled HT, and insulin-requiring DM. The
primary research question was the following: what is the impact
of a telemonitoring program for patients with complex
conditions on health status, self-management, and health service
use? The secondary research question was the following: what
were the experiences of patients and HCPs related to the
telemonitoring program and the way in which it was
implemented?

Methods
Study Design and Setting
This was a pragmatic, unblinded, 1:1 randomized controlled
trial (RCT) comparing the 6-month impact of telemonitoring
to support the management of patients with complex conditions
with that of the standard of care. An embedded qualitative
component was included to understand the results of the trial.
Patients with HF were recruited from the Heart Function Clinic
at the University Health Network (UHN), a large academic
hospital in Toronto, Ontario, Canada, between August 2016
and February 2018. Patients with HT were recruited from an
HT clinic at Mount Sinai Hospital between July 2019 and
December 2019, and patients with DM were recruited from the
UHN Endocrinology Clinic between August 2019 and December
2019. The study received approval from the UHN (15-9995-BE)
and Mount Sinai Hospital (16-0093-E) research ethics boards,
which approved the procedures to ensure patient privacy,
including anonymization of data during storage and analysis.
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Participants
To be eligible, patients had to be aged ≥18 years; able to speak
and read English (or have a caregiver who does); and diagnosed
with HF with reduced ejection fraction (<40%), uncontrolled
HT (≥140/90 mm Hg auscultatory), or insulin-requiring DM
and performing self-capillary glucose monitoring. Exclusion
criteria included being on mechanical circulatory support,
dialysis, or a transplant list. In addition, patients with a life
expectancy <1 year, dementia, uncontrolled psychiatric illness,
or residents of a long-term care facility were excluded. Refer
to the published protocol for the full criteria [33].

Treatment Arms
Telemonitoring Group
The intervention was a mobile phone–based telemonitoring
program involving a system named Medly (UHN), which
enables patients with chronic conditions to take relevant
physiological measurements with wireless home medical devices
and answer symptom questions using the Medly smartphone
app. In response to these inputs, rule-based algorithms, which
were iteratively developed and validated by HF, DM, and HT
specialists [34] and customized through target thresholds,
displayed self-care instructions to patients (Figure 1) and sent
alerts to the clinical team via email and a secure web portal
where historical trends could also be viewed [34]. As such, the
system was designed to improve patient self-management and
provide clinical decision support to HCPs [35]. Participants
were provided with the necessary equipment, including a
smartphone and relevant Bluetooth devices (weight scale, blood
pressure monitor, and blood glucose monitor) [33].

Ware et al
frequency of readings and higher complexity of the HF Medly
algorithm [36], patient feedback was designed to be highly
actionable. For example, patients were told to take a dose of
their prescribed diuretic and restrict salts and fluids upon a large
weight gain. Patients with DM were instructed to record blood
glucose readings at least once per week or more as instructed
by their HCP and received actionable feedback (eg, “Eat 15 g
[1 tbls] of sugar or other fast-acting carbohydrates” in response
to low blood glucose readings). Patients with HT were instructed
to report their blood pressure once every 2 weeks unless the
readings were out of range, in which case, they would be
instructed through the app to increase the frequency of their
readings. All modules had messages instructing the users to
contact the clinic or go to the emergency department (ED) when
critical parameters were out of range. To assist with adherence,
an automated phone call was sent to patients based on the
required frequency of each condition’s algorithm.
Although the intent was for patients with MCCs to be followed
holistically, development delays for the HT and DM modules
led to patients with HF being enrolled and managed for HF
alone, even if they had MCCs. In addition, the siloed nature of
specialty care made it such that even when the technology could
support the simultaneous management of HF, DM, and HT,
patients were only monitored for the condition being managed
at the location of enrollment. As a result, the model of care
differed depending on the structure and resources at each clinic.
For example, alerts for patients with HF were primarily
addressed by nurse practitioners who would escalate issues to
the treating cardiologist as required. In contrast, telemonitoring
alert management for HT and DM was the responsibility of the
treating physician.

Patients with HF were instructed to monitor their daily weight,
blood pressure, heart rate, and symptoms. Owing to the
Figure 1. Screens of the Medly multiple chronic conditions app showing self-care feedback for (A) heart failure, (B) diabetes mellitus, and (C)
hypertension.
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Standard of Care Group
Standard of care followed Canadian clinical care guidelines for
HF, DM, and HT [37-39]. In general, that included seeing the
clinical team for scheduled follow-ups every 3 to 6 months,
optimization of medical therapy, and self-management
education.

Enrollment and Randomization
A total of 146 patients with varying chronic conditions were
targeted for enrollment (see sample size justification [33]).
HCPs familiar with the study’s inclusion criteria identified
patients during scheduled outpatient appointments and
introduced them to an on-site research coordinator. After
confirming eligibility, the coordinator explained the study and
obtained informed consent. The patients were then block
randomized using blocks of 4 into the intervention and standard
of care treatment groups in a 1:1 ratio as per the published
stratification protocol [33]. Patients allocated to the intervention
arm were provided with the telemonitoring equipment and user
manual before receiving face-to-face training on how to use the
equipment.

Outcomes
The primary outcome was health status as measured by the
36-Item Short Form Health Survey questionnaire. Secondary
outcomes included anxiety and depression, as measured using
the Hospital Anxiety and Depression Scale [40], and patients’
self-efficacy to manage their condition, as measured using the
Self-Efficacy for Managing Chronic Disease 6-Item scale
[41-43]; the number of self-reported interactions with the health
system in the previous 6 months was also collected, including
hospitalizations and visits to ED, specialty care clinics, and
family physicians. Self-care, as measured by the Self-Care of
HF Index [44], and HF-specific quality of life, as measured by
the Minnesota Living with HF Questionnaire, [45] were also
collected for patients with HF.

Quantitative Data Collection and Analysis
Questionnaires containing the patient-reported outcome
measures were administered at baseline and at 6 months [33].
Demographic questions were included in the baseline
questionnaire to characterize the study participants. Patient
adherence was calculated from the Medly server log data as a
percentage of the completed recommended readings over the
course of the 6-month trial.
Posttrial data and change scores were compared between the
treatment arms using independent Student t tests and
Mann–Whitney tests (for normally and not normally distributed
data, respectively). Paired Student t tests and Wilcoxon
signed-rank tests were performed to compare baseline and
poststudy data within the control and telemonitoring groups.
Analyses were performed using SPSS (version 27; IBM Corp)
under the intention-to-treat principle and using a significance
of P<.05.

Qualitative Data Collection and Analysis
All HCPs who used the system and a sample of patients in the
intervention group were invited to participate in poststudy
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semistructured interviews. The interviews began with
open-ended questions about the participants’ experiences with
the intervention and had probing questions inspired by the
constructs of performance expectancy, effort expectancy, social
influence, and facilitating conditions from the unified theory of
acceptance and use of technology [46]. Patients were identified
through a convenience sample with efforts made to include
patients from the 3 monitored conditions. Interviews took place
in a private clinic room or over the telephone and were audio
recorded for later transcription.
Qualitative data were analyzed using a conventional content
analysis approach [47] by 2 researchers (AS and PW). An initial
round of independent open coding was conducted with the
primary objective of organizing quotes into themes that
explained the quantitative results. Then, AS and PW met to
discuss themes and agree upon a coding framework that was
applied in the second round of deductive coding. A final
discussion was held to review the results and reach a consensus.
NVivo (QSR International; version 11) was used to help
organize the source documents and themes.

Results
Study Participants
Recruitment ended after the enrollment of 96 patients, of which
66 (69%) were followed for HF, 22 (23%) were followed for
uncontrolled HT, 5 (5%) were followed for insulin-requiring
DM, and 3 (3%) were followed for both HT and DM (Figure
2). The decision to stop recruitment before reaching the target
sample size was made for 3 key reasons. First, the HF
telemonitoring program became standard of care at the UHN
Heart Function clinic, meaning there would no longer be a
difference between the treatment arms. Second, recruitment
challenges were observed for patients with DM because of the
rapid emergence and growing use of continuous and flash
glucose monitors, which meant that few patients met the criteria
of self-capillary glucose monitoring. Finally, and most
importantly, the COVID-19 pandemic led to a pause of
nonessential research activities and a significant shift toward
virtual care, which fundamentally altered the control group after
the research pause was lifted.
In addition to ending recruitment, shifting priorities at the onset
of the COVID-19 pandemic also affected the collection of
poststudy data, as patients followed for HT and DM ended their
enrollment during the first wave, which led to a higher rate of
incomplete questionnaires. A death was reported in each
treatment arm; however, these were not considered as adverse
events of the study. Therefore, although 45 and 50 patients were
allocated to the telemonitoring and control arms, only 29%
(28/96) and 27% (26/96) of complete data sets were available
for analysis in the telemonitoring and control arms, respectively.
Study participants were predominantly male (54/96, 56%) and
had an average age of 59 (SD 12.6) years. These, along with
the other demographics presented in Table 1, are representative
of the UHN Heart Function Clinic, from which most patient
participants were recruited.
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Figure 2. Flow of patient participants through the trial.
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Table 1. Baseline characteristics of patient participants (N=96).
Characteristics

Telemonitoring group (n=46)

Control group (n=50)

Total

Age (years), mean (SD)

62 (12.6)

55 (14.3)

59 (13.9)

Male

28 (61)

26 (52)

54 (56)

Female

9 (20)

8 (16)

17 (18)

White

22 (48)

24 (48)

46 (48)

Black

2 (4)

4 (8)

6 (6)

Asian

3 (7)

6 (12)

9 (9)

Other

7 (15)

2 (4)

9 (9)

Urban

20 (43)

23 (46)

43 (45)

Suburban

11 (24)

11 (22)

22 (23)

Rural

2 (4)

2 (4)

2 (2)

Less than high school

4 (9)

1 (2)

5 (5)

High school

5 (11)

4 (8)

9 (9)

Trade or technical training

5 (11)

6 (12)

11 (11)

College or university

15 (33)

19 (38)

34 (35)

Postgraduate

5 (11)

5 (10)

10 (10)

Not comfortable

1 (2)

0 (0)

1 (1)

Somewhat comfortable

8 (17)

4 (8)

12 (13)

Comfortable

8 (17)

28 (56)

16 (17)

Very comfortable

13 (28)

15 (30)

28 (29)

Sex, n (%)

Ethnicity, n (%)

Rurality, n (%)

Highest education achieved, n (%)

Comfort with smartphone, n (%)

Quantitative Outcomes
Table 2 shows the results from the statistical analyses. The
within-group pre–post comparisons, poststudy between-group
comparisons, and between-group change score comparisons
revealed no significant differences in the primary outcome of
health status as measured by the 36-Item Short Form Health
Survey questionnaire physical and emotional subscales.
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Similarly, no statistically significant differences were observed
for any of the secondary outcomes relevant to the entire sample,
including anxiety and depression (as measured by the Hospital
Anxiety and Depression Scale), self-efficacy (as measured by
the Self-Efficacy for Managing Chronic Disease 6-Item scale),
and self-reported use metric. An exception was a reduction in
self-reported hospitalizations across all patients, which was
significant in the control group.
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Table 2. Independent Student t testa for SF-36b, HADSc, SEMCD6d, self-reported use, MLHFQe, and SCHFIf.
Parameter

Telemonitoring group (n=46)

Standard care group (n=50)

Betweengroup
poststudy
data, P
value

Betweengroup
change
scores, P
value

Values,
n (%)

Baseline,
mean (SD)

Poststudy,
mean (SD)

P

Values,
n (%)

Baseline,
mean (SD)

Poststudy,
mean (SD)

P

value

Physical component

24 (52)

40.94 (8.11)

42.77 (8.58)

.16

25 (50)

41.55 (8.86)

42.39 (9.47)

.24

.48

.63

Mental component

24 (52)

46.42 (12.21)

43.77
(12.28)

.18

25 (50)

46.96 (11.21)

48.31
(10.51)

.53

.73

.37

Anxiety

24 (52)

6.94 (4.38)

7.33 (5.07)

.47

22 (44)

6 (4)

5.97 (3.5)

.50

.06

.12

Depression

23 (50)

5.09 (3.95)

5.51 (4.67)

.73

23 (46)

5.21 (3.85)

5.55 (4.2)

.92

.77

.32

26 (57)

7.23 (2.18)

7.35 (1.57)

.73

24 (48)

7.08 (2.55)

6.75 (2.21)

.53

.13

.42

Hospital (number 28 (61)
of visits)

4.29 (10.56)

1.43 (4.11)

.10

23 (46)

3.7 (6.51)

0.35 (1.11)

.02

.02

.32

EDg visits

28 (61)

1.29 (4.65)

0.5 (1.33)

.34

23 (46)

0.071 (1.34)

0.22 (0.57)

.07

.12

.31

Clinic visits

20 (44)

3.54 (4.11)

3.71 (2.85)

.52

21 (42)

4.19 (6.01)

2.95 (4.61)

.39

.39

.12

Family physician 25 (54)
visits

1.65 (1.22)

1.28 (1.62)

.49

23 (46)

2.48 (3.72)

1.85 (2.23)

.27

.28

.07

value

SF-36

HADS

SEMCD6
Self-report

SCHFI
Maintenance

24 (52)

73.42 (14.77)

79.83
(15.81)

.04

17 (34)

73.64 (15.75)

76.18
(17.48)

.49

.74

.82

Management

24 (52)

71.75 (15.64)

75.42
(19.83)

.42

17 (34)

64.47 (27.51)

69.53
(26.53)

.40

.67

.40

Confidence

24 (52)

69.43 (15.49)

71.83
(19.74)

.50

16 (32)

69.94 (25.09)

76.38
(19.86)

.16

.92

.34

Total

23 (50)

40.85 (28.52)

35.88
(23.65)

.12

17 (34)

42.81 (26.15)

31.55
(29.45)

.07

.67

.10

Physical

23 (50)

19.13 (11.01)

14.58 (10.9)

.046

17 (34)

20.78 (10.64)

19.05 (12.4)

.11

.43

.06

Emotional

22 (48)

10.38 (7.97)

9 (7.45)

.81

15 (30)

11.38 (7.08)

9.33 (7.1)

.10

.64

.20

MLHFQ

a

A 2-tailed t test was used.

b

SF-36: 36-Item Short Form Health Survey questionnaire.

c

HADS: Hospital Anxiety and Depression Scale.

d

SEMCD6: Self-Efficacy for Managing Chronic Disease 6-Item scale.

e

MLHFQ: Minnesota Living with Heart Failure Questionnaire.

f

SCHFI: Self-Care of Heart Failure Index.

g

ED: emergency department.

Self-care maintenance and physical quality of life improved
significantly for patients with HF in the telemonitoring group
(P=.04 and P=.046, respectively). However, none of the
between-group comparisons were statistically significant, likely
because of the general improvement in self-care and quality of
life scores of the control group and insufficient sample size for
detecting changes in condition-specific metrics.
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Telemonitoring Use
Of the 41 patients who completed the study in the intervention
arm, 29 (71%) used the HF module, 10 (24%) used the HT
module, and 2 (5%) used the DM module. On average, patients
with HF completed all 4 readings on 78.1% (SD 5.8%) of the
days that they were enrolled in the 6-month trial. This use rate
increased to 86.2% when looking at the percentage of days the
patients with HF reported at least one reading. Average
J Med Internet Res 2022 | vol. 24 | iss. 1 | e31754 | p.862
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adherence was 64.2% (SD 18.6%) for the patients with HT and
58.3% (SD 24.6%) for the patients with DM based on a
minimum of biweekly and weekly readings for HT and DM,
respectively. The combined average adherence across all
participants was 73.1% (SD 10%) over the study period. Figure

Ware et al
3 depicts the monthly adherence rates for the 3 disease modules.
It shows that although adherence was initially high across all
conditions and remained relatively stable for patients with HF,
it dropped markedly after the second month for patients with
HT and DM.

Figure 3. Average combined and condition-specific adherence rates over time.

Experiences With the Telemonitoring Program
Overview
Of the 41 patients who completed the study in the intervention
arm, 13 (32%) were interviewed, including 62% (8/13) of
patients with HF, 31% (4/13) of patients with HT, and 8% (1/13)
of patients with DM. The HCPs included 1 cardiologist, 2
cardiac nurse practitioners, 1 HT specialist, and 1
endocrinologist. The interview findings, which contributed to
explaining the overall null results of the study, are summarized
in the following themes: (1) challenges of implementing MCC
telemonitoring in a siloed health care system, (2) perceptions
of the telemonitoring system, (3) perceived benefits differed
based on the condition monitored, and (4) opportunities for
MCC telemonitoring.

Theme 1: Challenges of Implementing MCC
Telemonitoring in a Siloed Health Care System
Patients and HCPs expressed that the telemonitoring intervention
did not adequately address the challenge of delivering and
coordinating advanced care for patients with MCCs. Although
this was due in part to development delays that resulted in
patients with different conditions undergoing the study at
different times, there were also no formal communication
processes in place among relevant specialties that would have
enabled optimal multidisciplinary care:
https://www.jmir.org/2022/1/e31754
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RenderX

How do you integrate information from multiple
specialists...I don’t have multiple chronic conditions,
I have one condition...I didn’t do the blood sugar
stuff, I didn’t do the heart failure stuff, I didn’t do the
chronic obstructive pulmonary disease stuff, I didn’t
do the mental health stuff...The people that would
handle all these conditions simultaneously would be
family doctors, except family doctors often don’t have
the expertise to handle complex conditions. [HCP 5]
As the model of care did not connect existing specialty siloes,
the clinical processes surrounding the use of the telemonitoring
system were different based on the recruitment setting. For HF,
an HCP described that a strong, team-based model with clearly
defined clinical roles enabled rapid clinical response to
worsening conditions:
It’s given me different work to do...although [I’m]
not complaining about that because that is part of
why I’m hired. It’s just that...in order for [a
telemonitoring program] to work, you have to have
a clinician who is devoting time to do all of that, to
answer alerts, to document, and to see patients that
are unwell in clinic or fax them lab work
[requisitions]. [HCP 3]
In contrast, DM and HT alerts were directly sent to the
physicians who reflected on the absence of an appropriate model
J Med Internet Res 2022 | vol. 24 | iss. 1 | e31754 | p.863
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of care to support telemonitoring within those clinics and how
it might have been better if the information was sent to a
different member of the team:
The difference between the heart failure and the
hypertension is that the heart failure has a whole
system in place. We don’t have a similar type of
system for the hypertension, I assume for the diabetes
as well...the physician is the last person that needs
the information. It’s their nurse and dietician. [HCP
4]

Theme 2: Perceptions of the Telemonitoring System
Most patients had positive opinions about the telemonitoring
system and found it easy to take readings and navigate the
different features:
It’s pretty easy to use...I loved the fact that you took
your sugar and it connected right away to the
phone...I think that for my purposes, it did everything
I needed it to do. You got some averages in there too
which I liked, you could see [readings] over a period
of time. [Patient with DM 1]
Similarly, patients largely appreciated the automated self-care
messages, with the exception of a minority who expressed
confusion about messages directing them to contact the clinic
when a reading was out of their target range. Some patients,
across all conditions, recounted not knowing where to call and
what to say when they did. In addition, some patients with HF
reported ignoring such messages as they realized that their care
team would contact them in the case of a true concern:
I think that perhaps the instructions in the system of
the Medly program were maybe unclear. Sometimes
there would be a prompt to call...[but] then I would
call and there wouldn’t really be a sort of a good
answer on why I should be calling. [Patient with HT
3]
It’ll say “contact the heart clinic or go to your
hospital if you don’t feel well”. I’ve just gotten so
used to it. Say my weight is up two pounds or
something, I know it’s not critical...it says call, but I
haven’t been...I know that [my care team] will call
me and make sure everything’s okay. [Patient with
HF 26]
Unlike patients, there were mixed opinions about the
telemonitoring system among HCPs. These differences were
attributed to the physiological nature of the chronic condition
and the existing standard of care in which the intervention was
implemented. For example, owing to the dynamic nature of HF
and the potential for rapid decompensation that could lead to
hospitalization, telemonitoring alerts typically require immediate
action from patients or HCPs. Therefore, HF HCPs were
motivated to find ways of incorporating the viewing of
telemonitoring data and alerts within their existing workflows:
I think the issue for clinicians is that they’re building
this into their day-to-day busy practice so there are
things like that I think can be done [to improve the
system] but generally I think the dashboard is pretty
https://www.jmir.org/2022/1/e31754
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sophisticated, it’s easy to use, [and] incredibly easy
to navigate. [HCP 2]
Conversely, DM and HT HCPs expressed feeling that the system
was built on the premise of identifying an acute change (needed
for HF) rather than communicating information about
longer-term trends. As the system was not perceived to convey
DM and HT telemonitoring data to physicians in a way that is
consistent with the existing management of those conditions,
there was less incentive to incorporate the use of the system
within their workflows:
I didn’t get any information from [the system]...I got
no monthly reports about any of the individuals. The
only thing I got was an occasional alert if their blood
pressure was extraordinarily high...What you want
to do is to map the progress of the patient since their
blood pressure is not controlled. Even if it’s not an
alert, think if you had high blood pressure and your
blood pressure was not in the alert level, but it was
not controlled. Do you want your provider not to have
the information? [HCP 5]
Finally, a factor specific to DM was the fact that the data from
the newer, and increasingly prominent, flash glucose monitors
could not be sent to the Medly telemonitoring system:
To be honest with you, I kind of stopped using it
halfway through because...when I mentioned I was
doing the study at the last appointment, [my doctor]
said, “Well I guess it’s irrelevant, based on the new
technologies that are out there for checking your
glucose.”...he made it sound like that the study wasn’t
happening anymore. [Patient with DM 1]

Theme 3: Perceived Benefits Differed Based on the
Condition Monitored
Opinions of the models of care and telemonitoring system
previously described contributed to the perceived benefits of
the intervention, and importantly, how these differed for patients
with HF, DM, and HT and HCPs. Patients who were followed
for HF expressed that the intervention enabled self-management
by helping them form a routine of taking daily readings and
associating those results with their behavior. The frequency of
data collection and urgency-based alerts sent to the clinical team
also contributed to the perception of improved clinical
management:
Every morning when I get up, that’s the first thing I
do and it kind of gives me an overview of my
condition...I wake up and I know I’ve been having
problems breathing and when I check my weight, I
say, okay, I have gained weight...three pounds. I say
okay and tie [it] back to what I’ve eaten the night
before. [Patient with HF 8]
The close monitoring offered by the HF telemonitoring system
and model of care led to patients with HF benefiting from peace
of mind and a closer relationship with their care team:
It gives you peace of mind, because...the doctor’s
seeing it, which is important, because...when the
people who are really interested in your well-being
J Med Internet Res 2022 | vol. 24 | iss. 1 | e31754 | p.864
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are that far away, it’s nice that you’ve got that system
in place, where if something goes wrong you know
right away. [Patient with HF 2]
Patients followed up for HT and DM expressed many of the
same self-management benefits as the patients with HF,
including the idea that the system encouraged them to take blood
pressure and blood glucose readings more regularly than they
normally would and contributed to a greater awareness of life
factors that could influence those readings:

between clinic visits, or if they don't get feedback
between clinic visits, at least the physician at the
clinic visits has reliable information in order to
ascertain what next steps have to be done to improve
management. [HCP 5]
In addition to the need to present data in a meaningful way, as
highlighted in theme 2, there was consensus among HCPs that
a telemonitoring system, especially one for MCC, needs to be
integrated with the existing organizational information systems:

I discovered...triggers of my problem in blood
pressure. Mainly, for example, when I have a little
constipation, it has an effect on high blood pressure.
Or, I had, for example, a little stress that affected
me...Medly allowed me to be more aware of the
situation. It’s a mindfulness program. I became aware
of what I was doing. [Patient with HT 7]
However, unlike patients with HF, patients with HT and DM
did not express the same peace of mind and closer therapeutic
relationship with their HCPs as a result of telemonitoring. This
was explained by the lack of feedback from HCPs and the
perception that HCPs were not reviewing the data to the degree
that the patients had expected:

It has to be integrated with a larger system-wide
electronic solution...It duplicates work when I have
to open a chart, and open a computer program, and
transcribe things manually into the chart...Getting
alerted is good but [the] communication piece and
that documentation piece is [critical]. [HCP 4]
In assessing the value of telemonitoring, HCPs did not
disassociate the design of the telemonitoring system from the
design of the model of care. For telemonitoring of complex
conditions to be feasible, they envisioned a team-based approach
in which a nonphysician (eg, nurse, nurse practitioner, or allied
health professional) held a central role in the intervention
because of a greater alignment of the scope of practice and
existing remuneration models:

I didn’t really have any sort of feedback from a
physician’s point of view as to what the Medly
information was telling them. That would have been
interesting...[and] made the whole experience sort of
more sensible. Otherwise, I’m just slapping a cuff on
my arm and taking a reading and so if it was more
interactive, it might have had more meaning. [Patient
with HT 3]
This perception was confirmed by the HT and DM HCPs, who
felt that the intervention did not affect their clinical management
of patients because of the fact that the system did not provide
health data in a meaningful way:
I had virtually no interaction with the study...I
wouldn’t have even known if patients came for
follow-up, whether they were in the study or not. They
didn’t volunteer the information; I didn’t give any
information from MCC about the patients. There was
no feedback [from the system]. [HCP 5]

Theme 4: Opportunities for MCC Telemonitoring
Despite the challenges with this trial, HCPs spoke of the
potential of telemonitoring, if designed appropriately, to help
address the existing limitations of virtual care that is becoming
the norm since the onset of the COVID-19 pandemic:
You need data points, you can’t [provide virtual care]
in a vacuum and Medly is a system whereby you can
get the data points...What telemonitoring is supposed
to do is to give a person a profile between clinic visits
and if I can't get that through the regular virtual
service, this is where the telemonitoring services come
in. [However], it's got to be structured, it's got to be
done in a systematic way, and it's got to be done so
that the patients can submit the information. The
benefit for the patient is then they get feedback
https://www.jmir.org/2022/1/e31754
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I guess for nurses and dieticians who are employed
by a hospital, [the issue of remuneration] is irrelevant
because they have a salary, so it could easily be
integrated into their current workflow. But for
physicians their only real commodity is their time...so
if this is going to add to the current work, or displace
current remunerated work it's a no-go. [HCP 4]
You could have a nurse practitioner who leads these
programs and works with a staff nurse or that kind
of helps triage and call patients back and manage
that way but then also a physician if there’s a really
big problem that you have to go to...you could look
at different models of care for these programs. [HCP
2]

Discussion
Principal Findings
In the absence of high-quality evidence on telemonitoring for
managing MCCs [48], this study sought to evaluate the impact
of a mobile phone–based telemonitoring program to manage
patients with complex conditions in specialty care settings.
Through a pragmatic RCT, halted before reaching the intended
sample size, we observed no effects of the telemonitoring
program on health status, anxiety and depression, self-efficacy,
and most health service use metrics. Subgroup analyses of
patients with HF in the intervention arm found a significant
improvement in physical quality of life and self-care
maintenance; however, no differences in these groups were
observed between the treatment arms. The reduction in
self-reported hospitalization found in the control group could
also be seen as a trend in the intervention group but did not
reach statistical significance, likely because of the small sample
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size. This reduction in both arms may be partly attributed to the
impact of the HF clinic in stabilizing patients.

to assess the feasibility of the program before conducting a trial
so that challenges may be identified and addressed [50].

Several challenges were encountered during the trial,
necessitating deviations from the published protocol, which
likely contributed to the null results of the study. Foremost, this
trial did not reach its intended sample size of 146. Although the
onset of the COVID-19 pandemic and the rapid shift to virtual
care for both arms did bring about the decision to stop
recruitment permanently, other important challenges contributed
to slow recruitment. Importantly, funding and development
challenges contributed to the inability to include the planned
chronic obstructive pulmonary disease and chronic kidney
disease modules. Similarly, although patients who participated
in our study had MCCs, we were unable to offer monitoring for
all the conditions simultaneously as the HF, HT, and DM
modules were not initially available at the same time. Therefore,
the MCC model of care was never fully tested as there was
never a need to explore communication workflows for
multidisciplinary care that are inherent to the care of MCCs.
Finally, recruitment of patients from the diabetes clinic was
challenging because of the emergence of newer continuous
glucose monitoring technologies at the time of recruitment.

A notable characteristic thought to enhance the feasibility of
telemonitoring for patients with complex conditions and MCCs
was having a nurse in a central role as it relates to alert
management and care coordination. In contrast to the
fee-for-service model for physicians, all HCPs in this study
noted that the salaried remuneration of nurses offered greater
flexibility needed to monitor patients with MCCs through
telemonitoring. Indeed, when the same MCC telemonitoring
system was applied in a different study within a
multidisciplinary nurse-led model of care [51], telemonitoring
was not only perceived positively by patients with MCCs but
was also normalized within their daily life and routines [52],
which was a finding that was only observed among the patients
with HF and HCPs in this trial, who also benefited from a
nurse-led model. What may explain the stark contrast in the
results between these studies is the differences in their
underlying program theory. Per Kastner et al [53], effective
interventions for older adults with MCCs are often founded
upon principles of care coordination, disease prioritization, and
patient self-management. From this, we conclude that
telemonitoring interventions for patients with complex
conditions, especially those with MCCs, should (1) be integrated
with usual care workflows and complementary clinical services,
(2) be supported by a multidisciplinary model, and (3) include
≥1 element of care coordination (eg, referral pathways, case
management, and interoperable information systems). Critically,
these 3 elements may be best operationalized by having a nurse
play a central role in the intervention.

Although patient perceptions of the telemonitoring program
were largely positive, the perceived benefits and, consequently,
use of the system varied across conditions. Indeed, although all
patients in this study started with high adherence, these higher
levels were only maintained in patients who were followed for
HF. These differences may reflect the more actionable nature
of the self-care instructions and more frequent clinician alerts
from the HF module relative to those provided by the HT and
DM modules. HF tends to be more dynamic and requires more
parameters to be taken at a higher frequency, which provides
the data inputs necessary for a more sophisticated telemonitoring
algorithm. Conversely, HT and DM require fewer inputs at a
lower frequency, which typically means that less urgency is
required when alerts are generated. This does not suggest that
HT and DM are not suitable conditions for systems such as
Medly, as patients followed up for these conditions did express
benefiting from self-management support. Rather, the opinions
expressed by the HT and DM HCPs suggest that the way
telemonitoring data are presented to HCPs needs to consider
the greater importance of long-term trends versus the acute
symptom-based alerting needed for optimal HF management.
Considering these differences between conditions may increase
the perceived relative advantage [46] of telemonitoring to
promote comparable use across conditions.
Various factors related to the implementation of the
telemonitoring program may also explain the lack of impact
observed. We posit that an initially narrow conceptualization
of telemonitoring, focused primarily on the technology rather
than the model of care, may have contributed to these
implementation issues. For instance, relative to HF [49], minimal
consideration was given to the model of care associated with
the DM and HT modules. Consistent with previous studies, we
recommend that future research conceive telemonitoring as a
program comprising both the system and its associated model
of care. Critically, implementation study designs should be used
https://www.jmir.org/2022/1/e31754
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Comparison With Previous Work
The outcomes of this trial are consistent with recent reviews
[48,54], indicating a dearth of evidence on the effectiveness of
telemedicine interventions for the population with MCC. In
2020, Kraef et al [48] identified only 1 study reporting no impact
of telemedicine on self-reported health status and only moderate
improvements in disease control measures such as hemoglobin
A1c and systolic blood pressure across 7 meta-analyzed studies.
Similarly, Pisa et al [54] found no impact of telemedicine
interventions in primary care on quality of life and contradictory
results on ED visits and hospital admissions across 5 studies
[54].
Importantly, trials reporting significant effects on
condition-specific outcomes and no implementation challenges
often included a role of a nonphysician HCP in the intervention,
most commonly a nurse [30,55-57]. Moreover, several authors
have attributed frequent and immediate feedback to patient data
as important facilitators in promoting the intended use of
telemonitoring systems and the success of their trials [30,57,58].
Thus, the results of this trial and the existing literature converge
in identifying care coordination as an important component in
telemonitoring interventions for MCCs. We suggest that this
be considered as a central component of further studies exploring
the feasibility and effectiveness of telemonitoring for MCCs.
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Limitations
In addition to the recruitment and implementation challenges
previously discussed, this study had limitations attributable to
the trial’s pragmatic nature. First, although the study period was
6 months, the study duration lasted approximately 4 years with
no overlap in the periods in which patients with HF and patients
with HT or DM were active. This meant that in addition to
inhibiting the exploration of multidisciplinary care coordination,
ending the recruitment because of the COVID-19 pandemic
contributed to a difference in sample size across conditions.
Second, self-reported health service use introduces potential
challenges because of recall. Third, unintended selection bias
is possible as the recruitment relied on busy clinicians
identifying eligible patients during clinic hours. We do not have
data on patients who might have been eligible but were never
identified by their care team or on patients who were approached
but did not agree to be introduced to the research coordinator.
Finally, the interviews were conducted with a convenience
sample of patients, and although all HCPs who were involved
in the study in any significant manner were interviewed, the
number of 5 HCPs was relatively small.

Conclusions
Decades of research suggest that telemonitoring for
self-management and clinical decision support may assist in
managing single chronic conditions; however, its effectiveness

Ware et al
for the growing number of patients with complex conditions,
including those with MCCs, remains unclear. This 6-month
pragmatic RCT sought to evaluate the impact on patients and
HCPs and their experiences with a telemonitoring program to
manage patients with complex conditions compared with those
in standard care. No significant within- and between-group
differences were found in the primary outcome of health status
or the secondary outcomes of self-efficacy, anxiety, depression,
and health service use. However, improvements in physical
quality of life and self-care maintenance were observed in
patients with HF who were enrolled in the telemonitoring
program. Qualitative data suggest that these null findings may
be because of the fact that not all disease modules were available
at the same time, implementation challenges within the siloed
specialty care, varying degrees of acuity and urgency across
chronic conditions, and an insufficient sample size attributable
to the onset of the COVID-19 pandemic. On the basis of the
study findings, we caution that self-management and clinical
decision support are necessary but not sufficient components
of telemonitoring for patients with complex conditions. We
conclude that telemonitoring for patients with complex
conditions or those within multidisciplinary care settings may
be best operationalized through nurse-led models of care and
that the complex nature of these interventions makes it such
that they are best studied through feasibility or pragmatic study
designs before conducting RCTs.
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Abstract
Background: Potential is seen in web data collection for population health surveys due to its combined cost-effectiveness,
implementation ease, and increased internet penetration. Nonetheless, web modes may lead to lower and more selective unit
response than traditional modes, and this may increase bias in the measured indicators.
Objective: This research assesses the unit response and costs of a web study versus face-to-face (F2F) study.
Methods: Alongside the Belgian Health Interview Survey by F2F edition 2018 (BHISF2F; net sample used: 3316), a web survey
(Belgian Health Interview Survey by Web [BHISWEB]; net sample used: 1010) was organized. Sociodemographic data on invited
individuals was obtained from the national register and census linkages. Unit response rates considering the different sampling
probabilities of both surveys were calculated. Logistic regression analyses examined the association between mode system and
sociodemographic characteristics for unit nonresponse. The costs per completed web questionnaire were compared with the costs
for a completed F2F questionnaire.
Results: The unit response rate is lower in BHISWEB (18.0%) versus BHISF2F (43.1%). A lower response rate was observed
for the web survey among all sociodemographic groups, but the difference was higher among people aged 65 years and older
(15.4% vs 45.1%), lower educated people (10.9% vs 38.0%), people with a non-Belgian European nationality (11.4% vs 40.7%),
people with a non-European nationality (7.2% vs 38.0%), people living alone (12.6% vs 40.5%), and people living in the
Brussels-Capital (12.2% vs 41.8%) region. The sociodemographic characteristics associated with nonresponse are not the same
in the 2 studies. Having another European (OR 1.60, 95% CI 1.20-2.13) or non-European nationality (OR 2.57, 95% CI 1.79-3.70)
compared to a Belgian nationality and living in the Brussels-Capital (OR 1.72, 95% CI 1.41-2.10) or Walloon (OR 1.47, 95% CI
1.15-1.87) regions compared to the Flemish region are associated with a higher nonresponse only in the BHISWEB study. In
BHISF2F, younger people (OR 1.31, 95% CI 1.11-1.54) are more likely to be nonrespondents than older people, and this was
not the case in BHISWEB. In both studies, lower educated people have a higher probability of being nonrespondent, but this
effect is more pronounced in BHISWEB (low vs high education level: Web, OR 2.71, 95% CI 2.21-3.39 and F2F OR 1.70, 95%
CI 1.48-1.95). The BHISWEB study had a considerable advantage; the cost per completed questionnaire was almost 3 times
lower (€41 [US $48]) compared with F2F data collection (€111 [US $131]).
Conclusions: The F2F unit response rate was generally higher, yet for certain groups the difference between web and F2F was
more limited. Web data collection has a considerable cost advantage. It is therefore worth experimenting with adaptive mixed-mode
designs to optimize financial resources without increasing selection bias (eg, only inviting sociodemographic groups who are
keener to participate online for web surveys while continuing to focus on increasing F2F response rates for other groups).
(J Med Internet Res 2022;24(1):e26299) doi:10.2196/26299
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Introduction
General population health surveys are an important data source
for monitoring the health of the population and for policy
making. In this regard, the Belgian Health Interview Survey
(BHIS) provides periodic statistics on the health status, health
care use, and health determinants of the country’s population
[1]. Through the BHIS, the statistics requested by the European
Statistical Office (Eurostat) in the framework of the European
Health Interview Survey (EHIS) are collected. Since its
inception in 1997, BHIS data collection has been undertaken
through face-to-face (F2F) interviews at participants’ homes.
In addition, participants aged 15 years and older are asked to
fill out a paper-and-pencil questionnaire covering the most
sensitive topics. This mix of the interview and self-administered
modes is used to exploit the advantages of each [2]. F2F
interviewing is particularly suited for the rather long and
complex BHIS questionnaire [3,4], and the paper-and-pencil
questionnaire reduces the risk of social desirability bias for
sensitive topics and enhances privacy [2].
High internet penetration rates and widespread adaptation of
the general public to the internet have encouraged
experimentation with online HISs in developed countries to
exploit the advantages of the web mode. Sending emails is the
most cost-effective recruitment strategy for web surveys [5].
Even when using postal mail instead of email invitations,
however, a web survey may have a considerable cost advantage
over an F2F survey [6]. Moreover, web data collection shortens
the duration of data collection [6,7] and is less demanding from
a logistical point of view (eg, no interviewer training, no
intensive interviewer follow-up) [4] compared to F2F data
collection.
Unlike an F2F survey with a paper-and-pencil self-administered
part, a web survey is completely self-administered, and this also
provides advantages [5]. For example, the burden on respondents
is expected to be lower when using the web mode since
respondents can complete the questionnaire at a time convenient
for them, possibly even spread over several time points, and no
interviewer appointment is required [6]. While interviewers can
guide and motivate respondents to complete the questionnaire
optimally, their presence in itself (ie, social desirability bias),
their characteristics (eg, age, gender, and ethnicity), and their
interview strategies (eg, incorrect reading of the questions or
inadequate probing) can affect the respondent’s answers [3,8].
In spite of these advantages, the web mode is rarely used as a
single mode of data collection for population-based HISs due
to expected noncoverage and nonresponse issues. Although the
internet access rate has increased substantially over time in
Europe, noncoverage remains an issue; women, older people,
and lower educated people still have lower access rates [9].
Moreover, according to a recent study internet users have a
better subjective health status than internet nonusers and
weighting for sociodemographic characteristics does not
https://www.jmir.org/2022/1/e26299
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eliminate this observed health difference [10]. In contrast, F2F
data collection is expected to be the most reliable approach to
obtain a nationally representative sample [11]. In theory, any
household in the country can be accessed by an interviewer,
and (internet) illiterate people are not excluded by default.
Regardless of the data collection mode, HIS unit response rates
have been decreasing over the past decades [12-15]. Yet several
meta-analyses found that web surveys perform even worse in
terms of unit response rates than surveys conducted using other
modes of data collection [16-19]. The higher unit response rates
in F2F surveys can be attributed to the higher perceived survey
legitimacy and to the persuasiveness of having someone at the
doorstep [11]. More equal participation across all
sociodemographic groups is also expected when using an F2F
mode than when using a web mode. Laaksonen and Heiskanen
[20] reported a considerably lower unit response rate of a web
compared to F2F study organized in the Finnish general
population (25% vs 50%, respectively). Moreover, they showed
that being older, being a nonnative Finnish speaker, and being
lower educated were associated with a lower probability of
responding to a web survey, whereas these sociodemographic
variables were not predictors of a lower response in their F2F
survey.
Such direct comparisons between F2F and web surveys based
on probability samples are rare. Web data collection (using
postal mail recruitment) is more frequently compared to
paper-and-pencil data collection in terms of coverage and unit
nonresponse rates [21-25]. The aim of this study is to compare
F2F data collection with web data collection using postal mail
recruitment in terms of unit response and costs of a general
population health survey using a sample drawn from a national
population register. An additional objective is the assessment
of the sociodemographic characteristics associated with unit
nonresponse using the 2 modes. The hypothesis is that in 2018,
our study period, the unit response rate on the web will still be
lower than the F2F unit response rate, although this difference
between unit response rates will probably vary among the
various sociodemographic groups in the population. It is also
expected that the costs will be higher in the F2F compared to
the web study.

Methods
Study Design
Alongside the traditional F2F survey (ie, the Belgian Health
Interview Survey by F2F edition 2018 [BHISF2F]), a web-based
survey (ie, the Belgian Health Interview Survey by Web
[BHISWEB]) was organized. For both studies, authorizations
were received from the Belgian privacy commission and from
the ethics committee of the Ghent University Hospital.

Belgian Health Interview Survey by F2F
A cross-sectional F2F study was conducted in Belgium with a
target net sample size of 11,300. The survey was organized at
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household level, and households were selected based on the
national population register, using a multistage clustered
sampling procedure. For every selected household, 3
replacement households matched on statistical sector (ie, a
subdivision of a municipality), household size, and age of the
reference person were also selected. In addition to this cluster,
a substitute cluster of 4 households with no matched
characteristics to the first cluster was created in case of
nonparticipation of all first cluster households. Sample
substitution was applied during data collection: nonparticipating
households were substituted, if necessary several times, by
replacement households.
The households selected for the BHISF2F received a postal
advance letter stating that an interviewer would visit and
containing information on the BHIS. In households with a
maximum of 4 members, all members were asked to participate.
For households with at least 5 members, only 4 members
(selected according to a systematic approach) were asked to
participate.
The gross of the BHISF2F questions were administered through
a computer-assisted personal interview (CAPI), but questions
on the most sensitive topics were included in a paper-and-pencil
self-administered questionnaire. The latter was completed by
(nonproxy) respondents aged 15 years and older during the
interview session. The questionnaires were available in Dutch,
French, German, and English.
Data collection took place from January 2018 to January 2019
and was organized in collaboration with our fieldwork partner,
the Belgian Statistical Office (Statbel). More information can
be found in Multimedia Appendix 1 and in the methodological
report of the BHISF2F [26].

Belgian Health Interview Survey by Web
A cross-sectional web study was conducted in Belgium with a
target net sample size of 1000, a number that was feasible based
on the budget set aside for this study. The national population
register was used as the sampling frame. Unlike the BHISF2F,
the survey was organized at the individual level and only
individuals aged 16 to 85 years were selected. Moreover,
individuals living in collective or institutional households and
individuals living in the German-speaking region of Belgium
(East Belgium, <1% of the Belgian population) were excluded
from the sampling frame. A multistage clustered sampling
procedure, similar to the BHISF2F, was used to select
individuals. For every selected individual, 9 replacement
individuals who were comparable in terms of statistical sector,
sex, and age were also selected. Matched sample substitution
was applied during data collection: nonrespondents were
replaced, if needed several times, by replacement individuals.
Selected individuals were invited through a postal letter, and
one reminder letter was sent after 7 days. The access period of
the web survey was 14 days. Participants received a €10 (US
$12) conditional incentive in the form of a gift voucher. The
BHISWEB questionnaire was shorter than the BHISF2F
questionnaire as the latter contained not only the EHIS questions
but also some additional questions for national purposes. The
EHIS questions corresponded with all variables requested by
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Eurostat in the context of EHIS wave 3 [27]. The questionnaire
was available in Dutch, French, and English.
Data collection was organized together with Statbel and took
place from April to November 2018, with a break during July
and August. More information on the design choices made in
this study can be found in Multimedia Appendix 1, Multimedia
Appendix 2, and elsewhere [28].
The BHISWEB and BHISF2F studies were based on 2 mutually
exclusive samples. As was made clear in the earlier descriptions,
the data collection mode as well as other related design features
varied between the 2 surveys. Unit response rates were therefore
compared between studies using different mode systems, rather
than between studies using solely different modes. To assess
the differences in these unit response rates, the gross samples
of the BHISF2F and the BHISWEB must be made comparable.
To improve the comparability the following steps were
performed: (1) only individuals invited for the BHISF2F aged
16 to 85 years and not living in an institutionalized environment
or in East Belgium were included; (2) only BHISF2F individuals
invited for participation between April and November 2018
(excluding the holiday months) were included to correspond
with the time frame of the BHISWEB; (3) a system of weighting
to adjust for the differential sample selection used in the 2
studies (gross sample for BHISF2F was n=7698 and gross
sample for BHISWEB was n=6183) and consequently to adjust
for the differences in their age, sex, and region distribution was
applied. Weights were assigned to the people invited to the
BHISWEB to make this gross sample comparable to the
BHISF2F gross sample in terms of the age, sex, and region
distribution. The calculation of these weights was based on
cross classified data on the BHISF2F gross sample in terms of
age (16-40 years, 41-65 years, and 66 years and older), sex, and
region (Flemish, Brussels-Capital, and Walloon regions). The
people invited to the BHISF2F all received a weight of 1.

Analyses
First, unit response rates were calculated using the weights as
obtained via the method described earlier. For the BHISWEB,
the unit response rate was the number of invited individuals
having completed the first questions of the 3 first modules (ie,
a set of questions related to the same topic) divided by the
number of all invited individuals. This web response rate did
not allow noncoverage due to having no internet or computer
access to be disentangled from actual nonresponse. For the
BHISF2F, the individual response rate and not the household
response rate was calculated. More specifically, it was the
number of selected individuals from the invited households who
completed the first questions of the first 3 CAPI modules divided
by the number of all selected individuals from the invited
households. For these calculations, we did not differentiate
between responses from primary selected individuals and
responses from substitutes. We looked at the number of
respondents in relation to the number of invited individuals
(these individuals may be primary selected or substitutes). In
addition to the response rate, the response rate ratio (ie, F2F
unit response rate/web unit response rate) was calculated.
Demographic variables derived from the national register (sex,
age group, number of household members, region of residence,
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nationality, and urbanization rate) were used to calculate
group-specific unit response rates for the 2 studies and response
rate ratios. In addition, unit response rates and response rate
ratios by level of education were calculated. Since the national
register does not include information on the socioeconomic
status of the invited individuals, data on the education level of
invited BHISWEB and BHISF2F individuals were derived from
a linkage with the Administrative Census 2011. The highest
education level achieved was available in 7 categories according
to the International Classification of Education and was recoded
in 3 categories: low educational attainment (lower secondary
education or less), intermediate educational attainment (higher
secondary education and postsecondary nonhigher education),
and high educational attainment (higher education). High levels
of item-missingness were found for educational level (ie, this
information was missing for 25.5% of all selected people). In
order to get an idea of how the unit response varied with the
substitution process, unit response rates per substitution wave
are also presented in Table 1: wave 1 concerns the unit response
rate among the initially selected individuals; waves 2 to 4 and
higher concern the unit response rate among the activated
substitutes in each wave.
Second, logistic regression modeling was used to study the
association between unit nonresponse and mode system,
sociodemographic characteristics (sex, age group, education
level, number of household members, region of residence,
nationality, and urbanization rate), and substitution wave (basic
model).
Third, to assess whether the effect of the sociodemographic
characteristics on nonresponse depended on the mode system
(effect modification), interaction terms were added to the basic
logistic regression model. If the interaction term was significant,
we stratified the regression analyses to calculate the effect of
the sociodemographic characteristics by mode system (stratified
models).
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procedures were applied for the nonresponse analyses,
presuming missingness at random. The SAS PROC
MIANALYZE procedure was used for the multiple imputation.
All analyses were conducted in SAS Enterprise Guide 7.1 (SAS
Institute Inc). They were weighted and took into account the
complex sampling designs (stratification in both studies and
clustering at household level for the BHISF2F).
Last, a cost analysis was performed. The costs of the BHISWEB
study were compared with the costs of an F2F study. A
distinction was made between fixed costs (ie, costs regardless
of the number of invitations) and variable costs (ie, costs
depending on the number of invitations). The reported costs of
the BHISWEB study corresponded exactly with expenditure
related to BHISWEB. The costs for the F2F data collection
could not be based entirely on the BHISF2F expenditure due
to differences regarding the target sample size (eg, BHISF2F
11,300 vs BHISWEB 1000) and due to the specific BHISF2F
financing, which included reduced tariffs from the printing
company and fieldwork partner. Therefore, a cost estimation
was performed for an F2F study with a target sample size of
1000 under financial conditions comparable to those in the
BHISWEB study. In sum, this F2F data collection consisted of
a postal advance letter and a collaboration with interviewers to
contact and interview the selected individuals at home (via a
CAPI including a paper-and-pencil self-administered
questionnaire). Due to the higher perceived legitimacy and the
persuasiveness of having someone on the doorstep, an incentive
was not provided. This study was implemented with the same
fieldwork partner as the BHISWEB survey. Therefore, the cost
assessment for the F2F study was mainly based on their tender
regarding fieldwork logistics, provision of fieldwork materials,
and payment for the interviewers. Concretely, the following
costs were included in the comparison: project management,
information and communications technology, data warehousing,
licenses for survey development, incentives, printing, packaging,
postage, and interviewers.

Due to the high level of item-missingness on the educational
level variable, regression-based multiple imputation (m=20)
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Table 1. Weighted unit response rates of the Belgian Health Interview Survey by Web and the Belgian Health Interview Survey by F2F edition 2018.
BHISWEBa (n=6183), %

BHISF2Fb (n=7698), %

Ratioc (F2F/web)

Male

17.8

41.9

2.35

Female

18.2

44.3

2.43

16-40

18.1

39.9

2.20

41-65

19.1

44.9

2.35

65+

15.4

45.1

2.93

Low

10.9

38.0

3.49

Middle

20.8

44.1

2.12

High

29.2

52.7

1.80

Belgian

19.7

43.7

2.22

European

11.4

40.7

3.57

Non-European

7.2

38.0

5.28

1

12.6

40.5

3.21

2

19.3

44.3

2.30

3

17.9

42.0

2.35

≥4

20.3

44.2

2.18

Flemish

22.2

41.6

1.87

Brussels-Capital

12.2

41.8

3.43

Walloon

17.9

45.3

2.53

Urban

20.9

39.6

1.89

Suburban

18.9

46.3

2.45

Rural

21.3

53.9

2.53

Brussels-Capital

12.2

41.8

3.43

1

20.3

45.2

2.23

2

17.1

41.7

2.44

3

19.4

37.9

1.95

4

17.4

43.9

2.52

≥5

15.3

44.0

2.88

Characteristics
Sex

Age (years)

Education

Nationality

Household size

Region

Urbanicity

Substitution wave

a

BHISWEB: Belgian Health Interview Survey by Web.

b

BHISF2F: Belgian Health Interview Survey by F2F edition 2018.

c

Ratio: face-to-face response rate/web response rate.

Results
In total, 16.3% (1010/6183) of invited individuals participated
in the BHISWEB study and 43.1% (3316/7698) of invited
individuals participated in the BHISF2F study. This resulted in
https://www.jmir.org/2022/1/e26299
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weighted unit response rates of 18.0% for the BHISWEB study
and 43.1% for the BHISF2F study (unweighted response rates:
BHISWEB 16.3%; BHISF2F 43.1%). The BHISF2F response
rate was 2.39 times higher than the BHISWEB response rate.
An overview of the unit response rates by sociodemographic
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characteristics and substitution wave is provided in Table 1.
Regardless of the sociodemographic subgroup in the population,
the unit response rate was higher in the F2F study compared to
the web study (ratio [F2F/web]>1). Nevertheless, the extent of
this difference varied between sociodemographic subgroups.
Especially for people aged 65 years and older, with low
education levels, of non-Belgian nationality, living in a
single-person household, or living in the Brussels-Capital region,
the unit response rates were higher in the BHISF2F than in the
BHISWEB study (ratio [F2F/web]>2.9). In both the BHISWEB
and BHISF2F studies, unit response rates were highest among
the initially selected individuals (20.3% in BHISWEB and
45.2% in BHISF2F) and not among the substitutes.
Logistic regression analysis showed that unit nonresponse was
significantly higher in the web study compared to the F2F study
(OR 3.53, 95% CI 3.18-3.91; Table 2: basic model). The basic
model also showed that some sociodemographic characteristics
(ie, education level, nationality, household size, urbanicity)
were significantly associated with nonresponse.
In addition, the model including interaction terms showed both
significant and nonsignificant interaction terms between mode
system and sociodemographic characteristics. For sex, household
size, and urbanicity, no significant interaction effects were
found, which means that the association between nonresponse
and these characteristics did not differ by mode system. People
living with 2 (OR 0.80, 95% CI 0.70-0.90) or at least 4 other
household members (OR 0.78, 95% CI 0.69-0.90) were less
likely to be nonrespondents than singles, as were people living
in rural (OR 0.61, 95% CI 0.49-0.77) or suburban (OR 0.78,
95% CI 0.68-0.90) areas compared to people living in urban
areas (ORs based on full model).
Significant interaction terms were found for age, education
level, region, and nationality. Stratified models indicating the
results by mode system showed that after adjusting for all
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relevant covariates, there was an age effect in the F2F survey;
younger people were more likely to be nonrespondents (OR
1.31, 95% CI 1.11-1.54) than older people, while no age effect
was found in the web survey. The stratified analyses also showed
a stronger education effect in the web study compared to the
F2F study (web OR low vs high education level 2.71, 95% CI
2.21-3.39; F2F OR low vs high education level 1.70, 95% CI
1.48-1.95/web OR middle vs high education level 1.63, 95%
CI 1.33-1.98; F2F OR middle vs high education level 1.44, 95%
CI 1.25-1.65). Moreover, the nationality of invited people was
associated with responding to a web survey but not to an F2F
survey. People with another European (OR 1.60, 95% CI
1.20-2.13) or a non-European (OR 2.57, 95% CI 1.79-3.70)
nationality were less likely to participate in the web survey than
people with Belgian nationality. Last, a region effect was found
in the web survey but not in the F2F survey. People living in
the Brussels-Capital (OR 1.72, 95% CI 1.41-2.10) or Walloon
(OR 1.47, 95% CI 1.15-1.87) region were less likely to
participate in the web survey than people living in the Flemish
Region.
Both fixed and variable costs were considerably lower for web
than for F2F data collection (Table 3). The total cost per
completed questionnaire was almost 3 times lower for web data
collection (€41 [US $48]) compared to the F2F data collection
(€111 [US $131]; Table 3). Two factors accounted for most of
this cost difference: payment of the interviewers (for their
completed interviews, training sessions attended, and
transportation costs) and more expensive project management.
The fieldwork follow-up in a web study is quite straightforward
and based on automatic programming, but interviewers need
extensive individual follow-up. Furthermore, a project manager
is paid to deliver interviewer training and perform data checking
and cleaning, which is more labor extensive in an F2F study
than in a web study.
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Table 2. Results of the nonresponse analyses (outcome=nonresponse), Belgian Health Interview Survey by Web, Belgian Health Interview Survey by
F2F edition 2018.
Global models

Stratified models

Basica, ORb (95% CI)

Fullc, OR (95% CI)

BHISWEBd, OR (95% CI)

BHISF2Fe, OR (95% CI)

3.53 (3.18-3.91)

N/Ag

N/A

N/A

0.95 (0.89-1.02)

0.95 (0.89-1.02)

N/A

N/A

16-40

1.12 (0.98-1.28)

N/A

0.86 (0.68-1.09)

1.31 (1.11-1.54)

41-65

1.02 (0.91-1.16)

N/A

0.90 (0.72-1.12)

1.11 (0.95-1.30)

Low

2.00 (1.79-2.24)

N/A

2.71 (2.21-3.39)

1.70 (1.48-1.95)

Middle

1.51 (1.34-1.70)

N/A

1.63 (1.33-1.98)

1.44 (1.25-1.65)

Mode system (reff F2F)
Web

Sociodemographic characteristics
Sex (ref male)
Female
Age (years; ref 65+)

Education (ref high)

Nationality (ref Belgian)
European

1.22 (1.04-1.43)

N/A

1.60 (1.20-2.13)

1.08 (0.89-1.32)

Non-European

1.45 (1.20-1.75)

N/A

2.57 (1.79-3.70)

1.10 (0.86-1.41)

2

0.80 (0.71-0.90)

0.80 (0.70-0.90)

N/A

N/A

3

0.86 (0.74-1.01)

0.87 (0.75-1.02)

N/A

N/A

≥4

0.79 (0.69-0.91)

0.78 (0.69-0.90)

N/A

N/A

Brussels-Capital

1.14 (0.99-1.31)

N/A

1.72 (1.41-2.10)

0.87 (0.72-1.05)

Walloon

1.09 (0.96-1.25)

N/A

1.47 (1.15-1.87)

0.93 (0.79-1.09)

Rural

0.65 (0.52-0.81)

0.61 (0.49-0.77)

N/A

N/A

Suburban

0.85 (0.75-0.97)

0.78 (0.68-0.90)

N/A

N/A

2

1.16 (1.02-1.33)

1.16 (1.02-1.32)

N/A

N/A

3

1.20 (1.03-1.40)

1.19 (1.02-1.38)

N/A

N/A

4

1.10 (0.93-1.31)

1.09 (0.92-1.30)

N/A

N/A

≥5

1.15 (0.98-1.36)

1.04 (0.88-1.24)

N/A

N/A

Household size (ref 1)

Region (ref Flemish)

Urbanicity (ref urban)

Substitution wave (ref 1)

a

Basic model: ORs based on logistic regression model with nonresponse as outcome and mode system and sociodemographic characteristics and
substitution wave as independent variables.
b

OR: odds ratio.

c

Full model: ORs based on logistic regression model with nonresponse as outcome and mode system and sociodemographic characteristics, substitution
wave, and significant interaction terms between mode system and sociodemographic characteristics as independent variables.
d

BHISWEB (Belgian Health Interview Survey by Web): ORs based on logistic regression model with nonresponse as outcome and sociodemographic
characteristics as independent variable for the BHISWEB study to show the stratified results for sociodemographic characteristics with significant
interaction terms in the full model.
e

BHISF2F (Belgian Health Interview Survey by F2F edition 2018): ORs based on logistic regression model with nonresponse as outcome and
sociodemographic characteristics as independent variable for the BHISF2F study to show the stratified results for sociodemographic characteristics
with significant interaction terms in the full model.
f

ref: reference.

g

N/A: not applicable.
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Table 3. Cost figuresa for web versus F2F data collection with a target sample size of 1000, Belgian Health Interview Survey by Web and F2F mode
system.
BHISWEBb (n=1010), €

F2Fc mode system (n=1000), €

Project managementd

1641

35,040

ICTe

3282

3282

Data ware housing

4922

4922

Sampling

1641

1641

CAPIg software

N/Ah

5375

Web survey software

8740

N/A

Total fixed costs

20,226

50,260

Fixed costs per completed questionnaire

20

50

10,212

N/A

Invitation letter (+folder)

5387

N/A

Reminder letter

4829

N/A

Incentive letter

880

N/A

Interviewer materials and advance letter (+folder)

N/A

4391

Interviewer laptops

N/A

5200

Interviewer payments

N/A

51,057

Total variable costs

21,308

60,648

Variable costs per completed questionnaire

21

61

Total fixed and variable costs

41,534

110,908

Costs per completed questionnaire

41

111

Fixed costs
Fieldwork logistics

Licenses

f

Variable costs
Incentive payments
Printing, packaging and postage

Total costs

a

Costs do not include salaries for researchers.

b

BHISWEB: Belgian Health Interview Survey by Web.

c

F2F: face-to-face.

d

Project management includes costs for data control, follow-up, and training of interviewers; testing the programs; and salaries of project managers and
administrative employees.
e

Information and communication technology (ICT) includes the costs for developing an ICT infrastructure to organize the fieldwork.

f

Costs associated with the training courses for developing the computer-assisted personal interview (CAPI) and web questionnaires were not considered
since these development skills had already been acquired.
g

CAPI: computer-assisted personal interview.

h

N/A: not applicable.

Discussion
Principal Findings
In the context of the BHIS, web and F2F data collection were
compared in terms of unit response, taking into account the
different sociodemographic groups in the population and
financial costs.
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A response rate of 18.0% was obtained in the BHISWEB study
and 43.1% in the BHISF2F study, making the web survey
response almost 2.5 times lower compared to the F2F survey
response. For all sociodemographic subgroups in the population,
the unit response rate was higher in the F2F study compared to
the web study. Nevertheless, the difference between web and
F2F was more pronounced among people aged 65 years and
older, with low education level, of non-Belgian nationality,
living in a single-person household, and living in the
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Brussels-Capital region. When taking into account only the
individuals initially invited (not the substitutes of
nonrespondents), the response rates were higher (20.3% in
BHISWEB and 45.2% in BHISF2F). This can be explained by
the fact that substitutes of hard-to-reach individuals are selected
because they have similar sociodemographic characteristics
and, consequently, they also have a higher chance on
nonresponse [29].

between health status and nonresponse [32]. Proxy measures
for health were used in this study: register data on hospital
admission costs and dispensed prescription medicine costs.
Moreover, increasing fieldwork efforts might increase the
response rate, but this is not necessarily a cost-effective way of
minimizing survey error [33]. Next to unit response, assessing
factors related to questionnaire breakoff and item response
would be of interest, as these are less commonly studied [34].

Different sociodemographic characteristics were associated with
nonresponding (or, conversely, with responding) in the
BHISWEB compared to the BHISF2F survey. Having a
non-Belgian nationality and living in the Brussels-Capital or
Walloon regions were associated with a higher nonresponse
rate in our web survey but not in our F2F survey. Age, on the
other hand, was associated with nonresponse in the F2F study
but not in the web study. In the F2F study, older people were
less likely to be nonrespondents. In both studies, people with
low or intermediate educational levels were less likely to
respond than people with high educational levels, but this effect
was stronger in the web study. The association between
household size and urbanicity and nonresponse did not differ
between the studies. Singles and people living in urban areas
were less likely to respond to both studies.

Comparison With Prior Work

The BHISWEB study has a considerable cost advantage over
the F2F study; the total cost per completed questionnaire was
almost 3 times lower (€41 [US $48]) compared to the F2F data
collection (€111 [US $131]).

In addition, we found that the association between
sociodemographic characteristics and nonresponse varied
between the BHISWEB and BHISF2F surveys. In line with the
results of other studies [6,20], we found, for example, that
people of non-Belgian origin participate less in web surveys.
This can be explained by their lower internet access rates
[35-37]. Moreover, a web questionnaire is self-administered,
which means that respondents should be not only internet literate
but also capable of reading and fully understanding questions
in the official national language. This is not the case when using
F2F data collection; respondents must only be able to understand
the questions posed by the interviewers, but these interviewers
can clarify and repeat questions when needed. Moreover,
interviewers can motivate people who are less fluent in the
official national language to participate by highlighting the
importance of the study in simple language and by referring to
the help they will offer during the interview process. This can
explain why our results showed that nationality was not
associated with a lower F2F response.

Strengths and Limitations
A positive aspect of this study is the comparison of an F2F study
and a web study using 2 random samples drawn from the
national population register and the large amount of
sociodemographic information available from both participating
and nonparticipating sample members. The latter is not only
due to the information obtained through the national register
but also due to the efforts made by linking to the Administrative
Census 2011 to obtain educational information. The use of this
data is not perfect since there is a time delay of 7 years between
our data collection and the last administrative census and it
includes a considerable number of missing values regarding the
highest level of educational attainment achieved. In order to
address this item-missingness, multiple imputation procedures
were applied under the missingness at random assumption.
One limitation is the fact that noncoverage due to having no
internet or computer access could not be disentangled from
actual nonresponse in our web survey. In Belgium, 87% of
households with at least one household member aged between
16 and 74 years had access to the internet at the time of the
study [30], so part of the unit nonresponse is in fact linked to
noncoverage. A second limitation was the strict focus on unit
response rates (and unit response rate differences between
sociodemographic subgroups), although there is evidence that
low response rates do not necessarily lead to large nonresponse
bias (ie, the difference between the expected estimate based on
the respondents and the true value in the population) [31]. A
Danish interview-administered study also found that although
the nonresponse rate was higher among people with low
socioeconomic status, no significant association was found
https://www.jmir.org/2022/1/e26299
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The response rate difference of 26 percentage points between
F2F versus web was higher than the mean difference of 12
percentage points reported in the recent meta-analyses of
Daikeler et al [19], who compared response rates between the
web and other survey modes. Nonetheless, our web survey was
organized in the general population among newly recruited
individuals (no panel members), and postal mail instead of email
invitations were used. These factors are known to contribute to
a higher response rate difference between web surveys and
surveys organized using other modes [19]. For all
sociodemographic groups, a higher response was found in the
F2F study versus web study, which indicates that F2F data
collection is still the most appropriate way to achieve acceptable
response rates among all sociodemographic groups [7].

Second, young people had higher nonresponse rates in our F2F
survey than those in older age groups. This age effect was not
found in the web study. Additional analysis showed that the
higher F2F nonresponse was related only to their higher
noncontact rates because refusal rates did not differ between
different age groups. Previous studies also found higher
noncontact rates among younger age groups [38,39]. This is
attributed to the fact that this working-age population group is
less likely to be at home when an interviewer contacts them
than people older than 65 years, who are most often retired [38].
In a web survey, these interviewer contacts at home are not
required, which may explain why no age effect was found in
the web survey. Moreover, younger people have a high
probability of meeting the necessary conditions (eg, internet
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access) and having the skills to participate in a web survey
[5,9,35,36,40].

or Walloon regions—were more disadvantaged in a web study
compared to an F2F study.

Third, people with low education levels are less likely to
participate in surveys, regardless of the data collection modes
used [6,13,20,23,41-43]. Our unit nonresponse analyses by
mode system also confirmed this since lower educated people
participated less in both studies. Nevertheless, this
socioeconomic difference was stronger in the web survey than
in the F2F survey. Reasons for this could be lower internet
access rates [9,36,37] and less frequent internet use among low
educated people [40]. Moreover, this socioeconomic group may
have a greater need for interviewers to explain the importance
of the survey and to motivate them to participate.

Lower response rates can induce more bias in measured HIS
indicators because there is a greater chance that web respondents
and nonrespondents show differences not only in terms of these
sociodemographic characteristics but also in terms of their health
status and health behavior characteristics. Moreover, if response
rates show greater differences between various
sociodemographic groups, this will affect comparisons between
different sociodemographic groups. Single-mode web data
collection would therefore better be restricted to specific target
groups with universal internet access (eg, university students,
online panel members) and should preferably not be used for
surveys organized in the general population. This study did,
however, show that web data collection offered a considerable
cost advantage compared to F2F data collection.

A considerable cost advantage of web versus F2F data collection
was reported in this paper. Most other cost comparison studies
have also found a major cost advantage when using the web
versus other modes (F2F, telephone, paper). A cost comparison
conducted in the framework of a cross-sectional parental survey
on the mental health of children showed that web survey data
collection (using postal mail recruitment and including one
reminder letter) was 4 times cheaper than F2F data collection
[6]. Substantial cost advantages (half of the cost) were also
reported for web data collection (using mail invitations)
compared to paper-and-pencil data collection in the context of
a parental survey on children’s health status [22]. Sinclair et al
[21] reported that a web survey (using postal mail invitations)
offered a considerable cost advantage compared to a telephone
survey organized in the context of a community-based health
survey. Nevertheless, their paper-and-pencil survey using mail
recruitment had lower costs than their web survey due to the
high costs associated with web survey development. By using
email instead of postal mail invitations, the cost advantage of
a web survey over other modes would even be more pronounced.
In most countries, emails cannot be sent to a random sample
drawn from the general population because email addresses are
not available for researchers to contact potential respondents.
Denmark is an exception since a large proportion of Danish
citizens have a mandatory digital mailbox that is used for
communication with public authorities and to request survey
participation [42].

Conclusion
The use of F2F data collection should be preferred over the use
of single-mode web data collection for population-based HISs.
This recommendation is based on (1) the considerably lower
unit response rates of the web survey compared to the F2F
survey (18% vs 43%), (2) markedly lower response rates from
some specific sociodemographic groups in the web survey
versus F2F survey (ie, older people, low educated people, people
of foreign nationalities, and people living alone), and (3) the
nonresponse analyses which showed that certain
sociodemographic groups—people with low education level,
of non-Belgian nationalities, and living in the Brussels-Capital

https://www.jmir.org/2022/1/e26299

XSL• FO
RenderX

Recommendations and Future Prospects
In order to benefit from this cost advantage to some extent
without increasing the risk of nonresponse bias, the web mode
could be integrated in a mixed-mode design. This approach, in
which some respondents complete the questionnaire on the web
and other respondents (ie, those unwilling/incapable to
participate online) use another mode, is already being tested
and used in multiple European HISs [44-46]. A specific
mixed-mode methodology, push-to-web, could, for example,
be considered: people would first be invited by postal mail to
participate online and they would then be contacted by an
interviewer only in case of nonparticipation [47].
Based on the results of this study, experimenting with adaptive
survey designs in which different sample members are assigned
to different data collection modes can also be recommended. A
potential strategy could be to invite only sociodemographic
groups more eager to participate online for a web HIS while
continuing to focus on increasing F2F response rates for the
other sociodemographic groups. Tailoring the HIS data
collection to different sociodemographic groups could reduce
the nonresponse bias without increasing the costs.
When considering mode changes, it might also be useful to
experiment with adapted recruitment procedures. Elements to
take into account in future research could include the incentives
for participation, the number and type of reminders, the use of
tailored invitation letters based on age group, and the allocation
of experienced interviewers to work with difficult to reach
subpopulations.
When evaluating new designs, it might be worthwhile to focus
not only on unit response rates but also on other less ambiguous
indicators of nonresponse bias. These could include the
calculation of R-indicators (R stands for representativeness),
indicators that measure the similarity between the respondents
to a survey and the sample or the population under investigation
[48].
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Abstract
Background: Social isolation has a negative impact on the quality of life of older people; therefore, studies have focused on
identifying its sociodemographic, economic, and health determinants. In view of the growing importance of the internet as a
means of communication, it is essential to assess whether internet use interferes with social isolation.
Objective: This study specifically aims to clarify the relationship between internet use and social isolation of individuals aged
≥50 years, for which other surveys present contradictory results.
Methods: We performed logistic regression analysis with social isolation as the dependent variable, internet use as the interest
variable, and several other sociodemographic, economic, and health characteristics of the individuals as control variables. The
sample size was 67,173 individuals aged 50 years and older from 17 European countries (Portugal, Greece, Italy, Spain, Denmark,
Sweden, Austria, Belgium, France, Germany, Switzerland, Luxemburg, Poland, Czech Republic, Slovenia, Estonia, and Croatia)
plus Israel, who were interviewed in the Survey of Health, Ageing and Retirement in Europe (SHARE), wave 6.
Results: The results show that countries differ in the level of social isolation and rate of internet use by individuals aged 50
years and older. They also evidence that in most of the countries analyzed, social isolation of internet users was lower compared
to that of nonusers after controlling for a set of sociodemographic, economic, and health characteristics of the individuals that
have been previously described in the literature as determinants of social isolation. Indeed, on average, although 31.4% of
individuals in the nonuser group experienced high social isolation, only 12.9% of individuals who used the internet experienced
this condition.
Conclusions: Internet users show lower social isolation. This result underlines the importance of promoting e-inclusion in
Europe as a way to counter social isolation of individuals aged 50 years and older.
(J Med Internet Res 2022;24(1):e20466) doi:10.2196/20466
KEYWORDS
social isolation; internet; 50+ individuals; e-inclusion; SHARE

Introduction
Social isolation has been defined as the objective situation of
individuals with small social networks and reduced frequency
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of contact who do not take part in social activities [1-4].
According to the literature, social isolation is associated with
an increased risk of mortality [2,5-7]. In terms of health, it has
been associated with a greater risk of developing chronic
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diseases [8] and cardiovascular disease [3,7], as well as
increased risk of physical inactivity, tobacco consumption, and
various other risk behaviors [3,9]. Furthermore, in old age,
social isolation is associated with increased feelings of loneliness
[3].
According to the literature, social isolation tends to increase as
individuals age [3,10,11]. Indeed, some events that are more
frequent at an older age, such as retirement, the development
or worsening of health and mobility limitations, or a change in
residence of the individuals with whom they socialize [2,12-16],
tend to affect older people’s ability to maintain their social
networks and may also cause cognitive decline [17] and increase
social isolation [2].
Social isolation is determined by a set of sociodemographic,
economic, and health characteristics of individuals
[3,10,13,18,19]. In addition to these determinants, the role of
the internet in reducing social isolation is increasingly being
discussed [20] because, as an important means of
communication, this technology can facilitate interpersonal
contact at a stage of life when social networks tend to be
restructured [12,21-24]. There are often obstacles to the use of
the internet by people of advanced age [25-31]. However,
internet use by older adults has been associated with feelings
of well-being and social support [32-35], as well as with
improved quality of life [36]. Nevertheless, the relationship
between internet use and social isolation is unclear, and there
is open debate in the literature. On the one hand, some studies
conclude that internet use is associated with a decrease in social
isolation [11,20,37,38]. In this regard, they claim that the
internet has been conducive to successful interactions [39-41]
and contributes to maintaining social ties [41-44] and increasing
the frequency of contact [45], as well as optimizing the effect
of social networks on the quality of life of older people [36].
On the other hand, other studies conclude that using this
technology does not reduce social isolation [46]. Furthermore,
in some specific cases, its use is actually associated with a
greater risk of social isolation. In this regard, problematic and
addictive uses of the internet may be related to social isolation
[47]. Similarly, some studies support the “time displacement”
thesis, which states that the longer individuals surf the internet,
the less time they interact with family and friends, as the time
spent on one activity cannot be spent on another [48].
The inconsistent results in the literature underscore the need for
more research into the relationship between internet use and
social isolation [20,49], in which this concept is clearly defined
[50] and which draws on large samples [38,51]. This study
specifically aims to contribute to this goal by focusing on the
relationship between internet use and social isolation after
controlling for sociodemographic, economic, and health
variables and selecting a target population of individuals aged
50 years or older residing in 17 European countries and Israel.

Methods
Data and Sample
This study focuses on 67,173 individuals aged 50 years and
older who were interviewed in the Survey of Health, Ageing
https://www.jmir.org/2022/1/e20466
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and Retirement in Europe (SHARE) Project (wave 6) in Austria
(n=3358), Germany (n=4347), Sweden (n=3881), Spain
(n=5560), Italy (n=5211), France (n=3870), Denmark (n=3661),
Greece (n=4814), Switzerland (n=2772), Belgium (n=5700),
Israel (n=2013), Czech Republic (n=4793), Poland (n=1802),
Luxembourg (n=1543), Portugal (n=1662), Slovenia (n=4186),
Estonia (n=5557), and Croatia (n=2443). Details of the SHARE
study in Europe have been described elsewhere [52]. Briefly,
in wave 6 (2015), a survey of a representative sample of the
noninstitutionalized population aged 50 years or older was
conducted. Interviews were face-to-face and took place in the
household. Trained interviewers conducted the interviews using
a computer-assisted personal interviewing program.
The SHARE project, coordinated internationally by the Max
Planck Institute for Social Law and Social Policy (Germany),
has been approved by the Ethics Council of the Max Planck
Society for the Advancement of Science.

Measures
Dependent Variable: Social Isolation
As in other research [3,4,53], social isolation was computed
using a 5-item index. Individuals scored 1 point if they did not
live with a partner; 1 point if they did not belong to any
organizations, clubs, or religious groups; and 1 point for having
less than monthly contact with friends, family, or children.
Scores on the index ranged from 0 to 5, with higher scores
indicating a greater degree of isolation. Adopting the criteria of
previous studies [2,54-56], we dichotomized the social isolation
index to distinguish between low (score <2) and high (score
≥2) levels of social isolation.
Low social isolation was coded as 0, and high social isolation
was coded as 1.

Independent Variable: Internet Use
This is a dichotomous variable relating to use of the internet at
least once in the last 7 days to send and receive emails, to search
for information, to shop, or for any other purpose. This variable
distinguishes individuals who use the internet (1) from
individuals who do not use it (0).

Covariables: Sociodemographic and Economic Variables
The following covariables were considered in this research:
•

•

•

Age; gender: female (1) and male (0); years of schooling;
self-perception of financial stress: “great difficulty” or
“some difficulty” in coping with monthly expenses (0),
“easy” or “very easy” to cover monthly expenses (1).
Geographical distance from social network: scores ranged
from ”in the same household” (1) to “more than 500 km
away” (8).
Loneliness: assessed through a short version of the Revised
UCLA Loneliness Scale (R-UCLA) [57]. The scale includes
3 questions: “How much of the time do you feel you lack
companionship?” “How much of the time do you feel left
out?” and “How much of the time do you feel isolated from
others?” The answer options range from 1 (hardly ever) to
3 (often). The 3 items form a scale that ranges from 3 to 9

J Med Internet Res 2022 | vol. 24 | iss. 1 | e20466 | p.886
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
points, in which high values represent higher levels of
loneliness.
We also considered health variables:
•

•

•

Depressive symptoms, evaluated by the EURO-D scale
[58]. The EURO-D scale ranges from 0 to 12 points, which
refer to the presence or absence of 12 symptoms of
depression, such as suicidal thoughts [58]; as in previous
studies [59], we distinguished between more symptoms (1)
and individuals with lower scores (0). A score of 4 or more
symptoms is considered as a cutoff point to identify major
depression [60].
Limitations in activities of daily living [61,62], which refer
to the presence-absence of difficulties performing on one’s
own any of 6 daily living activities, such as bathing,
dressing, and toileting; we distinguished between
individuals who reported 1 or more limitations (1) and
individuals who reported no limitations (0).
Physical inactivity: Two items were used to assess the level
of physical activity. The first item assessed vigorous
physical activity (“We would like to know about the type
and amount of physical activity you do in your daily life.
How often do you engage in vigorous physical activity,
such as sports, heavy housework, or a job that involves
physical labor?”). The second item assessed moderate
physical activity (“How often do you engage in activities
that require a low or moderate level of energy such as
gardening, cleaning the car, or doing a walk?”). Participants
answered both items by using a 4-point rating scale (1, more
than once a week; 2, once a week; 3, 1 to 3 times a month;
4, hardly ever or never). Participants who did not perform
any of these activities (never engaged in vigorous or
moderate physical activity) were classified as “physically
inactive” (1), and individuals who performed at least one
vigorous or moderate physical activity were classified as
“physically active” (0).

Statistical Analysis
Given that the SHARE project includes national samples from
different countries and the sample design is not uniform among
them, calibrated individual weights were used in the descriptive
statistical analysis (for further details, see [63,64]). To compare
sociodemographic, economic, and health characteristics between
individuals who experience high levels of social isolation and
individuals with low levels of social isolation, the chi-square
test and Student t test were performed. We used the chi-square
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test to assess the interdependence between two nominal variables
(eg, differences between gender according to their degree of
social isolation). The sample means were also compared using
Student t tests for independent samples (eg, differences in mean
age according to their degree of social isolation). Statistical test
results with P<.05 were considered to be significant. The results
from these tests were complemented with effect size measures
(Cohen d/φ). The interpretation of the results was based on
Cohen [65].
To analyze the relationship between internet use and social
isolation, logistic regressions were conducted by country using
the Enter method (in which all the dependent variables are
inserted in the statistical model simultaneously). The logistic
regression is a mathematical model that give odds ratios (ORs)
that are adjusted for other covariates (including confounders)
[66]. Thus, 18 separate analyses were performed (1 for each
country). Weights were not used in the logistic regressions.
These analyses were performed using SPSS software (version
25; IBM Corp).

Results
Eastern and Southern Europe are the opposite of Northern and
Central Europe in terms of social isolation (Table 1). In fact,
the percentage of individuals aged 50 years and older who are
socially isolated is higher in Eastern and Southern Europe (with
the exception of Portugal) compared to the two other European
regions. An analysis by country confirmed that the highest
weighted percentage of people who experience a high level of
social isolation is found in Poland (n=463; 36.8%), and the
lowest is found in Denmark (n=321; 11.8%).
With regard to internet use, the countries of Northern and
Central Europe also stand out in terms of recording the highest
percentages of users, with Denmark once again showing the
highest rate of use of technology (n=3053; 81.9%). In contrast,
the countries of Eastern and Southern Europe have the lowest
rates of internet use, with Croatia standing out as a country
where fewer individuals use the internet (n=715; 27.2%).
In all the countries analyzed, high levels of social isolation are
clearly more common among individuals who do not use the
internet as compared to those using this technology (Figure 1).
Indeed, while on average, in the group of internet users, only
12.9% experience high levels of social isolation, in the group
of nonusers, 31.4% are in this situation.
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Table 1. Individuals in the high isolation group (n=11,614) and internet users (n=32,399) by country (N unweighted). Source: Survey of Health, Ageing
and Retirement in Europe wave 6, version 7.0.0; weighted data.
Country

High social isolation group, n (%)

Internet users, n (%)

Poland

463 (36.8)

447 (28.1)

Estonia

1408 (33.0)

2490 (47.6)

Croatia

486 (31.2)

715 (27.2)

Italy

914 (26.6)

1698 (33.6)

Slovenia

726 (24.5)

1564 (40.9)

Greece

1010 (23.3)

1265 (27.9)

Spain

946 (22.6)

1655 (37.5)

Czech Republic

1028 (21.2)

2268 (50.9)

Israel

307 (20.0)

949 (50.0)

Germany

552 (19.8)

2592 (57.6)

Austria

602 (18.8)

1606 (52.6)

France

739 (18.8)

2178 (59.8)

Luxembourg

184 (18.0)

955 (59.6)

Switzerland

395 (17.2)

1912 (71.4)

Portugal

231 (16.9)

451 (30.8)

Belgium

891 (15.8)

3684 (65.1)

Sweden

411 (14.1)

2917 (78.6)

Denmark

321 (11.8)

3053 (81.9)

Figure 1. Percentages of users and non–internet users in the high isolation group by country.

In Table 2, we can observe the sociodemographic, economic,
and health characteristics of the individuals who participated
in this study, according to their degree of social isolation. The
group of individuals who experience high levels of social
isolation includes a majority of older female adults, who have
on average fewer years of schooling in relation to their
https://www.jmir.org/2022/1/e20466
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counterparts experiencing low levels of social isolation.
Similarly, a higher percentage of the more socially isolated
individuals reported having a negative financial situation.
With regard to social networks, the more isolated individuals
are more geographically distant from members of their network
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than their less isolated counterparts. Likewise, more socially
isolated individuals also experience greater feelings of
loneliness.
Finally, with regard to mental and physical health, individuals
experiencing high levels of social isolation also report more
depressive symptoms and physical inactivity than their less
isolated peers.
In Table 3, we can observe a negative association between
internet use and social isolation, after controlling for a set of
sociodemographic, economic, and health characteristics of the
individuals, described in the literature as determinants of social
isolation. Indeed, in most of the countries analyzed, internet use
relates to a decreased likelihood of high levels of social isolation.

Silva et al
Denmark is the country where internet users are less likely to
experience high levels of social isolation compared to nonusers.
In this country, internet users are 72.2% less likely (OR 0.278,
95% CI 0.196-0.396) to be in a situation of high social isolation.
Similarly, in France, Sweden, Luxembourg, Germany, Czech
Republic, Estonia, Switzerland, Austria, Italy, Slovenia, and
Spain, internet users are less likely to experience high levels of
social isolation than nonusers. In Portugal, Poland, Greece, and
Croatia, internet users were not less likely to experience high
social isolation. Outside the European context, more specifically
in Israel, internet users were 42.7% less likely (OR 0.573, 95%
CI 0.383 to 0.856) to experience high levels of social isolation.

Table 2. Descriptive statistics of the variables studied according to degree of social isolation (N=67,173). Source: Survey of Health, Ageing and
Retirement in Europe wave 6, version 7.0.0; weighted data.
High social isolation
(n=11,614)

Variable

Low social isolation
(n=55,559)

χ2/t (df)

P value

Effect size (Cohen d/φ)

65.07 (10.26)

48.781 (1)

<.001

0.498 (small)

1457.933 (1)

<.001

0.147 (small)

–32.922 (1)

<.001

0.344 (small)

976.178 (1)

<.001

0.122 (small)

Sociodemographic and economic characteristics
Age (years), mean (SD)

70.05 (11.95)

Sex, n (%)
Female

8359 (67.6)

29,243 (50.3)

Male

3255 (32.4)

26,316 (49.7)

9.51 (4.26)

11.17 (4.51)

Schooling (years), mean (SD)
Financial situation, n (%)
Positive

5309 (48.1)

34,471 (64.5)

Negative

5799 (51.9)

19,669 (35.5)

Geographical distance from social network
(km), mean (SD)

3.89 (1.57)

3.06 (1.61)

58.917 (1)

<.001

0.652 (medium)

Loneliness, mean (SD)

4.66 (1.78)

3.78 (1.27)

52.414 (1)

<.001

0.540 (medium)

1327.652 (1)

<.001

0.144 (small)

662.02 (1)

<.001

0.099

Health
Exhibits depressive symptoms, n (%)
Yes

4697 (43.0)

12,751 (25.9)

No

6713 (57.0)

39,556 (74.1)

Limitations in activities of daily living, n (%)

(trivial)
≥1

2253 (18.9)

5977 (11.0)

None

9358 (81.1)

49,440 (89.0)

Physical activity, n (%)
Inactive

2434 (23.5)

5929 (12.2)

Active

9178 (76.5)

49,473 (87.8)
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<.001

0.117 (small)
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Table 3. Statistics related to the importance of the internet as a determinant of a high level of isolation in individuals aged ≥50 years. Data source:
Survey of Health, Ageing and Retirement in Europe wave 6, version 7.0.0 (unweighted).
Countrya

Bb

aORc (95% CI)

P value

Austria

–0.616

0.540 (0.419-0.697)

<.001

Germany

–0.797

0.451 (0.352-0.576)

<.001

Sweden

–0.842

0.431 (0.316-0.588)

<.001

Spain

–0.328

0.720 (0.558-0.931)

.01

Italy

–0.554

0.574 (0.415-0.795)

.001

France

–0.909

0.403 (0.312-0.520)

<.001

Denmark

–1.279

0.278 (0.196-0.396)

<.001

Greece

–0.062

0.940 (0.717-1.232)

.65

Switzerland

–0.675

0.509 (0.376-0.690)

<.001

Belgium

–0.808

0.448 (0.356-0.557)

<.001

Israel

–0.557

0.573 (0.383-0.856)

.007

Czech Republic

–0.795

0.452 (0.367-0.557)

<.001

Poland

–0.166

0.847 (0.521-1.377)

.50

Luxembourg

–0.802

0.448 (0.275-0.732)

.001

Portugal

0.351

1.421 (0.862-2.342)

.168

Slovenia

–0.500

0.606 (0.430-0.856)

.004

Estonia

–0.788

0.455 (0.371-0.557)

<.001

Croatia

–0.300

0.741 (0.529-1.038)

.08

a

Unweighted n values: Austria, 2523; Germany, 3853; Sweden, 3205; Spain, 4079; Italy, 3297; France, 2904; Denmark, 3110; Greece, 4128; Switzerland,
2329; Belgium, 3999; Israel, 1242; Czech Republic, 3941; Poland, 1161; Luxembourg, 1394; Portugal, 1284; Slovenia, 2523; Estonia, 4154; Croatia,
2274.
b

B: Standardized Coefficients

c

aOR: adjusted odds ratio from the logistic regression with adjustment for age, gender, years of schooling, self-perception of financial stress, limitations
to activities of daily life, EURO-D score, physical inactivity, geographical distance from social network, and loneliness.

Discussion

interest them, because it contributes to self-confidence [37] and
facilitates access to services [69].

Principal Findings

In this study, it was also possible to verify that in the European
context, countries in Eastern and Southern Europe had the
highest percentages of individuals experiencing high levels of
social isolation. This result is consistent with results in other
studies comparing the northern European countries with southern
European countries, which indicate the existence of greater
social isolation in the southern countries [70]. In line with other
research [3,10,11], this study concludes that high levels of social
isolation are more common in older female individuals [71].
This finding contradicts the results of other research that
identifies men as being more isolated than women [13,18]. The
results also reveal that the most isolated individuals also have
more financial difficulties, as noted in other research [3,13,18],
and they experience higher levels of loneliness, as also noted
in other research [19]. In this study, individuals in situations of
high social isolation also reported being more geographically
distant from their social network. The impact of increased
geographical distance on establishing social interactions at an
older age was previously underlined by other surveys showing
that one of the main reasons for losing elements of adult social
networks is a change in residence of these individuals [72]. In
terms of health, people experiencing high levels of social

The aim of this study was to analyze the relationship between
internet use and social isolation of individuals aged ≥50 years.
The results evidence that in most of the European countries
analyzed, as well as in Israel, use of the internet by adults aged
≥50 years is related to a decreased likelihood of high levels of
social isolation. Thus, this study contributes to the open debate
in literature [37,50] for which other surveys present
contradictory results. This could be related to the results of other
studies [11,20,67] that suggest that the internet may facilitate
communication and therefore enable individuals to maintain
important contacts [36,39,68]. The internet may therefore
contribute to less social isolation, even in less favorable contexts
[12], such as when older people live at a greater geographical
distance from elements of their social networks following
retirement, migration, or a change in residence for other reasons
[2,12-15]. However, the impact of ICT cannot be explained
solely in terms of the fact that it creates opportunities for
communication. The literature reveals that it counters social
isolation by enabling people to obtain social support and
motivating individuals to participate more in activities that
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isolation also report being frailer, both physically and mentally
[3,18].
However, as previously mentioned, the main contribution of
the study is that after controlling for the impact of these
variables, internet use is associated with lower risk of social
isolation.

Limitations
This study has several limitations. The main limitation is that
a single item was used to measure overall internet use.
Nevertheless, a yes/no response to whether someone regularly
uses the internet has frequently been used to assess internet use
by older people [25,45,51,67]. In the same vein, this measure
was used in the SHARE project. Nonetheless, considering that
the impact of the internet in the social sphere depends on the
type of activities conducted on the web [73-75], it is important

Silva et al
for future studies to consider the impact that different uses of
the internet may have on social isolation. Furthermore, future
research should consider longitudinal analyses to explore
causality.

Conclusion
The results of this research contribute to the scientific debate
about the relationship between internet use and social isolation,
showing that even after controlling for the main determinants
of social isolation, the use of the internet is related to lower
levels of isolation in several countries.
These results indicate the importance of developing public
policies in Europe aimed at increasing rates of internet use as
a way to ensure e-inclusion and prevent social isolation at an
older age.
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Abstract
Background: Although recent developments in mobile health have elevated the importance of how smartphones empower
individuals to seek health information, research investigating this phenomenon in Asian countries has been rare.
Objective: The goal of our study was to provide a comprehensive profile of mobile health information seekers and to examine
the individual- and country-level digital divide in Asia.
Methods: With survey data from 10 Asian countries (N=9086), we ran multilevel regression models to assess the effect of
sociodemographic factors, technological factors, and country-level disparities on using smartphones to seek health information.
Results: Respondents who were women (β=.13, P<.001), parents (β=.16, P<.001), employed (β=.08, P=.002), of higher social
status (β=.08, P<.001), and/or from countries with low health expenditures (β=.19, P=.02) were more likely to use smartphones
to seek health information. In terms of technological factors, technology innovativeness (β=.10, P<.001) and frequency of
smartphone use (β=.42, P<.001) were important factors of health information seeking, whereas the effect of online information
quality was marginal (β=–.04, P<.001).
Conclusions: Among smartphone users in Asia, health information seeking varies according to individuals’ socioeconomic
status, their innovativeness toward technology, and their frequency of smartphone use. Although smartphones widen the digital
divide among individuals with different socioeconomic status, they also bridge the divide between countries with varying health
expenditures. Smartphones appear to be a particularly useful complement to manage health in developing countries.
(J Med Internet Res 2022;24(1):e24086) doi:10.2196/24086
KEYWORDS
smartphone; health information seeking; Asia; user profile; digital divide

Introduction
Background
With the development of mobile technology and the spread of
its use, smartphones have facilitated several positive
health-related outcomes, including the increased provision of
psychological interventions [1], improved access to health
services, and reductions in various forms of social inequality
[2] in populations worldwide. In that context, mobile health
https://www.jmir.org/2022/1/e24086
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(mHealth) refers to public health or medical practices that
involve using mobile information communication technologies
(ICTs) to seek out health information, communicate with health
care professionals, and monitor personal health [3]. Since
mHealth provides individuals with ubiquitous access to timely
health services at low cost, it can play a major role in bridging
inequalities in digital access to health care services [4,5].
In particular, the act of seeking health-related information online
has received substantial research attention, but mainly in western
J Med Internet Res 2022 | vol. 24 | iss. 1 | e24086 | p.895
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countries. For example, analyses of the data from several surveys
on the topic administered in the United States and Germany
[6,7] have provided valuable insights into the determinants and
outcomes of such information-seeking behavior in those
populations. By contrast, research investigating such behavior
in Asian countries has been sorely limited, especially with
respect to health information seeking on smartphones [8].
To address this gap in the literature, we designed this study to
investigate the factors contributing to mHealth information
seeking (MHIS) to profile such information seekers in Asia
using data from 10 Asian countries. In effect, our comprehensive
profiling stands to help service providers understand the
mHealth market from the perspective of users. We also sought
to examine the extent to which individual- and country-level
digital divides exist in MHIS across various Asian countries.
To the best of our knowledge, this project represents by far the
largest multinational survey on smartphone users in Asia. Thus,
its findings are expected to provide theoretical insights into both
MHIS and its practical implications, all of which may support
efforts to bridge the digital divide in Asia.

Profiling mHealth Information Seekers
The primary objective of this study was to investigate factors
related to MHIS to ultimately profile such information seekers
in Asia. Previous research has examined correlates of using
mHealth that can be classified into four groups: consumers’
motivations and needs for health information [9,10]; driving
factors behind adopting mHealth according to theories about
technology and health behavior (eg, technology acceptance
model, diffusion of innovation theory, and comprehensive model
of information seeking) [8,11,12]; sociodemographic features
of mHealth users, including their age, gender, education, and
income [13-16]; and boundary conditions (eg, cultural context)
of theoretical models applied in examining the use of
smartphones for health-related purposes [17-19].
Zhao et al [11] recently performed a meta-analysis of 35
empirical studies on mHealth, the overall results of which
diverged depending on the context studied and the characteristics
of the sample. Their meta-analysis also revealed that the findings
of most studies have been based on data from small samples in
single-culture contexts, whereas few studies have used
multinational data from diverse cultural contexts. Moreover,
Wang et al [8] found that technological factors were important
yet neglected factors in determining individuals’ online health
information–seeking behaviors. Thus, in response to these gaps,
we profiled mHealth information seekers in Asia according to
their sociodemographic characteristics as well as perceptions
of technology.
Parallel to the rise of mHealth technologies, discussions about
the quality of health information available online have also
intensified. From the perspective of information systems, a high
level of information quality—defined as the credibility and
reliability of information in terms of relevance, sufficiency,
accuracy, and timeliness [20]—promotes the use of information
systems [21]. At the same time, studies have highlighted users’
concerns with the quality of health information available online,
which could hinder online information seeking about
health-related topics [22]. Nevertheless, few studies have
https://www.jmir.org/2022/1/e24086
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examined how information quality affects the behavior of MHIS
[8].
Against this trend, research has suggested that the adoption of
new technology may be primarily driven by how individuals
perceive its innovativeness [23]. According to the diffusion of
innovation theory, technology innovativeness, defined as the
degree to which an individual perceives a technological device
to be innovative and is thus willing to experiment with using
it, is an important factor for adopting technology [24]. Recently,
technology innovativeness was also identified as a significant
determinant of the intention to use mHealth [25]. In light of
these findings, we aimed to scrutinize the effect of online
information quality and technology innovativeness on MHIS.

The Digital Divide and Seeking Health Information
on Smartphones
The ability to seek health-related information online has been
found to enable individuals to make informed decisions about
their health, provide individuals in need with disease-related
social support, and help patients adhere to their medication and
treatment regimens [8,19]. Nevertheless, extensive research has
also revealed that not all individuals benefit equally from
assessing and consuming health information online [6,7,26,27].
A critical reason for this inequality is the so-called “digital
divide,” a phenomenon related not only to internet access but
also to the existence of a gap between people who can and
cannot effectively use new communication tools (eg,
smartphones) or comprehend new information [28]. Past
findings have additionally suggested that smartphones can act
either as a bridge or as a barrier for people in assessing
health-related information, depending on their socioeconomic
status (SES) [6,29-31].
Thus, in a final contribution to the literature, we also tested the
digital divide in MHIS at the individual as well as national levels
in Asia. To date, scholars have suggested that the global digital
divide has narrowed the most for mobile phone use, likely
because many developing countries have simply stopped using
fixed-line communication as their access to technology has
advanced [32]. Therefore, we expected that with smartphones,
residents in less developed countries can easily access the
internet and health information, which may in turn reduce the
inequality in MHIS in those countries.

Methods
Procedure and Participants
For our sample, 9086 adults in 10 Asian countries (China, India,
Indonesia, Thailand, the Philippines, Malaysia, South Korea,
Japan, Vietnam, and Singapore) were recruited in 2016. In line
with the procedures of cross-cultural research [33,34], the data
were collected from major cities in all countries using
synchronous data collection between June 2016 and October
2016. The questionnaire developed for this purpose was
translated into each country’s dominant language using standard
translation and back-translation, after which it was distributed
in each country through an online survey company. To
participate, individuals had to have a smartphone and be between
18 and 55 years of age. The total sample comprised at least 800
J Med Internet Res 2022 | vol. 24 | iss. 1 | e24086 | p.896
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respondents from each country who were evenly distributed by
age and gender in order to fully capture the situation of each
stratum in the population. Given these methods, the Institutional
Review Board at Nanyang Technological University approved
the study.
The participants were adult smartphone users from 10 Asian
countries: mainland China (n=1238), India (n=1238), Indonesia
(n=824), Thailand (n=821), the Philippines (n=843), Malaysia

Wang et al
(n=837), South Korea (n=858), Japan (n=804), Vietnam
(n=809), and Singapore (n=814). In total, 9086 smartphone
users were recruited. Participants ranged in age from 18 to 55
years, and the majority were women. Nearly three-quarters of
the participants had completed college, university, and/or
graduate school, and more than half were married and had at
least one child. Approximately 88% of participants were
employed or self-employed. Detailed descriptive statistics of
the sample are given in Table 1.

Table 1. Demographic characteristics of the sample.
All participants (N=9086)

Frequent seekersa (n=6508)

Man

4716 (51.90)

3292 (50.58)

Woman

4370 (48.10)

3216 (49.42)

34.3 (9.11)

33.7 (8.80)

Married

5369 (59.09)

3889 (59.76)

Single, divorced, separated, or widowed

3717 (40.91)

2619 (40.24)

No children

3924 (43.19)

2526 (38.81)

At least one child

5162 (56.81)

3982 (61.19)

High school or less

2580 (28.40)

1686 (25.91)

College or university

5101 (56.14)

3755 (57.70)

Graduate school or more

1405 (15.46)

1067 (16.40)

Employed

7971 (87.73)

5808 (89.24)

Unemployed, homemaker, or retired

1115 (12.27)

700 (10.76)

Smartphone use, mean (SD)

4.87 (1.17)

5.16 (1.01)

Concern with online information quality, mean (SD)

5.15 (1.18)

5.23 (1.15)

Technology innovativeness, mean (SD)

4.42 (1.46)

4.68 (1.34)

Characteristic
Gender, n (%)

Age (years), mean (SD)
Marital status, n (%)

Have child(ren), n (%)

Level of education, n (%)

Employment status, n (%)

a

“Frequent seekers” reported seeking health information on their smartphones at least a few times per month.

Measures
Quantifying MHIS
Participants reported how frequently they used their smartphones
to seek information about health and medical issues on a 5-point
scale (1=never, 2=rarely [ie, once per month], 3=sometimes [ie,
a few times per month], 4=often [ie, a few times per week],
5=always [ie, daily]). This item was adopted to measure
participants’ MHIS (mean 3.17, SD 1.23).

Demographics
Participants reported their gender (0=man, 1=woman), age,
marital status (1=married, 0=single, divorced, separated, or
widowed), and parental status (1=have child(ren), 0=no
children).
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Objective SES
Level of education, employment status, and monthly household
income were employed as indicators of objective SES [35].
Participants were asked to report their level of education (0=high
school or less, 1=college or university, 2=graduate school or
more), employment status (0=unemployed, 1=employed), and
monthly income. Given that income levels vary across countries,
we standardized the reported monthly income within each
country to enable comparisons and analyses across the 10
countries.

Subjective SES
A scale for measuring subjective SES was employed [36], in
which participants were asked to rate their perceptions of their
SES on a 10-rung hierarchical scale. The bottom of the scale,
where the score was 1, represented participants who perceived
themselves as having the least wealth, the least education, and
the least-respected jobs, or no job whatsoever, compared with
J Med Internet Res 2022 | vol. 24 | iss. 1 | e24086 | p.897
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
those of others. The top of the scale, where the score was 10,
represented participants who perceived themselves as having
the most wealth, the most education, and the most respected
jobs relative to others. Participants were asked to place an “X”
on the rung of the scale that they believed best reflected their
SES (mean 5.84, SD 1.78).

Technological Factors
Technological factors included participants’ self-reported
perceptions of technology and frequency of smartphone use.
Items were adapted from previous studies that involved the
measurement of similar concepts [37,38].
Perceived online information quality was assessed on a 7-point
Likert scale from 1 (strongly disagree) to 7 (strongly agree).
Participants rated to what extent they agree with the following
two items: “In general, there is less control over the quality of
the content posted online” and “There is a lot of fake news
online these days.” The answers were recoded such that a larger
number indicated a higher perceived quality of information
online (mean 5.16, SD 1.22; r=0.59).
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Data Analysis
Multilevel linear regression models were constructed to
determine the effect of individual-level characteristics and
country-level inequalities in MHIS, after which analyses were
performed using the lme4 package in R, an open-source program
for statistical analysis. The model-building process involved
three steps: (1) a univariate analysis of each variable using
appropriate statistical tests (eg,t test, analysis of variance, or
Pearson correlation), (2) a model including any variables whose
univariate test had a P value less than .25, and (3) a two-level
linear model with variances specified at the individual level and
country level. In this paper, the results of multilevel linear
regression analysis are presented in terms of their standardized
β coefficients and model statistics. A two-sided P value of less
than .05 for all tests was considered to be statistically significant.

Results
Descriptive Analysis

The frequency of smartphone use was determined according to
participants reporting how often they used their smartphones
for the following activities in the past year: (1) keeping up to
date with news and information, (2) using social networking
sites or apps, (3) using electronic banking, and (4) playing games
or watching entertaining videos. The answers were recorded on
a 5-point Likert scale where 1=never, 2=rarely (once a month),
3=sometimes (few times a month), 4=often (few times a week),
and 5=always (daily). The four items were averaged on a scale
of the frequency of smartphone use (mean 3.91, SD 0.78).

The sociodemographic characteristics of the participants are
shown in Table 1. Of the 9086 smartphone users sampled, only
996 (10.96%) had never sought health-related information on
their smartphones. By contrast, 71.63% (n=6508) reported
seeking such information on their smartphones at least a few
times per month. Other than seeking health-related information,
most participants reported regularly using smartphones to keep
themselves informed of the latest news and information
(8650/9086, 95.20%), build and maintain social networks
(8432/9086, 92.80%), use electronic banking (7578/9086,
83.40%), play video games (7196/9086, 79.20%), and watch
entertaining videos (7196/9086, 79.20%). Generally, the
participants considered themselves to be interested in
technological innovation and new technology (mean 4.42, SD
1.46). Regarding their concerns over the quality of online
information, more than half agreed (Likert scale>4) that there
is less control over the quality of online content than content
from other media outlets (6108/9086, 67.22%) and that there
is a lot of fake news online (6766/9086, 74.47%).

Country-Level Digital Divide

Individual-Level Analyses

The country-level digital divide was measured using the ICT
Development Index (IDI) from the International
Telecommunication Union database of development indicators
[39], which indicates the level of the development of ICT
infrastructure in a given country. The IDI generates a score from
1 to 10, and of the countries sampled, India scored the lowest
(ie, 3.03) and South Korea scored the highest (ie, 8.85).
Economic inequality at the country level was measured using
the Gini index from the database of World Bank Development
Indicators [40]. The Gini index generally ranges from 0%
(perfect equality) to 100% (perfect inequality); of the countries
sampled, the Philippines scored the highest (ie, 44.4%), whereas
South Korea scored the lowest (ie, 31.6%). Health inequality
at the country level was measured by each country’s current
health expenditure (CHE) per capita based on the global health
expenditure database maintained by the World Health
Organization [41], which is reported in purchasing power parity,
ranging from 253 in India to 4563 in Japan.

In the univariate analyses, the frequency of using smartphones
to find health information was significantly higher among
participants who were women (t9085=4.00, P<.001), married
(t9085=–3.25, P=.01), employed (t9085=–9.06, P<.001), parents
(t9085=–16.83, P<.001), and/or had a high monthly household
income level (r=0.06, P<.001) and a high level of education
(F2,9084=58.0, P<.001). Moreover, the frequency of using
smartphones to seek health information was positively associated
with the level of subjective SES (r=0.29, P<.001) but was
negatively associated with age (r=–0.09, P<.001).

Technology innovativeness was assessed on a 7-point Likert
scale from 1 (strongly disagree) to 7 (strongly agree).
Participants indicated their technology innovativeness on the
following three items: “Your friends describe you as ‘into the
latest technology’,” “You often purchase new technology before
your friends,” and “You consider yourself technologically
sophisticated” (mean 4.43, SD 1.40; Cronbach α=.91).
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In terms of technology-related factors, the frequency of using
smartphones to search for health information was significantly
and positively associated with the frequency of smartphone use
in general (r=0.51, P<.001). Additionally, concern about online
information quality (r=0.14, P<.001) was significantly and
positively related to seeking health information on smartphones.
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The results of the multilevel regression analysis substantially
confirmed the findings of the univariate analyses (Table 2). For
individual-level characteristics, individuals who frequently
sought health-related information using their smartphones were
more likely to be women, to be employed, to have at least one
child, and to perceive themselves as having a high SES. At the
same time, age, household income, and marital status were not
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significantly related to MHIS in the regression model.
Frequencies of smartphone use and technology innovativeness
were positively related to seeking health information. However,
the relationship between concern over online information quality
and MHIS became negative with the presence of other factors.
Model statistics are summarized in Table 3.

Table 2. Multilevel regression analyses of mobile health information seeking.
Variable

Model 1

Model 2

Model 3

β (SE)

P value

β (SE)

P value

–.02 (.15)

.06 (.07)

.09

–.08 (.05)

.07

Woman

—a

Reference

Reference

Reference

Reference

Man

—

–.13 (.02)

<.001

–.13 (.02)

<.001

—

–.01 (.01)

.13

.01 (.01)

.11

Single, divorced, separated, or widowed

—

Reference

Reference

Reference

Reference

Married

—

-.004 (.02)

.42

–.004 (.02)

.41

High school or less

—

Reference

Reference

Reference

Reference

College or university

—

.02 (.03)

.14

.02 (.02)

.13

Graduate school or more

—

.08 (.02)

.004

.07 (.03)

.009

Monthly income

—

-.02 (.01)

.06

-.02 (.01)

.06

Subjective SESb

—

.08 (.01)

<.001

.08 (.01)

<.001

Unemployed

—

Reference

Reference

Reference

Reference

Employed

—

.08 (.02)

<.001

.08 (.02)

.002

No children

—

Reference

Reference

Reference

Reference

Have at least one child

—

.16 (.02)

<.001

.16 (.02)

<.001

Concern with online information quality

—

–.04 (.01)

<.001

–.04 (.01)

<.001

Technology innovativeness

—

.11 (.01)

<.001

.10 (.01)

<.001

Frequency of smartphone use

—

.42 (.01)

<.001

.42 (.01)

<.001

IDIc

—

—

—

.06 (.09)

.26

CHEd

—

—

—

–.19 (.09)

.02

GINIe

—

—

—

–.03 (.05)

.22

Intercept
Individual level
Gender

Age
Marital status

Education

Employment

Parental status

Country level

a

Not included in model.

b

SES: socioeconomic status.

c

IDI: Information Communications Technology Development Index.

d

CHE: current health expenditure per capita (purchasing power parity, 2017).

e

GINI: Gini index (World Bank estimate).
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Table 3. Statistics for the multivariate regression models.

a

Model statistic

Model 1

Model 2

Model 3

Level 1 variance (SD)

0.88 (0.94)

0.66 (0.18)

0.66 (0.82)

Level 2 variance (SD)

0.15 (0.38)

0.03 (0.18)

0.02 (0.13)

Intraclass coefficient

N/Aa

N/A

0.14

Log-likelihood

24685.7

22167.3

22160.1

N/A: not applicable.

Country-Level Analyses
Table 4 presents the overall descriptive analysis at the country
level. We found that the frequency of seeking health information
using smartphones was the highest in Vietnam (mean 4.57, SD
1.83), followed by Indonesia (mean 4.31, SD 1.63), India (mean
4.06, SD 1.73), China (mean 4.00, SD 1.60), the Philippines
(mean 3.96, SD 1.62), Thailand (mean 3.94, SD 1.72), Malaysia
(mean 3.53, SD 1.68), South Korea (mean 3.48, SD 1.72),
Singapore (mean 3.10, SD 1.54), and Japan (mean 2.29, SD
1.46). The distribution of overall smartphone use across
countries showed a similar pattern to that of using such
technology to seek health information. People in Vietnam (mean
5.05, SD 1.15), China (mean 5.03, SD 0.94), India (mean 4.90,
SD 1.06), Thailand (mean 4.85, SD 1.05), Indonesia (mean
4.80, SD 1.00), and the Philippines (mean 4.76, SD 0.93)

reported a higher frequency of using their smartphones for news
and information, electronic banking, social networking, and
entertainment than people in Malaysia (mean 4.44, SD 1.06),
South Korea (mean 4.40, SD 1.08), Singapore (mean 4.18, SD
1.06), and Japan (mean 3.61, SD 1.20).
Figure 1 shows a scatterplot of the relationship between CHE,
IDI, the Gini index, and MHIS among the 10 Asian countries.
All three factors of inequality at the country level were highly
related to information-seeking behavior. Countries with a low
Gini index, low IDI, and low CHE were more likely to rely on
smartphones as a source for their health information. However,
the multilevel regression analysis (Table 2) showed that CHE
was the only significant factor related to individuals’ MHIS.
Economic inequality and IDI were not significantly associated
with MHIS in the regression model.

Table 4. Country-level statistics.

a

Country

Sample, n

MHISa (SD)

General smartphone use (SD)

COIQb (SD)

IDIc

CHEd

GINIe

China

1238

3.34 (1.11)

4.11 (0.67)

4.85 (1.12)

5.60

841.1

38.6

India

1238

3.39 (1.19)

4.09 (0.71)

5.36 (1.20)

3.03

253.3

35.7

Indonesia

824

3.58 (1.11)

4.03 (0.70)

5.31 (1.11)

4.33

367.9

38.1

Japan

804

2.09 (1.10)

3.11 (0.93)

4.28 (1.43)

8.43

4563

32.1

South Korea

858

2.97 (1.21)

3.68 (0.79)

4.94 (1.19)

8.85

2980

31.6

Malaysia

837

3.03 (1.18)

3.82 (0.74)

5.37 (1.06)

6.38

1139

41.0

Philippines

843

3.37 (1.12)

4.10 (0.64)

5.55 (1.10)

4.67

371.7

44.4

Singapore

814

2.75 (1.11)

3.64 (0.78)

5.23 (1.00)

8.05

4270

35.6

Thailand

821

3.29 (1.20)

4.10 (0.71)

5.35 (1.12)

5.67

670.9

36.5

Vietnam

809

3.72 (1.20)

4.18 (0.71)

5.46 (1.33)

4.43

375.6

35.5

All

9086

3.17 (1.23)

3.91 (0.80)

5.16 (1.22)

5.94

1583

36.9

MHIS: mobile health information seeking.

b

COIQ: concern with online information quality.

c

IDI: Information Communications Technology Development Index.

d

CHE: current health expenditure per capita (purchasing power parity, 2017).

e

GINI: Gini index (World Bank estimate).
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Figure 1. Current health expenditure (per capita) and mobile health information seeking in 10 Asian countries. The size of the nodes represents the
Information Communications Technology Development Index (IDI), and the shading of the nodes represents the Gini index of the countries.

Discussion
Principal Findings
Understanding how individual- and country-level differences
in MHIS are affected by socioeconomic conditions is important
for developing and evaluating public health policy. Studies have
suggested that the digital divide is a serious barrier that largely
contributes to health inequality [42]. In our study, we extended
these findings by examining MHIS in Asia and the digital divide
associated with such behavior at both the individual and country
levels. Based on a sample of 9068 participants from 10 Asian
countries, our results suggest that the act of seeking health
information with smartphones varies according to individuals’
SES, perceptions of technology, and country of residence. It
seems that smartphone technology widens the digital divide
throughout the socioeconomic structure of society, such that
individuals who are of higher education or subjective SES,
married, parents, and/or employed are more likely to use
smartphones to seek health information. However, smartphones
also bridge the gap between countries to some extent.
Individuals from countries with lower expenditures in health
are more likely to use smartphones to seek health information.
The multilevel digital divide documented in our study has
practical implications for public health professionals.

Profiling Mobile Health Information Seekers in Asia
Being a woman has consistently predicted increased activity in
seeking health information online [13-16]. Women tend to use
smartphones for obtaining health information more often than
men owing to their higher engagement in health-related activities
for themselves and their family members. In that light, our study
extends past findings to the Asian context. Interestingly,
although age has been emphasized as an important factor of
social division in previous studies [6], its effect was not
significant in our regression models, possibly due to the
nonlinear relationship between age and MHIS. Younger and
older generations emerged as being more likely to use
https://www.jmir.org/2022/1/e24086
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smartphones to seek health information than middle-aged
individuals. This may reflect the fact that the younger generation
is more familiar and comfortable with using smartphones to
meet their everyday needs, including health-related needs,
whereas the older generation has a strong motivation and need
to seek health information from any source.
Our findings also highlight the important role of technological
factors in explaining MHIS. The perceived innovativeness of
technology was a primary factor for accepting new technology,
including in relation to mHealth. Information quality surfaced
as another factor related to seeking health information, because
the information involved in these practices is highly personal
and thus sensitive. However, previous studies on mHealth have
not sufficiently investigated the role of these technological
factors [8]. Future studies aiming for a comprehensive
understanding of MHIS should thus include the factors of
technology innovativeness and information quality.

Individual-Level Digital Divide
Our study confirmed that individuals who are of higher
education or social status, married, parents, and/or employed
are more likely to use smartphones to seek health information.
Therefore, our results extend previous findings to the Asian
context. The digital divide in health refers to inequalities not
only in internet access, mobile technology, and social media
but also in the ability to comprehend the information found
online. Although access to the internet or smartphones is now
ubiquitous in most Asian countries, a second level of
socioeconomic inequalities such as different levels of education
and SES affect individuals’ ability to seek and comprehend
online information [8,28]. Therefore, future studies should focus
on this second level of the digital divide and its influence on
mHealth across various social groups. Public health efforts
attempting to leverage the power of mobile technology should
also adopt different strategies to avoid inequalities across social
structures. For instance, online communication–based
interventions should better investigate and address issues
J Med Internet Res 2022 | vol. 24 | iss. 1 | e24086 | p.901
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pertaining to eHealth literacy, including the ability to seek, find,
understand, and appraise health information from electronic
sources, so as to reduce inequalities in communication across
different socioeconomic groups.

Country-Level Digital Divide
At the country level, we found that participants from countries
that spend less on health per capita were more likely to rely on
smartphones as a source for health information. This result
stresses that smartphones in developing countries, including
China, India, the Philippines, Indonesia, Vietnam, and Thailand,
may function as a tool for managing daily activities, including
seeking health information. Considering that these Asian
countries have a relatively high mobile internet penetration rate
[43], our results provide evidence that smartphones act as tools
that can bridge health inequalities between countries. In
developing countries where health or digital resources are
limited, mobile technology may also help individuals to access
information about health as well as manage their health.
Whereas previous studies investigating the digital divide in
access to health information and technology have focused on
the socioeconomic characteristics, internet access, and
information literacy of individuals, our study examined the
digital divide at both the individual and country levels.
Therefore, this study adds a new dimension for understanding
the digital divide in mHealth.

Strengths and Limitations
The strengths of our study include its large sample, and the
collection of data on individuals’ smartphone use and
perceptions in several Asian countries. A previous meta-analysis
suggested that studies about information-seeking behavior with
mobile technology in Asia with large samples have been lacking
[8]. Thus, our study has filled this gap through administering
by far the largest multinational survey on smartphone users in
Asia. Another strength was that two levels of the digital divide
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were examined, which furnishes considerable knowledge about
the digital divide in MHIS.
Nevertheless, the limitations of our study should be noted when
generalizing the findings. First, our sample was not
representative. Our participants were smartphone owners who
live in urban areas in each country sampled. Despite variance
in our participants’ SES, their relatively high SES may limit
the generalizability of the findings. Second, we only examined
the role of socioeconomic factors and technology perceptions
on MHIS. Other psychological-related factors (eg, attitude,
self-efficacy, perceived risk, worry, and anxiety) should also
be taken into consideration in future studies with the aim of
forming a comprehensive understanding of such phenomena
[8]. Finally, information quality has drawn great attention from
both academia and industry because of prevalent misinformation
online [44]. Although our study found a marginal effect of
information quality, future studies aiming to gain a nuanced
understanding of such a phenomenon could examine the
multidimensional nature of information quality or the reciprocal
relationship between perceived online information quality and
information seeking.

Conclusion
Among smartphone users in Asia, seeking health information
on mobile devices varies according to the users’ SES,
perceptions of technology and information, and their
governments’ health expenditures, but not in accordance with
the ICT divide or economic inequality at the country level.
These findings suggest that although smartphones represent a
readily available source of health information, they can also
create inequalities in the access to health information among
different socioeconomic classes of society. At the same time,
the findings imply that smartphones are widely accepted as a
tool for daily activities and communication in developing areas
in Asia. In that light, mobile technology appears to be a
particularly useful complement for the management of health
in developing countries.
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Abstract
Background: Given that cognitive decline lacks effective treatment options and has severe implications for healthy aging,
internet use may achieve nonpharmacological relief of cognitive decline through cognitive stimulation and social engagement.
Objective: This longitudinal study aimed to investigate the relationship between the diversity, frequency, and type of internet
use and cognitive decline, and to provide theoretical support and suggestions for mitigating cognitive decline in middle-aged and
older adults.
Methods: Data were obtained from a total of 10,532 survey respondents from the China Family Panel Studies database from
wave 3 (2014) and wave 5 (2018) of the survey. Cognitive function was measured using vocabulary tests, and internet use was
categorized into five aspects: study, work, socializing, entertainment, and commercial-related activities. Associations between
the diversity, frequency, and type of internet use and cognitive decline were estimated by controlling for demographic variables
and health status risk factors through fixed-effects models.
Results: After controlling for demographic and health status risk factors, the type and frequency of internet use were found to
be associated with cognitive functioning during the subsequent 4-year period, and different types of internet use had different
effects on cognitive decline. Frequency of internet use of at least once a week for study (β=0.620, 95% CI 0.061 to 1.180; P=.04),
work (β=0.896, 95% CI 0.271 to 1.520; P=.01), and entertainment (β=0.385, 95% CI –0.008 to 0.778; P=.06), as well as less
than once a week for social purposes (β=0.860, 95% CI 0.074 to 1.650; P=.06), were associated with better cognitive function.
Frequency of internet use of less than once a week for commercial-related activities (β=–0.906, 95% CI –1.480 to –0.337; P=.005)
was associated with poorer cognitive function. Using the internet for more than one type of activity (β=0.458, 95% CI 0.065 to
0.850; P=.03) and at least once a week (β=0.436, 95% CI 0.066 to 0.806; P=.02) was associated with better cognitive function.
Conclusions: This study shows that breadth and depth of internet use are positively associated with cognitive function and that
different types of internet use have different roles in cognitive decline. The importance of the internet as a nonpharmacological
intervention pathway for cognitive decline is emphasized. Future research could explore specific mechanisms of influence.
(J Med Internet Res 2022;24(1):e25760) doi:10.2196/25760
KEYWORDS
internet use; cognitive decline; China; fixed-effects analysis

Introduction
Cognitive decline is an irreversible process of pathological
changes in the brain that often starts in individuals aged 45 to
60 years [1]. The aggravation of cognitive decline is likely to
lead to dementia as well as physical disability and death [2].
https://www.jmir.org/2022/1/e25760
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Some studies have shown that almost 20% of Chinese people
over 60 years of age have mild cognitive decline and develop
dementia at a rate of 6% every year [3]. Although there is no
effective treatment for cognitive decline, neuroscience and
cognitive aging studies have shown that patients with cognitive
decline retain some cognitive abilities and plasticity [4,5]. The
results of an intervention evaluation on the impact of global
J Med Internet Res 2022 | vol. 24 | iss. 1 | e25760 | p.905
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dementia interventions showed that interventions that delay
disease onset and progression by 1 year would reduce the
incidence of dementia by 9.2 million cases in 2025 [6].
Cognitive decline is not only a significant burden on society
and the economy but also carries the pressure of informal care
costs and health resources. Therefore, the use of
nonpharmacological interventions for middle-aged and older
adults aged 45 years and above is of great significance in
reducing the occurrence of cognitive decline, slowing down
cognitive decline, and even reversing the disease [7].
In studies exploring risk factors for cognitive decline,
demographic variables, individual health status, and social
factors are largely taken into account, and the conclusions
reached are largely consistent. Among them, demographic
variables, such as age and education, are risk factors for
cognitive decline. Physical diseases, such as cardiovascular
disease and stroke [8]; unhealthy behaviors, such as smoking
and alcohol consumption [9-12]; and social isolation, loneliness,
depression, and other conditions [13-16] can also harm cognitive
function in middle-aged and older adults. The World Health
Organization (WHO), in its Guidelines for Mitigating the Risk
of Cognitive Decline and Dementia, recommends reducing the
risk of cognitive decline by living a healthy lifestyle. However,
there are individual differences among older people, including
reduced mobility, physical deterioration, social isolation, and
differences in their surroundings, resulting in limited access
and low availability of resources [17]. The increase in internet
penetration has allowed internet use to gradually penetrate
middle and older age groups [18]. The researchers are interested
in the impact of internet use as a cognitive stimulus on
middle-aged and older adults, providing an opportunity to
mitigate cognitive decline. This measure is highly actionable.
Over the past few years, researchers have conducted several
studies on the effects of internet use on cognition. Research
shows that using the internet can improve the choice ability of
older adults with cognitive decline. Training older adults to use
computers and the internet can positively impact their quality
of life [18]. Owning electronic devices can reduce cognitive
decline in older adults [17,19]; older adults’ use of email, serious
video games, and virtual reality may mitigate cognitive decline
[19,20]. Learning and using online social networking sites can
be used as interventions to maintain or enhance cognitive
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function in older adults [21]. The use of social networking sites
by older adults will improve perceived social support and
connection, and reduce perceived social isolation [22]. Previous
studies mainly measured internet use as the use of email or
digital devices. They used cross-sectional data more often to
determine the impact of internet use on cognitive decline. In
the Chinese context, email is hardly representative of internet
use. China Family Panel Studies (CFPS) is a biennial
prospective observational study; this study used 2014 data as
the baseline and 2018 data as the follow-up to investigate the
following: (1) whether five types of internet use were
independently associated with cognitive decline in middle-aged
and older adults and (2) whether frequency and diversity of
internet use were independently associated with cognitive
decline in middle-aged and older adults.

Methods
Sample and Data Collection
The data for this study were from the CFPS database survey
data that were collected in 2014 (wave 3) and 2018 (wave 5)
[23]. The 2 years of survey data were collected using the same
cognitive test questions, and both tested the internet use module.
The CFPS baseline (2010) sample covers 25 provinces,
municipalities, or autonomous regions, representing 95% of
China’s population. The researchers who conducted the 2010
baseline survey interviewed a total of 14,960 households and
42,590 individuals, and they launched a long-term follow-up
survey of individual samples. Data cleaning resulted in a sample
of 37,147 respondents. This study consisted of 10,532 adults
aged 45 years or older in 2014. We used data from wave 3 in
2014 as baseline data, and we used data from wave 5 in 2018
as follow-up data, which had been collected after a 4-year
follow-up period. Cognitive function was tested using the same
questions at baseline testing and during follow-up. We further
excluded samples according to the following criteria: (1)
respondents aged less than 45 years at baseline (n=16,624), (2)
no information provided on cognitive function (n=3196) or
internet use (n=0), (3) loss of respondents after matching the
two waves (n=5091), and (4) missing sample of control variables
(n=1704). A total of 10,532 respondents were finally screened.
Figure 1 illustrates the exclusion criteria and the process of
respondent screening.
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Figure 1. Flowchart showing respondent screening.

Measures
Dependent Variable
Cognitive function was the dependent variable. In order to assess
the level of cognitive function, we used a vocabulary test. The
test, which consisted of 34 Chinese characters, sought to
measure one’s vocabulary by testing a respondent’s ability to
recognize difficult characters; the score ranged from 0 to 34
[24].
https://www.jmir.org/2022/1/e25760
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Independent Variables: Internet Use
In this study, we examined internet use from the following three
aspects:
1.

Type of internet use. This item included the frequency of
using the internet for the following five topics: study, work,
socializing, entertainment, and commercial-related
activities. For example, “In general, how frequently do you
use the internet to study, such as searching for study
J Med Internet Res 2022 | vol. 24 | iss. 1 | e25760 | p.907
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2.

3.

materials or online study courses?” The survey participants
selected a frequency to reflect their use of the internet for
each purpose. The variable was coded as 0 (none), 1 (less
than once a week), or 2 (at least once a week).
Diversity of internet use types. This represented the
participant’s total number of different internet use types,
which were coded as 0 (none), 1 (one type), or 2 (more than
one type).
Frequency of internet use. This represented the participant’s
maximum frequency of internet use. We merged the groups
who reported a frequency of more than once a week and
recoded the responses as “at least once a week.” Groups
who reported a frequency of less than once a week were
combined, and the responses were recoded as “less than
once a week.” Therefore, the variable was coded as 0
(none), 1 (less than once a week), or 2 (at least once a
week).

Control Variables
A set of variables previously revealed to be associated with
internet use and cognitive function (ie, gender, age, educational
attainment, marital status, household income, residency, health
status, and retirement status) were controlled to provide more
compelling evidence by reducing the amount of confounding
influence they might have on the effects of internet use. Gender,
marital status, residency, and retirement status were defined as
dichotomous variables (gender: 0 [man] or 1 [woman]; marital
status: 0 [single] or 1 [married or living as married]; residency:
0 [rural] or 1 [urban]; retirement status: 0 [no] or 1 [yes]). Age
was measured in years, and educational attainment was
measured by asking the respondent to indicate the highest level
of education completed: 1 (illiterate), 2 (primary school), 3
(junior high school), 4 (senior high school), or 5 (college and
above). Health status was measured according to respondents’
self-rated physical health status: 1 (poor), 2 (fair), 3 (good), 4
(very good), or 5 (excellent). Household income was the total
income from all types of work and nonwork for all household
members divided by the number of household members; this
was log-transformed because of its highly skewed distribution.

Data Analysis
Descriptive analyses were conducted to summarize the
demographic characteristics of the study sample. Participants’
characteristics were summarized using mean (SD) for continuous
variables and proportions for categorical variables. We aimed
to determine whether there was a significant difference in the
highest frequency and diversity of internet use between different
groups. In this case, the chi-square test was used for categorical
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variables, and we used the Kruskal-Wallis test for all continuous
variables.
We used the Hausmann test, which is more suitable for panel
data processing, to implement the fixed-effects model, taking
into account both individual and time effects of the sample. The
measurement model is constructed as follows:
CognitionFunctionit = β1Internetit + β2xit + αi + μt +
εit
CognitionFunctionit represents the score of individual i on a
word test of cognitive function at time t; Internetit represents
individual i’s purpose, frequency, and diversity of different
internet uses at time t; xit represents characteristics of individual
i over time, including marital status, retirement status, income,
and general health; αi represents characteristics of individual i
that do not change over time, including gender, education level,
and possible unobservable effects; μt represents the effect that
time t does not vary from individual to individual; and εit
represents the error term.
The main model consisted of three regression equations
measuring the following three relationships: the relationship
between the diversity of respondents’ internet use and their
cognitive function, the relationship between respondents’
maximum frequency and their cognitive function, and the
relationship between respondents’ frequency of internet use for
different purposes and their cognitive function. Control variables
were included throughout the analyses. All analyses were
performed using R (version 4.0.2; The R Foundation).

Results
Descriptive Statistics
The basic characteristics of the whole sample population
(N=10,532) at baseline for this study (ie, wave 3) are shown in
Table 1. The mean age of the respondents was 58.7 (SD 9.3)
years, 5405 (51.3%) participants were female, and 3526 (33.5%)
participants were retired. A total of 10,202 (96.9%) participants
had no college education, 9518 (90.4%) were married or
cohabiting, and 6456 (61.3%) considered their health to be good.
The mean household income of the participants was ¥12,737.30
(SD ¥16,569.10; mean US $1999.39, SD US $2600.87).
Moreover, we found that all covariates were significantly
associated with the frequency of internet use. In addition, we
observed that all covariates were significantly associated with
the frequency of respondents’ internet use by chi-square test
and Kruskal-Wallis test. This is consistent with the results of
previous studies.
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Table 1. Sample characteristics of respondents at baseline.
Variable

Value (N=10,532)

Frequency of internet use
Chi-squarea (df) or

Diversity of internet use
P value

b

Chi-squarea (df) or

P value

b

Kruskal-Wallis (df)

Kruskal-Wallis (df)

Gender, n (%)
39.7c (2)

<.001c

38.9 (2)

<.001

58.7 (9.3)

393.0 (2)

<.001

406.0 (2)

<.001

Illiterate

4001 (38.0)

2077.7 (8)

<.001

2227.0 (8)

<.001

Primary school

2459 (23.4)

Junior high school

2576 (24.5)

Senior high school

1166 (11.1)

College and above

330 (3.1)

10.4 (2)

.006

10.7 (2)

.005

508.7 (2)

<.001

508.4 (2)

<.001

33.6 (2)

<.001

43.8 (2)

<.001

12,737.30 (16,569.10) 547.0 (2)

<.001

547.0 (2)

<.001

Poor

2297 (21.8)

<.001

128.3 (8)

<.001

Fair

1179 (16.9)

Good

3760 (35.7)

Very good

1630 (15.5)

Excellent

1066 (10.1)

Male

5127 (48.7)

Female

5405 (51.3)

Age (years), mean (SD)
Educational attainment, n (%)

Marital status, n (%)
Single

1014 (9.6)

Married or living as married

9518 (90.4)

Residency, n (%)
Rural

5916 (56.2)

Urban

4616 (43.8)

Retirement status, n (%)
No

7006 (66.5)

Yes

3526 (33.5)
d

Household income (¥ ), mean (SD)
Health status, n (%)

a

126.1 (8)

Chi-square tests were performed for gender, educational attainment, marital status, residency, retirement status, and health status.

b

Kruskal-Wallis tests were performed for age and household income.

c

The statistical test value and the P value for a group of variables is listed in the top row of that group.

d

A currency exchange rate of US $1=¥6.37 is applicable.

Internet Use Among Older Adults
Table 2 shows data from two waves regarding the diversity,
frequency, and type of internet use among the middle-aged and
older adult population (N=10,532). The participation rates show
that respondents did not use the internet to a very high degree,
while in 2018, the usage rates saw a slight increase of 14.9%.
However, there were still more than 75% of middle-aged and
older adults who did not use the internet. In 2014, the lowest
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rate of internet use was for commercial-related activities (n=245,
2.3%), and the highest rate of internet use was for entertainment
(n=694, 6.6%). In 2018, the lowest rate of internet use was for
work (n=620, 5.9%), and the highest rate of internet use was
for socializing (n=2131, 20.2%). The 2-year comparison shows
that the middle-aged and older adult respondents who used the
internet for socializing had the highest growth rate of 15.3%,
while those who used the internet for work had the lowest
growth rate of 2.3%.
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Table 2. Internet use type, frequency, and diversity by respondents for each of the two waves.
Internet use

Participants (N=10,532), n (%)
Wave 3 (2014)

Wave 5 (2018)

None

9959 (94.6)

9609 (91.2)

Less than once a week

104 (1.0)

220 (2.1)

At least once a week

469 (4.4)

703 (6.7)

None

10,149 (96.4)

9912 (94.1)

Less than once a week

70 (0.7)

84 (0.8)

At least once a week

313 (3.0)

536 (5.1)

None

10,012 (95.1)

8401 (79.8)

Less than once a week

102 (1.0)

182 (1.7)

At least once a week

418 (4.0)

1949 (18.5)

None

9838 (93.4)

8449 (80.2)

Less than once a week

160 (1.5)

223 (2.1)

At least once a week

534 (5.1)

1860 (17.7)

None

10,287 (98.2)

9631 (91.5)

Less than once a week

191 (1.8)

507 (4.8)

At least once a week

54 (0.5)

394 (3.7)

None

9651 (91.6)

8081 (76.7)

One type

176 (1.7)

401 (3.8)

More than one type

705 (6.7)

2050 (19.5)

None

9651 (91.6)

8081 (76.7)

Less than once a week

73 (0.7)

105 (1.0)

At least once a week

808 (7.7)

2346 (22.3)

Type
Study

Work

Socializing

Entertainment

Commercial-related activities

Diversity

Frequency

In 2018, as compared to 2014, there was a 2.1% increase in the
number of subjects participating in one type of internet activity
and a 12.8% increase in the number of subjects participating in
more than one kind of online activity. The participation of
people 45 years of age and older in internet activities increased
in breadth. The subjects’ frequent participation (ie, at least once
a week) in online activities increased by 14.6% in 2018, as
compared to 2014, while participation of less than once a week
increased by 0.3%. Internet activity participation by people aged
45 years and over gradually shifted to deeper involvement.

Relationship Between Internet Use and Cognitive
Function
Table 3 outlines the contemporary association between cognitive
function and the diversity, frequency, and type of internet use
https://www.jmir.org/2022/1/e25760
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between waves 3 and 5 with other time-varying confounders
controlled. We included covariates in a fixed-effects model in
which residency and health status emerged as significantly
associated with cognitive function. Urban users were associated
with better cognitive function compared to rural users (β=0.687,
P=.03). Respondents in better health had better cognitive
functioning compared to those in poor health, with a health
status rating of “excellent” being most associated with better
cognitive functioning (β=0.602, P=.01). Our variables were all
categorical variables, and the rating “none” represents the
baseline level. The results of the fixed-effects model showed a
relationship between cognitive function and frequencies of
internet use of “less than once a week” and “at least once a
week,” as compared to a frequency of “none.” Participating in
multiple types of internet activities and engaging in internet
J Med Internet Res 2022 | vol. 24 | iss. 1 | e25760 | p.910
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activities at least once a week were associated with better
cognitive function in middle-aged and older adults (β=0.458,
P=.03; β=0.436, P=.02), whereas participating in a single type
of internet activity and using the internet less than once a week
were not associated with cognitive function. Using the internet
at least once a week for study and work was associated with
better cognitive function (β=0.620, P=.04; β=0.896, P=.01),
whereas using the internet less than once a week for study failed
to suggest a relationship and using the internet less than once
a week for work still predicted better cognitive function
(β=0.955, P=.11). Using the internet less than once a week for

https://www.jmir.org/2022/1/e25760

XSL• FO
RenderX

Yu et al
socializing and using it at least once a week for entertainment
were associated with better cognitive function (β=0.860, P=.06;
β=0.385, P=.06), but no relationship could be observed between
better cognitive function and using the internet at least once a
week for socializing and less than once a week for entertainment.
Using the internet less than once a week for commercial-related
activities was associated with worse cognitive function
(β=–0.906, P=.005). No relationship could be observed between
using the internet more than once a week for commercial-related
activities and better cognitive function.
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Table 3. Associations between cognitive function and internet use diversity, frequency, and type using fixed-effects regression.
Independent variables: internet usea,b

Dependent variable: cognitive function
β (95% CI)

P value

None

Reference

N/Ac

One type

0.319 (–0.328 to 0.966)

.33

More than one type

0.458 (0.065 to 0.850)

.03

None

Reference

N/A

Less than once a week

0.267 (–0.893 to 1.430)

.64

At least once a week

0.436 (0.066 to 0.806)

.02

None

Reference

N/A

Less than once a week

0.529 (–0.202 to 1.260)

.23

At least once a week

0.620 (0.061 to 1.180)

.04

None

Reference

N/A

Less than once a week

0.955 (–0.087 to 2.000)

.11

At least once a week

0.896 (0.271 to 1.520)

.01

None

Reference

N/A

Less than once a week

0.860 (0.074 to 1.650)

.06

At least once a week

0.004 (–0.364 to 0.372)

.98

None

Reference

N/A

Less than once a week

0.512 (–0.242 to 1.270)

.21

At least once a week

0.385 (–0.008 to 0.778)

.06

None

Reference

N/A

Less than once a week

–0.906 (–1.480 to –0.337)

.005

At least once a week

–0.566 (–1.280 to 0.152)

.15

Diversity

Frequency

Type
Study

Work

Socializing

Entertainment

Commercial-related activities

a

All models controlled for time-varying variables, including wave, gender, educational attainment, marital status, household income, residency, health
status, and retirement status.
b

There were 21,064 observations, and R2=0.002.

c

N/A: not applicable; this row is the reference value.

Discussion
Principal Findings
This study was nationally representative and showed
longitudinal protective associations between different internet
use dimensions and cognitive decline among the older adult
population in China. The global population is aging rapidly,
and China is a country with a large older adult population, of
which 177 million are over 65 years of age. According to WHO
estimates, the proportion of the world’s population over 60 years
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of age will double between 2000 and 2050, from 11% to 22%
[7]. Therefore, as the aging population is growing, the use of
nonpharmacological interventions for middle-aged and older
adults aged 45 years and above is of great significance in
reducing the incidence of cognitive decline, delaying cognitive
decline, and reversing the disease in middle-aged and older
adults. As cognitive decline incidence continues to rise, the
morbidity age becomes lower and the medical burden continues
to increase. What is more, the disease is more likely to develop
into dementia without effective drug treatment. As of June 2019,
the number of internet users in China reached 854 million. The
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proportion of internet users aged 50 years and above increased
from 12.5% to 13.6% at the end of 2018, and internet penetration
continued among middle-aged and older adult age groups.
Internet use offers opportunities and high accessibility to
mitigate cognitive decline among older adults. Based on a
nationally representative survey by CFPS, we found that the
correlation between internet use and cognitive decline is still
present in China. The different effects of the internet use
dimensions on cognitive decline are worth discussing.
We found that internet users had better cognitive function
compared to nonusers at the 4-year follow-up. Evidence in other
settings includes using five periods of data from the English
Longitudinal Study of Aging (ELSA) database, with cognitive
function as the dependent variable and whether they used the
internet or email as the independent variable, to conclude that
internet use helped reduce the number of people aged 50 to 89
years with cognitive decline [20]. Although there is no definitive
mechanism that affects cognitive decline, there are two widely
accepted mechanisms in the research to explain this. The first
is the cognitive reserve hypothesis [25-27], which views internet
use as a cognitively stimulating activity that uses the brain’s
neural networks to decrease brain damage. The second is the
stress hypothesis [28], which views the internet as a form of
social engagement, where the sense of belonging and constructed
social networks generated by the activity stimulate brain
evolution and functional development. Failure to adapt to stress,
which is associated with the pathogenesis of dementia, increases
an individual’s glucocorticoid levels; this increase in
glucocorticoids leads to hippocampal damage, which can impair
an individual’s cognitive function [29]. These hypotheses
explain, to some extent, the results of this study.
We built upon previous research to verify that different
residency and health statuses in middle-aged and older adults
are associated with different cognitive functions. Older adults
who live in urban settings and are in good health are less likely
to experience cognitive decline. Diversity and frequency of
internet use have differential relationships on cognitive decline.
More extensive and frequent use of the internet as a cognitively
stimulating activity is associated with better mental functioning.
The use of the internet for study and work shows that it can be
a tool for accessing and processing information. We have
observed that compared to nonregular use, frequent use the
internet for instrumental activities can significantly protect
against cognitive decline. Study and work provide cognitive
stimuli, and the internet serves as a platform for a cognitive
reserve that continually promotes recovery from functional brain
damage to prevent or delay the development of cognitive
impairment [17,30]. Using the internet to study and work
exercises the brain’s ability to collect and process information,
increasing the brain’s cognitive reserve, which is associated
with better cognitive performance; in addition, the information
available on the internet enhances the health literacy of
middle-aged and older adults. This study’s results are similar
to those obtained in other settings [31]. The WHO has shown
the positive impact of good health literacy on mitigating the
risk of cognitive decline and dementia in its Guidelines for
Mitigating Cognitive Decline and Dementia.
https://www.jmir.org/2022/1/e25760

XSL• FO
RenderX

Yu et al
In the study by Kobayashi et al [31], social participation was
found to have three components: civic, entertainment, and
cultural. It was shown that fair social participation improves
the health literacy of middle-aged and older adults. After
refining its purpose, we believe that using the internet for
socializing and entertainment is a form of social engagement.
Socializing and entertainment help people meet their emotional
needs. It has been shown that from the perspective of brain
evolution and functional development, the need for emotion
contributes to the generation of neural networks for specific
phenotypes of individual social cognition [32]. As there are
many ways to use the internet for entertainment, older people
can choose to enrich their lives in interesting and appropriate
ways, and an enjoyable experience could bring them satisfaction
and a sense of accomplishment. Regarding socializing, previous
studies have shown that increased contact with family and
friends via the internet by older adults has a positive impact on
enhancing both life satisfaction and mood; this is especially
true for older adults with health problems and limited ability to
perform, since increased contact provides important
opportunities to establish and maintain intimate relationships
through social networking [33]. In contrast, this study showed
that moderate socializing was significantly associated with
reduced cognitive decline. Excessive online socializing may be
related to an addiction to the emotional connections of the virtual
world and a gap in real life, leading to a failure to adapt to stress.
This is similar to the results of some studies, for example, Nie
et al [34], who concluded that frequency of internet use is
significantly negatively related to happiness, and that excessive
use of the internet instead of other offline activities produces a
negative effect.
Taking part in commercial-related activities was the only
internet activity that showed a negative relationship with
cognitive function. Internet shopping behavior was chosen for
the measurement of commercial-related activities. A study by
Holtfreter et al [35] showed that middle-aged and older adults
are more likely to be at risk of online fraud, especially those
with low self-control who are exposed to a high-risk, online,
commercial-related activity environment where both online
fraud and identity theft endanger the mental health of
middle-aged and older adults. We hypothesized that because
commercial-related activities involve money, older adults would
be stressed by their infrequent and unskilled online shopping
activities. Also, as the main victims of online fraud, older adults
would be more cautious and worried about online payments.
These emotions are detrimental to the mental health of older
adults. The findings showed that when older adults used the
internet frequently for commercial-related activities, the adverse
effects decreased and were no longer significantly associated
with negative cognitive function. We believe that older adults
who do not use the internet frequently for commercial-related
activities have lower digital literacy. Older adults with lower
health literacy are vulnerable to online scams leading to stress
adaptation failure. In contrast, older adults who frequently use
the internet for commercial-related activities have higher digital
literacy and good stress adaptation. Therefore, frequent use of
the internet by older adults for commercial-related activities is
not associated with a change in cognitive function.
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In conclusion, our findings provide some evidence that the use
of the internet is essential for middle-aged and older adults,
especially for patients with cognitive decline. With the internet
as an increasingly popular technological tool whose use is
escalating, we can promote its use in the health field for the
middle-aged and older adult population. Our findings advance
the possibility of internet interventions for cognitive decline.
Our findings also allow future research studies to fully consider
the differential impact of the type, frequency, and diversity of
internet use and to provide practical implementation options
for nonpharmacological interventions for cognitive decline.

Strengths and Limitations
To the best of our knowledge, this study is the first to use a
fixed-effects analysis to measure the relationship between
internet use and cognitive decline among middle-aged and older
adult Chinese people, ruling out potential endogeneity. This
study confirms that greater diversity and higher frequency of
internet use are associated with alleviating cognitive decline by
assessing the net association between changes in internet use
and changes in cognitive function. At the same time, this is one
of the few studies that has finely delineated the internet use
variable to explore the differential relationships of different
internet use purposes on cognitive decline. These findings have
practical implications and can serve as quantitative criteria to
guide the design of intervention programs. The results of this
study also remind subsequent researchers to discuss internet
use in a disaggregated manner when exploring the causal
relationship between internet use and cognitive decline.
The findings should be interpreted with caution because of the
following limitations. First, some short-term benefits may
diminish over time, given the impact of internet use on cognitive
decline over the same period. Second, considering that there
were 2 years between each wave of the CFPS study, this study
used internet use and cognitive decline in both waves, rather
than a lagged model. The sample size in this study is indeed
more extensive than in the lagged model. However, the exact
causal relationship remains to be further investigated. Third,
we can only speculate about the mechanisms applicable to the
findings through the observed statistical results, and the
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observational nature of the study limits our ability to confirm
the causal and theoretical mechanisms of internet use and
cognitive decline. Fourth, vocabulary is a cognitive skill;
however, it is known to be relatively insensitive to cerebral
pathology and, thus, unlikely to be a good choice of measures
to assess cognitive decline over time. Also, the original
questionnaire did not address the duration of internet use.
Follow-up research can explore the effects of specific internet
usage time. Although our study had a superficial discussion of
the topic of mental health, the relationship between cognitive
decline, internet use, and mental health was not clarified; in
addition, variables measuring the mental health of middle-aged
and older adults were not used in the study, and the relationship
between the three needs to be further investigated.

Conclusions
Previous studies using CFPS data have demonstrated that
internet use is associated with better mental health in older
adults. This study refined the relationship between type,
diversity, and frequency of internet use and cognitive decline
by expanding internet use dimensions. In summary, there were
three main findings from this study. First, using the internet for
study, work, entertainment, socializing, and commercial-related
activities was associated with varying degrees of alleviated
cognitive decline. Second, more frequent use of the internet for
study and work was associated with better outcomes, while
moderate use of the internet for socializing, entertainment, and
commercial-related activities was associated with better
outcomes. Finally, there is a relationship between frequency
and diversity of internet use and better cognitive function, with
both depth and breadth of internet use being important, and with
more varied and frequent use of the internet being associated
with better outcomes. These findings suggest that different
levels of internet use have different relationships with cognitive
function in middle-aged and older adults; the findings serve as
a reminder of the need for more targeted and quantitatively
sound policies when designing nonpharmacological
interventions for cognitive decline. Future research directions
could target studies of the mechanisms responsible for the
differential impact outcomes of internet use.
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Abstract
Background: The global COVID-19 pandemic has triggered a fundamental reexamination of how human psychological research
can be conducted safely and robustly in a new era of digital working and physical distancing. Online web-based testing has risen
to the forefront as a promising solution for the rapid mass collection of cognitive data without requiring human contact. However,
a long-standing debate exists over the data quality and validity of web-based studies. This study examines the opportunities and
challenges afforded by the societal shift toward web-based testing and highlights an urgent need to establish a standard data
quality assurance framework for online studies.
Objective: This study aims to develop and validate a new supervised online testing methodology, remote guided testing (RGT).
Methods: A total of 85 healthy young adults were tested on 10 cognitive tasks assessing executive functioning (flexibility,
memory, and inhibition) and learning. Tasks were administered either face-to-face in the laboratory (n=41) or online using remote
guided testing (n=44) and delivered using identical web-based platforms (Cambridge Neuropsychological Test Automated Battery,
Inquisit, and i-ABC). Data quality was assessed using detailed trial-level measures (missed trials, outlying and excluded responses,
and response times) and overall task performance measures.
Results: The results indicated that, across all data quality and performance measures, RGT data was statistically-equivalent to
in-person data collected in the lab (P>.40 for all comparisons). Moreover, RGT participants out-performed the lab group on
measured verbal intelligence (P<.001), which could reflect test environment differences, including possible effects of mask-wearing
on communication.
Conclusions: These data suggest that the RGT methodology could help ameliorate concerns regarding online data
quality—particularly for studies involving high-risk or rare cohorts—and offer an alternative for collecting high-quality human
cognitive data without requiring in-person physical attendance.
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Introduction
Background
In 2020, the global COVID-19 pandemic brought human
lab-based psychological research to an abrupt halt as social
distancing measures preventing disease transmission forced the
mass closure of laboratory facilities and prevented all but
essential human contact, disrupting academic research at a
profound level [1,2]. During this period of suspension, the
research community has inexorably moved toward remote
protocols to replace face-to-face activities. There has been an
exponential rise in the use of online platforms such as video
conferencing (Zoom [3] and Skype) and online learning [3,4]
for day-to-day academic activities, and the use of social media
platforms has surged, not just as a means for interacting and
connecting with others, but also for participant recruitment and
outreach [5]. Concomitantly, interest in online experimental
alternatives to in-person cognitive testing has grown
significantly [1], and there is an increasing focus on
methodological developments that will allow the field to adapt
to a changed world where reduced social contact is the new
norm [1,6,7]. However, amidst this push toward new online
research technologies, core issues of data quality and validity
should not be overlooked, and simple assumptions of
equivalence between lab-based and online tests (eg, on the basis
that the use of similar tasks and platforms is sufficient [8-10])
should not be made. Failure to address these issues could lead
to a proliferation of poorly regulated online research studies,
worsening the current reproducibility crisis and raising new
ethical dilemmas [11]. This study examines the opportunities
and challenges afforded by the shift toward web-based testing,
highlighting an urgent need to establish a standard data quality
assurance framework for online studies and proposing a new
supervised online testing methodology, remote guided testing
(RGT), which could mitigate some of these challenges and offer
an alternative for collecting high-quality human cognitive data
within social distancing constraints.

The Rise of Web-Based Cognitive Testing:
Opportunities and Challenges
Cognitive tests are valuable psychological tools used extensively
to examine mental executive processes such as learning,
decision-making, inhibition, and working memory [12-31].
Tests of executive processes have typically involved
pen-and-paper administration in lab-based settings, allowing
the experimenter to confirm the participant’s identity, deter
dishonesty, and promptly assist with queries or technical
problems. The standardized testing environment and equipment
further aid to ensure replicability and reproducibility of
lab-based protocols [32-37]. However, this traditional in-person
approach is time-consuming and highly susceptible to human
error [12,32]. Further, since lab-based testing requires
participants’ physical attendance in the laboratory, sampling
may not be population-representative [38-40]. For instance,
https://www.jmir.org/2022/1/e28368
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Henrich et al [38], Nielsen et al [39], and Arnett [40] report that
participants in lab-based studies consist predominantly of
Western, educated, industrialized, rich, and democratic
populations. An analysis of 6 major American Psychological
Association journals [40,41] showed that a significant number
of studies reported in these journals relied predominantly on
American students. Much of the normative data on psychological
and cognitive processes has been obtained from a North
American, White, high socioeconomic status, and well-educated
demographic, raising the possibility that neuropsychology may
be insensitive to cultural and ethnic differences [42,43].
Structural racism, that is, the establishment of a series of
dynamics that promote White people as the norm (to the
exclusion or minimization of Black and ethnic minority people),
may also have led to the routine acceptance of nonrepresentative
standardization samples that are primarily White, creating false
normative expectations for Black and ethnic minorities [44,45].
These biased practices in psychological assessment have long
gone unchallenged, partially due to a prevalent belief in
universalism (ie, the theory that cognitive processes are
essentially the same across humankind, irrespective of cultural
background) [46,47]. This highlights the need for a wider
representation of ethnic minority groups and cultures in
psychological studies. Web-based testing could help to
ameliorate this gap and reach a more diverse global audience
for neuropsychological research.
In the current digital age, the mass availability of personal
computers and web capability affords new avenues for cognitive
testing using more cost-effective, automated, and open
approaches [12,48,49]. Accordingly, there is growing
momentum in the use of online platforms to assess cognitive
function [12,50-52]. Computerized online testing platforms
such as Gorilla [50], Inquisit [52], and the Cambridge
Neuropsychological Test Automated Battery (CANTAB) [51]
can offer several advantages, including (1) simple and precise
control of experimental parameters, (2) automatic calculation
of key performance indices, (3) access to normative databases,
(4) accessibility to a wider population of users (with use of
crowdsourcing tools), (5) centralized and secure data storage
on professional servers, and (6) relatively low administrative
cost per head [32,34,48,53]. Notably, web-based online testing
removes the physical constraint of test locations, permitting a
much wider (and more representative) demographic reach
[34,54]. Further, social media platforms, recruitment portals
(eg, Amazon’s MTurk and Prolific Academic), and online
advertisements have broadened horizons by increasing ease of
participant recruitment and enabling high throughput data
collection from large populations, which is less feasible in
traditional lab-based settings [49,55-58].
The COVID-19 pandemic has fueled the growth of “telehealth”
or remote access to health care services, bringing to the fore
particular challenges in providing remote neuropsychological
assessments, psychoeducation, and rapport building [59].
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Ongoing demand for telehealth services even in the
postpandemic era is likely, as these may be valuable solutions
when physical presence in the clinic is impossible for other
reasons (eg, sickness, workload, etc). Relatedly, remote testing
(or tele-testing) is becoming increasingly popular amongst
clinicians. Tele-testing, often combined with face-to-face testing,
results in a hybrid approach that can cater to the specific needs
of patients and their families [59]. Singh and Germane [60]
elaborate on this hybrid approach, which they call “hybrid
neuropsychology” (HN). HN enables clinicians to effectively
and steadily modernize their practice considering individuals'
needs and (technological) capabilities and evaluating which
tasks are ideal for online or remote administration. Indeed, HN
incorporates tele-testing practices and screen-sharing options
wherever materials have been digitized properly—bearing
similarities to the remote guided methodology proposed in this
study. Additionally, rigorous and standardized protocols for
web-based test delivery are not yet available for most
neuropsychological tasks, limiting the confidence with which
clinicians and scientists can adopt these methodologies in daily
practice. This study addresses a growing demand for remote
methods of neuropsychological measurement in both research
and clinical settings by providing one such detailed remote
administration protocol for a suite of executive function and
cognitive tasks that are highly relevant to clinical assessment.
Further, a long-standing debate still exists regarding the data
quality, comparability, replicability, and validity of web-based
versus traditional lab-based data collection methods [61,62].
On the one hand, direct comparisons of web-based and lab-based
data samples from web pioneers such as Germine and colleagues
[63-65] on a series of large-scale web-based studies on memory
and perception (testmybrain.org) indicate that the reliability,
replicability, and theoretical consistency of self-selected web
samples are comparable to lab-collected data in terms of mean
performance and performance variability, even with anonymous,
uncompensated, and unsupervised participants. On the other
hand, concerns have been raised, and not yet fully allayed, about
the experimental rigor of web-based testing [36,37], particularly
regarding the lack of control over and higher variability of
hardware specifications and the test environment [36,37,66].
For instance, a study by Bauer et al [36] reported that most
online studies suffer from a lack of environmental control and
participant distraction. Further, most online studies do not
monitor or report measures of participants’ environment, their
equipment specification, or web capability. These data, when
reported, typically reveal large variations in the equipment and
computer specifications used by participants [34,66]. In a
landmark study on computing specifications in online and
lab-based studies, Bridges et al [66] compared the pairings of
several web-based experimental platforms, such as Gorilla and
jsPsych, with different operating systems, such as Windows,
macOS, and Ubuntu. In data collected from over 110,000 trials,
macOS yielded the worst performance across all experimental
web platforms, particularly for visual stimuli. This variability
also suggests that online studies may not achieve a similar level
of precision as lab-based studies. Moreover, since the data are
contributed anonymously and without supervision, online data
could be compromised by dishonest participants with low or
questionable motivation [36].
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In fact, several comparative studies report only a moderate
correlation between web-based cognitive performance and its
paper and pencil alternatives across different cognitive tasks
and populations [32,36,67]. For instance, Backx et al [34]
compared cognitive data obtained from the CANTAB platform,
which was collected using unsupervised web-based and
lab-based administration. Intraclass and bivariate correlations
showed that several key performance indices (errors, correct
trials, and response sensitivity) were highly comparable across
the two settings, with intraclass correlation coefficients ranging
from ρ=0.23-0.67. However, participant reaction times (RTs)
were off-task significantly and consistently slower for web-based
assessments, and none of the 5 RT measures that were assessed
met the full criterion for comparability across settings, namely,
reliability, equivalence, and agreement. Further, in the online
setting, over 90% of participants reported being distracted across
5 different cognitive tasks, as compared to none in lab settings,
and 2 online participant data sets were excluded due to a high
number of errors on the spatial working memory (SWM) task.
These statistics suggest that a poor test environment and
miscomprehension of instructions could affect participant
performance in online settings. Indeed, previous research
suggests that a lack of incentive can make participants careless
in their responses or even deceptive, as participants’ identity or
behavior cannot be actively monitored [68]. Further, online
participants may show lower task engagement by investing less
time and focus on reading task instructions, leading to higher
dropout rates than in laboratory settings [69,70]. Therefore,
with current unsupervised web-based testing protocols, there
appears to be a trade-off between data quantity (diversity and
ease of collection) and data quality [37,66,71]. Given these
known pitfalls in online testing, along with increased efforts
toward standardizing best practices in online task administration,
data quality indices, and reporting benchmarks (eg, Feenstra et
al [72]), this study addresses a timely need to develop better
test protocols and data quality assurance frameworks for
web-based cognitive testing, specifically addressing issues with
online participant engagement.

Data Quality Assurance Framework for Web-Based
Cognitive Testing
To assess data quality, it is first important to establish the indices
and benchmarks by which data quality will be measured. On
these points, there is currently no clear consensus. General
statistics on participant noncompletion, data attrition, and
technical issues show that it is common to exclude data from
participants who encounter technical difficulties, display
dishonesty, or fail to complete the assigned tasks [71,73-75].
However, a more sensitive test of data quality pertains to the
“usable fraction” of data that remains after task-specific
exclusion criteria for data cleaning have been applied. One
common index used for data exclusion is RT since responses
that are too fast (or too slow) are likely to reflect participant
inattentiveness or task disengagement. Depending on the stimuli
presented and the complexity of task demands, participant
response latencies in cognitive tasks mostly vary between 400
milliseconds to 2000 milliseconds [76]. However, for web-based
tasks, there is an additional (technical) source of variability to
the measured response times. Collecting response latencies from
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many (eg, hundreds) individual trials requires a software
program to be installed on the participant’s computer (ie,
client-side), to present the stimuli and collect response latencies
locally. This reduces the temporal variation introduced by
communication across networks and server response times if
each response must be sent over the network connection back
to the server to be recorded. Several client-side technologies
have been used to create such programs, with perhaps the most
popular being JavaScript, Java, and Flash [76].
However, most of these programs introduce a small but variable
delay in the recorded response times. In addition to the program
itself, this delay is influenced by the computer’s operating
system, browser, hardware quality, and any background
programs that may be running. For example, when Schubert et
al [76] measured standard automated response times (ie, robot
detection of a simple visual stimulus) natively using DMDX
software and a keyboard, the mean response time was 68.24
milliseconds (SD 3.18). These mean latencies were higher when
other programs were used, for instance, E-prime (84.58
milliseconds, SD 6.25) and Superlab (98.18 milliseconds, SD
4.17). Interestingly, mean response latencies were highly
comparable for the web version of Inquisit (66.21 milliseconds,
SD 2.74). When comparing human response times on a Stroop
Task, Schubert et al [76] reported that DMDX-recorded
responses were significantly faster (mean 551.98 milliseconds,
SD 201.38) than Flash-based web software ScriptingRT (mean
631.63 milliseconds, SD 243.42), although the measured Stroop
effect (difference in response latency between incongruent and
congruent trials) was similar. Therefore, web-collected response
latency data should be carefully handled as the measured timings
may be impacted by both psychological (eg, participant
distraction and inattentiveness) and technical factors, although
the latter issue is ameliorated to some extent by newer and better
online experimental platforms.
Some web-based studies implement a hard cut-off to exclude
response latencies past a particular threshold to optimize data
quality. For instance, Kim et al [77] excluded outlier responses
that were faster than 300 milliseconds or slower than 5000
milliseconds in a psycholinguistic task they employed. However,
these excluded trials represented a mere 0.75% of their data (for
both lab-based and web-based cohorts) which could either
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suggest superb data quality or that their latency criteria were
too lax for the particular task. Similarly, Eisenberg et al [55]
excluded participants whose median response latencies were
shorter than 200 milliseconds across a wide range of cognitive
tasks. They also implemented three additional quality checks:
(1) <25% omitted (missed) responses, (2) >60% task accuracy,
and (3) no single response given >95% of the time. However,
although rates for participant noncompletion and multiple task
failure were reported (Table 1), the number of trials and data
sets that failed their other response latency, omission, and
distribution quality checks were not reported. Further, for some
tasks (Stop Signal, probabilistic selection, and two-step decision
tasks), the data sets had between 10% to 30% missing values
that were identified through additional quality control
(manipulation) checks. Adding this figure to the reported 21%
of data exclusions suggests that the actual fraction of “usable
data” could be as low as 50% on some web-based tasks.
Table 1 provides examples of other data exclusion statistics for
analogous lab-based and web-based cognitive studies. These
statistics report participant completion/dropout rates rather than
trial-level data quality indices. Studies by Hicks et al [79] and
Ruiz et al [80], who administered matched sets of working
memory and declarative memory tasks in lab-based and online
conditions, show a clear and consistent trend toward a higher
rate of data exclusion and noncompletion for web-based testing,
with typically 15% to 20% more online participants excluded
for noncompletion (dropout) and technical issues. Participant
dropout issues appear to be particularly exacerbated for online
cognitive training studies, with one study reporting that 32%
(80/249) of initially recruited healthy older adult participants
eventually withdrew from their 12-week cognitive flexibility
web-based training study [81]. However, this brief scan of the
literature also highlights that, except for a few studies (eg, Backx
et al [34]), little is reported about what occurs during online
experimental testing or about the computing and web capabilities
of participants, and few benchmarks exist for identifying and
removing poor quality web-based data, beyond crude RT
thresholds and major task failures. There is a clear need to
develop standardized data quality indices that web-based studies
should collect and report, including the recommended
benchmark(s) for these indices.
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Table 1. Examples of data exclusion statistics reported for lab-based and web-based cognitive studies.
Study type and citation

Task(s)

Data excluded

Kim et al [77]

Lab, psycholinguistic task

5/42 (11.9%) participants excluded for high error rates or being outside
demographic. Reaction time outlier removal=0.75% of total data

Von Gunten et al [82]

Lab, inhibition tasks (antisaccade, go/no go, 37/463 (7.99%) participants excluded
and Stop Signal)

Backx et al [34]

Lab, CANTABa tasksb

Hicks et al [79]

Lab (experiments 1 and 3), working memo- Experiment 1: 0/58 (0%) participants excluded, although 10% of particiry tasks
pants reported cheating; experiment 3: 10/112 (8.9%) participants excluded
due to excessive missing data

Ruiz et al [80]

Lab, working memoryc, nondeclarative/declarative memory tasks

(a) OSpand, 0% excluded; (b) MLAT5e, 0% excluded; (c) CVMTf, 1/50
(2%) participants excluded

Baniqued et al [78]

Cognitive video training

27/219 (12.3%) participants excluded or withdrew

Kim et al [77]

Online, psycholinguistic task

3/39 (7.7%) participants excluded for high error rates or being outside
demographic. Reaction time outlier removal=0.75% of total data

Eisenberg et al [55]

Online (using Amazon Turk), inhibition
tasks (go/no go, Stop Signal)

102/662 (15.4%) participants excluded for noncompletion of task battery;
38/560 (6.8%) participants further excluded for failing 4 or more tasks

Backx et al [34]

Online, CANTAB tasks

2/18 (11.1%) participants excluded, high SWMg errors;

Lab-based

No exclusions, no distractions reported

Web-based

distractions: 16/18 participants for PALh, ERTi, OTSj, and PRM-Ik; 17
participants for SWM, RVPl, PRM-Dm

a

Hicks et al [79]

Online (experiments 2 and 4), working
memory tasks

Experiment 2: 12/100 (12%) participants excluded for failure to complete
test battery within 24 hours; Experiment 4: 28/112 (25%) participants excluded due to noncompletion of task battery

Ruiz et al [80]

Online, working memory, nondeclarative/declarative memory tasks

(a) OSpan, 7/50 (14%) participants excluded; (b) MLAT5, 8/15 (16%)
participants excluded; (c) CVMT, 10/50 (20%) participants excluded

Buitenweg et al [81]

Cognitive flexibility training

91/249 (36.5%) participants excluded for not meeting criteria (N=11) or
withdrew from study (N=80)

CANTAB: Cambridge Neuropsychological Test Automated Battery

b

CANTAB tasks include SWM, PAL, ERT, OTS, PRM-I, RVP, and PRM-D.

c

Memory tasks include OSpan, MLAT, and CVMT.

d

OSpan: automated operation span task.

e

MLAT: modern language aptitude test.

f

CVMT: continuous visual memory task.

g

SWM: spatial working memory.

h

PAL: paired associates learning.

i

ERT: emotion recognition task.

j

OTS: one touch stockings of Cambridge.

k

PRM-I: pattern recognition memory-immediate.

l

RVP: rapid visual processing.

m

PRM-D: pattern recognition memory-delayed.

A New Supervised Online Method: Remote Guided
Testing
In the preceding sections, we discussed the promise of
web-based cognitive testing, specifically its scalability and
reach, and the current challenges for data quality assurance. In
part, questions over experimental rigor and data quality have
arisen due to the unsupervised nature of web-based testing
[36,37,66]. Without supervision, experimenters have no control
over (or insight into) the test environment and no way to monitor
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participant performance, deter dishonesty, or influence
participant motivational and attentional states during task
performance. Further, even genuinely motivated participants
may struggle with tasks that have complex instructions and
misunderstand what is required of them, leading to wasted effort
and unusable data. Finally, without a human experimenter on
hand to troubleshoot problems, participants experiencing
technical issues may become frustrated and stressed, leading to
poorer motivation and performance. To bridge this gap, we
propose here a new method of supervised online data collection,
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RGT. This hybrid method marries the convenience and reach
of online web-based testing with the enhanced rigor and quality
control of in-person lab-based data collection. The addition of
a supervisory component, including greater environmental
control, aims to mitigate data quality degradation and attrition
due to psychological or technical factors.

generalizability of our findings, 3 different web-based
experimental platforms were tested; CANTAB, Inquisit, and
i-ABC. We hypothesized that the inclusion of supervision via
the RGT method would yield high fidelity cognitive data that
match lab-collected cognitive data in all measured indices of
data quality and task performance (including RTs).

The RGT method simulates lab-based experimental testing via
a video conferencing platform. Similar to in-person testing, the
experimenter arranges to meet the participant online at a specific
date and time and guides the participant virtually through each
step of the experimental process. This includes obtaining
informed consent, providing technical support for software
installation, troubleshooting problems, monitoring performance,
providing feedback where appropriate, and debriefing. The
experimenter also helps the participant to optimize their test
environment (including lighting, sound, and minimizing
distractions) and collects detailed data about the hardware,
software, and web capabilities of the participant. Additionally,
the remote tester can schedule comfort breaks (for toilet trips,
food or drink, rest, exercise) so as not to affect test delivery or
data collection adversely. This method is novel in its holistic
approach as it provides a fully supervised and interactive online
test experience, which to our knowledge has not been reported
before for web-based cognitive testing.

Methods

To provide a deeper evaluation of the RGT method on data
quality, we measure and report 3 trial-level data quality
indicators across a range of web-based cognitive tasks: (1)
missed responses, (2) data exclusions (at both trial and
participant levels), and (3) RTs. To ensure close comparability
and to isolate the effect of test modality, participants completed
identical web-based versions of each cognitive task either
in-person in a psychology lab or at home via RGT. In both
conditions, participants received expert supervision while they
completed a range of cognitive tasks assessing executive
function (cognitive flexibility, inhibition, and working memory)
and learning. While most of these tasks rely on measures of
accuracy, we specifically included tasks with RT-dependent
outcome measures, such as the Stroop Task [20] and the Stop
Signal Task [21,22]. Given that there are well-quantified effects
of web-based testing in terms of slower participant RTs on
cognitive tasks [34,76], we assessed if (and the extent to which)
these differences could be ameliorated through greater
supervisory and environmental control. Finally, to increase the
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Participants
A total of 85 healthy Singaporean young adults participated in
the study and contributed data face-to-face (F2F; n=41) and via
RGT (n=44). A further 4 RGT and 5 F2F participants had
initially expressed interest but subsequently withdrew from the
study. Data from these participants were not included in any
analyses. All participants were native English speakers, reported
no history of clinically diagnosed mental illness or
developmental difficulties, and had normal or corrected hearing
and vision. Recruitment was conducted through online
advertisements in social media outlets and through the
University’s recruitment channel. The demographic information
for both groups is detailed in Table 2. A two-tailed t test
confirmed that there was no significant difference in age
between groups (t83=–1.29, P=.20), and gender, ethnicity,
education, and income distributions were also similar.
All 85 participants attended and completed their scheduled
testing session(s). None of them withdrew midway through their
session(s). All 44 (100%) participants in the RGT group
completed all 10 computerized tasks on web-based platforms.
However, only 22 (53.7%) F2F participants completed all the
computerized tasks on web-based platforms (17 females and 5
males; mean age 21.06 years, range=18.11-26.68 years, SD 2.09
years). The remaining 19 (46.3%) F2F participants were tested
before COVID-19 lockdown restrictions and therefore only
completed the 3 i-ABC tasks, vocabulary, and Digit Span tasks
in a format similar to the other participants. The other Inquisit
tasks (Trails, Stop Signal, and Stroop) had either been completed
on paper or using a different (offline) platform, and the
CANTAB tasks were not administered. As these task-related
differences could have generated performance differences, for
consistency, only the data from the i-ABC tasks, vocabulary,
and Digit Span were analyzed for these 19 (46.3%) F2F
participants.
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Table 2. Summary of participant demographics by testing modality.
Demographic variable

Modality (group)
F2Fa (n=41)

RGTb (n=44)

Total (N=85)

Mean (SD)

21.54 (2.26)

22.14 (2.05)

21.85 (2.16)

Range

18.11-29.22

18.51-26.83

18.11-29.22

Female

29 (70.7)

33 (75)

62 (72.9)

Male

12 (29.3)

11 (25)

23 (27.1)

Chinese

34 (82.9)

36 (81.8)

70 (82.4)

Malay

4 (9.8)

6 (13.6)

10 (11.8)

Indian

2 (4.9)

2 (4.5)

4 (4.7)

Not reported

1 (2.4)

0 (0)

1 (1.2)

Lower

13 (31.7)

16 (36.4)

29 (36.3)

Higher

24 (58.5)

27 (61.4)

51 (63.7)

Not reported

4 (9.8)

1 (2.3)

5 (5.9)

Secondary School

27 (65.9)

23 (52.3)

50 (58.8)

Bachelor’s Degree

12 (29.3)

16 (36.4)

28 (32.9)

Not reported

2 (4.9)

5 (11.4)

7 (8.2)

Right-handed

38 (92.7)

42 (95.5)

80 (94.1)

Left-handed

2 (4.9)

2 (4.5)

4 (4.7)

Not reported

1 (2.4)

0 (0)

1 (1.2)

Age (years)

Gender, n (%)

Ethnicity, n (%)

Income by dwelling, n (%)

Highest education level, n (%)

Handedness, n (%)

a

F2F: face-to-face.

b

RGT:remote guided testing.

Equipment
For the F2F group, experimental testing was conducted in a
psychology lab using a standard testing laptop (HP ProBook
430 G2/G3, Intel Core i7 2/2.4GHz, 8 GB RAM, 500 GB HDD
+256 GB SSD, 13.3” display) running Windows 10 OS
(Microsoft Corporation), with a wired mouse. For the RGT
group, sessions were completed at home using participants’
personal laptops or desktops that had to meet certain minimum
requirements (Multimedia Appendix 1). To assess the actual
quality of their computing hardware and web capability, all
RGT participants completed an equipment questionnaire
(Multimedia Appendix 2).

Procedure
A standard operating procedure (Multimedia Appendix 1) was
followed to ensure standardized methodology and task delivery
for participants in the F2F and RGT groups. Prevailing
COVID-19
precautions
such
as
mask-wearing,
temperature-taking, and checking of travel/quarantine history
were also applied. The study protocol was approved by the NTU
https://www.jmir.org/2022/1/e28368
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Ethics Institutional Review Board (IRB-2020-02-001). In brief,
F2F participants completed 1 single in-person testing session
lasting 3.5 hours whereas, RGT participants completed 2
separate online video-conferencing sessions, which were
conducted via secure Microsoft Teams or Zoom meetings. Both
online sessions were video recorded and lasted 4 hours in total.
During the first 30-minute install and set-up session, participants
were guided by the experimenter to download, install, and test
all necessary software. The testing environment was assessed
to provide recommendations for minimizing noise and disruption
(Multimedia Appendix 3, see testing environment checklist),
and computing and input devices were recorded (Multimedia
Appendix 2). During the second 3.5-hour session, RGT
participants performed all computerized tests under the
supervision of the experimenter, who remained online
throughout the session (with their video off/muted where
appropriate). Five different task orders were generated to ensure
that no 2 tasks from the same cognitive domain were
administered consecutively. The respective procedures are
summarized in Figure 1.
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Figure 1. Overview of remote guided and face-to-face testing processes.

Tasks
Overview
In total, participants completed 10 online experimental tasks
assessing aspects of executive functioning (cognitive flexibility,
working memory, and inhibitory control), learning, and verbal
intelligence. These tasks were delivered using 3 different
experimental web platforms: i-ABC [83], Inquisit 5 (Millisecond
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Software), and CANTAB (Cambridge Cognition); or delivered
verbally by the experimenter, as summarized in Table 3. Both
groups also completed a short online demographics
questionnaire.
Table 3 provides an overview of the various delivery platforms
that were used in this study and the full set of tasks. Checkmarks
indicate the respective platform on which the task was
administered.
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Table 3. Summary of experimental tasks administered and respective delivery platforms.
Domains and tasks

Delivery platform
i-ABC

CANTABa

Inquisit

Verbal

WCSTb

✓

—c

—

—

PRd

✓

—

—

—

TMTe

—

—

✓

—

IEDf

—

✓

—

—

SWMg

—

✓

—

—

WAIS-IV BDSh

—

—

—

✓

Stroop Task (Stroop)

—

—

✓

—

SSTi

—

—

✓

—

✓

—

—

—

—

—

—

✓

Cognitive flexibility

Working memory

Inhibition

Learning
SLj
Verbal IQk
WASI-IIl vocabulary (vocab)
a

CANTAB: Cambridge Neuropsychological Test Automated Battery.

b

WCST: Wisconsin Card Sort Test.

c

Empty cells indicate that the particular task was not administered via the specific delivery platform.

d

PR: probabilistic learning and reversal.

e

TMT: trail making task.

f

ED: intra-extra dimensional set shift.

g

SWM: spatial working memory.

h

WAIS-IV BDS: Weschler Adult Intelligence Scale–Fourth Edition Backwards Digit Span.

i

SST: Stop Signal Task.

j

SL: structure learning.

k

Q: intelligence quotient.

l

WASI-II: Weschler Abbreviated Scale of Intelligence–Second Edition.

i-ABC Platform
Three experimental tasks were administered on the i-ABC
platform [83]. The Wisconsin Card Sort Test [15,16] and the
probabilistic reversal task [84] were measures of cognitive
flexibility, whilst the Structure Learning task [19,83] assessed
statistical learning. The i-ABC website enabled the
administration of the 3 tasks on a platform that simulated playing
a “space-themed” video game, and participants earned points
for completing the tasks. Detailed task descriptions and
performance indices are provided in Multimedia Appendix 4
(see subsections 1-3).

Inquisit 5 Web Platform
Computerized versions of the Stroop Task, Stop Signal Task,
and the Trail Making Task were hosted and administered on
the Inquisit 5 web player by Millisecond software [85]. The
software was downloaded before the session, and when each
task link was opened, participants were prompted to key in their
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unique ID before launching into full-screen mode. The display
dimensions of the task stimuli were standardized and
automatically adjusted by the software according to the
computer physical screen display size. Detailed task descriptions
and performance indices are provided in Multimedia Appendix
4 (see subsections 4-6).

CANTAB Platform
The intra-extra dimensional (IED) set shift task and spatial
working memory task were both administered as part of
CANTAB [26,27,86]. Detailed task descriptions and
performance indices are provided in Multimedia Appendix 4
(see subsections 7-8).

Verbal Delivery
The vocabulary subtest of the second edition of the Wechsler
Abbreviated Scale of Intelligence (WASI-II) [28] and the
Backwards Digit Span subtest from the fourth edition of the
Weschler Adult Intelligence Scale (WAIS-IV) [29] were
J Med Internet Res 2022 | vol. 24 | iss. 1 | e28368 | p.925
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administered via verbal delivery to assess verbal intelligence
and verbal working memory respectively. Detailed task
descriptions and performance indices are provided in Multimedia
Appendix 4 (see subsections 9-10).

Data Quality Indicators
Missed Trials
For tasks involving a response within a specified time limit, the
number of missed trials was calculated. If a participant did not
enter a response within the specified time limit for a trial, this
was considered a missed trial. As some tasks (eg, Stroop)
required a response before proceeding, this index was not
available for these tasks.

Data Exclusion
Participant data could be excluded either at the trial level or at
the task level (ie, all participant data removed for that task).
Trial-Level Exclusions (Outliers)
Single trials were excluded if the RT on that trial was outlying
(either too fast or too slow). Referencing previous research using
similar tasks [55,77], response times faster than 300 milliseconds
are generally deemed to indicate participant inattentiveness or
a failure to fully process the stimulus on that trial. Conversely,
response times that are greater than SD 2.5 of the response time
distribution are also generally considered to be outliers,
indicating failures of attention. The F2F RT distribution was
used to set a fixed threshold for both groups to ensure that the
basis for identifying slow outlier response times was consistent
and provided a fair basis of comparison of data quality.
Specifically, slow outliers were defined as RTs >2.5 SDs above
the mean of the F2F distribution for each task. Any trials with
RTs slower than this threshold (for both F2F and RGT
participants) were considered outliers and removed.
As an exception for the Stop Signal Task, and with reference
to Verbruggen et al [22], the first trials for each of the 3 blocks
were removed as participants were not expected to have fully
engaged with the task at this early stage. Additionally, RTs
under 300 milliseconds were not removed for the Stop Signal
Task as participants were required to provide a speeded
response, and failures of inhibition were of core interest. As the
CANTAB web platform did not provide trial-level data, no trials
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were excluded for the IED or SWM tasks. Since the verbal
delivery tasks (WASI Vocabulary and Backwards Digit Span)
were administered manually by the experimenter in both the
F2F and RGT settings, they were not subject to trial-level
exclusions.
Task-Level Exclusions
At the task level, participant data were excluded for either
technical or performance reasons. Data were excluded for
technical reasons if the participant experienced difficulties with
the experimental platform, equipment, or testing environment
during that task. Task-level performance exclusions occurred
if the participant’s total number of missed and excluded trials
was >25% of all trials for that task (see previously discussed
criteria for trial-level exclusions).

Reaction Times
The final index of data quality was the mean RT (by participant)
of the remaining included trials. This was used as a data quality
indicator because previous studies have indicated that mean
RTs may be more variable/longer during web-based delivery
of experimental tasks [34,76]. As the CANTAB web platform
did not provide trial-level data, this RT index was not available
for the IED or SWM tasks.

Results
Technology Profile of Remote Guided Participants
Each RGT participant completed the experimental tasks at home
using their personal computer and internet connection. Although
all participants used equipment that met certain minimum
standards as stated in the eligibility criteria (see Equipment in
the Methods section), we wished to determine the actual range
and quality of technology that was being used. As shown in
Figures 2-3 and detailed in Table 4, the lab equipment was a
close match to the hardware specifications reported by the RGT
group (eg, Windows OS, Intel Core i7 processor, 13-inch screen,
1920 x 1080 resolution, approximately 8 GB RAM). In terms
of web capability, most RGT participants had better internet
download/upload speeds than the F2F group (mean of 77.9/70.4
Mb/s vs 44.6/48.1 Mb/s) but slightly longer internet latencies
(mean of 10.6 milliseconds as compared to 5 milliseconds).
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Figure 2. Hardware specifications for remote guided participants (total N=44), including computer (a) brand; (b) operating system; (c) screen size (in
inches) (d) screen resolution (in pixels); (e) processor and (f) RAM (in GB).

Figure 3. Web capability for remote guided participants (total n=44), including (a) internet download/upload speed (higher=better); and (b) internet
latency (shorter=better).
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Table 4. Summary of hardware and web capability specifications for remote guided participants, compared to the standard testing equipment used for
the face-to-face group.
RGTa n/mean, (%/SD)

F2Fb standard

Acer

14 (13.6%)

HP Probook

Apple

6 (31.8%)

—c

Asus

9 (20.5%)

—

Dell

3 (6.8%)

—

HP

7 (15.9%)

—

Lenovo

5 (11.4%)

—

Windows

30 (68.2%)

Windows 10

Mac OS

14 (31.8%)

—

Intel Core i3

2 (4.5%)

Intel Core i7 2/2.4ghz

Intel Core i5

21 (47.7%)

—

Intel Core i6

1 (2.3%)

—

Intel Core i7

17 (38.6%)

—

Intel Core i8

1 (2.3%)

—

Intel Core i9

1 (2.3%)

—

Other

1 (2.3%)

—

RAM (GB)

9.73 (4.35)

8.0

Total hard disk space (GB)

417 (229)

500 HDD (+256 SSD)

Free hard disk space (GB)

270 (223)

108

Screen size (inches)

13.8 (1.74)

13.3

1280 x 800

1 (2.3%)

1920 x 1080

1366 x 768

6 (13.6%)

—

1440 x 900

2 (4.6%)

—

1920 x 1080

19 (43.2%)

—

1920 x 1280

1 (2.3%)

—

2560 x 1600

10 (22.7%)

—

3200 x 1800

3 (6.8%)

—

Unspecified

2 (4.6%)

—

Mouse (wireless)

27 (61.2%)

Wired mouse

Mouse (wired)

15 (34.1%)

—

Mouse (integrated)

2 (4.6%)

—

Keyboard (wireless)

2 (4.6%)

Integrated keyboard

Keyboard (integrated)

42 (95.5%)

N/Ad

Webcam (integrated)

43 (97.7%)

Integrated webcam

Webcam (separate)

1 (2.3%)

N/A

Microphone (integrated

35 (79.6%)

Integrated microphone

Microphone (separate)

9 (20.5%)

N/A

Hardware specifications
Brand

Operating system

Processor

Screen resolution

Input devices
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RGTa n/mean, (%/SD)

F2Fb standard

download speed (Mb/s)

77.9 (88.6)

44.6

Upload speed (Mb/s)

70.4 (96.1)

48.1

Internet latency (ms)

10.6 (12.3)

5

Google Chrome

38 (86.4%)

Google Chrome

Mozilla Firefox

5 (2.3%)

N/A

Safari

1 (11.4%)

N/A

Hardware specifications
Web Capability

Web browser

a

RGT: remote guided testing.

b

F2F: face-to-face.

c

We used one set of standard equipment for testing the F2F participants, hence there is only one value reported for each subheading under the F2F
column.
d

N/A: not applicable.

Data Quality
Missed Trials
Table 5 shows the percentages of trials missed for each
experimental task and group. To assess whether there was a
difference in the number of missed trials across tasks as a
function of testing modality, a general linear model (GLM)
analysis with missed trials on each task (4 levels) as dependent
(within-subjects) variables and modality (2 levels) as a predictor
(between-subjects) variable was employed. Participants’ age
and vocabulary standardized scores were entered as covariates
in the model. Since Mauchly’s test indicated that the assumption
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of sphericity had been violated (χ25=176; P<.001), degrees of
freedom were corrected using Greenhouse-Geisser estimates of
sphericity (ε=0.53). The results indicated no significant main
effect of modality (F1,56=.61; P=.44; η2P=.01) and no significant
interaction between modality and task (F1.59, 89.3=.44; P=.60;
η2P=.01). Tukey HSD posthoc tests indicated that F2F and RGT
participants did not differ on missed trials for any individual
task (P>.99 for all pairwise comparisons). There were also no
significant effects of age (F1,56=.52; P=.47; η2P=.01) and
vocabulary (F1,56=.01; P=.91; η2P=.00).
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Table 5. Summary of data quality indices for all tasks.
Delivery platform and task

(1) Missed trials (%),
mean (SD)

a

F2F

b

RGT

(2) Data exclusion

(1) Reaction time (sec),
mean (SD)

Trial level (%), mean (SD)

Task level (N), (tech/perf)

F2F

F2F

RGT

F2F

RGT

0/0

0/

1.33 (0.18)

1.39 (0.22)

RGT

i-ABC
Wisconsin Card Sort Test
(WCST)

0.73 (1.3) 1.02 (1.9) 3.50 (3.2) 4.92 (5.4)

0

Probabilistic learning and re- 0.30 (0.6) 0.74 (1.5) 3.06 (3.1) 5.80 (5.9)
versal (PR)

0/1

1/1

0.90 (0.16)

1.01 (0.21)

Structure learning (SL)

3.41 (2.6) 3.27 (2.6) 0.99 (0.7) 1.72 (3.5)

0/0

1/1

1.07 (0.15)

1.04 (0.16)

Color-Word Stroop

N/Ac

3.38 (4.5) 3.28 (4.7)

0/0

1/1

0.84 (0.13)

0.87 (0.14)

Stop Signal Task (SST)

0.98 (1.8) 1.59 (3.3) 1.41 (2.4) 1.14 (2.7)

0/1

1/1

0.47 (0.08)

0.42 (0.09)

Trails A and B

0 (0)

0 (0)

0 (0)

0 (0)

0/0

2/0

40.9 (10.7)

40.4 (10.2)

Intra/extra-dimensional set
shift (IED)

N/A

N/A

N/A

N/A

0/0

0/0

N/A

N/A

Spatial working memory
(SWM)

N/A

N/A

N/A

N/A

0/0

0/0

N/A

N/A

Backwards Digit Span

N/A

N/A

N/A

N/A

N/A

0/0

0/0

N/A

WASIe vocabulary

N/A

N/A

N/A

N/A

N/A

0/0

0/0

N/A

Inquisit
N/A

CANTABd

Verbal

a

F2F: face-to-face.

b

RGT: remote guided testing.

c

N/A: not applicable.

d

CANTAB: Cambridge Neuropsychological Test Automated Battery.

e

WASI: Wechsler Abbreviated Scale of Intelligence.

Data Exclusion
Trial-Level Exclusions
Table 5 provides a full breakdown of data exclusions by
experimental task and group. The data were analyzed using a
GLM with excluded trials on each task (5 levels) as dependent
(within-subjects) variables and modality (2 levels) as a predictor
(between-subjects) variable to determine whether there was a
difference in the overall percentage of excluded trials across
tasks as a function of testing modality. Participants’ age and
vocabulary standardized scores were entered as covariates in
the model. Since Mauchly’s test indicated that the assumption
of sphericity had been violated (χ29=17.1; P=.047), degrees of
freedom were corrected using Greenhouse-Geisser estimates of
sphericity (ε=0.88). The results indicated no significant main
effect of Modality (F1,56=2.1; P=.15; η2P=.04) and no significant
interaction between modality and task (F3.55, 198.5=.37; P=.81;
η2P=.01). Tukey HSD posthoc tests indicated that F2F and RGT
participants did not differ on excluded trials for any individual
task (P>.40 for all pairwise comparisons). There were also no

significant effects of age (F1,56=1.97; P=.17; η2P=.03) and
vocabulary (F1,56=1.74; P=.19; η2P=.03).
Task-Level Exclusions
As shown in Table 5, a total of 12 participant task-level data
sets (F2F=2, RGT=10) were excluded from the analysis. Of
these, 6 data sets were removed for technical reasons, and 6
were removed for performance reasons. Technical exclusions
only occurred for the RGT group due to technical issues
encountered during task administration (eg, OS compatibility,
software/hardware issues, and environmental disruption). No
data sets in the F2F group were excluded for technical reasons.
For performance-related exclusions, recall that task-level data
were excluded if the participant’s total number of missed and
outlying trials was >25% of all trials for that task. Following
these criteria, 2 participant task-level data sets were removed
in the F2F group, and 4 participant task-level data sets were
removed in the RGT group (a total of 6 datasets removed for
performance reasons).

Reaction Times
Finally, we assessed whether the mean RTs of included trials
differed as a function of testing modality (see Table 5 for group
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means). The data were analyzed using a GLM with RTs on each
task (6 levels) as dependent (within-subjects) variables and
modality (2 levels) as a predictor (between-subjects) variable.
Participants’ age and vocabulary standardized scores were
entered as covariates in the model. Since Mauchly’s test
indicated that the assumption of sphericity had been violated
(χ214=176; P<.001), degrees of freedom were corrected using
Greenhouse-Geisser estimates of sphericity (χ=0.37). The results
indicated no significant main effect of modality (F1,55=.15;
P=.70; η2P=.00) and no significant interaction between modality
and task (F1.86, 102.3=.21; P=.24; η2P=.03). Tukey HSD posthoc
tests indicated that F2F and RGT participants did not differ on
RT for any individual task (P>.80 for all pairwise comparisons).
There were also no significant effects of age (F1,55=.00; P=.98;

Leong et al

Task Performance
The task performance indices were analyzed by delivery
platform. Unlike the previous data quality measures of
missed/excluded trials which were computed manually using
simple and uniform criteria, these performance indices varied
greatly in complexity and granularity (eg, spanning estimations
of strategy, accuracy/error, and timing). Most of the performance
indices were also automatically calculated by the delivery
software using built-in criteria and assumptions. Accordingly,
we analyzed task performance separately by delivery platform
to allow us to detect any testing modality differences that
emerged on some platforms and their tasks, but not others.
Figure 4 and Table 6 show a full breakdown of participant
performance by delivery platform, task, and test modality.

η2P=.00) and vocabulary (F1,55=.14; P=.71; η2P=.00).
Figure 4. Plot of performance indices for (a) i-ABC; (b) Inquisit; (c) CANTAB and (d) Verbally delivered tasks. Face-to-face participants are shown
in dark grey bars, remote guided participants are shown in light grey bars. Error bars indicate the standard error of the mean, ***P<.001.
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Table 6. Summary of task performance indices.
GLMa modality effects

Delivery platform and task and performance Scores by group
index
F2Fb, mean (SD)

RGTc, mean (SD)

i-ABC

Modality F1,72=.00; P=.96; Modality*Task F1.20, 86.2=.02;
P=.73

Wisconsin Card Sort Test (WCST)
Nonperseverative errors

10.1 (5.5)

10.2 (6.8)

Perseverative errors

9.3 (2.6)

10.0 (4.1)

Probabilistic learning and reversal (PR)
Perseveration

3.1 (1.7)

3.7 (2.8)

Switching probability

6.6 (2.5)

6.7 (2.6)

PI mean

0.15 (0.22)

0.06 (0.18)

PI change

0.18 (0.30)

0.16 (0.31)

Structure learning (SL)

Inquisit

Modality F1,58=.74; P=.39; Modality*Index F1.80,
104.3=1.65; P=.20

Color-Word Stroop
Interference (reaction time)

0.23 (0.10)

0.22 (0.11)

Interference (accuracy)

–0.08 (0.07)

–0.10 (0.09)

0.24 (0.19)

0.28 (0.27)

1.26 (0.43)

1.17 (0.31)

Stop Signal Task (SST)
Stop Signal reaction time
Trails A and B
Trails B/A time ratio
CANTABd

Modality F1,59=.02; P=.88; Modality*Task F1,59=.03;
P=.86

Intra-extra dimensional set shift (IED)
Extra dimensional shift errors

5.6 (7.2)

4.7 (5.2)

Pre-extra dimensional shift errors

7.3 (2.6)

9.6 (7.7)

Between errors

25.3 (16.7)

32.3 (21.3)

Strategy

13.3 (4.6)

14.4 (4.1)

Spatial working memory (SWM)

Verbal delivery

a

Modality F1,82=16.6; P<.001; Modality*Task F1,82=7.57;
P=.007

WASIe vocabulary (standardized score) 50.1 (7.2)

56.0 (7.6)

Backwards Digit Span (total score)

9.7 (3.2)

8.7 (3.1)

GLM: general linear model

b

F2F: face-to-face.

c

RTG: remote guided testing.

d

CANTAB: Cambridge Neuropsychological Test Automated Battery.

e

WASI: Wechsler Abbreviated Scale of Intelligence.

•

i-ABC: The data were analyzed using a GLM with task (3
levels) and index (2 levels) as dependent (within-subjects)
variables and testing modality (2 levels) as a predictor
(between-subjects) variable to assess task performance
across the three i-ABC tasks (Wisconsin Card Sort,
probabilistic reversal and structure learning). Participants’
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age and vocabulary standardized scores were entered as
covariates in the model. Since Mauchly’s test indicated that
the assumption of sphericity had been violated (task
χ22=78.7; P<.001), degrees of freedom were corrected using
Greenhouse-Geisser estimates of sphericity (ε=0.60). The
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results indicated no significant main effect of modality
(F1,72=.00; P=.96; η2P=.00) and no significant interaction
between modality and task (F1.20, 86.2=.02; P=.92; η2P=.00).
Tukey HSD posthoc tests indicated that F2F and RGT
participants did not differ on performance for any individual
task or index (P>.99 for all pairwise comparisons). There
was a significant effect of age (F1,72=9.81; P=.003;
η2P=.12) but no significant effect of vocabulary (F1,72=.02;
•

P=.90; η2P=.00).
Inquisit: To assess task performance across the three
Inquisit tasks (Stroop, Stop Signal, and Trails), the data
were analyzed using a GLM with index (4 levels) as
dependent (within-subjects) variables and testing modality
(2 levels) as a predictor (between-subjects) variable.
Participants’ age and vocabulary standardized scores were
entered as covariates in the model. Since Mauchly’s test
indicated that the assumption of sphericity had been violated
(task χ25=65.9; P<.001), degrees of freedom were corrected
using Greenhouse-Geisser estimates of sphericity (ε=0.60).
The results indicated no significant main effect of modality
(F1,58=.74; P=.39; η2P=.01) and no significant interaction
between modality and index (F1.80,104.3=1.65; P=.20;
η2P=.03). Tukey HSD posthoc tests indicated that F2F and
RGT participants did not differ on performance for any
individual task or index (P>.77 for all pairwise
comparisons). There were no significant effects of age
(F1,58=1.35; P=.25; η2P=.02) or vocabulary (F1,58=.11;

•

P=.74; η2P=.00).
CANTAB: Performance on the two CANTAB tasks (IED
shift and SWM) was analyzed using a GLM taking task (2
levels) and Index (2 levels) as dependent (within-subjects)
variables and testing Modality (2 levels) as a predictor
(between-subjects) variable. Participants’ age and
vocabulary standardized scores were entered as covariates
in the model. The results indicated no significant main effect
of modality (F1,59=.02; P=.88; η2P=.00) and no significant
interaction between modality and task (F1,59=.03; P=.86;
η2P=.00). Tukey HSD posthoc tests indicated that F2F and
RGT participants did not differ on performance for any
individual task or index (P>.51 for all pairwise
comparisons). There was no significant effect of age
(F1,59=.32; P=.57; η2P=.01) or vocabulary (F1,59=1.92;

•

P=.17; η2P=.03).
Verbal delivery: Finally, participants’ performance on the
verbally delivered tasks (WASI Vocabulary and Backwards
Digit Span) was assessed using a GLM with task (2 levels)
as dependent (within-subjects) variables and testing
modality (2 levels) as a predictor (between-subjects)
variable. Only participant age was entered as a covariate
in the model. Unlike all the previous tests, we observed a
strong and significant main effect of modality (F1,82=16.6;
P<.001; η2P=.17) as well as a significant interaction
between modality and task (F1,82=7.57, P=.01; η2P=.08).
Tukey HSD posthoc tests of the interaction indicated that
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F2F and RGT participants differed significantly on
vocabulary performance (P<.001, RGT>F2F) but not on
digit span (P=.83). There was no significant effect of age
(F1,82=.96; P=.33; η2P=.01).
In summary, we observed no significant difference in task
performance between F2F and RGT participants for any delivery
platform or experimental task, with the notable exception of
WASI Vocabulary, where RGT participants scored significantly
higher than F2F participants on the task.

Verbal Intelligence Analysis
To understand the source of this apparent difference in verbal
intelligence, first, we assessed whether participants’ background
could explain their differences in vocabulary performance.
Accordingly, the categorical factors of gender (2 levels,
male/female), ethnicity (3 levels, Chinese/Malay/Indian),
education (2 levels, secondary/bachelors), home-dwelling (6
levels), and testing modality (2 levels, F2F/RGT), and the
continuous variable of age were entered as predictors in a
general regression model analysis, taking vocabulary score as
the dependent variable. Overall, the model was significant
(F11,62=2.89; P=.004; adjusted R2=0.22); however, the only
significant predictor of vocabulary was testing modality
(β=–0.47, SE 0.11, t=–4.15; P<.001). None of the other factors
(age, gender, ethnicity, education, or dwelling) significantly
predicted vocabulary scores (P>.25 for all). Therefore, group
differences in verbal intelligence could not be explained by
differences in participant background characteristics.
Next, we conducted further analyses on participants’ item-level
responses. Recall that participants received 0 (for an incorrect
or null response), 1 (for a partial response), or 2 points (for a
full response) on each word item. We assessed whether superior
performance in the RGT group was due to (1) knowledge of
more words (ie, reaching a higher word item number) or (2)
more complete description of words (ie, attaining a full score
of 2 for a higher proportion of words). Unpaired two-tailed t
tests conducted for each contrast revealed that RGT participants
reached a significantly higher item number than F2F participants
on average (F2F: mean 24.0, SD 1.3 and RGT: mean 25.3, SD
1.9; t83=–3.79; P<.001). However, a two-tailed t test showed
that RGT participants also attained a full score on a higher
proportion of items than F2F participants (F2F: mean 0.53, SD
0.23 and RGT: mean 0.63, SD 0.19; t83=–2.18; P=.03).
Therefore, the item-level analysis supported both effects.

Discussion
Principal Findings
The COVID-19 pandemic has fundamentally changed the
landscape of human psychological research and left in its wake
a need for thoughtful recalibration of the balance between new
remote ways of working and traditional lab-based research
approaches. Never has there been greater urgency and impetus
to shift toward web-based data collection methods. Yet data
quality
and
assurance
frameworks
for
online
protocols—particularly
for
web-based
cognitive
measurements—are still lacking, and current published
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web-based studies vary greatly in their data quality monitoring
and transparency. Therefore, we know surprisingly little about
how web-based data sets differ from data collected in person,
and significant questions remain regarding experimental rigor,
reliability, and validity [36,37,66]. To help identify exactly how
sources of unwanted participant variability may arise during
online data collection and to mitigate these effects, we propose
a new supervised online testing methodology, RGT. This hybrid
method may offer a close alternative to traditional lab-based
methods for collecting high-quality human cognitive data
without requiring physical contact in the post-COVID “new
normal” where many people now work from home.
Further, although we use RGT in a research context, our findings
demonstrate there is no reason that the method could not be
used clinically for neuropsychological assessments, particularly
in situations where in-person meetings would be difficult or
impossible. For example, people in wheelchairs or care homes
may find it easier to be tested in their home environment,
particularly during winter when daylight hours are short, and
there can be significant weather deterrents to travel (eg, ice or
snow). Therefore, there is wide potential for the RGT method
to be used in tandem with traditional F2F methods across both
clinical and nonclinical settings.

RGT Data Quality
Three data quality indices were examined in cognitive test data
collected via RGT and standard lab-based F2F methods: (1)
missed trials, (2) data exclusion (both at the individual trial and
participant level), and (3) RTs. The results showed that more
participant data sets were excluded for technical reasons, such
as hardware or software incompatibility issues, or in one case,
environmental disruption in the RGT data set (n=6 across all
tasks for RGT compared to none for F2F). However, RGT and
F2F data sets did not differ on any of the other data quality
indices of missed and excluded trials or on RT. The latter result
is particularly relevant since previous web-based studies that
have examined RT indices note significant and consistent lags
in participant response time latencies during unsupervised
web-based testing [34,76]. This indicates that experimenter
supervision, even if only as a virtual presence, may be crucial
for maintaining participant focus and attention on cognitive
tasks, particularly when an expedient response is required.
Additionally, the supervising experimenter was also able to
quickly troubleshoot several common software and set-up
problems that RGT participants experienced, which could have
otherwise exacerbated the number of technical issues and data
degradation.
It is well-established that the “experimenter effect” has a
significant influence on participants’ motivation, mental state,
performance, task engagement, and credibility during
experimental studies [87,88]. It should also be noted that since
F2F testing was also supervised, experimenter effects were
likely to have been similar across groups, and in this case,
apparently beneficial for task compliance. However, there are
scenarios in which supervision may adversely affect participants’
cognitive and behavioral performance due to the social
desirability effect and increased cognitive load [33,89,90]. For
instance, Richman et al [89] reported decreased pressure to
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impress (social desirability effect) with the use of online-based
settings. Therefore, the proposed RGT method may not be
optimal for experimental paradigms that are sensitive to social
desirability effects.

RGT Task Performance
No significant differences in task performance were observed
across all measures of executive function (cognitive flexibility,
working memory, and inhibition) and learning, administered
using 3 different experimental platforms (CANTAB, Inquisit,
and i-ABC). However, we did observe a large and unpredicted
difference in verbal intelligence (vocabulary) when measured
in remote and in-person settings. Surprisingly, the RGT group
scored significantly higher than the F2F group, and this effect
could not be explained by differences in background
characteristics (age, gender, ethnicity, or socioeconomic status).
Detailed analyses of the item-level responses suggested that
RGT participants produced correct definitions for a significantly
higher number of words and also produced more fully elaborated
responses to individual test items than F2F participants. This
could be due to both F2F participants and the experimenter
wearing facial masks and maintaining a physical distance of at
least 1m (in compliance with prevailing COVID-19 guidance)
throughout the experimental session in the lab. This could have
influenced participants’ general willingness to communicate
with the experimenter, consistent with data from a previous
large-scale randomized control study indicating that
mask-wearing by physicians during consultations negatively
impacted doctor-patient communication, perceived empathy,
and relational continuity [91]. Therefore, in clinical settings,
remote testing methods not requiring the use of personal
protective equipment such as masks may, in fact, be beneficial
to reduce the communication barrier between experimenter and
participant, thereby yielding improved performance on verbal
tasks.
A strength of this study is that participants were of diverse and
Asian origin (including Chinese, Malay, and Indian ethnicities),
which addresses the Western skew in participant demographics
that has characterized much of psychological research [42-47].
In this context, it is encouraging to note that web-based remote
methodologies are suitable for these populations. However,
most of the participants were highly educated university students
whose attitudes, moral reasoning, beliefs, and social networks
are known to differ significantly from that of nonuniversity
educated counterparts [38]. Although the current study did not
pertain specifically to social attitudes or phenomena, these
factors may nonetheless have implicitly influenced data
collection (eg, social desirability bias during experimenter
monitoring, etc), limiting the broader generalizability of these
findings to other populations.

Toward a Data Quality Assurance Framework for
Web-Based Cognitive Studies
Given the current societal momentum, we expect to see a
continued rise in the number of cognitive studies conducted
using web-based protocols. There exists, therefore, an urgent
need for standardized protocols, data quality assurance indices,
and benchmarks for the conduct and reporting of web-based
cognitive studies. We take a step in this direction by making
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the standard operating protocol for our remote guided method
freely available (Multimedia Appendix 1). We further report
detailed information about participants’ technological capability
and home environment, including the relevant survey
instruments that were developed for this purpose (Multimedia
Appendices 2 and 3). We define and report a detailed set of data
quality indices, which include measures of trial-level variability
(eg, missed responses, outlying responses, and RTs) as well as
participant variability. We further distinguish between
technical-related and performance-related issues and exclusions
while providing in-depth descriptions of each. This level and
form of reporting may help orient the field of web-based
cognitive testing toward greater transparency, reliability, and
replicability and also provide common metrics on which the
data quality of different datasets may be compared [36,37,66].

Limitations and Considerations for Selecting Test
Methodology
Our results suggest that the RGT method yields high-quality
cognitive data comparable to data collected in-person in the lab.
However, this gain in data quality comes at the cost of additional
manpower and time required for remote human supervision. In
fact, compared to lab-based testing, the RGT method requires
one additional set-up session (lasting 30 minutes) and therefore
presents a greater time demand for both the experimenter and
participant. This level of time investment may not be appropriate
for large-scale studies that aim to test thousands of participants
in a short period, although the inclusion of clear instructions
for online tests and brief online tutoring (eg, using video clips)
may improve the comprehensibility of instructions if the
requisite research personnel are not available. As illustrated in
Figure 5, one practical consideration when deciding on an
appropriate test methodology is the trade-off between data
quality and available time or resources. Purely unsupervised
web-based testing has the attendant advantages of reaching large
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sample sizes with a broad demographic at a relatively low cost
per head [34,49,54,56-58]. However, this may compromise data
quality, comparability, replicability, and validity [61,62].
Therefore, implementing unsupervised web-based testing
methods must be informed by the specific tasks to be used and
their proven cross-setting reliability [34].
Another important consideration is the necessity and feasibility
of in-person attendance at a physical location. Certain
experimental protocols (eg, neuroimaging and invasive
procedures) require in-person attendance due to the need for
specific equipment or professional expertise. In these cases,
in-person lab-based testing is the only option for data collection.
However, in situations where physical attendance is not
necessary or impossible (eg, during COVID-19 lockdown
restrictions), RGT may be a viable alternative. The decision to
adopt a method like RGT will be further weighted by
considerations of group size and composition; for example, in
clinical studies that involve high-risk or rare cohorts where
maximization of individual data quality is important. Similarly,
longitudinal studies that have used in-person lab-based cognitive
tests at previous timepoints may prioritize cross-setting
comparability, opting for supervised online methods that yield
similar results to lab-based tests. Further, studies that include
RT-dependent tasks (eg, Stroop and Stop Signal) may wish to
use supervised online methods to ameliorate known reaction
latency issues [76]. Finally, both supervised and unsupervised
web-based methods require good internet connectivity and
digital infrastructure for participants and research labs involved.
The excellent web capability of RGT participants in the current
study is indicative of Singapore having one of the highest levels
of internet penetration in the world, recently estimated at 87%
[92]. Therefore, while web-based testing would be highly
feasible in countries like Singapore, this may be more
challenging in countries with less well-developed digital
infrastructure.

Figure 5. Summary of considerations for suitability of unsupervised, supervised web testing and in-person methodologies for cognitive testing. RT:
reaction time.

Conclusions
The global COVID-19 pandemic has accelerated a move toward
web-based cognitive testing, yet long-standing questions remain
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over the data quality and validity of web-based studies,
compounding an urgent need to develop and implement data
quality assurance frameworks for current and future online
studies. Here, we propose a new supervised online testing
J Med Internet Res 2022 | vol. 24 | iss. 1 | e28368 | p.935
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methodology, RGT, and present data quality benchmarks for
this new method. Across all measures of data quality and
performance, the RGT method yielded data that was statistically
equivalent to data collected in person in the lab. We conclude
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that the RGT methodology is robust and offers a viable
alternative for collecting high-quality human cognitive data in
both lab-based research and clinical contexts without requiring
in-person physical attendance.
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Abstract
Background: Photoplethysmography is a noninvasive and low-cost method to remotely and continuously track vital signs. The
Oura Ring is a compact photoplethysmography-based smart ring, which has recently drawn attention to remote health monitoring
and wellness applications. The ring is used to acquire nocturnal heart rate (HR) and HR variability (HRV) parameters ubiquitously.
However, these parameters are highly susceptible to motion artifacts and environmental noise. Therefore, a validity assessment
of the parameters is required in everyday settings.
Objective: This study aims to evaluate the accuracy of HR and time domain and frequency domain HRV parameters collected
by the Oura Ring against a medical grade chest electrocardiogram monitor.
Methods: We conducted overnight home-based monitoring using an Oura Ring and a Shimmer3 electrocardiogram device. The
nocturnal HR and HRV parameters of 35 healthy individuals were collected and assessed. We evaluated the parameters within
2 tests, that is, values collected from 5-minute recordings (ie, short-term HRV analysis) and the average values per night sleep.
A linear regression method, the Pearson correlation coefficient, and the Bland–Altman plot were used to compare the measurements
of the 2 devices.
Results: Our findings showed low mean biases of the HR and HRV parameters collected by the Oura Ring in both the 5-minute
and average-per-night tests. In the 5-minute test, the error variances of the parameters were different. The parameters provided
by the Oura Ring dashboard (ie, HR and root mean square of successive differences [RMSSD]) showed relatively low error
variance compared with the HRV parameters extracted from the normal interbeat interval signals. The Pearson correlation
coefficient tests (P<.001) indicated that HR, RMSSD, average of normal heart beat intervals (AVNN), and percentage of successive
normal beat-to-beat intervals that differ by more than 50 ms (pNN50) had high positive correlations with the baseline values; SD
of normal beat-to-beat intervals (SDNN) and high frequency (HF) had moderate positive correlations, and low frequency (LF)
and LF:HF ratio had low positive correlations. The HR, RMSSD, AVNN, and pNN50 had narrow 95% CIs; however, SDNN,
LF, HF, and LF:HF ratio had relatively wider 95% CIs. In contrast, the average-per-night test showed that the HR, RMSSD,
SDNN, AVNN, pNN50, LF, and HF had high positive relationships (P<.001), and the LF:HF ratio had a moderate positive
relationship (P<.001). The average-per-night test also indicated considerably lower error variances than the 5-minute test for the
parameters.
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Conclusions: The Oura Ring could accurately measure nocturnal HR and RMSSD in both the 5-minute and average-per-night
tests. It provided acceptable nocturnal AVNN, pNN50, HF, and SDNN accuracy in the average-per-night test but not in the
5-minute test. In contrast, the LF and LF:HF ratio of the ring had high error rates in both tests.
(J Med Internet Res 2022;24(1):e27487) doi:10.2196/27487
KEYWORDS
electrocardiography; ECG; wearable device; heart rate variability; Oura smart ring

Introduction
Background
Wearable devices are widely used for continuous monitoring
of health parameters, by which individuals’ health and
well-being can be assessed [1,2]. Heart rate (HR) and HR
variability (HRV) are essential parameters that can be collected
noninvasively, indicating information about the cardiorespiratory
and autonomic nervous systems. HRV is the variation in the
time interval between adjacent heartbeats, also known as
interbeat interval (IBI) [3]. Using the IBI, various parameters
can be extracted, such as the root mean square of successive
differences (RMSSD), SD of beat-to-beat intervals (SDNN),
and the percentage of successive beat-to-beat intervals that differ
by more than 50 ms (pNN50), each of which reveals various
cardiovascular events and problems [4]. For example, HRV
parameters have been shown to be predictors of mortality after
myocardial infarction [5] and the mode of death in chronic heart
failure [6]. Studies also indicated that HRV parameters are
associated with diabetes [7], cardiovascular autonomic
imbalance [8], and in pregnant women with pre-eclampsia [9],
to mention a few. Moreover, HRV parameters are significantly
correlated with sleep stage [10], sleep quality [11], and stress
levels [12,13].
HR and HRV monitoring can be performed by leveraging
noninvasive and low-cost methods. Electrocardiography (ECG)
is a conventional method to record the heart’s electrical
activities, using electrodes attached to the chest and limbs [14].
ECG is a gold standard method for collecting heartbeats and
IBI, as the collected electrical signals can clearly indicate
depolarization of the ventricular muscles (ie, R-peak). However,
the ECG method cannot be used for long-term or remote health
monitoring owing to the complicated setup as ECG electrodes
need to be attached to the user’s limbs or chest all the time.
Loose or misplaced electrode connections in the monitoring
also negatively affect signal quality. Photoplethysmography
(PPG) is another technique used to collect HR and HRV [15].
Different studies have focused on monitoring and extraction of
PPG signals [16-18]. As an optical technique, PPG measures
cyclical oscillations in the skin’s blood flow by emitting light
to the skin and absorbing light reflection via a light detector
[19]. The light emitter and detector can be placed on the user’s
wrist or finger for data collection. PPG is easy to implement in
remote health monitoring systems, and it is already available
in various wearable devices in the market, such as smartwatches
and rings.
Several clinical and commercial PPG-based smart wearable
devices have been proposed in the past few years, enabling the
monitoring of vital signs outside conventional clinical settings.
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Studies have exploited wearables such as Garmin, Fitbit, and
Apple watches in clinical trials as well as in different
population-based studies [20-22]. The use of wearable devices
is expected to increase even further as they become smaller,
lighter, and more energy-efficient with sufficient battery
capacity and internal data storage. In particular, smart rings
such as the Oura Ring [23] have recently drawn attention for
use in remote health and physical activity monitoring, such as
COVID-19 research at the University of California San
Francisco [24] and players’ health data monitoring in the
National Basketball Association and Women's National
Basketball Association league [25].
Wearable devices require a high level of accuracy and reliability,
particularly if they are used in health monitoring apps. However,
these devices are susceptible to artifacts, resulting in poor data
collection and subsequently invalid health parameters. This
problem is further exacerbated by environmental noise and
motion artifacts in PPG-based monitoring [19,26].
Unfortunately, such artifacts are inevitable in free-living
conditions, as the user might engage in various physical
activities in different environments.
The accuracy of different HRV parameters depends on multiple
factors in the signals. For example, RMSSD shows short-term
variations in the IBI signal, and the accuracy is affected if a
small portion of the signal is distorted [4]. In contrast, SDNN
indicates the long-term signal variation, so the outliers, affecting
the variation of the signal, would negatively impact its accuracy.
Moreover, frequency domain features are significant for
assessing the cardiovascular and nervous systems, for example,
low frequency (LF) and high frequency (HF) are indicators of
stress states, hypertension, and Parkinson disease severity
[27,28]. These features indicate the power of the IBI in specific
frequency bands. Therefore, they are distorted if interference
with the same frequency is added to the signal. Such different
characteristics of HRV parameters necessitate the evaluation
of HRV parameters separately. Consequently, a more extensive
assessment is required to investigate HRV measurements in
remote monitoring.
Various studies in the literature have investigated the validity
of wristbands—such as Apple Watch, Huawei Watch, and
Microsoft Band 2—in terms of the quality of PPG and HRV
measurements [29-32]. However, the validation of smart rings,
which use finger-based PPG, is limited. Mehrabadi et al [33]
assessed the nonstaging sleep parameters collected by the Oura
Ring in comparison with a medically approved actigraphy
device. They showed that the sleep parameters of the ring were
significantly correlated with those obtained from the Actigraph.
Kinnunen et al [34,35] investigated the Oura Ring via overnight
data collection. The study showed good agreement between the
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Oura Ring and the ECG monitoring device. However, the
assessments were restricted to the nocturnal HR and RMSSD
reported by the ring. Other parameters, such as the IBI or
frequency domain HRV parameters, were not considered.

Objectives
In this study, we have comprehensively assessed the validity
of the Oura Ring in terms of HR and multiple HRV parameters
during sleep. The ring was evaluated against a medical grade
chest ECG monitor. The study, approved by the ethical
committee, included overnight home-based monitoring of 35
healthy individuals from whom the HR and IBI values were
collected. We extracted HR, RMSSD, average of all normal
heart beat intervals (AVNN), SDNN, pNN50, LF, HF, and
LF:HF ratio from the ring and ECG monitor. Then, we evaluated
the parameters obtained from the 2 devices in a 5-minute test
and an average-per-night test. The parameters were compared
using a linear regression method, Pearson correlation coefficient,
and Bland–Altman plot. Finally, we have discussed the obtained
results, the validity of monitoring these parameters in everyday
settings, and the limitations of the study. In summary, the main
contributions of this study are as follows:
1.

2.
3.

We investigated the validity of the Oura Ring in terms of
nocturnal HR and multiple HRV, compared with a medical
grade chest ECG monitor.
We conducted a 1-day study where 35 healthy individuals
were monitored at home.
We analyzed the HR and HRV parameters in 5-minute and
average-per-night tests using a linear regression method,
Pearson correlation coefficient, and Bland–Altman plot.

Methods
Study Design
The assessment of HR and HRV measurements collected from
the Oura Ring was performed in an observational study in
free-living conditions with a convenience sample of healthy
individuals. The measurements were evaluated in comparison
with a gold standard ECG monitor. Recruitment took place
during July and August 2019 in southwest Finland.

Participants and Recruitment
A total of 46 healthy volunteer adults—including 23 women
and 23 men—were recruited in this study. The exclusion criteria
were as follows: (1) diagnosed cardiovascular disease, (2)
symptoms of illness during the recruitment time, (3) restriction
in physical activity, and (4) restriction on using wearable
devices. The average age and BMI of the selected participants
were 32.3 (SD 6.4) years and 24.9 (SD 4.5) kg/m2, respectively.
In this setup, we focused on healthy people to evaluate the
accuracy of the ring, as diseases (arrhythmias) alter the shape
of the PPG signal [36] and affect the regular accuracy of the
ring.
In face-to-face meetings, the participants were informed about
the study’s detailed information, including the purpose of the
study and use of wearable devices. The participants were asked
to wear an Oura Ring and a Shimmer3 ECG monitor for 1 day.
Measurements were conducted during normal life. A total of
https://www.jmir.org/2022/1/e27487

XSL• FO
RenderX

Cao et al
11 participants were excluded from the data analysis owing to
technical and practical issues, for example, the ECG electrodes
were not adequately attached to the skin during sleep.
Consequently, data from 35 participants (women: 19/35, 54%;
men: 16/35, 46%) were included in the analysis.

Data Collection
The home-based data collection was performed using 2 wearable
devices, that is, the Oura Ring [23] and Shimmer device [37].
The participants were asked to wear 1 Oura Ring on 1 finger of
the nondominant hand. The Shimmer unit was placed on the
chest of each participant using a chest strap. A total of 4
electrodes were attached to collect 3 bipolar limb leads during
the monitoring. More details of the setup can be found in the
study by Burns et al [38]. Moreover, the participants were asked
to complete a short background questionnaire before starting
the monitoring. They were also asked to report events during
the study, for example, if the devices were removed from the
finger or chest. In addition to the verbal instructions, the
participants received written guidelines for using the devices.
Oura Ring is a commercial wearable device, collecting PPG,
acceleration, and body temperature data to measure HR,
respiratory rate, HRV, sleep parameters, and intensity of
physical activity. The ring is small (2.55 mm thickness), light
(4-6 g), and easy to use for continuous monitoring [35]. Its
battery can support 5-7 consecutive days of monitoring with
one battery charge. The ring uses Bluetooth to send data to the
Oura Android or iOS operating system mobile app and cloud
server. The data can be accessed through the mobile app or the
server. In this study, we extracted the data from the Oura cloud
[35].
The Shimmer3 ECG is the baseline device selected in this study
to evaluate the HR and HRV of the ring. The device is light (31
g) and has compact dimensions (65 mm×32 mm×12 mm) [37].
The Shimmer3 ECG unit can be configured to measure ECG,
accelerometer, and gyroscope data continuously. The device
has a sufficient battery life and internal memory to perform
monitoring for an entire day. We selected 512 Hz as the
sampling frequency for ECG data collection [39,40]. The
sampling frequency is sufficient to accurately extract HR and
HRV [41]. Data were extracted from the device after the
monitoring [37].

Data Analysis
Oura Ring
The Oura Ring provides various parameters regarding the health,
physical activity, and sleep of the user. PPG-based wearable
devices (including Oura) collect noise along with the signals of
interest, particularly in home-based monitoring. In this study,
we assessed the accuracy level or noise level of HR and HRV
measurements. The ring provides HR and RMSSD when the
user is sleeping, and the values are reported every 5 minutes.
More details about the HR and RMSSD calculation can be found
in the study by Shaffer et al [4]. The ring also provides an IBI
signal [42]. We used the 5-minute window of the IBI signal to
calculate the time domain parameters (ie, AVNN, SDNN, and
pNN50) and frequency domain parameters (ie, LF, HF, and
LF:HF ratio). The HRV parameters are presented in Table 1. It
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IBI signals. We calculated the HRV of the 5-minute IBI signals,
if at least 30% of the signal is valid [35].

Table 1. Heart rate variability parameters.

a

Parameter

Units

Description

NNa interval

ms

Time interval between 2 successive normal heartbeats

RMSSDb

ms

The RMSSD between adjacent NN intervals

AVNNc

ms

Average value of NN intervals

SDNNd

ms

SD of NN intervals

pNN50e

—f

The proportion of number of pairs of successive NN intervals differing more than 50 ms divided by total number of
NN intervals

LFg

ms2

Power of the LF band of the IBIh signal (ie, 0.04-0.15 Hz)

HFi

ms2

Power of the HF band of the IBI signal (ie, 0.15-0.4 Hz)

LF:HF

—

Ratio of LF to HF

NN: normal heart beat.

b

RMSSD: root mean square of successive differences between normal heartbeats.

c

AVNN: average of normal heartbeat intervals.

d

SDNN: SD of normal beat-to-beat intervals.

e

pNN50: percentage of successive beat-to-beat intervals that differ by more than 50 ms.

f

Not available.

g

LF: low frequency.

h

IBI: interbeat interval.

i

HF: high frequency.

Shimmer3 ECG
As previously mentioned, ECG was selected as the gold standard
method to extract HR and HRV. In this regard, we chose Lead
II (right arm–left leg) to extract the cardiac rhythm accurately.
As the Oura Ring data were reported every 5 minutes, we also
divided the ECG signals into 5-minute time windows. Then,
we performed an ECG analysis to calculate the HR and HRV
parameters for each window. Different steps of the analysis are
illustrated in Figure 1.
The collected ECG signal quality is susceptible to artifacts
generated by the user’s movements, poor electrode contact, or
environmental noise. Such artifacts are inevitable in home-based
monitoring, as users might engage in various physical activities.
In this regard, we first used a Butterworth band-pass filter with
0.5-100 Hz cutoff frequencies to remove the artifacts that were
not in the desired frequency range.
We designed a two-round peak detection method to extract the
R peaks from the ECG signals. In the first round, the algorithm
computes the average value of the ECG in a 5-minute window.
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It then detects all possible peaks, including the real R peaks and
miscalculated peaks (made by P wave, T wave, or noises) using
the average value as the threshold. In the second round, the
algorithm calculates the average value of the peaks detected in
the first round. Using the average value and the normal
frequency (50-200 beats per minute) of heart beats, undetected
R peaks were added and miscalculated peaks were removed.
Our peak detection method obtains higher accuracy than the
Pan–Tompkins [43] and Hamilton [44] algorithms. Figure 2
shows the peak detection results of a sample with a 5-minute
ECG window.
However, our peak detection algorithm is inaccurate if the
collected ECG includes too much noise (ie, low signal-to-noise
ratio). To avoid such inaccurate peak detection, we developed
a method to detect and remove the distorted signals and invalid
peaks. The removal criteria are based on the normal range of
the HR and RR intervals learned and modified from the ECG
signal quality index [45]. Such a method is important in the
analysis to prevent false peak detection and, subsequently, HR
and HRV extraction. The method pipeline is illustrated in Figure
3.
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Figure 1. The electrocardiography analysis steps. ECG: electrocardiography; HRV: heart rate variability.

Figure 2. The peak detection result of a 5-minute time window. ECG: electrocardiography.

Figure 3. The pipeline of the electrocardiography validation method. ECG: electrocardiography; HR: heart rate; RR: respiratory rate.

Statistical Analysis
We used the Pearson correlation coefficient on pairwise HR
and HRV parameters to investigate the linear relationship and
comparability between the 2 devices. Moreover, a linear
regression analysis was used to assess the accuracy of the HR
and HRV parameters of the Oura Ring. We used Oura’s data
points (HR and HRV parameters) to fit the linear regression
line. Then, we computed the R-squared value (r2) using the
regression line and corresponding baseline data points from the
ECG to evaluate the closeness of the baseline data to the Oura
Ring’s fitted regression line. Finally, the Bland–Altman analysis
https://www.jmir.org/2022/1/e27487
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was used to illustrate and estimate the agreement between the
2 devices. This method provides mean bias, SD, and 95% CIs
based on the differences between the ring and Shimmer3. We
used Python and Python libraries, including Scipy [46], SKlearn
[47], and Statsmodels [48] to program the statistical analysis
functions.

Research Ethics
The study was conducted according to the ethical principles of
the Declaration of Helsinki and the Finnish Medical Research
Act (No 488/1999). The study protocol was approved by the
ethics committee (University of Turku, Ethics Committee for
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Human Sciences, Statement no: 44/2019). The participants were
informed about the study, both orally and in writing, before
written informed consent was obtained. Participation was
voluntary, and all participants had the right to withdraw from
the study at any time and without giving any reason. To
compensate for the time used for the study, each participant
received a gift card to the grocery store (€20; US $26.83) at the
end of the monitoring period when returning the devices.

Results
Overview
The data of 35 participants (ie, 19 women and 16 men) were
included in the analysis. In this study, an average 8.25 (SD 1.51)
hours of nighttime sleep data were recorded for each participant
to validate HR and HRV parameters. In the following, we first
evaluated the HR and HRV parameters obtained from 5-minute
segments. We then compared the average parameters during
nighttime sleep.

Comparisons of HR and HRV Parameters of Ring and
Shimmer3 in 5-Minute Time Windows
We first investigated the correlation between HR and HRV
parameters of the Oura Ring and Shimmer3 in 5-minute
windows. The Pearson correlation coefficient and corresponding
P values for the HR and HRV parameters are shown in Table
2. The HR and RMSSD between the Oura Ring and ECG were
significantly correlated at P<.001. There were high positive
relationships in the AVNN and pNN50 values, moderate positive
relationships in the SDNN and HF values, and a low positive
relationship in the LF and LF:HF ratio.

We used regression analysis to examine the accuracy of the
Oura Ring data compared with the ECG. The regression lines
(in red) for 5-minute samples of all participants are illustrated
in Figure 4. We also showed y=x lines (in black), indicating the
best scenario where the values obtained from the Oura and ECG
are equal. Moreover, r2 values were reported, showing the scatter
of the data around the regression lines. In this analysis, the fitted
lines of the HR, RMSSD, AVNN, and pNN50 were close to the
ideal lines, and their r2 values were high. However, the data
points of the SDNN, LF, HF, and LF:HF ratio are dispersed,
and their r2 values are relatively low.
In addition, Bland–Altman analysis was performed to investigate
the agreement between the HR and HRV parameters extracted
from the ring and ECG. Figure 5 shows the Bland–Altman plots.
The mean bias and 95% CI are shown in Figure 5 and Table 2.
The ring (on average) overestimated pNN50, LF, and HF values
but underestimated the other parameters. The HR, RMSSD,
AVNN, and pNN50 had narrow 95% CIs; however, SDNN,
LF, HF, and LF:HF ratio had relatively wider 95% CIs.
We also demonstrated the nocturnal HR and HRV parameters
of one participant (randomly selected) in Figure 6. The
parameters were obtained from the 5-minute segments. Figure
6 shows how the collected parameters from the Oura Ring (in
red) and from the ECG (in green) vary throughout the night. As
indicated, there are missing values, particularly in the frequency
domain parameters, because of the removal of low-quality
segments of the ECG or IBI signals.

Table 2. Pearson correlation coefficient, P values, 95% CI, and mean bias for heart rate (HR) and HR variability parameters between Ring and Shimmer3
in 5-minute window time.

a

Parameters

Pearson correlation coefficient

P value

95% CI

Mean bias

HR

0.99341

<.001

−2.81 to 1.93

−0.44

RMSSDa

0.91502

<.001

−44.07 to 14.13

−14.97 ms

SDNNb

0.51772

<.001

−88.45 to 86.52

−0.96 ms

AVNNc

0.82486

<.001

−210.01 to 183.24

−13.39 ms

pNN50d

0.76024

<.001

−0.23 to 0.35

0.06

LFe band

0.42401

<.001

−1758.9 to 1806.12

23.61 ms2

HFf band

0.62734

<.001

−1423.92 to 1484.38

30.23 ms2

LF:HF ratio

0.35455

<.001

−2.53 to 2.31

−0.11

RMSSD: root mean square of successive differences between normal heartbeats.

b

SDNN: SD of normal beat-to-beat intervals.

c

AVNN: average of normal heartbeat intervals.

d

pNN50: percentage of successive beat-to-beat intervals that differ by more than 50 ms.

e

LF: low frequency.

f

HF: high frequency.
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Figure 4. The scatter plots and regression analysis of the nocturnal heart rate and heart rate variability parameters collected from the Oura Ring and
Shimmer electrocardiography in 5-minute segments. The regression lines and ideal lines are indicated in red and black, respectively. AVNN: average
of all normal-to-normal intervals; ECG: electrocardiography; HF: high frequency; HR: heart rate; LF: low frequency; pNN50: percentage of successive
beat-to-beat intervals that differ by more than 50 ms; PPG: photoplethysmography; RMSSD: root mean square of successive differences; SDNN: SD
of beat-to-beat intervals.

https://www.jmir.org/2022/1/e27487

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e27487 | p.948
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Cao et al

Figure 5. The Bland–Altman plots of the nocturnal heart rate and heart rate variability parameters in 5-minute segments obtained by the Oura Ring
and Shimmer electrocardiography. AVNN: average of all normal-to-normal intervals; HF: high frequency; HR: heart rate; LF: low frequency; pNN50:
percentage of successive beat-to-beat intervals that differ by more than 50 ms; PPG: photoplethysmography; RMSSD: root mean square of successive
differences; SDNN: SD of beat-to-beat intervals.
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Figure 6. The nocturnal heart rate and heart rate variability parameters of one participant during a night sleep event. The data are extracted from the
Oura Ring (in red) and Shimmer electrocardiography (in green). AVNN: average of all normal-to-normal intervals; ECG: electrocardiography; HF:
high frequency; HR: heart rate; LF: low frequency; pNN50: percentage of successive beat-to-beat intervals that differ by more than 50 ms; PPG:
photoplethysmography; RMSSD: root mean square of successive differences; SDNN: SD of beat-to-beat intervals.

Comparisons of Average HR and HRV Parameters of
Ring and Shimmer3 During Sleep Time
We compared the average HR and HRV parameters per night
sleep for the 2 devices to evaluate the overall errors. In this
regard, we first extracted the correlation between the average
HR and HRV parameters using the Pearson correlation test.
Table 3 shows the Pearson correlation coefficients and
corresponding P values. The correlation values of HR and
RMSSD were very close to 1. Therefore, there were very strong
positive correlations between the 2 devices. The AVNN, SDNN,
pNN50, LF, and HF were higher than 0.8, showing high positive
correlations between the 2 devices. There was also a moderately
positive relationship in the LF:HF ratio.
We also used regression analysis to evaluate the average HR
and HRV parameters throughout the night sleep period. Figure
7 illustrates the HR and HRV samples per night, the regression
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lines in red, the r2 values, and the ideal lines (ie, y=x) in black.
The r2 values of the HR and RMSSD were greater than 0.9,
indicating that the samples were near the regression lines. The
r2 values of SDNN, AVNN, pNN50, LF, and HF represent good
fits. However, the r2 value for the LF:HF ratio was 0.49.
In addition, we used the Bland–Altman analysis to investigate
the differences between the average parameters per night sleep
from these 2 devices (Figure 8). Table 3 shows the mean bias
and 95% CI values. The results show that, on average, the ring
overestimates pNN50, LF, and HF but underestimates the other
parameters. Moreover, the 95% CIs of the HR, RMSSD, AVNN,
and pNN50 were narrow, whereas the values were relatively
wider for the SDNN and frequency domain parameters. These
results are in accordance with the results presented in the
previous section—Comparisons of HR and HRV Parameters
of Ring and Shimmer3 in 5-Minute Time Windows.
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Table 3. Pearson correlation coefficient, P values, 95% CI, and mean bias for the average heart rate (HR) and HR variability parameters per night
collected from the Oura Ring and Shimmer3.
Parameter

Pearson correlation coefficient

P value

95% CI

Mean bias

HR

0.99968

<.001

−0.92 to 0.03

−0.44

RMSSD

0.96210

<.001

−33.29 to 1.53

−15.88 ms

SDNNb

0.88469

<.001

−25.88 to 24.37

−0.76 ms

AVNNc

0.88010

<.001

−153.75 to 133.64

−10.05 ms

pNN50d

0.91251-

<.001

−0.1 to 0.22

0.06

LFe band

0.82916

<.001

−535.08 to 570.17

17.54 ms2

HFf band

0.92585

<.001

−542.39 to 598.06

27.83 ms2

LF:HF ratio

0.69837

<.001

−0.98 to 0.78

−0.1

a

a

RMSSD: root mean square of successive differences between normal heartbeats.

b

SDNN: SD of normal beat-to-beat intervals.

c

AVNN: average of normal heartbeat intervals.

d

pNN50: percentage of successive beat-to-beat intervals that differ by more than 50 ms.

e

LF: low frequency.

f

HF: high frequency.
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Figure 7. The scatter plots and regression analysis of the average heart rate and heart rate variability parameters (which are collected from the Oura
Ring and Shimmer electrocardiography) per night sleep time. The regression lines and ideal lines are indicated in red and black, respectively. AVNN:
average of all normal-to-normal intervals; ECG: electrocardiography; HF: high frequency; HR: heart rate; LF: low frequency; pNN50: percentage of
successive beat-to-beat intervals that differ by more than 50 ms; PPG: photoplethysmography; RMSSD: root mean square of successive differences;
SDNN: SD of beat-to-beat intervals.
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Figure 8. The Bland–Altman plots of the average heart rate and heart rate variability parameters (which are obtained by the Oura Ring and Shimmer
electrocardiography) per night sleep time. AVNN: average of all normal-to-normal intervals; HF: high frequency; HR: heart rate; LF: low frequency;
pNN50: percentage of successive beat-to-beat intervals that differ by more than 50 ms; PPG: photoplethysmography; RMSSD: root mean square of
successive differences; SDNN: SD of beat-to-beat intervals.

Discussion
Principal Findings
In our analysis, we first validated the parameters extracted from
the 5-minute PPG segments. 5-minute HRV recording, also
known as short-term HRV analysis, is a measurement standard
for extracting HRV parameters, such as RMSSD, SDNN, LF,
and HF [4]. The LF:HF ratio is conventionally calculated via
the 24-hour HRV recording [5]; however, it can also be collected
in 5-minute recordings [4]. Our findings show relatively low
mean biases for the HR and HRV parameters, where the Oura
Ring overestimated pNN50, LF, and HF values but
underestimated the other parameters. HR, RMSSD, AVNN,
and pNN50 of the Oura Ring showed high positive correlations
with the baseline, SDNN and HF showed moderate positive
correlations, and LF and LF:HF ratio had low positive
correlations.
However, the error variances of the parameters were different.
The parameters provided by the Oura Ring dashboard (ie, HR
and RMSSD) showed a relatively lower error variance compared
https://www.jmir.org/2022/1/e27487
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with the HRV parameters extracted from the IBI signals. The
error of HR is lower than that of RMSSD, which is in
accordance with other studies showing that RMSSD is more
sensitive to motion artifacts [35,49]. Among the parameters
extracted from the IBI signals, AVNN and pNN50 showed
moderate error rates compared with the baseline. However,
SDNN, LF, HF, and LF:HF ratio had relatively higher error
rates. The findings of the frequency domain parameters follow
those of other studies, which show that these parameters are
more sensitive to noise [30].
We also compared the average HR and HRV parameters during
nighttime sleep. This comparison evaluates the long-term trends
of HRV parameters and shows the validity of the parameters in
a per-night analysis [34]. The mean biases per night were low,
which is in accordance with the 5-minute recording analysis.
In contrast, the error variances of the average values per night
were considerably lower. This can be explained by the variance
decrease because of averaging of the independent measurements.
HR, RMSSD, AVNN, pNN50, SDNN, LF, and HF indicated
high positive correlations, and the LF:HF ratio had a moderate
positive correlation. To summarize, the average HR and HRV
J Med Internet Res 2022 | vol. 24 | iss. 1 | e27487 | p.953
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parameters per night were relatively more accurate than the
parameters extracted from 5-minute segments. Our results
showed that the Oura Ring could accurately measure HR and
RMSSD in both the 5-minute and average-per-night tests. The
ring provided acceptable nocturnal AVNN, pNN50, HF, and
SDNN accuracy in the average-per-night test but not in the
5-minute test. In contrast, the LF and LF:HF ratio of the ring
had high error rates in both tests.

Comparison With Previous Studies
To the best of our knowledge, this is the first study to evaluate
different HRV parameters of the Oura Ring in comparison with
a standard ECG device. Kinnunen et al [34,35] focused on
assessing the HR and RMSSD of the Oura Ring. In the 5-minute
segment analysis, the HR and RMSSD were highly accurate.
We obtained a higher r2 for HR and a lower r2 for RMSSD.
Moreover, for the average-per-night analysis, we obtained
almost the same r2 for HR but lower r2 for RMSSD. Our results
indicate a narrower 95% CI and a smaller mean bias difference
for average HR, and a wider 95% CI and a greater mean bias
difference for average RMSSD.

Limitations
This study is limited to the nocturnal HR and HRV parameters,
as the Oura Ring only provides the HR, RMSSD, and IBI values
during sleep [34]. Future work should include the assessment
of HR and HRV parameters during awake time. The PPG
signals, and subsequently the parameters, might be distorted
because of artifacts when the users engage in various activities
and environments [50]. Such an evaluation is essential when
using the ring in remote health monitoring and wellness tracking
apps.
A total of 46 individuals participated in this home-based study,
and data from 35 individuals were included in the analysis.
However, this study was restricted to overnight data collection.
Our future work will consider assessing the ring over the data
collected over several days or weeks. This validation will
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provide a higher confidence level for the validity of the reported
HR and HRV parameters.
Another limitation is the lack of generalizability of the results
to nonhealthy individuals, as the study only included healthy
participants. Recent studies have shown that the validity of
wearable devices may be different for different population
groups [51,52]. For example, atrial fibrillation affects the heart
rhythms (irregular beats) of PPG [3]. Therefore, both time and
frequency domain HRV parameters of individuals with atrial
fibrillation are not the same as those of healthy people [36].
Consequently, the accuracy of the PPG-based atrial fibrillation
methods should be investigated separately. Future directions
for this study should include evaluating the PPG-based
parameters acquired from individuals of different ages and with
various health conditions.

Conclusions
In this study, we comprehensively evaluated the validity of the
HR and HRV parameters collected by the Oura Ring. Our results
showed low mean biases for the 8 parameters. In the 5-minute
test, the error variances of the parameters were different. The
parameters provided by the Oura Ring dashboard (ie, HR and
RMSSD) showed relatively low error variance compared with
the HRV parameters extracted from the IBI signals. HR,
RMSSD, AVNN, and pNN50 of the ring indicated high positive
correlations with the baseline values; SDNN and HF had
moderate positive correlations; and LF and LF:HF ratio showed
low positive correlations. In contrast, the average-per-night test
indicated considerably lower error variances than the 5-minute
test for all parameters. The Oura Ring was capable of accurately
measuring HR and RMSSD in both the 5-minute and
average-per-night tests. The ring indicated acceptable nocturnal
AVNN, pNN50, HF, and SDNN accuracy in the
average-per-night test but not in the 5-minute test. In contrast,
the LF and LF:HF ratio of the ring had high error rates in both
tests. Future work should include assessing the HR and HRV
of the ring in long-term monitoring of population groups with
different health conditions.
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Abstract
Background: Communication campaigns using social media can raise public awareness; however, they are difficult to sustain.
A barrier is the need to generate and constantly post novel but on-topic messages, which creates a resource-intensive bottleneck.
Objective: In this study, we aim to harness the latest advances in artificial intelligence (AI) to build a pilot system that can
generate many candidate messages, which could be used for a campaign to suggest novel, on-topic candidate messages. The issue
of folic acid, a B-vitamin that helps prevent major birth defects, serves as an example; however, the system can work with other
issues that could benefit from higher levels of public awareness.
Methods: We used the Generative Pretrained Transformer-2 architecture, a machine learning model trained on a large natural
language corpus, and fine-tuned it using a data set of autodownloaded tweets about #folicacid. The fine-tuned model was then
used as a message engine, that is, to create new messages about this topic. We conducted a web-based study to gauge how human
raters evaluate AI-generated tweet messages compared with original, human-crafted messages.
Results: We found that the Folic Acid Message Engine can easily create several hundreds of new messages that appear natural
to humans. Web-based raters evaluated the clarity and quality of a human-curated sample of AI-generated messages as on par
with human-generated ones. Overall, these results showed that it is feasible to use such a message engine to suggest messages
for web-based campaigns that focus on promoting awareness.
Conclusions: The message engine can serve as a starting point for more sophisticated AI-guided message creation systems for
health communication. Beyond the practical potential of such systems for campaigns in the age of social media, they also hold
great scientific potential for the quantitative analysis of message characteristics that promote successful communication. We
discuss future developments and obvious ethical challenges that need to be addressed as AI technologies for health persuasion
enter the stage.
(J Med Internet Res 2022;24(1):e28858) doi:10.2196/28858
KEYWORDS
human-centered AI; campaigns; health communication; NLP; health promotion

Introduction
Background
Crafting a successful health message involves a mix of art and
science. On the one hand, decades of research in linguistics and
communication science provides numerous insights into
coherent sentence structure, effective value propositions, and
other language-specific factors that promote attention, memory,
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and engagement [1,2]. On the other hand, translating these
abstract factors into an appealing, concrete message that could
be used in a campaign still requires a leap that must be fueled
by human creativity and intuition [3].
Moreover, as larger and longer-term campaigns usually require
a multitude of diverse messages, message creation represents a
resource-intensive bottleneck. Although computers are often
able to increase efficiency related to message development (ie,
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information gathering, collaborative environments, and graphic
designs), the task of message creation was traditionally beyond
their scope. Until a few years ago, computers could analyze a
sentence and flag errors; however, they were not able to
synthesize a meaningful new sentence. However, the latest
advances in machine learning (ML) have equipped computers
with the ability to generate language for messages that appear
natural and readily comprehensible to humans. This work is
highly relevant to health communication in general and
campaigns in particular as it could be connected to the task of
campaign message generation. Specifically, there is the
possibility that language generation methods might help in
creating and optimizing messages; however, as there has been
little contact between the fields of health communication and
language generation, more work is needed to examine this
possibility. In this paper, we ask, “How feasible is it to
automatically generate on-topic messages that could potentially
promote awareness about specific health issues?”
In the following section, we first review how the internet and
social networking sites have become part and parcel of health
communication. Next, we present the health issue of folate or
folic acid (FA) as our test case and highlight the need for
campaigns to promote FA awareness. We then introduce recent
studies on natural language generation (NLG). This leads to a
study in which we use a data set of FA-related social media
messages to train a message engine, which then generates
hundreds of new messages about this topic. We evaluate the
clarity and quality of these artificial intelligence (AI)–generated
messages compared with human-generated content via a
web-based study.

The Potential of Social Media Communication
Campaigns to Raise Awareness About Specific Health
Topics
Social media has become a key component of communication
campaigns [4]. This development has enabled new forms of
health communication that are more direct and engaging for
users. Social media–based messaging has also led to
unprecedented opportunities for optimizing and effectively
delivering information to the masses via computationally heavy
approaches such as A/B-testing, recommender systems, and
targeting receiver characteristics or social network positions
[5-10]. Social media can diffuse messages widely across the
globe and deeply into interpersonal networks [11,12].
The role of social media within the health communication
landscape is still evolving; however, almost all health campaigns
have embraced social media as cost-effective and highly scalable
channels for raising and sustaining public attention [4,13].
Specific health issues that are affected by a chronic lack of
awareness can benefit substantially from social media awareness
campaigns. This is perhaps most prominently demonstrated by
the success of the amyotrophic lateral sclerosis ice water bucket
challenge, which brought substantial public awareness to the
disease of amyotrophic lateral sclerosis and encouraged
donations to research.
Raising awareness and providing basic information is a critical
first step toward prevention, considering that all health
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communication theories posit that if people are unaware of a
specific health risk, they will not take preventive action [14].
Of course, many complex health behaviors involve factors
beyond awareness and education, such as shifting norms and
attitudes or persuading target audiences to engage in specific
behaviors [3,15]. However, for some selected health problems,
awareness and knowledge deficits can be the primary campaign
goals [16,17], and for many others, raising awareness or keeping
the issue on the public agenda [18] is at least a secondary goal.
Thus, although we are not claiming that raising awareness is a
cure-all solution, we consider it a critical first step for any
message generation system.

The Case of FA Awareness
Simply raising awareness and providing essential knowledge
can go a long way for prenatal health. Many people who are
pregnant are intrinsically motivated to adhere to health
recommendations if they know them, as can be measured via
self-report and behavioral indicators, such as smoking quitting
attempts, reduction in drinking, and changes in exercise and
nutrition behaviors [19-21]. This includes eating a folate-rich
diet (to minimize the risk of neural tube defects [NTDs]) or
avoiding rare meat (risk of toxoplasmosis) and certain cheeses
(to reduce the risk of listeria infection). However, awareness
about FA and knowledge about FA-rich diets among women
of childbearing age remain too low [22-24]. This is problematic
as most pregnancies are only noticed after NTDs occur, such
that once people learn about effective prevention behaviors
during, for example, a physician’s visit, it may be too late
[25,26]. Therefore, the issue of FA awareness will serve as a
proof-of-concept example to demonstrate the potential of
AI-generated messages that could potentially be used to raise
awareness by providing a steady feed of on-topic but novel
messages in long-term health campaigns.
Folate is a vitamin that is required for the body to build cells
[27]. Many fruits, vegetables, and other natural foods contain
folate, and the synthetic form, FA, is used as a dietary
supplement or food additive. A folate or FA deficiency during
early pregnancy can lead to severe embryonal NTDs [28]. Thus,
the World Health Organization and the Centers for Disease
Control and Prevention (CDC) recommend that all women of
childbearing age consume 400 µg of folate per day [29,30].
Lack of awareness about FA represents a problem that is, at
least to some degree, preventable via health communication
and education [22,31-33]. As argued above, most people who
are pregnant are motivated to achieve FA supply but will only
be able to follow the guidelines if they are aware of them in the
first place. Moreover, the recommended steps are relatively
easy to follow for many people. However, that is not to say that
by simply raising awareness, all positive downstream effects
would follow. As with most health behaviors, they are embedded
in a biopsychosocial context, requiring, for example, availability
of food or FA supplementation, cultural factors, and so forth.
However, the basic problem constellation of lack of awareness,
paired with a relatively high spontaneous motivation and high
self-efficacy and response efficacy, suggests that mass media
health campaigns are a promising strategy. Indeed, several
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previous studies support that FA-related campaigns can produce
positive effects [22,31,33].

The Potential of Language Models to Generate
Domain-Specific Health Messages

New Challenges for Social Media Communication
Campaigns

Advances in natural language processing have made it
increasingly possible to generate coherent messages [46].
Although enthusiasm and skepticism about using computers for
text generation have waxed and waned for decades [47], the
advances in the past decade have been particularly impressive
as the quality of computer-generated texts is now at a level that
makes it often indiscriminable from human-written text [48,49].

The key benefit of mass media campaigns on social media is
that they can quickly disseminate messages into the homes of
millions. Moreover, social media has made it much easier to
reach specific audience demographics and keep track of relevant
outcomes, such as whether messages are seen, shared, or
commented on [3,4].
However, although campaigns are a highly scalable tool,
conducting a successful campaign is still far from trivial and
requires substantial monetary investment and sustained effort
over a longer period [3,15,34]. When it is properly conducted,
mass communication is highly cost-effective compared with
other approaches [35,36], and most campaigns do not achieve
high levels of exposure over a sustained period [35]. For
instance, most campaigns only achieve approximately 40%
exposure in their target audience [37], which naturally reduces
their success as communication effects logically require that
messages are seen in the first place [38]. Moreover, in the days
of print, radio, and television campaigning, many campaigns
comprised only a limited number of messages that were switched
at a relatively slow rate (eg, weekly or monthly), if at all.
Although the more professional campaigns nowadays feature
feeds with dozens of messages, if not more [4], maintaining
such an effort is very costly and requires dedicated personnel,
formative processes, and summative evaluation throughout
[39,40]. In summary, campaign creation and maintenance is an
effortful business.
However, even campaigns that are executed skillfully have
difficulties in reaching their audience. The low 40% exposure
rate mentioned above came from a study published in 2004;
however, since then, the internet has further exacerbated the
competition for attention [41-43]. Specifically, the very nature
of today’s attention economy on social media requires that
health communicators update content frequently. Otherwise,
algorithms will downvote the content and make it less likely to
be seen by the target audience [43,44]. Similarly, on the side
of the audience, switching behavior and searching for novel
information are very widespread [45]. In summary, the logistic
effort needed to create campaign messages and ensure their
constant dissemination, as well as the algorithmic and user-sided
information selection decisions, pose challenges for maximizing
the potential of health communication campaigns.
Overall, this situation invites new approaches that could help
health communicators and practitioners create a large number
of awareness messages, which could then be automatically
scheduled to ensure a constant and variable feed of appealing
and timely messages. The following section introduces how
recent developments in NLG, a subfield of machine learning or
AI research, offer a potential solution to message development
and dissemination limitations.
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A model that attracted substantial public attention is the
Generative Pretrained Transformer-2 (GPT-2) [50]. In brief,
GPT-2 is a deep learning–based ML model that performs
expertly across several language-related tasks, such as text
translation and summarization, question answering, and text
generation [51,52]. Approximately 40 GB of data from >8
million webpages were used to train the basic model. GPT-2
comes in 4 sizes ranging from 124M, 355M, 774M, and 1.5B
parameters. Humans generally find the output of GPT-2’s text
generations authentic and interesting. Notably, the model is
publicly available and can be adapted to many text-based tasks,
such as summarization, question answering, or generation.
Pretrained language models can be fine-tuned to specific
domains [53]. Fine-tuning is a form of transfer learning in which
an ML model trained on domain-general data is retrained on
further domain-specific data to adapt to its particularities. The
possibility of using such fine-tuned language models to generate
domain-specific text has already been demonstrated across
different disciplines [54,55]. However, we are not aware of any
effort to examine this in the context of health communication.
Thus, the question is whether fine-tuning GPT-2 to the domain
of FA messages will enable it to generate new messages that
are of sufficient clarity and quality to be useful for a potential
social media health campaign.

Present Study
This research examines the capability of language models to
generate realistic messages about FA, which could serve as
suggestions for a potential health campaign. Furthermore, we
ask whether this is realistic in the context of public health
communication, a situation often characterized by a lack of
funds and computational resources. In brief, we use messages,
or tweets, from the popular message-sharing platform Twitter
to fine-tune a GPT-2 model. Although the same approach can
be used with other social media platforms, Twitter offers a
relatively straightforward, mainly text-based message format
with a 280-character limit and easy access to existing messages,
making it the most promising candidate for piloting such a
system. After downloading messages and training the message
engine, we use the fine-tuned model as a message engine to
generate a large number of new FA-specific tweets. We then
examine the characteristics of the generated messages to identify
the preconditions for success and the current limitations of these
generated messages. Finally, we wanted to know how
AI-generated messages would be compared against
human-generated messages. To this end, we conduct a
web-based study in which human judges evaluate the
AI-generated and human-generated tweets in terms of clarity
and quality.
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Methods
The FA Message Engine: Overall System Description
Overview
In this study, we harnessed the latest advances in AI to build a
system that can generate a near-infinite number of health
messages to promote FA awareness—the FA Message Engine.
What will further be called the message engine is essentially
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an instantiation of the GPT-2 simple system, a Python package
dedicated to fine-tuning OpenAI’s GPT-2 text generation model
[56]. We used the medium-sized GPT-2 model (355M
hyperparameter versions trained on 40 GB of web text) and
fine-tuned it with a data set of autodownloaded tweets about
#folicacid. The resulting model was used to generate new
messages (Figure 1).
Our specific steps are discussed in the following sections.

Figure 1. The left panel provides a schematic overview of the message engine construction and message generation workflow. The right panel illustrates
a few examples of candidate messages. GPT: Generative Pretrained Transformer; GPT-2: Generative Pretrained Transformer-2.

Scraping Tweets for Model Retraining
To obtain a data set to fine-tune the model, we used the Twitter
Intelligence Tool [57] to scrape a large number of tweets that
mentioned #folicacid in their text. Specifically, we downloaded
25,304 tweets posted between 2010 and 2020 that mentioned
#folicacid and extracted the raw text of the tweets. After
removing duplicates, non-English tweets, and tweets that mainly
promoted nutritional supplements (stopwords: buy, order, or
sale), we ended up with a data set of 11,311 unique tweets for
fine-tuning.

Fine Tuning the GPT-2
After downloading and cleaning the messages to create a data
set for fine-tuning, the next step involved preparing and
retraining the GPT-2 model. Specifically, we submitted the data
set for fine-tuning to retrain the 355M GPT-2 model with
recommended default settings of 2000 training steps and a
learning rate of α=.0001. Fine-tuning was accomplished via
Jupyter Notebook running Python 3 on a computer equipped
with a graphics processing unit and executing the
gpt2.finetune()-Method from the gpt-simple package [56]. On
a standard graphics processing unit–equipped computer,
https://www.jmir.org/2022/1/e28858
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fine-tuning a model of this size takes approximately 1 hour. We
also conducted pilot experiments with other model sizes but
chose to put only the medium-sized 355M GPT-2 model for a
user test. Larger models require advanced hardware, whereas
the medium model can work with most cloud-based computing
services available to end users. Larger models are also not
recommended for generating short text messages, such as tweets.
After training, the fine-tuned model, which constitutes the
message engine, was saved to the disk.

Generating Candidate Tweets via the Message Engine
We used the message engine with a default temperature setting
of t=0.7 to generate 1000 new tweets. Temperature settings
influence the randomness of the textual output, with a lower
temperature being less random. As for model size, we conducted
pilot tests with different temperature settings but noted that
higher settings (t=1.0) produced very incoherent output, and
low settings (t=0.3 and t=0.5) led to text that was very close to
the training data. Given that our goal was to test the engine’s
output in humans in terms of clarity and quality, we deemed it
worthwhile to conduct user testing for this setting, which is also
the recommended default setting as per gpt2-simple’s
documentary [56].
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Evaluating AI-Generated Messages: Web-Based Study
To evaluate the clarity and quality of tweets generated by the
message engine against human-generated tweets, we performed
a web-based study. The procedure was devised based on the
emerging guidelines for evaluating NLG studies [58] and is
described in the following sections.

Message Selection
From the 1000 AI-generated tweets, we drew a random sample
of 60 tweets. Next, a human editor curated these tweet
suggestions and compiled them into a set of 30 tweets for the
web-based study. The human editor rejected AI-tweet
suggestions if they contained duplications from the input data,
false information according to CDC guidelines, or problematic
advice (see the following section for details). A second human
curator confirmed this selection without contradictions.
In parallel, we drew a random sample of 30 tweets from a pool
of >10,000 real-life tweets. This strategy was chosen as it is not
feasible to evaluate thousands of tweets and as it most likely
mimics how practitioners would use such a system [49]. Thus,
this procedure yielded 2 sets of 30 tweets each—30 AI-generated
messages that came from a pool of 60 randomly drawn samples
and 30 human-generated messages from Twitter.

Participants
We recruited 150 young adults from a web-based pool at a large
Midwestern university to evaluate these messages in terms of
clarity and quality. Study participants received course credit as
reimbursement for completing the short survey, which lasted
approximately 20 minutes and was approved by the local
institutional review board. Of the 150 young adults, after
excluding data from participants who did not finish the survey
or responded unrealistically fast and clicked through the survey,
we ended up with a data set of 129 (86%) respondents (mean
age 20 years; range 18-28 years). The sample was predominantly
female (96/129, 74.4%). Although this sample was not intended
to be representative of the population, our participants clearly
belonged to the audience of a potential FA awareness campaign.
Moreover, given that the goal was to evaluate message clarity
and quality rather than message effects on attitudes or behavior,
this sample is sufficient for this purpose.
A power analysis suggested that a sample of approximately 100
raters was sufficient to detect a small-to-moderate effect in terms
of the mean difference in evaluations of AI-generated and
human-generated tweets (1-β=0.9; α=.05; dz=0.3) [59].
Moreover, message evaluation studies suggest that evaluations
of individual messages stabilize after averaging data from
approximately 25 to 30 raters per message [60], which we
surpassed with this sample size.

Procedure
The survey was administered via Qualtrics software (Qualtrics
International), and participants were asked to evaluate all
messages regarding clarity and quality. Participants were told
that the study’s goal was to examine human evaluations of
Twitter messages about FA or folate, such as whether they
considered the messages adequate to raise awareness or educate
audiences about this health issue. The test messages were
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presented randomly, and participants were unaware of whether
they came from the pool of AI-generated or human-generated
messages. Each message was evaluated on 2 questions, 1
focusing on message clarity (“Please evaluate this message in
terms of whether it is clear and easy to understand.”) and 1 on
message quality (“How much do you agree that the content and
quality of this message is appropriate to increase public
knowledge about folic acid?”). Answers were collected using
a 5-point Likert-style response format (very clear and very
unclear and strongly agree and strongly disagree). At the end
of the survey, participants were debriefed about the study’s
purpose and provided a link to the CDC’s website for the most
up-to-date information on FA.

Evaluating AI-Generated Messages: Computational
Analyses
In addition to inspecting the AI-generated messages and
performing a web-based evaluation study, we conducted several
computational analyses. Specifically, we computed n-grams
and inspected their distribution between AI- and
human-generated messages, including visualizations as word
clouds. Next, we performed topic modeling analyses to gain
additional insights into the semantic structure. Topic modeling
is a prominent method for identifying health topics in social
media [61] or subtopics within a given health domain [62-64].
Specifically, we used the topicmodels package [65] within the
R statistical software to compute the latent Dirichlet allocation
topic models [66]. Finally, we assessed the semantic similarity
of individual messages via the sentence-transformers package
[67]. To this end, we transformed each message into a sentence
embedding and compared different messages via cosine-vector
similarity.

Results
Overview
We found that the fine-tuned GPT-2 model can act as a message
engine by creating grammatically correct, coherent, and novel
messages centered on the topics of FA, healthy nutrition, and
pregnancy. In the following sections, we will first describe the
insights gained during the overall procedure and qualitative
characteristics of the generated output, followed by the
web-based evaluation study’s quantitative results.

Feasibility of the System and Qualitative Description
of the AI-Generated Messages
Our overall research question focused on whether it is possible
to fine-tune a language model such as GPT-2 to a specific health
domain to build a message engine. The answer is that it is
possible. As can be seen from the sample output in Figure 1,
the FA Message Engine was able to generate 1000 tweets within
a matter of minutes, most of which resembled authentic
web-based messages in style and content.
We next asked whether training such a system is realistic in the
context of public health, where computational resources and
specialized coding skills are scarce. The answer to this question
is that it is feasible and surprisingly easy to implement. Although
developing the scraping, cleaning, and training procedure took
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some time, now that the system is set up, it can be replicated
with little effort. For instance, if we wanted to replace the topic
of #folicacid with any other health issue, this can be done in >1
hour. The system is also relatively accessible, even to novice
users, as long as they are able to execute Python notebooks.
Such skill requires only little training, and it would be possible
to build a user interface for the system such that the user only
enters the topic or search term (eg, #folicacid) and, after
fine-tuning and generation, receives a sample of 60 message
suggestions.
Most critically, we were interested in the characteristics of the
generated messages, to which we turn next.
First, we note that the vast majority of the AI-generated tweets
appeared natural and contained many elements of the original
input tweets that were scraped from Twitter. For instance, the
system uses hashtags that co-occurred with the search term
#folicacid, such as #pregnancy, #vitamin, #foodfortification
#folicacidawarenessweek, or #eathealthy. Second, as with
hashtags, the system also tagged accounts that appeared in the
input data, such as @CDC or @NHS (note that by eliminating
these accounts from the input data, such information can be
suppressed if not wanted).
Another observation is that most of the generated tweets were
rather engaging, enthusiastic, or upbeat. This impression may
again arise as the input tweets contained elements such as
prompts with exclamation marks (“Eat healthy now!” and “Go
Folic! Visit [URL]!”) or encouragement, all of which could be
interpreted as cues-to-action or attempts to raise self-efficacy
according to the Health Belief Model [68]. This characteristic
is likely as GPT-2 was trained on outgoing links with high
so-called karma scores [50], thereby selectively emphasizing
the language that web-based audiences found interesting and
engaging.
Beyond resembling the linguistic style and platform-specific
cues that are characteristic of today’s Twitter environment (eg,
upbeat language and hashtags), we observed that the
AI-generated tweets reflected the input data’s topic distribution.
For instance, input tweets could be categorized into several
topical clusters, such as nutritional needs during pregnancy, the
link between FA and NTDs, political advocacy for mandatory
food fortification, and so forth. Most AI-generated messages
could also be categorized into coarse topic clusters. Additional
results and visualizations of n-grams, word clouds, and results
from topic modeling can be found in Multimedia Appendix 1
[65-67,69-73].
Although the overall system and procedure proved feasible, and
the quality of many messages appeared comparable with
human-generated messages, we made several observations that
point to current limitations.
A simple observation is that the system sometimes parrots the
training data; that is, it contains either duplicates of raw tweets
or specific formulations that appeared in the data set used for
fine-tuning (eg, “If you are trying to get pregnant...” and
“Thinking of trying for a baby...”). This issue is well-known
and follows logically from the fact that language models are
essentially giant statistical association machines, which will
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learn the information contained in the input data. From an
intellectual property perspective, this issue can raise questions
about the copyright of the generated output. However, in
practice, it is easy to sort out such parrot generations through
human supervision, n-gram matching, or paraphrase detection
algorithms.
A second limiting observation is that even when not directly
parroting the training data, many tweets are still close to
individual input messages, for example, by mixing formulations
such as trying to get pregnant and thinking of having a baby
with various combinations like start taking #folicacid or know
that good health starts before conception. This points to mere
reformulations and permutations that are not very creative.
Again, this represents a direct consequence of the way natural
language models work and is thus not necessarily a severe
limitation. In fact, variations of a common message on a health
topic may improve a campaign’s reach by preventing the content
from being downvoted by algorithms that select for novelty.
Slight variations may also be beneficial in improving existing
messages by making them briefer or more engaging, and it is
well-known that repeated exposure to messages improves
awareness and retention [38,74-76]. Rather than a limitation,
this reformulation strategy of message generation can help to
more optimally exhaust the space of possible effective messages.
Nevertheless, it is clear that mere rewording represents only a
minor achievement in message creation.
A third observation is that some generated messages contained
false statements about which foods contain which amounts of
FA or what medical defects might occur. Although such tweets
are easy to spot in practice, this is an actual limitation. A total
of 2 factors may underlie such behavior. First, if the input data
contain false or problematic health claims, which are pervasive
on social media, then the system will learn them. In this case,
the system should not be blamed; however, the curation of the
data set for fine-tuning should be optimized. However, more
critically, the state of the art of current language models implies
that they will simply generate tweets that sound linguistically
coherent but may not make sense. We have discussed this issue
in the Discussion section, where we suggest advancements to
the system.
These results suggest that human curation and supervision of
AI-generated tweets are necessary for practical use cases. Thus,
a campaign manager or team would need to monitor the
retraining process and eliminate problematic content, which is
also what we opted for to select tweets for the web-based
evaluation study.

Quantitative Comparison of AI- and
Human-Generated Messages
Table 1 shows the results of comparing AI-generated and
human-generated tweets in terms of overall clarity or quality.
Figure 2 illustrates the results graphically and provides further
distributional information as well as analyses by subgroups. As
can be seen, overall, the messages were rated as relatively clear
and easy to understand, and participants found that their content
and quality were appropriate for increasing public knowledge
about FA (>3 on a 5-point scale).
J Med Internet Res 2022 | vol. 24 | iss. 1 | e28858 | p.963
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Schmälzle & Wilcox

Table 1. Means (SDs) from the web-based survey. Scores for message clarity and quality evaluations for 30 AIa- and 30 human-generated messages
are shown, respectively.

a

Evaluations

AI-generated messages, mean (SD)

Human-generated messages, mean (SD)

t test (df)

P value

Clarity

3.58 (0.36)

3.34 (0.6)

1.97 (58)

.05

Quality

3.57 (0.32)

3.3 (0.53)

2.34 (58)

.02

AI: artificial intelligence.

Figure 2. 30 artificial intelligence–generated tweets (blue) and 30 human-generated tweets (red) were evaluated in terms of perceived clarity and quality
on a 5-point Likert-style scale. The results revealed very similar evaluations and minor average differences, with a considerable spread within each
category. The right panels show analyses separated by gender. AI: artificial intelligence.

Statistical analysis revealed that the AI-generated and
human-generated tweets were not rated as different in terms of
how clear and easy they were to understand (tclarity=1.97; P=.05).
A small but statistically significant difference was found in the
quality dimension (tquality=2.34, P=.02). However, as can be
seen from Figure 2, these mean differences were small in light
of the variability, and thus, the effect was of a small size. We
also zoomed in on the women participants’ subgroup as the
topic may be more relevant to them or become more relevant
in the future with respect to pregnancy. As can be seen from
Figure 2, the results were robust, and both subgroups (women
and men) exhibited essentially the same pattern of results.
However, we noted that, given the sample of college students,
the topic of FA might not be very relevant to them, although
there are also other health benefits of FA beyond the prevention
of birth defects.
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Next, we performed analyses at the level of the individual
messages. As shown in Figure 2, the differences for both clarity
and quality between individual messages were larger than the
differences between categories (human- vs AI-generated).
Indeed, performing item-wise analyses in which we compared
ratings for single messages across raters using dependent-sample
tests (because the same raters evaluated all messages) revealed
that many messages were rated consistently higher than others.
This pattern emerged both within human-generated and
AI-generated messages, as well as across categories. Thus, many
AI-generated messages were rated much higher than random
human-generated messages.
Overall, we took these results as evidence that the message
engine generated tweets that human raters evaluated as mainly
equivalent to real Twitter messages.
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Computational Analyses
In addition to the analyses of content (n-grams and topic
modeling) and the human evaluation of clarity and quality, we
wanted to examine the generated messages using computational
methods. Specifically, we compared the 60 messages (30
AI-generated and 30 human-generated) using sentence
Bidirectional Encoder Representations from Transformers
(BERT), a modification of the pretrained bidirectional encoder
representations from transformers model, to derive semantic
sentence embeddings, which we then compared using
cosine-similarity [67].
We found that across all messages, the average similarity was
s=0.35. Within the 30 AI-generated messages, the average
similarity was sAI=0.37, and the average similarity between the
30 human-generated messages was sHuman=0.34. The average
similarity between AI versus human messages was sAI versus
sHuman=0.35. Testing for differences between these
computational indices of semantic similarities revealed no
significant differences in any comparison (AI vs human and
within- vs across-classes; all P>.08; for further details, see
Multimedia Appendix 1 [65,66]). These results suggest that the
sample of AI-generated messages is semantically similar to the
sample of human-generated messages.

Discussion
Principal Findings
This study examined whether AI message generation technology
can create candidate messages for use in social media health
campaigns that focus primarily on raising awareness or
increasing knowledge. We found that by retraining a GPT-2
model with thousands of tweets about FA, it is possible to build
a message engine that can generate novel tweets, which could
become part of an actual campaign. Human raters perceived
these tweets as broadly similar in terms of clarity and quality
to real-world messages. These results suggest that AI-assisted
message engines could support campaign staff to create more
efficient and possibly more effective campaigns for topics that
are suitable for awareness-based messaging.
To our knowledge, this study is the first to demonstrate the
potential of automated message generation in the context of
health communication. Our results are generally positive,
suggesting that the FA Message Engine can serve as a starting
point for more sophisticated AI aides for message generation.
Such systems can automatically offer thousands of messages
that mimic the style and reflect the substance of existing health
messages. Given that message creation is a resource-intensive
bottleneck, we see significant application potential for such a
system as a catalyst for human creativity [77].
Building a message engine for the topic of FA proved to be
surprisingly easy. Our system made use of available tools [56]
and could thus be transferred to contexts other than the issue of
FA. Although this work did not intend to provide such a general
purpose system for end users, it would be only a small step to
deploy it as a web application as a turnkey solution.
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Although the results of the web-based study demonstrate that
the system output achieves good results, and the clarity ratings
of AI-generated tweets are even significantly higher, we
emphasize that our comparison strategy does not warrant the
conclusion that AI-generated messages are superior to
human-generated messages. Specifically, we compared a
selection of 30 AI-generated messages against a sample of 30
real tweets, which were randomly drawn from a pool of >10,000
tweets. We opted for this procedure as our goal was to test the
feasibility of AI-assisted message generation, which is the most
realistic use case. In the following sections, we have discussed
the significant limitations that currently prevent such a system
from operating independently. However, the pool of
human-curated AI-generated messages performed on par with
or better than the standard tweets, and the analysis of semantic
similarities did not reveal any difference. Thus, our approach
suggests a simple strategy that might improve the quality of
web-based content while saving the time and money of health
communication practitioners.
Beyond the practical potential of such a message engine in the
age of social media, the approach also offers considerable
scientific potential. In particular, AI-based message engines
might strengthen strategies to analyze message characteristics
that underlie successful health communication [78-80]. In its
current form, users of the message engine cannot influence the
generated text’s characteristics other than by what is fed in with
the fine-tuning data set.
However, the natural language processing community [55,81,82]
strives to gain more control over how the text is generated, and
we see this as a promising next step. In particular, a limitation
of the current system is that it does not incorporate any
theory-based message design principles [1,83], such as barriers,
cues to action, and norm or threat appeals. The fact that the
current system learned to include some theory-compatible
features, such as cues to action, shows promise in this regard;
however, a more systematic approach is needed [84-86].
Ideally, this could then set off a virtuous cycle in which one
could, via rapid iterations, gather feedback about specific
message characteristics that are associated with targeted
outcomes (eg, attention, awareness, and message sharing) and
thus more clearly identify the message characteristics that
facilitate individual outcomes [87]. As these characteristics
become more accessible by linking objective message properties
to large-scale outcomes, we might expect profound theoretical
contributions from this otherwise applied system [88].
Along these lines, the most promising research direction is to
fine-tune the fine-tuning process. We simply used the
medium-sized GPT-2 model and fine-tuned the model with a
set of tweets that were minimally screened. However, as with
any manufacturing process, the quality of the input data
determines the output. Thus, by fine-tuning the engine with
often mediocre tweets, the AI-generated tweets were likely less
potent than they would have been with a better training set.
In the future, we envision that one could curate a pool of
high-quality tweets to serve as grade-A training material. An
option, analogous to the strategy of training the GPT-2 base
model with relatively more engaging text content, is to select
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only those tweets about #folicacid that have been retweeted or
liked. Another option is to bootstrap messages by having domain
experts reword or craft theory-based examples. However, a
challenge for this strategy is that fine-tuning requires large
amounts of text—a few hundred examples are not enough.
Overcoming this challenge is feasible with a large pool of
quality input data. In addition, such a message pool could be
used to train message engines for domains other than the narrow
issue of FA.
We conclude this section by emphasizing again that the primary
use case of such systems lies in boosting awareness for selected
health problems where awareness is lacking or waning. At this
point, a message engine system does not yet solve trickier health
communication problems, such as the habitual nature of many
negative health behaviors, addressing the socioecological
embeddedness of such behaviors, or how to change
health-related attitudes [89]. In principle, we see no reason why
such systems could not be expanded to contexts beyond social
media, especially as reliance on voice assistants such as
Amazon’s Alexa, Alibaba’s AliGenie, or Apple’s Siri for
information increases. However, the message engine presented
here is primarily intended for mass communication about public
health issues that are affected by low awareness. For such health
issues, we envision that this system can improve the cost/benefit
ratio and overcome the message-creation bottleneck to avoid
web-based content from being algorithmically downvoted as it
is considered not fresh, dull, or unengaging.

Limitations, Risks, and Avenues for Future Research
This study demonstrates a positive application of NLG
technology; however, some risks and limitations are worth
mentioning.
A very basic limitation is that our focus was on demonstrating
the feasibility of a message engine to generate messages that
could potentially become part of a campaign; however, we did
not actually conduct such a campaign. Thus, although we are
confident that we showed that the generated messages—after
going through the human content curation process—are on par
with human-generated baseline messages, we did not actually
show that these messages improved public health and especially
not with regard to more distal outcomes such as attitude change
and behavior. This should be the topic for future research.
Similarly, we note that our sample comprised college students
who were not intended to be representative of the larger
population. However, given that our focus was on evaluations
of message clarity and quality rather than more idiosyncratically
defined responses, this sample seems appropriate. This is also
underscored by the fact that evaluations were highly consistent
across subgroups of women and men raters. Nevertheless, future
work on, for example, message effects on attitudes, beliefs, and
other variables beyond basic clarity and quality should also
focus on outcomes in specific health audiences, such as people
who intend to have a child.
Regarding broader implications and risks, recent events in the
political domain have highlighted the danger of algorithmic
bots deployed to create or spread misinformation [90-93].
Several malicious actors seem to be using natural language
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generators to produce fake or divisive messages; thus, several
empirical studies have examined the dangers of using NLG
technology to create content that is harmful to society [49,94].
The same problems arise concerning the marketing of products
that might harm health or use bots to promote certain brands
[95-97].
Our study speaks to these issues by showing that it is also
possible that benevolent actors can use NLG methods to promote
public health. As with all technologies, risk and benefit are
correlated, because otherwise the technology would be
abandoned [98]. As such, we hope that our study will help
explore the potential of AI as a force for promoting positive
outcomes. However, this does not mean that we advocate for a
laissez-faire strategy. Instead, a discussion of the ethical
consequences of these technologies is needed and ongoing
[99,100]. However, the field of health communication seems
to be a particularly strong example of how human-centered AI
could be used for social good.
Another risk and major limitation of the system is its lack of
common sense knowledge. People who are not familiar with
NLG technology are sometimes ambivalent about the idea of a
message engine, finding it both magical and critical. Many also
expect the systems to operate in a human-like fashion; however,
this is not at all the case. On the surface, the generated tweets
have a human-like look and feel to them; however, closer
inspection reveals that GPT-2–style language models lack the
deeper understanding and reasoning capacity that would be
necessary for calling them intelligent.
Indeed, some AI-generated tweets are ludicrous, and others
contain false information that is presented as fact [101]. For
example, a tweet that emerged with little pretraining material
was, “Make sure you drink 4 breads of #folicacid per day!”
Such examples reflect a lack of common sense knowledge that
one cannot drink bread. These examples arise only as GPT-2,
although very sophisticated, ultimately boils down to a statistical
association machine that links the domains nutrition and FA
but does not have knowledge about fluid versus solid substances.
The computer programs’ inability to draw connections between
categories or classify knowledge outside the training set has
been a fundamental challenge since the early days of AI research
[102-104].
This issue becomes particularly sensitive when generations
contain wrong medical advice, such as “Take 4 lbs of FA per
day!” Again, this reveals that the language model only picks
up on statistical regularities in how words are used; however,
it possesses no actual knowledge about pregnancy, nutrition,
quantities, the developing fetus, and the causal relations between
these concepts. These challenges are relatively easy to overcome
with human supervision and insight. However, a trickier issue
concerns issues in which the underlying knowledge is still
evolving or uncertain. Such situations can provide fertile
grounds for health myths or speculations about side effects.
Such information will enter the message engine if it is present
in the training data set, which again emphasizes the need for
human curation.
In addition to the lack of domain knowledge about health and
biology beyond that provided in the training set, we have already
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pointed out that the system also has no theoretical understanding
of communication and persuasion. The message engine only
mimics and varies word use, albeit very eloquently. For a
nonnative speaker who has to learn a foreign language for years,
this skill may seem enviable; the ability to swiftly come up with
1000 sentences about FA may also impress and help health
campaigners who spend hours coming up with 100 new
candidate messages. However, the fact that such language
models may talk without real understanding also means that
they should only be used under the supervision of medical and
communication experts. However, this is also true for more
human-centric methods, such as focus groups or user-generated
content.
Despite these limitations, the underlying technology can be
expected to improve rapidly, and health communication
researchers are well-advised to keep an eye on these
developments. For instance, a successor model to GPT-2 has
already been developed [105]. This model, called GPT-3,
significantly improves some of the limitations that characterize
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GPT-2. Together with systems that are capable of generating
persuasive arguments, selecting best-matching arguments for
specific groups, and several other advances, we anticipate that
the field of AI-assisted health message generation will see
significant progress over the next decade [65,106-110].

Conclusions
To conclude, the message engine can generate candidate
messages for human curators about selected health issues. This
is relevant for issues where a lack of awareness is the primary
problem, and a rich pool of social media messages is needed.
At this stage, human supervision is necessary, and the
technology, although very promising for content creation,
requires control to select relevant content. Scientifically, this
approach may promote a new wave of theoretical insights into
the mechanisms of effective health messaging. We foresee that
AI-generated messages for health promotion, education, and
persuasion will become commonplace. It will be important for
health communication researchers and practitioners to develop
a strategy to use this technology positively.
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Abstract
Background: During the COVID-19 pandemic, personal health records (PHRs) have enabled patients to monitor and manage
their medical data without visiting hospitals and, consequently, minimize their infection risk. Taiwan’s National Health Insurance
Administration (NHIA) launched the My Health Bank (MHB) service, a national PHR system through which insured individuals
to access their cross-hospital medical data. Furthermore, in 2019, the NHIA released the MHB software development kit (SDK),
which enables development of mobile apps with which insured individuals can retrieve their MHB data. However, the NHIA
MHB service has its limitations, and the participation rate among insured individuals is low.
Objective: We aimed to integrate the MHB SDK with our developed blockchain-enabled PHR mobile app, which enables
patients to access, store, and manage their cross-hospital PHR data. We also collected and analyzed the app’s log data to examine
patients’ MHB use during the COVID-19 pandemic.
Methods: We integrated our existing blockchain-enabled mobile app with the MHB SDK to enable NHIA MHB data retrieval.
The app utilizes blockchain technology to encrypt the downloaded NHIA MHB data. Existing and new indexes can be synchronized
between the app and blockchain nodes, and high security can be achieved for PHR management. Finally, we analyzed the app’s
access logs to compare patients’ activities during high and low COVID-19 infection periods.
Results: We successfully integrated the MHB SDK into our mobile app, thereby enabling patients to retrieve their cross-hospital
medical data, particularly those related to COVID-19 rapid and polymerase chain reaction testing and vaccination information
and progress. We retrospectively collected the app’s log data for the period of July 2019 to June 2021. From January 2020, the
preliminary results revealed a steady increase in the number of people who applied to create a blockchain account for access to
their medical data and the number of app subscribers among patients who visited the outpatient department (OPD) and emergency
department (ED). Notably, for patients who visited the OPD and ED, the peak proportions with respect to the use of the app for
OPD and ED notes and laboratory test results also increased year by year. The highest proportions were 52.40% for ED notes in
June 2021, 88.10% for ED laboratory test reports in May 2021, 34.61% for OPD notes in June 2021, and 41.87% for OPD
laboratory test reports in June 2021. These peaks coincided with Taiwan’s local COVID-19 outbreak lasting from May to June
2021.
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Conclusions: This study developed a blockchain-enabled mobile app, which can periodically retrieve and integrate PHRs from
the NHIA MHB's cross-hospital data and the investigated hospital's self-pay medical data. Analysis of users’ access logs revealed
that the COVID-19 pandemic substantially increased individuals’ use of PHRs and their health awareness with respect to COVID-19
prevention.
(J Med Internet Res 2022;24(1):e33399) doi:10.2196/33399
KEYWORDS
personal health records; COVID-19; My Health Bank; blockchain; public health

Introduction
Electronic medical records (EMRs) have enabled the digital
transformation of health facilities worldwide [1-4]. With the
widespread development and use of wearable devices, electronic
health records (EHRs) can be generated and recorded effectively,
and their adoption outside of the hospitals has increased rapidly
[5-9]. Consequently, health data are expected to become more
personalized and self-controlled after they are converted into
personal health records (PHRs) [8-11]. With PHRs, patients
can access, control, and track their health data and minimize
hospital visits. Many countries have implemented national PHR
systems that empower people to participate actively in their
care and choose between opt-in and opt-out models [12-16].
However, despite the emerging trend of using PHRs, the PHR
adoption rate remains low because of multiple challenges and
barriers, including interoperability challenges relating to
interfacility EMR and EHR access, implementation costs,
barriers imposed by health care data security and privacy
regulations (such as General Data Protection Regulation), and
the assessment of relevant benefits for patients, health care
providers, and health insurance institutes [7,8,17,18].
In 2014, Taiwan’s National Health Insurance Administration
(NHIA) launched the My Health Bank (MHB) 1.0 service [19].
Similar to other nation-based PHR systems [14-16], the MHB
service provides a personal health account for each insured
individual. Notably, the MHB continually collects insured
individuals’ medical data pertaining to outpatient visits,
hospitalizations, dental services, traditional Chinese medicine
outpatient visits, allergies, pathological test reports, X-ray,
computed tomography, and magnetic resonance imaging
examination results, discharge summaries, advance directives
relating to organ donation and palliative care, vaccinations, and
preventive care [20]. When an insured individual wants to
retrieve his/her medical data, he/she can visit the MHB website,
insert his/her National Health Insurance (NHI) smart card into
a card reader, key in the corresponding password for the card,
and download his/her MHB data as an XML, HTML, or JSON
file after completing a verification process. In 2016, an updated
version of the MHB, MHB 2.0, was launched. The new MHB
incorporates an advanced encryption method that enables an
insured individual to use his/her NHI smart card number and
password to access his/her MHB data without having to use the
physical card. In 2019, the NHIA released the MHB software
development kit (SDK), which can be used to develop a mobile
app for retrieving MHB data through an identity verification
process.
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The MHB SDK can attract more health care providers and
startups to create innovative mobile apps in the health industry
and encourage them to invest their resources into realizing
market opportunities. It can also drive more users to engage in
the control and management of their health data. However, the
MHB SDK has several limitations that must be addressed. First,
only the 3 most recent years of an individual’s data are stored
in the MHB. Therefore, a person cannot retrieve older medical
data [16]. Second, the private medical or health data of self-pay
patients, such as health checkup reports, are not stored in the
MHB. Third, the personal MHB that an individual has
downloaded is saved and stored in his/her mobile device. Hence,
a data protection mechanism is required for such data given
their sensitivity and confidentiality.
Because of the weak gatekeeper role of Taiwan’s NHI system,
patients can freely seek clinical services without referral
whenever they feel uncomfortable [21]. Thus, they may not be
aware of the benefits of using their PHRs. Moreover,
NHI-insured individuals’ participation in the NHIA MHB
service is voluntary and not incentivized, and the corresponding
participation rate thus remains low [19]. During the COVID-19
pandemic, the Taiwan government introduced a Name-Based
Mask Distribution system that is linked to the NHIA MHB
service. This system is a rationing system for face masks, which
allows the public to purchase masks at a convenience store.
Thus, the previously poor participation rates of the NHIA MHB
service increased substantially during the COVID-19 pandemic
[22]. In other words, people may have become aware of their
medical data through the NHIA MHB service when they visited
a hospital during the COVID-19 pandemic. Therefore, the
COVID-19 pandemic may provide an opportunity for improving
PHR use and accelerating the digital transformation of Taiwan’s
health care system.
In our previous study, we adopted the Go Ethereum version
1.7.3-stable to construct the iWellChain Framework, which is
a permissioned consortium blockchain network with trusted
parties to ensure consensus by proof of authority. Thus, the
framework can limit participants who transact on the blockchain
and define users who can serve the network by writing new
blocks into the chain. In this way, the iWellChain Framework
can assist the cooperative health care parties to establish their
blockchain environment efficiently and further acquire the
patient's EMRs and EHRs in accordance with the patient’s
signed Ethereum-based smart contracts. Accordingly, the
framework could help health care parties to reduce their
implementation costs and difficulties associated with the
hospital’s legacy information technology systems and security
features surrounding data access. Moreover, the iWellChain
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Framework provides a better secure data protection because
there is no centralized structure for a malicious user to target,
as the patients’ EMRs and EHRs are stored in numerous copies
on different blockchain nodes. With the iWellChain Framework,
we also developed a blockchain-enabled mobile app, the
iWellChain app, as a PHR tool for patients to acquire their
EMRs and EHRs from the investigated hospital and cooperative
clinics [23]. Launched on September 16, 2018, the iWellChain
app is compatible with both iOS and Android devices. Thus,
when a family doctor or specialist is interested in the referral
patient’s EMRs and EHRs, the patient can use the iWellChain
app to authorize and set the approved period for the physician
to access the EMRs and EHRs. However, it was a pilot study,
and the limitations of the iWellChain app were that the patient
could not use it to retrieve the patient’s EMRs and EHRs from
other health care facilities. Accordingly, our practical experience
has indicated that iWellChain app is less popular than expected.
In this study, we aimed to integrate the MHB SDK with our
developed blockchain-enabled PHR mobile app, which enables
patients to access, store, and manage their cross-hospital PHR
data. We also collected and analyzed the app’s log data to
examine patients’ MHB use during the COVID-19 pandemic.
This study involved the launch of an updated version of the
iWellChain app in July 2019. The updated version incorporates
the MHB SDK. Therefore, patients can regularly use it to
retrieve, store, and track cross-hospital MHB data.
Consequently, the iWellChain app addresses time restrictions
related to the MHB data retention period. Additionally, the
iWellChain app incorporates blockchain technology. Hence, a
user can employ a public key to encrypt downloaded MHB data
and ensure that their personal health data are secure.
Furthermore, to encourage more individuals to use the
iWellChain app, the investigated hospital released patients’
self-pay medical data and health checkup reports, which are not
available in the MHB database. Finally, to enhance our
understanding of patients’ PHR use during the COVID-19
pandemic, we analyzed the access logs of iWellChain app users
to examine patients’ activities during a 24-month study period.

Methods
Settings
This study was conducted at the Taipei Medical University
Hospital (TMUH)—a teaching hospital with almost 800 beds
and a good information infrastructure. In 2018, this hospital
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released five types of EMR and EHR that patients can access
through the iWellChain app: outpatient department (OPD) notes,
OPD laboratory test reports, discharge notes, pathology reports,
and health check reports. An updated version of the iWellChain
app was integrated with the MHB SDK and released in July
2019. This version enables patient access to emergency
department (ED) notes and ED laboratory test reports.

Integration Workflow of the iWellChain App and
MHB SDK
The MHB SDK was used to develop a mobile app that enables
users to access their NHIA MHB data by completing an identity
verification process. Figure 1 presents the integration workflow
of the MHB SDK and mobile app. First, the mobile app user
employs an application key acquired from and approved by the
NHIA to initialize the MHB SDK. Thereafter, the mobile app
invokes the MHB SDK to sign into the user’s NHIA MHB
account, and the user then completes an identity verification
process that requires the user’s national ID number, national
insurance card number, password for the NHIA MHB service,
and a randomized graph validation code (left panel of Figure
2). When the user’s identity has been verified, he/she can select
specific MHB data or all NHIA MHB data recorded within a
specific time period. Next, the MHB SDK displays a window
containing third-party statements relating to the use of NHIA
MHB data (right panel of Figure 2). After the user agrees to the
stated terms and conditions, the MHB SDK retrieves the user’s
NHIA MHB data in accordance with the set conditions and
writes and stores the data to a log as a file ticket in the mobile
app. Second, through the MHB SDK, the mobile app can use
the file ticket to check the applicant’s production status with
respect to the NHIA MHB data on the NHIA server side. If the
server process has not yet been completed, the MHB SDK then
sends the mobile app a message stating that “No files can be
downloaded.” After the server process is complete, the mobile
application then requests the applicant’s MHB data for
download, and the MHB SDK sends the message “The files are
fully downloaded” and a unique server key to the mobile app.
The NHIA MHB data are downloaded as a zip file that is
encrypted using the Public-Key Cryptography Standards #5
password-based cryptography method defined in RFC 2898
[24]. Third, the mobile app uses the received application key
as the password and the unique server key as the salt to generate
a file key. Next, the mobile app uses the file key to extract the
zip file and access the applicant’s MHB data.
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Figure 1. Integration workflow of the My Health Bank software development kit and mobile app. MHB: My Health Bank, NHIA: National Health
Insurance Administration, SDK: software development kit.
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Figure 2. Identity verification process of the My Health Bank software development kit for accessing My Health Bank services (left panel); third-party
statements relating to use of My Health Bank data (right panel).

Analysis of NHIA MHB Data
The content of the downloaded NHIA MHB data is presented
in a tagged format, such as XML or JASON format. Each tag
contains a name, value, and the corresponding medical data.
Table 1 presents the tag name and its corresponding medical
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data. Figure 3 presents the NHIA MHB data in the XML format.
For example, the tag name “r1” represents outpatient clinic data,
which include clinic information, the dates of visits, diagnosis
codes, and descriptions. Accordingly, the iWellChain app
extracts a patient's relevant medical data from the NHIA MHB
data for further processing.

J Med Internet Res 2022 | vol. 24 | iss. 1 | e33399 | p.976
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Tseng et al

Table 1. Tag codes and values of National Health Insurance Administration My Health Bank data.
Name

Value

bdata

Patient information

r1

Outpatient clinic data

r2

Admission data

r3

Dental clinic data

r4

Allergy data

r5

Organ donation or palliative medicine

r6

Vaccination data

r7

Laboratory data

r8

Imaging or pathological examination reports

r9

Chinese medicine data

r10

Health and preventive care

Figure 3. Downloaded My Health Bank data in XML format.

Data Processing and Synchronization Between
iWellChain App and NHIA MHB Data
In our previous study, we constructed the iWellChain
Framework—a permissioned consortium blockchain that utilizes
https://www.jmir.org/2022/1/e33399
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trusted parties to ensure consensus by proof of authority [23].
Figure 4 describes the 5 steps of data processing and
synchronization achieved through the iWellChain Framework
between the iWellChain app and NHIA MHB data.
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Figure 4. Interactions with the iWellChain app and My Health Bank data through the iWellChain Framework.

After a patient has created his/her blockchain account, he/she
can use his/her national ID and application password and the
password for the private key to sign into the iWellChain app.
Next, the iWellChain app synchronizes his/her Ethereum
blockchain ledger through the iWellChain Framework. Thus,
the patient can quickly obtain EMR and EHR indexes and
further acquire the physical EMR and EHR files of these indexes
using the iWellChain app.
After a patient has successfully signed into the NHIA MHB,
his/her NHIA MHB data are downloaded. Once the NHIA MHB
data are fully downloaded, the iWellChain app decrypts these
data and stores them in the mobile app sandbox.
The iWellChain app then analyzes each of the patient’s NHIA
MHB data records to verify that these records were not
previously acquired or did not originate from other health
facilities.
For each record that has been verified as a new record, the
iWellChain app synchronizes with the iWellChain Framework
to request the patient’s public key, which is then used to encrypt
the record’s path. Finally, the iWellChain app registers the
record's information and its encrypted path in the iWellChain
Framework.

Trends in the COVID-19 Pandemic in Taiwan

as locally acquired cases (LACs) and imported cases (ICs).
Figure 5 indicates that both LACs and ICs started arising in
January 2020. From January to April 2020, both LACs and ICs
were reported: 19 (8 LACs, 11 ICs), 26 (17 LACs, 9 ICs), 330
(27 LACs, 303 ICs), and 61 (3 LACs, 58 ICs) cases were
reported in January, February, March, and April 2020,
respectively. During the subsequent 7-month period (May 2020
to November 2020), no LACs were reported. However, the
number of ICs reported fluctuated from month to month. During
the next 3-month period (December 2020 to February 2021),
both LACs and ICs were reported: 128 (1 LAC, 127 ICs), 114
(19 LACs, 95 ICs), and 30 (2 LACs, 28 ICs) cases were reported
in December 2020, January 2021, and February 2021,
respectively. In March 2021, 0 LACs and 88 ICs were reported.
From April to June 2021, the number of LACs reported
increased substantially: 29 LACs and 82 ICs, 8,734 LACs and
135 ICs, and 4,785 LACs and 33 ICs were reported in April,
May, and June 2021, respectively. Accordingly, the CECC
raised the COVID-19 alert level to level 3 nationwide and
maintained it from May 19 to July 26, 2021. Per COVID-19
level 3 alert guidelines, places of business and public venues
were recommended to stop operating (excluding essential
services, law enforcement, medical treatment facilities, and
government offices). However, for places that remained open,
strict mask-wearing and social-distancing protocols were
enforced [25].

According to Taiwan’s Central Epidemic Command Center
(CECC) reports, confirmed COVID-19 cases can be classified
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Figure 5. Taiwan’s locally acquired and imported case trends.

Log Data Collection and Analysis of the iWellChain
App
Because of the COVID-19 pandemic, the investigated hospital
had to adhere to CECC guidelines regarding the reservation of
general wards for the influx of patients with COVID-19.
Accordingly, in this study, we only included patients attending
the OPD and ED of TMUH and used the iWellChain app. We
retrospectively collected patients’ iWellChain app access logs
over a 24-month period (before and during the COVID-19
pandemic) from July 2019 to June 2021. Accordingly, an access
log database was created, and information on the actions that
the patients performed through the iWellChain app was
collected. We integrated Google Analytics for Firebase into the
iWellChain app to capture patients’ click data. Once the data
had been captured and stored, the access log could be linked to
the Google Colaboratory [26]—a web-based and free Python
development platform for further analysis and reporting. The
Joint Institutional Review Board of Taipei Medical University
and TMUH approved this study.
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Results
PHR Features of the iWellChain App
When a patient signs into his/her blockchain account, the
iWellChain app displays his/her subscribed PHR services per
the signed Ethereum-based smart contracts. Figure 6 (left panel)
presents an example of a patient who subscribed to three PHR
services: the employee card service (top section), NHIA MHB
card service (middle section), and TMUH member card service
(bottom section). The employee card service is designed to
enable employees to access their annual regular checkup reports.
This service can also be used to establish an employee’s personal
health profile for long-term health tracking and management.
The NHIA MHB card service can activate the MHB SDK to
retrieve an individual’s MHB data after he/she has completed
the identity verification process. The TMUH member card
service provides a single window in which the patient can
acquire and integrate EMR, EHR, and NHIA MHB data as the
PHR data. Figure 6 (right panel) presents the timeline of a
patient's medical data that were sorted in accordance with his/her
J Med Internet Res 2022 | vol. 24 | iss. 1 | e33399 | p.979
(page number not for citation purposes)
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visit dates (from latest to oldest). For example, the patient had
three OPD notes and one laboratory test report. The first OPD
note was issued by the investigated hospital on January 11,
2021. The next two OPD notes and one laboratory test report
were retrieved from the patient’s NHIA MHB data. The two
OPD notes were issued by dental clinic A and hospital B on

Tseng et al
December 5, 2020, and the laboratory test report was issued by
hospital C on March 17, 2020. The patient could also select the
specific medical data to view more details. Figure 7 presents
the patient’s prescription information, which includes names
of medical orders, total medication dosages, and days of
medication administration.

Figure 6. Patient's subscribed personal health record services in the iWellChain app (left panel) and medical data sorted by visit date from latest to
oldest.
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Figure 7. Patient’s outpatient department notes and corresponding prescription information.

Study Population
We collected 24 months of data (July 1, 2019, to June 30, 2021)
from the investigated hospital. During this 2-year period, the
total number of patients who visited the OPD and ED was
1,405,316, and 92,184, respectively. From July 1, 2019, to
December 30, 2019, the proportion of patients who visited the
ED and OPD who subscribed to the iWellChain app ranged
from 0.29% to 1.67% and from 3.09% to 5.36%, respectively.
In 2020, the proportion of patients who visited the ED and OPD
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who subscribed to the iWellChain app ranged from 1.41% to
2.54% and from 5.29% to 6.25%, respectively. Finally, from
January 1, 2021, to June 30, 2021, the proportion of patients
who visited the ED and OPD who subscribed to the iWellChain
app ranged from 1.95% to 8.20% and from 5.58% to 7.49%,
respectively. Therefore, the iWellChain subscription trend for
patients who visited the OPD or ED was a steady increase during
the investigated period. The descriptive statistics for the study
population are presented in Table 2.
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Table 2. Proportion of patients who visited the outpatient department and emergency department and who subscribed to the mobile app between July
2019 and June 2021.
Month#

EDa patients, n

ED patients subscribed to the app, n (%)

OPDb patients, n

OPD patient subscribed to the app, n (%)

7

4199

12 (0.29)

65,152

2011 (3.09)

8

4194

22 (0.52)

62,841

2178 (3.47)

9

4266

27 (0.63)

61,108

2354 (3.85)

10

4250

17 (0.4)

64,454

2544 (3.95)

11

3877

32 (0.83)

64,080

2676 (4.18)

12

4187

70 (1.67)

63,709

3413 (5.36)

1

4980

89 (1.79)

59,506

3150 (5.29)

2

3421

71 (2.08)

53,918

2919 (5.41)

3

3226

68 (2.11)

48,970

3052 (6.23)

4

2842

51 (1.79)

47,116

2833 (6.01)

5

3186

45 (1.41)

54,119

3185 (5.89)

6

3427

76 (2.22)

54,100

3308 (6.11)

7

3549

90 (2.54)

63,144

3829 (6.06)

8

3577

81 (2.26)

61,902

3607 (5.83)

9

3647

72 (1.97)

63,712

3680 (5.78)

10

4040

71 (1.76)

65,443

3667 (5.6)

11

3788

74 (1.95)

61,820

3707 (6)

12

3546

74 (2.09)

63,752

3986 (6.25)

1

3835

79 (2.06)

59,872

3530 (5.9)

2

3602

89 (2.47)

52,761

2942 (5.58)

3

3995

78 (1.95)

65,574

4083 (6.23)

4

3829

82 (2.14)

64,043

3812 (5.95)

5

5025

412 (8.2)

46,908

3394 (7.24)

6

3696

208 (5.63)

37,312

2794 (7.49)

2019

2020

2021

a

ED: emergency department.

b

OPD: outpatient department.

New Blockchain Account Applicants
The iWellChain app has several basic functions (ie, an
appointment service, inquiring for a doctor’s information, and
a payment service); however, patients have to apply for and
register web-based blockchain accounts to acquire their medical
data. Figure 8 presents the trend in the numbers of new
applicants. During the study period, the total number of patients
who applied for a blockchain account was 7211. From July to
December 2019, only a few new people applied; specifically,
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the number of new applicants was 1, 0, 2, 1, 1, and 332 in July,
August, September, October, November, and December 2019,
respectively. Since January 2020, the number of new applicants
increased substantially, and the number of applicants was 6874
(95.33%) from January 2020 to June 2021. The number of
applicants peaked at 626 in June 2021; the second (574) and
third (502) highest numbers were observed in May 2021 and
January 2020, respectively. The peak in the number of new
applicants coincided with the onset of COVID-19 and outbreak
of LACs in Taiwan.
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Figure 8. Numbers of new applicants of the blockchain accounts.

Analysis of Patients’ Access Log Data for Medical Data
Acquisition
Through the access log data, we further examined the
investigated hospital’s data set of patients who visited the OPD
and ED, with data including OPD notes, OPD laboratory test
results, ED notes, and ED laboratory test reports. The content
of the OPD and ED notes include OPD or ED visit dates, chief
complaints, diagnosis codes and descriptions, and prescription
information.
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In Figure 9, the left axis indicates that the numbers of patients
visiting the OPD and ED who subscribed to the iWellChain app
and had visited the hospital (A) and the numbers of patients
who used the iWellChain app to acquire the corresponding OPD
notes, OPD laboratory test results, ED notes, and ED laboratory
test reports (B). The right axis represents the value obtained by
dividing value (B) by value (A) (B/A). The number (A) and
proportion (B/A) of patients who visited the OPD and ED for
each month varied depending on the type of medical data.
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Figure 9. Analysis of patients’ access log data with respect to acquisition of outpatient department (OPD) notes, OPD laboratory test results, emergency
department (ED) notes, and ED laboratory test reports through the iWellChain app.

During the 2-year study period, subscribers who retrieved OPD
or ED notes and laboratory test reports accounted for the highest
proportion of patients who visited the OPD or ED in May and
June 2021. These peak proportions were 52.40%, 88.10%,
70.30%, 34.61%, 41.87%, and 59.85% for OPD notes (June
2021), OPD laboratory test results (June 2021), ED notes (June
2021), and ED laboratory test reports (May 2021), respectively.
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From July 2019 to December 2019, only a few patients visiting
the OPD or ED subscribed to the iWellChain app and used it
to acquire their OPD or ED notes and laboratory test reports
(Figure 9). For example, 2011, 2178, 2354, 2676, 2715, and
3414 patients who visited the OPD subscribed to the application
in July, August, September, October, November, and December
2019, respectively. Among these patients, only 32 (1.59%), 43
(1.97%), 57 (2.42%), 49 (1.93%), 61 (2.28%), and 122 (3.57%)
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used the iWellChain app to acquire their OPD notes in July to
December 2019, respectively. Furthermore, only some patients
who visited the OPD underwent laboratory tests. Among the
patients who visited the OPD who subscribed to the app in July,
August, September, October, November, and December 2019,
only 297, 301, 377, 381, 365, and 593, respectively, underwent
laboratory tests. Among them, only 37 (12.46%), 33 (10.96%),
50 (13.26%), 42 (11.02%), 37 (10.14%), and 93 (15.68%)
patients used the iWellChain app to acquire their OPD laboratory
test reports, respectively.
In 2019, for each type of medical data, the peak proportions
were thus 8.33% for ED notes (July 2019), 29.73% for ED
laboratory test reports (December 2019), 3.57% for OPD notes
(December 2019), and 15.68% for OPD laboratory test reports
(December 2019). In 2020, the peak proportions for each type
of medical data were all higher than those observed in 2019.
Moreover, from January to June 2021, the peak proportions for
each type of medical data and report were all higher than those
observed in 2019 and 2020.

Discussion
Principal Findings
Taiwan’s NHI system is a single-payer system that was
introduced in 1995; by 2010, it was already providing universal
and mandatory insurance coverage for almost all of Taiwan’s
population (99.5%) [27,28]. The continual accumulation of NHI
MHB data provides a favorable opportunity for using the data
as a catalyst to improve PHR use through the MHB SDK.
Utilization of the MHB SDK to implement a PHR app is a
promising implementation method because of the low
implementation cost, high data quality, and availability without
participation bias [28].
In this study, we successfully integrated the MHB SDK into
our blockchain-enabled mobile app to enable use by patients.
The iWellChain app’s implementation has three advantages.
First, iWellChain app can help patients periodically acquire
their own cross-hospital EMRs and avoid the time restrictions
relating to the NHIA MHB data retention period. Second, to
protect patients’ privacy and data security, the downloaded
NHIA MHB data are stored on the patients’ mobile devices
without moving these data to or depositing them in other storage
or cloud-based spaces. With our method, patients feel more
secure in using the iWellChain app for PHR data management.
Third, the investigated hospital also released self-pay patients’
EMRs and EHRs (eg, health checkup reports) to complement
the deficiencies of NHIA MHB data. However, under the
Taiwan NHI system, people could easily obtain in-person
clinic/hospital medical consultations with relatively low costs.
Consequently, people would rather go to the hospital or clinic
than use such the PHR mobile app to acquire their medical or
health information. A previous study indicated the NHI-insured
individuals’ participation rate in the NHIA MHB service was
low [19]. Moreover, in this study, although the updated
iWellChain app combined with the MHB SDK launched, it
appeared not to attract more patients to use it for acquiring their
PHRs in the beginning period (from July 2019 to December
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2019). Accordingly, providing effective PHR mobile apps might
be not the critical factor to increase the app users.
Before May 2021, Taiwan only had a few LACs (Figure 5).
Thus, before May 2021, the willingness of Taiwanese people
to be vaccinated was low, widespread screening—such as
COVID-19 polymerase chain reaction (PCR) or rapid tests—was
not urgently required, and few people used PHR apps. In May
2021, a COVID-19 outbreak occurred in tea houses located in
Taipei City’s Wanhua District [29]. This outbreak quickly led
to the announcement of a nationwide level 3 COVID-19 alert.
Accordingly, the CECC established rapid testing sites in multiple
cities, with the focus being Taipei City and New Taipei City.
When an individual feels uncomfortable, he/she can go to a
rapid testing site or a hospital to undergo COVID-19 rapid or
PCR testing. After the test result has been released, the rapid
testing site or hospital uploads the result to the NHIA database,
which then synchronizes with the database used by the Taiwan
Centers for Disease Control (CDC). However, the heavy load
of mass screenings meant that individuals might have to wait
between 3 and 6 days before they could obtain their test result
and report on the CDC’s website or NHIA MHB's database.
Concurrently, the trends observed in the investigated hospital
(located in Taipei City) reflected the general trend in Taiwan’s
COVID-19 outbreak. Compared with the government’s
COVID-19 test reports, the iWellChain app reported the results
of COVID-19 rapid and PCR tests within 1 day for patients who
visited the OPD or ED of the investigated hospital. Figure 8
indicates that more people applied to create a blockchain account
in May and June 2021 relative to other months. Table 2 indicates
that the proportion of patients who visited the ED and OPD who
subscribed to the app peaked at 8.20% (May 2021) and 7.49%
(June 2021), respectively; among the aforementioned patients,
the proportions who used the app to acquire their ED and OPD
notes (peaks in May 2021) and laboratory test reports (ED peak
in May 2021; OPD peak in June 2021) also peaked during the
same period. These findings suggest that the COVID-19
pandemic led patients to pay more attention to their medical
data. They also reflect a substantial increase in patients’ use of
the PHR app in response to Taiwan’s local COVID-19 outbreak.
Under Taiwan’s NHI system, insured individuals’ medical data
are routinely collected through a network with well-developed
infrastructure. Although Taiwan has been affected by the
COVID-19 outbreak, the CECC could effectively coordinate
with all levels of health care facilities to control and manage
epidemic information in response to the disease’s spread (eg,
establishment of a rapid testing station in a hotspot or contact
tracing) by implementing the existing infectious disease
notification method. Taiwan lifted the Level 3 alert on July 27,
2021, and only a few LACs were reported in August 2021 [30].
Furthermore, the NHIA MHB database is being continually
expanded with respect to vaccination information and progress.
Similar to the bundling of the NHIA MHB service with mask
purchase services, our investigated hospital provided the public
with a web-based service for booking an appointment for a
leftover vaccine through the iWellChain app [31]. This model
could attract more users to use our iWellChain app.
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Conclusions
In a patient-centered model, EMRs and EHRs belong to the
individual patient. Furthermore, Taiwan’s NHIA MHB database
offers a robust foundation for PHR development. This study
provides a blockchain-enabled mobile app that can periodically
retrieve and integrate cross-hospital PHRs from the NHIA MHB
database and the investigated hospital’s self-pay medical data
and provide secure data protection through blockchain

Tseng et al
technology. The user access log analysis indicates that the
COVID-19 pandemic has had a substantial effect on the app’s
use, increasing individuals’ PHR use and health awareness
regarding COVID-19 prevention. However, compared with the
investigated hospital’s total number of patients who visited the
OPD and ED, the number of app users remains low. Therefore,
use of the iWellChain app for PHR acquisition can be further
improved.
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Abstract
Background: Mobile applications offer a new approach to personal health records, which are internet-based tools for patients
to consolidate and manage their health information. The University of Pennsylvania Health System (UPHS) was one of the first
health systems to participate in Apple Health Records (AHR), a prominent example of this new generation of personal health
records.
Objective: This study aimed to characterize early adoption of AHR among UPHS patients and understand user perspectives.
Methods: An email-based survey with fixed answer, Likert scale, and open-ended questions was administered to all UPHS
patients using AHR in the first 10 months of enrollment. Survey data linked to the UPHS electronic health record system were
used to analyze responses. Multivariable logistic regression modeled the association of patient characteristics with user ratings.
Content analysis was used to analyze open-ended questions.
Results: At the time of the survey, a total of 1458 patients had used AHR at least once. Mean age of AHR users was 47.5 years,
66.3% (967/1458) were male, 70.9% (1033/1458) were white, and 80.8% (1178/1458) had private insurance. Response rate was
26.8% (391/1458); 46.3% (180/389) were very satisfied with AHR, and 67.7% (264/390) described it as very easy to use. The
most commonly utilized features were lab results (324/391, 82.9%), clinical vitals (264/391, 67.5%), and medications (253/391,
64.7%). No patient characteristics were associated with reporting high satisfaction or ease of use. The most common reason for
using AHR was convenience/ease of use, and 58.2% (160/275) of users reported allowing no other apps to access their health
information, citing privacy as one consideration.
Conclusions: Early adopters of AHR were demographically white, male, and privately insured. Convenience was an important
facilitator, and users were selective in which apps they allowed to access their health information.
(J Med Internet Res 2022;24(1):e29367) doi:10.2196/29367
KEYWORDS
Apple Health Records; personal health record; electronic health record; patient satisfaction; early adopters; cross-sectional survey

Introduction
Despite near universal adoption of electronic health records
(EHRs) in the United States, interoperability and data
fragmentation remain significant challenges [1]. One proposed
solution is the “personal electronic health record,” an
internet-based set of tools that allow people to directly
consolidate, access, and control their health information [1,2].
https://www.jmir.org/2022/1/e29367
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Development of a successful personal health record has been a
policy objective since the creation of the National Coordinator
for Health Information Technology in the Bush Administration
[3].
Early attempts to develop personal health records by companies
such as Google and Microsoft failed to achieve widespread
adoption [3]. Lack of perceived usefulness, low trust, and a lack
of meaningful integration of hospital data were among the
J Med Internet Res 2022 | vol. 24 | iss. 1 | e29367 | p.989
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barriers limiting use [4]. In the last few years, a newer generation
of mobile application–based personal health records has been
developed. One example is Apple Health Records (AHR), a
feature within the Apple Health app available on Apple iPhones
that incorporates health care data from multiple health care
sources and allows users to see integrated data simultaneously.
In 2018, Apple partnered with 12 large health systems, including
the University of Pennsylvania Health System (UPHS), to
provide their patients with AHR. AHR has since expanded to
more than 500 health systems [5]. AHR has significant potential
for usage since iPhones are used by more than half the US
population [6].
Yet, despite the number of health systems participating in the
AHR pilot, little is known about the characteristics of AHR
users and their experiences. To address this gap, we analyzed
UPHS user characteristics and administered a survey to UPHS
patients who had enabled the AHR feature.

Methods
Study Design
This study utilized a cross-sectional survey of AHR users at a
large academic medical center. Survey results were linked to
EHR data on demographics and health care utilization. Content
analysis of open-response questions was performed.
AHR allows users to aggregate information from multiple health
systems into a single interface within the iPhone health app. It
gathers different forms of health information, including
medications, vital signs, lab results, and procedures, integrating
information from multiple sources into a single category for
each information type. AHR thereby permits users to access
organized information pooled from individual EHR systems on
a single personal device. Users receive notifications when their
health record is updated by a participating health system. Since
this survey was administered, AHR has added features to
perform longitudinal analysis of pooled data and share results
with health care providers [7].

Human Subjects Research Review
This study was deemed excluded from human subjects review
as a quality improvement project by the University of
Pennsylvania institutional review board.

Participants
UPHS launched its pilot of AHR in January 2018. AHR is
accessible through the Health application on an iPhone device.
UPHS patients can add their UPHS data to the app using their
UPHS patient portal credentials for authentication. Patients
without an active portal account were directed to a website to
create one. Participants included all UPHS users of AHR in the
first 10 months of the pilot, defined as anyone who enabled
AHR to download information to their mobile device.
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Survey Instrument and Recruitment
A survey was developed by the study authors (see Multimedia
Appendix 1). The survey was not based on a specific prior
survey instrument but was developed to fit the intended purpose
of capturing information from AHR users. The survey was
designed using principles of survey design for Likert scale and
open-response surveys and utilized standard categories for Likert
scales. In addition, the survey was iteratively refined, initially
through feedback from UPHS staff members, followed by pilot
administration to a subsample of AHR users in September 2018.
The final survey included 11 Likert scale, multiple selection,
and open-ended questions. The survey ran from September 2018
to November 2018 and was administered using the Alchemer
survey platform. Eloqua was used for email outreach and
tracking. Users were sent an initial email with the survey link
and up to 2 follow-up emails for nonresponse.

Demographic and Utilization Characteristics
Information was extracted on user age, sex, race, primary
insurance, and health system utilization from the UPHS EHR
system. Data were linked to survey responses, and the linked
data were deidentified.

Analysis
Demographic and utilization characteristics were summarized
for all users, and survey respondents were compared with
nonrespondents. Differences between respondents and
nonrespondents were compared using t tests for normal
continuous variables, Wilcoxon rank-sum tests for nonnormal
continuous variables, and chi-square tests for categorical
variables. Patient portal users were compared with AHR users
by identifying standardized differences greater than 0.2 [8].
This approach was used because the large sample size rendered
even small differences statistically significant. Multivariable
logistic regression was used to analyze the association of
respondent characteristics with self-reported high satisfaction
and ease of use. This analysis was considered exploratory, and
model covariates were chosen based on demographic and
utilization variables used to describe AHR and patient portal
users. A multivariable analysis was performed in which age,
hospitalizations, office visits, and active medications were
included as continuous variables, sex was included as a binary
variable, and race and primary insurance were included as
categorical variables with the categories listed in Table 1. A P
value <.05 was considered statistically significant. This threshold
was set prior to all analyses. Satisfaction was dichotomized as
very satisfied or not, and ease of use was categorized as
reporting that AHR was very easy to use or not.
Open-ended responses were coded using content analysis. Two
study investigators (JR and NP) separately coded all responses.
Discrepancies were reviewed and resolved by mutual agreement.
Stata 14.2 was used for all data analyses.
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Table 1. Demographic and utilization characteristics of users of Apple Health Records (AHR).
Characteristics

All patient portal users
(N=535,422), n (%)

All AHR users
(n=1458), n (%)

Survey respondersa
(n=373), n (%)

Survey nonresponders
(n=1085), n (%)

P valueb
(n=1085)

Age (years), mean (SD)

50.0 (17.2)

47.5 (14.9)

50.0 (15.1)

46.6 (14.8)

<.001

Male, n (%)

195,223 (36.5)

967 (66.3)

289 (77.5)

678 (62.5)

<.001

White

382,552 (71.4)

1033 (70.9)

296 (79.4)

737 (67.9)

<.001

Black

87,567 (16.4)

210 (14.4)

35 (9.4)

175 (16.1)

Asian

22,915 (4.3)

90 (6.2)

16 (4.3)

74 (6.8)

Other

21,791 (4.1)

78 (5.3)

19 (5.1)

59 (5.4)

Unknown

20,597 (3.8)

47 (3.2)

7 (1.9)

40 (3.7)

Medicare

49,946 (9.3)

212 (14.5)

79 (21.2)

133 (12.3)

Medicaid

25,958 (4.9)

47 (3.2)

13 (3.5)

34 (3.1)

None

7919 (1.5)

21 (1.4)

1 (0.3)

20 (1.8)

Private

451,599 (84.3)

1178 (80.8)

280 (75.1)

898 (82.8)

Hospitalizationsc, median (IQR)

0 (0-1)

0 (0-2)

0 (0-2)

0 (0-2)

.053

Office visitsc, median (IQR)

1 (0-3)

2 (1-5)

2 (1-5)

2 (1-5)

.63

Active prescriptionsc, median (IQR)

2 (0-6)

4 (1-10)

4 (0-11)

4 (1-10)

.82

Race, n (%)

Primary insurance, n (%)
<.001

a

The number of respondents differs in Tables 1 and 2 because there were 18 survey responses with email addresses that could not be matched to a unique
University of Pennsylvania Health System (UPHS) electronic health record. Reasons for nonmatching included patients who changed their UPHS email
address and email addresses shared between multiple AHR users (eg, in the same household).
b

Respondents compared with nonrespondents.

c

Over 12 months prior to survey administration.

Results
Survey Responses and Respondent Characteristics
There was a total of 1458 UPHS AHR users at the time of survey
administration. Mean user age was 47.5 (SD 14.9) years, 66.3%
(967/1458) were male, and 70.9% (1033/1458) were White
(Table 1). Median number of hospitalizations was 0 (IQR 0-2).
Of 1458 users, 68.8% (1003/1458) opened the email (unique
open rate), 29.1% (424/1458) accessed the survey (click-through
rate), and 26.8% (391/1458) submitted a response. Survey
respondents were older, more likely to be male, more likely to
be White, and more likely to have private insurance than survey
nonrespondents. There were no statistically significant
differences in hospitalizations, office visits, or prescriptions.
Although AHR users were majority male, in contrast, only a
minority of patient portal users were male (195,223/535,422,
36.5%; standardized difference 0.63). In addition, AHR users
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had higher utilization than all patient portal users over 12
months, including more hospitalizations (standardized difference
0.21), more office visits (standardized difference 0.25), and
more active prescriptions (standardized difference 0.21).
Of the 391 participants, 180 (46.3%) were very satisfied with
AHR, whereas 10 (2.6%) were very dissatisfied (Table 2).
Although 264 (67.7%) of the 391 participants described AHR
as very easy to use, 6 (1.5%) called it very difficult. On a 1
(low) to 9 (high) scale, respondents reported a mean 7.7 (1.9)
likelihood to recommend to a friend. The most commonly used
features were lab results (324/391, 82.9%), clinical vitals
(264/391, 67.5%), and medications (253/391, 64.7%).
Respondents most often shared information with family
(191/391, 48.8%), followed by not sharing with anyone
(138/391, 35.3%) and sharing with a physician (137/391,
35.0%). The most frequent means of finding out about AHR
was through news media (142/391, 36.3%).
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Table 2. User survey responses.
Response

Results

Overall satisfaction, n (%)
Very satisfied

180 (46.3)

Satisfied

152 (39.1)

Neutral

39 (10.0)

Dissatisfied

8 (2.1)

Very dissatisfied

10 (2.6)

How easy to use, n (%)
Very easy

264 (67.7)

Somewhat easy

99 (25.4)

Neutral

18 (4.6)

Difficult

3 (0.8)

Very difficult

6 (1.5)

How likely to recommend to a friend (1-9), mean (SD)

7.7 (1.9)

Features used, n (%)
Lab results

324 (82.9)

Clinical vitals

264 (67.5)

Medications

253 (64.7)

Conditions

183 (46.8)

Procedures

173 (44.2)

Immunizations

160 (40.9)

Allergies

141 (36.1)

All records

14 (3.6)

Other

13 (3.3)

Discussed information in AHRa, n (%)
Family

191 (48.8)

Did not share with anyoneb

138 (35.3)

Physician

137 (35.0)

Friend

76 (19.4)

Other members of care team

56 (14.3)

Pharmacists

19 (4.9)

Other person

6 (1.5)

How found out about AHR, n (%)

a

News article

142 (36.3)

Email announcement

75 (19.2)

Friend

20 (5.1)

Family

14 (3.6)

Physician

10 (2.6)

Other member of care team

6 (1.5)

AHR: Apple Health Records.

b

Did not share results (ie, no one).
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In adjusted models, no demographic or utilization characteristics
were significantly associated with reported satisfaction with

Rolnick et al
AHR or ease of use (Table 3).

Table 3. Association of user characteristics with ratings of Apple Health Records.

a

Characteristics

Very satisfied, ORa (95% CI)

P value

Very easy to use, OR (95% CI)

P value

Age

1.00 (0.99-1.02)

.79

1.00 (0.98-1.02)

.83

Male

0.89 (0.53-1.49)

.65

0.83 (0.47-1.46)

.52

Race

1.05 (0.84-1.31)

.69

1.03 (0.81-1.32)

.80

Primary insurance

1.13 (0.87-1.46)

.37

1.19 (0.91-1.56)

.19

Hospitalizations

0.87 (0.65-1.15)

.32

0.88 (0.65-1.19)

.40

Office visits

1.00 (0.94-1.08)

.90

0.99 (0.92-1.07)

.79

Active prescriptions

1.00 (0.99-1.02)

.66

1.01 (0.99-1.02)

.45

OR: odds ratio.

Responses to Open-Ended Questions

Apple Health Records.” The most frequent request for change
to AHR was to provide better labeling and displays.

The most common reason that respondents gave for using AHR
was convenience/ease of use (138/305, 45.2%), followed by
having all information in one place (54/305, 17.7%; Table 4).
One respondent noted that “[i]t was very easy and I don't have
to log in to view them.” Asked what other information they
wanted to be included, respondents indicated, at near equal
rates, no other information and all medical information. For
example, one respondent said “[i]'d like to have EVERYTHING
that Penn Medicine has in my patient record accessible through

When asked what other apps respondents allowed to access
their health information, the most common answer (160/275,
58.2%) was “none.” Privacy was cited as one reason. One
respondent explained: “As you know, privacy is a major concern
with health records. Apple has a reputation for being very
serious about customer privacy. I would never grant access to
health records to companies like Google or Facebook, whose
business model rests on selling privacy.”
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Table 4. Coded responses to open-response questions.
Questions and responses

Responses, n (%)a

Example quotations

b

Approximately how much time have you spent using Apple Health Records? (n=222)
Not much

32 (14.4)

-c

<1 hour

134 (60.4)

“About a half-hour or so reviewing records.”

1 to 2 hours

28 (12.6)

-

2 to 3 hours

10 (4.5)

-

≥3 hours

18 (8.1)

-

Why did you choose to access your Penn health information via Apple Health Records? (n=305)
Convenience/ease of use

138 (45.2)

“It was very easy and I don't have to log in to view them”

Information in one place

54 (17.7)

“I love having all of my information in one place. I don't
want to have an app for each provider. I am confident that
Apple is keeping measures to keep my information secure”

Experimental/curiosity

47 (15.4)

-

Apple production

42 (13.8)

-

Portability

13 (4.3)

-

Access specific information

11 (3.6)

-

What other health information would you like to have through your Apple Health Records? (n=181)
No other information

50 (27.6)

-

Everything

49 (27.1)

“I'd like to have EVERYTHING that Penn Medicine has
in my patient record accessible through Apple Health
Records.”

Appointments

26 (14.4)

-

Radiology

26 (14.4)

-

Clinical notes

13 (7.2)

-

Additional lab data

10 (5.5)

-

Communication with care team

7 (3.9)

-

If you could change one thing about Apple Health Records, what would it be? (n=170)
No changes

63 (37.1)

-

Better display, labeling, and analysis

44 (25.9)

“Better visualization of test results, etc. changing over time.
Graphs would be good.”

Add providers and health systems

23 (13.5)

-

Access to actual reports, imaging, and documentation

17 (10)

-

Integration with information from other sources

16 (9.4)

-

Change units

7 (4.1)

-

What other apps have you allowed to access your health record data? (n=275)

a

None

160 (58.2)

“None. As you know, privacy is a major concern with
health records. Apple has a reputation for being very serious
about customer privacy. I would never grant access to
health records to companies like Google or Facebook,
whose business model rests on selling privacy.”

Fitness trackers

69 (25.1)

-

Patient portal

23 (8.4)

-

Other health systems patient portals

13 (4.7)

-

Other Apple products

10 (3.6)

-

Totals differ by question due to nonresponse, and numbers for each question with codable responses are shown.

b

Time period refers to overall usage as an Apple Health Record user.
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Example not listed.

Discussion
Principal Findings
In this survey of patients using AHR at an early health system
adopter, most respondents reported high satisfaction and ease
of use, and none of the tested characteristics was associated
with differences in ratings. Convenience/ease of use was a
frequently cited rationale for use, and many respondents
requested incorporation of all health information into AHR.
This study has several notable findings for future use of mobile
application–based personal health records such as AHR.
First, personal health records may be used by specific patient
demographics. Most patients were White and privately insured.
In comparison with all patient portal users, AHR users were
disproportionately male. Disparities are a concern with mobile
application–based personal health records, because smartphone
users are younger and wealthier than the US population [9,10].
Older patients have lower digital health literacy than younger
patients [11], although such disparities are decreasing over time
[12]. Yet, demographics also were not associated with
differences in AHR ratings. In addition, although AHR users
had higher health care utilization than patient portal users,
utilization remained low, with a low number of office visits and
predominantly no hospitalizations in the year prior to the study,
suggesting that the app was not reaching patients with high
health system utilization who may have the most significant
need to share information because of frequent hospitalizations
or complex care. The gender disparities in use are surprising
given the female-predominant overall patient portal population
and require further investigation to understand how barriers and
facilitators of use disproportionally affect female patients.
Second, convenience was an important facilitator of use, and
most AHR users were selective about which apps accessed their
health information. For personal health records to achieve
widespread use, they will need to overcome several barriers.
Platforms will need to be convenient and provide the privacy
protections for patients to feel comfortable with storage of
substantial health information.
Indeed, privacy considerations and trust in the Apple brand to
safeguard information emerged as important factors, a finding
consistent with past studies of personal health records [13].
Safeguarding of personal information will be crucial to personal
health record success, as security lapses leading to stories of
compromised personal information may raise privacy concerns
among would-be users.

Comparison With Prior Work
These findings advance our understanding of personal health
records. Prior work has examined utilization and factors

affecting adoption of national personal health records in
countries such as England and Portugal [14,15]. Other work
sought to understand the barriers to adoption of earlier personal
health records such as Google Health [4]. In addition,
commentators have noted the potential advantages of mobile
application–based personal health records offered by private
vendors, including AHR [1,16]. This study offers new insight
into the characteristics and perspectives of AHR users at one
of the first health systems to participate in the AHR pilot.
Empowering patients with their health records has been a goal
for the Office of the National Coordinator (ONC) for Health
Information Technology. In 2016, Congress passed the 21st
Century Cures Act to drive electronic access, exchange, and
use of health information. The ONC Cures Act Final Rule
implemented the interoperability provisions of the Cures Act
to promote patient control over their own health information
[17].
The rule requires the health care industry to adopt standardized
application programming interfaces (APIs) to allow patients to
securely access structured electronic health information using
smartphone applications. These changes will make it easier for
third-party apps to access and integrate health data, including
AHR, which uses these same standards for data exchange. AHR
is utilizing these standards to add new data-sharing features,
including bidirectional sharing that will allow users to directly
share AHR data with certain AHR systems [18]. Understanding
the barriers and facilitators of using these tools is crucial to
guide future development in a direction that will meet the needs
of patients and potentially address health disparities that could
result from wider adoption. It will also be necessary for
information policy development in this area.

Limitations
This study has several limitations. It reported results from a
single-center experience with one platform. Results may not
generalize to other health systems or platforms. That said, this
early experience with AHR adds to our knowledge of an
important new exemplar of personal health records. This study
also found some differences between respondents and
nonrespondents, and respondents may not be representative of
the overall user base. Further efforts will be needed with
larger-scale surveys and qualitative studies. Third, this study
provided only information from self-reports. Finally, this study
examined only patient perspectives and not how AHR use might
affect clinical outcomes.
In summary, we reported characteristics and perspectives of
patient users at an early adoption of AHR. Our experiences offer
several lessons for future use and study of personal health
records.
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Abstract
Background: New cancer treatments, such as immune checkpoint inhibitors (ICIs), can improve survival and health-related
quality of life (HRQoL) in patients with cancer. Although long-term monitoring of HRQoL has been shown to improve survival,
integration of HRQoL into everyday practice remains poorly documented.
Objective: This study describes experiences and expectations of patients treated with ICIs regarding a discussion of HRQoL
with health care professionals (HCPs) in cancer management.
Methods: This cross-sectional study was conducted in an online patient community (Carenity) in France. Patients treated with
ICIs for cancer, included between September 2018 and January 2019, completed a questionnaire to assess the involvement of
HCP in a discussion of HRQoL and when and what was discussed.
Results: Of 82 patients included (mean age: 56.9 years, 95% CI 54.2-59.6; 46 [56%] male; 34 [41%] with lung cancer), 62
(76%) reported discussing HRQoL at least once with HCPs, mainly general practitioners (54/82, 66%), oncologists (53/82, 65%),
and hospital nurses (50/82, 61%). Around half (45/82, 55%) of the patients were satisfied with these discussions. Discussions
with the oncologist were at the patient’s initiative (34/53, 64%). Discussions occurred primarily during follow-up visits (40/62,
65%), when adverse events occurred (30/62, 48%), and at treatment initiation (27/62, 32%). The most discussed dimensions were
symptoms (48/62, 77%) and physical well-being (43/62, 69%). With respect to expectations, 54/82 (66%) patients considered
oncologists as the most important HCPs for discussing HRQoL. These discussions were desirable throughout the care pathway,
particularly at diagnosis (63/82, 77%) and when treatment was initiated (75/82, 92%) or changed (68/82, 83%). All HRQoL
dimensions were considered important to discuss.
Conclusions: With only around half of the patients satisfied with HRQoL discussions, impactful HRQoL integration in clinical
practice is critical. According to patients, this integration should involve mainly oncologists and general practitioners, should
happen at every step of the care pathway, and should be extended to dimensions that are currently rarely addressed.
(J Med Internet Res 2022;24(1):e25792) doi:10.2196/25792
KEYWORDS
cancer; quality of life; immunotherapy; patient community; patient satisfaction
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Introduction
Health-related quality of life (HRQoL) is a critical feature of
the life of patients with cancer, and a number of instruments
have been developed for evaluating this over the past 40 years.
These include general HRQoL instruments that are not specific
to cancer but can be used to compare HRQoL between cancer
and other diseases, as well as instruments that are specific to
cancer [1]. Such cancer-specific instruments include the
European Organisation of Research and Treatment of Cancer
Quality of Life Questionnaire (EORTC-QLQ) family of
questionnaires [2] and the Functional Assessment of Cancer
Therapy (FACT) family [3], of which individual versions have
been designed for specific types of cancer. These
disease-specific HRQoL measures are used systematically as
outcome measures in clinical trials but may also be used to
support discussions of HRQoL in the everyday care of patients
with cancer.
In cancer, HRQoL is impacted by disease symptoms as well as
by side effects and constraints associated with therapy.
Moreover, HRQoL can change rapidly and sometimes
unpredictably over the course of the disease. Preserving the
HRQoL of patients with cancer is a major goal of clinicians and
health authorities [4-6]. For this reason, building and
maintaining an open dialogue between patients and health care
professionals (HCPs) is essential in order to evaluate the
patient’s HRQoL adequately and to promptly address any issues
that may arise. Systematic monitoring of the patient’s
perceptions of HRQoL has also been shown to be of benefit in
terms of symptom management [7], satisfaction with their care
[7], a greater use of supportive care [7], improvement in
clinician-patient communication [8,9], and improved overall
survival [10-13], since it allows, among other potential
advantages, timely adaptation of treatment in the case of
symptom progression or emergence of treatment side effects.
The introduction of immune checkpoint inhibitors (ICIs) over
the past decade has represented a major advance in the treatment
of many types of cancer, allowing sustained recovery and, for
some tumors, potentially elimination of disease in a significant
proportion of patients [14,15]. By providing patients with a
survival benefit [16] and a better tolerance profile compared to
traditional chemotherapy [17], treatment with ICIs has become
an attractive therapeutic alternative for many types of cancer.
In terms of HRQoL, the experience of cancer patients treated
with immunotherapy may differ from that of patients receiving
standard chemotherapy. Treatment with ICIs may be associated
with a different profile of response compared with standard
chemotherapy, due to longer periods of disease stability and the
lower incidence of side effects that have an impact on the quality
of life (QoL) [17]. Several studies have investigated HRQoL
in patients treated with ICIs [18-20] and have shown
maintenance of HRQoL over long periods, and even
improvement in HRQoL compared to standard chemotherapy
in certain patients [18,19,21,22].
Most QoL research with ICIs has been conducted in the context
of clinical trials, although some observational studies on
long-term survivors who are clinically stable have been reported
https://www.jmir.org/2022/1/e25792
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[23,24]. Potentially deleterious effects of ICI-specific adverse
events on HRQoL [25,26] and potentially beneficial effects on
social functioning and role integration [27-29] are aspects that
would deserve attention. In addition, development of a specific
HRQoL measure for cancer patients using ICIs with stable
disease could be useful [30]. From an operational and a care
perspective, the changes in the treatment paradigm associated
with the introduction of ICIs indicate the utility of monitoring
HRQoL over the long term in everyday practice. This could
provide benefits in optimizing functional outcomes in a timely
manner, as well as in contributing to treatment decisions.
However, little information is available on how HRQoL is
considered by physicians treating cancer patients with ICIs in
routine clinical practice.
The objectives of this study were to describe experiences of
patients treated with ICIs and their expectations with respect to
how the importance of HRQoL in cancer management is
considered by HCPs. This includes the description of practices
of HCPs in appraising HRQoL with patients currently or
previously treated with ICIs, the evaluation of patient
satisfaction with their dialogue about HRQoL with their HCPs,
and the identification of patient expectations with respect to
discussing HRQoL.

Methods
This study was a descriptive, cross-sectional web-based survey
of cancer patients (or their relatives) treated with ICIs who were
members of the Carenity cancer community and resident in
France. Participation was voluntary. Participants were recruited
over 4 months from September 10, 2018, to January 7, 2019.

Study Population
The study population included participants from the Carenity
cancer community. Carenity is an online patient community for
people with chronic conditions [31,32]. Patients and caregivers
can share their experiences in more than 1200 disease-specific
communities, exchange information on the disease and request
advice and information. They can also participate in online
surveys concerning various aspects of disease perceptions on a
voluntary basis and after giving explicit consent. Currently, the
cancer patient community on Carenity in France has around
9547 members, of whom 5871 (61.5%) are patients. All Carenity
cancer community members were invited to participate in this
study.
Participants could either be patients themselves or a relative (or
friend) who was prepared to complete the study questionnaire
on their own or with the patient. Relatives were asked to
complete the questionnaire from the patient’s point of view. In
the rest of the manuscript, the data presented represent the
characteristics and opinions of the patients, regardless of whether
it was the patients themselves or a relative who completed the
questionnaire. Participants were eligible for the study if they or
their relative were currently or previously treated with an ICI
(atezolizumab, durvalumab, nivolumab, pembrolizumab, or
ipilimumab).
As members of the Carenity platform, patients or relatives
participating in the study provided explicit informed consent to
J Med Internet Res 2022 | vol. 24 | iss. 1 | e25792 | p.999
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the collection, handling, and keeping of their personal and health
data. They were also provided with specific information about
the goals and procedures of the study, as well as about the notion
of HRQoL, and asked to agree to participate before receiving
the study questionnaire. Participants received no incentives to
participate in the study, and participation had no impact on their
future involvement as Carenity platform members.

Study Questionnaire
The questionnaire was developed specifically for this study.
The HRQoL domains explored are based on constructs in 2
existing validated cancer-specific HRQoL questionnaires
(QLQ-C30 [33] and FACT-G [3]). The questionnaire was
subsequently tested for clarity and relevance by 2 representatives
of the Carenity cancer community.
The study questionnaire started with a set of screening questions
to identify the participant as a patient or as a relative and to
ensure that the patient had a diagnosis of cancer and was being
treated (or had been treated previously) with an ICI. If this was
not the case, the participant left the study at this point.
Otherwise, they proceeded to the core questionnaire, which
took, on average, around 15 minutes to complete.
The core questionnaire consisted of 29 questions for all
participants, as well as 3 additional ones to be completed only
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by relatives answering on behalf of a patient, which were divided
into 3 sets, relating to general information, experiences with
discussion of HRQoL, and expectations for discussing HRQoL
with HCPs. The themes and attributes evaluated during the
study are listed by theme in Table 1. The first set of 14 general
questions collected data on patient demographics, cancer history,
recent treatment (12 months), HCPs consulted, and treatment
location. The second set of questions started with an open-ended
question asking patients to sum up in 3 words or phrases the
aspects of their HRQoL that were most impacted by cancer and
its treatments. Participants were then asked whether they had
ever discussed QoL with an HCP and when. The period of time
covered was not restricted to the period of treatment by ICIs
but related to the entire period since the diagnosis of cancer was
given. Only patients for whom this was the case completed the
other questions in this set. in total, 10 questions collected
information about the dialogue between the patient and the
medical care team, covering the type of HCP involved, when
HRQoL was discussed, the aspects of HRQoL discussed, and
satisfaction with the discussions. Finally, all participants,
whether or not they had discussed HRQoL, completed the last
set of 6 questions about expectations for a dialogue with an
HCP about QoL, which covered an identical set of concepts as
those explored in the previous set of questions on experiences.
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Table 1. Information collected during the study.
Attribute studied

Question

Response modality/data analysis

Data presentation

Can you cite 3 words or expressions that
you think best express the aspects of QoL
that are impacted by your cancer?

•
•

Open question
Replies grouped by theme

•

Number and % of patients
citing each theme

Do you think that discussing QoL with
HCPs is . . . (list)?

•
•

Checklist of 5 levels of impor- •
tance
Single response only

Number and % of patients
citing each importance
level

•
•

Checklist including “Never”
Multiple responses possible

•

Number and % of patients
citing each occasion
Number of different HCPs
identified

You replied that you have never discussed
QoL with an HCP. Would you have liked
an opportunity to do so?

•

Yes/No/Don’t know

•

Number and % of patients
replying yes

Satisfaction with discussions Were you satisfied with the way that QoL
of QoL
has been brought up by different HCPs?

•
•

Checklist
Single response only

•

Number and % of patients
citing each response

Perceptions of the impact of cancer on QoLa
Impact of cancer on QoL

Discussion of QoL with HCPsb
Importance of discussing
QoL

Experience of discussing
QoL

Desire to discuss QoL

On what occasion(s) did you discuss QoL
with the HCP who looks after you?

•

Reasons for satisfaction or
dissatisfaction

What was the reason that you were satisfied •
or dissatisfied?
•

Open question
Replies grouped by theme

•

Number and % of patients
citing each theme

Opportunity to express
yourself

Do you feel that you were able to express •
yourself about the impact of cancer or cancer treatments on your QoL?
•

Checklist of 5 response
modalities
Single response only

•

Number and % of patients
citing each response

Checklist of different HCPs
•
with 5 response modalities for
each
Including “Never/ I don’t consult this HCP”
Single response only

Number and % of patients
responding often, occasionally, or rarely for each
HCP specialty

HCPs involved in HRQoLc discussions
Types of HCP discussing
QoL

When you consult 1 of the following types •
of HCP, do you discuss QoL with them?
•
•

Who initiates the discussion?

When you discuss QoL with your oncologist •
or radiotherapist, who usually initiates the
conversation?
•

Checklist of 5 response
modalities
Single response only

•

Number and % of patients
citing each response

Importance of different
HCPs

Which HCPs do you think are the most im- •
portant for talking about QoL?
•

Checklist of different HCPs
Multiple responses possible

•

Number and % of patients
citing each type of HCP

Other contexts where QoL
is discussed

Have you ever discussed your QoL in anoth- •
er context (discussion group, therapeutic
•
education program, etc)?

Checklist of 5 contexts
Single response only

•

Number and % of patients
citing each context

Opportunities for discussing QoL
Occasions when QoL had
been discussed

On what occasion(s) did you discuss QoL
with the HCP who looks after you?

•
•

Checklist
Multiple responses possible

•

Number and % of patients
citing each occasion

Relative importance of different occasions for discussing QoL

Which occasions do you think are particularly important for discussing QoL with
HCPs?

•

Number and % of patients
citing each occasion

•

Checklist of different HCPs
•
with 5 response modalities for
each
Single response only

•
•

Checklist
Multiple responses possible

•

Number and % of patients
citing each subject
Number of different subjects identified

Dimensions of QoL discussed
Subjects discussed
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When you discuss QoL, what are the subjects that you usually discuss?

•
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Question

Response modality/data analysis

Data presentation

How much importance do you attach to
discussing the following subjects with an
HCP?

•

10 cm visual analog scale for
each of the 9 subjects

•

Mean score with standard
deviation

Open question
Replies grouped by theme

•

Number of citations for
each theme

Checklist of 11 measures
3 responses possible

•

Number and % of patients
citing each measure

Measures for improving discussions of QoL
Ways to improve paying at- How could the medical team involved in
•
tention to QoL
your care pay more attention to your QoL? •
Specific measures

a

In your opinion, which are the 3 measures •
that would be most useful to improve discus- •
sions of your QoL?

QoL: quality of life.

b

HCP: health care professional.

c

HRQoL: health-related quality of life.

All questions in this web-based survey were mandatory to access
the next question, except for 4 open ones. Skip patterns were
used, when appropriate. Most of the questions were single or
multiple choice, to which participants responded by ticking
boxes. Two questions were in the form of Likert scales, and
another asked patients to rate the importance of 9 HRQoL
dimensions on a visual analog scale.

Data Analysis
The data analysis was purely descriptive as no prespecified
hypotheses were tested. Responses to multiple-choice questions
and Likert scales are presented as frequency counts and
percentages with their 95% CIs.

Ethics
The study was conducted in accordance with good
epidemiological practice. As the aim of the study was to
determine patient satisfaction, the survey is considered a patient
satisfaction survey and does not fall within the scope of French
legislation on medical research. For this reason, submission to
an ethical committee was not required.
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Results
Patient Population
A total of 82 questionnaires were fully completed, of which 56
(68%) were completed by the patients and 26 (32%) by a friend
or relative. In the latter case, 16 (61%) questionnaires were
completed in the presence of the patient. The characteristics of
the patients are presented in Table 2. Overall, 46 of 82 (56%)
patients were men, and the most frequent cancer types were
lung cancer, lymphoma, and skin cancer, which accounted
between them for 58 (71%) cases. The remaining cancer types
accounted for ≤5 (6%) patients each. The mean age was 56.9
years (95% CI 54.2-59.6), and this was similar across the
principal cancer types (58 years for lung cancer and lymphoma
and 52 years for skin cancer). The diagnosis of cancer had been
made within the previous 5 years for two-thirds of patients.
Overall, 62 of 82 (76%) patients had discussed their HRQoL
with an HCP, and only these patients completed the set of
questions about their experience. Information about 1 patient
who had died was provided by a relative.
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Table 2. Characteristics of study patients (N=82).
Characteristic

n (%)

Age (years)
18-30

2 (2%)

31-40

7 (9%)

41-50

12 (15%)

51-60

29 (35%)

61-70

22 (27%)

>70

10 (12%)

Gender
Men

46 (56%)

Women

36 (44%)

Primary cancer localization
Lung

34 (41%)

Lymphoma

12 (15%)

Skin

12 (15%)

Kidney

5 (6%)

Prostate

3 (4%)

Ovarian

3 (4%)

Leukemia

3 (4%)

Othera

10 (12%)

Time since cancer diagnosis
0-5 years

65 (79%)

6-10 years

10 (12%)

>10 years

6 (7%)

Do not know

1 (1%)

Place of treatment in previous 12 monthsb

a

University hospital

28 (34%)

Local hospital

27 (33%)

Private clinic

25 (30%)

Specialist cancer center

14 (17%)

Community medical center

4 (5%)

Not treated in previous 12 months

1 (1%)

Head and neck, multiple myeloma, and bladder cancer: 2 cases each; colon, liver, cervical, and bladder/prostate cancer: 1 case each.

b

Multiple responses were possible.

Perceptions of the Impact of Cancer on QoL
For the aspects of QoL that were most impacted by cancer and
its treatment, the theme that was most frequently cited was
physical well-being, cited by 52 of 82 (63%) patients. In
addition, impact on activities of daily living and emotional
well-being were also frequently mentioned, by 25 of 82 (30%)
patients each. The most frequent responses cited in the
physical-well-being theme were fatigue (26 citations), difficulty

https://www.jmir.org/2022/1/e25792

XSL• FO
RenderX

getting about (13 citations), and pain (12 citations). The most
frequent responses cited in the activities-of-daily-living theme
were shopping (10 citations), washing (6 citations), and
do-it-yourself/gardening (5 citations). The most frequent
responses cited in the emotional-well-being theme were mood
(18 citations), stress/anxiety (8 citations), and solitude (4
citations). A full listing of the themes evoked is provided in
Table 3.
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Table 3. Themes of quality of life most impacted by cancer (N=82).
Theme

Number of citations, n

Number of patients citing theme, n (%, 95% CI)

Total

74

52 (63%, 53%-74%)

Fatigue

26

—a

Difficulty getting about

13

—

Pain

12

—

Difficulty sleeping

6

—

Difficulty breathing

4

—

Difficulty in the morning

4

—

Concentration

2

—

Weight gain

2

—

Incontinence/diarrhea

2

—

Loss of appetite

1

—

Sensitivity to changes in the weather

1

—

Falling ill more often

1

—

Total

36

25 (30%, 21%-41%)

Shopping

10

—

Washing/dressing

6

—

Gardening/jobs in the house

5

—

Cleaning

4

—

Driving

4

—

Cooking

3

—

Daily activities

3

—

Keeping appointments

1

—

Total

33

25 (30%, 21%-41%)

Daily morale

18

—

Stress/anxiety

8

—

Loneliness

4

—

Motivation

1

—

Fear of dying

1

—

Feeling helpless

1

—

Total

23

21 (26%, 16%-35%)

Sport/physical activity

11

—

Going walking

6

—

Leisure

3

—

Dancing

2

—

Traveling

1

—

Total

21

20 (24%, 15%-34%)

Outings

6

—

Physical well-being

Activities of daily living

Emotional well-being

Leisure activities

Social and family life
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Number of citations, n

Number of patients citing theme, n (%, 95% CI)

Family

6

—

Sex life

4

—

Seeing friends

3

—

The way people look at me

1

—

Conversation

1

—

6

6 (7%, 2%-13%)

Total

9

9 (11%, 4%-18%)

Long-term planning

2

—

Autonomy

2

—

Wasting time

2

—

Finding a doctor

1

—

Not doing anything any more

1

—

Organization

1

—

Professional life
Total
Others

a

Not applicable.

Discussion of QoL with HCPs
Overall, 75 of 82 (91%) patients considered it important to
discuss their HRQoL with an HCP, with 58 (71%) considering
it very important and a further 16 (20%) considering it quite
important. In addition, 62 of 82 patients (76%) patients had
discussed their HRQoL with an HCP at least once. Of the 20
patients who had not done so, 9 (45%) would have liked to, 4
(20%) were not interested, and the remaining 7 (35%) did not
know. In addition, 45 of 82 (55%) patients were always or often
satisfied with the way in which their HRQoL had been
discussed. The principal reasons for satisfaction were that the
discussion had resulted in practical solutions being identified
(26/45, 58%) and a good relationship with the HCP due to their
human qualities (24/45, 53%). Of the 82 patients, 17 (21%)
were, however, frequently dissatisfied with this discussion.
Reasons for dissatisfaction were insufficient time available for
discussing HRQoL (9/17, 53%), a lack of information and
explanations provided by the HCP (5/17, 29%), and a lack of
empathy on the part of the HCP (4/17, 24%). In addition, 29 of
82 (35%) patients considered that they had been listened to
when discussing their HRQoL, whereas an identical number
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considered that they had not been sufficiently listened to or
given the chance to express themselves.

HCPs Involved in HRQoL Discussions
Patients reported discussing HRQoL with a variety of different
HCPs, with the majority reporting multiple points of contact.
On average, patients reported consulting 6.7 (95% CI 6.2-7.2)
different types of HCPs and discussing HRQoL with, on
average, 5.8 (95% CI 5.3-6.3) of these. The most frequently
cited HCPs were the general practitioner, the oncologist or
radiologist, and the hospital nurse (Table 4). It should be noted
that certain HCPs who are frequently consulted, such as
community nurses and pharmacists, less frequently discuss
HRQoL, whereas other HCPs generally do discuss this issue,
even though they are less frequently consulted, such as
psychiatrists or palliative care physicians. For 34 of the 53 (64%)
patients discussing HRQoL with their oncologist or radiologist,
the discussion was initiated by the patient rather than by the
physician. When patients were asked with which sort of HCP
it was important to discuss HRQoL, the oncologist or radiologist
and the general practitioner were the 2 professions that were
most often cited, followed by other specialist physicians, the
psychiatrist or psychologist, and the hospital nurse (Table 4).
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Table 4. Health care professionals discussing quality of life with patients (N=82).

a

Type of HCPa

Number of patients who consulted Number of patients who discussed
indicated HCP, n (%, 95% CI)
HRQoLb with indicated HCPc, n
(%, 95% CI)

Number of patients who considered indicated
HCP important for discussions of HRQoL, n
(%, 95% CI)

General practitioner

57 (70%, 60%-80%)

54 (66%, 56%-76%)

44 (54%, 43%-64%)

Oncologist or radiologist

56 (68%, 58%-78%)

53 (65%, 54%-75%)

54 (66%, 56%-76%)

Community pharmacist

55 (67%, 57%-77%)

42 (51%, 40%-62%)

9 (11%, 4%-18%)

Hospital nurse

54 (66%, 56%-76%)

50 (61%, 50%-72%)

17 (21%, 12%-30%)

Other specialist physician

52 (63%, 53%-74%)

47 (57%, 47%-68%)

21 (26%, 16%-35%)

Community nurse

46 (56%, 45%-67%)

36 (44%, 33%-55%)

10 (12%, 5%-19%)

Surgeon

40 (49%, 38%-60%)

32 (39%, 29%-50%)

15 (18%, 10%-27%)

Psychiatrist or psychologist 31 (38%, 27%-48%)

25 (30%, 21%-41%)

19 (23%, 14%-32%)

Palliative care physician

19 (23%, 14%-32%)

13 (16%, 8%-24%)

25 (30%, 21%-40%)

HCP: health care professional.

b

HRQoL: health-related quality of life.

c

Patients stated that they had discussed HRQoL at least once with indicated HCPs.

Of 62 patients, 8 (13%) reported that they had discussed their
HRQoL in settings other than medical consultations, such as
with patient support groups, discussion groups, or patient groups
organized by a nurse.

Opportunities for Discussing QoL
QoL was most frequently discussed during follow-up
consultations (40/62, 65%) and less frequently at the time the
diagnosis was made (27/62, 32%). In particular, HRQoL was
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addressed when patients reported experiencing side effects or
when a new treatment was initiated (Figure 1A). However, most
of the patients considered that it was also important to discuss
HRQoL at the time of diagnosis (63/82 [77%] expected vs 26/82
[32%] experienced) and to maintain a dialogue throughout their
treatment, notably when starting treatment (75/82 [92%]
expected vs 36/82 [44%] experienced) and when changes were
made to treatment (68/82 [83%] expected vs 16 [19%]
experienced) (Figure 1A,B).
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Figure 1. Opportunities for discussing QoL and the aspects of QoL discussed. QoL: quality of life.

Dimensions of QoL Discussed
Multiple dimensions of HRQoL were usually discussed, with
27 of 62 (47%) patients having discussed 4 or more dimensions.
The most frequently discussed dimensions were symptoms, and
physical well-being and mobility (Figure 1C). These dimensions
were also those that patients thought that it was important to
discuss (Figure 1D). However, expectations remained high even
for dimensions less frequently addressed, such as memory and
concentration, relationships and sex life, or finances.
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Measures for Improving Discussions of QoL
The ways that the health care team could be more attentive to
HRQoL that were spontaneously cited most commonly were a
better dialogue or a more personal relationship with the HCP
(26 citations), more support and guidance (15 citations), and
having more personalized information about the disease and
treatment (14 citations). With respect to specific measures (Table
5), the most frequently selected were better follow-up of the
side effects of treatment (31/82, 38%), the provision of
consultations specifically devoted to HRQoL (30/82, 37%), and
better coordination of care within the health team (28/82, 34%).
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Table 5. Specific measures for improving dialogue about the quality of life (N=82).

a

Theme

Number of patients citing theme, n (%, 95% CI)

Better follow-up of side effects

31 (38%, 27%-48%)

Specific QoLa consultation

30 (37%, 26%-47%)

Better coordination of care

28 (34%, 24%-44%)

Therapeutic education/patient groups

23 (28%, 18%-38%)

Better training on QoL for HCPsb

23 (28%, 18%-38%)

Tools for discussing QoL

22 (27%, 17%-36%)

Discussion group/patient support group

14 (17%, 9%-25%)

Longer consultations

13 (16%, 8%-24%)

Systematic involvement of a psychiatrist

12 (15%, 7%-22%)

Involvement of a social worker

10 (12%, 5%-19%)

Otherc

3 (4%, 0%-8%)

QoL: quality of life.

b

HCP: health care professional.

c

One case each of no special needs, patient in survival stage, more resources and time for hospital staff.

Discussion
Principal Findings
The results of this study highlight the importance of discussions
of HRQoL between patients with cancer treated, or previously
treated, with ICIs and their HCPs throughout the treatment
journey. Overall, 75 of 82 (91%) patients reported that it was
quite or very important to discuss their HRQoL with an HCP.
In practice, HRQoL was discussed with an HCP in the majority
of cases (62/82, 76%), and most of these patients (45/82, 55%)
were satisfied with the quality of the dialogue. Nevertheless,
an important gap remains between patients’ expectations and
real-life practice, with a significant minority of patients (19/62,
31%) who were either dissatisfied with the way their HRQoL
had been discussed or would have liked to have had an
opportunity to discuss it. The gap is even more significant in
that around half of the patients who had discussed their HRQoL
with an HCP (29/62, 35%) felt that they had not been listened
to sufficiently or given the chance to express themselves fully.
Many studies have emphasized the beneficial effects that internet
use for health issues can have on the doctor-patient relationship,
by bringing the “informed patient” to play a more active role
in the care process and by facilitating communication [34,35].
Patients using the internet believe that this allows them to
understand their disease and its treatment better and, to a lesser
extent, helps them take better care of themselves and to
participate more in decision making concerning their health
[36]. Informed patients also appear to be more motivated to
engage in lifestyle changes to maximize the effects of the
prescribed treatment [37]. Patients participating in patient
forums, such as the Carenity cancer community, are likely to
be more proactive in looking for information or support and
may have specific expectations for the quality of care that they
receive. For this reason, they may have been more likely to
initiate discussions of HRQoL than patients who do not
participate in such forums. They may also have higher
https://www.jmir.org/2022/1/e25792
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expectations from these discussions and thus be more frequently
dissatisfied. However, these assumptions could not be evaluated
in this study.
This study was conducted from the patient perspective, and it
would be of interest to complement these findings with a similar
survey of the importance and utility of discussing HRQoL from
the perspective of the HCP. This could help identify areas of
convergence between patients and HCPs, as well as
understanding the gap between experiences and expectations.
For example, an HCP survey could help explain why some areas
of HRQoL that are considered important by patients, such as
memory problems, relationships, and finances, are rarely
addressed by HCPs.
The study revealed that only one-third of patients discussed
HRQoL issues related to their work, daily activities, and leisure
activities and only 1 in 10 discussed the impact of the cancer
on their finances. Since many cancer patients treated with ICIs
may achieve durable survival, these treatments may allow a
more rapid return to work of cancer patients and a reduction in
the amount of sick leave [28], which would be expected to be
accompanied by an improvement in HRQoL. The availability
of ICI therapy was quite recent at the time of the study. With a
longer period of patient follow-up, it would be interesting to
evaluate how HRQoL perceptions may evolve over the long
term in patients treated with ICIs and in particular to compare
perceptions of HRQoL between patients starting ICIs and
long-term survivors previously treated with ICIs.
The study findings have identified several important but
unfulfilled expectations for a more satisfying dialogue about
HRQoL that are widely expressed by patients. Given the
importance of monitoring QoL for the management of cancer,
integrating a productive dialogue about HRQoL into routine
clinical practice is essential, and this study suggests a number
of ways in which such a dialogue could be improved so that
patients’ expectations are more fully met. Such initiatives are
J Med Internet Res 2022 | vol. 24 | iss. 1 | e25792 | p.1008
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all the more justified in the light of many studies that have
reported significant clinical benefits associated with considering
the patient’s perceptions of HRQoL [7-13].
First, it would be important to broaden the discussion of HRQoL
and not just focus on symptoms or side effects. Only a minority
of patients discussed their emotional well-being or the impact
of their cancer on their family, social life or professional life,
even though they rated highly the importance of discussing
these subjects. This focus on symptoms and side effects at the
expense of a broader approach to HRQoL has already been
emphasized in previous studies of the patient-physician dialogue
in patients with advanced cancer receiving standard
chemotherapy [38]. Second, the dialogue should be initiated at
the time of diagnosis, rather than waiting until a patient has an
issue with symptoms or treatment side effects, and continued
over the course of the disease. It may be appropriate to set aside
specific consultations, or at least a dedicated time during a
routine consultation, to talk about HRQoL. Third, the entire
care team should be involved in discussion of HRQoL. From
the patient’s point of view, the oncologist is the key HCP for
discussing HRQoL. However, sharing information about
HRQoL across the care team is important to ensure optimal
coordination of care. In particular, the general practitioner is
also considered an important partner for discussing QoL by
patients and could thus play an active role in monitoring HRQoL
over the long term.
Physician education should emphasize the need to open the
discussion of HRQoL with their patients proactively and
systematically. In addition, getting the patient to complete an
HRQoL questionnaire before each consultation may be useful
for the physician to assess any evolution of HRQoL and to
identify any specific issues to be discussed. Different feasibility
studies are underway to systematically collect ICI-related
symptom and HRQoL data [39,40] and should provide
interesting complementary information. A recent study on social
media suggested that existing standard HRQoL questionnaires
should be enriched with new items that are more relevant for
patients treated with ICIs in their daily experience with disease
and treatment [29]. Participation in discussion groups or patient
support programs could also be systematically proposed. Finally,
technological advances now allow monitoring of HRQoL at
home through a telemedicine approach using electronic
patient-reported outcomes available on applications for
smartphones or computers [25,40-42].

Strengths and Limitations
Like all studies, this one had a number of strengths and
limitations. The study included patients with many different
types of cancer (principally lung cancer, lymphoma, and
melanoma) representative of the principal cancers treated with
ICIs in France. The study sample was relatively representative
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of the target population in terms of age, gender, geographical
area, and the type of care received. No data were collected on
stage, since there was a doubt as to whether this information
could be reliably ascertained from the panel without medical
ascertainment, since the patient may not remember and because
the stage might have evolved between the time of treatment and
the time of the survey. Likewise, panelists were not asked about
the specific ICI prescribed, although the list of treatments was
specified in the questionnaire, and treatments used by patients
in the Carenity platform are not documented in the platform
database. For these reasons, it was not possible to investigate
the representativeness of responders further, nor to evaluate
how these factors might influence perceptions of HRQoL. The
number of patients was also relatively small, and patients were
unlikely to be representative of all patients with cancer treated
or eligible for treatment with ICIs in France. This diversity of
cancer types may mask specific HRQoL issues that are important
in particular forms of cancer.
Since ICIs were only approved for locally advanced or
metastatic cancers at the time of the study, the patient population
was at an advanced stage of disease, with one-fifth of patients
having been diagnosed for at least 5 years. This implies that all
patients should be at a similar stage of their disease, with a
current or at least recent experience of ICI therapies. This would
ensure relative homogeneity of patients. However, since it may
be difficult and arbitrary for patients to distinguish their HRQoL
experience with different individual treatments that were
managed by the same care providers, patients were invited to
describe their experiences over the whole duration of their care
since diagnosis. It was thus not possible to interpret patient
perceptions and expectations as relating specifically to the period
of treatment with ICIs. It was nonetheless possible that recent
experiences may dominate earlier ones due to a recall effect.

Conclusion
In conclusion, this study identified a gap between expectations
and reality in the quality of the dialogue between patients and
HCPs about HRQoL and also suggested ways to narrow this
gap. Patients with cancer have a legitimate desire for a
comprehensive and constructive dialogue with their physicians
about their QoL, and in the case of patients receiving
immunotherapy, this dialogue may be expected to continue for
long periods. To meet patient expectations, the dialogue should
consider all dimensions of HRQoL. A dialogue about HRQoL
should be integrated into clinical practice at every step of the
care pathway on a continuous basis from diagnosis to palliative
care. It could be facilitated operationally by new modes of care
provision, for example, offering specific consultations with an
HCP dedicated to discussing HRQoL. Optimizing this dialogue
should thus be a priority for physicians treating patients with
cancer.
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Abstract
Background: Social media–delivered health promotion has demonstrated limited uptake and effectiveness among young adults.
Understanding how young adults interact with existing social media platforms for health might provide insight for future health
promotion interventions.
Objective: The aim of this study is to describe how young adults interact with different social media platforms for health and
health information.
Methods: We used a web-based conversation methodology to collect data from 165 young adults aged 18 to 24 years. Participants
participated in an extended conversation with moderators and other participants about health and social media. They were prompted
to discuss how they find health information, how they use different social media platforms, and how they evaluate the trustworthiness
of information. A thematic qualitative analysis was applied to the data.
Results: Young adults spent a lot of time scrolling through Facebook newsfeeds, which often resulted in seeing health-related
content either from their friends, news sources, or advertisements. Some actively sought out information about specific health
areas by joining groups or following relevant pages. YouTube was considered a useful source for learning about everything and
was often the go-to when searching for information or advice (after Google). Young adults found the video format easy to learn
from. They stated that they could identify accurate YouTube health content by cross-checking multiple videos, by feeling that
the presenter was real and relatable, or just through instinctively judging a video’s credibility. Instagram was a source of inspiration
for health and wellness from those whose lives were dedicated to healthy lifestyles and fitness. Twitter, Tumblr, and Snapchat
were rarely used for health information.
Conclusions: Most young adults obtain health information from social media, both actively and through passive exposure.
Participants indicated looking to social media influencers for health and lifestyle inspiration and judged the credibility of sources
by appearance and instinct. Health experts should try to use the channels in the way that young adults already use them; use
relatable role models on Instagram and YouTube, eye-catching headlines and support groups on Facebook, and easy to follow
instruction videos via YouTube.
International Registered Report Identifier (IRRID): RR2-10.1111/1747-0080.12448
(J Med Internet Res 2022;24(1):e23656) doi:10.2196/23656
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Introduction
Health Promotion Via Social Media
In recent years, there has been a proliferation of social
media–delivered health promotion campaigns targeting young
adults. Such campaigns use the immense popularity of social
media platforms to reach young adults with messaging to
improve their health behaviors and outcomes. However, despite
their promise, many interventions have demonstrated poor reach
or limited effectiveness. For example, a systematic review found
that only 1 of 9 interventions had a statistically significant
positive impact on nutritional outcomes among young adults
[1]. The proportion of young adults engaging with social media
interventions in this review (eg, by liking, commenting on, or
sending tweets) varied from 3% to 69%, and in another review,
young adult participants engaged in only between 5% and 15%
of the intended interactions [2]. The uptake and acceptability
of health promotion on social media has been low among young
people [1,3,4].
A systematic review showed that health promotion on social
media primarily comprised information dissemination and
providing social support [1]. Information dissemination can be
achieved through posts from the organization that may reach
the target group directly, if they have chosen to follow the
organization, or an organization can pay to boost the reach of
posts to others in the target group (paid advertising). Social
support requires relevant individuals to interact with each other.
Such social networks occur naturally (eg, in private groups on
Facebook), but if health experts were to set up a group, they
would need existing contact with target groups or paid social
media advertising.
However, young people may not want to access health
information or health social support via social media. The lack
of success achieved by interventions may be based on a
mismatch between how young adults use social media and the
way health promoters use it. Research shows that most young
people prefer to source health information from websites and
not from social media [5,6]. Furthermore, many perceive it as
socially undesirable to discuss personal health topics such as
body weight in a public forum such as social media [1,4,7,8].
Consequently, the goals of the health promoter are not congruent
with the functions of the social media platform from the users’
point of view.

How Young People Use Social Media for Health
Furthermore, social media is not a single entity. There are many
different social media sites or platforms, each with different
features, target demographics, and use practices (affordances).
Previous reviews have found that almost all health promotion
interventions using social media described in the literature have
been delivered through Facebook, Twitter, or custom-built social
networking sites [1,3,9]. However, young adults are turning
away from these platforms toward image- and video-based
services such as Instagram, Snapchat, and Tik Tok [10-12].
Building a novel platform for a health intervention is costly and
negates the major advantages of social media, which is that
young people are already there in large numbers and are familiar
with platforms’ appearance and functionality [9].
https://www.jmir.org/2022/1/e23656
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Understanding how young adults interact with existing social
media platforms for health might provide insight for future
health promotion interventions; however, few studies have made
a distinction between the use of different platforms. For
example, a survey of 396 college students from the United States
found that information sharing was a major motivation for
Facebook use, whereas Instagram and Snapchat were used more
for self-expression and self-documentation [11]. Research with
adolescent girls revealed that Snapchat was used for humor,
Instagram was used for self-presentation, and YouTube was
used for wasting time [13]. A survey of college students from
the United States showed that Facebook and Snapchat were
connected with real-life friends, whereas Twitter and Instagram
were used to connect with strangers [14]. Ethnic Chinese
adolescents living in the United States reported viewing pictures
of food on Snapchat and Instagram, whereas Facebook was used
more for sharing information about health and disease [15]. In
1 study, 12 women college students journaled their use of social
media and described using Facebook for social support and
information gathering, whereas Pinterest and Instagram were
used for recipes, exercise regimens, and inspiration [16].
In addition, health information on social media platforms from
health experts competes with health information from nonexperts
and industry marketing [17]. Health promotion content on social
media is created by health organizations and health professionals
with the intention of improving the health and well-being of
recipients. Fast food, alcohol, and other commercial companies
are very successful in reaching young adults on social media
[18,19], as are individuals such as health and lifestyle
influencers, wellness gurus, and fitspiration models [17,20,21].
In the social media era, health and science experts are often less
highly regarded than celebrities and social media influencers
for health and lifestyle advice [22,23]. The proliferation of health
information on social media means it is difficult for laypeople
to differentiate an evidence-based message from misinformation
in an environment where everyone appears to have expertise
[24,25]. A recent review found that the credibility of social
media health information is affected by language used, perceived
expertise, and bandwagon cues, such as the number of likes a
post receives [26]. Most studies have examined Facebook and
Twitter, whereas trustworthiness on Instagram and YouTube
has been studied less frequently [26,27]. The research shows
that credibility is judged differently on the 2 platforms; for
example, personalized language was an effective way to increase
credibility on Facebook, but depersonalized tweets were more
credible on Twitter [27,28].
Although patterns emerge from these studies, there is a need
for further understanding of how young adults use different
platforms to seek out health information and whether they trust
this information. This can be used to improve our delivery of
health promotion on social media and help us understand how
social media can support public health campaigns. We
hypothesized that young adults would use different social media
platforms in different ways and sought to determine what these
differences were.
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Objective
The aim of this study is to describe how young adults interact
with different social media platforms for health and health
information.

Methods
Design
This study used qualitative data from phase 1a of the
Communicating Health project [29]. The aim of the project was
to understand the use of social media by young adults to engage
with health-related information; improve the effectiveness of
social media strategies to motivate, engage, and retain young
adults in interventions to reduce the risk of obesity; and identify
and disseminate effective ways to deliver these interventions
via social media.
Phase 1a of Communicating Health used a web-based
conversation methodology to collect data from young adults.
This methodology can generate rich insights from participants
using the principles of digital ethnography—a process of direct
and sustained digital engagements with participants in the
context of their daily lives [30]. Participants in web-based
communities converse over time and respond to questions from
group moderators. The conversations lasted 4 weeks and covered
a series of social media–, health-, and eating-related topics.
They were hosted and moderated by an independent marketing
research agency and took place in a specifically created digital
lounge room.

Participant Recruitment
A research society–certified field house was used to recruit
participants from 3 different International Organization for

Lim et al
Standardization accredited panels [31,32]. Young adults who
had previously consented to participate in the research with 1
of 3 market and social research panels were invited to participate
in this study. Participants were also able to invite their friends
who were then required to undergo the same screening and
profiling process. Participants who contributed to all of the
forums, challenges, and polls received a gift voucher for Aus
$100 (US $71), and the 20 participants who gave the most
exhaustive contributions received an additional remuneration
of Aus $100 (US $71).
Figure 1 summarizes participant flow. Research panels invited
participants by email to complete a screening survey (completed
by 775 participants). Young adults (aged 18-24 years) using
social media at least twice daily and living in Australia were
eligible to participate. Eligible participants were then invited
to register themselves on the digital lounge room used to host
web-based conversations and complete a profiling survey. The
profiling survey included self-reported weight and height,
demographic information, social media use, and interest in
health (completed by 234 participants). This was used to assign
individuals to 4 approximately equal web-based communities
based on age, 18-21 years and 22-24 years, and interest in health,
low or mid to high. The classification of interest of health was
based on the median split from the following question completed
in the profiling survey: “On a scale of 1-7 where 1 means
‘Strongly Disagree’ and 7 means ‘Strongly Agree’, please
indicate how strongly you agree with the following statement—'I
take an active interest in my health’.” These groups were not
analyzed separately but were used so that participants would
be placed with those of more similar viewpoints. Finally, 195
people participated in at least one activity in the web-based
conversations.

Figure 1. Participant flow through screening and research.
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Procedure
The web-based conversations (data collection) began on May
10, 2017, and the website remained active until June 6, 2017.
Participants accessed the web-based community by logging in
and creating a username. They were known to moderators and
other participants only by this self-selected username.
Participants then joined in an extended conversation about health
and social media, in which they could respond to the insights
of other participants and to prompts guided by the web-based
moderators. Moderators asked for follow-up and clarification
of participant responses and gave minimal prompts beyond the

Lim et al
opening questions. The moderators included both a female
moderator (Bachelor of Arts Psych Social and Master of Arts
Applied Social Research) and a male moderator (Master of
Management Marketing and Finance) with long-standing
experience in market research.
There were 20 different forum discussions, in addition to 3 polls,
2 challenges, and 1 journal entry. For this manuscript, data in
the form of text responses and uploaded images from the journal
entry and 2 of the forums were analyzed (Textbox 1). These
were chosen because of their specific discussion on the use of
social media to source health information.

Textbox 1. Discussion prompts for discussion forums included in analysis.
Discussion prompts
•

Forum 6—my sources of health information
•

•

Forum 7—seeking health information
•

•

“Now we’d like to know about the sources of information that we use in relation to finding out about health and healthy lifestyles, so post
here anything that you have accessed/or access currently and in the process, tell us what’s so interesting about them. If you can’t think of
any, that’s fine, just say so. If you come across some new ones in the course of this community, please post them here too.”

“Imagine you're looking to find out a bit more information about health (you choose which topic you want to research): where are you
going? Please step us through your search: which pages you went to, how you came across them, what you found interesting, what you
found frustrating...Did anything make you trust what you saw? How and why? What would make you distrust the source? (i.e. what sends
the bullshit alarm ringing?) Please share any screenshots of the websites/social media pages/profiles, links to them and any other visuals
you might have around your search!”

Journal (my use of social media and internet today)
•

“In this ‘journal’, we want you to record your daily use of social media and the internet at least 4 times across the three weeks of this
community.”

•

“Please list below the social media sites you have used, how often and for how long today (you can use yesterday if it’s still early in the day
today). Don’t forget to tell us over the course of four different days!”

•

“Did you notice any ad, product, company or brand...? Tell us more about what made you notice them...”

•

“Beyond the everyday topics, what was discussed amongst your friends? E.g. my friends post about the politics of the day or about ads that
are controversial or things like that...Did you engage in that conversation? How?”

Analysis
Analysis was conducted using NVivo 11 (QSR International).
Following data familiarization, analysis commenced with a
deductive phase to test the hypothesis that young adults would
seek and be exposed to health information differently on
different web-based platforms. To do this, forum and journal
data were sorted by the platform types that were mentioned to
create multiple sets of data, specifically Facebook, YouTube,
Instagram, Pinterest, Snapchat, Twitter, Tumblr, and other
platforms. Both forums and all journal entries were grouped
together based on the different platforms in this stage for
collective interpretation. Then, each data set was analyzed
separately using an inductive approach to identify themes
relating to how each platform was used for health information.
Text was coded manually, and codes were grouped into themes.
Data and subthemes were presented grouped under each
platform, and each platform was given a theme title to best
convey its distinct attributes. Quotes were presented verbatim,
with identifying information redacted, and may include spelling
errors.
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Investigator triangulation was used to enhance the rigor of the
analysis where coding of all forum responses and development
of initial themes was conducted independently by 2 authors
before coming together to discuss and come to a consensus on
final themes [33]. The authors who analyzed the data included
MSCL, a public health researcher (Bachelor of Biomedical
Science, PhD), and AM, a nutrition scientist (Bachelor of
Nutrition Science).
Descriptive quantitative findings from the profiling survey
relating to sociodemographic variables, social media use,
sourcing health information on the web, and trust in health
information on the web were also presented.

Ethics and Funding
This study received ethics approval from the Royal Melbourne
Institute of Technology Business College Human Ethics
Advisory Network (project number 20489) and Monash
University Human Research Ethics Committee (project number:
7807). The Communicating Health project was funded through
an Australian National Health and Medical Research Council
Targeted Call for Research into Engaging and Retaining Young
J Med Internet Res 2022 | vol. 24 | iss. 1 | e23656 | p.1016
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
Adults in Interventions to Improve Eating Behaviours and
Health Outcomes (GNT1115496).

Results
Participant Characteristics and Social Media Use
A total of 165 participants engaged in at least one of the forums
were included in this analysis. Owing to the forums and journal
entry being released in different weeks, there were different
completion rates for each (forum 6: 159/165, 96.4%; forum 7:
152/165, 92.1%; and journal entry: 150/165, 90.9%). Participant
characteristics for those who completed at least one of these
activities is shown in Table 1.

Lim et al
In total, 89.1% (147/165) of the participants said they used
social media 3 or more times a day; 10.9%, (18/165) twice a
day. Facebook, YouTube, Snapchat, and Instagram were all
used by most participants and Twitter, Pinterest, and Tumblr,
by some (Figure 2). Overall, 67.8% (112/165) used social media
to talk about or learn about health. Among users, approximately
half used Facebook, YouTube, Instagram, and Pinterest for
health reasons, but some of the users used Snapchat, Twitter,
or Tumblr for health purposes.
In polls, participants generally agreed that they could easily
find information on the web to help them be healthy, with a
median score of 6 out of 7 (IQR 5-6). They also reported a fairly
high level of trust in the information they found on the internet,
with a median score of 5 out of 7 (IQR 4-6).

Table 1. Participant demographics (N=165).
Characteristics

Values, n (%)

Gender
Female

99 (60)

Male

65 (39.4)

Nonbinary or gender queer

1 (0.6)

Age (years)
18-21

91 (55.2)

22-24

74 (44.8)

Language spoken at home
English

121 (73.3)

Other

44 (26.7)

Currently studying
Yes

110 (66.7)

No

55 (33.3)

BMI (kg/m2)a
Underweight (<18.5)

17 (10.3)

Healthy weight (18.5-25)

88 (53.3)

Overweight (25-30)

36 (21.8)

Obese (>30)

24 (14.5)

Live with parents
Yes

81 (49.1)

No

84 (50.9)

Location of residence

a

Metropolitan

135 (81.8)

Rural

30 (18.2)

BMI by self-reported weight and height, with World Health Organization cut-offs applied.
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Figure 2. Proportion using different social media channels, including those who used to talk about health (N=165).

Use of Social Media Channels
Social Media Channels
Different channels were used differently for health purposes.
Even when participants described following the same companies
or individuals across multiple platforms so they could see all
their available content, they tended to use each platform
differently:
Since last year I’ve been following [influencer – name
redacted]. I discovered her via Pinterest and then
subscribed to her email list in which I get sent monthly
workout calendars for each day of the month that are
linked to her online youtube channel that shows you
the workout. I also access her website for healthy
recipes and nutritional infographics relating to clean
eating, antioxidants and superfoods, etc. [Female
participant, aged 18-21 years, low health interest]

Facebook (Social and Scrolling)
Many young adults described Facebook as a boredom killer.
This meant they spent a lot of time scrolling through their
newsfeeds, which often resulted in seeing health-related content.
These were often in the form of news articles that appeared on
their newsfeed or advertisements and sponsored posts,
particularly from health-related retail companies. Many
participants described tuning out or not paying attention to
advertisements on their newsfeeds; some people believed they
naturally do not notice advertisements as they are used to
ignoring them. Clickbait was discussed in both positive
(attention-grabbing, making them want to read the information)
and negative ways (reduces the credibility of the information
source and decreases the likelihood that they will click on the
source, as it would likely only have sensationalized information):
Facebook: I only use it when I’m bored/to message
friends, so about two hours of usage a day. [Male
participant, aged 22-24 years, high health interest]
I tend not to seek out information about having a
healthy lifestyle, but I do occasionally click on articles
on my facebook feed about health. [Female
participant, aged 18-21 years, high health interest]
I noticed a facebook ad for skill share, my local gyms,
the digital garage training by google and Specsavers.
I noticed them as I scrolled through my facebook feed
because you sometimes forget that there are ads
https://www.jmir.org/2022/1/e23656
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within facebook and assume that every post is from
something that you have “liked.” [Female participant,
aged 18-21 years, high health interest]
On the other hand, many actively sought out information about
specific health areas they were interested in, usually through
joining groups or following relevant pages. A few also
mentioned finding relevant local classes and events through
Facebook. Young adults were able to find groups that aligned
with their specific interests and outlook, including those that
have shared similar life experiences to them, such as having the
same medical condition. These groups were viewed highly and
often were used as the first point of call for information related
to many health issues. The participants did not often discuss
how they found these pages or why they specifically chose to
follow those pages or groups that they did:
[Magazine - name redacted] have a Facebook page
where they post articles about what are the right
exercises to do for a specific muscle, reading it helps
me understand my body much more easily. [Male
participant, aged 18-21 years, high health interest]
Oh god, SO many facebook groups! I’ve started
following a lot of recipe pages and I’m in a great
group called [Facebook group - name redacted] that's
very anti “health-veganism”. That’s not to say that
people don’t share awesome healthy recipes that
they’ve created, but more that it’s not about
health-shaming or policing what people eat, more
about helping them to lead happy lives eating in a
way they feel is ethically sound. it's great because so
many vegan pages are really elitist, and this one
makes a point that veganism can be fun and delicious
and interesting without being judgemental or
condescending. [Nonbinary gender participant, aged
22-24 years, high health interest]
For discussion/forums, if it a personal issue I will
then search for a FB group to join. You definitely
learn a lot more from others personal experiences
with a medical issue. [Female participant, aged 22-24
years, high health interest]
The participants also described health-related interactions with
their friends through Facebook. For example, they described
being influenced by friends sharing information about their
health behaviors and lifestyle. They also witnessed or engaged
in discussions among friends about health topics, such as the
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gym and healthy eating, either publicly on Facebook or in
Facebook private messenger groups. People noted that friends
shared positive stories about successful weight loss:

and check in that they were doing things properly. Work out
videos were particularly popular and were cited as a quick and
free alternative to gyms:

Got persuaded to get healthier through facebook
where friends posted their workout routines and
summer bodies haha, it got me thinking how i would
feel if i workout and get better too. [Male participant,
aged 22-24 years, low health interest]
Friends also communicated with each other by sharing or
tagging advertising content. Some participants would base their
willingness to buy health products that companies were selling
on their friends’ experiences or experiences and reviews from
other people. They would often trust these products if they
received positive feedback:

I get most of my health content from youtube, usually
because an actual demonstration of how to do an
exercise or how to cook something is really helpful,
and it makes me more motivated to follow through.
[Female participant, aged 22-24 years, high health
interest]
I really just get most of my information about health
and fitness from youtube. I am one of those people
who can’t really learn that well by just reading off a
web page. I would much rather watch a video about
someone doing something, I learn a lot more that
way. [Male participant, aged 22-24 years, high health
interest]
A small number of participants sought advice on specific
health-related issues from health professionals on YouTube:

My friendship circle basically communicates via
sharing, tagging and liking each other in these
posts...for example my bestie is obsessed with the
latest [supermarket - name redacted] ad with the
pasta sauces and will message me when she sees it
usually just saying “PASTA AD” it’s hilarious.
[Female participant, aged 18-21 years, low interest
in health]
I noticed some of my friend’s discussing brands of
protein powders and whether or not they are really
effective or just a money-grabber which I thought was
interesting. [Female participant, aged 18-21 years,
low health interest]
Buzzfeed, particularly the Tasty channel, was mentioned by
many young adults who were predominantly exposed to this
channel through Facebook. It was praised for showing delicious
food and easy to follow recipe videos and tutorials. The content
was described as high quality and informative:
Food videos, sites like Tasty and Buzzfeed Food are
amazing! The food always looks so good, and they
provide really simple recipes for people to try! I have
so many in my saves for later! I always share those
two things around, I feel like they bring a happiness
or a joy to my feed that other people can enjoy and
get a kick out of as well! [Female participant, aged
18-21 years, high health interest]
Some participants stated that information on Facebook was
unreliable or misleading because the information could be from
anyone and does not necessarily reflect the opinions of health
professionals. Information clearly provided by a health
professional was considered trustworthy. Other participants
described the information on Facebook as unreliable but with
no specific reason as to why.

YouTube (Instruction Kit for Life)
YouTube was considered a useful source for learning about
everything and was often the go-to when searching for
information or advice (after Google). YouTube was something
they used regularly either directly as a search engine or more
passively through videos recommended by YouTube based on
their previous search history. Many liked the video format that
was easier to follow than reading the text. Demonstrations and
tutorials in visual format also made it easier to learn new skills
https://www.jmir.org/2022/1/e23656
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For any physiotherapy related information, I watch
the video on the [channel - name redacted]. They
have over 1000 videos explaining exercises to combat
any muscle related injury. On a side note, I was
suffering from a knee clicking issue last month and
following this exercise [link] helped me overcome
that issue. [Female participant, aged 18-21 years, high
health interest]
Young adults also found inspiration from people they had seen
sharing their stories on YouTube. The participants liked to learn
what had worked for others and what could work for them:
I follow a few youtubers who post vlogs and they
sometimes include “what I ate in a day” or “my
fitness routine” which does inspire and motivate me
to maintain my healthy lifestyle. [Female participant,
aged 18-21 years, high health interest]
Or I’ll look up blogs on YouTube to see what has
worked for individual people and what they think
about specific lifestyles, food recipes, weight loss
methods, alternative health methods etc. [Female
participant, aged 18-21 years, high health interest]
These YouTubers were seen as open and honest, they shared
large volumes of information about their diet and exercise, and
provided tips and advice based on their personal experience.
YouTube was seen as more personal than some of the other
formats often described because they were real people that you
could see through their videos. Trustworthiness was often based
on how a YouTuber looked, their personality, likeability, first
impressions, and what they perceived of the person. Videos
with high production value that looked professional and included
a real person talking about the topic were considered more
trustworthy compared with a robotic computer-generated voice
and stock images:
I tend to scroll past all the “fitspo” looking bloggers
- i don’t have a lot of trust in them because often they
are also incorporating surgical enhancements to
achieve their physiques, and also are often pushing
particular products, or just lack real knowledge. I
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came across [influencer - name redacted] videos,
including this one: [link] I trusted her more because
she didn’t look “plastic” -she came across as
someone from the industry who is knowledgeable
about fitness, rather than someone who got into it
because it is cool. [Female participant, aged 22-24
years, high health interest]
The “bullshit alarm” rings when the voiceover is
done by a robotic voice and stock Google Images are
used. I would be sure to double check the facts. [Male
participant, aged 18-21 years, low health interest]
To gather reliable information, some described watching
multiple videos to cross-check their facts. Some people
described that they could not always find the information they
needed on YouTube and might try a subsequent source such as
Google. Participants would sometimes look at YouTubers with
lots of subscribers or videos with lots of views as trustworthy.
Fake sounding or overdramatic information and the inclusion
of a large amount of apparent product sponsorships were also
seen as untrustworthy. Many participants felt that they could
just instinctively determine whether the information was correct:
Things that make me trust what I see is stories of other
people that have used that information and it working
for them and statistics are a good way to get my
attention. I like the website WebMD and youtube as
a way to visually see the effects it has on people e.g.
diets. What I find frustrating is when you’re searching
for answers to your problems but all the company is
doing is promoting themselves. [Female participant,
aged 18-21 years, low health interest]
I would begin by looking through you tube and trying
to find a few sources that look credible. I would look
at the length of the video, the amount of views it has
and the amount of likes to dislikes ratio in order to
gauge the reliability of the source...I would then cross
check the information between different videos in
order to gauge how true the information is. If the
information is outlandish or just does not seem correct
then I would continue further research. [Male
participant, aged 22-24 years, high health interest]
Many participants described tuning out or not paying attention
to advertisements at the beginning of YouTube videos; some
people believed they naturally do not notice advertisements as
they are used to ignoring them. Using applications that block
advertisements, such as adblocker, was also very common.

Instagram (Inspirational Appearances)
Instagram was primarily described as a source of inspiration
for health and wellness. Particularly inspiring were those whose
lives were dedicated to healthy lifestyles, nutrition, and fitness,
including celebrities, influencers, models, and personal trainers:
I follow some models and yogis who generally inspire
me to practice more and eat more acai bowls. [Female
participant, aged 18-21 years, low health interest]
The focus was solely on appearance. For food, clean eating and
food porn were frequently mentioned, and concepts such as
clean eating were equated with health. Most of those discussing
https://www.jmir.org/2022/1/e23656
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using Instagram for health information were women, who
followed other women and aspired to be like them or sought to
emulate aspects of their idealized lifestyles. There was a clear
emphasis placed on the ideal attractive female body, where a
good body was equated to health:
If I go on Instagram, I often see fit and pretty models
that make me want to start being healthy. [Female
participant, aged 18-21 years, high health interest]
I continue to visit this model’s Instagram page
because I trust the information she provides, since it
is her job to look her best all the time and many of
her posts are not sponsored but rather candid snippets
of her lifestyle. [Female participant, aged 18-21 years,
high health interest]
Advertising was also prevalent on this platform, including both
overt advertising and the promotion of products by Instagram
influencers or celebrities. Advertising content was often hidden
among Instagram posts on their feeds and was not always
distinct from other content:
Also checked instagram a few times i have noticed a
lot of celebrities or “instagram famous” people
advertising all different products including weightloss
shakes and teas although it isn't exactly an ad it is its
clear that they have been paid to post about it.
[Female participant, aged 22-24 years, low health
interest]
On instagram I scroll top to bottom, and get confused
when a post shows up from someone I don’t follow:
until I realise its an ad. More likely to actually watch
videos or something that tricks me into thinking it
belongs on my timeline if that makes sense: if its
clearly out of place, I’m more likely to ignore
completely. [Female participant, aged 18-21 years,
low health interest]
Instagram was often mentioned among other web-based and
social media sources, mostly not as an individual’s only source
or main source of health-related information.

Pinterest (Curating Healthy Ideas)
A smaller group used Pinterest for a range of health reasons,
but they were quite enthusiastic about it. Pinterest was used for
inspiration for new ideas and tips, especially recipes and
workouts. People also shared their own content to get involved
in conversations. Visual presentations, including photos and
infographics, were considered appealing and engaging. Pinterest
was mainly used as a search engine and was useful because of
its ability to create boards to save information and ideas for use
later:
I do also look at health content on Pinterest - being
so visual it is really engaging, and when it comes to
recipes, a gorgeous photo makes me so much more
likely to actually cook the meal! Pinterest also has a
large number of people who are interested in meal
prep, so it’s easy to find inspiration. [Female
participant, aged 22-24 years, high health interest]
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I love looking at Pinterest and usually save on my
page detox diets health routines and fitness workouts
on my page. I find it quite interesting and fun because
they seem so simple on pinterest with their diagrams
and quick and easy recipes. I think their so
convienent. [Female participant, aged 22-24 years,
high health interest]

Twitter, Tumblr, and Snapchat (Not About Health)
These platforms were used by young adults but rarely for
sourcing or discussing health information. A few participants
mentioned following health-related personalities or companies
such as Taste or The Food Network on Snapchat. Otherwise,
Snapchat was used to chat with friends; Twitter was used to
follow news, celebrities, and sports; and Tumblr, for memes.

Discussion
Principal Findings
Young people in this study reported that they easily found health
information on the web and frequently used Facebook,
YouTube, and Instagram for sourcing health information. These
platforms were used differently: Facebook was used to scroll
through and kill time, YouTube was used to deliberately search
for advice and instructions, and Instagram was used as a source
of inspiration. Health information was usually found by accident
on Facebook, through advertisements or friends or by joining
groups or following pages related to specific health topics of
personal interest. On YouTube, health content was searched for
deliberately, with multiple videos being checked to compare
information given; in many cases, the quality of the information
was judged based on the perceived trustworthiness of the
YouTuber personality presenting it. Instagram-based health
information was driven almost completely by fitness and
wellness personalities. Previous health promotion using social
media has relied on information dissemination and social support
[1]; however, the young people in our study were more
interested in using social media for inspiration and operational
instruction.

Trustworthiness of Health Information on Social Media
The rise of social media as an information source has resulted
in a largely unregulated body of information related to health
and nutrition, making it difficult to determine what information
is evidence-based [24]. Participants indicated looking to social
media influencers for health and lifestyle inspiration despite
these individuals often promoting information that lacks an
evidence base [23,25]. The often unrealistic lifestyles promoted
by these influencers and social media fitspiration content has
potentially damaging effects on mental health and well-being,
body image, and food choices [34,35]. There is a need for the
public to develop media literacy skills to decipher credible
sources and messages, particularly in response to the changing
and evolutionary nature of a science such as nutrition and to
potentially build resilience from the damaging aspects of social
media [36,37].
Participants reported a fairly high level of trust in health
information on the web; however, they largely relied on their
instinct to determine whether information was trustworthy. Trust
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was predominantly based on the trustworthiness of the person
and the quality of the presentation rather than on the basis of
the platform or the content of the information. An individual’s
trustworthiness was based on their appearance and perceived
realness. Realness was based on sharing personal stories and
personal experience; for example, if someone shared that
something had worked for them personally, it was considered
evidence of effectiveness. This builds on existing media research
demonstrating that the trustworthiness of the person
communicating information is the most important factor in
determining the trustworthiness of a message [38] and that this
is not correlated with the expertise of the source [39]. The
perceived credibility of different sources on social media is
influenced by factors such as the type of language used,
specifically the use of positively framed messages and nonbiased
or opinionated messages [27]. Also affecting credibility were
bandwagon heuristics such as the number of followers or likes
someone on social media has and expertise heuristics such as
relation to a well-known credible organization [27]. The factors
that young people use to judge credibility and source authority
are not consistent with recommendations; these generally
suggest using or citing professionals and not testimonial style
personal stories (eg, Better Health Channel [40]). Health
promoters should attempt to create higher levels of personal
trust in our messages, for example, by having real researchers,
practitioners, or young adult ambassadors present information
directly to young people and building a relationship with their
audience. An experimental study also showed that nutrition
professionals can enhance their trustworthiness and authenticity
by using heroic messaging featuring positive emotions [27].
Furthermore, health experts can work with existing influencers
to share evidence-based health information with their followers.
There is some evidence that this can increase the reach and
engagement of health campaigns [41].

Platforms for Health Information
This research also shows that health promotion campaigns need
to be adapted to suit different platforms. Each platform has a
different style of content and method of finding content. Health
promotion efforts may benefit from using platforms in the way
that young people already use them; for example, using role
models on Instagram and YouTube, eye-catching headlines or
support groups on Facebook, and detailed but easy to follow
instructions via YouTube. We should provide messages that
resonate with and use the language of our target audience.
Messages should be simple and easy to understand, including
a call-to-action that is achievable and communicates a tangible
benefit, such as easy recipes or workouts [42]. We recommend
that time should be invested in analyzing competitor posts to
gain insights into strategies that are engaging with the target
audience [17,21]. Science translation needs to be memorable,
easy to visualize, and should specify when and how to act on
the scientific recommendation to increase understanding and
uptake of behaviors that the messages promote, by the intended
target audience [43]. Overall, using the concept of real, relatable
people sharing anecdotes backed by evidence is likely to be a
valuable strategy for social media health communication.
Another key finding is that YouTube is likely underutilized by
health promoters. After Facebook, YouTube was the second
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most used platform overall and for health information by young
people, but it has been relatively little studied in terms of health
promotion research. Although past research mentioned YouTube
as being used as a time waster [13], we found that it was also
used very deliberately to seek health information and most
importantly, practical instructions and guidance.
It is difficult to attract young people to a profile without a
pre-existing set of followers or access to a follower group. Paid
advertising is a route often used by health promotion and
research to reach young people. Although many participants
said that they were wary of any sponsored content, their
comments revealed that they often did notice and engage with
them and that advertisements were cleverly placed to be
confused with natural content. Many stated that they were
immune to advertising, that they just did not see it, but research
shows that this sort of covert advertising on social media can
be very effective [44,45]. The use of advertisement blocking
software by young adults was common and may affect the reach
of health promotion or social marketing campaigns that target
people on social media, as these campaigns will show up as
sponsored posts or advertisements unless the individuals being
targeted follow the organization’s page.

Lim et al

Limitations
The key limitation of this study is that respondents generally
did not provide in-depth responses to prompts as would be
possible in a traditional qualitative interview. There was some
back-and-forth discussion and requests to expand on comments
from moderators and other participants, but extensive probing
and follow-up on comments was not possible. We would
recommend that future studies using this methodology include
moderators who are age-group peers of participants to increase
their engagement.

Conclusions
This study provides insight into the different ways young adults
use social media platforms to source health information. Health
experts and health promotion practitioners could improve their
engagement with young adults by using relatable and inspiring
personalities, particularly on YouTube and Instagram. As new
social media platforms evolve and their popularity waxes and
wanes, health professionals should be cognizant of the platform
used by their target audience and the types of messages that
promote high engagement.
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Abstract
Background: Detection and quantification of intra-abdominal free fluid (ie, ascites) on computed tomography (CT) images are
essential processes for finding emergent or urgent conditions in patients. In an emergency department, automatic detection and
quantification of ascites will be beneficial.
Objective: We aimed to develop an artificial intelligence (AI) algorithm for the automatic detection and quantification of ascites
simultaneously using a single deep learning model (DLM).
Methods: We developed 2D DLMs based on deep residual U-Net, U-Net, bidirectional U-Net, and recurrent residual U-Net
(R2U-Net) algorithms to segment areas of ascites on abdominopelvic CT images. Based on segmentation results, the DLMs
detected ascites by classifying CT images into ascites images and nonascites images. The AI algorithms were trained using 6337
CT images from 160 subjects (80 with ascites and 80 without ascites) and tested using 1635 CT images from 40 subjects (20 with
ascites and 20 without ascites). The performance of the AI algorithms was evaluated for diagnostic accuracy of ascites detection
and for segmentation accuracy of ascites areas. Of these DLMs, we proposed an AI algorithm with the best performance.
Results: The segmentation accuracy was the highest for the deep residual U-Net model with a mean intersection over union
(mIoU) value of 0.87, followed by U-Net, bidirectional U-Net, and R2U-Net models (mIoU values of 0.80, 0.77, and 0.67,
respectively). The detection accuracy was the highest for the deep residual U-Net model (0.96), followed by U-Net, bidirectional
U-Net, and R2U-Net models (0.90, 0.88, and 0.82, respectively). The deep residual U-Net model also achieved high sensitivity
(0.96) and high specificity (0.96).
Conclusions: We propose a deep residual U-Net–based AI algorithm for automatic detection and quantification of ascites on
abdominopelvic CT scans, which provides excellent performance.
(J Med Internet Res 2022;24(1):e34415) doi:10.2196/34415
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Introduction
Currently, computed tomography (CT) of the abdomen and
pelvis continues to be the primary modality for patients who
visit an emergency department for abdominal pain or trauma,
especially in time-critical situations [1]. In emergency situations,
immediate assessment of CT is required, but limited radiologic
resources may hamper or delay the recognition of patients who
need urgent intervention or surgery [2]. To overcome these
challenges, the development of artificial intelligence (AI)
techniques using a deep learning model (DLM) to detect critical
findings on CT images might be a possible solution [3].
On abdominopelvic CT images, several findings indicate
emergent or urgent conditions, including ascites (ie,
intra-abdominal free fluid), free gas, abscess, and fat stranding
[1]. Of these, presence of ascites is a common finding in various
acute abdominal diseases and intra-abdominal organ injury [4].
In addition, quantification of ascites is also important, as the
amount of free fluid may correlate with the severity of injury
[5].
There has been only one study that developed a DLM to detect
ascites, but that DLM did not quantify the amount of fluid. That
study used a convolutional neural network (CNN) classification
algorithm to discriminate CT images with fluid from CT images
without fluid, which achieved 85% sensitivity and 95%
specificity [3]. In contrast to that study, we attempted to develop
an AI segmentation algorithm that can perform both detection
of ascites as well as the quantification of the volume of ascites
at the same time. A segmentation value of zero means no ascites,
and segmentation values of the area of ascites can be used to
quantify the exact volume of ascites. In addition, we tried to
increase the detection accuracy of the AI algorithm.
Recently, several state-of-the-art DLM algorithms for
segmentation of CT images have been proposed, including
U-Net [6], bidirectional U-Net [7], recurrent residual U-Net
(R2U-Net) [8], and a deep residual U-Net CNN [9]. U-Net is
one of the deep learning networks with an encoder-decoder
architecture, which employs skip connections to combine
low-level feature maps from an encoder and high-level semantic
feature maps from a decoder. Since U-Net allows for the use of
location and context at the same time, and works well with very
few training samples, it has been widely used in medical image
segmentation [10-13]. In addition, variant models based on
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U-Net, such as bidirectional U-Net, R2U-Net, and a deep
residual U-Net, have been applied to medical image
segmentation.
Of these, we hypothesized that a deep residual U-Net might be
the best algorithm for segmentation because it combines the
strengths of residual learning and U-Net. The residual network
has several advantages [14-16]. First, it accelerates the speed
of training of the deep networks. Second, it requires fewer
parameters by increasing the depth of the network instead of
widening the network. Third, it reduces the effect of the
vanishing gradient problem. Last, it provides high accuracy in
network performance, especially in image classification and
segmentation. However, no study has been reported that used
a deep residual U-Net algorithm for the segmentation of ascites
on CT images. Thus, we aimed to develop an optimized deep
residual U-Net algorithm to detect and quantify ascites on CT
images, along with a performance comparison with other
state-of-the-art networks.

Methods
Patients
This study was approved by the institutional review board of
Ajou University Hospital. Informed consent was waived. From
January 1 to March 1, 2020, a total of 1055 patients visited the
emergency department and had abdominopelvic CT scans
performed. Of these, 205 patients had ascites detected on their
CT images. After excluding 5 patients who underwent
noncontrast CT only, we included 200 patients as the ascites
group. Of the remaining 850 patients without ascites, we chose
200 age- and sex-matched controls using the MatchIt package
(version 4.0.0) in R software (version 4.0.2; The R Foundation).
From the patients in the ascites group and the control group,
we randomly selected 100 patients with ascites and 100 patients
without ascites for training and testing AI models.
The clinical characteristics of the patients in the control group
and ascites group are summarized in Table 1. In the control
group, out of 200 patients, unknown cause of abdominal pain
(n=140, 70.0%) was the most common disease category with
normal abdominopelvic CT. In contrast, in the ascites group,
out of 200 patients, cancer (n=42, 21.0%), liver cirrhosis (n=52,
26.0%), blunt trauma (n=37, 18.5%), and infection (n=28,
14.0%) were the main causes for emergency department visits.
The majority of ascites were identified in the pelvic cavity.
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Table 1. Demographic and clinical data of participants in the control group and ascites group.
Variables

Control group (n=200)

Ascites group (n=200)

Female

92 (46.0)

101 (50.5)

Male

108 (54.0)

99 (49.5)

59.7 (13.8)

60.2 (15.3)

Large

0 (0)

92 (46.0)

Moderate

0 (0)

47 (23.5)

Small

0 (0)

61 (30.5)

Cancer

14 (7.0)

42 (21.0)

Congestive heart failure

0 (0)

3 (1.5)

Liver cirrhosis

1 (0.5)

51 (25.5)

Acute liver failure

0 (0)

3 (1.5)

Infection

7 (3.5)

28 (14.0)

Blunt trauma

5 (2.5)

37 (18.5)

Postoperative status

32 (16.0)

5 (2.5)

Intestinal obstruction

1 (0.5)

10 (5.0)

Renal failure

0 (0)

10 (5.0)

Unknown cause of abdominal pain

140 (70.0)

11 (5.5)

Demographics
Sex, n (%)

Age in years, mean (SD)
Amount of ascites, n (%)

Disease category, n (%)

CT Image Acquisition and Analysis
All patients underwent abdominopelvic CT scans using
multichannel multidetector scanners (Somatom Definition Edge
or Somatom Definition AS, Siemens Healthineers).
Contrast-enhanced CT scans were obtained with intravenous
injections of 100 to 150 mL of a nonionic contrast medium
(Iopamiro 300, Bracco Imaging; Omnipaque 300, GE
Healthcare) at a rate of 2.5 to 3 mL/s. The scan parameters were
as follows: beam collimation, 0.75 mm; slice thickness, 5 mm;
effective tube current–time charge, 200 to 260 mAs; and voltage,
100 to 120 kVp. In this study, we used only
contrast-enhancement CT images. If there were multiphasic CT
images, we chose portal venous phase CT images for AI training
and validation.
An expert abdominal radiologist (JH, with 13 years’ experience)
selected CT slices that demonstrated ascites from the ascites
group (2461 images from 100 patients). Then, the radiologist
selected corresponding CT slices from the control group (5511
images from 100 patients). The radiologist created segmentation

maps of ascites in the selected CT slices using ImageJ software
(version 1.53j; National Institutes of Health), which served as
ground-truth labels.

Training and Validation Data Set and Augmentation
Table 2 summarizes the training and testing data sets, which
were randomly split with a ratio of 8:2 into a training set and a
testing set, respectively, in a stratified fashion. The testing set
was used only for an independent test of developed models and
was never used for training and internal validation.
The training data set was then further separated for training the
model (80% of the training set) and for internal validation (20%
of the training set). To balance the two groups’ images as well
as reduce overfitting on training data, we employed image
augmentation. We randomly drew the training images and
applied them to the random combination of angle rotation
between –10 and 10 degrees and vertical and horizontal flip.
Finally, a total of 48,874 CT images were augmented: 24,437
images from patients with ascites and 24,437 images from
healthy subjects.

Table 2. Summary of training and testing data sets.
Group

Training data, n (%)

Testing data, n (%)

Total, n (%)

Subjects (n=160)

Images (n=6337)

Subjects (n=40) Images (n=1635)

Subjects (n=200)

Images (n=7972)

Ascites

80 (50.0)

1969 (31.1)

20 (50.0)

492 (30.1)

100 (50.0)

2461 (30.9)

Control

80 (50.0)

4368 (68.9)

20 (50.0)

1143 (69.9)

100 (50.0)

5511 (69.1)

https://www.jmir.org/2022/1/e34415

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e34415 | p.1027
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Preprocessing
For all of the images in the training and testing data sets, we
first set the abdomen window according to the Digital Imaging
and Communications in Medicine (DICOM) standard, which
is a 400 Hounsfield Unit (HU) window width and a 60 HU
window level. Subsequently, we down-sampled the DICOM
images as well as masked images from an image size of 512 ×
512 pixels to 256 × 256 pixels, and we normalized the pixel
values to a range between 0 and 1.

Deep Residual U-Net
We proposed the model for ascites region segmentation based
on a single abdomen CT image using a deep residual U-Net
algorithm. Figure 1 shows the architecture of our proposed
model, which is comprised of three parts: an encoder, a bridge,
and a decoder. In the encoder part, the normalized 256 ×
256–pixel image as input is encoded into a denser representation.
The decoding part, on the other hand, recovers the ascites region
by pixel-wise categorization. The bridge part connects the
encoding and decoding parts.
In this study, we used the residual learning approach to facilitate
the training of deep neural networks and take advantage of the
ascites segmentation performance gain in abdomen CT images.
Each residual block consists of two paths. One path is the
forward pass through batch normalization, activation, and
convolutional layers, which are repeated twice. The other path
is the skip connection. The outputs from the two paths are added
as a single output. In the encoder part (ie, residual blocks 1-4),
the output from the residual block is fed into both a subsequent
residual block and one of the residual blocks in the decoder part
(ie, residual blocks 6-9). Thus, in the decoder part, the residual
block has two inputs: one from the encoder and the other from
the previous residual block output. In the bridge part, another
residual block (ie, residual block 5) connects the encoding part
to the decoding part. In this study, we found that four residual
blocks in each of the encoder and decoder parts provided the
best performance in ascites segmentation. We describe our
numerical results and comparisons in the Results section. For
all residual blocks, we used the rectified linear unit activation
function.
Table 3 summarizes the hyperparameters of the convolutional
layers and the output size in each residual block. The normalized
256 × 256 × 3–pixel image as input was fed into residual block
1, where we used the two convolutional layers with 32 3 ×
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3–pixel kernels and a stride of 1 with zero padding. The
activation map with a size of 256 × 256 × 32 pixels from residual
block 1 was fed into both residual block 2 and residual block
9. In residual block 2, we used two convolutional layers with
64 3 × 3–pixel kernels and strides of 2 and 1 with zero padding.
The activation map with a size of 128 × 128 × 64 pixels from
residual block 2 was fed into both residual block 3 and residual
block 8. In residual block 3, we used two convolutional layers
with 128 3 × 3–pixel kernels and strides of 2 and 1 with zero
padding. The activation map with a size of 64 × 64 × 128 pixels
from residual block 3 was fed into both residual block 4 and
residual block 7. In residual block 4, we used two convolutional
layers with 256 3 × 3–pixel kernels and strides of 2 and 1 with
zero padding. The activation map with a size of 32 × 32 × 256
pixels from residual block 4 was fed into residual block 5, where
we used two convolutional layers with 512 3 × 3–pixel kernels
and strides of 2 and 1 with zero padding.
The activation map with a size of 16 × 16 × 512 pixels from
residual block 5 was fed into residual block 6, where the input
was first up-sampled to 32 × 32 × 512 pixels. In residual block
6, we used two convolutional layers with 256 3 × 3–pixel kernels
and a stride of 1 with zero padding. The activation map with a
size of 32 × 32 × 256 pixels from residual block 6 was fed into
residual block 7, and it was concatenated with the output from
residual block 3. When the two inputs were concatenated, the
output from residual block 6 was up-sampled to match the size.
In residual block 7, we used two convolutional layers with 128
3 × 3–pixel kernels and a stride of 1 with zero padding. The
activation map with a size of 64 × 64 × 128 pixels from residual
block 7 was fed into residual block 8, and it was up-sampled
and concatenated with the output from residual block 2. In
residual block 8, we used two convolutional layers with 64 3 ×
3–pixel kernels and a stride of 1 with zero padding. The
activation map with a size of 128 × 128 × 64 pixels from residual
block 8 was fed into residual block 9, and it was up-sampled
and concatenated with the output from residual block 1. In
residual block 9, we used two convolutional layers with 32 3 ×
3–pixel kernels and a stride of 1 with zero padding.
The activation map with a size of 256 × 256 × 32 pixels was
then fed into the convolutional layer with a single 1 × 1–pixel
kernel and a stride of 1. The resultant activation map with a size
of 256 × 256 × 1 pixels was finally fed into a sigmoid layer,
which provided the pixel-wise probability of the presence or
absence of ascites.
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Figure 1. The architecture of our proposed model for ascites region segmentation based on a single abdomen computed tomography (CT) image. ReLU:
rectified linear unit.
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Table 3. Hyperparameters of convolutional layers according to each layer and unit level.
Model part, unit level, and layer

Kernel

Strides, n

Output size, pixels

Filter size, pixels

Filters, n

N/A

N/A

N/A

256 × 256 × 3

Convolutional layer 1

3×3

32

1

256 × 256 × 32

Convolutional layer 2

3×3

32

1

256 × 256 × 32

Convolutional layer 3

3×3

64

2

128 × 128 × 64

Convolutional layer 4

3×3

64

1

128 × 128 × 64

Convolutional layer 5

3×3

128

2

64 × 64 × 128

Convolutional layer 6

3×3

128

1

64 × 64 × 128

Convolutional layer 7

3×3

256

2

32 × 32 × 256

Convolutional layer 8

3×3

256

1

32 × 32 × 256

Convolutional layer 9

3×3

512

2

16 × 16 × 512

Convolutional layer 10

3×3

512

1

16 × 16 × 512

Convolutional layer 11

3×3

256

1

32 × 32 × 256

Convolutional layer 12

3×3

256

1

32 × 32 × 256

Convolutional layer 13

3×3

128

1

64 × 64 × 128

Convolutional layer 14

3×3

128

1

64 × 64 × 128

Convolutional layer 15

3×3

64

1

128 × 128 × 64

Convolutional layer 16

3×3

64

1

128 × 128 × 64

Convolutional layer 17

3×3

32

1

256 × 256 × 32

Convolutional layer 18

3×3

32

1

256 × 256 × 32

Convolutional layer 19

1×1

1

1

256 × 256 × 1

Sigmoid layer

N/A

N/A

N/A

256 × 256 × 1

Input
N/Aa
Encoder
Residual block 1

Residual block 2

Residual block 3

Residual block 4

Bridge
Residual block 5

Decoder
Residual block 6

Residual block 7

Residual block 8

Residual block 9

Output
N/A

N/A

a

N/A: not applicable; this model part did not include this parameter.
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Implementation
We implemented our proposed model using the TensorFlow
package (version 1.14.0), which provides a Python (version
3.6.8; Python Software Foundation) application programming
interface for tensor manipulation. We also used Keras (version
2.2.4) as the official front end of TensorFlow. We trained the
models with the Adam optimizer with a learning rate of 0.0001,
a batch size of 16, and the loss functions of binary cross-entropy
and dice loss [17] on the GeForce GTX 1080 Ti GPU (NVIDIA
Corporation).
For the performance evaluation, 5-fold cross-validation was
performed to confirm its generalization ability. The augmented
training data set (n=48,874) was randomly shuffled and divided
into five equal groups in a stratified manner. Subsequently, four
groups were selected for training the model, and the remaining
group was used for validation. This process was repeated five
times by shifting the internal validation group. Then, we
averaged the mean validation costs of the five internal validation
groups according to each epoch and found the optimal epoch
that provides the lowest validation cost. The testing data set
was evaluated only after the model was completely trained using
the training and validation data set.

Performance Evaluation
We first investigated the effect of the number of residual blocks.
For the comparison, we repeated the same procedure of the
5-fold cross-validation for two to five residual blocks. For
further performance comparison, we compared our proposed
method with U-Net [6], bidirectional U-Net [7], and R2U-Net
[8].
For the segmentation evaluation, we quantized the mean
intersection over union (mIoU), which is defined as the size of
the intersection divided by the size of the union. Particularly
for the nonascites images, no pixel was segmented, as we
quantized the value by zero. If there were no segmentation
results for the nonascites image, we quantized the value by 1.
In addition to the segmentation performance, we evaluated the
detection performance. If the mIoU value was equal or greater
than a certain threshold value, we declared it by ascites image.
For the detection performance, we plotted a receiver operating
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characteristic (ROC) curve and calculated the area under the
ROC curve (AUROC). Subsequently, we also evaluated the
sensitivity, specificity, accuracy, balanced accuracy, precision,
and F1 score. More specifically, we calculated true positives
(TPs), false positives (FPs), true negatives (TNs), and false
negatives (FNs) and computed the following metrics:
Sensitivity = TP / (TP + FN) (1)
Specificity = TN / (TN + FP) (2)
Accuracy = (TP + TN) / (TP + TN + FP + FN) (3)
Balanced Accuracy = (Sensitivity + Specificity) / 2
(4)
Precision = TP / (TP + FP) (5)
F1 score = 2 × (Sensitivity × Precision) / (Sensitivity
+ Precision) (6)
where TP is the amount of ascites data correctly classified as
ascites, TN is the amount of nonascites data correctly classified
as normal, FP is the amount of nonascites data misclassified as
ascites, and FN is the amount of ascites data misclassified as
normal. Two abdominal radiologists (JH and KWK) also
evaluated the factors influencing the performance of detection
and segmentation of ascites through a systematic review of all
original CT images and AI results of the testing data set.

Results
Performance in the Cross-Validation
Table 4 summarizes the cross-validation results of various AI
models for ascites segmentation performance and ascites
detection accuracy using mIoU and AUROC, respectively. Deep
residual U-Net models with various numbers of residual blocks
generally provided higher mIoU and AUROC values than any
other state-of-the-art methods [6-8]. Among the deep residual
U-Net models with various numbers of residual blocks, the
model with four residual blocks provided the highest mIoU
(0.87) for the segmentation performance and the highest
AUROC (0.99) for the detection performance. The
computational time for training for the deep residual U-Net
model with four residual blocks and 5-fold cross-validation was
27 hours. The overall computational time for testing was 30
minutes.

Table 4. Cross-validation results for the training data set comparing the mIoU for segmentation performance and AUROC for detection across models.

a

Model

mIoUa (SD)

AUROCb (SD)

Deep residual U-Net (two residual blocks)

0.86 (0.03)

0.97 (0.02)

Deep residual U-Net (three residual blocks)

0.86 (0.02)

0.98 (0.01)

Deep residual U-Net (four residual blocks)

0.87 (0.02)

0.99 (0.01)

Deep residual U-Net (five residual blocks)

0.69 (0.46)

0.69 (0.01)

U-Net [6]

0.84 (0.02)

0.96 (0.01)

Bidirectional U-Net [7]

0.82 (0.01)

0.91 (0.01)

Recurrent residual U-Net [8]

0.74 (0.02)

0.90 (0.01)

mIoU: mean intersection over union; this is an index of the segmentation performance.

b

AUROC: area under the receiver operating characteristic curve; this is an index of detection accuracy.
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We also investigated the effect of the number of convolutional
layers in each residual block. Table 5 summarizes the
cross-validation results when the number of convolutional layers
changes from two to four. It shows that the deep residual U-Net
model with the two convolutional layers in each residual block
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provided the highest values of mIoU (0.87) and AUROC (0.99),
followed by three convolutional layers (mIoU=0.83 and
AUROC=0.98) and four convolutional layers (mIoU=0.69 and
AUROC=0.69).

Table 5. Effect of the number of convolutional layers in each residual block on cross-validation results with the training data set.

a

Model

mIoUa (SD)

AUROCb (SD)

Deep residual U-Net with two convolutional layers in each residual block

0.87 (0.02)

0.99 (0.01)

Deep residual U-Net with three convolutional layers in each residual block

0.83 (0.03)

0.98 (0.02)

Deep residual U-Net with four convolutional layers in each residual block

0.69 (0.02)

0.69 (0.01)

mIoU: mean intersection over union; this is an index of the segmentation performance.

b

AUROC: area under the receiver operating characteristic curve; this is an index of the detection accuracy.

Performance With the Testing Data Set
Table 6 summarizes the testing data results for segmentation
performance using mIoU and detection accuracy using AUROC
when the number of convolutional layers changes from two to
four. Similar to the cross-validation results, these results also
show that the deep residual U-Net model with four residual
blocks including two convolutional layers provided the highest
mIoU (0.87) and AUROC (0.96) with the isolated testing data
set (n=1635).
With the two convolutional layers in each residual block, we
also evaluated and compared the segmentation and detection
performances. For the performance comparison, we changed
the number of residual blocks from two to five and tested each
model using the testing data set. Also, we tested with U-Net,
bidirectional U-Net, and R2U-Net. Table 7 summarizes the
performance comparison. The results also show that the deep
residual U-Net with four residual blocks provided the highest
mIoU and AUROC values. We also note that the deep residual
U-Net with three residual blocks also provided high values of
mIoU and AUROC, which were higher than any other
state-of-the-art methods, indicating that the deep residual U-Net

approach was more appropriate for the ascites segmentation
and detection.
The representative images of ascites segmentation are presented
in Figure 2. The left-hand column (A) includes the original CT
images and the ground-truth masking images. Five examples
of ascites segmentation results are shown using our proposed
model (B) and comparing them with those using U-Net (C),
bidirectional U-Net (D), and R2U-Net (E). Our proposed model
correctly segmented the ascites region regardless of its pattern
and size (the top four panels in column B). In addition, for the
nonascites images, the segmentation results were not shown
(the bottom panel in column B).
Table 8 summarizes the testing data results of detection accuracy
with the metrics of sensitivity, specificity, accuracy, balanced
accuracy, precision, and F1 score. The deep residual U-Net with
four residual blocks provided the highest accuracy metrics:
sensitivity=0.96, specificity=0.96, accuracy=0.96, balanced
accuracy=0.96, precision=0.91, and F1 score=0.93. Based on
these results, we proposed our deep residual U-Net with four
residual blocks as an optimal AI algorithm for automatic ascites
detection and segmentation on abdominopelvic CT scans.

Table 6. Effect of the number of convolutional layers in each residual block on the testing data set results for the deep residual U-Net model with four
residual blocks.

a

Model

mIoUa (SD)

AUROCb

Deep residual U-Net with two convolutional layers in each residual block

0.87 (0.26)

0.96

Deep residual U-Net with three convolutional layers in each residual block

0.84 (0.27)

0.94

Deep residual U-Net with four convolutional layers in each residual block

0.74 (0.31)

0.72

mIoU: mean intersection over union; this is an index of the segmentation performance.

b

AUROC: area under the receiver operating characteristic curve; this is an index of the detection accuracy.
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Table 7. Segmentation performance and detection accuracy of artificial intelligence models with the testing data set.

a

Model

mIoUa (SD)

AUROCb

Deep residual U-Net (two residual blocks)

0.81 (0.33)

0.87

Deep residual U-Net (three residual blocks)

0.86 (0.28)

0.93

Deep residual U-Net (four residual blocks)

0.87 (0.26)

0.96

Deep residual U-Net (five residual blocks)

0.70 (0.46)

0.70

U-Net [6]

0.80 (0.33)

0.90

Bidirectional U-Net [7]

0.77 (0.35)

0.86

Recurrent residual U-Net [8]

0.67 (0.41)

0.81

mIoU: mean intersection over union; this is an index of the segmentation performance.

b

AUROC: area under the receiver operating characteristic curve; this is an index of the detection accuracy.

Figure 2. Five examples of ascites segmentation results using each model. A. The original computed tomography (CT) images and the ground-truth
masking images. B. Our proposed model. C. The U-Net model. D. The bidirectional U-Net model. E. The recurrent residual U-Net model. Each row
represents a different example of CT images. Blue represents the ground-truth masking images, and red represents the resultant segmented images.
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Table 8. Detection performance metrics of artificial intelligence models with the testing data set.
Model

Sensitivity

Specificity

Accuracy

Balanced accuracy

Precision

F1 score

U-Net [6]

0.92

0.90

0.90

0.91

0.79

0.85

Bidirectional U-Net [7]

0.94

0.86

0.88

0.90

0.74

0.83

Recurrent residual U-Net [8]

0.85

0.81

0.82

0.83

0.66

0.74

Deep residual U-Net

0.96

0.96

0.96

0.96

0.91

0.93

(four residual blocks)

Factors Influencing the Performance
Through the expert review of all images in the testing data set
by two radiologists (JH and KWK), there were two categories
of false positive images. The AI algorithm could not differentiate
between ovarian cysts of a substantial size (>3 cm in diameter)
and ascites (Figure 3A). In contrast, normal physiologic ovarian
cysts were correctly identified by our algorithm. The AI

algorithm could not differentiate ascites from a fully distended
urinary bladder (Figure 3B). However, the AI algorithm was
able to differentiate ascites from a partially distended or
collapsed urinary bladder.
All the false negative images showed a small amount of ascites.
Two radiologists determined that all the false negative results
were clinically insignificant.

Figure 3. Examples of incorrect segmentation results. The left-hand column includes the original computed tomography (CT) images, the middle
column includes the ground-truth masking images, and the right-hand column includes the segmented results by our deep residual U-Net algorithm. A.
In a patient with a left ovarian cyst, our artificial intelligence (AI) algorithm detected fluid within the ovarian cyst as ascites. B. In a patient with a fully
distended bladder, our AI algorithm detected fluid in the bladder as ascites. Red represents the resultant segmented images.

Discussion
Principal Findings
In this study, for the first time, we developed a deep residual
U-Net model for the segmentation of ascites on CT images,
which provided higher accuracy compared with state-of-the-art
networks, including U-Net, bidirectional U-Net, and R2U-Net.
Our study results demonstrated that our AI algorithm was able
to detect and quantify ascites in the abdominopelvic cavity. Our
https://www.jmir.org/2022/1/e34415
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proposed algorithm was the deep residual U-Net model, which
achieved 96% sensitivity, 96% specificity, and 96% accuracy
for ascites detection with the testing data set. The segmentation
performance was also high, with an mIoU of 0.87, when
comparing the AI segmentation results and ground-truth values.
However, the ground-truth values were generated by a human
expert, and human error may have affected the drawing of the
ascites boundaries. Thus, we believe that the AI segmentation
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algorithm might be more accurate for drawing the boundary
areas of ascites in general.
The deep residual U-Net model outperformed the state-of-the-art
algorithms, including U-Net, bidirectional U-Net, and R2U-Net.
The deep residual U-Net model combined the strengths of
residual learning and U-Net architecture [9]. The network was
built with residual units and has similar architecture to that of
U-Net. The benefits of this model are three-fold: (1) residual
units facilitate the training of deep networks, (2) the vanishing
gradient problem is reduced, and (3) the rich skip connections
within the network could facilitate information propagation,
resulting in higher mIoU values. Integration of the residual
network with standard U-Net architecture enabled us to extract
robust discriminative features from input CT images.
In general, the concept of U-Net is to stitch low-level features
into corresponding high-level features, thereby adding low-level
texture features to high-level semantic features. Thus, U-Net
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with a deep layer can provide better segmentation results.
However, an excessive increase in the number of network layers
tends to decrease segmentation accuracy. This issue can be
solved by adding a residual unit to U-Net, which can make use
of the merits of the residual network [6]. A deep residual U-Net
model has been used for lung segmentation in CT scans [9],
joint segmentation in CT scans [18], and vulnerable plaque
segmentation in optical coherence tomography images [19].
These prior studies consistently reported the high segmentation
performance of a deep residual U-Net model. In addition, our
proposed deep residual U-Net model has an advantage over
other U-Net models, in that it requires fewer parameters
compared to other tree models [6-8]. Table 9 summarizes the
comparison of the number of parameters for each model. Our
proposed model includes 18,855,137 weights and biases, which
represents only 54.5% of the parameters from U-Net. Also, this
represents only 34.0% and 78.1% of the parameters from
bidirectional U-Net and R2U-Net, respectively.

Table 9. Comparison of the number of parameters for each U-Net model.
Model

Trainable parameters, n

Nontrainable parameters, n

Total parameters, n

Our proposed model

18,840,545

14,592

18,855,137

U-Net [6]

34,600,353

14,016

34,614,369

Bidirectional U-Net [7]

55,398,798

1408

55,400,197

Recurrent residual U-net [8]

24,133,013

0

24,133,013

So far, there has been only one study that developed an AI
algorithm to detect ascites [3]. In that study, the authors used a
CNN algorithm mainly for the classification of three abnormal
CT findings of free fluid (ie, ascites), free gas, and mesenteric
fat stranding. The accuracy of the CNN algorithm achieved 85%
sensitivity and 95% specificity to detect ascites. In contrast, our
deep residual U-Net algorithm achieved 96% sensitivity and
96% specificity for ascites detection. In addition, our deep
residual U-Net algorithm also quantified the amount of ascites
with high segmentation accuracy (mIoU=0.87). Thus, we believe
that it is quite possible to use our proposed algorithm for ascites
detection and quantification on abdominopelvic CT images in
patients who visit the emergency department.

negative cases showed a small amount of ascites, especially
between internal organs, such as the bowels, bladder, and uterus.
Further training will increase the sensitivity of the AI algorithm
to detect ascites.

In the majority of urgent and emergent situations, clinicians
should read the CT scan without radiologic support immediately
after the CT scan was obtained. Getting a radiology report
usually takes time, and radiologic support may not be maintained
24 hours per day in many institutions [20]. AI algorithms can
help maintain radiology support in real time with high diagnostic
accuracy. Our training and test data sets were unique in that CT
data were obtained from patients who visited the emergency
department of a tertiary care hospital, which is designated as a
regional emergency medical center and a regional trauma center
in Korea. Currently, we incorporated our deep residual U-Net
algorithm in our radiology unit and will start further training of
our algorithm in a sustainable manner.

Our study has several limitations. Firstly, we trained our model
using a relatively small amount of CT data. Thus, we will
establish a sustainable AI training system and train our AI
algorithm using real-world CT data prospectively obtained from
our emergency department. Secondly, our AI model was
validated internally using a split testing data set. The testing
data set was obtained from the same source as the training data
set. This may raise issues of generalizability and overfitting of
our model [21]. Thus, in the near future, we will validate our
model using data from various institutions.

There were false positive cases in which our AI algorithm
identified fluid within organs, such as the bladder and ovarian
cysts, as ascites (Figure 3). These false positive cases will
decrease as we continue to train the AI algorithm. All the false
https://www.jmir.org/2022/1/e34415
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We adopted a 2D AI algorithm for sequential 2D image analyses
rather than a 3D framework, because 3D deep learning requires
higher computational power than 2D deep learning [20]. In an
emergent clinical setting, a rapid AI algorithm may be preferable
to a complex and slow algorithm. Our study showed that
sequential 2D image analyses could provide excellent diagnostic
accuracy for detecting and quantifying ascites.

Limitations and Future Work

Conclusions
We propose our deep residual U-Net algorithm for the automatic
detection and quantification of ascites in abdominopelvic CT
scans. Our model outperformed other state-of-the-art
segmentation algorithms based on U-Net, bidirectional U-Net,
and R2U-Net.
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Abstract
Background: Chronic obstructive pulmonary disease (COPD) poses a large burden on health care. Severe COPD exacerbations
require emergency department visits or inpatient stays, often cause an irreversible decline in lung function and health status, and
account for 90.3% of the total medical cost related to COPD. Many severe COPD exacerbations are deemed preventable with
appropriate outpatient care. Current models for predicting severe COPD exacerbations lack accuracy, making it difficult to
effectively target patients at high risk for preventive care management to reduce severe COPD exacerbations and improve
outcomes.
Objective: The aim of this study is to develop a more accurate model to predict severe COPD exacerbations.
Methods: We examined all patients with COPD who visited the University of Washington Medicine facilities between 2011
and 2019 and identified 278 candidate features. By performing secondary analysis on 43,576 University of Washington Medicine
data instances from 2011 to 2019, we created a machine learning model to predict severe COPD exacerbations in the next year
for patients with COPD.
Results: The final model had an area under the receiver operating characteristic curve of 0.866. When using the top 9.99%
(752/7529) of the patients with the largest predicted risk to set the cutoff threshold for binary classification, the model gained an
accuracy of 90.33% (6801/7529), a sensitivity of 56.6% (103/182), and a specificity of 91.17% (6698/7347).
Conclusions: Our model provided a more accurate prediction of severe COPD exacerbations in the next year compared with
prior published models. After further improvement of its performance measures (eg, by adding features extracted from clinical
notes), our model could be used in a decision support tool to guide the identification of patients with COPD and at high risk for
care management to improve outcomes.
International Registered Report Identifier (IRRID): RR2-10.2196/13783
(J Med Internet Res 2022;24(1):e28953) doi:10.2196/28953
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Introduction
Background
In the United States, chronic obstructive pulmonary disease
(COPD) affects 6.5% of adults [1] and is the fourth leading
cause of death, excluding COVID-19 [2]. Each year, COPD
causes 1.5 million emergency department (ED) visits, 0.7 million
inpatient stays, and US $32.1 billion in total medical cost [1].
Severe COPD exacerbations are those that require ED visits or
inpatient stays [3], account for 90.3% of the total medical cost
related to COPD [4], and often cause irreversible decline in lung
function and health status [5-10]. Many severe COPD
exacerbations (eg, 47% of the inpatient stays for COPD) are
deemed preventable with appropriate outpatient care [3,11]
because COPD is an ambulatory care–sensitive condition [12].
A commonly used method to reduce severe COPD exacerbations
is to place patients at high risk in a care management program
for preventive care [13-15]. Patients at high risk can be identified
prospectively using a predictive model [16]. Once a patient
enters the care management program, a care manager will
periodically contact the patient for health status assessment and
to help coordinate health and related services. This method is
adopted by many health plans, such as those in 9 of 12
metropolitan communities [13], and many health care systems.
Successful care management can reduce up to 27% of the ED
visits [14] and 40% of the inpatient stays [15] in patients with
COPD.
However, because of limitations of resources and service
capacity, only ≤3% of patients could enter a care management
program [17]. Its effectiveness is upper bounded by these
patients’ risk levels, which are determined by how accurate the
used predictive model is. Neither the stage of COPD nor having
prior severe COPD exacerbations alone can predict a patient’s
risk level for future severe COPD exacerbations well [18,19].
Previously, researchers had built several models to predict severe
COPD exacerbations in patients with COPD [20-53]. These
models are inaccurate and suboptimal for use in care
management because they missed more than 50% of the patients
who will experience severe COPD exacerbations in the future,
incorrectly projected many other patients to experience severe
COPD exacerbations [20-22,53], used data unavailable in routine
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clinical practice [23-31,33,34,36,42-50,52], or were designed
for patients who have different characteristics from typical
patients with COPD [25-34]. In addition, most of these models
predicted only inpatient stays for COPD. To better guide the
use of care management, we need to predict both ED visits and
inpatient stays for COPD, which only 2 of these models [34,36]
do. In practice, once a model is deployed for care management,
the prediction errors produced by the model would lead to
degraded patient outcomes and unnecessary health care costs.
Because of the large number of patients with COPD, even a
small improvement in model accuracy coupled with appropriate
preventive interventions could help improve outcomes and avoid
many ED visits and inpatient stays for COPD every year.

Objective
This study aims to develop a more accurate model to predict
severe COPD exacerbations in the next year in patients with
COPD. To be suitable for use in care management, the model
should use data available in routine clinical practice and target
all patients with COPD.

Methods
Ethics Approval and Study Design
The institutional review board of the University of Washington
Medicine (UWM) approved this secondary analysis study on
administrative and clinical data.

Patient Population
In Washington state, the UWM is the largest academic health
care system. The UWM enterprise data warehouse includes
administrative and clinical data from 3 hospitals and 12 clinics.
The patient cohort consisted of the patients with COPD who
visited any of these facilities between 2011 and 2019. Using
our prior method for identifying patients with COPD [54] that
was adapted from the literature [55-58], we regarded a patient
to have COPD if the patient was aged ≥40 years and met ≥1 of
the 4 criteria listed in Textbox 1. When computing the data
instances in any year, we excluded the patients who had no
encounter at the UWM or died during that year. No other
exclusion criterion was used.

Textbox 1. The 4 criteria used for identifying patients with chronic obstructive pulmonary disease.
Description of each of the 4 criteria
•

An outpatient visit diagnosis code of chronic obstructive pulmonary disease (International Classification of Diseases, Ninth Revision: 491.22,
491.21, 491.9, 491.8, 493.2x, 492.8, 496; International Classification of Diseases, Tenth Revision: J42, J41.8, J44.*, J43.*) followed by ≥1
prescription of long-acting muscarinic antagonist (aclidinium, glycopyrrolate, tiotropium, and umeclidinium) within 6 months

•

≥1 emergency department or ≥2 outpatient visit diagnosis codes of chronic obstructive pulmonary disease (International Classification of Diseases,
Ninth Revision: 491.22, 491.21, 491.9, 491.8, 493.2x, 492.8, 496; International Classification of Diseases, Tenth Revision: J42, J41.8, J44.*,
J43.*)

•

≥1 inpatient stay discharge having a principal diagnosis code of chronic obstructive pulmonary disease (International Classification of Diseases,
Ninth Revision: 491.22, 491.21, 491.9, 491.8, 493.2x, 492.8, 496; International Classification of Diseases, Tenth Revision: J42, J41.8, J44.*,
J43.*)

•

≥1 inpatient stay discharge having a principal diagnosis code of respiratory failure (International Classification of Diseases, Ninth Revision:
518.82, 518.81, 799.1, 518.84; International Classification of Diseases, Tenth Revision: J96.0*, J80, J96.9*, J96.2*, R09.2) and a secondary
diagnosis code of acute chronic obstructive pulmonary disease exacerbation (International Classification of Diseases, Ninth Revision: 491.22,
491.21, 493.22, 493.21; International Classification of Diseases, Tenth Revision: J44.1, J44.0)
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Prediction Target (Also Known as the Outcome or the
Dependent Variable)
Given a patient with COPD who had ≥1 encounter at the UWM
in a specific year (the index year), we used the patient’s data
up to the last day of the year to predict the outcome of whether
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the patient would experience any severe COPD exacerbation,
that is, any ED visit or inpatient stay with a principal diagnosis
of COPD (International Classification of Diseases, Ninth
Revision: 491.22, 491.21, 491.9, 491.8, 493.2x, 492.8, 496;
International Classification of Diseases, Tenth Revision: J42,
J41.8, J44.*, J43.*), in the next year (Figure 1).

Figure 1. The periods used to partition the training and test sets and the periods used to compute the prediction target and the features for a patient and
index year pair.

Data Set
We obtained a structured data set from the UWM enterprise
data warehouse. This data set included administrative and
clinical data relating to the patient cohort’s encounters at the 3
hospitals and 12 clinics of the UWM from 2011 to 2020.

Features (Also Known as Independent Variables)
To improve model accuracy, we examined an extensive set of
candidate features computed on the structured attributes in the
data set. Table S1 of Multimedia Appendix 1
[3,18,28,30,50,59-83] shows these 278 candidate features
coming from four sources: the known risk factors for COPD
exacerbations [3,18,28,30,50,59-72], the features used in prior
models to predict severe COPD exacerbations [20-53], the
features that the clinician ZCL in our team suggested, and the
features used in our prior models to predict asthma hospital
encounters [84,85]. Asthma shares many similarities with
COPD. Throughout this paper, whenever we mention the
number of a given type of item (eg, medication) without using
the word distinct, we count multiplicity.
Each input data instance to the predictive model contained 278
features, corresponded to a distinct patient and index year pair,
and was used to predict the outcome of the patient in the next
year. For this pair, the patient’s age was computed based on the
age at the end of the index year. The patient’s primary care
provider (PCP) was computed as the last recorded PCP of the
patient by the end of the index year. The percentage of the PCP’s
patients with COPD in the preindex year having severe COPD
exacerbations in the index year was computed on the data in
the preindex and index years. Using the data from 2011 to the
index year, we computed 26 features: the number of years from
the first encounter related to COPD in the data set, the type of
the first encounter related to COPD in the data set, 7 allergy
features, and 17 features related to the problem list. The other
251 features were computed on the data in the index year.
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Data Analysis
Data Preparation
Using the data preparation approach used in our papers [84,85],
we identified the biologically implausible values, replaced them
with null values, and normalized the data. As outcomes came
from the next year, the data set had 9 years of effective data
(2011-2019) over a time span of 10 years (2011-2020). To
reflect future model use in clinical practice and to evaluate the
impact of the COVID-19 pandemic on patient outcomes and
model performance, we conducted two analyses:
1.

2.

Main analysis: we used the 2011-2018 data instances as the
training set to train models and the 2019 data instances as
the test set to assess model performance.
Performance stability analysis: we used the 2011-2017 data
instances as the training set to train models and the 2018
data instances as the test set to assess model performance.

Classification Algorithms
We created machine learning classification models using
Waikato Environment for Knowledge Analysis (WEKA; version
3.9) [86]. WEKA is a major open source software package for
machine learning and data mining. It integrates many commonly
used machine learning algorithms and feature selection
techniques. We examined the 39 classification algorithms
supported by WEKA and listed in the web-based multimedia
appendix of our paper [84], as well as Extreme Gradient
Boosting (XGBoost) [87] implemented in the XGBoost4J
package [88]. XGBoost is a classification algorithm using an
ensemble of decision trees. As XGBoost only takes numerical
features, we converted categorical features to binary features
through one-hot encoding. In the main analysis, we used the
training set and our formerly published automatic machine
learning model selection method [89] to automate the selection
of the classification algorithm, feature selection technique, data
balancing method to deal with imbalanced data, and
hyperparameter values among all applicable ones. Compared
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with the Auto-WEKA automatic machine learning model
selection method [90], our method achieved an average of 11%
(SD 15%) reduction in model error rate and a 28-fold reduction
in search time. In the performance stability analysis, we used
the same classification algorithm, feature selection technique,
and hyperparameter values as those used in the final model of
the main analysis.

Performance Metrics
As shown in the formulas, the performance of the models was
evaluated with respect to the following metrics: accuracy (Table
1); sensitivity, also known as recall; specificity; positive

predictive value (PPV), also known as precision; negative
predictive value (NPV); and area under the receiver operating
characteristic curve (AUC):
Accuracy = (TP + TN) / (TP + TN + FP + FN) (1)
Sensitivity = TP / (TP + FN) (2)
Specificity = TN / (TN + FP) (3)
PPV = TP / (TP + FP) (4)
NPV = TN / (TN + FN) (5)
where TP stands for true positive, TN stands for true negative,
FP stands for false positive, and FN stands for false negative.

Table 1. The confusion matrix.
Outcome class

a

Severe COPDa exacerbations in the next year No severe COPD exacerbation in the next year

Predicted severe COPD exacerbations in the next year True positive

False positive

Predicted no severe COPD exacerbation in the next
year

True negative

False negative

COPD: chronic obstructive pulmonary disease.

We computed the 95% CIs of the performance measures using
the bootstrapping method [91]. We obtained 1000 bootstrap
samples from the test set and computed the model’s performance
measures based on each bootstrap sample. This produced 1000
values for each performance metric. Their 2.5th and 97.5th
percentiles provided the 95% CI of the corresponding
performance measures. To depict the trade-off between
sensitivity and specificity, we drew the receiver operating
characteristic curve.

Results

relatively stable over time. The only exception was the sudden
drop from 5.21% (369/7089) in 2018 to 2.42% (182/7529) in
2019 (Table 2), which resulted from the large drop in ED visits
and inpatient stays for COPD in 2020 caused by the COVID-19
pandemic [92]. In the main analysis, 5.66% (2040/36,047) of
the data instances in the training set and 2.42% (182/7529) of
the data instances in the test set were linked to severe COPD
exacerbations in the next year. In the performance stability
analysis, 5.77% (1671/28,958) of the data instances in the
training set and 5.21% (369/7089) of the data instances in the
test set were linked to severe COPD exacerbations in the next
year.

Distributions of Data Instances and Bad Outcomes
The number of data instances increased over time. The
proportion of data instances linked to bad outcomes remained
Table 2. The distributions of data instances and bad outcomes over time.
Year

Data instances, n

2011

2012

2013

2014

2015

2016

2017

2018

2019

1848

2725

3204

4009

4875

5793

6504

7089

7529

176
(6.46)

183
(5.71)

223
(5.56)

272
(5.58)

351
(6.06)

338
(5.2)

369
(5.21)

182
(2.42)

Data instances linked to severe COPDa exacerbations 128
(6.93)
in the next year, n (%)
a

COPD: chronic obstructive pulmonary disease.

Patient Characteristics
Each patient and index year pair matched a data instance. For
both the training set and the test set of the main analysis, when
comparing the patient characteristic distributions between the
data instances linked to severe COPD exacerbations in the next
year and those linked to no severe COPD exacerbation in the
next year, P values were computed using the chi-square
2-sample test and the Cochran–Armitage trend test [93] for
categorical and numerical characteristics, respectively (Tables
3 and 4).
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In the training set of the main analysis, most patient
characteristics exhibited statistically significantly different
distributions between the data instances linked to severe COPD
exacerbations in the next year and those linked to no severe
COPD exacerbation in the next year. Exceptions occurred on
the patient characteristics of having prescriptions of inhaled
corticosteroid, long-acting beta-2 agonist (LABA), and
long-acting muscarinic antagonist (LAMA) combinations
(P=.66); having prescriptions of phosphodiesterase-4 inhibitor
(P=.06); presence of diabetes (P=.43); presence of eczema
(P=.30); presence of lung cancer (P=.31); and presence of
sinusitis (P=.61). In the test set of the main analysis, most patient
characteristics exhibited statistically significantly different
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distributions between the data instances linked to severe COPD
exacerbations in the next year and those linked to no severe
COPD exacerbation in the next year. Exceptions occurred on
the patient characteristics of having private insurance (P=.79);
having prescriptions of LABA and LAMA combinations
(P=.54); having prescriptions of inhaled corticosteroid, LABA,
and LAMA combinations (P=.90); having prescriptions of
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phosphodiesterase-4 inhibitor (P=.27); presence of allergic
rhinitis (P=.24); presence of anxiety or depression (P=.08);
presence of congestive heart failure (P=.11); presence of
diabetes (P=.95); presence of eczema (P=.08); presence of
hypertension (P=.05); presence of lung cancer (P=.51); presence
of obesity (P=.25); presence of sinusitis (P=.99); and presence
of sleep apnea (P=.22).
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Table 3. The patient characteristics of the data instances in the training set of the main analysis.
Patient characteristic

Data instances
(N=36,047), n (%)

Data instances linked to severe
COPDa exacerbations in the next
year (N=2040), n (%)

Data instances linked to no severe P value
COPD exacerbation in the next year
(N=34,007), n (%)
<.001 b

Age (years)
40-65

18,793 (52.13)

1219 (59.75)

17,574 (51.68)

<.001

>65

17,254 (47.87)

821 (40.25)

16,433 (48.32)

<.001

Sex

<.001
Female

15,414 (42.76)

749 (36.72)

14,665 (43.12)

<.001

Male

20,633 (57.24)

1291 (63.28)

19,342 (56.88)

<.001

Race

<.001

American Indian or Alaska Native

713 (1.98)

26 (1.27)

687 (2.02)

<.001

Asian

2092 (5.8)

144 (7.06)

1948 (5.73)

<.001

Black or African American

4795 (13.3)

524 (25.69)

4271 (12.56)

<.001

Native Hawaiian or other Pacific 184 (0.51)
Islander

8 (0.39)

176 (0.52)

<.001

White

1330 (65.2)

26,117 (76.8)

<.001

8 (0.39)

808 (2.37)

<.001

27,447 (76.14)

Other, unknown, or not reported 816 (2.27)
Ethnicity

<.001

Hispanic

857 (2.38)

53 (2.6)

804 (2.36)

<.001

Non-Hispanic

32,585 (90.39)

1941 (95.15)

30,644 (90.11)

<.001

Unknown or not reported

2605 (7.23)

46 (2.25)

2559 (7.53)

<.001

Smoking status

<.001

Current smoker

16,952 (47.03)

1089 (53.38)

15,863 (46.65)

<.001

Former smoker

7367 (20.44)

345 (16.91)

7022 (20.65)

<.001

Never smoker or unknown

11,728 (32.53)

606 (29.71)

11,122 (32.7)

<.001

Private

17,513 (48.58)

834 (40.88)

16,679 (49.05)

<.001

Public

29,598 (82.11)

1767 (86.62)

27,831 (81.84)

<.001

Self-paid or charity

1994 (5.53)

229 (11.23)

1765 (5.19)

<.001

Insurance

Number of years from the first encounter related to COPD in the data set

<.001

≤3

30,315 (84.1)

1566 (76.76)

28,749 (84.54)

<.001

>3

5732 (15.9)

474 (23.24)

5258 (15.46)

<.001

ICSc

13,327 (36.97)

1119 (54.85)

12,208 (35.9)

<.001

SAMAd

9608 (26.65)

1042 (51.08)

8566 (25.19)

<.001

SABAe

22,549 (62.55)

1684 (82.55)

20,865 (61.36)

<.001

SABA and SAMA combination

7174 (19.9)

810 (39.71)

6364 (18.71)

<.001

LAMAf

10,243 (28.42)

1001 (49.07)

9242 (27.18)

<.001

LABAg

8904 (24.7)

842 (41.27)

8062 (23.71)

<.001

LABA and LAMA combination 426 (1.18)

40 (1.96)

386 (1.14)

.001

ICS and LABA combination

782 (38.33)

7544 (22.18)

<.001

COPD medication prescription
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Data instances
(N=36,047), n (%)

Zeng et al
Data instances linked to severe
COPDa exacerbations in the next
year (N=2040), n (%)

Data instances linked to no severe P value
COPD exacerbation in the next year
(N=34,007), n (%)

ICS, LABA, and LAMA combi- 16 (0.04)
nation

0 (0)

16 (0.05)

.66

Phosphodiesterase-4 inhibitor

94 (0.26)

10 (0.49)

84 (0.25)

.06

Systemic corticosteroid

11,293 (31.33)

1144 (56.08)

10,149 (29.84)

<.001

Allergic rhinitis

2445 (6.78)

174 (8.53)

2271 (6.68)

.001

Anxiety or depression

10,786 (29.92)

725 (35.54)

10,061 (29.59)

<.001

Asthma

4794 (13.3)

417 (20.44)

4377 (12.87)

<.001

Congestive heart failure

6063 (16.82)

495 (24.26)

5568 (16.37)

<.001

Diabetes

7623 (21.15)

446 (21.86)

7177 (21.1)

.43

Eczema

1558 (4.32)

98 (4.8)

1460 (4.29)

.30

Gastroesophageal reflux

7162 (19.87)

507 (24.85)

6655 (19.57)

<.001

Hypertension

18,361 (50.94)

1150 (56.37)

17,211 (50.61)

<.001

Ischemic heart disease

7420 (20.58)

486 (23.82)

6934 (20.39)

<.001

Lung cancer

794 (2.2)

52 (2.55)

742 (2.18)

.31

Obesity

3487 (9.67)

255 (12.5)

3232 (9.5)

<.001

Sinusitis

1382 (3.83)

83 (4.07)

1299 (3.82)

.61

Sleep apnea

3179 (8.82)

253 (12.4)

2926 (8.6)

<.001

Comorbidity

a

COPD: chronic obstructive pulmonary disease.

b

P value <.05 is italicized and signifies a statistically significant difference in the patient characteristic distributions.

c

ICS: inhaled corticosteroid.

d

SAMA: short-acting muscarinic antagonist.

e

SABA: short-acting beta-2 agonist.

f

LAMA: long-acting muscarinic antagonist.

g

LABA: long-acting beta-2 agonist.
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Table 4. The patient characteristics of the data instances in the test set of the main analysis.
Patient characteristic

Data instances
(N=7529), n (%)

Data instances linked to severe COPDa Data instances linked to no severe
exacerbations in the next year (N=182), COPD exacerbation in the next year
(N=7347), n (%)
n (%)

P value

<.001 b

Age (years)
40-65

3442 (45.72)

118 (64.8)

3324 (45.24)

<.001

>65

4087 (54.28)

64 (35.2)

4023 (54.76)

<.001

Sex

<.001
Female

3289 (43.68)

47 (25.8)

3242 (44.13)

<.001

Male

4240 (56.32)

135 (74.2)

4105 (55.87)

<.001

Race

<.001

American Indian or Alaska
Native

156 (2.07)

5 (2.7)

151 (2.06)

<.001

Asian

439 (5.83)

7 (3.9)

432 (5.88)

<.001

Black or African American

896 (11.9)

57 (31.3)

839 (11.42)

<.001

Native Hawaiian or other
Pacific Islander

53 (0.71)

2 (1.1)

51 (0.69)

<.001

White

5793 (76.94)

111 (61)

5682 (77.34)

<.001

Other, unknown, or not reported

192 (2.55)

0 (0)

192 (2.61)

<.001

Ethnicity

.03

Hispanic

188 (2.5)

3 (1.6)

185 (2.52)

.03

Non-Hispanic

7088 (94.14)

179 (98.4)

6909 (94.04)

.03

Unknown or not reported

253 (3.36)

0 (0)

253 (3.44)

.03

Smoking status

.03

Current smoker

3893 (51.71)

112 (61.5)

3781 (51.46)

.03

Former smoker

1267 (16.83)

25 (13.7)

1242 (16.91)

.03

Never smoker or unknown

2369 (31.47)

45 (24.7)

2324 (31.63)

.03

Private

4642 (61.65)

110 (60.4)

4532 (61.69)

.79

Public

6901 (91.66)

179 (98.4)

6722 (91.49)

.002

Self-paid or charity

540 (7.17)

41 (22.5)

499 (6.79)

<.001

Insurance

Number of years from the first encounter related to COPD in the data set

<.001

≤3

5154 (68.46)

81 (44.5)

5073 (69.05)

<.001

>3

2375 (31.54)

101 (55.5)

2274 (30.95)

<.001

ICSc

2635 (35)

98 (53.8)

2537 (34.53)

<.001

SAMAd

1202 (15.96)

68 (37.4)

1134 (15.43)

<.001

SABAe

4241 (56.33)

158 (86.8)

4083 (55.57)

<.001

SABA and SAMA combina- 1809 (24.03)
tion

115 (63.2)

1694 (23.06)

<.001

LAMAf

2061 (27.37)

110 (60.4)

1951 (26.56)

<.001

LABAg

1760 (23.38)

77 (42.3)

1683 (22.91)

<.001

12 (6.6)

388 (5.28)

.54

COPD medication prescription

LABA and LAMA combina- 400 (5.31)
tion
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Data instances linked to severe COPDa Data instances linked to no severe
exacerbations in the next year (N=182), COPD exacerbation in the next year
(N=7347), n (%)
n (%)

P value

ICS and LABA combination 1804 (23.96)

75 (41.2)

1729 (23.53)

<.001

ICS, LABA, and LAMA
combination

69 (0.92)

1 (0.5)

68 (0.93)

.90

Phosphodiesterase-4 inhibitor

26 (0.35)

2 (1.1)

24 (0.33)

.27

Systemic corticosteroid

2385 (31.68)

103 (56.6)

2282 (31.06)

<.001

Allergic rhinitis

410 (5.45)

14 (7.7)

396 (5.39)

.24

Anxiety or depression

2153 (28.6)

63 (34.6)

2090 (28.45)

.08

Asthma

1096 (14.56)

43 (23.6)

1053 (14.33)

<.001

Congestive heart failure

1412 (18.75)

43 (23.6)

1369 (18.63)

.11

Diabetes

1689 (22.43)

40 (22)

1649 (22.44)

.95

Eczema

258 (3.43)

11 (6)

247 (3.36)

.08

Gastroesophageal reflux

1443 (19.17)

47 (25.8)

1396 (19)

.03

Hypertension

3791 (50.35)

105 (57.7)

3686 (50.17)

.05

Ischemic heart disease

1658 (22.02)

54 (29.7)

1604 (21.83)

.02

Lung cancer

203 (2.7)

3 (1.6)

200 (2.72)

.51

Obesity

669 (8.89)

21 (11.5)

648 (8.82)

.25

Sinusitis

279 (3.71)

7 (3.8)

272 (3.7)

.99

Sleep apnea

915 (12.15)

28 (15.4)

887 (12.07)

.22

Patient characteristic

Data instances
(N=7529), n (%)

Comorbidity

a

COPD: chronic obstructive pulmonary disease.

b

P value <.05 is italicized and signifies a statistically significant difference in the patient characteristic distributions.

c

ICS: inhaled corticosteroid.

d

SAMA: short-acting muscarinic antagonist.

e

SABA: short-acting beta-2 agonist.

f

LAMA: long-acting muscarinic antagonist.

g

LABA: long-acting beta-2 agonist.

Classification Algorithm and Features Used in the
Final Model
The XGBoost algorithm was chosen by our automatic machine
learning model selection method [89]. As a tree-based algorithm,
XGBoost handles missing values in the features naturally. As
detailed in Hastie et al [94], XGBoost automatically calculates
an importance value for each feature based on the feature’s
apportioned contribution to the model. In the main analysis, the
final model was created using XGBoost and the 229 features
shown in descending order of their importance values in Table
S2 of Multimedia Appendix 1. The other features contributed
no extra predictive power and were automatically dropped by
XGBoost.

Model Performance in the Main Analysis
In the main analysis with the test set, the final model had an
AUC of 0.866 (95% CI 0.838-0.892), as computed from the
model’s receiver operating characteristic curve (Figure 2). The
model’s performance measures varied with the cutoff threshold
for binary classification (Table 5). When using the top 9.99%
https://www.jmir.org/2022/1/e28953
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(752/7529) of the patients with the largest predicted risk to set
the cutoff threshold for binary classification, the model had an
accuracy of 90.33% (6801/7529; 95% CI 89.61%-91.01%), a
sensitivity of 56.6% (103/182; 95% CI 49.2%-64.2%), a
specificity of 91.17% (6698/7347; 95% CI 90.51%-91.83%), a
PPV of 13.7% (103/752; 95% CI 11.2%-16.2%), and an NPV
of 98.83% (6698/6777; 95% CI 98.55%-99.08%), as computed
from the corresponding confusion matrix of the model (Table
6).
Recall that 27 candidate features were computed on ≥2 years
of data. When we ignored these features and considered only
those computed with the data in the index year, the model’s
AUC dropped from 0.866 to 0.859 (95% CI 0.834-0.884). The
top 19 features shown in Table S2 of Multimedia Appendix 1
have importance values ≥1%. When using only these features,
the model’s AUC dropped from 0.866 to 0.862 (95% CI
0.837-0.887). In this case, when using the top 9.99% (752/7529)
of the patients with the largest predicted risk to set the cutoff
threshold for binary classification, the model had an accuracy
of 90.25% (6795/7529; 95% CI 89.56%-90.9%), a sensitivity
of 54.9% (100/182; 95% CI 47.8%-61.9%), a specificity of
J Med Internet Res 2022 | vol. 24 | iss. 1 | e28953 | p.1046
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(6695/6777; 95% CI 98.52%-99.06%).

Figure 2. The receiver operating characteristic curve of the final model in the main analysis.

Table 5. In the main analysis, the performance measures of the final model with respect to using varying cutoff thresholds for binary classification.
Top percentage of patients with Accuracy
the largest predicted risk (%)
(N=7529), n (%)

Sensitivity
(N=182), n (%)

Specificity
(N=7347), n (%)

Positive predictive value

Negative predictive value

n (%)

N

n (%)

N

1

7336 (97.4)

32 (17.6)

7304 (99.4)

32 (42.7)

75

7304 (98)

7454

2

7299 (96.9)

51 (28)

7248 (98.7)

51 (34)

150

7248 (98.2)

7379

3

7236 (96.1)

57 (31.3)

7179 (97.7)

57 (25.3)

225

7179 (98.3)

7304

4

7170 (95.2)

62 (34.1)

7108 (96.7)

62 (20.6)

301

7108 (98.3)

7228

5

7111 (94.4)

70 (38.5)

7041 (95.8)

70 (18.6)

376

7041 (98.4)

7153

6

7062 (93.8)

83 (45.6)

6979 (95)

83 (18.4)

451

6979 (98.6)

7078

7

6994 (92.9)

87 (47.8)

6907 (94)

87 (16.5)

527

6907 (98.6)

7002

8

6927 (92)

91 (50)

6836 (93)

91 (15.1)

602

6836 (98.7)

6927

9

6860 (91.1)

95 (52.2)

6765 (92.1)

95 (14)

677

6765 (98.7)

6852

10

6801 (90.3)

103 (56.6)

6698 (91.2)

103 (13.7)

752

6698 (98.8)

6777

15

6458 (85.8)

120 (65.9)

6338 (86.3)

120 (10.6)

1129

6338 (99)

6400

20

6118 (81.3)

138 (75.8)

5980 (81.4)

138 (9.2)

1505

5980 (99.3)

6024

25

5767 (76.6)

151 (83)

5616 (76.4)

151 (8)

1882

5616 (99.5)

5647
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Table 6. The confusion matrix of the final model in the main analysis when using the top 9.99% (794/7944) of the patients with the largest predicted
risk to set the cutoff threshold for binary classification.
Severe COPDa exacerbations in the next year No severe COPD exacerbation in the next year

Outcome class

a

Predicted severe COPD exacerbations in the next year 103

649

Predicted no severe COPD exacerbation in the next
year

6698

79

COPD: chronic obstructive pulmonary disease.

Performance Stability Analysis
The final model in the main analysis and the model in the
performance stability analysis had relatively similar performance
(Table 7).
Table 7. The performance of the final model in the main analysis and the model in the performance stability analysis.
Performance measure

a

Final model in the main analysisa

Model in the performance stability analysisb

n (%; 95% CI)

N

n (%; 95% CI)

N

Accuracy

6801 (90.3; 89.6-91.0)

7529

6354 (89.6; 88.9-90.3)

7089

Sensitivity

103 (56.6; 49.2-64.2)

182

171 (46.3; 40.9-51.5)

369

Specificity

6698 (91.2; 90.5-91.8)

7347

6183 (92; 91.4-92.7)

6720

Positive predictive value

103 (13.7; 11.2-16.2)

752

171 (24.2; 20.8-27.2)

708

Negative predictive value

6698 (98.8; 98.6-99.1)

6777

6183 (96.9; 96.4-97.3)

6381

Area under the receiver operating characteristic curve of 0.866 (95% CI 0.838-0.892).

b

Area under the receiver operating characteristic curve of 0.847 (95% CI 0.828-0.864).

Discussion
Principal Findings
We created a machine learning model to predict severe COPD
exacerbations in the next year in patients with COPD. The model
had a higher AUC than the formerly published AUC of every
prior model for predicting severe COPD exacerbations in the
next year [20,25,27,28,30,33,35-43,46-49,51] (Tables 8 and 9).
After improving our model’s performance measures further (eg,
by adding features extracted from clinical notes) and using our
recently published automatic explanation method [95] to
automatically explain the model’s predictions, our model could
be used as a decision support tool to advise the use of care
management for patients with COPD and at high risk to improve
outcomes.
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In Table S2 of Multimedia Appendix 1, many of the top 19
features match the published (risk) factors that were highly
correlated with COPD exacerbations, such as prior COPD
exacerbations [18,60], prior health care encounters related to
COPD [28,50], COPD medication use [50], BMI [70], peripheral
capillary oxygen saturation [28], and heart rate [71].
We examined 278 candidate features, 82.4% (229/278) of which
were used in the final model. Many omitted features are
correlated with the outcome, but they provided no extra
predictive power on the UWM data set beyond the 229 features
used in the final model.
The prevalence rate of severe COPD exacerbations had a sudden
drop in 2019. Despite this drop, our model still showed
reasonably robust performance over time. This is desired for
clinical decision support.
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Table 8. A comparison of our final model and several prior models to predict severe chronic obstructive pulmonary disease (COPD) exacerbations in
patients with COPD (Part 1).
Model

Data

Our final
model

Adminis- 43,576
trative
and clinical

Length of
the period
used to
compute
the outcome

Prevalence rate
of the
poor outcome (%)

Number
of features
checked

Classifica- Sensitiv- Specition algo- ity (%) ficity
rithm
(%)

PPVa
(%)

NPVb
(%)

AUCc

EDd visit or inpatient stay for
COPD

1 year

5.1

278

XG-

Number
Prediction tarof data in- get (outcome)
stances

56.6

91.17

13.7

98.83

0.866

e

Boost

Annavara- Adminispu et al
trative
[20]

45,722

Inpatient stay
for COPD

1 year

11.63

103

Logistic
regression

17.3

97.5

48.1

90

0.77

Tavakoli
et al [21]

Administrative

222,219

Inpatient stay
for COPD

2 months

1.02

83

Gradient
boosting

23

98

—f

—

0.820

Samp et
al [22]

Administrative

478,772

Inpatient stay
for COPD

6 months

2.2

101

Logistic
regression

17.6

96.6

—

—

—

Thomsen
et al [23]

Research

6574

Two or more
1-7 years
exacerbations
(medication
change or inpatient stay for
COPD)

6.4

11

Logistic
regression

—

—

18

96

0.73

Orchard
et al [24]

Research

57,150

Inpatient stay
for COPD

1 day

0.1

153

Neural
network

80

60

—

—

0.740

Suetomo
et al [25]

Research

123

Inpatient stay
for COPD

1 year

12.2

18

Logistic
regression

53

49

—

—

0.79

Lee et al
[26]

Research 545
and clinical

Medication
6 months
change, ED visit, or inpatient
stay for COPD

46

10

Logistic
regression

52

69

—

—

0.63

Faganello Research
et al [27]

120

Outpatient, inpa- 1 year
tient, or ED encounter for
COPD

50

16

Logistic
regression

58.3

73.3

—

—

0.686

Alcázar
et al [28]

127

Inpatient stay
for COPD

39.4

9

Logistic
regression

76.2

77.3

61.5

87.2

0.809

Research

1 year

Bertens et Research 1033
al [29]
and clinical

Medication
2 years
change or inpatient stay for
COPD

28.3

7

Logistic
regression

—

—

—

—

0.66

MiravResearch 713
itlles et al and clini[30]
cal

Inpatient stay
for COPD

22.2

7

Logistic
regression

—

—

—

—

0.582

Make et
al [31]

Research

Medication
6 months
change, ED visit, or inpatient
stay for COPD

—

38

Logistic
regression

—

—

—

—

0.67

MontserratCapdevila et al
[32]

Adminis- 2501
trative
and clinical

Inpatient stay
for COPD

32.5

17

Logistic
regression

—

—

—

—

0.72

3141
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a

Model

Data

Kerkhof
et al [33]

Research 16,565
and clinical

Chen et
al [34]

Research

Yii et al
[35]

Adminis- 237
trative
and clinical

Prevalence rate
of the
poor outcome (%)

Number
of features
checked

Classifica- Sensitiv- Specition algo- ity (%) ficity
rithm
(%)

PPVa
(%)

NPVb
(%)

AUCc

Two or more
1 year
exacerbations
(medication
change, ED visit, or inpatient
stay for COPD)

19.6

22

Logistic
regression

—

—

—

—

0.735

ED visit or inpa- 5 years
tient stay for
COPD

30.6

14

Cox pro- —
portional
hazard regression

—

—

—

0.74

Inpatient stay
for COPD

1.41 per
patient
year

31

Negative
binomial
regression

—

—

—

0.789

Number
Prediction tarof data in- get (outcome)
stances

1711

Zeng et al

Length of
the period
used to
compute
the outcome

1 year

—

PPV: positive predictive value.

b

NPV: negative predictive value.

c

AUC: area under the receiver operating characteristic curve.

d

ED: emergency department.

e

XGBoost: Extreme Gradient Boosting.

f

The performance measure is unreported in the initial paper describing the model.
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Table 9. A comparison of our final model and several prior models to predict severe chronic obstructive pulmonary disease (COPD) exacerbations in
patients with COPD (Part 2).
Length of
the period
used to
compute
the outcome

Prevalence rate
of the
poor outcome (%)

Number
of features
checked

Classifica- Sensitiv- Specition algo- ity (%) ficity
rithm
(%)

PPVa
(%)

NPVb
(%)

AUCc

1 year

5.1

278

XG-

91.17

13.7

98.83

0.866

Mixed ef- —f
fect logistic

—

—

—

0.77

30

Logistic
regression

—

—

—

—

0.749

6.63

30

Logistic
regression

—

—

—

—

0.711

1 year

—

30

Logistic
regression

—

—

—

—

0.801

Inpatient stay
for COPD

1 year

19.16

8

Logistic
regression

—

—

—

—

0.742

Inpatient stay
for COPD

1 year

—

4

Index

—

—

—

—

0.755

Research 7105
and clinical

Inpatient stay
for COPD

1 year

—

8

Negative
binomial
regression

—

—

—

—

0.64

Research

Inpatient stay
for COPD

1 year

4.3

23

Logistic
regression

—

—

—

—

0.706

Moy et al Research 167
[44]
and clinical

Inpatient stay
for COPD

4-21
months

32.9

6

Negative
binomial
regression

—

—

—

—

0.69

Briggs et
al [45]

Research

8802

Inpatient stay
for COPD

6 months 9
to 3 years

13

Cox pro- —
portional
hazard regression

—

—

—

0.71

Lange et
al [46]

Administrative
and research

6628

Medication
1 year
change or inpatient stay for
COPD

4.8

3

—
GOLDg
stratification

—

—

—

0.7

Abascal- Research 493
Bolado et and clinial [47]
cal

Inpatient stay
for COPD

1 year

—

8

Classifica- —
tion and
regression tree

—

—

—

0.70

BlancoAparicio
et al [48]

Research

ED visit for
COPD

1 year

21

12

Logistic
regression

—

—

—

—

0.651

Yoo et al
[49]

Research 260
and clinical

40.8

17

Logistic
regression

—

—

—

—

0.69

Model

Data

Number
Prediction tarof data in- get (outcome)
stances

Our final
model

Adminis- 43,576
trative
and clinical

EDd visit or inpatient stay for
COPD

Adibi et
al [36]

Research

2380

ED visit or inpa- 1 year
tient stay for
COPD

0.29 per
year

13

Stanford
et al [37]

Administrative

258,668

Inpatient stay
for COPD

1 year

8.5

Stanford
et al [38]

Administrative

223,824

Inpatient stay
for COPD

1 year

Stanford
et al [39]

Administrative

92,496

Inpatient stay
for COPD

Stanford
et al [40]

Administrative

60,776

Jones et
al [41]

Clinical

375

Jones et
al [42]

Fan et al
[43]

3282

100
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56.6
e

Boost

Medication
1 year
change, ED visit, or inpatient
stay for COPD
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Length of
the period
used to
compute
the outcome

Prevalence rate
of the
poor outcome (%)

Number
of features
checked

Classifica- Sensitiv- Specition algo- ity (%) ficity
rithm
(%)

PPVa
(%)

NPVb
(%)

AUCc

Niewoehn- Research 1829
er et al
and clini[50]
cal

Inpatient stay
for COPD

6 months

8.3

27

Cox pro- —
portional
hazard regression

—

—

—

0.73

Austin et
al [51]

Administrative

638,926

COPD-related
inpatient stay

1 year

—

34

Logistic
regression

—

—

—

—

0.778

Marin et
al [52]

Research

275

Inpatient stay
for COPD

6 months —
to 8 years

4

Logistic
regression

86

73

—

—

0.88

Marin et
al [52]

Research

275

ED visit for
COPD

6 months —
to 8 years

4

Logistic
regression

58

87

—

—

0.78

Ställberg
et al [53]

Adminis- 7823
trative
and clinical

COPD-related
inpatient stay

10 days

>4000

XGBoost

16

—

11

—

0.86

—

PPV: positive predictive value.

b

NPV: negative predictive value.

c

AUC: area under the receiver operating characteristic curve.

d

ED: emergency department.

e

XGBoost: Extreme Gradient Boosting.

f

The performance measure is unreported in the initial paper describing the model.

g

GOLD: Global Initiative for Chronic Obstructive Lung Disease.

Comparison With Prior Work
Researchers formerly created several models to predict severe
COPD exacerbations in patients with COPD [20-53]. Tables 8
and 9 present comparisons between our final model and these
models, which include all related models listed in the systematic
reviews by Guerra et al [96] and Bellou et al [97] as well as
several recent models that were published after the reviews.
Our final model predicted severe COPD exacerbations in the
next year. Every prior model for predicting severe COPD
exacerbations in the next year had an AUC ≤0.809, that is, at
least 0.057 lower than that of our final model. Compared with
the prior models for predicting severe COPD exacerbations
other than the model developed by Ställberg et al [53], our final
model used more extensive features with predictive power,
which helped improve model performance.
Our final model’s prediction target covered both future ED
visits and future inpatient stays for COPD, which we want to
use care management to prevent. Among all prior models, only
2 [34,36] had prediction targets covering both future ED visits
and future inpatient stays for COPD. Most of the prior models
predicted either only future ED visits [48,52] or only future
inpatient stays for COPD [20-22,24,25,28,30,32,35,37-45,
47,50-52]. This would be insufficient for preventing both future
ED visits and future inpatient stays for COPD. The other prior
models [23,26,27,29,31,33,46,49] had prediction targets
covering both moderate and severe COPD exacerbations, with
https://www.jmir.org/2022/1/e28953
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moderate COPD exacerbations typically referring to COPD
medication change such as the use of systemic corticosteroids.
These prediction targets were not specific enough for identifying
patients at the highest risk for care management because a care
management program can host only a small portion of patients
[17].
To make it suitable for use in daily clinical practice, our final
model was built on routinely available administrative and
clinical data. In comparison, the models developed by several
other research groups [23-31,33,34,36,42-50,52] used research
data, some of which are unavailable in usual clinical practice.
Thus, these models would be unsuitable for daily clinical use.
Our predictive model was developed to guide COPD care
management’s enrollment decisions and to prevent severe COPD
exacerbations. To give enough lead time for preventive
interventions to be effective and to use precious care
management resources well, we chose severe COPD
exacerbation in the next year as the prediction target. In
comparison, the model developed by Orchard et al [24] predicted
inpatient stays for COPD on the next day. If a patient will incur
an inpatient stay for COPD tomorrow, intervening starting from
today could be too late to avoid the inpatient stay. At present,
we are aware of no published conclusion on how long it will
take for any intervention to be effective at preventing severe
COPD exacerbations. In the studies by Longman et al [98] and
Johnston et al [99], several clinicians had expressed the opinion
that it could take as long as 3 months for any intervention to be
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effective at preventing inpatient stays for a chronic, ambulatory
care–sensitive condition. Our final model will have a different
clinical use from the models that make short-term predictions.
Foreseeing a severe COPD exacerbation in the next 12 months
would be useful for identifying and personalizing medium-term
interventions and maintenance therapies to change the course
of the disease. In comparison, foreseeing a severe COPD
exacerbation in the next 1 or few days can be useful for deciding
acute management approaches to improve outcomes, such as
preemptive hospitalization of the patient to avoid more severe
adverse outcomes, but would be inadequate for trying to improve
the course of the disease in a short amount of time. In fact,
treatment approaches proven to be effective at reducing severe
COPD exacerbations are usually not indicated for acute
management.

(AUPRC) is a better measure of overall model performance
than the AUC [101]. The AUPRC was reported for only the
model developed by Ställberg et al [53] among all the prior
models. Although the model developed by Ställberg et al [53]
had an AUC of 0.86, which is only slightly lower than that of
our final model, our final model had an AUPRC of 0.24 (95%
CI 0.18-0.31) that is 3 times as large as the 0.08 AUPRC of that
model. In addition, that model predicted COPD-related inpatient
stays, for which COPD can be any of the diagnoses, in the next
10 days. If a patient will incur an inpatient stay in the next 10
days, intervening starting from today could be too late to avoid
the inpatient stay. In comparison, our final model predicted ED
visits or inpatient stays with a principal diagnosis of COPD in
the next year, allowing more lead time for preventive
interventions to be effective.

Marin et al [52] built a model to predict inpatient stays for
COPD in up to the next 8 years with an AUC of 0.88 and a
separate model to predict ED visits for COPD in up to the next
8 years with an AUC of 0.78. An inpatient stay or an ED visit
that will happen several years later is too remote to be worth
using precious care management resources now to prevent.

Considerations for Future Clinical Use

For the patients with COPD who will have severe COPD
exacerbations in the future, sensitivity is the proportion of
patients whom the model identifies. The difference in sensitivity
could greatly affect hospital use. Our final model’s sensitivity
is higher than the sensitivities achieved by the models developed
by several other research groups [20-22,25,26,53]. Compared
with our final model, the models developed by Orchard et al
[24], Faganello et al [27], and Alcázar et al [28] each reached
a higher sensitivity at the price of a much lower specificity. For
each of these 3 models, if we adjust the cutoff threshold for
binary classification and make our final model have the same
specificity as that model, our final model would achieve a higher
sensitivity than that model. More specifically, at a specificity
of 60.02% (4410/7347), our final model achieved a sensitivity
of 90.1% (164/182), whereas the model developed by Orchard
et al [24] achieved a sensitivity of 80%. At a specificity of
73.3% (5385/7347), our final model achieved a sensitivity of
84.1% (153/182), whereas the model developed by Faganello
et al [27] achieved a sensitivity of 58.3%. At a specificity of
77.34% (5682/7347), our final model achieved a sensitivity of
81.9% (149/182), whereas the model developed by Alcázar et
al [28] achieved a sensitivity of 76.2%.
The prevalence rate of poor outcomes has a large impact on any
model’s PPV [100]. On our data set, where this prevalence rate
is approximately 5%, our final model reached a PPV of <14%.
In comparison, on a data set where this prevalence rate is
11.63%, the model developed by Annavarapu et al [20] reached
a PPV of 48.1%. On a data set where this prevalence rate is
6.4%, the model developed by Thomsen et al [23] reached a
PPV of 18%. On a data set where this prevalence rate is 39.4%,
the model developed by Alcázar et al [28] reached a PPV of
61.5%. In all 3 cases, the higher prevalence rates of poor
outcomes permitted the PPV to be larger.
Our data set is imbalanced, with only a small portion of patients
to have severe COPD exacerbations in the next year. For
imbalanced data sets, the area under the precision–recall curve
https://www.jmir.org/2022/1/e28953
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Our final model reached an AUC that is larger than every AUC
formerly reported in the literature for predicting severe COPD
exacerbations in the next year. Despite having a relatively low
PPV, our final model could still benefit health care for 3 reasons.
First, health care systems such as the UWM and Intermountain
Healthcare use proprietary models, which have similar
performance to the formerly published models, to allocate COPD
care management resources. Our final model had a higher AUC
than all formerly reported AUCs for predicting severe COPD
exacerbations in the next year. Hence, although we plan to
investigate using various techniques to further improve model
performance in the future, we think it is already worth
considering using our final model to replace the proprietary
models currently being used at health care systems such as the
UWM for COPD care management.
Second, we set the cutoff threshold for binary classification at
the top 9.99% (752/7529) of the patients with the largest
predicted risk. In this case, a perfect model would achieve the
theoretically maximum possible PPV of 24.2% (182/752). Our
final model’s PPV is 56.6% (103/182) of the theoretically
maximum possible PPV. In other words, our final model
captured 56.6% (103/182) of the patients with COPD who would
have severe COPD exacerbations in the next year. If we change
the cutoff threshold to the top 25% of the patients with the
largest predicted risk, the final model would capture 83%
(151/182) of the patients with COPD who would have severe
COPD exacerbations in the next year.
Third, a PPV at the level of our final model’s PPV is suitable
for identifying patients with COPD and at high risk for low-cost
preventive interventions such as arranging a nurse to further
follow up with the patient through phone calls, teaching the
patient to correctly use a COPD inhaler, teaching the patient
the correct use of a peak flow meter to self-monitor symptoms
at home, and enrolling the patient in a home-based pulmonary
rehabilitation program [102].
Our final model used 229 features. To ease clinical deployment,
we could reduce features, for example, to the top 19 with
importance values ≥1%. A feature’s importance value differs
across health care systems. If conditions permit, we should use
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a data set from the target health care system to compute the
features’ importance values and decide which features to retain.
Our final model was based on XGBoost [87], which leverages
the hyperparameter scale_pos_weight to balance the weights
of the 2 outcome classes in our data set [103]. The
scale_pos_weight hyperparameter was set by our automatic
model selection method [89] to a nondefault value to maximize
our final model’s AUC [104]. This caused the side effect of
greatly increasing our model’s predicted probabilities of having
future severe COPD exacerbations to values much larger than
the true probabilities [103]. However, it does not affect our
ability to identify the top portion of the patients with the largest
predicted risk for preventive interventions. If preferred, we
could forgo the balancing by keeping scale_pos_weight at its
default value 1. In this case, our model’s AUC would drop by
0.003 to 0.863 (95% CI 0.835-0.888), which is still larger than
every formerly published AUC for predicting severe COPD
exacerbations in the next year.

Limitations
This study includes several limitations that are worth future
work.
First, this study used solely structured data. It is worth
considering performing natural language processing to extract
features from unstructured clinical notes to improve model
performance. A model with higher performance can be used to
better facilitate COPD care management.
Second, this study used age, diagnosis codes, and medication
data to identify patients with COPD and used diagnosis codes
and encounter information to define the prediction target. One
can use age, diagnosis codes, and medication data to identify
patients with COPD reasonably well [56]; yet, diagnosis codes
were shown to have a low sensitivity in capturing inpatient stays
for COPD [105]. Our predictive model is likely to perform
poorly at finding those patients who would experience only
future inpatient stays for COPD that are not captured by our
current definition of the prediction target. We expect that this
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will not greatly affect our predictive model’s usefulness for
facilitating COPD care management. On the basis of our current
definition of the prediction target, >5% of the patients in our
data set had severe COPD exacerbations in the following year.
If fully captured by the predictive model, these patients would
have already exceeded the service capacity of a typical care
management program, which can take ≤3% of the patients [17].
In the future, one could consider adding both medication data
and information extracted from clinical notes through natural
language processing to better capture inpatient stays for COPD.
Third, this study used non–deep learning classification
algorithms. Deep learning has improved model performance
for many clinical predictive modeling tasks [106-111]. It is
worth investigating whether using deep learning can improve
model performance for predicting severe COPD exacerbations.
Fourth, this study used data from a single health care system:
the UWM. It is worth evaluating our model’s generalizability
to other health care systems. We are working on obtaining a
data set of patients with COPD from Intermountain Healthcare
for this purpose [112].
Fifth, our data set contained no information on UWM patients’
health care use at other health care systems. It is worth
evaluating how our model’s performance would change if data
on UWM patients’ health care use at other health care systems
are available.

Conclusions
This work improved the state of the art of predicting severe
COPD exacerbations in patients with COPD. In particular, our
final model had a higher AUC than every formerly published
model AUC on predicting severe COPD exacerbations in the
next year. After improving our model’s performance measures
further and using our recently published automatic explanation
method [95] to automatically explain the model’s predictions,
our model could be used in a decision support tool to guide the
use of care management for patients with COPD and at high
risk to improve outcomes.
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Abstract
Background: Digital technologies can enable rapid targeted delivery of audit and feedback interventions at scale. Few studies
have evaluated how mode of delivery affects clinical professional behavior change and none have assessed the feasibility of such
an initiative at a national scale.
Objective: The aim of this study was to develop and evaluate the effect of audit and feedback by digital versus postal (letter)
mode of delivery on primary care physician behavior.
Methods: This study was developed as part of the Veterans’ Medicines Advice and Therapeutics Education Services (MATES)
program, an intervention funded by the Australian Government Department of Veterans’ Affairs that provides targeted education
and patient-specific audit with feedback to Australian general practitioners, as well as educational material to veterans and other
health professionals. We performed a cluster randomized controlled trial of a multifaceted intervention to reduce inappropriate
gabapentinoid prescription, comparing digital and postal mode of delivery. All veteran patients targeted also received an educational
intervention (postal delivery). Efficacy was measured using a linear mixed-effects model as the average number of gabapentinoid
prescriptions standardized by defined daily dose (individual level), and number of veterans visiting a psychologist in the 6 and
12 months following the intervention.
Results: The trial involved 2552 general practitioners in Australia and took place in March 2020. Both intervention groups had
a significant reduction in total gabapentinoid prescription by the end of the study period (digital: mean reduction of 11.2%, P=.004;
postal: mean reduction of 11.2%, P=.001). We found no difference between digital and postal mode of delivery in reduction of
gabapentinoid prescriptions at 12 months (digital: –0.058, postal: –0.058, P=.98). Digital delivery increased initiations to
psychologists at 12 months (digital: 3.8%, postal: 2.0%, P=.02).
Conclusions: Our digitally delivered professional behavior change intervention was feasible, had comparable effectiveness to
the postal intervention with regard to changes in medicine use, and had increased effectiveness with regard to referrals to a
psychologist. Given the logistical benefits of digital delivery in nationwide programs, the results encourage exploration of this
mode in future interventions.
(J Med Internet Res 2022;24(1):e33873) doi:10.2196/33873
KEYWORDS
audit and feedback; digital health; precision public health; digital intervention; primary care; physician; health professional; health
education
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Introduction

Methods

Audit and feedback interventions can be effective tools to
promote evidence translation through professional behavior
change [1]. Audit and feedback interventions objectively
measure professional performance and create benchmarks
against professional standards. Development and dissemination
of audit and feedback interventions have benefited from
advances in information technology that have increased data
availability, decreased costs, and improved automation. As a
cost-effective and data-driven intervention, audit and feedback
seems well suited for migrating to a fully electronic mode of
delivery [2].

The Veterans’ Medicines Advice and Therapeutics
Education Services Program

Despite the potential advantages of electronic delivery, there is
a theoretical and evidence gap regarding the influence of
changing the mode of delivery on the efficacy of behavior
change interventions [3]. Previous studies of behavior change
interventions suggest that the mode of delivery may influence
the efficacy of behavior change techniques. The most likely
mechanism is a fundamental change in user experience, which
may elicit different responses [3]. Use of different modes of
delivery changes users’ experiences by creating new contexts
(eg, SMS text message sent at any given time versus scheduled
educational sessions), creating more personal experiences (eg,
face-to-face group sessions versus social media), and providing
new modes of interaction (eg, interactive computer interventions
versus printed material). A review on the use of behavior change
techniques for smoking cessation found a positive effect of the
techniques when delivered in person, but not when delivered
in writing [4]. Another review on internet-delivered behavior
change interventions found increased efficacy when using
additional modes of delivery, such as SMS text messages and
email communication [5]. However, further analysis of the same
data set did not find a synergistic effect between any
combination of mode of delivery and behavior change technique.
The authors suggest that having additional channels of delivery
may be beneficial, but were unable to recommend which modes
to use for particular behavior change techniques [6].
Evidence on the influence of digital delivery in audit and
feedback’s efficacy is also needed. A 2017 review of electronic
audit and feedback interventions found heterogeneous results
due to differences in the intervention implementation and the
underlying theory and context [7].
Following the suggestions put forward by [8], the aim of this
study was to evaluate the influence of delivering an audit and
feedback intervention by secure digital delivery to the clinical
desktop for integration to the patient care record, and compare
it to the same intervention delivered by post. The behavior
change goal was the reduction in gabapentinoid prescription.
Gabapentinoids are a group of medicines that includes
gabapentin and pregabalin. Evidence suggests these medicines
are often incorrectly prescribed in nonneuropathic pain [9], with
significant risk of serious side effects and potential for abuse
and misuse [10]. To test the efficacy of the digital intervention,
we (the authors) performed a cluster randomized trial of an
intervention aimed at reducing inappropriate prescription of
gabapentinoids by primary care providers.
https://www.jmir.org/2022/1/e33873
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The study is part of the Veterans’ Medicines Advice and
Therapeutics Education Services (MATES) program [11], which
is funded by the Australian Government Department of
Veterans’ Affairs and provides medicines advice and promotes
physician adoption of best practices. Since 2004, it has provided
repeated multifaceted interventions, composed of an audit and
feedback and educational component targeted at general
practitioners (GPs), with supportive educational material
provided to veterans, pharmacists, and other health
professionals. The intervention is informed by social cognitive
theory [12], the transtheoretical model [13], and the health
promotion model PRECEDE-PROCEED [14]. Between 2004
and 2021, the program delivered 62 distinct interventions to
GPs and veterans in all Australian states.
The intervention is developed in three sequential steps. The first
is an epidemiological analysis performed on a comprehensive
database containing administrative health claims data collected
by the Australian Government Department of Veterans’ Affairs
(DVA). The DVA claims database includes all health care
services and medicines funded by DVA, including outpatient
and hospital services, aged care, prescription medicines, allied
health services, and other health coordination and support
services.
The second step is the design of the educational component. It
involves clinicians, researchers, and veterans, and results in two
sets of educational materials. The first is targeted at GPs, and
describes scientific updates and therapeutic recommendations.
The second is targeted at veterans, and promotes general
awareness and practical guidelines for patients.
The third step is the development of the audit and feedback
component. The design process is also collaborative. The
intervention adopts evidence-based strategies listed in [15] to
improve effectiveness, such as authority (content endorsed by
a clinical DVA committee), focus on problems with larger scope
for improvement, and repeated feedback (topics are revisited
after a few years). It also incorporates behavior change
techniques such as heuristic techniques, goal setting, and
prompts, which have been shown to improve perceived
usefulness [16].

Digital Solution Design
The digital solution was conducted using a collaborative,
pragmatic approach, influenced by Greenhalgh et al’s [17]
Diffusion of Innovations Model, to develop a solution that could
be implemented at a national scale. We used a series of
stakeholder meetings scheduled as part of the Veterans’ MATES
program to map out context and understand adopters’ (ie, GPs’)
practices and preferences. The meetings involved funder (DVA)
representatives, clinicians, veteran representatives, and
information technology professionals.
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To develop the solution, some particularities of the Australian
health system and context were considered relevant, in
particular:
•

Reliance on primary care providers: The GP is the
gatekeeper of the Australian health care system. About 84%
of Australians see a GP every year, and 77% of patients
have a preferred GP [18].
Geographical distribution: GPs responsible for Australian
veterans are located in all parts of the country. There are
only a few GPs specialized in veteran care; most
professionals have less than a handful of veterans under
their care.
Technological readiness in primary care: Use of electronic
health records in primary care has been widespread in
Australia for at least 10 years [19]. Additionally, secure
messaging infrastructure is well established for receiving
laboratory test results.

•

•

The proposed solution is an adaptation of the 3 steps used by
Veterans’ MATES interventions, suited for a digital medium.
To identify individuals at risk of medication-related harm, the
solution uses a set of algorithms to extract information from
claims data (services and medicines) indicating phenotype
(which conditions affect the patient based on the resources they
use). These algorithms identify patients at risk, either due to
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long-term conditions, medicine use, or current events such as
medicine discontinuation.
To create the electronic messages, patient information extracted
from the claims database is embedded in a template to create
an audit and feedback document designed to promote
recognition of patient risk. The document uses behavior change
techniques, including prompts, goal setting, discrepancy between
current behavior and goal, information about health
consequences, and feedback on behavior; all of these techniques
have been shown to improve intervention usefulness [16].
Documents are created as PDF documents, encrypted, and
embedded in a Health Level Seven (HL7) version 2 file using
internally developed software. Audit and feedback documents
may contain complex graphical elements and may change
significantly according to patients’ conditions and suggested
recommendations. Therefore, we chose to initially develop
documents as HTML pages, which are then converted to PDF
format.
Finally, our investigation suggested the suitability of using an
existing secure message infrastructure to reach GPs. Encrypted
HL7 messages are sent to GP offices using a third-party provider
and then decrypted by the clinical software and incorporated
into the GP workflow. This solution adheres to many
determinants of innovation diffusion identified in [17], as shown
in Table 1.

Table 1. Determinants of innovation diffusion and predicted advantages of proposed solution.
Determinant of innovation

Predicted advantages of proposed solution

Relative advantage

Electronic messages are easier to read and act upon and less cumbersome than other communication means, such as
printed materials or telephone communication

Compatibility

The solution uses communication infrastructure already being used to receive laboratory test results, with minimal additional impact on clinician workflow

Complexity

The solution can be described by the three main processes (patient identification, message tailoring, and secure delivery),
which are understood by all stakeholders

Trialability

The solution was trialed in 3 small pilots and 1 randomized controlled trial before large-scale adoption

Risk

The solution has a relatively low cost and builds upon a 15-year program, reducing risk

Task issues

The solution is embedded in current workflow, with minimal task disruption

Augmentation/support

Each message is data driven, meaning it offers information related to a unique patient, also providing clear and unambiguous recommendations

Feasibility Studies
The most important implementation risk identified during the
initial stakeholder meetings was that the intervention could be
perceived as intrusive and disruptive to GP workflow. To
mitigate this risk, the solution was trialed in 3 sequential
small-scale pilots, taking place in April, July, and September
2019. The main goals of the pilots were the following:
1.

2.

Evaluate the technical feasibility. We measured the
proportion of messages acknowledged as successfully
received.
Reduce the risk of disrupting GP work practices. GPs
involved in the pilot could get in touch via a support email,
website, and telephone. Additionally, we sent an invitation
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to an online survey containing 16 questions about usability
and satisfaction.
The first pilot was planned as an opt-in trial, and GPs were
invited to participate by email (Multimedia Appendix 1). The
second pilot was planned as an opt-out trial, and GPs were sent
an email explaining the study and offering the opportunity to
be removed from the list. The final trial was planned as usual
service and preceded by a mailed information leaflet
(Multimedia Appendix 2).

Trial Design
To test the influence of mode of delivery on the effectiveness
of audit and feedback interventions, we performed a parallel,
cluster randomized trial of a computer-delivered intervention
to reduce inappropriate gabapentinoid prescription. The trial
J Med Internet Res 2022 | vol. 24 | iss. 1 | e33873 | p.1063
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was designed to compare the post-delivered intervention (usual
intervention as concurrent control) with the computer-delivered
intervention. Since the intervention targets GPs who may have
multiple veteran patients, we adopted a cluster design whereby
a GP received information for all of their patients in the
intervention by the same mode.

Setting

The intervention delivered via postal mode has been shown
effective in translating evidence in different domains [20]
including promoting medicine review [21], osteoporosis
screening [22], uptake of health services [23], reducing
inappropriate proton pump inhibitor use [24], and hypnotic use
for insomnia [25].

The Intervention

Participants
To be eligible for participation, both veterans and their primary
GP had to be eligible for the digital intervention. Eligible
veterans comprised active DVA clients that had 2 or more
gabapentinoid (either pregabalin or gabapentin) prescriptions
in a 4-month period (October 2019 to January 2020). Veterans
were also required to be resident in Australia, living in the
community setting (ie, not residing in aged care or other
long-term care facilities), and to not have previously requested
exclusion from Veterans’ MATES interventions for any reason.
GPs were eligible if they were identified as the primary GP of
one or more Australian veterans, and at least one of the veterans
was eligible for the intervention. Participant GPs were excluded
if they did not have installed capacity to receive secure
electronic messages from our partner message provider
(HealthLink Group Limited) or if they had previously requested
exclusion from Veterans’ MATES interventions for any reason.
To determine the primary GP for a given veteran, we developed
an algorithm based on prescriptions and outpatient services
provided. Providers were scored based on the number of
prescriptions and services provided, and weighted based on
recency of services to account for veterans changing providers.
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The trial was conducted across all Australian states and
territories. We determined patient eligibility by querying the
DVA claims database. Outcome data including service provision
and medicine dispensing were collected from the DVA claims
database.

GPs in the intervention arm received the intervention exclusively
in a digitally delivered format. It was sent via secure message
infrastructure directly to the GP’s clinic. Once received by the
practice, it is reviewed by a practice manager of the GP and
assigned to the appropriate patient. Once it is assigned, it can
be accessed in the electronic health record alongside pathology
reports and referral letters.
GPs in the usual care arm received the intervention by postal
service. This delivery contains both the audit and feedback
documents (for all selected veteran patients) and the educational
materials (including a copy of the material targeted at veterans).
Both sets of materials contained the same theoretical content
and personal information. Due to feedback from users, the
digitally delivered intervention was slightly modified to user
workflow. Since we could not deliver general educational
documents to the health record, the audit and feedback document
was enhanced to contain a link to the online educational material
(see Figure 1). Additionally, the single letter containing multiple
patients was segmented into one electronic document per patient.
Finally, a color chart was added at the top of the electronic
document to highlight different prescription patterns and help
GPs prioritize patients when receiving multiple documents.
Veterans in both the intervention and usual care arms received
educational material by post. The material can be found on the
Veterans’ MATES web page [26].
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Figure 1. Example of the intervention delivered to general practitioners (digital version).

Enrolment and Randomization
Following the eligibility criteria, all GPs acting as the main care
provider for an eligible patient (current gabapentinoid use) were
considered for recruitment. We excluded all practitioners not
found in the partner’s (Healthlink Group Limited) provider
directory, as they would be unable to receive secure electronic
messages. All eligible GP and patient pairs were included in
the study sample.
https://www.jmir.org/2022/1/e33873
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GPs were randomized 1:1 to intervention or usual care.
Randomization was block stratified by number of veterans under
care. Randomization numbers for each GP were computer
generated by a statistician who was not involved in enrolment.
Due to the highly automated nature of the intervention and data
collection (claims data), no further masking procedures were
performed.
An ethics protocol for the study was approved by the University
of South Australia Human Research Ethics Committee (ethics
J Med Internet Res 2022 | vol. 24 | iss. 1 | e33873 | p.1065
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
protocol P203/04) and the Australian Government Department
of Defence and Veterans’ Affairs Human Research Ethics
Committee (E016/007).

Outcomes
The primary outcomes were the change in average gabapentinoid
prescription during the study period, standardized as multiples
of the defined daily dose (DDD) per day, and the proportion of
veterans visiting a psychologist for the first time. Primary
outcomes were evaluated at 6 and 12 months.
Since the dosing of pregabalin and gabapentin are different, we
calculated DDD for each medicine and summed the results. To
remove the influence of extreme stockpiling and dispensing
data errors, patients with a DDD over 10 (10 times the defined
daily dose) were removed from analysis. The DDD was created
by the World Health Organization (WHO) as a comparative
unit of medicine use [27]. In this study, it allows the comparison
of different gabapentinoids, such as gabapentin and pregabalin.
The average daily DDD was calculated as per the following
formula:

The total mass amount was determined according to all claimed
prescriptions of gabapentin and pregabalin in the 3 months prior
to the intervention (January 3, 2020, to April 2, 2020) and in
the 6 months (July 3, 2020, to October 2, 2020) and 12 months
(January 3, 2021, to April 2, 2021) following the intervention.
Secondary outcome was the time to the first visit (face-to-face,
telephone, or video) with the primary provider. All outcome
measures pertain to the individual (patient).
We conducted a secondary analysis that can be divided into two
parts. First, we evaluated the overall intervention impact by
measuring changes in average gabapentinoid DDD before and
after the intervention. Furthermore, we evaluated whether the
dose of gabapentinoid (high, medium, or low) or concurrent
use of opioids influenced the efficacy of the different modes of
delivery. Veterans were considered to be on a high dose if the
average DDD in at least one month of the selection period was
>2. Veterans were considered to be on a low dose if the average
DDD in every month of the selection period was <0.25. Values
between those two values were considered to be a medium dose.

Statistical Methods
We analyzed data from services and medicines claims for all
enrolled patients who were alive at 12 months postintervention.
To account for the cluster design, we analyzed the primary
outcome using a linear mixed-effects model [28], with the GP
as the grouping variable. The effect of mode of delivery on
patients’ likelihood of visiting a psychologist was tested by
logistic regression, also using GP as the grouping variable. The
time to first GP visit was analyzed by survival analysis. Patients
were considered to have the “event” if they had an appointment
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with the targeted GP. Events were right censored at 3 months
(92 days). The relative effect of digital mode versus postal mode
was evaluated by a Cox proportional hazards model, with the
GP as cluster variable. Secondary analysis was performed by
univariate linear mixed-effects model, with the GP as grouping
variable. For all hypothesis tests, we considered a 95% CI
(P≤.05). All analysis was performed in Python 3.7 (The Python
Software Foundation). The main statistical libraries used were
Statsmodels (version 0.12) [29] and Lifelines (version 0.25.11)
[30].

Availability of Data and Material
The data that support the findings of this study are available
from the Australian Government DVA but restrictions apply to
the availability of these data, which were used under license for
this study, and so are not publicly available.

Results
Feasibility Studies
For the first pilot, a convenience sample of 75 GPs were sent
an email invitation to participate (opt-in), and 5 GPs agreed to
be included. For the second pilot, we selected a convenience
sample of 20 GPs who could opt out of the pilot. For the third
pilot, 189 messages were sent to GPs who had not participated
previously. We received 6 survey responses, and all responders
evaluated the usability as good (easy to read, correct
information) and were either likely or very likely to continue
to subscribe to future interventions. We received a single letter
advising a patient had recently switched medical providers.
Given the lack of negative feedback and positive survey
responses, the project leadership considered the pilot successful
and the intervention feasible, and approved the randomized
controlled trial.

Cluster Randomized Controlled Trial
A total of 3271 veterans were considered eligible for the
intervention, and 2552 GPs were identified as their main care
providers (Figure 2). After randomization, the intervention was
successfully delivered in March/April 2020. The postal
intervention was sent to GPs on March 19, 2020. The
computer-delivered intervention was delivered in three waves
(on March 23, March 25, and April 2, 2020).
Veterans randomized to either intervention arm had a similar
demographic profile (Table 2). The patterns of gabapentinoid
and opioid use were also similar.
By the end of the study, both intervention groups had a
significant reduction in gabapentinoid dispensing, as measured
by the change in average daily DDD from baseline to 12 months
(digital: mean reduction of 0.058, SD 0.38, or 11.2%, P=.004;
postal: mean reduction of 0.058, SD 0.37, or 11.2%, P=.001).
Figure 3 shows the trends in DDD before and after the
intervention.
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Figure 2. CONSORT (Consolidated Standards of Reporting Trials) flowchart. GP: general practitioner.

Table 2. Clinical and demographic data at baseline.
Baseline data

Postal intervention

Digital intervention

Number of participants

1466

1519

Age (years), mean (SD)

76.1 (14.6)

76.1 (14.5)

Male, n (%)

853 (58)

883 (58)

High

41 (3)

34 (2)

Medium

1188 (81)

1213 (80)

Low

237 (16)

272 (18)

590 (40)

636 (42)

Gabapentinoid dose at baseline, n (%)

Concurrent opioid use, n (%)
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Figure 3. Average daily DDD by intervention group. DDD: defined daily dose.

We found no difference between digital and postal mode of
delivery in reduction of gabapentinoid volume at 6 or 12 months
(Table 3). A greater proportion of veterans in the digital
intervention group saw a psychologist in the following 12
months (P=.02). Digital intervention promoted a small but
statistically significant (P=.04) effect of earlier GP visits
postintervention.

Veterans were segmented according to dose and concurrent
opioid use. Consistent with the results of the primary analysis,
no differences were found between the digital and postal
interventions in any subgroup analysis. Dose reduction was
more pronounced in high-dose gabapentinoid users, and there
was no observed reduction in the average dose of low-dose users
in either arm.

Table 3. Primary and secondary outcomes, by intervention arm.

a

Outcomes

Postal

Digital

P value

Average defined daily dose change (baseline to 6 months)

–0.030

–0.023

.61

Average defined daily dose change (baseline to 12 months)

–0.058

-0.058

.98

Percentage of new psychologist visits (baseline to 6 months)

1.0

1.3

.75

Percentage of new psychologist visits (baseline to 12 months)

2.0

3.8

.02a

Hazard ratio for general practitioner visit within 90 days (95% CI)

0.92 (0.85-0.99)

1 (reference)

.04a

P<.05.

Discussion
Principal Findings
In this study, we present the successful migration of a
paper-based national behavior change intervention into a digital
intervention. After a careful scaling of the intervention, ample
communication, and stakeholder support, we were able to
perform a large-scale randomized controlled trial covering all
Australian states. The trial showed that both paper and digital
https://www.jmir.org/2022/1/e33873

XSL• FO
RenderX

versions of an intervention composed of education and audit
and feedback was effective in reducing gabapentinoid
prescriptions for an Australian population. Additionally, it
showed that the digital intervention is equivalent to paper in
changing prescription patterns.
This study is one of the first to test the effect of mode of delivery
in a large-scale, precision public health intervention. The use
of a digital medium of delivery has several advantages over
conventional interventions, including the capacity for improved
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personalization and precision; improved automation; use of
predictive analytics for targeting; data analytics; and improved
interaction [31]. However, any new intervention may have
unforeseen consequences, and requires testing as with any other
new technology [32]. The digital media and paper version had
similar effectiveness for affecting medicine use, but this study
provides emerging evidence that digital intervention may be
superior for services that require referral.
Digital delivery changes how participants interact with and
experience the intervention. Integration with the patient
electronic health record reduces the effort required to create
new patient requests, such as actively inviting patients to a
follow-up appointment. Therefore, the incorporation of the
intervention in a clinician’s workflow may explain the increased
number of GP visits and psychologist referrals after the digital
intervention when compared to the usual intervention. Creating
a request to follow up a patient is easy to implement and unlikely
to cause significant disruption. In contrast, reducing the dose
of gabapentinoids, commonly indicated for pain, requires careful
consideration and close patient contact and participation. Our
results suggest that both postal and digital interventions are
effective in promoting dose change, but it is possible that the
digital medium advantage lies in creating triggers that can be
easily followed.
The timing of this study is an important limitation of this study,
as intervention delivery coincided with the initial restrictions
implemented in Australia in response to the COVID-19
pandemic in March 2020. The week of the intervention, several
policies to restrict gatherings and reduce risk of contagion were
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enacted [33], which influenced some of the metrics used in this
study. Medicine dispensing was likely affected, with stockpiling
occurring and a temporary lack of access. Additionally, many
clinics were closed to avoid waiting room risks, and
appointments via telehealth were funded by the Department of
Health. This may have influenced intervention effectiveness,
as the opportunity to adjust therapy was reduced; however, it
is unlikely to have affected the assessment of mode of delivery
as both arms of the trial would have been equally affected by
the COVID-19 restrictions. Postal mail services were fully
maintained during restrictions.
This study also provides a foundation for further research aimed
at improving the effectiveness of audit and feedback in public
health digital interventions. The effect size of conventional and
digital audit and feedback interventions is usually small [1,7],
and a clear methodology to improve effect remains an open
question. Effect may be influenced by factors related to the
recipient (eg, GP), behavior, or content and delivery of the
intervention [34]. Using digital media enables nationwide
programs such as Veterans’ MATES to contribute to such
research by creating repeated interventions at lower cost, with
greater speed and precision.

Conclusion
This study showed a digitally delivered professional behavior
change intervention had comparable effectiveness to a postal
intervention and superior efficacy for referral services. Given
the logistical benefits of digital delivery in nationwide programs
(cost, speed, and precision), the results encourage exploration
of this mode in future interventions.
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Abstract
Background: The amount of available textual health data such as scientific and biomedical literature is constantly growing and
becoming more and more challenging for health professionals to properly summarize those data and practice evidence-based
clinical decision making. Moreover, the exploration of unstructured health text data is challenging for professionals without
computer science knowledge due to limited time, resources, and skills. Current tools to explore text data lack ease of use, require
high computational efforts, and incorporate domain knowledge and focus on topics of interest with difficulty.
Objective: We developed a methodology able to explore and target topics of interest via an interactive user interface for health
professionals with limited computer science knowledge. We aim to reach near state-of-the-art performance while reducing memory
consumption, increasing scalability, and minimizing user interaction effort to improve the clinical decision-making process. The
performance was evaluated on diabetes-related abstracts from PubMed.
Methods: The methodology consists of 4 parts: (1) a novel interpretable hierarchical clustering of documents where each node
is defined by headwords (words that best represent the documents in the node), (2) an efficient classification system to target
topics, (3) minimized user interaction effort through active learning, and (4) a visual user interface. We evaluated our approach
on 50,911 diabetes-related abstracts providing a hierarchical Medical Subject Headings (MeSH) structure, a unique identifier for
a topic. Hierarchical clustering performance was compared against the implementation in the machine learning library scikit-learn.
On a subset of 2000 randomly chosen diabetes abstracts, our active learning strategy was compared against 3 other strategies:
random selection of training instances, uncertainty sampling that chooses instances about which the model is most uncertain, and
an expected gradient length strategy based on convolutional neural networks (CNNs).
Results: For the hierarchical clustering performance, we achieved an F1 score of 0.73 compared to 0.76 achieved by scikit-learn.
Concerning active learning performance, after 200 chosen training samples based on these strategies, the weighted F1 score of
all MeSH codes resulted in a satisfying 0.62 F1 score using our approach, 0.61 using the uncertainty strategy, 0.63 using the
CNN, and 0.45 using the random strategy. Moreover, our methodology showed a constant low memory use with increased number
of documents.
Conclusions: We proposed an easy-to-use tool for health professionals with limited computer science knowledge who combine
their domain knowledge with topic exploration and target specific topics of interest while improving transparency. Furthermore,
https://www.jmir.org/2022/1/e27434
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our approach is memory efficient and highly parallelizable, making it interesting for large Big Data sets. This approach can be
used by health professionals to gain deep insights into biomedical literature to ultimately improve the evidence-based clinical
decision making process.
(J Med Internet Res 2022;24(1):e27434) doi:10.2196/27434
KEYWORDS
evidence-based medicine; clinical decision making; clinical decision support; digital health; medical informatics; transparency;
hierarchical clustering; active learning; classification; memory consumption; natural language processing

Introduction

be combined with a clustering algorithm such as K-means [25]
to cluster documents [9].

Clinical Decision Support Systems for Literature
Summary

However, these algorithms suffer from several limitations. In
most clustering algorithms, the number of topics to be
determined must be defined beforehand [26]; topic models lack
scalability, and applied on large corpora, they are memory
intensive [27]. As these topics are synthetic, they do not take
prior knowledge of humans regarding the corpus domain into
consideration [27]. Furthermore, topic models and most
clustering algorithms are static systems. It is not possible to add
more documents with time to the model without a complete
retraining. Last, these models are not interactive in the sense
that a user can influence and act on the topic exploration.

Evidence-based medicine combines clinical experience with
the value of the patient and the best available research
information to guide decision making about clinical management
[1]. In order for health care professionals to practice
evidence-based medicine for clinical decision making properly,
efficient literature search skills are necessary [2], yet limits in
time, knowledge, or skills are frequent barriers [3], explaining
why only 1 in every 5 medical decisions is based strictly on
evidence [4]. Clinical decision support systems offer a
possibility to assist health professionals in improving health
care delivery by enhancing medical decisions with targeted
clinical knowledge, patient information, and other health
information [5]. However, major challenges for efficient clinical
decision support are using clinical knowledge such as extracted
free-text information and transforming it into a usable form and
mining large clinical databases to create new clinical decision
support [6]. High-quality clinical decision support capabilities
for clinicians are needed to appropriately interpret the
exponentially growing data [6,7], such as electronic health
records, laboratory results, doctor-patient interactions, social
media, and biomedical literature [8-11], to improve clinical
knowledge in the decision process.

Machine Learning to Analyze Textual Data
Machine learning and in particular natural language processing
(NLP) techniques offer a solution to transform these health data
into actionable knowledge [12] such as disease phenotypes,
patient cohort identification [13,14], and decision support [15].
Despite the progress of machine learning techniques, the
adoption of these methods in real practice is limited when the
models lack interpretability and explainability, which are
essential in the health care domain [16,17], or when models are
challenging to apply for people with limited computer science
skills [18]. In addition, many of the existing machine learning
approaches to biomedical data analysis do not make the effort
to integrate available expert knowledge into their models to
improve model interpretability [19].
Well-established methods to explore unstructured textual
information are topic models, such as latent Dirichlet allocation
[20], which connect documents that share similar patterns and
discover patterns of word use. Alternatively, word embeddings
such as Word2Vec [21,22], FastText [23], or Bidirectional
Encoder Representations from Transformers (BERT) [24] can
https://www.jmir.org/2022/1/e27434
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Objectives
In this paper, we propose an online decision support algorithm
that provides a way for nonexperts, people without computer
or data science knowledge, to discover topics of interest and
classify unstructured health text data. We propose a single
methodology for biomedical document classification and topic
discovery that improves interpretability, (2) we provide an
open-source tool for users without programming skills that can
run on machines with limited calculation power and on big data
clusters, and (3) we evaluate this methodology on a real-world
use case to show it can reach a near state-of-the-art performance
when compared with noninteractive and noninterpretable
systems.
With our methodology, we aim to analyze a wide set of different
clinical texts in different scenarios. Scientific interest over time
based on publications or the evolution of public health opinion
in social media can be evaluated as our approach is dynamic in
the sense that new documents can easily be added to the model
allowing the analysis over time. Furthermore, the combination
of free text and multiple-choice answers on surveys or extracting
cohort participant opinions from free-text content such as
questionnaires can be studied. Another use case will be the
classification of medical-related documents such as medical
records, reports, and patient feedback.
The aim of this study is not to set a new benchmark in terms of
performance but rather to tackle the existing limitations of NLP
approaches in terms of usability in the health care domain to
ultimately improve the literature exploration in the clinical
decision-making process.
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Methods
High-Level Overview
In the proposed methodology, documents are clustered in a
hierarchical tree in a top-down fashion. A user alters this tree
in an iterative process via an interactive user interface until a
user-defined clustering solution of the documents is obtained.
A high-level overview of this process is shown in Figure 1. Two
types of nodes, clustering and classification, exist in the tree.
A clustering node splits documents in an unsupervised way
based on automatically detected headwords best describing the
overall documents that have passed through it. Classification
nodes are placed at the top of the tree via user interaction as
users discover topics being represented by positive and negative
training instances, discovered by exploration, describing a
user-defined concept. A classification node is a binary machine
learning algorithm acting as a barrier that lets documents pass
to the underlying nodes only if they correspond to the defined
concept.
In step 0, all documents start at the root node, referred to as “In
Scope.” The documents are then streamed one by one to
construct the tree from the top to the bottom. The initial built
tree consists of the root node, and all underlying nodes are
clustering nodes. This fully automatic hierarchical procedure
is detailed in the next section. Based on the clustering tree
created, at each iteration a user starts exploring the tree and tries
to identify a clustering node that summarizes a specific topic
or concept via the interface, which provides information about
the headwords and most important documents for each clustering
node. When such a node is identified (eg, a node regrouping
documents referring to type 2 diabetes), the user first creates a
classifier node through the interface. The user then chooses
sample documents that refer to type 2 diabetes (the positive
instances) and sample documents that do not refer to type 2
diabetes (the negative instances). These instances will serve as
training data for the underlying machine learning classifier of
the classifier node. At the end of an iteration, the classifier nodes
are trained and a new clustering tree is built, taking the trained
classifiers into consideration. The idea is that each classifier
groups together the documents corresponding to its user-defined
concept or theme in the subtree below it. In this subtree, the
documents continue to be clustered, allowing the exploration
of subconcepts. At the next iteration, the user can explore the
newly created tree, create new classifiers, choose training
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instances, and fix possible misclassifications via the interface.
A sample iteration is shown in Figure 2, where a user identifies
a cluster node referring to type 2 diabetes and creates a classifier
node in the following iteration.
At each iteration, several classifier nodes can be created.
Classifier nodes are always children of another classifier node
near the top of the tree and start with a single clustering node
child. With this active interaction between the user and the
system, each iteration improves the performance of the classifier
nodes, resulting in a better regrouping of similar documents and
finally leading the model to converge toward a better
user-defined solution. The results of this interactive process are
a fine-tuned visualization tool for a given corpus or domain and
a cascade of classifiers able to drive new documents to the most
appropriate node of the tree.
Figure 3 illustrates a sample tree obtained after several iterations
containing classifier nodes at the top of the tree and clustering
nodes that continue to cluster documents. NLP methods were
applied to represent documents and words. Word embeddings
were used that transform each word into a vector representation
[21,22]. A useful property of these word vector representations
is that words similar in semantics are also close in this word
vector space. Cosine similarity, a widely used metric in text
analysis, was used as the distance measurement to decide
whether 2 words were similar in semantics [28,29]. To determine
if 2 documents were similar, the average over the word vectors
of the documents were compared.
In the following sections, our approach is detailed in 4 parts:
(1) a novel hierarchical clustering algorithm that processes
documents in a streaming fashion; (2) user-defined classifiers
to target topics; (3) a visual user interface through which the
user explores the tree, annotates documents, and corrects
misclassifications; and (4) a fully parallelizable interactive and
iterative process leading to an accelerated convergence and
minimized user annotation effort by combining the interpretable
tree structure with active learning.
The methodology is implemented in the programming language
Scala and the large-scale data processing framework Apache
Spark. The word embeddings are streamed using Apache
Lucene. The visual interface was created using the JavaScript
language and the visualization library D3. The client server
interaction is implemented using the open source toolkit Akka.
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Figure 1. Overview of user interaction with the visual interface. SVM: support vector machine.

Figure 2. Iterative user interaction via the user interface following the 3 steps of exploring, annotating, and reiterating. To simplify, in iteration 1, no
more classifiers are created. In a real-case scenario, a user usually defines several classifiers in the first iterations.
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Figure 3. Classification and clustering tree after several iterations.

Hierarchical Clustering
Hierarchical clustering is a form of clustering in which the
solution is presented in the form of trees. The different levels
of the tree represent different levels of abstraction of the data.
The consistency of the clustering solution at different levels of
granularity allows flat partitions of different granularity to be
extracted during data analysis, making them ideal for interactive
exploration and visualization [30]. In many practical
applications, it is more natural to discover the underlying
structure of the data in a hierarchical manner rather than a flat
one [31,32].
In our approach, the hierarchical clustering starts with a single
clustering node that processes documents one by one leading
to the creation of a binary tree structure where each node splits
into two child nodes. During iterations, it is also possible to
create several child nodes for a node through user interaction
when classifier nodes are created. The tree is not equilibrated
resulting in leaf nodes at different depths of the tree as some
nodes stop splitting into children earlier than others.
A key feature of our algorithm is that each document is
processed individually, avoiding keeping all documents in
memory or needing to know their total number, leading to a
radical gain in memory use. This feature allows our approach
to be dynamic, as more documents can be added over time
allowing the study of cluster dynamics and evolution over time.
A clustering node is defined by headwords, which are the words
that best represent the documents having descended the node.
A clustering node can be split into further clustering nodes.
Intuitively, the headwords of a node aim to summarize its
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documents. The objective is that a person could read the
headwords and have an immediate understanding of the included
documents, which considerably improves interpretability. We
try to capture this notion by using the word embeddings
semantic features and finding a set of tokens for which the sum
of its word embeddings will be as close as possible to the sum
of word embeddings of all tokens on all documents that went
through the node. The semantic similarity of words is measured
using cosine similarity.
To decide which path the document takes in the clustering
process, given a document at a clustering node, it is compared
to both clustering node children and associated to the one with
the highest children score. This score is obtained by aggregating
scores of each token based on the cosine similarity to its closest
headword in the child nodes. For more information on the score
calculation, please see Multimedia Appendix 1.
Each document traverses the tree and finds its way through
comparison against the headwords of each node. If a document
has reached a clustering node that is a tree leaf, two new
clustering children are created and the document is then
compared to the headwords to determine the child to which the
document will be associated. Clustering node children will only
be created when a minimum number of documents (default: 50)
have passed the parent. The tree building continues until a
user-defined number of maximal nodes is reached. After all
documents have been processed to build the tree, the entire
procedure is repeated, the documents are sent again one-by-one,
such that headwords keep improving as long as the sum of all
headword scores reaches a local maximum. Figure 4 provides
an example of a real clustering node with its children and sample
documents.
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Figure 4. Real clustering example of a node, showing the headwords of its children. For each child, 3 sample titles of an abstract are provided. Note:
only the titles and not the entire abstract are shown due to limited space.

Hierarchical Clustering Evaluation
As we use clustering as an exploration tool, our evaluation
approach focuses on the overall quality of generated cluster
hierarchies. One measure that takes into account the overall set
of clusters represented in the hierarchical tree is the F1 score
as introduced by Larsen and Aone [33] and used by Zhao and
Karypis [30]. A detailed view of this score is provided in
Multimedia Appendix 2.

Classification
A classifier node represents a user-defined topic. Internally, a
support vector machine [34] classifier is embedded and predicts
whether a document can be associated to the user-defined topic.
Support vector machines have been shown to work well on
textual data [35-37]. The classifier node acts as a filter and lets
only these documents classified as the user-defined topic pass
to the underlying nodes, where clustering continues.
The root node of each tree is a special “In Scope” classifier
node. Using their domain knowledge, the user defines words
that may represent what they are looking for and other words
that may seem relevant. Assuming that a user expects to discover
topics related to diabetes, possible words used as positive
instances might be diabetes, insulin, hypoglycemia, pain,
treatment, and risk. By default, stopwords such as and, of, or,
and for are predefined as negative training examples. Based on
the predefined words, the “In Scope” classifier is trained and
used to separate locally relevant documents and noisy or
irrelevant documents. Iteration 0 in Figure 2 illustrates the initial
tree.
The user starts exploring the tree via the interface and tries to
identify a clustering node that might represent a topic of interest
based on headwords and most important documents. Targeting
https://www.jmir.org/2022/1/e27434
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such a node k leads to the creation of a classifier node at the top
of the tree, a clustering node child under the created classifier
node, and a clustering node brother on the same level as the
classification node as depicted in iteration 1 in Figure 2. A user
chooses appropriate documents serving as positive and negative
instances to train the classifier. When the tree is built again,
each document entering the tree will first be fed to the type 2
classifier node. If the classifier predicts the document is related
to type 2, the document passes the classifier node to its
clustering node child. If the classifier rejects the document, the
document is redirected to the clustering node brother, where
clustering continues.
Iteration 1 in Figure 2 shows the purity of some nodes with
regard to the proportion of documents related to type 2 diabetes
in light red. Ideally, the nodes under a classifier only group
documents relevant to the user-defined topic. In practice, and
especially in the first iterations, this is not the case, as only a
few instances served to train the classifier, affecting prediction
performance. The user can interact with the interface to improve
the classifier performance in 2 ways:
•

•

Correcting misclassifications in the nodes under a classifier
(by moving those documents to the negative training
instances)
Focusing on other parts of the tree that may contain
documents related to type 2 that were not recognized by
the classifier (to add them as positive training instances)

At the end of each iteration, the classifiers are retrained with
the updated dataset, resulting in a steadily improving
classification performance. During the exploration, if a user
identifies a subtopic of an already created classifier, they can
create a classifier child under a classifier node (Figure 3). In
this iterative cycle, the user continues to create classifiers,
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choose appropriate documents to train the classifiers, and correct
misclassifications. This process eventually converges to form
a user-desired clustering solution of topics of interest. A
classifier node can increase its training set by using training
instances of its surrounding classifiers. For more details, please
see Multimedia Appendix 3.

Interactive Interface
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nested circles (Figure 5). Moreover, each node provides
information about its headwords and lists the sentences that run
through this node ordered from the most to the least
representative document. This order can also be reversed. On
the bottom left, the documents for each node are shown. The
colored nodes represent classifier nodes. Through the
visualization, the transparency and interpretability of our
methodology will be improved.

An interactive interface has been developed in D3, jQuery, and
JavaScript that visualizes the hierarchical clustering tree via
Figure 5. Visual user interface where colored circles represent user-defined topics (classifiers). Clicking on one of the nodes zooms into the node and
shows the documents of the node on the bottom left. The headwords are shown in the white circles for each node.

Active Learning
Manual annotation is critical for the development and evaluation
of machine learning classifiers to target topics. However, it is
also time-consuming and expensive and thus remains
challenging for research groups [38,39]. Active learning is a
sample selection approach in the machine learning field that
aims to minimize the annotation cost while maximizing the
performance of machine learning–based models by choosing
the training data in a smart way [40]. In active learning, only
the most informative instances from an unlabeled dataset are
selected to be labeled by an oracle (ie, a human). By choosing
which instances should be labeled, an active learning algorithm
can reduce time, effort, and resources needed to train a
predictive model. This approach is attractive in scenarios where
unlabeled data are widely available but labels are expensive.
Several strategies exist to evaluate the informativeness of
unlabeled data and choose training data [40]. Simplest and most
commonly used is uncertainty sampling, in which the active
learner chooses the instance about which it is the least certain
how to label [41]. For example, for a binary probabilistic
classifier, uncertainty sampling queries the instances where the
posterior probability of being positive is nearest to 0.5. Other
strategies used less often are the more theoretically motivated
query-by-committee strategy [42] and the decision-theoretic
approach in which the model selects the instance that would
impart the greatest change to the current model if its label were
known [43]. Active learning has been applied widely to textual
https://www.jmir.org/2022/1/e27434
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data [35,44,45] and in clinical NLP [39,46]. Lu et al [47] showed
that using modern word embeddings (Word2Vec, FastText,
BERT) achieves significant improvement over more commonly
used vector representations such as bag of words.
In this paper, we explore how our approach benefits from the
combination of the active learning strategy uncertainty sampling
and the hierarchical tree structure to minimize the user
annotation effort and rapidly converge toward a user-guided
clustering solution.
We developed an active learning strategy to automatically
choose the best training instances for a given class, a Medical
Subject Headings (MeSH) code in our case, by selecting
documents from deeper levels of the tree. Figure 6 illustrates
the details of the strategy for the MeSH code type 1 diabetes.
In the first iteration, the tree is built containing only clustering
nodes and followed by the creation of the type 1 classifier, which
has no training instances yet. The depth level Dmax, which is
the level containing the most nodes in the tree, is then
determined, and from each of those nodes, documents are chosen
randomly consecutively. The parameter batchSize defines the
number of chosen documents per iteration (default: 50). The
first 50 documents will serve as initial instances to train the
classifier node for the next iteration. In the next iteration, the
tree is rebuilt taking the classifier with its instances into
consideration leading to the tree in Figure 6. The tree can be
separated into a positive tree (the subtree under the classifier,
which concentrates documents of a specific topic: in this
J Med Internet Res 2022 | vol. 24 | iss. 1 | e27434 | p.1079
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example, type 1) and a negative tree (under the clustering brother
of the classifier, which concentrates documents that don’t refer
to the class type 1). Usually the negative tree is larger as it
concentrates documents from all other classes (MeSH codes).
The idea is to add 25 (batchSize/2) documents as new training
instances from each of the two subtrees. Similar to the first
iteration, in both subtrees, the level Dmax is identified and
documents are chosen following the uncertainty sampling
strategy contrary to the random selection of documents. From
each node, the document the model is the most uncertain about
to be of the specific class C is selected and added as a training
instance. The assumption behind picking training instances from
the level containing the most nodes is that documents in those
nodes are best distributed in the vector space, which
consequently provides well-distributed instances and avoids
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instances of being too similar. A concrete selection process on
the positive tree is shown in Figure 6. Level Dmax contains the
nodes A, B, C, and D. In this example, the documents are chosen
consecutively from these 4 nodes, which the model is most
uncertain about. Uncertainty is measured as a prediction
probability of being closest to 0.5.
The user has the choice of applying the automatic active learning
strategy or the manual uncertainty sampling active learning
strategy via the interface. In the interface, each node shows the
headwords and documents in the node. The documents can be
ordered from highest to lowest (to determine which documents
are the most representative of the node) or lowest to highest (to
determine the documents about which the model is most
uncertain); the user can subsequently choose training instances
based on these documents.

Figure 6. In active learning strategy, the positive tree is the subtree under the classifier node type 1, and the negative tree is the subtree under its
clustering brother. On the left side, a sample of the document selection process is provided.

Active Learning Evaluation

conclusions. Hence, we evaluated our active learning method
on accuracy, precision, recall, and F1 score.

Performance is addressed for each MeSH code individually.
Given a MeSH code, all associated documents are considered
the positive class while all other documents are considered the
negative class. This leads to highly imbalanced datasets for
most MeSH codes. Thus, it is also interesting to inspect the
number of positive instances each strategy is able to detect.

The proposed methodology is embedded in an open source tool
called Feedback Explorer (MadCap Software Inc). A video
illustration of how Feedback Explorer functions is provided in
a short video in Multimedia Appendix 4.

A random subset of 2000 documents is chosen and randomly
split into a training and test set of 1000 abstracts each. We
evaluated the performance for 50, 100, 150, and 200 training
instances per strategy to see if an increased performance can be
observed in the first iterations. In the literature, most proposed
active learning methods evaluated their performance only on a
single measure, accuracy. However, Ramirez-Loaiza et al [48]
showed that choosing only one metric to measure active learning
performance can lead to unexpected and unwarranted
https://www.jmir.org/2022/1/e27434
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Results
Overview
In this section, we compare our hierarchical clustering and our
active learning algorithm to the most popular existing
algorithms. To that aim, we use a labeled classification dataset
to assess the quality of our outcomes. The purpose of this study
is not to establish a new state of the art but rather to show that
our algorithm reaches near state-of-the-art performance while
addressing the above-mentioned limitations of current systems
J Med Internet Res 2022 | vol. 24 | iss. 1 | e27434 | p.1080
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such as usability for nonexperts, memory consumption, and
lack of interpretability.

Data
PubMed abstracts were downloaded from the US National
Library of Medicine to test our algorithm [49]. In this corpus,
abstracts are already classified in a hierarchical manner via
MeSH codes [50]. We focused only on diabetes abstracts. Each
selected abstract contained at least one diabetes MeSH code,
which is an identifier for a topic. Due to a memory limitation
of 30 GB for our analyses, we further reduced the dataset to be
able to compare against more memory-intensive algorithms. To
establish the maximum number of abstracts our system could
handle, we started by setting the threshold at 1000, indicating
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the maximum number of abstracts per MeSH code. MeSH codes
with fewer abstracts than the given threshold were fully
included; otherwise a random sample of 1000 abstracts was
chosen. We steadily increased this threshold by 1000 abstracts
each iteration and reached a maximum threshold that our system
could handle of 5000 abstracts per MeSH code. Table 1 provides
an overview over all MeSH codes and the number of documents
included for each code. The abstract publication dates range
from 1949 to 2020.
In order to transform words into vectors, we used the biomedical
word embeddings trained on biomedical texts from
MEDLINE/PubMed [51], which are well adapted to our use
case.

Table 1. Diabetes related MeSHa codes with number of documents per MeSH code.
Diabetes mellitus (C19.246)

N

Diabetes complications (C19.246.099)

5000

Diabetic angiopathies (C19.246.099.500)

3026

Diabetic foot (C19.246.099.500.191)

4424

Diabetic retinopathy (C19.246.099.500.382)

5000

Diabetic cardiomyopathies (C19.246.099.625)

386

Diabetic coma (C19.246.099.750)

97

Hyperglycemic hyperosmolar nonketotic coma (C19.246.099.750.490)
Diabetic ketoacidosis (C19.246.099.812)

1308

Diabetic nephropathies (C19.246.099.875)

5000

Diabetic neuropathies (C19.246.099.937)

3662

Diabetic foot (C19.246.099.937.250)

4424

Fetal macrosomia (C19.246.099.968)

1282

Diabetes, gestational (C19.246.200)

5000

Diabetes mellitus, experimental (C19.246.240)

5000

Diabetes mellitus, type 1 (C19.246.267)

5000

Wolfram syndrome (C19.246.267.960)
Diabetes mellitus, type 2 (C19.246.300)
Diabetes mellitus, lipoatrophic (C19.246.300.500)

a

97

228
5000
85

Donohue syndrome (C19.246.537)

39

Latent autoimmune diabetes in adults (C19.246.656)

16

Prediabetic state (C19.246.774)

1261

MeSH: Medical Subject Headings

Hierarchical Clustering
We compared the hierarchical clustering part of Feedback
Explorer with the hierarchical agglomerative clustering (HAC)
algorithm. This algorithm has been implemented in several
open-source libraries; we used the implementation in the popular
machine learning library scikit-learn with complete linkage
criterion, which provides an efficient hierarchical clustering
algorithm [52].
For an equal comparison we ran both algorithms with two
configurations, one with 32 leaf nodes and one with 64. We ran
https://www.jmir.org/2022/1/e27434
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Feedback Explorer’s clustering 10 times with random document
order due to its streaming character which leads to different
clustering solutions for a different order of documents. The F1
scores for the HAC algorithm were 0.76 for the 32 leaf nodes
and 0.77 for the 64 leaf nodes, whereas the F1 scores for the
Feedback Explorer clustering were 0.73 (95% CI 0.712-0.757)
for the 32 leaf nodes and 0.74 (95% CI 0.717-0.760) for the 64
leaf nodes. Confidence intervals are not needed for the HAC
algorithm as it is stable. In both cases, the HAC performance
was superior; nevertheless, the F1 score for our approach with
0.73 and 0.74 comes close to the HAC performance.
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Active Learning
To address the active learning classification performance, we
compared 4 strategies. The first was the random strategy, in
which the algorithm chose the documents randomly to train the
classifier, followed by the uncertainty sampling strategy, in
which the model chose the instances about which it was most
uncertain [41]. Third was the Feedback Explorer strategy,
introduced earlier in Methods. The fourth and last strategy,
introduced by Zhang et al [45], combined convolutional neural
networks [53] with the active learning strategy expected gradient
length to classify text. Their proposed strategy selected
documents if they contained words that were likely to most
affect the word embeddings. This was achieved by calculating
the expected gradient length with respect to the embeddings for
each word [54]. The code of this approach is provided on
GitHub by the authors [55].
Table 2 provides a performance overview over all MeSH codes
(weighted average of accuracy, precision, recall, F1 score). The
average confusion matrices over all MeSH codes for each
strategy can be found in Multimedia Appendix 5. The scores

after 200 training instances are similar within the 3 nonrandom
approaches.
However, these averaged values mask the important variations
of these systems depending on the MeSH codes they consider.
In particular, MeSH codes with only a few relevant documents
generally lead to very low performance. For a detailed overview
of all MeSH codes, please refer to the table in Multimedia
Appendix 6. For some MeSH codes, Feedback Explorer’s
strategy shows the highest performance after 200 iterations
while for others the methods by Zhang et al [45] is superior.
However, both strategies are similar in most cases. Multimedia
Appendix 7 highlights specific results for 3 MeSH codes and
additionally shows information about the positive and negative
number of instances in the training set. For the MeSH code
diabetes complications (D048909), Feedback Explorer reaches
the highest performance after 200 training instances; for the
MeSH code diabetic angiopathies (D003925), the method by
Zhang et al [45] achieved best performance. The last MeSH
code, diabetic cardiomyopathies (D058065), shows bad results
for all strategies as only very few positive documents are
contained in the dataset.

Table 2. Weighted average of active learning performance over all Medical Subject Headings codes.
# training data Random

a

Uncertainty sampling

CNNa Zhang

Feedback Explorer

Accb Precc Recd

F1e

Acc

Prec

Rec

F1

Acc

Prec

Rec

F1

Acc

Prec

Rec

F1

50

0.87

0.62

0.57

0.51

0.83

0.56

0.60

0.50

0.88

0.63

0.44

0.49

0.81

0.24

0.31

0.20

100

0.86

0.62

0.51

0.49

0.88

0.68

0.64

0.62

0.90

0.71

0.51

0.56

0.86

0.39

0.59

0.42

150

0.88

0.68

0.46

0.47

0.90

0.75

0.62

0.63

0.90

0.75

0.59

0.60

0.88

0.52

0.72

0.55

200

0.89

0.62

0.43

0.45

0.91

0.77

0.53

0.61

0.91

0.71

0.58

0.62

0.90

0.58

0.79

0.63

CNN: convolutional neural network.

b

Acc: accuracy.

c

Prec: precision.

d

Rec: recall.

e

F1: F1 score.

Memory Consumption
Figure 7 provides an overview of the memory consumption in
MB and execution time in minutes. Increasing the number of
documents hardly changes the memory consumption for
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Feedback Explorer whereas HAC memory use grows
exponentially. The memory efficiency of Feedback Explorer
goes along with an expanding running time compared with the
scikit-learn algorithm.
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Figure 7. Memory consumption and execution times per volume of documents.

Discussion
Principal Findings
A visual interactive user interface has been developed, enabling
users without computer science knowledge to discover and
target topics of interest in unstructured clinical text to improve
the literature exploration in the evidence-based clinical decision
making process. An underlying HAC algorithm structures
documents in an interpretable manner via headwords. The
proposed method minimizes training instances effort in 2 ways:
active learning strategy combines uncertainty sampling with
the tree structure and manual intervention via the interface
selects relevant documents about which the model is most
uncertain as instances.
Feedback Explorer reaches near state-of-the-art performance
in terms of hierarchical clustering as well as the active learning
strategy. Furthermore, it addresses several existing limitations
in common machine learning algorithms to extract information
from text data: the challenge of adding domain knowledge to
the model, the need to specify the desired number of clusters
beforehand, the combination of classification and clustering in
one methodology, and the difficulty of applying advanced
machine learning algorithms for nonexperts without
programming skills. These features make it an ideal asset for
health professionals to analyze electronic health records,
laboratory results, and social media data. We have shown that
the memory consumption remains stable with an increased
number of documents, which makes the algorithm particularly
attractive in handling large datasets. The growing execution
time can be minimized by heavier parallelization of the
underlying Spark framework.
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This methodology can be especially useful in complex clinical
cases or for specialists who need to get a rapid overview of the
existing literature concerning a specific topic.

Comparison With Prior Work
Several general purpose NLP systems have been developed to
extract information from clinical text. The most frequently used
tools are the Clinical Text Analysis and Knowledge Extraction
System [56], MetaMap [57], and the Medical Language
Extraction and Encoding System [58], according to the review
by Wang et al [59]. These systems have been applied to
information extraction tasks such as the identification of
respiratory findings [60] or the detection of smoking status [56].
However, Zheng et al [61] showed that these systems are
challenging to set up and customize, leading to general
dissatisfaction that prevents adoptability.
The NLP Clinical Language Annotation, Modeling, and
Processing toolkit (University of Texas Health Science Center
at Houston) addresses this problem of difficult customization
by also providing interaction via an interface to allow nonexperts
to quickly develop customized clinical information extraction
pipelines [62]. Besides the fact that the targeted task is quite
different, this tool lacks generalizability beyond the domains it
was trained on, and it is still difficult to add domain knowledge
as opposed to our approach in which a user can use their
expertise to specifically discover topics of interest [63].
In a recent literature survey concerning artificial intelligence in
clinical decision support, Montani et al [64] emphasize the need
for transparency and explainability in artificial intelligence
systems such that users fully understand all generated
suggestions. This is in line with our methodology as the user is
directly involved and creates a user-defined solution. A more
original approach is Plutchik, a voice-enabled, embodied
artificial intelligence chatbot that can perform searches in
J Med Internet Res 2022 | vol. 24 | iss. 1 | e27434 | p.1083
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
medical databases and retrieve and communicate medical
information. But the integration of more sophisticated analysis
methods, such as machine learning and deep learning methods,
is still under development [65].
To the best of our knowledge, Feedback Explorer is the first
decision support tool that combines topic exploration, topic
targeting, user-friendly interface, minimization of memory
consumption, and an annotation effort in a single methodology.
This allows health professionals to rapidly gain insights about
a clinical textual dataset to improve decision making.

Strength and Limitations
One of the key strengths of our methodology is that nonexperts
with no programming knowledge are able to explore and target
topics of interest in an unstructured textual dataset via an
interactive and user-friendly interface. The fact that we visualize
the headwords and the tree structure greatly improves
transparency. Vellido Alcacena et al [66] also suggest that
proper visualization can increase the transparency of machine
learning. Moreover, since humans are directly included in the
model creation, human interpretability is increased, as has also
been shown by Lage et al [67]. Transparency of clinical decision
support systems is key to ensure adoption by clinicians [68].
Due to its streaming nature, it is very memory efficient and can
be used on a computer with limited memory. Additionally, the
implementation is built on the basis of the large-scale data
processing framework Apache Spark, which allows fast
execution time through heavy parallelization of our algorithm
resulting in the ability to handle large datasets. This is
particularly interesting for the analysis of large text corpora,
which usually are quite computation intensive [69]. Being able
to dig into topics when an interesting cluster is found in
combination with an interpretable result in terms of headwords
and most important documents makes it particularly interesting
for health care professionals. In addition, the proposed active
learning strategy allows minimizing the annotation effort to
train the classifiers by picking the most impactful training
instances and enabling misclassification correction. The
limitation in a classic clustering algorithm of specifying the
desired number of clusters beforehand is addressed, as this
parameter is not needed in our methodology. Currently it is still
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challenging to combine domain knowledge with topic extraction.
Here, a health professional can apply their domain knowledge
to search for specific topics of interest and test hypotheses to
improve clinical decision making. This can be particularly
helpful in the field of rare diseases, where clinical practice based
on valid evidence is challenging [70]. Additionally, our model
can be adapted to different languages by providing the
corresponding word embeddings, which can be found easily in
the web.
A limitation of our approach is that the number of classifiers a
user can create is limited, as manual interaction is needed. In
further investigations, our results should be confirmed on other
datasets to ensure generalization and portability in other
contexts. Also, the algorithm may construct marginally different
tree structures that could affect data interpretation. The fact that
the active learning performance is not always steadily increasing
with more training instances but may sometimes oscillate is an
open question in the active learning field [71]. This could be a
future topic of investigation. A next step will be the evaluation
of the proposed methodology on a sample of end users of various
profiles and levels of expertise in clustering techniques. This
will be the subject of a follow-up publication.

Conclusion
In this study, we proposed an interactive user interface for
people without computer or data science knowledge to explore
unstructured clinical text information as clinical decision
support. The visualization of headwords and active participation
of the user to drive the algorithm to converge to a user-defined
solution greatly improves transparency. It combines several
advantages such as using domain knowledge to target topics of
interest, minimizing the manual annotation effort through active
learning leading to a faster convergence, and minimizing
memory consumption due to scalability, allowing processing
of large corpora thanks to Spark’s parallelism capabilities. We
have shown that by combining all these advantages, we can
reach near state-of-the-art performance. Such a tool can be of
great assistance to health care professionals with limited
computer science skills who want a rapid overview of specific
topics while ultimately improving the literature exploration in
the clinical decision-making process.
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Abstract
Background: Despite the unprecedented performance of deep learning algorithms in clinical domains, full reviews of algorithmic
predictions by human experts remain mandatory. Under these circumstances, artificial intelligence (AI) models are primarily
designed as clinical decision support systems (CDSSs). However, from the perspective of clinical practitioners, the lack of clinical
interpretability and user-centered interfaces hinders the adoption of these AI systems in practice.
Objective: This study aims to develop an AI-based CDSS for assisting polysomnographic technicians in reviewing AI-predicted
sleep staging results. This study proposed and evaluated a CDSS that provides clinically sound explanations for AI predictions
in a user-centered manner.
Methods: Our study is based on a user-centered design framework for developing explanations in a CDSS that identifies why
explanations are needed, what information should be contained in explanations, and how explanations can be provided in the
CDSS. We conducted user interviews, user observation sessions, and an iterative design process to identify three key aspects for
designing explanations in the CDSS. After constructing the CDSS, the tool was evaluated to investigate how the CDSS explanations
helped technicians. We measured the accuracy of sleep staging and interrater reliability with macro-F1 and Cohen κ scores to
assess quantitative improvements after our tool was adopted. We assessed qualitative improvements through participant interviews
that established how participants perceived and used the tool.
Results: The user study revealed that technicians desire explanations that are relevant to key electroencephalogram (EEG)
patterns for sleep staging when assessing the correctness of AI predictions. Here, technicians wanted explanations that could be
used to evaluate whether the AI models properly locate and use these patterns during prediction. On the basis of this, information
that is closely related to sleep EEG patterns was formulated for the AI models. In the iterative design phase, we developed a
different visualization strategy for each pattern based on how technicians interpreted the EEG recordings with these patterns
during their workflows. Our evaluation study on 9 polysomnographic technicians quantitatively and qualitatively investigated
the helpfulness of the tool. For technicians with <5 years of work experience, their quantitative sleep staging performance improved
significantly from 56.75 to 60.59 with a P value of .05. Qualitatively, participants reported that the information provided effectively
supported them, and they could develop notable adoption strategies for the tool.
Conclusions: Our findings indicate that formulating clinical explanations for automated predictions using the information in
the AI with a user-centered design process is an effective strategy for developing a CDSS for sleep staging.
(J Med Internet Res 2022;24(1):e28659) doi:10.2196/28659
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Introduction
Background
Polysomnography is a systematic process for collecting
physiological parameters during sleep and is a diagnostic tool
for evaluating various sleep disorders. Physiological recordings
obtained
from
an
electroencephalogram
(EEG),
electrooculogram (EOG), and electromyogram (EMG) were
inspected by polysomnographic technicians to obtain important
sleep parameters. Sleep staging is the process of identifying
periodic changes in sleep stages. Typically, sleep stages are
identified for every 30-second signal or epoch. On the basis of
the American Academy of Sleep Medicine; wake status; 3
non–rapid eye movement (REM) stages, namely N1, N2, and
N3; and REM stages were identified from polysomnographic
recordings [1]. Sleep staging is an essential task in sleep
medicine, as sleep patterns contain critical information for
analyzing overnight polysomnography. To be specific, crucial
sleep parameters, such as the distribution of sleep stages, were
extracted from the sleep staging results. For example, the N1
stage, which is difficult to differentiate from the wake stages,
is used to calculate the time to sleep onset and total sleep time
parameters. The detection of REM stages affects the calculation
of REM latency after sleep, which is another important sleep
parameter. Furthermore, the physiological characteristics
associated with each sleep stage have been investigated to
diagnose several sleep disorders, such as obstructive sleep apnea,
narcolepsy, and REM sleep behavior disorder [2,3]. However,
in polysomnography, sleep staging is a time-consuming and
costly process because every epoch in an overnight recording
must be manually inspected. Several algorithms have been
introduced to automate this time-consuming and costly task
[4-6].

Artificial Intelligence–Based Clinical Decision Support
Systems for Sleep Staging
Advances in deep learning techniques have led to the
development of clinical Artificial Intelligence (AI) systems with
diagnostic performance comparable with that of human
clinicians [4,7-9]. These models have been introduced to
automate time-consuming diagnoses and annotation procedures
in clinical fields. However, the full automation of diagnostic
processes, where algorithmic counterparts completely replace
human clinicians, is presently not available owing to several
challenges: the reliability of model predictions [10], clinical
soundness of model behaviors [11], and social consensus on
the replacement [12]. Similarly, in sleep medicine, several
studies have introduced AI algorithms to automate
time-consuming sleep staging tasks, but manual reviews of the
results after automated prediction remain mandatory [13,14].
Under these circumstances, systems to assist polysomnographic
technicians during the review process are in demand. For
example, prior work in human–AI interaction conceptualized
a framework in which ambiguous portions in polysomnographic
recordings are selectively prioritized for manual inspection [15].
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Despite an increasing number of deep learning studies for sleep
staging [4,5], implementing an adoptable clinical decision
support system (CDSS) for clinical practice remains a
challenging task. First, regarding clinical knowledge, most deep
learning–based systems lack explainable factors, but clinical
staff members require clinically sound systems [10,13,16]. Thus,
the CDSS should provide users with the necessary explanations.
Second, the user interface of the AI system should be practical
in clinical environments, where the time and resources of
clinicians are constrained [10,17]. Therefore, a tool design that
promotes readability and accessibility of the AI model from the
viewpoint of clinical practitioners is indispensable for integrating
AI-based decision-making into the workflow of human
technicians [10,18]. The development of such CDSSs is crucial
because these tools could alleviate these time-consuming and
costly clinical tasks. Furthermore, proper algorithmic assistance
can enhance the performance of clinical practitioners [19].

Study Objectives
In this study, we introduce an AI-based CDSS for assisting
polysomnographic technicians when reviewing the AI-generated
sleep staging results. Our objective is to correctly understand
the information required from the CDSS and to develop the
system in a user-centered manner. Through an extensive user
study, we determined the features desired in a sleep staging AI
system that could successfully support sleep technicians. We
formulated the development process of a tool to assist clinical
practitioners effectively.

Methods
Study Design
This study aimed to understand what information should be
provided to assist sleep technicians in collaborating with
AI-based CDSS and to implement this system practically using
a user-centered approach. Recent studies for designing
explanations in CDSS propose frameworks that identify three
key components from the perspectives of users: why information
from CDSS is desired for a task, what content should be
included in the explanation, and how explanations should be
presented to users [20,21].
To define why users need explanations from the CDSS, the
context within which users request explanations must be
understood first. This question relates to the needs of the users
and the purpose of the explanations. The perspective of users
should determine the explanatory objective concerning the
information that should be provided. A possible set of
information that can be considered from this phase includes
explanations for the input data, explanations related to the
domain knowledge used in the task, causal information on how
the system generates an output, and how results change with
changes in input data [21,22]. Finally, several design factors,
such as the units and format used for explanations, are
considered when determining how information should be
provided.
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To design a CDSS within this framework, our development
process included three phases: (1) interviews with
polysomnographic technicians to identify why users might desire
explanations from the CDSS when adopting AI-based sleep
scoring systems, (2) user observations of how polysomnographic
technicians score sleep stages from EEG recordings to determine
the information that could help them, and (3) an iterative design

Hwang et al
process to construct a user-friendly CDSS interface that
addresses the formulation of explanations in the system. After
development, the polysomnographic technicians performed
quantitative and qualitative evaluations of the system. In this
section, we describe the objectives of each phase and explain
how we conducted each phase (Figure 1).

Figure 1. Overall development process. AI: artificial intelligence.

Participants
Polysomnographic technicians with expertise in sleep staging
were recruited for this study. Only technicians with a national
license for medical laboratory technologists who were eligible
to conduct polysomnography scoring were considered. To recruit
participants with expertise in sleep scoring, we restricted their
participation to those with experience in polysomnography
scoring. We recruited 10 technicians to participate in the user
interviews during the first phase and subsequent evaluation
studies. We set the number of participants to 10, following
previous studies on CDSSs, in which the number of participants
was between 6 and 12 [15,23]. Among the technicians, we aimed
to recruit 1 technician who could deeply engage in the
development process by participating in the user observation
and iterative design processes, which required regular meetings.
We recruited technicians from secondary and tertiary hospitals
rather than primary hospitals. Participants were recruited through
emails sent to the polysomnographic technician community.
We recruited participants and divided them into two groups,
novice technicians with <5 years of experience and senior
technicians with >5 years of experience, to evaluate whether
there were any differences in the helpfulness of the CDSS based
on the amount of experience. On the basis of the Rasmussen
skill-, rule-, and knowledge-based behavior model [24], we
assumed that senior technicians would score stages

subconsciously compared with novice technicians who
consciously process the EEG characteristics. Here, we expected
that novice technicians would more extensively refer to the
provided explanation than senior technicians because novice
technicians may find it difficult to quickly locate important EEG
patterns. Thus, it was thought meaningful to investigate how
our explanations affected technicians based on their skills.

Development Procedure
User Interview: Why Explanation Is Desired
We conducted user interviews with polysomnographic
technicians to investigate why technicians would need
explanations from the CDSS when AI-based support systems
were adopted for sleep staging. During the interview, we first
presented several questions regarding user needs during manual
sleep staging and the perceptions of technicians regarding the
utility of previous sleep staging AI tools. The technicians were
asked whether they were using the automated sleep staging
programs. Furthermore, the reasons for not adopting such
automated sleep staging programs were investigated. Upon
further investigation, we established the context in which
explanations from AI were desired when reviewing automated
sleep staging results. A user study was conducted using
structured interviews with the sample questions listed in Textbox
1.

Textbox 1. Examples of interview questions in the user study.
Topic and question statement
User needs during manual sleep staging
1.

How much time do you spend on a sleep staging task when performing polysomnography?

2.

For sleep staging tasks, on which features of electroencephalogram recordings do you mainly focus?

3.

Do you feel any need for assistance during sleep staging?

Utility of sleep staging artificial intelligence (AI) tools
1.

There are several AI programs that automate sleep staging tasks; are you adopting them in your workflow? If not, what are the problems associated
with these programs?

2.

In which processes do you need AI programs to assist your sleep staging tasks?

3.

Assuming that there is an AI program that automates sleep staging tasks and sleep technicians only need to review its scorings, in which context
are explanations desired for an efficient review process?
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User Observation: What Information Should Be
Contained in Explanations
A user observation study was performed to understand the sleep
staging conventions of clinical practitioners. From the observed
sleep staging conventions, we aimed to construct a list of EEG
characteristics to which technicians refer. During this study,
hour-long weekly meetings were held over a month in which a
participating technician scored EEG epochs in a think-aloud
protocol. The technician was requested to verbally express how
the information in the EEG recordings during sleep scoring was
processed. Afterward, the technician reviewed the scoring with
detailed explanations of the reasons for scoring the epochs with
the annotated stages. The objective of these observation sessions
was to formulate what information could assist technicians in
reviewing predictions from AI algorithms. The observations
were made based on characteristic EEG patterns such as sleep
spindles, k-complexes, and frequency waves listed in the sleep
manual [1]. We investigated how the listed EEG characteristics
were inspected in practice. Subsequently, we grouped the EEG
features into typical explanations that our CDSS could provide.

Iterative Design Process: How Explanations Can Be
Presented
We conducted an iterative design process with a technician to
identify how explanations should be presented to CDSS users.
For 2 months, we held weekly 2-hour meetings.
The Template-Guided Neural Networks for Robust and
Interpretable Sleep Stage Identification from EEG Recordings
(TRIER) was selected as the AI algorithm for generating
explanations. It is a convolutional neural network architecture
used to process single-channel EEG data for sleep staging, and
was proposed to extract clinically meaningful EEG wave shapes.
This study demonstrated the possibility that features in the
convolutional filters could be related to important EEG
characteristics such as sleep spindles and k-complexes, with a
sleep staging performance comparable with human raters with
macro-F1 scores of 0.7-0.8 on public sleep data sets. We
considered three components in the TRIER, namely
convolutional filters, saliency values, and intermediate
activation, as sources of information for generating explanations.
These three components have been widely used in interpreting
neural network operations in previous machine learning studies
[25-30]. Detailed technical descriptions of these components
are provided in Multimedia Appendix 1 [1,29-32].
During the iterations, we aimed to investigate whether the
information contained in the above components could provide
the desired information obtained from the user observation
study. In these sessions, the technician inspected the features
obtained by the neural network components and expressed an
opinion on whether they could provide sufficient explanation
for the task. Information from the components was refined based
on the feedback. Subsequently, we chose the exact component
for generating explanations from the neural network
components. However, because the information in neural
networks is numerical, adequate visualization is required to
enhance the user-friendliness of the explanations. Therefore,
we iteratively collected feedback on the representation format
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of the explanations during the later sessions. The technician
tested the prototype versions of the proposed tool and provided
feedback in terms of their intuitiveness and helpfulness.
Consequently, visualization strategies were constructed for the
explanations and overall interfaces.

Evaluation Study
Data Set Preparation
During the evaluation, technicians scored the sleep stages on
sleep recordings from a public sleep EEG data set, the
ISRUC-Sleep
Dataset
[33].
These
data
contain
polysomnographic recordings obtained from 100 subjects with
evidence of sleep disorders. This data set was collected from
the Sleep Medicine Centre of the Hospital of Coimbra
University. We adopted the public data set for sleep staging to
calculate sleep staging performance based on the ground-truth
labels provided in the data set. The characteristics of the data
sets are summarized in Table 1.
The data were divided into a training set (80 participants),
validation set (10 participants), and test set (10 participants).
Only data samples from the training data set were used for
training the deep learning models. We used the validation data
set to select the model to be used for constructing the CDSS.
The model with the best performance scores for the validation
set was selected. The experimental results and corresponding
findings were drawn exclusively from the test data set, which
means that to avoid information leakage issues that may affect
model accuracy, the data samples used for training the model
were not used during the evaluation study.
To construct the data set for the evaluation study, we randomly
extracted 15-minute EEG segments from the EEG recordings
in the test data set. EEG segments with no changes in sleep
stages were excluded from the selected segments. We evaluated
the sleep scoring performance with 15-minute segments rather
than whole-night polysomnography to evaluate the helpfulness
of the tool effectively. Considering that technicians often skim
through recordings and pay attention to EEG epochs with stage
changes, the effectiveness of the system might not be revealed
or hindered by the back-and-forth temporal relations between
the sleep stages. This evaluation configuration was also adopted
in a previous CDSS study for sleep staging [15]. In addition to
the test set of 15-minute segments, we constructed a test data
set composed of disconnected single epochs of EEG recordings
to function as a stress test in which technicians must interpret
the characteristics of an EEG epoch only from the EEG epoch
without temporal relations derived from previous epochs. In
these single-epoch test sets, because there are no previous or
following epochs to provide information about the current epoch,
the technicians can no longer rely on the scoring results from
the previous epochs. The intention here was to clearly reveal
the effectiveness of the explanations of the EEG characteristics.
In summary, our test data set consisted of two EEG settings: a
set of 15-minute EEG segments and a set of single-epoch EEG
segments. All the participants scored the same set of EEG
recordings. A figure explaining our data setting is provided in
Multimedia Appendix 1.
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Table 1. Summary characteristics of the ISRUC-Sleep Dataseta (N=100).
Characteristics

ISRUC-Sleep Dataset

Gender, n (%)
Male

55 (55)

Female

45 (45)

Age (years), mean (SD)
a

51 (16)

ISRUC-Sleep Dataset was scored based on American Association of Sleep Medicine Rules.

Experimental Setting
During the experiments, we compared sleep staging performance
under 2 different settings. The first was sleep scoring using our
CDSS against the baseline AI, where technicians scored stages
with AI systems that included only AI predictions provided
without any explanation. The second was sleep scoring using
our CDSS versus a conventional setting, where technicians need
to score each epoch without the predictions by AI. We
configured the baseline AI and conventional settings to compare
sleep staging settings for our CDSS.
To compare the sleep staging performance under different
scoring settings, the technicians had to score each EEG epoch
twice as follows: once each with our CDSS and the comparison
setting. This was a fair comparison setting to evaluate the
efficacy of the system because the characteristics of EEG
segments affect sleep staging results significantly. Previous
CDSS studies also employed this scoring setting to compare 2
different sleep staging support systems [15]. We divided the
test data set into 2 groups and used the first to compare our
CDSS with the baseline AI system. A different portion of the
test data set was used to compare our CDSS with the
conventional sleep staging setting. We randomly permuted the
order of the EEG segments and the staging settings.
Furthermore, there was a washout period before the second
reading of the EEG to avoid the memorization effect.

Quantitative Evaluation
On the basis of the scoring results obtained from the
experiments, we evaluated 2 important performance aspects for
assessing sleep staging results. First, we considered the accuracy
with which the technicians scored the sleep stages under
different sleep staging settings. Studies on previous CDSSs
have witnessed enhancements in diagnostic accuracy when
using the developed CDSS [34-37]. Similarly, we investigated
how explanations from our system affect the accuracy of sleep
staging. To estimate the classification performance after
reviewing the AI predictions, the macro-F1 score, which was
adopted in previous studies for evaluating sleep staging
performance, was used as a performance metric [4,6]. We
calculated the metric using the sleep stage labels provided in
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the public data set as the ground-truth sleep stages. The
macro-F1 scores were calculated for each 15-minute EEG
segment and a portion of single-epoch EEG recordings.
Second, we evaluated whether interrater reliability was improved
by adopting our CDSS. Interrater reliability between
polysomnography technicians has been a critical issue in sleep
staging because of the variability in interpreting
polysomnography recordings among technicians [38]. Following
previous work in sleep medicine, which demonstrated that an
adequate information system could reduce interrater reliability
[19], we investigated whether the information from our CDSS
could enhance this property. With this objective, interrater
reliability was measured using the Cohen κ score [39]. Given
the sleep staging results for a 15-minute EEG segment, we
calculated the Cohen κ score for every possible pairing of
technicians under the same sleep staging setting.
In addition to the above metrics, we also evaluated whether
participants could critically assess the accuracy of the model
prediction in our system. We calculated the correction rates of
the predictions for incorrectly classified epochs. Here, we
measured the number of incorrectly predicted epochs revised
by technicians and incorrectly predicted epochs revised to
correct stages. We assumed that for incorrectly predicted epochs,
the AI might generate erroneous explanations. Thus, it would
be easier for participants to detect incorrectly predicted samples.
To evaluate this aspect, we intentionally provided EEG epochs
with incorrect AI predictions during the evaluation study.

Qualitative Evaluation
To investigate the extent to which the developed system
supported polysomnographic technicians, we conducted
semistructured postevaluation interviews. During the survey,
we asked questions on a wide range of topics, such as the
helpfulness of the information and how the participants adapted
to the system. User trust in a system is an important aspect in
designing AI-based CDSSs [16,40]. Thus, questions regarding
user trust in the developed system were included in the
postevaluation interviews. Questions regarding how information
from the system was used in the sleep staging process were
asked during the interviews to reveal notable adoption strategies.
The sample interview questions are presented in Textbox 2.
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Textbox 2. Examples of interview questions in the qualitative evaluation.
Topic and question statement
User experience of the tool
1.

Were the automated predictions and explanations provided in the clinical decision support systems helpful during the experiment? If not, which
aspects were unhelpful?

2.

How did you perceive the provided explanations when the automated predictions agreed or disagreed with your decisions? Did it affect your
trust in the system?

3.

Did the explanations correspond well to your perception of the important waveform patterns?

Adoption strategy for the tool
1.

How did you use each explanation strategy during the experiment?

2.

Was there any notable strategy for adopting the explanations rather than merely accepting the information in the explanations?

Statistical Analysis
As mentioned in the previous section, each EEG epoch was
read twice under 2 different settings as follows: once with our
CDSS and once with comparison methods, the AI system
without explanations, or the conventional staging setting without
AI predictions. A statistical comparison was conducted to
investigate whether the sleep staging performance was enhanced
by adopting our CDSS compared with the comparison settings.
Rather than comparing the distribution of the scores, we
performed a paired comparison analysis in which we compared
2 sleep scoring performances on the same EEG segments under
2 different score settings. As scoring results could be affected
by the complexities and characteristics of particular EEG epochs,
it is critical to control these variabilities when assessing the
significance of each performance. Furthermore, to exclude
variability arising from interrater differences and only consider
enhancements in performance by adopting our CDSS, we
exclusively performed within-subject analysis for the macro-F1
scores.
The Wilcoxon signed-rank test, a nonparametric statistical test
for a set of matched samples [41], was used to estimate the
significance of the improvements by adopting the proposed test.
For every participant, the data pairs were configured as follows:
the macro-F1 and Cohen κ scores from the baseline or usual
sleep staging setting (μ1 κ1) and the classification results when
adopting our CDSS (μ2 κ2). For macro-F1 scores, for
performance pairs from the same technician, there could be a
clustering effect. Thus, we used the Wilcoxon signed-rank test
for clustered data, which can account for clustering effects
[42-44]. This test aimed to reveal whether performance was
significantly enhanced by pairwise comparison when controlling

for the variance arising from the interrater characteristics and
the differences in EEG epochs. The significance of the results
is reported by in terms of P values. We set the significance
threshold at .05. All statistical and significance tests were
performed using Python 3.6. We calculated the P values, sample
sizes (n), z statistics, and effect sizes (r) using the Wilcoxon
signed-rank test [45].

Ethical Considerations
The study was approved by the institutional review board of
the Uijeongbu St Mary’s Hospital (IRB number
UC20ZADI0137), which waived the requirement for informed
consent owing to the nature of the study. All EEG recordings
used in this study were acquired from public data sets. All data
were anonymized to ensure confidentiality.

Results
Participants Characteristics
In total, 10 polysomnographic technicians were recruited from
3 different affiliations, 2 tertiary hospitals, and 1 secondary
hospital. A total of 10% (1/10) of the technicians participated
in the user interview, user observation sessions, and an iterative
design process. We refer to this participant as technician A
throughout the Results section. The other 90% (9/10) of the
technicians participated in user interviews and evaluation
studies. Among the 10 participants, 40% (4/10) were novice
technicians with <5 years of experience. A total of 60% (6/10)
were senior technicians with >5 years of experience. Technician
A, who participated in the tool design process, was excluded
from the evaluation study to avoid bias in favor of our CDSS.
The participant characteristics are summarized in Table 2.

Table 2. Participant characteristics.
Demographics

Novice technicians (n=4)

Senior technicians (n=6)

Experience (years), mean (SD)

1.75 (1.3)

12.5 (4.7)

Secondary hospital

2 (50)

1 (17)

Tertiary hospital

2 (50)

4 (83)

Affiliations, n (%)
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User Interview: Why Explanation Is Desired
Reasons Technicians Did Not Use Automated Scoring
Tools
In total, 20% (2/10) of the participants had no experience of
using automatic sleep scoring programs; the other participants
preferred not to refer to the automated sleep staging results
during sleep staging. The technicians answered that even when
predictions were automatically recommended by the software,
they removed the automated predictions and scored all the
epochs themselves.
In addition to the inaccuracies of algorithms, 50% (5/10) of the
participants pointed out that a lack of explanation was the main
barrier to adopting AI. One technician stated that, “The tools I
have experienced do not provide any explanations for
predictions, and I need to score every epoch all by myself again
when reviewing the predictions.” Participants further called for
the clinical soundness of their explanations. Another technician
answered as follows:
There certainly exist clinical features to focus on for
sleep staging. Even if automatic programs provided
some sort of explanation, we need to check whether
clinically appropriate EEG features, such as sleep
spindles or amplitudes of alpha waves, are used in
the algorithms.
These assertions reflect important considerations regarding
explanations and the clinical soundness of algorithm procedures
when designing a CDSS [13,16,46].

The Context in Which Explanations Will Be Used
As stated in the subsection above, technicians requested that
AI programs should provide clinically sound explanations for
predictions, as reviewing the correctness of AI predictions
without this information is no different from the manual
annotation of sleep stages from scratch. Participants were
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requested to suggest desirable AI adoption scenarios during the
interviews.
In total, 80% (8/10) of the technicians wanted clinically sound
explanations of the predictions. This is relevant to correct EEG
patterns that are important for scoring sleep stages, where users
can easily assess the correctness of the reasoning from the AI
model based on the conventional manuals for the clinical task:
Some automatic programs seem to use procedures
that differ from the widely adopted conventions shared
among sleep technicians. I think information from AI
should adhere to the procedures that we were trained
with to make it easier for us to assess the rationale
for the explanations.
Another technician said as follows:
When reviewing the AI predictions, I need grounds
that convince me. As we are trained to stage based
on standard manuals, explanations from AI should
be closely related to these processes.
This point is especially critical in the clinical domain, where
predefined sets of rules exist [10].
To summarize the trend of the interview answers, the technicians
wanted explanations to validate the correctness of the AI
predictions based on their clinical knowledge of sleep staging.

User Observation: What Information Should Be
Contained in Explanations
By observing technician A for 1 month, we obtained an
understanding of how technicians interpret EEG signals during
sleep staging. Using the clinical context proposed in the manual
[1], we categorized EEG patterns based on how the technician
processed the information in the EEG recordings. On the basis
of how they processed each EEG feature, we created a list of
explanation types that can be provided in the CDSS. The
candidate explanation-type categories are listed in Textbox 3.

Textbox 3. Explanation type to be provided in the clinical decision support systems.
Explanation type 1: occurrence of signals
For some patterns in electroencephalogram recordings, their presence is a clear indicator of certain sleep stages. For example, the occurrence of sleep
spindles and k-complexes is strongly correlated to non–rapid eye movement (REM) 2 stages. In general, technicians search the entire signal to find
these patterns. Therefore, proper detection of these patterns is sufficient information for polysomnographic technicians.
Explanation type 2: ratio of signals
Technician A claimed that estimating the ratio of delta waves in an epoch is the most critical part in identifying the non-REM 3 stages since the scoring
manuals recommend annotating the epoch as stage non-REM 3 when delta waves account for more than 20% of the signals [1]. The participant
mentioned that technicians usually count the number of delta waves manually to correctly identify the non-REM 3 stages in sleep recordings.
Explanation type 3: changes in signals
Alpha waves are prevalently observed during the wake and non-REM 1 stages. However, the participant mentioned that changes in the amplitudes of
alpha waves are important criteria for distinguishing non-REM 1 stages from the wake stages. According to the manual [1], the alpha waves in the
non-REM 1 stages normally exhibit smaller amplitudes compared with the wake stages. Technician A mentioned that perceiving the overall changes
in alpha waves is the primary task in detecting boundaries between the wake and non-REM 1 stages.
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Iterative Design Process: How Explanations Can Be
Presented
Refinements of Model Components
In the first iteration session, convolutional filters obtained from
TRIER [28] were shown to technician A. The participant
expressed the concern that although the convolutional filters
contained morphologically significant shapes, undesirable
features (high-frequency noises or low-frequency fluctuations)
were also intermingled in the filter. The participant requested
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a refinement of the convolutional filters to improve the quality
of the features. For example, in formulating filters that
correspond to slow waves, the participant wanted to remove
high-frequency components because delta waves have frequency
components <4 Hz. The filter refinement process is illustrated
in Figure 2. Consequently, the convolutional filters contain
features that correspond to the following EEG patterns: alpha
waves, theta waves, delta waves, sawtooth waves, vertex sharp
waves, sleep spindles, and k-complexes. After refinement, the
filters are depicted in Multimedia Appendix 1.

Figure 2. The filter refinement process is as follows: (1) delta waves were low-pass filtered, (2) regions outside the sleep spindle were zeroed-out, and
(3) only the regions corresponding to k-complex features were selected and low-pass filtered afterward.

Selecting Information Source for Making Explanations
Owing to the previous refinement process, components in the
convolutional filter are clinically meaningful, and the
corresponding features in the neural networks can be interpreted
accordingly. For example, for a filter that was designated for
k-complex–related features, the activation values generated
from the filter were used to locate k-complexes in the data.
Similarly, filters analogous to alpha waves can generate
information related to alpha wave changes in the data.

Therefore, we selected convolutional filters and activation values
as basic elements to generate explanations of the model
predictions. In addition to the 2 components, a saliency map
[29], or the gradient values of the input points, was also adopted
to mark significant regions in making a prediction. This
information indicates which regions in the data were important
from the AI perspective. The neural network components used
for generating explanations are summarized in Textbox 4.

Textbox 4. List of information sources for generating information for the clinical decision support systems.
Component 1: convolutional filters and their activation values
Convolutional filters represent the clinical electroencephalogram patterns on which the model is based. Information regarding each clinical feature
can be obtained from the activation values acquired from the filters.
Component 2: saliency values calculated from neural networks
Important regions, which significantly contributed to model predictions, can be inspected from the saliency values. Users can view the data from the
perspective of the artificial intelligence model with saliency values.

Visualization Strategies
Visualization strategies for each clinical feature were devised
to provide information in an easily adopted form for sleep
staging. Initially, plots of activation vectors without any
processing were provided to the participating technician. In this
case, the technician failed to use any of the information in the
activation values. They emphasized that information should be
compatible with the scoring procedure of the technician: “I
https://www.jmir.org/2022/1/e28659
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cannot make use of the information. I want information to be
provided in a form that can easily fit with my procedure.” This
argument is closely linked to the critical issues in designing AI
assistant tools: information from the system should be easily
integrated into tasks of users [47,48].
From this standpoint, we constructed different visualization
strategies for each explanation type because conventions
observed during the user observation study constituted the
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representative logical procedures for processing information in
EEG recordings (Textbox 5).
Figure 3 shows an in-tool visualization of the strategies. Through
visualization, explanations from AI can be conveyed to users

Hwang et al
with their proper clinical contexts. Technician A attested that
such explanations with enhanced readability could be easily
adopted in the sleep staging process.

Textbox 5. Four visualization strategies developed in this study. The first three strategies correspond to the interpreting conventions observed during
the user observation study.
Strategy 1: detection boxes
Technician A claimed that the patterns, the presence of which alone indicates a sleep stage, should be more easily identified from the recordings. After
that, it would be sufficient for the technicians to check whether the artificial intelligence (AI) model correctly located these patterns in the
electroencephalogram (EEG) recordings. Therefore, we outlined detection boxes in regions that were detected to include the desired EEG patterns.
Detection algorithms were implemented based on the amplitudes of the activation values calculated from the convolutional filters with the desired
pattern.
Strategy 2: delta wave blocks
As polysomnographic technicians rely on the number of delta waves in the recordings, it is important to make the distribution of delta waves more
visually intuitive. For these cases, technician A wanted to perceive each peak in delta waves as a single entity. We digitized the activation values from
the convolutional filters of delta waves such that regions with activation values higher than a set threshold were encoded as 1 or otherwise as 0.
Visualizing the encoded digits from the activation vectors, technician A perceived the information as blocks of slow waves and counted the number
of blocks in the figure.
Strategy 3: alpha activation surfaces
For detecting changes of alpha waves on the boundary of the wake and non-REM 1 stages, the activation values generated directly from the convolution
between the alpha wave filters and the input recordings were used. In this case, the participant requested fluctuations to be easily perceivable in the
interface. During the iterations, technician A acknowledged that overall fluctuations of the activation values matched well with the perception of the
changes. In such a setting, it was felt that the activation values amplify the changes in amplitudes. The technician asserted that these values are perceived
as a surface area, thus making it more intuitive to sense overall changes in the signal.
Strategy 4: saliency highlights
The participant claimed that saliency values could be helpful for technicians as they could view the recordings from the AI perspective. In particular,
the technician wanted to identify the EEG regions with high saliency values. Therefore, we highlighted the EEG recording segments with high saliency
values.

Figure 3. Visualization strategies for each interpretation pattern. Information in electroencephalogram (EEG) recordings is visualized differently for
each interpretation convention introduced in Textbox 5.

Constructing the System Outline
In the original version of the system, we empower users to
explore EEG recordings interactively with a filter selection box
with which users could choose the desired EEG patterns and
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analyze signals based on the selected features. However,
technician A observed that the system with an exploratory filter
selection process might degrade its usability, as it disrupts the
workflows of the technician:
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Usually scoring of an epoch takes place in a short
time, typically between five to ten seconds and even
down to one second for easy cases. The selection
process can be a bottleneck during scoring, thus other
technicians are more likely to skip filter selection and
score EEG epochs on their own.
This indicates that for clinical tasks where large numbers of
data points are annotated in a relatively short time, the
accessibility of desired features could be more important than
interactivity. Therefore, instead of interacting with multiple
features, we implemented an information system to be directly
accessible.
Specifically, rather than providing multiple sets of available
information, we chose to show only the information
corresponding to the predicted sleep stage for the epoch (Figure
4). For example, only the detection boxes of sleep spindles and
k-complexes were provided for the epochs that were predicted
as N2 stages. In this version, technician A acknowledged that
the usability of information is enhanced compared with previous
versions where multiple sets of information are provided, which
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results in too much information on a single screen and poor
readability. Furthermore, the visualizations could explain the
model predictions because the model provides only information
relevant to its predictions. In Table 3, we list specific
information provided for each stage.
Similar to other tools for assisting sleep staging [49], our system
provides basic information from EEG recordings (Figure 5). It
displays the hypnogram, a graph that visualizes changes in sleep
stages over time, on top of its interface. Hypnograms for
annotated stages from users as well as predictions from AI are
provided so that users can monitor their editing process. A table
that contains time information and annotated sleep stages is
located on the right panel of the interface. The EEG and EOG
recordings of an epoch are depicted in the main interface. In
addition to the basic components, our CDSS provides the
following information: AI-generated predictions and
explanations from the AI model around the target EEG channel.
Video recording provided in Multimedia Appendix 2
demonstrates the overview of the CDSS and how users interact
with it.

Figure 4. Visualization strategies for the system. In the electroencephalogram (EEG), the recordings predicted as N2, k-complex, and sleep spindles
are detected and visualized as red and blue boxes. In EEG recordings predicted as N3, detected delta waves are visualized as green blocks. Regions
with high saliency values are highlighted in pink on the EEG recordings. Strategy is abbreviated as S.

Table 3. Information provided for each sleep stage.
Stage

Alpha activation surfaces

Saliency highlights

Wake

✓

✓

N1a

✓

✓

✓

✓

N2a

Detection boxes

✓
✓

N3a
REMb
a

Delta wave blocks

✓

✓
✓

✓

N1-3: non–rapid eye movement stages 1-3.

b

REM: rapid eye movement.
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Figure 5. The following is the overall interface of the system: (1) hypnogram; (2) scoring table lists the time sequence of model predictions and user
annotations; (3) physiological recordings of the data set are visualized in the main panel; (4) predictions; and (5) explanations from artificial intelligence
(AI) are in the middle of the interface. EEG: electroencephalogram; EOG: electrooculogram.

Quantitative Evaluation
Accuracy
Figure 6 illustrates macro-F1 scores. Each point in the scatter
plots corresponds to the performance pair measured using the
comparison method (AI only, μ1) and our method (AI+explainer,
μ2) on the same test set.
For the overall data set, which consisted of 15-minute EEG
segments and single-epoch test set, there were no significant
differences between baseline AI and our CDSS for results from
all participants (µ1=60.22; µ2=61.31; P=.09; n=26; z=1.63;
number of clusters=9). However, a performance improvement
can be observed when we restricted this data set to participants
with <5 years of work experience (µ1=56.75; µ2=60.59; P=.05;
n=26; z=1.63; number of clusters=4). For a single-epoch test
set, in which the utility of the methods could be more accurately
determined, we also observed improvements in accuracy
(µ1=46.55; µ2=50.28; P=.03; n=18; z=1.94; number of
clusters=9).
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For the overall data set, compared with the conventional staging
setting where predictions from the AI were not provided (µ1),
the macro-F1 scores were significantly improved when the
technicians adopted our method (µ1=43.23; µ2=68.04; P=.004;
n=17; z=2.64; number of clusters=9). Similarly, the macro-F1
scores improved for novice technicians when we compared our
CDSS with a conventional sleep staging setting (µ1=39.52;
µ2=70.58; P=.05; n=6; z=1.67; number of clusters=3).
It should be noted that these results cannot be directly compared
with sleep staging performance in other studies where
performance was evaluated for whole-night sleep staging results.
In our setting, the performance was measured from short
segments of the EEG recordings. Here, sleep staging
performances could be reported to be lower than the whole night
sleep staging results in previous works, as the macro-F1 scores
of the sleep staging results could be significantly affected by a
few incorrect predictions.
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Figure 6. The improvements of the macro-F1 scores in various settings. The results measured as follows from (1) all participants and all test sets; (2)
participants who have <5 years of work experience and all test sets; and (3) all participants and single-epoch test sets are provided. AI: artificial
intelligence.

Correction Rates for Incorrect Predictions From the AI
For the erroneous predictions generated by the AI, statistics
regarding the ratio of correctly revised epochs did not show
significant differences between the baseline AI and our method.
Among the 392 EEG epochs in the test data, 30.8% (121/392)
were incorrectly predicted epochs from our network. Of the
30.8% (121/392) of the epochs, technicians detected 28.5%
(112/392) of the incorrect predictions made with our CDSS,
whereas 28.5% (112/392) were detected in the baseline AI.
There were no significant differences in the detection rates of
incorrectly predicted epochs (P=.39; n=9; z=0.28;r=0.11).
Furthermore, among these incorrectly predicted epochs from
AI detected by technicians, there were no significant differences
in the ratio of correct revisions where technicians identified the
correct stages for incorrect predictions (µ1=15.68%; µ2=16.42%;
P=.76; n=9; z=−0.70; r=0.28). Similarly, for technicians with
<5 years of experience, we did not observe improvements in

the detection rates of incorrectly predicted epochs (µ1=27.19%;
µ2=30.52%; P=.86; n=9; z=−1.10; r=−0.60) and the ratio of
correct revisions (µ1=12.90%; µ2=16.67%; P=.97; n=9; z=−1.83;
r=−1.0).

Interrater Reliability
Scatter plots of the Cohen κ scores calculated for the baseline
(κ1) and our method (κ2) are shown in Figure 7. As with the
macro-F1 scores, improvements in reliability for all cases were
observed (κ1=57.02; κ2=59.54; P=.07; n=212; z=1.49; r=0.17).
However, more significant improvements were observed for
the single-epoch test set (κ1=51.28; κ2=57.21; P=.002; n=64;
z=2.80; r=0.57). According to the criteria for interpreting the
Cohen κ score [50], we obtained moderate agreement between
technicians for both the proposed CDSS and baseline AI
settings. Compared with usual sleep staging settings, where
predictions from AI are not provided, interrater reliability also
improved (κ1=35.06; κ2=77.48; P<.001).

Figure 7. The improvements of interrater reliability in various settings. The results measured from the following: (1) all participants and all test sets
and (2) all participants and single-epoch test sets are provided. AI: artificial intelligence.
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Qualitative Evaluation
In this section, a qualitative evaluation of the tool is described.
The adoption strategies developed by the participants and the
perceived usability of the system are discussed.

Helpful Aspects
In total, 78% (7/9) of the participants responded that our system
helped to review AI predictions. They reported that they referred
to information from the CDSS when inspecting AI predictions.
Several aspects of the utility of the tools were confirmed.

Reducing the Workload Required for Pattern
Recognition
One of the most important utilities mentioned during the
interviews was that our tool reduced the workload required to
inspect EEG epochs. Analyzing EEG epochs is similar to visual
searching tasks, where technicians must identify specific patterns
in a visual environment [51]. Participants attested that
information visualized by saliency highlights and detection
boxes drew their attention to important regions [52]. Helped by
the information provided by the detection boxes, participants
were easily able to identify important regions for examination.
On the basis of this information, they assessed whether the
patterns were correctly detected by the algorithm. Similarly,
for delta waves, participants replied that they only needed to
count the number of delta wave blocks, and they did not need
to check delta waves one by one from the EEG recordings.

Providing Quantitative Visual Reference
Interviewees stated that sleep staging tasks heavily depend on
the subjective criteria of each technician. Perceiving the
attenuation in alpha waves on the boundary of the wake and N1
stages is one of the most representative cases in which sleep
staging is affected by subjective perception. In total, 55% (5/9)
of the participants used the information from the alpha activation
surfaces as a reference when they were not confident whether
changes in the alpha wave were significant. Even the participant
who was not satisfied with the system answered that this
information was helpful for similar reasons.

Unhelpful Aspects
Two senior participants answered that they did not find the
system helpful. They claimed that the specificity of the
information from the system was below the desired level:
I am quite strict in detecting sleep EEG patterns like
delta waves. However, from my point of view, too
many regions were annotated as significant points.
Thus, for many cases, I did not refer to the provided
information.
This point emphasizes that for clinical tasks where
decision-making may differ between individuals, personal
differences among users should be considered to improve the
usability of a tool. In our domain, for example, user interfaces
that control the sensitivity and specificity of the pattern detection
algorithm can be provided.
Another technician did not refer to the system during the
experiments because it was inconvenient to consider information
other than the EEG recordings:
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Due to time constraints, I am used to scoring stages
speedily compared to other technicians. Thus, in some
sense, I tend to rush during sleep staging sessions,
and would rather not care about information in the
system.
Interviews from the participants reveal that the tight time
constraints in clinical environments are another challenge to be
considered when designing a clinical support tool because
changing the workflow of medical staff is a complicated task,
which requires not only reliable performance but also usability
in the workflows [46].

Explanations and Trust in the System
In this section, we summarize how the explanations of our
systems affect user trust during the experiments.

Explanations in Agreed Epochs
For epochs in which the predictions of the participants agreed
with those of the AI, the technicians expressed trust in the
predictions. In this case, the participants expressed that, as
annotated regions from the system matched the important
regions determined by the users, they were confidently able to
continue to the next stages.

Explanations in Epochs With Disagreement
For the epochs where the predictions differed between the AI
and users and were consequently modified by the technicians,
the participants felt that the explanations clarified why AI
predicted the epochs differently. In these cases, one technician
argued:
Without explanations, I might jump to a conclusion
that the accuracy of the AI is not at a desirable level.
However, after being exposed to the explanations,
there were some convincing factors in the
AI-generated predictions, and I tried to re-investigate
the recordings based on the AI explanations to find
out whether my reasoning on predictions was strong
enough to modify the AI prediction.
Even the technician, who did not think that the tool was helpful,
reported:
At first, I totally disagreed with the predictions from
the AI. Throughout the experiments, however, I found
out that AI algorithms were reasonable on some level.
In summary, even though user trust could be severely affected
when the AI predictions were inconsistent with those of the
users, the explanations provided in our CDSS improved the
trustworthiness of the system. In particular, the explanations
helped users find reasonable aspects of AI predictions.

Notable Adoption Strategies
We obtained various sets of answers such as “I first focused on
saliency highlights and then inspected signals based on the
detection boxes” or “I used the alpha activation surfaces in
detecting sleep arousal.” Among these answers, some notable
strategies were identified. We discuss these strategies and their
implications for human–AI collaboration in clinical domains.
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Rediscovery of Unnoticed Features
Classifying REM stages solely from EEG recordings is deemed
an impossible task, and sleep technicians prefer to rely on chin
EMG and EOG recordings for REM stages [1]. Thus, most
participants had difficulty evaluating sleep epochs that were
predicted as REM. However, several participants found that
they could distinguish REM from the N1 stages with our
method:
In general, I used to disregard sawtooth waves
because REM has more distinct landmarks in EOG.
However, the AI model correctly captured the
sawtooth waves (patterns that occur in REM stages)
and convinced me that the given epochs are from
REM. Without such information, I might incorrectly
score the stages.
These use cases demonstrate that our tool successfully conveyed
important but easily dismissed features of the data. We believe
that the above insight illustrates an important aspect of
human–AI collaboration because alternative but significant
viewpoints from the AI system successfully convinced the users
during decision-making, which resulted in a performance
enhancement.

Attention Allocation
In the adoption of a clinical AI system, to allocate their attention
efficiently to weak portions of the algorithms, it is important
for users to properly understand the strengths and weaknesses
of AI. This scenario is termed the attention allocation [18].
During the experiments, several technicians developed strategies
related to attention allocation. One participant found that AI is
vulnerable to misidentifying sweat artifacts as delta waves. This
participant strategically allocated more attention to annotated
regions in epochs that were predicted as N3 stages and inspected
whether the annotated regions corresponded to delta waves or
sweat artifacts. With this strategy, this participant effectively
distinguished the N3 stages from epochs contaminated by sweat
artifacts.
In this adoption pattern, participants constructed strategies to
successfully collaborate with AI [48]. Specifically, users
evaluated the convincing and unconvincing contributions of AI,
thus efficiently allocating their attention during the adoption.

Discussion
Principal Findings
To our knowledge, this work is the first to construct an
interpretable AI system using deep learning with a user-centered
approach to develop a CDSS for sleep staging. Recent studies
continuously demonstrate that deep learning algorithms can
achieve comparable performance compared with human experts
[7-9]. However, previous studies have found that human
practitioners require information beyond the delivery of accurate
predictions [18]. To achieve this, we focused on constructing
a CDSS that provides information compatible with the
diagnostic patterns of human raters and helps technicians easily
integrate the CDSS into their sleep staging procedures. Through
user observation and an iterative design process, we obtained
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the desired characteristics for the explanations provided in the
CDSS for sleep staging. First, clinical practitioners wanted
explanations to help them validate AI predictions. Here,
technicians wanted explanations that adhered to their clinical
knowledge. Second, we categorized the type of information
based on our observations of how technicians interpret the
characteristics of each EEG. Finally, during the iterative design
process, we confirmed that information contained in neural
network components can be used to generate explanations for
sleep staging results. The design components were updated
iteratively based on the feedback of the technician.
When evaluating the improvements in the sleep staging
performance of all participants, we did not observe significant
improvements when the P value was approximately .17.
However, we believe that our quantitative evaluation contains
meaningful results. First, when assessing the improvements for
novice participants, we observed that the macro-F1 scores
improved by 6.7% with a P value of .02. Considering that novice
technicians may rely more on supportive information than expert
technicians, this result implies that our tool could be effectively
used to augment the sleep scoring capacities of novice
technicians with acceptable sleep-relevant explanations. Second,
when assessing the improvements in a single-epoch sleep
scoring setting, which is similar to a stress-test configuration,
we observed significant improvements in the macro-F1 scores
and interrater reliability. Notable results in this stress test setting
could indicate that our explanations to an extent helped
technicians interpret the signal characteristics of each EEG
epoch. Third, the results of the qualitative evaluation implied
that the CDSS supports sleep staging by reducing the workload
required for pattern recognition and providing quantitative visual
references. These findings show that the developed system
successfully and appropriately complemented the assessments
of the technician by suggesting the desired information. Our
tool obtained such utility for two reasons: (1) clinically sound
features were correctly addressed and (2) information
visualization was designed to be acceptable in conventional
workflows of the sleep staging process.
We identified further issues that should be considered when
designing a CDSS. During the experiments, 20% (2/10) of the
technicians indicated that our system was not adoptable for
workflow in sleep staging. In particular, 10% (1/10) of the
technicians expressed a lack of trust in the AI system. In general,
the avoidance of algorithmic results is an important challenge
to be addressed when adopting an automatic system [53].
However, these challenges can be interpreted based on skill
levels of the technician. For example, based on the Rasmussen
skill-, rule-, and knowledge-based behavior model [24], senior
technicians may score sleep stages without consciously
processing EEG information. Therefore, additional explanations
from the CDSS can distract such technicians. In contrast, novice
technicians may require additional cognitive processing of
information in the recordings. Therefore, explanations from the
CDSS could be helpful as guiding information during processing
and lead to significant enhancements in their performance when
a CDSS is adopted.
In addition, over reliance on computer systems is another
challenge to be considered when adopting decision support tools
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[11,54]. When adopting AI systems, there are cases where users
tend to accept predictions from systems without any personal
judgment on whether the information is correct. In our
evaluation, the correction rates for erroneous predictions did
not improve. This means that even though explanations from
our system successfully operated as convincing components for
model predictions, they failed to reveal ambiguous predictions.
These results have implications for further development (eg,
explanations for uncertainties in predictions can be provided
by the model to inform users about ambiguous components in
the data [15]). The confidence of the predictions can be
algorithmically estimated by the models as additional
information [55]. Such features can be integrated into a single
framework to enhance safety in human–AI interaction systems.

Comparison With Previous Work
Previous studies on sleep staging have confirmed that
suggestions for proper computational features can enhance sleep
staging performance. An experimental study demonstrated that
interrater reliability among technicians can be significantly
improved by computer-derived suggestions [19]. Taking
inspiration from that study, our work proposes an approach to
provide clinically meaningful information from deep learning
models. Our results are consistent with those of a previous study,
as the interrater reliability in our system improved significantly.
However, our study differs from previous works in several
respects. Although previous tools for sleep staging have already
provided sleep-relevant information to users [56,57], these
algorithms require a large amount of parameter tuning to fit
each data set [58]. In this sense, these works used a manually
curated algorithm rather than augmenting the AI system to
provide information. Furthermore, our work addresses the utility
and readability of the system during the development of the
tool, whereas previous studies preferentially focused on the
calculation of sleep-relevant features in EEGs.
In the domain of human–AI interaction, several deep learning
models have been exploited as information sources to assist
medical staff with appropriate knowledge. In these works, the
usability of clinical AI was mainly addressed from the
perspective of human users [18]. A previous study surveyed
how and what information should be provided for the analysis
of radiographic images [59]. This work stressed that information
systems should be designed based on the user needs of clinical
practitioners. Another study introduced a novel medical image
retrieval system that leverages embedding vectors in a neural
network to retrieve similar medical images [47]. These bodies
of work demonstrated that model interpretations should be
formulated in the context of clinical knowledge, as users require
medical explanations during adoption. Similarly, our work
extensively investigates the desirable characteristics of sleep
staging AI and proposes how these features can be provided in
a CDSS.
For sleep staging, an earlier work proposed an AI framework
that prioritizes ambiguous epochs in EEG recordings with
explanations in cases of uncertainty [15]. However, this study
proposes a conceptual framework rather than a practical
implementation of the system. In this work, CDSS was simulated
in a Wizard of Oz experiment, where human researchers
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manually generated the explanations in the system to address
the ambiguous epochs in EEG recordings. In contrast, our work
proposed a practical methodology for constructing meaningful
information on sleep stages to assist clinical practitioners.

Limitations and Future Directions
The limitations that require consideration remain in our study.
First, we conducted user observations and iterative design
sessions with only 1 technician. Although manuals for sleep
staging support most of the feedback of the technician, specific
requirements defined by different users are necessary for
user-centered design research. Moreover, during the
experiments, participants reviewed the EEG recordings provided
from a public EEG data set. As EEG recordings are highly
heterogeneous across data sets and recording environments, the
utility of the system could be more accurately evaluated if the
neural network model was trained on data sets recorded in
real-world settings.
Our work is further limited as we only considered EEG
recordings for sleep scoring. Assuming real-world sleep scoring
is performed with polysomnographic recordings, which include
EEG, EOG, EMG, and ECG signals, not considering other
recordings may have affected the scoring results. For example,
eye movement patterns are crucial factors in identifying the
REM stages. As we have only provided information for EEG
recordings, we could not offer explanations regarding eye
movements. However, we believe that our overall design
approach can be applied similarly in future studies to explain
the output of other physiological sensors, such as EOG and
EMG. These future studies could construct a more
comprehensible CDSS for sleep scoring. In addition, evaluation
of the CDSS system with whole-night polysomnography will
provide more generalizable performance results that can be
connected to the results of real-world polysomnography.
The overall sample size may not be sufficient for comparison,
considering that there are high interrater disagreements on the
sleep staging results depending on individual characteristics.
Even though we observed some notable improvements with the
small sample size, a further evaluation study with more
technicians is desirable. Furthermore, the representativeness of
participants should be mentioned. Technicians from secondary
and tertiary hospitals participated in the evaluation study, and
technicians in primary hospitals were not considered.
Technicians in primary hospitals may exhibit different
tendencies toward the adoption of automatic sleep scoring tools.
Thus, our study did not address this population. However,
considering that technicians in primary hospitals tend to have
relatively short experience in polysomnography, we believe
that these results from novice technicians can be generalized to
polysomnographic technicians in primary care.
An AI system that provides explanations for predictions was
compared with conventional models that do not provide
explanations. In this setting, there was a risk that the participants
were aware that the experimental objective was to construct and
evaluate the effectiveness of the explanations. However,
considering that explainable AI systems for medical domains
have not been widely developed, many previous CDSS studies
conducted experiments in a similar manner to our work [15].
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Nevertheless, the omission of blinding conditions is a limitation
of our experimental setting.
Although our work qualitatively evaluates how users perceive
the CDSS, future work is required to quantitatively assess the
usability of the tool. For example, the NASA-Task Load Index
[60] could be used in a prospective study to compare the
required workload for each sleep scoring tool. Other aspects,
such as time spent scoring sleep stages, could be estimated in
a more controlled experimental setting. We believe that future
studies will provide more insights into the usability of CDSS.

Hwang et al

Conclusions
Our findings indicate that formulating clinical explanations for
automated predictions using information from an AI system
that incorporates a user-centered design process is an effective
strategy for developing a CDSS for sleep staging. The proposed
CDSS has great potential to be integrated into the real-world
clinical workflow in a sleep laboratory based on the extent to
which performance was improved and is highly useful in sleep
staging.
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Abstract
Background: The current COVID-19 pandemic is unprecedented; under resource-constrained settings, predictive algorithms
can help to stratify disease severity, alerting physicians of high-risk patients; however, there are only few risk scores derived
from a substantially large electronic health record (EHR) data set, using simplified predictors as input.
Objective: The objectives of this study were to develop and validate simplified machine learning algorithms that predict
COVID-19 adverse outcomes; to evaluate the area under the receiver operating characteristic curve (AUC), sensitivity, specificity,
and calibration of the algorithms; and to derive clinically meaningful thresholds.
Methods: We performed machine learning model development and validation via a cohort study using multicenter, patient-level,
longitudinal EHRs from the Optum COVID-19 database that provides anonymized, longitudinal EHR from across the United
States. The models were developed based on clinical characteristics to predict 28-day in-hospital mortality, intensive care unit
(ICU) admission, respiratory failure, and mechanical ventilator usages at inpatient setting. Data from patients who were admitted
from February 1, 2020, to September 7, 2020, were randomly sampled into development, validation, and test data sets; data
collected from September 7, 2020, to November 15, 2020, were reserved as the postdevelopment prospective test data set.
Results: Of the 3.7 million patients in the analysis, 585,867 patients were diagnosed or tested positive for SARS-CoV-2, and
50,703 adult patients were hospitalized with COVID-19 between February 1 and November 15, 2020. Among the study cohort
(n=50,703), there were 6204 deaths, 9564 ICU admissions, 6478 mechanically ventilated or EMCO patients, and 25,169 patients
developed acute respiratory distress syndrome or respiratory failure within 28 days since hospital admission. The algorithms
demonstrated high accuracy (AUC 0.89, 95% CI 0.89-0.89 on the test data set [n=10,752]), consistent prediction through the
second wave of the pandemic from September to November (AUC 0.85, 95% CI 0.85-0.86) on the postdevelopment prospective
test data set [n=14,863], great clinical relevance, and utility. Besides, a comprehensive set of 386 input covariates from baseline
or at admission were included in the analysis; the end-to-end pipeline automates feature selection and model development. The
parsimonious model with only 10 input predictors produced comparably accurate predictions; these 10 predictors (age, blood
urea nitrogen, SpO2, systolic and diastolic blood pressures, respiration rate, pulse, temperature, albumin, and major cognitive
disorder excluding stroke) are commonly measured and concordant with recognized risk factors for COVID-19.
Conclusions: The systematic approach and rigorous validation demonstrate consistent model performance to predict even
beyond the period of data collection, with satisfactory discriminatory power and great clinical utility. Overall, the study offers
an accurate, validated, and reliable prediction model based on only 10 clinical features as a prognostic tool to stratifying patients
with COVID-19 into intermediate-, high-, and very high-risk groups. This simple predictive tool is shared with a wider health
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care community, to enable service as an early warning system to alert physicians of possible high-risk patients, or as a resource
triaging tool to optimize health care resources.
(J Med Internet Res 2022;24(1):e31549) doi:10.2196/31549
KEYWORDS
COVID-19; predictive algorithm; prognostic model; machine learning

Introduction
The COVID-19 pandemic has impacted more than 200 countries,
claimed more than 3 million lives, presenting an urgent threat
to global health. Under resource-constrained settings, a validated
model using large-scale real-world data to predict COVID-19
prognosis can rapidly identify the individuals who are at risk
of COVID-19 adverse outcomes and mortality, so they could
benefit from early interventions.
Several studies have derived prognostic predictors for
COVID-19; however, currently there are only few COVID-19
risk calculation tools with simplified predictors for stratification
that leverage on a substantially large US electronic health record
(EHR) data set of statistically meaningful size [1,2]. The Acute
Physiology and Chronic Health Evaluation (APACHE) II score
[3] has been widely used to predict in-hospital mortality, and
has been found to predict mortality in patients with COVID-19,
outperforming Sequential Organ Failure Assessment (SOFA)
[4] and CURB-65 [5] scores in a retrospective study of 154
patients in China [6]. COVID-GRAM [2] is a web-based
calculator to estimate the occurrence of ICU admission,
mechanical ventilation, or death in hospitalized patients with
COVID-19; it has been validated in a study of nearly 1600
patients in China. The Coronavirus Clinical Characterization
Consortium (4C) Mortality Score [1] developed by the
International Severe Acute Respiratory and Emerging Infections
Consortium (ISARIC) World Health Organization (WHO)
Clinical Characterisation Protocol UK (CCP-UK) study is a
risk stratification tool to predict in-hospital mortality by
categorizing patients at low, intermediate, high, or very high
risk of death. Separately, an accurate, machine learning–based
COVID-19 mortality prediction model has been developed
based on data from the Mount Sinai Health System; however,
its validation data set is limited in size [7].
The objective of this paper is to develop and validate simplified
and parsimonious predictive algorithms, leveraging large size,
near real-time real-world data as a risk stratification
methodology to identify patients who are at heightened risk of
(1) mortality; (2) ICU admission; (3) composite of invasive
mechanical ventilation/extracorporeal membrane oxygenation
(ECMO); (4) composite of acute respiratory distress syndrome
(ARDS)/respiratory failure, which can be easily integrated into
the hospital electronic medical record system as a risk
stratification and triaging tool.

Methods
Data Source

the Optum EHR COVID-19 database. It includes demographics,
insurance status, medication prescription, vital signs, coded
diagnoses, procedures, laboratory results, visits, encounters,
and providers. Currently, there are 3,702,050 patients in the
data release dated January 27, 2021. As deidentified data are
used for the study, it was exempt from Institutional Review
Board approval.

Study Period
The study period was from February 1, 2020, to January 27,
2021. A baseline of up to 1 year prior to and including index
date was used for assessment of demographics, lifestyle factors,
and comorbidity at baseline. Patients were followed up to 28
days from admission, unless they were censored by in-hospital
mortality or discharged.

Participants
Study cohort consists of patients hospitalized with COVID-19
aged 18 and older, with a confirmed diagnosis or positive test
of COVID-19 infection. A COVID-19 diagnosis was defined
as the first occurrence on or after February 1, 2020, of any of
the following: (1) positive result from SARS-CoV-2 viral RNA
or antigen tests; (2) International Classification of Diseases,
Tenth Revision, Clinical Modification (ICD-10-CM) diagnosis
codes U07.1 (COVID-19, virus identified), J12.81 (pneumonia
due to SARS-associated coronavirus), J12.89 (other viral
pneumonia), or J80 (ARDS); and (3) ICD-10-CM code B97.29
(other coronavirus as the cause of disease) or B34.20
(coronavirus infection, unspecified) occurring on or before April
30, 2020. The expanded diagnosis code list, beyond
COVID-19–specific diagnosis code (U07.1), was used because
U07.1 was either unavailable (pre-April 2020) or was being
implemented (April 2020), resulting in the use of alternative
codes for COVID-19 in early pandemic. Other codes such as
J20.3 (acute bronchitis due to coxsackievirus) were excluded
due to very few uses (<10 patients) in the study period.
Patients were excluded for any of the following: (1) missing
age or sex; (2) under the age of 18; (3) diagnosis or procedure
codes for labor and delivery during hospitalization; (4) diagnosis
codes for trauma, injury, fracture, or poisoning during the first
2 days of hospitalization; (5) admitted to hospital more than 10
days prior to COVID-19 diagnosis or 28 days after COVID-19
diagnosis; (6) diagnosed or admitted to hospital after November
16, 2020, therefore with less than 10 weeks between their first
COVID-19 diagnosis date or hospital admission date, and the
last database refresh date (January 27, 2021; Figure 1).
Additional sensitivity analysis was conducted between the final
study cohort (n=50,703) and patients who tested positive for
SARS-CoV-2 (n=38,277), a subset of the former.

This is a retrospective observational cohort analysis of
multicenter, longitudinal, anonymized patient-level data from
https://www.jmir.org/2022/1/e31549

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e31549 | p.1109
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Sampling
In the final cohort that satisfied the study criteria (n=50,703),
data from patients with an index date prior to September 7,
2020, were referred to as model development data set
(n=35,840), which was randomly sampled without replacement
using 28-day in-hospital mortality as stratification factor into
40% training data set (n=14,336), 30% validation data set
(n=10,752) for hyperparameter tuning and threshold calculation,
and 30% test data set (n=10,752). The sampling ratio is
determined such that the validation or test data set alone can
satisfy the sample size requirement; the minimum sample size
is estimated to be 8605, assuming a predetermined sensitivity
of 0.7 and the prevalence of all-cause mortality of 15% with
95% CI and maximum marginal error of estimate of 2.5% [8].
Furthermore, an independent validation consisting of patients
with index date from September 7 to November 15, 2020, was
referred to as postdevelopment prospective test data set
(n=14,863).

Index Date
The index date was defined as hospital admission date.

Sample Size
The initial anonymized data for 3,702,050 patients from 885,677
providers and 2465 delivery networks for the study period
February 1, 2020, to January 27, 2021, were transferred from
Optum, among which 585,867 patients were diagnosed or tested
positive for SARS-CoV-2 infection.

Outcome
The outcomes were 28-day in-hospital (1) all-cause mortality;
(2) ICU admission; (3) composite of invasive mechanical
ventilation or ECMO; (4) composite of ARDS and respiratory
failure. These were assessed as dichotomous outcomes and
individually modeled. Outcome-specific exclusions were applied
as appropriate to include only incident outcomes.

Covariates
A total of 386 study covariates (with a minimum 70%
[35,493/50,703 patients] coverage among study cohort)
consisting of patients’ baseline demographics (age, sex, census
division, insurance status, race, ethnicity), lifestyle factors
(smoking status, BMI), comorbidities (including atrial
fibrillation cancer history, cerebrovascular disease, chronic
kidney disease stage I-V, chronic obstructive pulmonary disease,
coronary artery disease, Type I/II diabetes mellitus, HIV, stroke,
etc.), baseline medication (including antidiabetics,
anticoagulants, antihypertensives, antiplatelets, steroids, etc.)
within 12 months prior to index date, vital signs (blood
pressures, heart rate, pulse, respiration rate, temperature),
laboratory values (including albumin, alanine transaminase,
aspartate aminotransferase, total bilirubin, B-type natriuretic
peptide, blood urea nitrogen (BUN), chloride, creatinine,
C-reactive protein, D-dimer, fibrinogen, hemoglobin,
lymphocyte, monocyte, neutrophil, oxygen saturation platelet
count, arterial blood pH, etc.), and treatment (including diuretics,
disease-modifying antirheumatic drugs, steroids, etc.)
administered on the day of hospital admission were included
in the analysis. Concretely, baseline medication, comorbidity,
https://www.jmir.org/2022/1/e31549
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and postadmission treatment were expressed as dichotomous
variables; categorical variables were converted to dummy
variables; numerical variables were used without
standardization, unless when fitting to penalized (Lasso or
Ridge) logistic regression models, while numerical covariates
were normalized using a min–max standardization to speed up
convergence.

Missing Data
One of the challenges of working with real-world data is the
missing covariates. Assuming covariates are missing at random,
multiple imputation by chained equations via random forest [9]
was used to impute covariates with missing values. Ten
complete data sets each with 10 iterations were imputed with
predictive mean matching using available covariates while
excluding the outcome variables. The prediction performances
of sparsity-aware models (XGB [10]) between imputed and
nonimputed data set were compared in the sensitivity analysis.
Given the intention to develop an algorithm of great relevance
to as many patients as possible, we have restricted the model
input to covariates with a minimum of 70% coverage in the
study cohort. Overall, the proportion of missing values among
the vital and laboratory variables ranges from 10.44%
(5295/50,703) to 99.36% (50,381/50,703) out of 50,703 patients;
45 of 431 variables were not included as input to the model due
to more than 30% (15,211/50,703) of missingness (Multimedia
Appendices 1 and 2). Sensitivity analysis was conducted to
evaluate whether inclusion of additional covariates with higher
degrees of missingness (ie, varying the cutoffs from 10% to
90%) aids in improving model performance, though it may
increase the sensitivity of the models to biases due to
nonignorable missingness in the data.

Model Development
We have applied a systematic approach to model development
and validation. A framework of 6 machine learning algorithms
(XGB [10,11], penalized logistic regression [12,13] with Lasso
[14] or Ridge loss [11], random forest [11,15,16], decision tree
[17], and LightGBM [18]) has been adopted to develop
interpretable models to predict the prognosis of COVID-19.
In the preliminary analysis, the most performant algorithm was
selected from the candidate algorithms; prior to model training,
hyperparameter optimization via grid search, ranging from 96
to 243 folds, was performed on 6 candidate algorithms
individually for full and simplified models. The full model uses
all the available 386 input features after extraction and
transformation in preliminary analysis, while the simplified
model recursively eliminates the aforementioned input to yield
a maximum of 20 variables [19]. The algorithm with best
performance (area under the receiver operating characteristic
curve [AUC], Brier score [20], and calibration [21]) on the test
data set was selected for the final analysis.
In the final analysis, model input is further iteratively reduced
to a maximum of 5 variables with a step size of 1; 100 individual
runs were performed at each step, with retuned model
parameters every 5 steps. The selected features were pooled
and plotted in frequency heatmap with the corresponding AUC.
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The model performance is evaluated against outcome variables
in the test and postdevelopment prospective test data sets via
AUC, Brier score, and calibration curve. The 95% CIs for AUC
and Brier score were calculated based on percentiles from
bootstrapped resampling with replacement (bootstrap sample
size = 2000) without bias correction or acceleration [22]. The
calibration curves (number of discretized bins = 10) were plotted
for all the runs.

Model Validation
Rigorous validation analysis was performed to ensure robustness
and reliability of the predictions. Both full and simplified models
of 6 candidate algorithms were trained and validated during the
model development phase with data from February 1 to
September 6, where the test data set was held out from model
training and used solely for reporting the performance.
Furthermore, the model has been additionally validated
externally, using the postdevelopment prospective test data set
collected from September 7 to November 15, 2020, to
demonstrate consistent model performance through the
subsequent wave of the pandemic. Model discrimination was
performed on the imputed test data set by assessing AUC on
the stratified analysis by sex, age, and racial groups.

Model Benchmark
The performance of the risk prediction models has been
benchmarked to (1) the baseline model and (2) published
COVID-19 prognostic scores. The baseline model was
developed using XGB with optimized hyperparameters on age
and sex only. Evaluation metrics including AUC, sensitivity,
specificity, and decision curve analysis were assessed to
compare the performance and utility of prognostic scores
(APACHE II [3,23], CURB-65 [5,24,25], E-CURB [26], The
National Early Warning [NEWS] 2 score [25,27-29], Respiratory
Rate-Oxygenation [ROX] index [29,30], ISARIC 4C mortality
score [1,25]). AUC is reported based on complete case data
from test and postdevelopment prospective test data sets, and
no imputation was performed.

Predictors
Feature importance is ranked by Shapley values [31] from test
and postdevelopment prospective test data sets in the SHapley
Additive exPlanations (SHAP) summary plot. Shapley value
calculates fair contribution and the extent of predictors toward
the model output [32]. It measures feature importance by the
magnitude and the direction of contributions. The dependence
between model prediction and age is plotted with age on the
x-axis and its impact on prediction represented by Shapley value
on the y-axis for every patient, colored by the magnitude of a
second feature (BUN, respiration rate, pulse, lymphocyte count)
individually.

He et al
Assuming the sensitivity and specificity were weighted equally
without ethical, cost, and prevalence constraints, the optimal
cutoff is at the location where the Youden index (sum of
specificity and sensitivity – 1) is maximized at the test data set
[33-36]. This approach relies solely on the predictive accuracy
of a model, and consequences of the predictions (ie, cost of false
positives and false negatives) are not considered. In the second
approach, clinical utility–based decision theory was used in
developing a cost-sensitive threshold, where it builds in disease
prevalence and costs of false positive and false negatives of
specific diagnostic scenario [33,37].
Decision curve analysis assists in clinical judgment and
comparison about the relative value of benefits associated with
the use of a clinical prediction tool [38,39]. The standardized
net benefit of full model, simplified model (with 10 input
variables), and selected benchmark prognostic scores was
calculated and plotted across probabilities. The benchmark
models that use point scores were calibrated to test data prior
to decision curve analysis.

Results
Patient Characteristics
Figure 1 shows patient attrition flowchart, and the workflow of
model development and validation is in Figure 2. Patients’
baseline and clinical characteristics at admission are summarized
in Table 1. Validation and test data sets are largely homogeneous
to the training data set; however, the postdevelopment
prospective test data set that was collected later in the pandemic
from September to November presents more differences in
geographic locations (a decline in the proportion of patients in
Middle Atlantic from 22.69% [8132/35,840] to 8.68%
[1290/14,863] after September 7, and an increase in West North
Central from 9.83% [3523/35,840] to 24.18% [3594/14,863])
and racial distribution (the proportion of White increased from
53.87% [19,308/35,840] to 72.88% [10,832/14,863]). However,
the overall mortality remains consistent. Hypertension (57.55%
[29,179/50,703]), obesity (47.51% [24,089/50,703]), diabetes
mellitus (34.44% [17,461/50,703]), chronic kidney disease
(19.79% [10,033/50,703]), and coronary artery disease (17.74%
[8996/50,703]) were the common comorbidities among the
cohort.
The study cohort is defined as hospitalized adult patients with
COVID-19 who were either diagnosed with relevant diagnosis
codes or tested positive for SARS-CoV-2 viral RNA or antigen
tests. In the subgroup analysis of patients who tested positive
for SARS-CoV-2, model performances of these 2 groups (ie,
overall cohort and tested positive subgroup) were largely similar
with less than 1% difference in AUC across all outcomes for
full and simplified models (Multimedia Appendix 3).

Receiver Operating Characteristic Curve Analysis
We adopted two approaches in determining the optimal
threshold on the receiver operating characteristic curve.
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Figure 1. Patient attrition diagram. ∧With relevant COVID-19 diagnosis codes or tested positive for SARS-CoV-2. *Non-exclusive critera: overlapping
was allowed.
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Figure 2. Model development and validation framework including data sampling and corresponding sensitivity analyses.
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Table 1. Demographic and clinical characteristics of hospitalized patients with COVID-19 at baseline and admission.
Characteristic

Training data set
(n=14,336)

Validation data set
(n=10,752)

Test data set
(n=10,752)

Prospective test data
set (n=14,863)

Mean (SD) age at baseline, years

60.9 (17.2)

60.9 (17.2)

60.8 (17.1)

63.8 (16.8)

18-34

1231 (8.59)

920 (8.56)

911 (8.47)

1015 (6.83)

35-49

2383 (16.62)

1780 (16.56)

1840 (17.11)

1893 (12.74)

50-64

4337 (30.25)

3193 (29.70)

3293 (30.63)

4110 (27.65)

65-74

2922 (20.38)

2296 (21.35)

2141 (19.91)

3325 (22.37)

75-84

2165 (15.10)

1589 (14.78)

1606 (14.94)

2943 (19.80)

85+

1298 (9.05)

974 (9.06)

961 (8.94)

1577 (10.61)

Male

7473 (52.13)

5619 (52.26)

5629 (52.35)

7645 (51.44)

Female

6863 (47.87)

5133 (47.74)

5123 (47.65)

7218 (48.56)

African American

3466 (24.18)

2669 (24.82)

2668 (24.81)

1867 (12.56)

Asian

368 (2.57)

268 (2.49)

276 (2.57)

216 (1.45)

White

7779 (54.26)

5734 (53.33)

5795 (53.90)

10,832 (72.88)

Other/Unknown

2723 (18.99)

2081 (19.35)

2013 (18.72)

1948 (13.11)

East North Central

3778 (26.35)

2942 (27.36)

2908 (27.05)

4174 (28.08)

East South Central

1010 (7.05)

708 (6.58)

754 (7.01)

1205 (8.11)

Middle Atlantic

3221 (22.47)

2488 (23.14)

2423 (22.54)

1290 (8.68)

Mountain

496 (3.46)

355 (3.30)

363 (3.38)

923 (6.21)

New England

1042 (7.27)

705 (6.56)

763 (7.10)

769 (5.17)

Pacific

475 (3.31)

331 (3.08)

317 (2.95)

345 (2.32)

South Atlantic/West South Central

2454 (17.12)

1802 (16.76)

1810 (16.83)

2120 (14.26)

West North Central

1396 (9.74)

1067 (9.92)

1060 (9.86)

3594 (24.18)

Other/Unknown

464 (3.24)

354 (3.29)

354 (3.29)

443 (2.98)

31.0 (8.5)

30.9 (8.3)

31.2 (8.6)

31.6 (8.7)

Underweight

352 (2.46)

235 (2.19)

221 (2.06)

304 (2.05)

Healthy weight

2526 (17.62)

1873 (17.42)

1833 (17.05)

2283 (15.36)

Overweight

3697 (25.79)

2878 (26.77)

2838 (26.40)

3679 (24.75)

Obese

3041 (21.21)

2247 (20.90)

2344 (21.80)

3228 (21.72)

Morbidly obese

3679 (25.66)

2739 (25.47)

2742 (25.50)

4069 (27.38)

Unknown

1041 (7.26)

780 (7.25)

774 (7.20)

1300 (8.75)

Cerebrovascular disease

676 (4.72)

502 (4.67)

501 (4.66)

894 (6.01)

Chronic kidney disease

2808 (19.59)

2058 (19.14)

2040 (18.97)

3127 (21.04)

Congestive heart failure

2137 (14.91)

1534 (14.27)

1553 (14.44)

2369 (15.94)

Coronary artery disease

2430 (16.95)

1797 (16.71)

1800 (16.74)

2969 (19.98)

Diabetes mellitus

4831 (33.70)

3636 (33.82)

3586 (33.35)

5408 (36.39)

Hypertension

8173 (57.01)

6091 (56.65)

6063 (56.39)

8852 (59.56)

Distribution, n (%)

Sex at baseline, n (%)

Race at baseline, n (%)

Census division at baseline, n (%)

BMI at baseline (kg/m2), mean (SD)
Distribution, n (%)

Comorbidity at baselinea, n (%)
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Training data set
(n=14,336)

Validation data set
(n=10,752)

Test data set
(n=10,752)

Prospective test data
set (n=14,863)

Solid tumor

830 (5.79)

606 (5.64)

619 (5.76)

1052 (7.08)

Transplant history

28 (0.20)

16 (0.15)

20 (0.19)

12 (0.08)

All-cause mortality

1769 (12.34)

1326 (12.33)

1327 (12.34)

1782 (11.99)

Intensive care unit admission

2813 (19.62)

2181 (20.28)

2148 (19.98)

2422 (16.30)

Acute respiratory distress syndrome (respiratory 7276 (50.75)
failure)

5500 (51.15)

5384 (50.07)

7009 (47.16)

Extracorporeal membrane oxygenation (mechan- 1962 (13.69)
ical ventilation)

1535 (14.28)

1498 (13.93)

1483 (9.98)

28-day outcomes, n (%)

Vitals at admission, median (10th-90th percentile)
Diastolic blood pressure (mmHg)b

73.0 (56.0-90.0)

73.0 (56.0-90.0)

73.0 (56.0-90.0)

73.0 (56.0-90.0)

Systolic blood pressure (mmHg)b

125.0 (100.0-154.0)

125.0 (101.0-155.0)

125.0 (101.0-154.0)

128.0 (103.0-159.0)

Pulse (bpm)b

85.0 (64.0-110.0)

85.0 (64.0-110.0)

85.0 (64.0-110.0)

81.0 (61.0-107.6)

Respiratory rate (breaths/minute)b

19.0 (16.0-28.0)

19.0 (16.0-28.0)

19.0 (16.0-28.0)

18.0 (16.0-25.0)

Temperature (oC)b

36.8 (36.3-37.9)

36.8 (36.3-37.9)

36.8 (36.3-37.8)

36.7 (36.2-37.7)

Laboratory valuesa at admission, median (10th percentile-90th percentile)
Alkaline phosphatase (IU/L)

77.0 (49.0-137.0)

76.0 (49.0-136.0)

76.0 (48.0-135.0)

78.0 (50.0-134.0)

Alanine aminotransferase (IU/L)

28.0 (12.0-79.0)

29.0 (12.0-80.0)

28.0 (12.0-79.0)

27.0 (12.0-68.0)

Aspartate aminotransferase (IU/L)

37.0 (18.0-95.0)

36.0 (18.0-97.0)

36.0 (18.0-95.0)

34.0 (18.0-80.0)

Albumin (g/dL)

3.5 (2.7-4.2)

3.6 (2.7-4.2)

3.6 (2.7-4.2)

3.6 (2.8-4.2)

Anion gap (mEq/L)

12.0 (7.0-17.0)

12.0 (7.0-17.0)

12.0 (7.0-17.0)

12.0 (7.0-16.0)

Blood urea nitrogen (mg/dL)

16.0 (8.0-47.0)

17.0 (8.0-46.0)

16.0 (8.0-47.0)

18.0 (9.0-44.0)

Bicarbonate (mmol/L)

24.0 (19.0-29.0)

24.0 (19.0-29.0)

24.0 (19.0-29.0)

24.0 (19.0-29.0)

Bilirubin total (mg/dL)

0.6 (0.3-1.2)

0.6 (0.3-1.2)

0.6 (0.3-1.2)

0.6 (0.3-1.1)

C-reactive protein (mg/dL)

85.0 (10.3-229.0)

82.2 (11.0-218.0)

82.0 (10.2-220.0)

73.0 (10.0-206.6)

Chloride (mmol/L)

101.0 (94.0-108.0)

101.0 (94.0-108.0)

101.0 (94.0-108.0)

101.0 (94.0-107.0)

Glucose (mg/dL)

120.0 (91.0-242.0)

121.0 (92.0-236.0)

121.0 (92.0-240.6)

122.0 (91.2-244.0)

Hemoglobin (g/dL)

13.2 (10.0-15.5)

13.2 (10.1-15.6)

13.2 (10.2-15.7)

13.2 (10.1-15.6)

Lymphocyte (%)

14.1 (5.4-30.0)

14.8 (5.6-30.7)

14.6 (5.8-30.2)

14.1 (5.3-30.0)

Monocyte (%)

7.1 (3.1-12.9)

7.0 (3.2-12.6)

7.1 (3.2-12.7)

7.8 (3.6-13.1)

Neutrophil (%)

75.8 (57.0-88.0)

75.0 (57.0-88.0)

75.2 (57.0-88.0)

75.0 (57.0-88.0)

Platelet count (x109/L)

210.0 (125.0-351.0)

210.0 (127.0-348.0)

211.0 (126.0-351.0)

205.0 (124.0-335.0)

Potassium (mmol/L)

3.9 (3.3-4.8)

3.9 (3.3-4.8)

3.9 (3.3-4.8)

3.9 (3.3-4.7)

Protein total (g/dL)

7.2 (6.2-8.2)

7.2 (6.2-8.2)

7.3 (6.2-8.2)

7.1 (6.2-8.0)

Red cell distribution width coefficient of variation (%)

13.9 (12.4-17.0)

13.8 (12.4-16.9)

13.8 (12.4-17.0)

13.8 (12.4-16.7)

Sodium (mmol/L)

136.0 (130.0-141.0)

136.0 (131.0-142.0)

136.0 (131.0-141.0)

136.0 (131.0-141.0)

Oxygen saturation pulse oximeter (%)

96.0 (91.0-99.0)

96.0 (90.0-99.0)

96.0 (91.0-99.0)

95.0 (90.0-99.0)

Oxygen saturation pulse oximeterb (%)

95.0 (87.0-99.0)

95.0 (87.0-99.0)

95.0 (87.0-99.0)

95.0 (87.0-99.0)

Oxygen saturation pulse oximeterc (%)

93.0 (84.0-97.0)

93.0 (84.0-97.0)

93.0 (84.0-97.0)

92.0 (83.0-97.0)
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White blood cell count (x109/L)
a

He et al

Training data set
(n=14,336)

Validation data set
(n=10,752)

Test data set
(n=10,752)

Prospective test data
set (n=14,863)

7.1 (4.0-14.1)

7.1 (4.0-13.9)

7.0 (4.0-13.8)

6.9 (3.9-13.5)

Non-exhaustive list.

b

First measurement on the day of hospital admission.

c

Minimum measurement on the day of hospital admission.

Model Performance
We have adopted a systematic framework of model
development, including a variety of tree-, boosting-, and
ensemble-based machine learning models, combined with
rigorous validation on statistically meaningful sample size. The
model performances (AUC and Brier score) on test and
prospective test data sets are summarized in Table 2 and Figure
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3. AUC is a widely used metric for performance measurement
of classification; Brier score is a proper scoring rule, measuring
mean squared error between prediction and outcome, impacted
by both discrimination and calibration. Calibration of the
algorithm is further assessed by plotting the predicted proportion
against the observed proportion of outcome in each decile of
risk (Figure 4).
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Figure 3. Receiver operating characteristics (AUROC) curves on four prediction outcomes in final analysis: (a) all-cause mortality; (b) respiratory
failure including ARDS; (c) ICU admission; (d) invasive mechanical ventilation including ECMO. Full model is colored in black, parsimonious model
with ten input variables is colored in orange. Solid line represents model performance on test dataset (n=10,752); dashed line represents post-development
prospective test dataset (n=14,863). ARDS: acute respiratory distress syndrome. ECMO: extracorporeal membrane oxygenation.
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Figure 4. Calibration curve (number of bins = 10) on four prediction outcomes in final analysis: (a) all-cause mortality; (b) respiratory failure including
ARDS; (c) ICU admission; (d) invasive mechanical ventilation including ECMO. Full model is colored in black, parsimonious model with ten input
variables is colored in orange. Solid line represents calibration on test dataset (n=10,752); dashed line represents calibration on post-development
prospective test dataset (n=14,863). ARDS: acute respiratory distress syndrome. ECMO: extracorporeal membrane oxygenation.
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Table 2. Summary of model performances (AUCa and Brier Score) on test data set and postdevelopment prospective test data set in the final analysis.
The full model uses all the available 210 covariates with less than 30% (15,211/50,703) missingness (excluding postadmission treatment) among the
study cohort (n=50,703); the parsimonious N10 model only uses 10 predictors prefiltered from the automatic predictor selection.
AUCa (95% CI)

Outcome and model

Brier score (95% CI)

Test data set, %

Prospective test data set, %

Test data set

Prospective test data set

Full model

88.7 (88.4-89.0)

85.4 (85.1-85.7)

0.071 (0.070-0.072)

0.079 (0.078-0.080)

N10 model

87.6 (87.2-87.9)

84.3 (84.0-84.6)

0.074 (0.073-0.075)

0.081 (0.080-0.081)

Full model

79.7 (79.4-80.1)

77.7 (77.3-78.0)

0.123 (0.122-0.124)

0.115 (0.114-0.115)

N10 model

73.6 (73.2-74.0)

73.5 (73.2-73.9)

0.138 (0.137-0.139)

0.123 (0.122-0.124)

82.3 (82.0-82.5)

80.7 (80.5-80.9)

0.172 (0.171-0.173)

0.180 (0.179-0.181)

79.5 (79.2-79.7)

78.1 (77.9-78.3)

0.185 (0.184-0.186)

0.192 (0.191-0.193)

Full model

83.6 (83.3-84.0)

81.1 (80.8-81.5)

0.090 (0.089-0.091)

0.074 (0.074-0.075)

N10 model

78.1 (77.7-78.5)

76.6 (76.2-77.1)

0.101 (0.100-0.101)

0.081 (0.081-0.082)

All-cause mortality

Intensive care unit admission

Respiratory failureb
Full model
N10 model
Mechanical ventilation

a

c

AUC: area under the receiver operating characteristic curve.

b

Refers to composite of respiratory failure and acute respiratory distress syndrome.

c

Refers to composite of invasive mechanical ventilation and extracorporeal membrane oxygenation.

The model predicts 28-day in-hospital mortality accurately
(AUC 0.88, 95% CI 0.87-0.88 on the test data set) and reliably
through the second wave of pandemic (AUC 0.84, 95% CI
0.84-0.85 on the prospective test data set). Given this data set
was acquired later in time from September to November and
more likely to suffer from data lag, the completeness and
accuracy of outcome data are hypothesized to contribute to the
decrease in model performance; a subgroup analysis on patients
with the complete clinical features shows an improved
performance (AUC 0.89, 95% CI 0.88-0.90; Table 3).
We also examined discriminatory capacity in subgroups
stratified by sex, race, and age group separately. It predicts
all-cause mortality similarly among men (AUC 0.84, 95% CI
0.84-0.84) and women (AUC 0.84, 95% CI 0.84-0.85) and is
marginally more predictive among Asians (AUC 0.86, 95% CI
0.85-0.87) compared with African Americans (AUC 0.83, 95%
CI 0.83-0.84) and Whites (AUC 0.84, 95% CI 0.84-0.84). Given
age is an important predictor, the model is more sensitive toward
elderly cohort (more accurately ruling out negative cases) and
conversely more specific toward younger cohort (more
accurately ruling in the positive cases).

Algorithm Selection
In the preliminary analysis, all the candidate algorithms perform
comparably on test and prospective test data sets, with less than
3% difference in AUC for all outcomes between full and
simplified models (Multimedia Appendix 4). Of the 6 candidate
machine learning algorithms, boosting-based algorithms (XGB
[10] and LightGBM [18]) performed consistently better [40]
for both full and preliminary simplified models (n=20) with less
computation time and produced well-calibrated probabilities
(Multimedia Appendices 5 and 6); XGB was selected given it
https://www.jmir.org/2022/1/e31549
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has been validated in a similar approach [7,41,42]. With
adequate model calibration and low Brier score, no adjustment
or calibration was subsequently performed.

Predictor Selection
Predictors were selected in the development pipeline;
specifically, 100 individual runs of recursive predictor
elimination are pooled at each step between 5- and 20-input
model with an increment of 1. The selection of predictors was
analyzed in the frequency heatmap (Multimedia Appendix 7)
and automated from the pipeline while nonmodifiable factors
such as diagnosis month or census division were precluded.
With only 10 predictors, the final parsimonious model (N10)
still predicts COVID-19 adverse outcomes accurately and
similarly to the full model (Table 2); for instance, the final
parsimonious model consisting of age, systolic and diastolic
blood pressures, respiration rate, pulse, temperature, BUN,
SpO2, albumin, and presence of any major cognitive disorder
(including dementia, Parkinson disease, and Alzheimer disease)
as input predicts all-cause mortality accurately with AUC of
0.88 (95% CI 0.87-0.88).
The magnitude and direction of individual feature contribution
to prediction are inferred from the summary plot of Shapley
values sorted by the descending order of feature impact
(Multimedia Appendix 8); an increase in age [43-45], respiration
rate [46], BUN [45,47,48], and aspartate transaminase [45,49],
and a decrease in oxygen saturation [7,50], platelet count
[26,51,52], and albumin [45,53] are associated with the increase
in mortality risk.
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Comparison With Existing Benchmark
The model shares commonalities (eg, age, respiration rate, blood
pressures, pulse, BUN, SpO2, albumin) with existing prognostic
scores for community-acquired pneumonia or COVID-19
[5,26,27]; however, with automated feature selection from

He et al
comprehensive input covariates, and machine learning
algorithm, it compares favorably with existing scores across
diagnostic statistics (Table 3) and shows greater clinical utility
across a wide range of probability thresholds (Figure 5) in
decision curve analysis.

Figure 5. Decision curve analysis of standardized net benefit across different risk thresholds. Dotted line represents the scenario if everyone is treated;
dashed line represents the scenario if none is treated.

Discussion
Summary of Principal Findings
In this paper, we have adopted a systematic framework of
developing and evaluating various machine learning techniques
in predicting COVID-19 prognosis on near real-time, large-size
EHR data in the United States. Boosting-based algorithms
(XGBoost and LightGBM) have consistently outperformed
other machine learning algorithms and COVID-19 benchmark
risk scores with higher accuracy on the test data set (AUC 0.89,
95% CI 0.88-0.89) and on the prospective test data set (AUC
0.85, 95% CI 0.85-0.86), and better clinical utility on decision
curve analysis. After further simplification of the model to only
10 clinical features, relative to full model it provides comparable
discriminatory performance (AUC 0.88 95% CI 0.87-0.88) and
clinical utility.
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Predictors
A major strength of this study is the use of near real-time,
large-size EHR data, resulting in predictors that are highly
representative and relevant to clinical practice. We have
restricted the analysis to commonly measured covariates with
less than 30% (15,211/50,703) of missing values among the
cohort. A higher coverage cutoff precludes key predictors such
as oxygen saturation [7,50], respiration rate [46], and BUN
[47,48] leading to degradation of model performance
(Multimedia Appendices 9 and 10).
Postadmission treatment is not a major predictor of model
performance; they are not included in the final analysis, which
results in minimal impact of the model performance on all-cause
mortality. Patients are presented at different disease trajectories
when admitted to hospital, with some being in critical condition;
for instance, among 9564 ICU patients, 4745 (49.61%) were
admitted to ICU on day 1 of hospital admission. The relationship
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between treatment type and outcome is therefore confounded
by the stages of the disease course.
Age is identified as a crucial predictor for adverse outcomes
[44]. It increases almost monotonically with health outcomes
such as mortality and ARDS, but nonmonotonically with
resource-dependent outcomes, such as ICU admission and
invasive mechanical ventilation/ECMO, as these outcomes are
closely associated with the availability of health care resources
such as ventilator and ICU rooms. This is more noticeable for
elderly patients over 75 years, who are disadvantaged for
mechanical ventilation and ICU, presumably due to the scarcity
of health care resources during the pandemic, though they are
at highest mortality risk (Multimedia Appendix 11).

Clinical Application
When applying the model to clinical setting, threshold selection
is of great practical importance in producing dichotomous
predictions. In the data-driven, cost-agnostic approach, threshold
is derived numerically from the AUC curve (Figure 3), which
maximizes the Youden index [34] (P=.13). When the model is
applied to inform clinical decision making, such as identifying

patients for dexamethasone treatment, insights from relevant
clinical trials could guide threshold calculation. For instance,
the findings from the Randomised Evaluation of COVID-19
Therapy (RECOVERY) trial [54], a large-enrollment,
randomized controlled trial of dexamethasone, indicate a
mortality risk reduction of 4.84% among patients who received
oxygen therapy or were mechanically ventilated (393/1603,
24.52%) compared with the control group (965/3287, 29.36%);
conversely, there was an increase in mortality risk of 3.74%
among patients who require no oxygen (dexamethasone group
[89/501, 17.76%] vs usual care group [145/1034, 14.02%]).
When the model is applied clinically as a prognostic tool to
identify patients who will receive dexamethasone, cost of false
negatives (ie, misclassifying patients as low risk, and therefore
they missed dexamethasone treatment) is 4.84%, and cost of
false positive (ie, misclassifying patients as high risk) is 3.74%
when cost of misclassification is expressed as an increase in
mortality risk. Given the mortality rate of 1592/6425 (24.78%)
from the RECOVERY trial [54], the threshold is found from
the AUC curve at P=.33, where the slope of curve [33,37] is
(0.0374/0.0484) x (1 – 0.248)/(0.248) = 2.35. Model
performances are evaluated at these 2 thresholds in Table 3.

Table 3. Comparison with existing risk scores evaluated on test data sets to predict 28-day all-cause mortality. Sensitivity and specificity were evaluated
at 2 different thresholds.
Risk score

a

AUCa (95% CI), %

Threshold 1b

Threshold 2c

nd

Sensitivity, %

Specificity, %

Sensitivity, %

Specificity, %

Acute Physiology and Chronic
Health Evaluation II

72.3 (69.5-74.9)

66.2

68.5

92.4

26.0

1769

Respiratory Rate-Oxygenation Index

68.5 (67.0-70.0)

28.2

92.7

54.2

78.3

16,640

CURB-65

78.7 (77.6-79.7)

36.2

92.4

77.2

69.1

15,001

E-CURB

81.9 (80.3-83.3)

63.4

83.4

87.3

61.3

5772

National Early Warning Score 2
score

82.9 (81.7-84.2)

51.6

91.2

75.0

77.0

14,112

Coronavirus Clinical Characterization Consortium Mortality score

82.2 (80.7-83.5)

62.3

83.8

71.8

75.7

6979

Baseline model

73.8 (73.2-74.5)

44.8

83.4

80.2

54.9

25,615

Full model

89.2 (88.1-90.3)

63.1

92.2

85.2

76.4

8493

N10 model

88.9 (88.0-90.0)

65.9

90.9

81.4

79.3

10,688

AUC: area under the receiver operating characteristic curve.

b

Threshold 1 is a clinically relevant threshold that identifies patients for dexamethasone treatment; costs of FP and FN are expressed in terms of mortality
risk.
c

Threshold 2 is derived from a cost-agnostic approach and is located at the point on the area under the receiver operating characteristic curve that
maximizes the Youden index.
d

Number of hospitalized patients in the test data set and the postdevelopment test data set with complete case.

These 2 thresholds (P=.13 and .24) are similar to the
intermediate- and high-risk cutoffs used to define the severity
of pneumonia [1,55,56]. Based on these approaches, we derived
2 clinically meaningful thresholds (Table 4), stratifying patients
into (1) low-to-intermediate risk (P≤.13, observed mortality
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rate = 315/8065, 3.91%); (2) high risk (0.13<P≤.24, observed
mortality rate = 225/1170, 19.23%); and (3) very high risk
(P>.24, observed mortality rate = 787/1517, 51.88%).
Scenario-based threshold can be substituted with appropriate
clinical trial insights according to different treatment options.
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Table 4. Mortality rate comparison across different risk groups on the test and postdevelopment prospective test data sets. Three risk groups were
defined as (1) low-to-intermediate–risk group (P≤.13), (2) high risk (.13<P≤.24), and (3) very high risk (P>.24). The threshold probabilities are obtained
from receiver operating characteristic analysis, which (1) maximizes the Youden index (P=.13), or (2) defined by clinical utility of dexamethasone
(P=.24) from the RECOVERYa trial.
Risk group

a

Test data set

Prospective test data set

Patients, n (%)

Deaths, n (%)

Patients, n (%)

Deaths, n (%)

(n=10,752)

(n=1327)

(n=14,863)

(n=1782)

Low–intermediate

8065 (75.01)

315 (3.91)

11,049 (74.34)

512 (4.63)

High

1170 (10.88)

225 (19.23)

1743 (11.73)

327 (18.76)

Very high

1517 (14.11)

787 (51.88)

2071 (13.93)

943 (45.53)

RECOVERY: Randomised Evaluation of COVID-19 Therapy.

Strengths
The strengths of this research include the large size of data set,
longitudinal nature, and near real-time update of the data release.
The Optum database provides patient-level information with a
diverse mix of geographic regions, insurance types,
socioeconomic status, and ethnicity. A comprehensive list of
386 input covariates from baseline and at admission was
included in the analysis based on epidemiological and clinical
characteristics of COVID-19 cases; the end-to-end pipeline
automates feature selection and model development process,
producing risk factors that are both commonly measured at
admission with wide coverage among study cohort and
concordant with similar risk scores. This helps to improve the
usability of the model without extensive electronic medical
record integration or feeding the model with continuous data
streams. The systematic approach and rigorous validations
demonstrate consistent model performance to predict even
beyond the period of data collection, with satisfactory
discriminatory power and great clinical utility. Overall, the
study offers an accurate, validated, and reliable prediction model
based on only 10 clinical features as a prognostic tool for
stratifying patients with COVID-19 into intermediate-, high-,
and very high-risk groups. We envision this model to be used
on the day of hospital admission at an inpatient setting where
resource triaging is most relevant and early identification of
high-risk patient is the key.

Limitations
There are several limitations in our study. First, the Optum
COVID-19 database, being an EHR database, may not capture
patients’ entire interaction with health care systems because
patients can switch between different hospitals or health care
systems. This impacts several aspects of the study, from
assessment of baseline comorbidity and comedication, to capture
of outcomes during follow-up. Although we have identified a
minimum of 10-week period from database refresh date to
COVID-19 diagnosis date to allow for capture of follow-up

data and outcomes, it is possible additional data lag is still
present, challenging the completeness and accuracy of outcome
assessment.
Because of Health Insurance Portability and Accountability Act
(HIPAA)–compliance protection, patients over 89 years were
included as a single category of age in the data set, with age
being an important risk predictor of mortality. This can
potentially lead to some performance degradation for patients
aged over 89 years. Additional data, such as symptoms since
onset, could aid in early prediction of aggressive COVID-19
progression, but these were available for less than 70%
(35,493/50,703) of patients in the data set; if we had adequate
data on patient symptoms and the use of oxygen therapies, model
performance would likely improve. Similarly, this negatively
impacts the evaluation of existing prognostic scores that require
FiO2. We have referred to the best currently available
information on clinical trial for threshold calculation, and there
could still exist differences in patient population between the
RECOVERY trial and this work. Additional work is required
for validating the results on vaccinated population.

Conclusions
In this study, we presented a systematic framework of model
development based on a variety of machine learning techniques,
combined with rigorous validation on statistically meaningful
sample size. The model demonstrates consistent performance
to predict even beyond the period of data collection. The
parsimonious model with only 10 clinical features (age, systolic
and diastolic blood pressures, respiration rate, pulse,
temperature, BUN, SpO2, albumin, and presence of major
cognitive disorder) offers an accurate, validated, and calibrated
prediction to stratifying COVID-19 patients into intermediate-,
high-, and very high-risk groups. This simple predictive tool is
shared with a wider health care community (Multimedia
Appendix 12), to enable service as an early warning system to
alert physicians of possible high-risk patients.
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Abstract
Background: The concept of digital twins has great potential for transforming the existing health care system by making it
more personalized. As a convergence of health care, artificial intelligence, and information and communication technologies,
personalized health care services that are developed under the concept of digital twins raise a myriad of ethical issues. Although
some of the ethical issues are known to researchers working on digital health and personalized medicine, currently, there is no
comprehensive review that maps the major ethical risks of digital twins for personalized health care services.
Objective: This study aims to fill the research gap by identifying the major ethical risks of digital twins for personalized health
care services. We first propose a working definition for digital twins for personalized health care services to facilitate future
discussions on the ethical issues related to these emerging digital health services. We then develop a process-oriented ethical map
to identify the major ethical risks in each of the different data processing phases.
Methods: We resorted to the literature on eHealth, personalized medicine, precision medicine, and information engineering to
identify potential issues and developed a process-oriented ethical map to structure the inquiry in a more systematic way. The
ethical map allows us to see how each of the major ethical concerns emerges during the process of transforming raw data into
valuable information. Developers of a digital twin for personalized health care service may use this map to identify ethical risks
during the development stage in a more systematic way and can proactively address them.
Results: This paper provides a working definition of digital twins for personalized health care services by identifying 3 features
that distinguish the new application from other eHealth services. On the basis of the working definition, this paper further layouts
10 major operational problems and the corresponding ethical risks.
Conclusions: It is challenging to address all the major ethical risks that a digital twin for a personalized health care service
might encounter proactively without a conceptual map at hand. The process-oriented ethical map we propose here can assist the
developers of digital twins for personalized health care services in analyzing ethical risks in a more systematic manner.
(J Med Internet Res 2022;24(1):e33081) doi:10.2196/33081
KEYWORDS
digital twins; digital health; personalized health care service; data-driven health care; value-sensitive design; ethics of health care
technology
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Introduction
Background
The concept of digital twins is expected to transform the
landscape of existing health care systems [1,2]. Originating
from industrial design, the concept of digital twins capitalizes
on the data of specific objects to simulate replicas in the virtual
world for predictive analysis of safety risks and testing of
different optimization solutions. Applying to the health care
sector, a digital twin can be a virtual replica of a particular
patient that reflects the unique genetic makeup of the patient
[3] or a simulated 3D model that exhibits the characteristics of
a patient’s heart [4,5]. Ideally, these digital twins will allow
clinicians to offer personalized health care to individual patients.
Digital twins may make health care services more proactive and
personalized. With predictive algorithms and real-time data,
digital twins have the potential to detect anomalies and assess
health risks before a disease develops or becomes symptomatic.
Information provided by digital twins can then help clinicians
determine whether early intervention is necessary [6,7]. Digital
twins equipped with data such as patients’ genetic information
and disease history may also facilitate clinicians to personalize
the treatment [8,9]. Each individual has a unique genetic
makeup, experiences different diseases, and lives in a different
environment. These differences also make individual patients
respond to different treatments in different ways. Under certain
circumstances, the response could be so adverse that the
treatment meant to heal the patient causes hospitalization or
even death. It is envisioned that in the future, clinicians may
simulate the effects of all possible treatments on patients’ digital
twins first and determine which option is likely to be the most
effective for the patients.
The idea of digital twins for personalized health care is gaining
traction from both the public and private sectors. Several
research consortia have been established to explore the potential
of digital twins for personalized health care services. In the
Netherlands, the Erasmus MC University Medical Center, Delft
University of Technology, and Erasmus University Rotterdam
have jointly initiated research on digital twins and cardiovascular
disease prevention [10]. Sweden’s Linköping University also
launched a pioneering research project, MeDigiT [11], to explore
the potential of digital twins for medical education, heart disease
diagnosis, medical implant planning, and so forth. Another 2
major research groups in Europe, the Swedish Digital Twin
Consortium [12] and the DigiTwins [13], focus on translating
the concept of digital twins into fields such as molecular
medicine and genomic research. In the private sector, Philips
has rolled out a clinical application called HeartModel that
allows cardiologists to plan their upcoming surgeries with
high-resolution interactive 3D models that reflect the distinctive
and unique features of their patients’ hearts [4]. Siemens
Healthineers and GE Healthcare also have similar products
under development [5].
However, the growing interest in applying the concept of digital
twins to personalized health care has raised new questions.
Indeed, the concept of a digital twin is well-established and
widely applied in industrial design and engineering. There is
https://www.jmir.org/2022/1/e33081
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consensus about what sort of data and infrastructure are required
to develop a digital twin for purposes such as predictive
maintenance and optimization planning [7]. Nonetheless, the
objects involved in the health care sector are very different from
those in the realm of engineering. Even with the completion of
the Human Genome Project, our understanding of genes and
diseases is still very limited. Developing a digital twin that can
adequately simulate or predict a person’s health condition is
much more challenging than building a digital replica of a
nonliving object. In addition, humans are living beings with
personal commitments and moral worldviews. Applying the
engineering concept to health care without taking these
differences into account will be deeply problematic.
To our knowledge, there is currently no comprehensive review
on the ethical risks of developing personalized health care
services based on the concept of digital twins. Indeed, some
have already noted that the data-driven nature of digital twins
requires developers to pay special care to privacy protection
[14]. However, privacy is only one of the ethical risks
developers of digital twins need to carefully address during
development. The involvement of predictive algorithms, for
instance, could expose users to algorithmic biases [15].
Bruynseels et al [16] also argue that digital twins might worsen
existing inequalities. Those who are less well-off might not
have the means to take advantage of the service because of a
lack of access to devices that can precollect the data required
for using the service. Given the ever-increasing interest in
transforming the health care sector with the concept of digital
twins, it is urgent to identify the major ethical risks of digital
twins for personalized health care services.

Objectives
This research aims to address this research gap by providing a
comprehensive analysis of the major ethical risks of digital
twins for personalized health care services. Owing to the scarcity
of literature on digital twins for personalized health care
services, we are unable to perform a systematic review of ethical
concerns over digital twins for personalized health care services.
As a convergence of health care, artificial intelligence,
information and communication technologies (ICTs), and
personalized health care services, it is also difficult to apply the
existing bioethical framework to capture the distinctive features
and corresponding ethical risks of digital twins for personalized
health care services. In addition, as influential bioethical
frameworks such as the Beauchamp and Childress [17] 4
principles framework focus on high-level abstract ethical
principles, it is challenging to translate the principles into
specific and concrete normative guidance for first-line
developers.

Methods
Owing to the challenges stated in the Introduction section, we
resorted to the literature on eHealth, personalized medicine,
precision medicine, and information engineering to identify
potential issues. We developed a process-oriented ethical map
to structure the inquiry in a more systematic way. The ethical
map allows us to see how each of the major ethical concerns
emerges during the process of transforming raw data into
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valuable information. Developers of a digital twin for
personalized health care service may use this map to identify
ethical risks during the development stage in a more systematic
way and proactively address them.

the trajectory of developing cardiovascular diseases. Although
the 2 cases shared a general goal, that is, improving health care
quality, the health issues they aimed to address and the services
they aimed to provide were very different.

We first provided a working definition of digital twins for
personalized health care services to clarify the extent to which
our research was applicable. We then consulted the literature
on ICTs to develop a process-oriented ethical map to structure
the identified ethical risks. We have discussed the limitations
of our research and provided recommendations at the end of
this paper.

In this study, we do not aim to provide a definitive account of
what a digital twin for personalized health care services ought
to be. However, to begin a critical analysis of potential ethical
pitfalls, we propose a working definition to clarify the extent
to which our ethical framework is applicable.

Results
Digital Twins for Personalized Health Care Service:
Working Definition

A digital twin for personalized health care service is a
data-driven, interactive computerized model that aims to offer
health-related information that properly simulates or predicts
the health conditions of a particular person.

Overview

Data-Driven, Interactive Computerized Model

Despite all the interest in translating the concept of digital twins
to personalized health care services, there is no consensus on
the definition of digital twins for personalized health care
services. Some services focus on visualization, whereas others
aim to offer predictive analysis. Some capitalize on existing
data, whereas others require continuous input. Differences such
as these create challenges in providing a systematic analysis of
potential ethical pitfalls of digital twins for personalized health
care service.

Any attempt to incorporate the concept of digital twins in a
health care system requires an input of data. The general idea
behind the concept of digital twins is to capitalize on
precollected or real-time data to build up interactive models
that allow users to conduct various simulations (eg, descriptive
modeling, predictive analysis of risk levels, or prescriptive
recommendation). In the health care context, the general goal
of a digital twin for personalized health care service is to
capitalize on data that are directly or indirectly related to an
individual patient’s health conditions to build up computerized
models that allow users (the patient or relevant clinicians) to
gain an opportunity to devise and test different virtual trials (eg,
lifestyles, pharmaceutical interventions, and surgical approaches)
on the patient’s digital twin. The data used by a digital twin for
personalized health care service can be identifiable data or
nonidentifiable data. For instance, a digital twin’s predictive
algorithms can be trained with multiple deidentified data sets
and can make predictions on a person’s health trajectory based
on certain identifiable data provided by the person.

The lack of consensus is attributable to 2 reasons. The first
reason is the ambiguity of personalization [15]. Each patient is
different in various aspects. Every individual has different
molecular and genomic features, and no patient has the same
socioeconomic background, preferences, needs, and conception
of the good. Therefore, personalized health care could be
understood in at least two ways. When focusing on the biological
aspect, the meaning of personalization is akin to precision.
Following this interpretation of personalization, the general
goal of personalized health care is to fine-tune health care with
health-related data and administer treatments that are likely to
be most effective and cause the fewest adverse side effects to
a patient. Achieving personalization in this sense does not
require active participation from the patient. In contrast, when
focusing on the nonbiological aspect, to realize personalization
is to respect individual patients’ personal commitments and
values. Personalized health care, in this sense, is a health care
ideal that aims to give back agency to the patient, facilitating
the patient to autonomously choose the treatment course that
can best reflect their values or cater to their particular needs.
Thus, the improvement of the patient’s physical health would
not be the primary consideration here.
The second reason is the difference in goals. Each personalized
health care service aims to address different health issues. The
solutions adopted by developers might also vary. Phillip’s
HeartModel provides a personalized health care service in the
sense that the digital twin reflects the unique anatomical
structure of a particular patient. Their goal was to improve the
quality of the surgery. As for My Digital Twin, developed by
the Dutch research team, the goal was to use a digital twin to
crunch health-related data to predict whether a person was on
https://www.jmir.org/2022/1/e33081
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Definition of a Digital Twin for Personalized Health
Care Service

Health-Related Information
Data treated properly can yield 3 types of health-related
information [18]. Descriptive information indicates what has
happened or is happening to a person’s health. Predictive
information offers insights regarding what is likely to happen
to a person’s health. Prescriptive information provides
suggestions regarding which action or intervention should be
adopted for the sake of improving or restoring a person’s health.
These 3 information types are essential for personalized health
monitoring, diagnosis, prognosis, prevention, and treatment.
Depending on the goals, the information provided by a digital
twin for personalized health care service may involve only 1
type of information or multiple types of information. A simple
3D model of a patient’s heart, for instance, might only deliver
descriptive information. In contrast, a model built from a
patient’s genomic data might offer more than a mere description
of the patient’s health. For instance, a digital twin built from a
person’s genomic data has the potential to predict the
effectiveness of a particular treatment course for a specific
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patient and prescribe treatment recommendations for a specific
patient.

Particular Person
The computerized model or prediction generated by a digital
twin must properly simulate the unique characteristics of a
person. In this sense, incorporating the concept of a digital twin
into the health care sector may yield a new form of personalized
health care service.
However, the focus on simulating the health conditions of a
particular person does not mean that a digital twin for
personalized health care services can only use data from the
person. Calibration of the algorithms used for simulation or
prediction may require a large amount of health-related data
collected from the general public. For instance, providing more
personalized advice regarding blood pressure and hypertension
management will require the developers to first work with
relevant data to refine the baseline blood pressure.
This working definition helps us differentiate a digital twin for
personalized health care service from general digital health care

Huang et al
(or eHealth). For instance, although telehealth also capitalizes
on ICTs and arguably requires data input from the patient (eg,
via teleconsultation), telehealth services do not depend on
computerized modeling. Instead, the value of telehealth results
mainly from offering patients the opportunity to consult their
clinicians remotely. The requirement of interactability also helps
us distance a digital twin for personalized health care service
from medical technologies that have long been adopted to create
digital images of particular persons. For instance, although
magnetic resonance imaging (MRI) also relies heavily on ICTs
to transform the collected data into imagery information of
specific persons, these computerized images do not offer
clinicians the opportunities to conduct virtual trials on them.
As a result, MRI does not qualify as a digital twin for
personalized health care service but is a medical device that
may be incorporated into a digital twin for personalized health
care service. One of Linköping University’s MeDigiT projects,
for instance, uses MRI and computed tomography data to
simulate a heart digital twin to better personalize the artificial
heart implant (Table 1).

Table 1. Examples of different types of digital twins for personalized health care service.
Type of digital twin

Type of primary data used by the digital twin

Forms of digital twin

Types of information
delivered

HeartModel [4]

Imagery data (ultrasound)

Interactive visual presentation of the
anatomical and physiological features of
the heart

Descriptive

MeDigiT [11]

Imagery data (MRIa and CTb)

Interactive visual presentation of the
anatomical and physiological features of a
specific part of the body

Descriptive

My Digital Twin [10]

Lifestyle data (dietary, smoking, use of alcohol, and
medication), environmental data (living and working
situations), and electronic health records (visits to
health care services, medication, biotest results, MRI
scans, and CT scans)

An aggregated model that offers information Descriptive, predicabout a person’s current health conditions, tive, and prescriptive
a prediction of relevant health risks, and
health advice on improving the health condition

Personalized diagnosis
Genomic data
and therapy via genomic
medicine [3]
a

A genomic model allows users to identify
treatments that are likely to be most effective for a particular patient

Predictive and prescriptive

MRI: magnetic resonance imaging.

b

CT: computed tomography.

A Process-Oriented Ethical Map
Overview
Digital twins for personalized health care services aim to
synthesize valuable information from health-related data for
timely diagnosis, prognosis, preventive intervention, or treatment
optimization. Achieving these goals requires a sophisticated
orchestration of multiple ICTs and the involvement of various
stakeholders in tasks such as data collection, data analysis, and
information presentation. Each of the data processing phases
faces different ethical risks. It is challenging to address all the
major ethical risks that a digital twin for personalized health
care service might encounter proactively without a conceptual
map at hand. The process-oriented ethical map we have
proposed below would assist developers of digital twins for
personalized health care services in analyzing ethical risks in a
more systematic manner (Table 2).
https://www.jmir.org/2022/1/e33081
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Briefly, despite the complex infrastructure, the process of
creating valuable information can be divided into four major
phases: data collection, data management, data analysis, and
information use. Each of the 4 major phases requires different
ICTs and information systems to realize its desired goal. It is
not surprising that each of the 4 phases touches on various
ethical issues. For instance, to continuously collect data from
the user, developers of a digital twin for personalized health
care services would need to address worries about surveillance
and issues related to data accessibility. However, even if the
developers properly deal with these issues, ill-designed
algorithms might still cause great harm to users of the digital
twin for personalized health care services by offering them a
distorted picture of a person’s health conditions. In a situation
where the digital twin for personalized health care services is
free from data-related concerns such as data collection and data
analysis, the service could still induce negative influences on
J Med Internet Res 2022 | vol. 24 | iss. 1 | e33081 | p.1131
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its users by taking an overly demanding concept of health as
the norm (coercive healthism).
This process-oriented framework shows that although many
ethical concerns are interrelated, they might arise independently

in different phases. Breaking down a digital twin for
personalized health care service into 4 major phases helps
developers of this service conduct an ethical assessment during
the design stage in a more systematic way.

Table 2. A process-oriented ethical map.
Operation process and operational problem

Ethical issues

Data collection
Hypercollection

•
•
•
•

Autonomy
Informed consent
Right to privacy
Surveillance health care

Data quality and unorthodox use

•

Distortion of the understanding of health

Data ownership and data accessibility

•
•

Autonomy
Health equity

Data ownership and data brokerage

•
•
•

Autonomy or informed consent
Right to privacy
Transparency

Hacking

•

Right to privacy

Biased algorithms

•
•

Discrimination or injustice
Distortion of the understanding of health

Biased training data set

•
•

Discrimination or injustice
Distortion of the understanding of health

Decontextualization of disease formation

•
•
•

Autonomy
Distortion of the understanding of health
Victim blaming

Epistemic injustice

•
•
•

Autonomy
Distortion of the understanding of health
Damage physician–patient relationship

Overdiagnosis

•
•

Distortion of the understanding of health
Right to bodily integrity

Data management

Data analysis

Information use

Data Collection
Overview
Data collection is an indispensable phase of any digital twin for
personalized health care service. All data analyses and
simulations require initial data input. However, the potential
for gaining more information about a person also exposes the
person to several ethical risks. On the normative side, practices
such as hypercollection can severely infringe on the right to
privacy and autonomy. With no clear understanding of the scope
of data collection, meaningful informed consent is often missing.
As a service that aims to provide better personalized health care,
digital twins for personalized health care services also face
several ethical risks from the epistemic side. The quality of the
collected data might not be good enough to achieve the desired
https://www.jmir.org/2022/1/e33081
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goals, such as providing a more comprehensive understanding
of a person’s health conditions or making an accurate prediction
of a person’s likelihood of developing certain diseases.
Hypercollection
To construct proper models for personalized analysis, a digital
twin for personalized health care service might need to access
various data sets to train and recalibrate the algorithms used for
data analysis. From an engineering perspective, health-related
data can be defined as any data that can contribute to drawing
inferences on a person’s health condition. It might be tempting
to incorporate data about one’s social media use, education,
occupation, and other sources that are not traditionally viewed
as health-related data in a digital twin [19]. However, there is
also a growing concern that service providers might secretly
exploit the data collection process by collecting as much data
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as possible, although some of the collected data are not relevant
to the service the digital twin for personalized health care service
aims to provide [15].

of the research participants who participated in the validation
phase (n=450) presented with atrial fibrillation when examined
by a traditional electrocardiogram.

Furthermore, even if a digital twin for personalized health care
service only requests data that fall under the traditional
understanding of health data (eg, electronic health records and
biopsy), the developer still has to justify the necessity of
including the requested health data. Health data are widely
considered highly sensitive. Physicians and health care
organizations as patients’ fiduciaries have special moral duties
to promote patients’ well-being and protect patients’ privacy
[17]. Legally speaking, health data are also subject to stringent
legal protection [20]. To access a particular set of health data,
one must provide a strong reason to justify why the set of health
data is necessary for the task and proactively request informed
consent from the patients.

These studies show that although non–medical-level wearables
offer an affordable way for the general public to trace and
manage their lifestyle, the accuracy of the data gathered by these
devices does not always meet the clinical standards. Instead of
paving the path for a more personalized health care service,
attempts to capitalize data collected from commercial-level
wearables might risk creating a distorted digital image of people.
Developers must carefully consider the level of data accuracy
required for the services they are developing.

In addition, requesting extensive data from the users might also
put the users under undue risks of inference attack, a data mining
technique that uses authorized data to access authorized
information via inference and common knowledge [21]. The
requested data can be used to reveal information that users do
not wish to share with the developers, seriously infringing on
the users’ right to privacy. Merely stating that inclusion may
enhance the predictive power and accuracy of a digital twin for
personalized health care services is not sufficient to outweigh
the privacy concerns.
The growing accessibility of wearables and biosensors offers
developers of digital twin systems opportunities to build up a
system that can update a person’s digital twin in real time. The
pharmaceutical company, Otsuka, has developed a new
generation of digital pills (Abilify MyCite) that helps patients
track medicine intake by sending signals to the patient’s mobile
devices and relevant parties [22,23]. These technologies are
usually marketed as innovations that can empower patients by
helping them better manage their health conditions (eg,
improving adherence). However, many bioethicists cast doubt
on this rhetoric. Some physicians might cajole or coerce their
patients to take the digital pills so that they can monitor their
patients [24,25]. Despite being informed, patients might not
truly consent to be monitored by taking ingestibles.
Circumstances such as this could increase patients’ anxiety
levels and reduce trust between physicians and their patients
[26].
Data Quality and Unorthodox Use
Another issue related to data collection is data quality and
accuracy. Indeed, wearables now make the collection of a wide
range of biosignals possible. However, the accuracy of the
devices used for data collection varies. Consider the Apple
Watch as an example. Despite the increasing interest in
incorporating this device into the digital twin ecosystem, a recent
review on the accuracy of the Apple Watch’s performance in
measuring heart rate and energy expenditure found that although
the device offers clinically reliable measurement of heart rates,
it systematically overestimates the expenditure of energy in
patients with cardiovascular disease [27]. Marcus [28] also
pointed out that the false-positive rates were unacceptably high
in an Apple-sponsored research on atrial fibrillation. Only 35%
https://www.jmir.org/2022/1/e33081
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The reliability of a digital twin is also vulnerable to unorthodox
use of the service. A user of the digital twin might not follow
the instructions properly and therefore compromise the quality
or accuracy of the data collected by the device. Some users
might deliberately use the device in an unorthodox way to trick
the system in certain circumstances. For instance, a digital twin
for personalized health care service devised by insurance
companies could be compromised as some users might be more
interested in getting a lower premium rather than tracking how
a newly adopted healthy lifestyle could improve their health
with the digital twin [29]. If a compromised digital twin is to
be linked to other general medical services, the compromised
digital twins might also undermine a clinician’s capability to
make sound clinical judgment. Developers must take
precautionary steps to minimize such risks.

Data Management
Overview
Developers may devise very different management strategies
to optimize their services. However, the differences in
management strategies can also create obstacles to data
accessibility, diminishing users’ autonomy in terms of seeking
the best use of their data as they see fit. Certain providers might
also engage with data brokerage and sell the entrusted data for
profits. Although data brokerage is not inherently unethical,
selling sensitive health-related data without explicit consent
fails to show due respect for the right to privacy. The
complicated ICT ecosystem of digital twins for personalized
health care services might also expose users to undue hacking
risks.
Data Accessibility
Digital obsolescence may affect people’s ability to reuse their
data for other health care services should the service provider
fail to devise proper management strategies after each system
upgrade [30]. In addition, it is foreseeable that some of the
developers of digital twins for personalized health care services
would face a close-down and cease to offer service maintenance
thereafter. The disruption of service might create difficulties
for users of the digital twins for personalized health care services
to retrieve the health-related data they entrusted to the service
providers. The fail-fast culture of technology startups might
exacerbate this problem. Given that digitalization of health care
is an unstoppable trend, the inability to access one’s data would
severely affect the quality of health care a person can receive.
It is important to recognize these accessibility issues and devise
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means that allow the users of digital twins for personalized
health care services to access, retrieve, and transfer the data
they have entrusted to their service provider.
Data Brokerage
Despite a lack of consensus on how to characterize data
ownership and whether the right to data ownership exists [31],
data brokerage as a business model is prevalent in the mobile
health industry [32]. Health-related data such as patient
experience, medical history, and symptoms are especially
valuable to pharmaceutical companies and marketing
organizations as they may improve drug development and
marketing strategies [15,33]. Although data brokerage as a
business model is not inherently unethical, many service
providers fail to obtain explicit informed consent from their
users. Huckvale et al [34] recently found that of the 36
top-ranked Android and iOS apps for depression and smoking
cessation, 29 apps transmitted the entrusted data to Facebook
or Google (sometimes both) for advertising and analytics
services. Only 12 apps accurately disclosed this practice. Given
the levels of sensitivity of health-related data, selling them
without obtaining explicit consent from the users might severely
affect the users’ right to privacy. Service providers ought to
convey their plans, if any, for the secondary use of the entrusted
data to relevant parties transparently and seek explicit informed
consent from the users.
Hacking
The digitalization of health care has also attracted the attention
of malicious hackers [35]. A survey conducted by KPMG [36]
also showed that 81% of the 223 surveyed organizations
experienced cyberattacks. In another study conducted by the
Institute for Critical Infrastructure Technology [37], it was
estimated that >110 million patients in the United States had
their health data compromised in 2015 alone. Given that the
promise of digital twins for personalized health care services is
built on extensive health-related data, they might attract even
more cyberattacks than other services in the health care sector
have ever undergone. Developers of digital twins for
personalized health care services must invest in cybersecurity
to properly safeguard the data entrusted to them and the
operation of the systems.

Data Analysis
Overview
Data processing is an essential phase for extracting and
synthesizing information from otherwise fragmented and
uninformative data. Well-designed algorithms can reveal
valuable information that can enhance decision-making capacity.
However, this power also makes algorithms become a
double-edged sword—they can be used to crunch accessible
data to reveal unauthorized information, posing a great threat
to people’s right to privacy. The human tendency to trust
automatic systems may make users of a digital twin susceptible
to harm brought about by biased algorithms.
Biased Algorithms
Algorithms are the backbone of any data-driven health care
service. They execute the instruction designed by human
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developers, sort and weigh various data, and produce the desired
information such as risk assessment and prognosis. Although
algorithms are not liable to influences such as emotions and
fatigue, they could still yield unanticipated discriminatory
results. Obermeyer et al [38] recently discovered that Black
patients were systematically discriminated against by a widely
adopted health care algorithm for identifying patients who are
highly likely to need complex health care. The algorithm
unintentionally discriminated against Black patients by assigning
them lower risks as it used health care costs as a proxy for
prediction. It is generally true that the more complex the health
needs, the higher the cost. However, using health care costs as
a proxy overlooks the fact that expenditure depends partially
on health care access. The lower amount of health expenditure
observed in Black patients does not imply that they are less ill
than White patients. Instead, it is more likely to result from
unequal access to health care. Obermeyer et al [38] also found
that once replaced by the inappropriate proxy used by the
system, patients with African backgrounds could have received
additional support from 17.7% to 46.5%. This study shows that
developers of a digital twin for personalized health care services
must pay extra attention to calibrating and validating the
algorithms used in the system.
Biased Training Data Set
A digital twin for personalized health care services might
incorporate advanced computing technologies such as deep
learning and machine learning in the data analysis phase. The
powerful technologies can be used to detect hidden correlations
between different variables, assisting the digital twin in
predictive analysis for health risk assessment or treatment
outcome assessment. However, the reliability of deep learning
and machine learning can be severely compromised if the data
sets used to train these algorithms do not properly reflect the
environment in which these algorithms are to navigate [39]. Liu
et al [40] found that IBM’s Watson for Oncology was less
effective and reliable when applied to non-Western populations
as the imagery data used for training Watson were primarily
from the Western population. Recently, it was also found that
certain data sets used for training machine learning algorithms
are, in fact, unfit for the task. The labeling of the chest X-ray
images in the ChestXray14 database were not standardized and
sometimes did not match with the image at all [41]. Similar
problems were also identified in machine learning research that
aimed to capitalize on chest radiographs and computed
tomography scans to detect COVID-19 [42]. Developers must
ensure that the training data reflects the characteristics of the
served population and are correctly and consistently labeled.
Otherwise, the predictive analysis offered by the digital twin
can be misleading and even discriminatory, bringing more harm
than benefit to the users.

Information Use
Overview
The use of health-related information is not a value-free practice.
The decision regarding which information is worth presenting
conveys the values upheld by the developers of a digital twin
for personalized health care services. In the context of predictive
analysis, the risk scores a digital twin gives to an individual
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reflect the conception of health and disease for the developers
of the digital twin. Without careful reflection, the developers
of the digital twin risk passing down problematic values such
as victim-blaming culture and distrust of personal experiences.
The goal of earlier diagnosis and intervention could also lead
to overdiagnosis and infringement of people’s bodily integrity.
Decontextualization of Disease Formation
A digital twin for personalized health care services might overly
individualize health issues and overlook the fact that
socioenvironmental determinants, such as air pollution, water
pollution, and lack of education, also contribute to health
problems [43,44]. Victims of environmental pollution and social
injustice might be wrongfully blamed for their poor health. In
addition, although a digital twin for personalized health care
service may allow people to access health information they
otherwise could not access, the epistemic improvement does
not warrant empowerment. People with lower socioeconomic
backgrounds might not know how to use the provided
information or not have the agency to act upon the information
because of external constraints [45]. Contrary to the goal of
empowerment, the digital twin for personalized health care
services might burden patients with a sense of powerlessness,
guilt, and anxiety. It is especially so for a digital twin for
personalized health care service that aims to introduce early
interventions in lifestyle diseases such as diabetes, hypertension,
and obesity [46]. Users who fail to take the advised change
could be accused of being irresponsible about their health
(victim blaming).
Epistemic Injustice
The growing reliance on health information produced by digital
twins for personalized health care services could also lead to
undervaluing patients’ personal views and experiential
knowledge. Some might think that health information offered
by the digital twin is more reliable than a patient’s personal
account as the information results from an objective fact.
However, this view overlooks the fact that this information was
generated from a system developed with a human’s limited
understanding of human biology and other relevant fields. The
information would be full of human interpretation and subject
to various biases as well. Rich et al [47] recently found that the
discrepancies between the analysis by fitness apps and users’
subjective feelings support the concern over epistemic injustice.
Downplaying the patient’s experiential knowledge simply
because this piece of knowledge has subjective elements is
deeply problematic. Instead of offering a more holistic
understanding of health, the digitalization of health could create
a distorted understanding of health [15,48].
Overdiagnosis
Another concern related to the definition of health is
overdiagnosis. One of the general goals of digital twins for
personalized health care services is to provide early warnings
to its users and assist in preventive health care. However, in
practice, early action sometimes leads to overdiagnosis and
overtreatment. This sort of ethical dilemma has been highlighted
in the personalized medicine literature on the use of biomarkers
[49-51]. For example, many bioethicists and clinicians are
concerned that genetic testing that can be used to detect BRCA1
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and BRCA2 mutations might cause overtreatment [52,53],
causing harm to a patient’s bodily integrity.
Furthermore, when gaining access to more information about
various health-related parameters, it is important to reflect on
the extent to which deviations from the norm can be considered
diseases. Sexuality is a prominent example of this. Hormone
levels can also differ significantly between women with and
without pregnancies [54]. The conceptual link to nonbinary
concepts such as dysfunction, harm, and risk also suggests that
there is no clear line to be drawn between diseased and
nondiseased states. Following this observation, Walker and
Rogers [49] argue that overdiagnosed cases can be understood
as borderline cases that are neither diseased nor healthy but in
between. Treating borderline cases and those that are clearly
diseased in the same way is morally problematic. Recent
advocacy of renaming low-risk conditions that are unlikely to
develop into cancers echoes this concern [55]. There is also a
growing number of bioethicists and medical practitioners casting
doubt on the utility of detecting borderline cases [50]. Without
careful stratification and selection of reference groups, a digital
twin for personalized health care services might risk providing
wrongful health advice to its user. Therefore, developers of a
digital twin for personalized health care services ought to consult
clinical practitioners and relevant researchers to fine-tune the
system with comprehensive epidemiological knowledge.

Discussion
Limitations of the Study
The analysis we performed in this research offers a clear
overview of the major operational problems that might damage
vital ethical values during each of the data processing and
information use stages. However, this ethical analysis of digital
twins for personalized health care services has several
limitations. First, as digital twins for personalized health care
services are still in their infancy, the literature directly
addressing digital twins for personalized health care services is
scarce. Most of the ethical analyses we conducted here is based
on the literature in fields that we considered closely linked to
digital twins for personalized health care services. However,
mapping the major ethical risks in this way renders the analysis
heavily influenced by our prior knowledge, and we might have
overlooked certain ethical risks of digital twins for personalized
health care services. Second, as the process-oriented framework
we proposed in this research aims to provide a conceptual map
to help developers proactively examine potential ethical risks
that might occur in each of the major data processing phases,
the framework would be less effective in facilitating developers
to examine ethical risks based on the type of information
provided by a digital twin for the health care system. For
instance, it is a known ethical risk that genetic information can
be used to infer the health conditions of a person’s family
members. For people who do not want to know whether they
are at risk of certain genetic diseases, their right not to know
might be infringed by the family member who decided to use
the information [56,57]. However, because of the structure of
the framework, there is no room for this important discussion.
It is desirable to see further research on health information
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generated by a digital twin for personalized health care services
and the associated ethical risks. Third, there could be novel
ethical risks of digital twins for personalized health care services
that are distinctively different from the concerns that have been
identified in the literature on digital health, personalized
medicine, and precision medicine. This paper is by no mean
trying to provide a definitive account of the ethicality of digital
twins for personalized health care services. Further empirical
ethics research on digital twins for personalized health care
services is necessary to identify such novel ethical issues. For
instance, researchers may consider adopting the embedded ethics
approach proposed by McLennan et al [58] to investigate the
ethicality of digital twins for personalized health care services
with developers and stakeholders. For researchers interested in
developing ethical guidance for emerging digital twin
applications, the ethics parallel research approach advocated
by Jongsma and Bredenoord [59] is also worth adopting.

Huang et al

Conclusions
The concept of digital twins can be applied to a wide variety of
personalized health care services. The diversity of digital twins
for personalized health care services not only manifests in the
sort of health care services they aim to provide but also in the
ethical risks they might face. To capture these nuances, we
conducted a process-oriented ethical analysis to examine the
ethical risks that could appear during data processing and
information use. The 10 operational problems and relevant
ethical values have been structured with a clear, logical flow.
This process-oriented ethical map allows developers of digital
twins for personalized health care services and stakeholders to
have a comprehensive overview of major ethical risks when
refining the design of the digital twin. The ethical values section
on the map also helps developers better understand the values
they ought to consider when developing solutions for an
operational problem they might encounter.
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Abstract
Background: The Philippines is experiencing an HIV crisis and is considering implementing pre-exposure prophylaxis (PrEP)
as a national public health strategy for HIV prevention for cisgender men who have sex with men (cis-MSM). However, critical
information on the awareness of PrEP among cis-MSM is needed to roll out this public health initiative.
Objective: This study aims to assess PrEP awareness and related correlates (ie, sociodemographic variables, social factors, and
health care access and use) among Filipino cis-MSM.
Methods: We conducted a web-based survey with Filipino cis-MSM (n=179) residing in the cities of Manila and Cebu,
Philippines. Multivariable analysis procedures were performed to examine the factors associated with PrEP awareness.
Results: Our sample demonstrated high awareness (134/179, 74.9%) and interest (159/179, 88.8%) in taking PrEP. The adjusted
model showed that greater odds of PrEP awareness were associated with having a college education or higher versus a high school
education or lower (adjusted odds ratio [aOR] 7.30, 95% CI 1.01-52.47), earning between PHP 10,000 (US $198.6) and PHP
20,000 (US $397.2) versus <PHP 10,000 (US $198.60; aOR 9.32, 95% CI 1.41-6.22), having had a prior HIV test (aOR 6.06,
95% CI 1.20-13.55), having high HIV knowledge (aOR 3.50, 95% CI 1.11-10.98), and having friends who discussed PrEP (aOR
11.17, 95% CI 2.73-14.5).
Conclusions: Our findings demonstrate that Filipino cis-MSM are aware of and interested in taking PrEP, but there is currently
an unmet need for such biomedical HIV prevention technologies among this population. Incorporating PrEP education into routine
HIV screening and leveraging cis-MSM social networks may be useful in optimizing potential PrEP implementation in the
Philippines.
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Introduction
Background
Globally, cisgender men (ie, individuals who identify their
gender as men and are assigned the male sex at birth) who have
sex with men (cis-MSM) remain highly vulnerable to HIV
infection [1,2]. A meta-analysis found that the HIV prevalence
among cis-MSM in the South and Southeast Asia region was
15% [2]. The Philippines, situated in Southeast Asia, is
undergoing a major public health crisis as a result of the rapid
increase in new HIV cases documented in the past decade. The
number of people diagnosed with HIV in the Philippines has
increased more than 4-fold, from 16,000 cases in 2010 to 68,000
in 2017 [3] and is concentrated among young, cis-MSM [4]. Of
the 6011 new cases of HIV in 2014, 85% were attributed to
male-to-male sexual contact with a median age at diagnosis of
28 years [4,5]. The major drivers of HIV infection among
Filipino cis-MSM include receptive anal intercourse and sex
under the influence of alcohol and other substances [5,6]. Use
of HIV prevention services among this population remains low;
in a survey of 531,000 cis-MSM in the Philippines, only half
reported using condoms during their last sexual encounter [3],
and HIV testing rates were lower among cis-MSM compared
with those in China and Vietnam [7].
Pre-exposure prophylaxis (PrEP) is an evidence-based, effective
biomedical HIV prevention strategy that significantly reduces
HIV transmission risk [8]. Currently, PrEP is available as a
daily oral pill (eg, Truvada, a combination of emtricitabine and
tenofovir), which can reduce the risk of HIV infection by more
than 90% when taken as prescribed [9,10]. To date, there is a
single ongoing PrEP demonstration project among cis-MSM in
the Philippines [11], and the Philippines Department of Health
is considering approval of PrEP for public use. Examining levels
of PrEP awareness and interest among cis-MSM in the
Philippines will inform future rollout and scaling of PrEP
programs, especially for vulnerable groups such as cis-MSM.
Awareness of and interest in taking PrEP are key determinants
of successful initiation into the PrEP continuum of care [12,13].
PrEP awareness has been researched among American cis-MSM
[14,15], but analogous research in other parts of the world is
scant. One of the few published reviews examining awareness
and willingness to use PrEP among cis-MSM in low- and
middle-income countries found low awareness (16.9%-44.3%)
but high willingness to use PrEP for HIV prevention
(53.3%-74.8%) [16]. Furthermore, a literature review of HIV
research in the Philippines showed that there are only a few
empirical studies on HIV prevention among cis-MSM, and none
of these studies have explored PrEP [17]. Given the ongoing
considerations to support implementation of PrEP in national
guidelines in the Philippines, it is vital to assess the current level
of PrEP awareness and interest among Filipino cis-MSM. Such
data are critical for informing future PrEP implementation
programs in the Philippines.
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Objective
To date, no known quantitative study has explored awareness
of PrEP among Filipino cis-MSM. There is a need for such
research given the high vulnerability of Filipino cis-MSM to
HIV infection and the heavy burden of HIV infection among
this group. To this end, we carried out a web-based survey
assessment to examine the relationship between PrEP awareness
among Filipino cis-MSM and sociodemographic variables,
social factors (eg, marginalization, cohesion, and participation),
indicators of health care experiences and access to HIV services,
and PrEP indicators.

Methods
Participants and Procedures
The data used in this study were obtained from Project
#ParaSaAtin, a web-based study that surveyed key populations
(eg, cis-MSM) impacted by the HIV epidemic in the Philippines.
Informed by epidemiological data, we focused on Manila or
National Capital Region (NCR) and Cebu. Specifically, as
identified in the Philippines HIV national surveillance report,
these are the top geographical areas where HIV infection is
concentrated in the Philippines [4]. The purpose of the survey
was to examine the structural, social, and behavioral factors
that impact the use of HIV/AIDS prevention services, such as
PrEP, condoms, and HIV testing. This analysis focused
specifically on PrEP awareness and willingness to take PrEP
as outcomes of interest.
Between June 2018 and May 2019, we recruited participants
by posting our study survey link on flyers and advertisements
through web-based social media sites (eg, Facebook groups and
Twitter) of community-based organizations that provided
services to communities impacted by the HIV/AIDS epidemic
in the Philippines. Participants who clicked on the survey
completed a web-based written consent and screening process.
Eligibility criteria for participants in this study included
self-reporting that they (1) were ≥18 years old, (2) identified as
cis-MSM, (3) had condomless anal sex within the past year, (4)
currently lived in Manila, NCR or Cebu, (5) demonstrated
English comprehension (via a brief cognitive screening form),
and (6) provided a web-based written consent to participate in
the study. The brief cognitive screening form tested participants’
capacity to understand English by asking participants a series
of true or false questions based on the consent form. English is
common in the Philippines (as it is one of the national
languages) [18] but given that the survey was written in English,
we wanted to ensure that the enrolled participants demonstrated
sufficient language comprehension. To further ensure survey
comprehension, we used the Flesch-Kincaid Reading Level
Test [19] to design the survey such that it could be read by
someone at the sixth grade level. The average range of time for
participants to complete the survey was between 20 and 25
minutes. All participants received a PHP 300 (approximately
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US $5.85) electronic prepaid mobile load card for their time
and completion of the survey.
We also used best practices for conducting web-based survey
questionnaires. This included having a series of standard
web-based survey protective measures, such as (1) captcha box,
which provides a web-based challenge-response test that
eliminates robots from taking the survey [20,21] and (2) unique
IP address programming, which prevents the same participants
from taking the survey multiple times by only allowing those
with a unique IP address to take the survey [21,22]. Study
procedures were deemed appropriate by all 3 local HIV/AIDS
community-based organizations that were our local partners for
this project and collaborated in the development and
implementation of this survey. This study received ethical
approval from the Brown University Human Research Protection
Program Institutional Review Committee in Providence, Rhode
Island.

Measures
We analyzed the correlates of PrEP awareness and interest using
a series of questions on sociodemographic factors, social factors
(eg, marginalization, cohesion, and participation), and indicators
of health care experiences and access to HIV services among
the participants.

Sociodemographics
We adapted sociodemographic items from the Philippines
National Demographic and Health Survey [23]. With the
exception of sexual identity, these items included age, current
living location, education attainment, past year income, and
religious affiliation.

Social Marginalization, Cohesion, and Participation
Variables
We asked the participants about their social experiences,
including marginalization, cohesion (ie, perception of mutual
aid, trust, and support) [24], and participation in social events
and activities.
For social marginalization, we asked if they had ever been
homeless (yes or no), were currently unemployed (yes or no),
and had engaged in sex work within the past 4 months (yes or
no).
To measure social cohesion, we adapted a 9-item social cohesion
scale [24] to specifically refer to cis-MSM communities
(Cronbach α=.92). Examples of these items are You can count
on your cis-MSM friends if you need to talk about your problems
and You can count on your cis-MSM friends to accompany you
to the doctor or hospital. Each item had 5-level Likert response
options, from strongly disagree (1) to strongly agree (5) and
was summed (median 22; range 9-45). Similar to previous
researchers’ work on this scale [24-26], scores were
dichotomized into low versus high levels of social cohesion at
the median.
We asked about the engagement of the participants in general
community events and activities (ie, general social participation),
such as activities related to church, community, or cultural
events as well as lesbian, gay, bisexual, and transgender
https://www.jmir.org/2022/1/e24126
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(LGBT)-specific activities (ie, LGBT-specific social
participation), such as joining pageants, HIV advocacy groups,
and local LGBT organizations. To assess gender- and
LGBT-specific social participation, we adapted the social
participation scale (Cronbach α=.76 and .75, respectively) [25].
Keeping in-line with previous researchers [25,26], responses
were either yes or no and were summed (median 1, range 0-4
for general social participation and median 3, range 0-5 for
LGBT-specific social participation) and then dichotomized into
low versus high levels of participation at the median.

Health Care and HIV Service Indicators
We assessed participants’ health care experience by asking
whether they had current health insurance (yes or no) and had
ever been discriminated against because of sexual identity (yes
or no). We used the health care accessibility scale by Haggerty
et al [27] to measure our participants’ health care accessibility
(Cronbach α=.89). Items included questions about how
convenient their provider’s office is with regard to office hours
for appointments, duration of next open appointments, waiting
time before appointments, traveling to and from the office, and
ability to reach the provider when needed. Responses were
scored (median 19, range 6-30) and dichotomized into poor or
fair versus good or excellent health care accessibility at the
median.
We assessed the experiences of access to HIV services, by
asking the participants if they had ever had an HIV test. We
also asked if they avoided seeking HIV services because of the
cost of services, distance of travel to and from the health care
facility, sexual identity, and lack of facility-level policy on
LGBT antidiscrimination. To assess participant’s HIV
knowledge, we used the International AIDS Questionnaire
(Cronbach α=.80; median 40, range 23-74), and dichotomized
the scores into high versus low HIV knowledge at the median
[28].

PrEP Indicators
We adapted 3 items on PrEP awareness, interest, and discussion
among friends from the study by Restar et al [29]. Specifically,
we asked the participants whether they had heard of PrEP (yes
or no). Regardless of their previous PrEP awareness, all
participants then received a brief educational statement about
PrEP [30]:
One way to fight HIV is called PrEP, which stands
for pre‐exposure prophylaxis. PrEP works by giving
HIV‐negative people HIV drugs to keep them from
getting HIV. The following questions are about your
thoughts and opinions of PrEP.
We then asked if they were interested in taking PrEP (not
interested at all vs somewhat or very interested). We also asked
the participants to rate how true the following statement is—My
friends talk about PrEP—with response options as very or
somewhat true versus not true at all. Participants who were not
interested in PrEP were subsequently asked to enter their
primary reason for being uninterested in PrEP.
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Analysis
Descriptive analyses were performed to determine proportions
and chi-square tests and bivariable and multivariable logistic
regression modeling were performed to determine associations
among participants. Before running the regression procedures,
we performed a sensitivity analysis to determine internal
consistency for all of our scale variables (eg, health care
accessibility, social cohesion and participation, and HIV
knowledge). Multicollinearity tests using the standard procedure
for assessing the variance inflation factor were performed to
ensure that our independent variables were not collinear. Our
results determined that collinearity was not present in our data
(all variance inflation factors <4.00) [31]. Logistic regression
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procedures were performed to determine associations between
PrEP awareness and sociodemographics, experiences of social
marginalization, social cohesion and participation, health care,
access to HIV services, and other PrEP indicators. We then
descriptively examined the reasons for not having interest in
PrEP. All analyses were performed using Stata standard edition
version 15.1 (StataCorp LLC) [32]. Statistical significance was
set at 2-sided P<.05.

Results
Sample Characteristics
A total of 179 cis-MSM completed the survey. Study sample
characteristics are presented in (Table 1).
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Table 1. Study sample characteristics of Filipino cismen who have sex with men (n=179).
Characteristics

Total, n (%)

PrEPa-aware (n=134), n (%)

P valueb

Demographics
Age

.08
18-24

40 (23)

32 (24.2)

25-29

59 (33.9)

45 (34.1)

30-34

36 (20.7)

31 (23.5)

>35

39 (22.4)

24 (18.2)

Current living location

.52

Metro Manila or National Capital Region

145 (81)

110 (82.1)

Central Visayas

34 (19)

24 (17.9)

Highest educational attainment

.10

High school or lower

23 (12.9)

13 (9.7)

Some college

34 (19.1)

26 (19.6)

College or higher

121 (68)

94 (70.7)

Past year income

.27

<PHP 10,000 (US $198.60)

25 (19.6)

21 (15.7)

PHP 10,000 (US $198.60)-PHP 20,000 (US $397.20)

38 (21.2)

30 (22.4)

PHP 20,000 (US $397.20)-PHP 30,000 (US $ 596.00)

30 (16.8)

23 (17.2)

>PHP 30,000 (US $ 596.00)

60 (33.5)

47 (35)

No income in the past year

16 (8.9)

13 (9.7)

Religious affiliation

.14

Catholic

144 (80.4)

105 (78.4)

Non-Catholic (eg, Protestant, Christian)

24 (13.4)

18 (13.4)

Nonreligious

11 (6.2)

11 (8.2)
.048c,d

Sexual orientation
Gay

95 (53)

76 (56.7)

Bisexual

71 (39.7)

52 (38.8)

Straight

11 (6.2)

5 (3.7)

Not listed

2 (1.1)

1 (0.8)

Social marginalization, cohesion, and participation
Ever homeless

.49

No

158 (88.3)

117 (87.3)

Yes

21 (11.7)

17 (12.7)

Recent (<4 months) sex work engagement

.79

No

153 (85.5)

114 (85.1)

Yes

26 (14.5)

20 (14.9)

Currently unemployed

.18

No

46 (25.7)

31 (23.2)

Yes

133 (74.3)

103 (76.8)

Social cohesion
Low

82 (45.8)

58 (43.3)

High

97 (54.2)

76 (56.7)
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Total, n (%)

PrEPa-aware (n=134), n (%)

General social participation

P valueb
.09

Low

92 (51.4)

64 (47.8)

High

87 (48.6)

70 (52.2)

LGBTe-specific social participation

.002

Low

109 (60.9)

73 (54.5)

High

70 (39.1)

61 (45.5)

HIV and other health care indicators
Current health insurance

.32

No

88 (49.2)

63 (47)

Yes

91 (50.8)

71 (53)
.03c,d

Health care discrimination because of sexual identity
No

153 (85.5)

110 (82.1)

Yes

26 (14.5)

24 (17.9)

Health care accessibility

.57

Poor or fair

93 (52)

68 (50.8)

Good or excellent

86 (48)

66 (49.2)

Ever had an HIV test

<.001

No

37 (20.7)

17 (12.7)

Yes

142 (79.3)

117 (87.3)

Avoided HIV services because of the cost of services

.006

No

107 (59.8)

88 (65.7)

Yes

72 (40.2)

46 (34.3)

Avoided HIV services because of distance of travel to and from the health care facility

.70

No

107 (59.8)

79 (59)

Yes

72 (40.2)

55 (41)

Avoided HIV services because of sexual identity

.04

No

129 (72.1)

102 (76.1)

Yes

50 (27.9)

32 (23.9)

Avoided HIV services because of lack of LGBT antidiscrimination policy

.03

No

143 (79.9)

112 (83.6)

Yes

36 (20.1)

22 (16.4)

HIV knowledge

.004

Low

78 (43.6)

50 (37.3)

High

101 (56.4)

84 (62.7)

PrEP-related indicators
PrEP discussion among friends

<.001

No

103 (57.5)

63 (47)

Yes

76 (42.5)

71 (53)

PrEP interest
Not at all
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Very or somewhat
a

Restar et al
Total, n (%)

PrEPa-aware (n=134), n (%)

159 (88.8)

118 (88.1)

P valueb

PrEP: pre-exposure prophylaxis.

b

Chi-square test.

c

Fisher exact test. Comparison groups for both tests were pre-exposure prophylaxis–aware versus pre-exposure prophylaxis–unaware.

d

P<.05.

e

LGBT: lesbian, gay, bisexual, and transgender.

Overall, most of the participants currently lived in Manila or
NCR (145/179, 81%), had at least college education (121/179,
67.6%), self-identified as Catholic (144/179, 80.4%), and
self-identified as gay (95/179, 53%). Approximately one-third
of the participants earned PHP 30,000 or more a year (60/179,
33.5%) and were between ages 25 and 29 years (59/179, 33.9%).
Most had never experienced homelessness (158/179, 88.3%)
and had not recently been involved in sex work (153/179,
85.5%), but most were currently unemployed (133/179, 74.3%).
In addition, approximately half of the participants displayed
high social cohesion (97/179, 54.2%), showed high general
social participation (87/179, 48.6%), exhibited low
LGBT-specific social participation (109/179, 60.9%), and
reported poor or fair health care accessibility (93/179, 52%).
Half of the participants reported having no current health
insurance (88/179, 49.2%), and 14.5% (26/179) reported having
experienced health care discrimination because of their sexual
identity. For HIV indicators, most of the participants had taken
an HIV test (142/179, 79.3%), and less than half had avoided
HIV services because of the cost of services (72/179, 40.2%),
distance of travel to and from the health care facility (72/179,
40.2%), sexual identity (50/179, 27.9%), and lack of LGBT
antidiscrimination policy (36/179, 20.1%). Over half of the
participants demonstrated having high HIV knowledge (101/179,
56.4%).
Most of the participants were aware of PrEP (134/179, 74.9%)
and were interested in taking PrEP (159/179, 88.8%), and
approximately half discussed PrEP among friends (76/179,
42.5%). In total, 11.7% (20/179) of Filipino cis-MSM indicated
that they were not interested in taking PrEP and provided their
primary reasons for not being interested. Of this subsample, the
most common reasons for not being interested in PrEP were the
need to know more information before taking PrEP (5/20, 25%)
and don’t like taking pills (5/20, 25%).

Factors that were associated with lower odds of PrEP awareness
included (P<.05 in all instances) the following: being
straight-identified (OR 0.20, 95% CI 0.05-0.75) and having
experienced health care discrimination because of sexual identity
(OR 0.21, 95% CI 0.04-0.94). In addition, avoiding HIV services
because of cost (OR 0.38, 95% CI 0.19-0.76), sexual identity
(OR 0.47, 95% CI 0.22-0.96), and lack of LGBT
antidiscrimination policy (OR 0.43, 95% CI 0.19-0.94) were
all associated with lower odds of PrEP awareness.

Multivariable Logistic Regression Findings
The findings from the multivariable logistic regression model
are presented in Multimedia Appendix 1. Significantly greater
odds of PrEP awareness were found among Filipino cis-MSM
who had attained college education or higher versus high school
education or lower (adjusted OR [aOR] 7.30, 95% CI
1.01-52.47) and earned between PHP 10,000 and PHP 20,000
versus <PHP 10,000 (aOR 9.32, 95% CI 1.41-6.22). Having
ever had an HIV test was associated with approximately 6 times
the odds of PrEP awareness (aOR 6.06, 95% CI 1.20-13.55)
compared with not having had an HIV test. Those who displayed
high HIV knowledge had more than 3 times the odds of being
aware of PrEP compared with those with low HIV knowledge
(aOR 3.50, 95% CI 1.11-10.98). Filipino cis-MSM who
discussed PrEP among friends had greater odds of PrEP
awareness (aOR 11.17, 95% CI 2.73-14.50) compared with
those who did not.
Significantly lower odds of PrEP awareness were associated
with age and location. Specifically, participants aged 25-29
years (aOR 0.15, 95% CI 0.02-0.90) and ≥35 years (aOR 0.11,
95% CI 0.01-0.84) had lower PrEP awareness compared with
18- to 24-year-old participants. Participants living in Cebu had
lower odds of PrEP awareness (aOR 0.83, 95% CI 10.70-0.98)
compared with those living in Metro Manila or NCR region.

Bivariable Logistic Regression Findings

Discussion

Findings from bivariable logistic regression on the correlates
of PrEP awareness are presented in Multimedia Appendix 1.

Overview

Factors that were associated with greater odds of PrEP
awareness included (P<.05 in all instances) the following:
having attained college education or higher versus high school
education or lower (odds ratio [OR] 2.67, 95% CI 1.05-6.77),
having high LGBT-specific social participation (OR 3.34, 95%
CI 1.49-7.48), having had an HIV test (OR 5.50, 95% CI
2.53-11.98), having high HIV knowledge (OR 2.76, 95% CI
1.37-5.55), and having discussed PrEP among friends (OR 9.01,
95% CI 3.35-24.25).
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This paper offers insights on the potential of PrEP as an HIV
prevention strategy among cis-MSM in the Philippines, a
country with one of the fastest growing HIV crises in the world.
Currently, the Philippines does not have an established PrEP
program and is still in the nascent stages of rollout with only 1
current PrEP demonstration project. This follows broader trends
in Asia, where few countries have implemented PrEP programs
[33]. Insights in this paper point to a growing need and demand
for PrEP in the Philippines for populations highly impacted by
HIV, such as cis-MSM populations. The potential for the rollout
of PrEP-based interventions and programming is contingent on
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public health efforts to increase levels of PrEP awareness of
and interest in taking PrEP among cis-MSM in the Philippines.
Overall, PrEP awareness and interest in taking PrEP were high
in our sample, as most participants indicated that they were both
aware of and interested in PrEP. There have been few efforts
to document PrEP awareness and interest across the Asia-Pacific
region; what little research exists suggests that knowledge about
PrEP is low in the region [33]. Our findings, however, contradict
such research, as we found that most participants were aware
of PrEP and had a high degree of PrEP knowledge. These results
may have been because of our use of community-based
organizations, which had HIV-specific programming and
content, for recruitment. Moreover, previous research has found
associations between high HIV knowledge and having access
to and better engagement with HIV services [34,35]. In our
sample, HIV knowledge was associated with greater odds of
PrEP awareness. As such, it is plausible that Filipino cis-MSM
may gain HIV knowledge and awareness of PrEP through their
connections to HIV prevention services. However, further
research is needed to elucidate this connection. Ultimately, this
points to a potential role for community-based organizations in
generating demand for and education on PrEP, a role that
organizations in other settings have been willing and able to
take.[36]. Indeed, Republica Act 11166, the new HIV policy
recently passed in the Philippines, explicitly calls out the need
for policy makers, practitioners, and scientists to work alongside
such organizations in building a stronger HIV response [37].
Given these findings, a key policy step in building PrEP rollout
in the Philippines could be the integration of community-based
organizations as partners in the strategic planning and
implementation processes from the very start of the national
PrEP program.
The results from our multivariable model also imply the means
by which PrEP implementation may be optimized. First, the
association between having ever had an HIV test and awareness
of PrEP is positive, as it demonstrates the potential linkage of
PrEP education with routine health care, such as HIV tests. Prior
research has argued that this routinization of PrEP discussions
in the provision of other health services both destigmatizes PrEP
and facilitates broader PrEP awareness [38]. As the Philippines
continues to design the implementation of its own PrEP
program, the integration of the burgeoning PrEP program
alongside the continued expansion of HIV testing and service
provision could yield the strongest uptake.
Second, the finding that discussion of PrEP with friends was
linked to greater awareness of PrEP points to how social
networks may be leveraged to improve PrEP uptake. Prior
research has noted that social networks may play a role in
promoting PrEP awareness [39]. However, research has also
shown that MSM social networks may be a source of PrEP
stigma—namely that PrEP is associated with sexual promiscuity
and sexually transmitted infections [40]. Such stigma may serve
as a barrier to PrEP education and use [41]. Although we did
not specifically assess the nature of the discussions about PrEP
in this study, future research should aim to do so to gauge the
feasibility of using extended networks of cis-MSM to spread
PrEP awareness and increase demand and use. Questions about
the directionality of how knowledge is passed on (eg, whether
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having awareness of PrEP may lead to more discussion among
friends about PrEP or whether having friends who discuss PrEP
may lead to increased awareness of PrEP) and how individuals
seek information about PrEP among friends who are also
informed about PrEP within their social circles remain
unanswered. Qualitative research may be especially useful in
exploring this, as it may allow for a deeper understanding of
the complex dynamics of social interaction around PrEP. Such
research may shed light on how discussing PrEP with friends
impacts awareness and desire to use PrEP.
Finally, it is worth noting the other correlates of PrEP awareness
levels that we found. PrEP awareness in this sample was
significantly lower among those over the age of 25 years
(compared with those who were younger), who had very low
income and education levels (compared with those with
moderate to high income or education), and who resided in
Cebu (compared with Manila). These results suggest that there
are distinct health disparities across regions and socioeconomic
strata within the population of cis-MSM in the Philippines. In
addition to sociodemographics, it is important for future research
in this area to better understand the sexual behaviors and
relationship contexts (eg, casual vs romantic, long-term vs
short-term, and monogamous vs having more than one partner)
of cis-MSM who are unaware of PrEP, as PrEP may likely be
beneficial to them and their partners. Such research can better
inform PrEP campaigns aimed at promoting equity across
cis-MSM populations. As such, there is a need for continually
monitoring the reach of PrEP education and communication
campaigns to mitigate such disparities within the country.
Informational campaigns must particularly acknowledge
differences in language or dialect, region, and literacy levels as
potential barriers to PrEP awareness.

Principal Findings
Filipino cis-MSM are aware of and interested in taking PrEP.
Those who were less aware of PrEP tended to come from poorer
backgrounds and have less education. In addition, those who
had encountered barriers to health care (ie, costs of medical
visits or discrimination from health care staff) were less likely
to be aware of PrEP. Incorporating PrEP education into routine
HIV screening and leveraging cis-MSM social networks may
be useful in increasing PrEP awareness and uptake.

Limitations
This study has several limitations worth noting. First, as we
relied on sampling through community-based organizations,
our sample is unlikely to be representative of the cis-MSM
populations and therefore, our findings cannot be generalized
to all cis-MSM in the Philippines, particularly those who may
be at higher risk for HIV. That is, although all enrolled
participants reported condomless anal sex in the past year, our
participants come from 2 urban areas and most of them were
educated (ie, approximately 121/179, 67.6% had completed
college education or above and 34/179, 19% had some college
education) and therefore, may be more aware of HIV than those
who do not have access to community-based organizations that
offer HIV-related programs. As such, our findings may not
accurately reflect the population of high-risk cis-MSM. This is
underscored by the high level of HIV knowledge in our sample.
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Second, we recruited participants from major metropolitan areas
in the Philippines, so our findings likely do not capture
awareness and education in other regions (eg, rural areas).
Finally, our survey was only offered in English; although
English is a national language of the Philippines, those only
comfortable communicating in Tagalog (or other dialects in the
Philippines) were screened out. These individuals may differ
significantly from our study sample (eg, comfort communicating
only in Tagalog may reflect lower access to education) in ways
that may have impacted our results.

Conclusions

Restar et al
Filipino cis-MSM. Our findings demonstrate that Filipino
cis-MSM are aware of and interested in taking PrEP, but there
is currently an unmet need for such biomedical HIV prevention
technologies among this population. However, it must also be
acknowledged that participants in our sample were likely to be
engaged with HIV prevention services. More work is needed
to identify the needs of less visible Filipino cis-MSM (ie, those
disconnected from HIV prevention services who may be
underserved by the national health care system of the
Philippines). This study contributes to the scant research on this
population and offers insights on the potential of PrEP as a
means to reduce HIV among this population.

Our research represents the first effort to characterize PrEP
awareness and willingness to take PrEP among a sample of
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Abstract
Background: Electronic nicotine delivery system (ENDS) brands, such as JUUL, used social media as a key component of
their marketing strategy, which led to massive sales growth from 2015 to 2018. During this time, ENDS use rapidly increased
among youths and young adults, with flavored products being particularly popular among these groups.
Objective: The aim of our study is to develop a named entity recognition (NER) model to identify potential emerging vaping
brands and flavors from Instagram post text. NER is a natural language processing task for identifying specific types of words
(entities) in text based on the characteristics of the entity and surrounding words.
Methods: NER models were trained on a labeled data set of 2272 Instagram posts coded for ENDS brands and flavors. We
compared three types of NER models—conditional random fields, a residual convolutional neural network, and a fine-tuned
distilled bidirectional encoder representations from transformers (FTDB) network—to identify brands and flavors in Instagram
posts with key model outcomes of precision, recall, and F1 scores. We used data from Nielsen scanner sales and Wikipedia to
create benchmark dictionaries to determine whether brands from established ENDS brand and flavor lists were mentioned in the
Instagram posts in our sample. To prevent overfitting, we performed 5-fold cross-validation and reported the mean and SD of
the model validation metrics across the folds.
Results: For brands, the residual convolutional neural network exhibited the highest mean precision (0.797, SD 0.084), and the
FTDB exhibited the highest mean recall (0.869, SD 0.103). For flavors, the FTDB exhibited both the highest mean precision
(0.860, SD 0.055) and recall (0.801, SD 0.091). All NER models outperformed the benchmark brand and flavor dictionary look-ups
on mean precision, recall, and F1. Comparing between the benchmark brand lists, the larger Wikipedia list outperformed the
Nielsen list in both precision and recall.
Conclusions: Our findings suggest that NER models correctly identified ENDS brands and flavors in Instagram posts at rates
competitive with, or better than, others in the published literature. Brands identified during manual annotation showed little
overlap with those in Nielsen scanner data, suggesting that NER models may capture emerging brands with limited sales and
distribution. NER models address the challenges of manual brand identification and can be used to support future infodemiology
and infoveillance studies. Brands identified on social media should be cross-validated with Nielsen and other data sources to
differentiate emerging brands that have become established from those with limited sales and distribution.
(J Med Internet Res 2022;24(1):e30257) doi:10.2196/30257
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named entity recognition; ENDS; social media; brands; flavors
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Introduction
Background
Social media platforms provide opportunities for brands to
market products to users and potential users of tobacco products
[1-3]. JUUL was one of the first electronic nicotine delivery
system (ENDS) brands to engage in extensive social media
marketing on Instagram, Facebook, and Twitter starting in 2015,
with the marketing prominently featuring sweet and
fruit-flavored products (eg, mango) [4]. JUUL, to some extent,
took the tobacco control community by surprise. From the
company’s inception, JUUL sales grew rapidly, with the
company contributing substantially to the 97% growth of the
ENDS marketplace between 2015 and 2018 [5,6].
Social media marketing of ENDS products has become
widespread, a study conducted by the Campaign for
Tobacco-Free Kids and Netnografica identifying >100 social
media marketing campaigns conducted by tobacco industry
giants via paid social media influencers, which elicited 8.8
billion views in the United States and 25 billion views
worldwide [1]. Unsurprisingly, more than half of the youths
said that they had recently seen vaping advertisements and that
social media was the primary avenue of exposure [2].
Social media marketing of ENDS products coincides with the
increasing prevalence of ENDS use among youths and young
adults [7-11]. In 2011, current ENDS use (ie, past 30-day use)
was 1.5% and 4.9% among high schoolers and middle schoolers,
respectively [7], whereas, in 2019, ENDS use was 27.5% and
10.5% among high school and middle schoolers [8]. In 2013
and 2014, current ENDS use was 12.5% among young adults
aged 18 to 24 years [9], whereas in 2019, ENDS use was 24.5%
among the same age group [10]. Current ENDS use and JUUL
use are also higher among young adults (under 24 years) than
use among older adults (aged ≥25 years) [11,12]. A recent
longitudinal cohort study also showed that marketing ENDS
products (via web-based advertising broadcast, radio or internet
radio, retail advertising, and billboards) to youths who never
used ENDS products predicted ENDS initiation in young
adulthood [13], establishing a link between ENDS marketing
and use.
ENDS are available in a myriad of flavors (eg, fruit, dessert,
mint, and menthol) that appeal to youths and young adults
[14,15]. Indeed, 22% of youth ENDS users said that they used
ENDS as “they are available in flavors, such as mint, candy,
fruit, or chocolate,” and 69% of current youth ENDS users report
the use of flavored ENDS [15]. More than three-quarters of
young adult ENDS users said that the first ENDS product they
used was flavored [14].
The connection between social media marketing and increasing
rates of ENDS use, particularly flavored ENDS, among youths
and young adults underscores the importance of being able to
identify emerging brands and flavors to inform tobacco control
research and policy. Previous studies have typically identified
brands on the web using manual searches or web scraping. For
example, Zhu et al [16] identified 466 brands by searching using
multiple search engines and then checking websites. Hsu et al
https://www.jmir.org/2022/1/e30257
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[17], in 2016 to 2017, searched the same brand websites as
identified by Zhu et al [16] and found that only 288 of the 466
brands were still active and identified 145 new brands. O’Brien
et al [18] also used a manual search strategy of multiple data
sources to identify tobacco product brands. These studies suggest
that vaping brands are continually emerging, and a more
scalable, automated method is needed to identify emerging
vaping brands and flavors to inform public health surveillance.
Several recent studies have used computational models to
characterize ENDS brands and flavors in vaping-related social
media posts. Vandewater et al [19] identified posts from 4
brands and then used text mining to differentiate brand posts
(ie, to predict which of 4 brands posted a message). Measures
included length of post (eg, Blu had the shortest posts) and
words used (eg, Blu and NJOY used lifestyle words, and Logic
and Metro focused on product purchase, device, and use). This
study showed that computational text mining could help identify
and predict linguistic patterns in posts by brand. Xie et al [20]
developed named entity recognition (NER) models for several
entity types using text from an e-cigarette forum. NER is a
natural language processing task that identifies certain words
(entities) within text based on the characteristics of the entity
and its surrounding words. The models were trained on a labeled
data set in which specific entities were manually labeled.
e-Liquid flavors were the most difficult type of entity for models
to consistently identify, with F1 scores ranging from 0.0 to 0.786
across models. These studies demonstrate the potential benefit
of using computational methods to analyze large volumes of
social media data at scale to identify and predict patterns more
quickly than traditional manual methods. To date, computational
methods have not been used to identify emerging vaping brands,
and limited work has demonstrated the benefit of computational
methods to identify flavor mentions on social media [20].

This Study
In this study, we develop NER models to identify potential
emerging vaping brands and flavors on Instagram. In our
adaptation, the entities of interest are brands and flavors, and
the training data comprises manually labeled brands and flavors
in the Instagram post text. A benefit of using NER for brand
and flavor identification is that a well-performing model will
not only identify whether a post contains brand or flavor
mentions but can also identify what the brand or flavor is and
where in the post the brand or flavor mention occurs.
Quantifying how often certain brands and flavors are mentioned
can not only help in understanding the growth in vaping
marketing discussions generally but may also help identify new
emerging brands on social media in a systematic way.

Methods
Data Collection
Our data set included 2272 Instagram posts that were manually
coded (Table 1). We used Brandwatch, a commercial social
media monitoring platform, to extract all Instagram posts that
appeared in the query from April 22 to April 23, 2020, with
mentions related to vaping (eg, #vape, #ecigs, #vapelife,
#vapecommunity) and excluding mentions of cannabis and
cannabidiol (eg, #cannabis, #cbd, #420), for use in manual
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coded the first 2272 posts from this period.

Table 1. Statistics of annotated data.
Data item

Frequency

Posts

2272

Tokens

79,401

Unique tokens

11,102

Brand mentions

1235

Flavor mentions

506

Data Annotation
We trained 2 coders to manually label posts to identify mentions
of ENDS brands and flavors (see example post in Figure 1).
Coders were instructed to exclude posts from coding if the post
(1) did not mention a vaping brand, (2) focused on cannabis or
cannabidiol products, or (3) was in a language other than
English. For the purposes of brand identification and coding,
we defined a brand as an ENDS product that was manufactured
and sold under a specified name, which we distinguished from
specified product lines (ie, specific groups of products sold
under a single brand name). For example, Puff Bar is a brand
name that sells several product lines, such as Puff Bar, Puff
XXL, and Puff Plus. Coders also coded posts for mentions of
flavors, with our definition including both common flavors that
describe fruit and dessert (eg, raspberry and crème brulee) and
flavors with ambiguous flavor names (eg, tropical and blue).
Coders also used data on brands and flavors from other data
sources (eg, Nielsen scanner data and search engine queries) to
inform the coding of brands.
Coders were provided with a codebook that included the above
definitions for ENDS brands and flavors with example brand
and flavor names. During a preliminary training session, we
showed coders a series of example Instagram posts where they
were asked to identify brands and flavors in the text of posts
and received feedback from a third adjudicator. To facilitate
coders’ annotation of the Instagram post text, we loaded
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Instagram post text and links to Instagram posts into a custom
web-based user interface that coders accessed with a
personalized username and password. Coders used this interface
to annotate ENDS brands and flavors in Instagram post text by
highlighting the relevant post text and using a dropdown menu
to identify the highlighted text as brand or flavor. Coders were
instructed to open the provided Instagram post link if additional
contextual information was needed to annotate post text with
ENDS brands and flavors (see Figure 2 for an example of
annotated post text). During the training period, coders double
coded sets of 50 test posts, and interrater reliability was assessed
using Cohen κ. Once we achieved interrater reliability of Cohen
κ>0.70 (brands: 0.95; flavors: 0.74), coders single coded the
final sample of 2272 posts, with each coder single coding
approximately half of the posts.
To prepare the data for modeling, we segmented the posts into
tokens, delineated by special characters such as white space or
punctuation, using the tokenization required for each model
[21,22]. Hashtags were removed from the post text, and emojis
were replaced by their Unicode common locale data repository
text short names. The inside–outside (IO) encoding scheme was
used for its simplicity and as it performed comparably with the
other encoding schemes tested, including the IO-beginning and
beginning-inside-last-outside-unit schemes. Figure 2 provides
an example of the IO encoding scheme applied to an ENDS
Instagram post; items classified as O represent text that is
outside of the labeled text (brand and flavor).
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Figure 1. Example of a vaping post on Instagram.

Figure 2. Example of annotated post text after inside–outside encoding was applied.

NER Models and Statistical Analysis
NER Models
Conditional Random Fields
Conditional random fields (CRFs) [23] are graphical models
commonly used for NER. Although NER can be performed as
https://www.jmir.org/2022/1/e30257
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a traditional classification task, where attributes of an
observation are used to infer a categorical designation and each
observation is treated independently, graphical models such as
CRF acknowledge that text and other structured data often
exhibit strong conditional dependence between neighboring
observations (ie, neighboring words). This class of models
predicts named entities based on an entire sentence rather than
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making isolated, individual predictions for every word that are
not informed by local contextual information.

used in other NER brand extraction models [24,25] and NER
models in the vaping domain [20].

CRFs model the dependencies between words as an undirected
graph between labels and word attributes. These attributes were
encoded by the research team as feature functions, which
encapsulate the characteristics of a word that may be useful for
discriminating between entity types. Textbox 1 summarizes the
feature functions used as input variables for the CRF model that
were calculated for each token in the training set. Feature
functions can also include the characteristics of neighboring
words, both before and after the current token. This set of
functions represents common feature functions that have been

Specifically, we used a linear chain CRF, which can be thought
of as a sequential extension of logistic regression [26]. To learn
the model weights, we used the limited-memory
Broyden–Fletcher–Goldfarb–Shannon (BFGS) constrained
optimization method for gradient descent [27] with an elastic
net regularization [28] condition added to the loss function. The
CRF model was developed using the sklearn-crfsuite library, a
Python wrapper of the popular CRFsuite software (version 0.12;
Okazaki) [29].

Textbox 1. Conditional random field feature functions.
Conditional random field feature functions
•

Current token is lower cased

•

Current token is upper cased

•

Current token is title cased

•

Current token is a digit

•

Prefix of current token

•

Suffix of current token

•

Previous token is lower cased

•

Previous token is upper cased

•

Previous token is title cased

•

Next token is lower cased

•

Next token is upper cased

•

Next token is title cased

Residual Convolutional Neural Network
As an alternative to CRFs, we trained a residual convolutional
neural network (RCNN) using the spaCy Python library [30].
Similar to the development of feature functions in the CRF, we
created the (1) lower cased version of the token, (2) token prefix,
(3) token suffix, and (4) token shape to extract potentially
noteworthy features for each token in the training set. To
incorporate these components into a numerical representation,
each of the components was individually hashed using a Bloom
filter, and the hashes were combined to create a probabilistically
distinct vector [31]. In addition to this strategy being memory
efficient, it also handles out-of-vocabulary tokens better than
traditional word embedding approaches such as word2vec [32]
as it incorporates subword information. This embedding was
fed forward to a maxout layer [33] to learn a piecewise linear
activation function over the inputs.
To add the context of neighboring words, the current token
embedding was concatenated to the embeddings from
neighboring tokens, fed to another maxout layer, and run through
several residual connections [34]. A final step to consolidate
the state across words was performed, which was then fed to a
softmax layer to return predicted probabilities across entity
types. The implementation for this study was trained from
scratch using randomly initialized weights. Dropout [35] was
https://www.jmir.org/2022/1/e30257
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used for regularization to help prevent overfitting, and a
compounding minibatch strategy was used to increase the batch
size throughout the iteration [36]. The Adam optimization
algorithm [37] was used to learn the weights over 50 iterations.

Fine-tuned Distilled Bidirectional Encoder
Representations From Transformers
For the final NER model, we used transfer learning to fine-tuned
distilled bidirectional encoder representations from transformers
(FTDB) model to our ENDS brand and flavor NER tasks using
the HuggingFace Transformers library [38] in Python. Transfer
learning [39] is a machine learning framework in which the
objective is to use a model trained in one source domain or task
to develop a model in a related target domain or task. When
implemented effectively, transfer learning can provide useful
representations learned in the source domain to help accelerate
learning and require less labeled data in the target domain. We
performed a method of transfer learning used in deep learning
models called fine-tuning [40]. We started with a network model
that has been trained in a source domain on a specific task, or
set of tasks, and used these weights to initialize a model that is
updated for a task in the target domain (eg, learning to identify
ENDS brands and flavors in Instagram post text). Traditionally,
model weights are initialized by assuming little knowledge
about what the appropriate starting values for the weights should
be. For example, random weight initialization was used to train
J Med Internet Res 2022 | vol. 24 | iss. 1 | e30257 | p.1156
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the RCNN model in this study. Starting with pretrained weights
rather than random initializations allowed the model to initiate
with components that benefit the new target task and are often
challenging to learn anew with limited training data.
DistilBERT [22] is a deep neural network derived from the
bidirectional encoder representations from transformers (BERT)
architecture [41]. BERT is a transformer model [42], a type of
neural network that takes a sequence of tokens as input and
produces a contextualized vector representation of each token
as its output, primarily using a mechanism called attention.
BERT uses multiheaded attention layers to dynamically assign
a weight to every pair of words in a sequence, where the weight
indicates how much attention the model should pay to the first
token when computing the representation of the second token.
The multiple attention heads within each layer are trained in
parallel and can each potentially capture different word–word
relations. For example, Manning et al [43] showed that attention
heads in BERT learned foundational linguistic characteristics
such as syntactic grammatical relationships and anaphoric
coreference, despite not being trained for those objectives.
BERT is pretrained on two supervised learning tasks in which
labels are already encoded in the text and do not require
additional manual annotation: (1) masked language modeling,
which replaces random tokens in a sequence with a special mask
symbol and training a model to predict the premasked token
from the surrounding context, and (2) next sentence prediction,
which trains a model to predict whether the next sentence is
probable, given the current sentence. BERT was trained on
BooksCorpus (800 million words) [44] and English Wikipedia
(2500 million words), allowing it to learn masked language
modeling and next sentence prediction on a massive amount of
written English text. Learning these tasks on such a large corpus
allowed fine-tuned BERT models to reach state-of-the-art
performance on a variety of natural language understanding
tasks such as question answering, semantic textual similarity,
and sentiment analysis [41]. However, fine-tuning and making
new predictions with BERT is still relatively resource intensive
because of the number of model parameters (110 million).
DistilBERT is a compact model trained to mimic BERT that is
40% smaller and 60% faster when creating new predictions
while performing similarly [22]. The model compression was
achieved by using a method called knowledge distillation
[45,46], in which a student model (distilled BERT [distilBERT])
is trained to reproduce the behavior of a larger teacher model
(BERT), in this case, by training distilBERT to predict the
BERT’s output class probabilities. Our NER model fine-tunes
the distilBERT weights by training it on the task of ENDS brand
and flavor token recognition using labeled data from Instagram
posts. During training, we used a batch size of 16, a weight
decay of 0.01, and 500 warm-up steps over the course of 3
epochs.

Benchmarks
Overview
As a comparison to the NER models, we created benchmarks
to check if brands from an established ENDS brand list are
mentioned in the Instagram posts. This approach helped us to
https://www.jmir.org/2022/1/e30257
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better understand coverage gaps between brands mentioned on
social media versus established brand lists and helped to assess
whether NER modeling aids in emerging brand detection.
Although not created for cataloging ENDS brands and flavors
on social media, these benchmarks represent data sets that
researchers may naturally be inclined to use for ENDS brand
and flavor identification on social media, because of their
popularity or availability, or as a reference when developing
their own databases.
To determine if a post contained a brand from an existing list,
we performed a dictionary look-up of the brand or flavor names
within the post text. Any mention of the brand or flavor name
within the post text was flagged as a potential mention, favoring
higher recall over precision. In addition, we compared the
top-selling brands in the Nielsen Retail scanner data set with
the most mentioned brands in our hand-labeled Instagram data
to better understand differences in brand composition.

ENDS Brands and Flavors From Nielsen Retail Scanner
Data Set
The Nielsen scanner data set for ENDS brands (N=66) is a
unique list of brands derived from any sales of ENDS products
in large food and convenience stores in the United States from
March 22, 2020, to May 16, 2020, a span that overlaps with the
dates of the Instagram posts in our data set. These data also
include information on ENDS flavors (N=219) sold over the
same period.

ENDS Brands From Wikipedia Data
The Wikipedia data set for ENDS brands (N=249) is a publicly
available, crowdsourced list of electronic cigarettes and vaping
liquid brands [47]. Although less informative as a ground-truth
source of ENDS sales data, the Wikipedia list is larger,
providing a potentially more comprehensive and diverse list of
ENDS brands than the Nielsen scanner data set, which focuses
on top-selling brands. Wikipedia entries and lists have been
used and repurposed in various studies [48,49]. The version of
the list used in this study was accessed on March 16, 2020.

Validation
Overview
To prevent overfitting, we used a 5-fold cross-validation
methodology. Cross-validation requires creating models on
different, mutually exclusive partitions of training and validation
observations. For 5-fold cross-validation, 5 different models
(using the same model type) were created and assessed on 5
nonoverlapping validation sets. By noting differences in model
performance across the runs, we can gain a more realistic range
of results for how a model will generalize on new samples,
assuming that the samples are drawn from the same underlying
distribution as the training data.
We used the standard evaluation metrics to assess different
aspects of the predictions. All metrics are bounded between 0
and 1, and, all else being equal, a higher value indicates a better
performing model.
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Precision
Precision is the fraction of true positives out of all observations
that are predicted to be positive.
Precision = true positive / (true positive + false
positive) (1)

Recall
Recall is the fraction of true positives detected out of all positive
labeled examples.
>Recall = true positive / (true positive + false
negative) (2)

F1
This summary metric balances the need to find positive
examples with the need to reduce the number of false positives.

Results
Brands
Table 2 summarizes the NER and benchmark dictionary look-up
approaches across a 5-fold cross-validation scheme. For brands,
the mean precision was higher than the mean recall across all
methods except for the FTDB, ranging from 0.082 to 0.797 for
mean precision and 0.022 to 0.869 for mean recall. The RCNN
exhibited the highest mean precision (0.797, SD 0.084) for
brands, and the FTDB exhibited the highest mean recall (0.869,
SD 0.103). However, despite the FTDB exhibiting the highest
mean recall, it also had the largest SD in recall scores across
the validation folds for brands (0.103). The FTDB had the
highest mean F1 score for brands (0.815, SD 0.097),
substantially outperforming the approach with the
second-highest F1 score, the CRF (0.551, SD 0.037).

F1 = 2 / ((1 / recall) + (1 / precision)) (3)
Table 2. Named entity recognition and benchmark validation for identifying brand and flavor mentions in vaping Instagram posts.
Approach

Value, mean (SD)
Precision

Recall

F1 score

Nielsen scanner d ata match
Brand

0.082 (0.061)

0.022 (0.015)

0.034 (0.024)

Flavor

0.507 (0.102)

0.417 (0.088)

0.446 (0.053)

0.102 (0.025)

0.140 (0.031)

N/A

N/A

Wikipedia d ata match
Brand
Flavor

0.224 (0.039)
N/A

a

CRF b
Brand

0.670 (0.080)

0.472 (0.044)

0.551 (0.037)

Flavor

0.695 (0.201)

0.496 (0.058)

0.573 (0.109)

Brand

0.797 (0.084)

0.405 (0.036)

0.535 (0.032)

Flavor

0.753 (0.232)

0.454 (0.082)

0.549 (0.109)

Brand

0.768 (0.095)

0.869 (0.103)

0.815 (0.097)

Flavor

0.860 (0.055)

0.801 (0.091)

0.828 (0.069)

RCNN c

FTDB d

a

N/A: not applicable.

b

CRF: conditional random field.

c

RCNN: residual convolutional neural network.

d

FTDB: fine-tuned distilled bidirectional encoder representations from transformers.

Flavors
For flavors, the mean precision was uniformly higher than the
mean recall across all approaches. The flavor mean precision
values ranged from 0.507 to 0.860, and the mean recall values
ranged from 0.417 to 0.801. The FTDB exhibited the highest
mean precision (0.860, SD 0.05), recall (0.801, SD 0.091), and
F1 score (0.828, SD 0.069) for the flavor NER task. It also had
the lowest SD of precision values across validation folds (0.055)
when compared with the other approaches.
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XSL• FO
RenderX

Benchmark Comparisons
Overall, the machine learning NER models outperformed the
benchmark matching approaches across the mean precision,
recall, and F1 metrics, with comparable SDs. The major
exception is the precision of the flavor mentions, which have
greater variation in the RCNN and CRF NER models (RCNN:
SD 0.232; CRF: SD 0.201) than the Nielsen scanner data
matching (SD 0.102). However, the FTDB model exhibited the
lowest SD of precision values for flavor mentions (SD 0.055),
despite it also being a machine learning approach.
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Comparing benchmarks, the larger Wikipedia data set performed
better on brands for both precision (Nielsen: mean 0.082, SD
0.061; Wikipedia: mean 0.224, SD 0.039) and recall (Nielsen:
mean 0.022, SD 0.015; Wikipedia: mean 0.102, SD 0.025). An
ENDS product flavor list was not available from Wikipedia for
comparison with the scanner data.
Table 3 compares the brands with the most mentions in our
annotated Instagram data, using a 30% random test set of posts,

Chew et al
with the top-selling brands in the Nielsen scanner data. Besides
Puff Bar, there is little overlap between the top mentioned brands
on Instagram and the top-selling brands identified through
scanner data during the study period. Established brands
comprising the largest market share of ENDS product sales
(JUUL and Vuse) are not well-represented in our sample, which
comprises emerging brands (Smok and GeekVape) and smaller
niche brands (Majestea, a brand specializing in tea-flavored
vape e-liquids and nicotine salts).

Table 3. Top brands in the Nielsen scanner and annotated Instagram data set by market share and brand mention share.
Brand

Share, n (%)

Nielsen scanner (market; US $)
JUUL

$330,397,506 (58.43)

Vuse

$119,245,199 (21.09)

Puff Bar

$38,852,586 (6.87)

NJOY

$27,522,703 (4.87)

Blu

$16,128,231 (2.85)

Logic

$7,045,441 (1.25)

Pop

$6,963,975 (1.23)

Bidi Stick

$6,693,510 (1.18)

ES

$2,982,509 (0.53)

Jak

$2,292,140 (0.41)

Instagram (mention; n=392)
Smok

31 (7.9)

GeekVape

24 (6.1)

Puff Bar

16 (4.1)

This is Salts

16 (4.1)

Adore eLiquid

13 (3.3)

Chief of Vapes

9 (2.3)

Majestea

9 (2.3)

Villain Vapors

9 (2.3)

Conspiracy

6 (1.5)

Orgnx

6 (1.5)

Discussion
Principal Findings
This study extends the ENDS literature by using computational
methods to identify brand and flavor mentions on social media.
Our findings suggest that NER models can improve upon a
naïve approach of searching for known brands and flavors in
noisy Instagram post text, both in terms of precision and recall.
A notable finding is the superior performance of the FTDB
model over all the approaches measured in this study. Although
large increases in model performance are not uncommon when
starting from pretrained models for computer vision and natural
language processing tasks (see similarly large increases in
performance on the WNUT17 NER data set in the Comparison
With Prior Works section), the sizable leap in mean F1 scores
between the FTDB (brands: 0.815; flavors: 0.828) when
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compared with the second best-performing CRF (brands: 0.551;
flavors: 0.573) suggests that fine-tuning pretrained models for
NER tasks on social media is worth the added complexity. In
particular, the FTDB model far outperformed the other NER
models in mean recall. Although all the NER models had
reasonable precision (ie, terms predicted as brands or flavors
were usually correct), the CRF and RCNN predicted a sizably
smaller proportion of the true labeled brands and flavors in the
validation sets than the FTDB.
The performance of the Wikipedia and Nielsen scanner brand
dictionary look-up implies that a larger, more comprehensive
list may improve the identification of known brands on
Instagram. However, the many false positives may also suggest
that some brand names are too generic when matched in
isolation (eg, Carbon, Square, Epic, and Zoom). This may also
indicate differences in coverage between popular brands in
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terms of sales and those being actively marketed and discussed
on social media. The low level of overlap between the
top-selling brands in the Nielsen scanner data and the most
mentioned brands in our data set suggests that differing brand
coverage may be a contributing factor. Given that current
popular ENDS brands such as JUUL have been widely discussed
on social media before the firm’s meteoric market growth [4],
understanding ENDS brand engagement on social media may
be an early indicator of emerging brands before they surface in
sales data. Brands identified on social media should continually
be cross-validated with other data sources, such as Nielsen, to
better understand whether these models identify (1) emerging
brands that will eventually become more established brands,
(2) brands that will come and go, or (3) smaller-scale brands
that are sold only on the web or in vapor shops.

Comparison With Prior Work
Most published works on brand and flavor–named entity models
come from research teams affiliated with large retail or
e-commerce companies (eBay, Amazon, and Walmart) that use
NER models to parse product titles or descriptions. These studies
generally report precision and recall of >0.80 for brands and
flavors [24,25,50,51]. However, despite the popularity of brand
and flavor NER models on retail sites, there is considerably less
published research on brand and flavor NER models for social
media data. To our knowledge, the closest brand example is the
WNUT17 data set [52] designed for benchmarking models to
detect emerging named entities on social media (Twitter, Reddit,
YouTube, and StackExchange). Although this data set does not
contain a brand entity type, it does contain entities for
corporation and product. Across 7 research teams, the original
paper reported F1 scores on this task that ranged from 0.253 to
0.402 for detecting any instances of entity names and from 0.263
to 0.419 when only unique entity names were counted. More
recently, newer models using fine-tuned transformer-based
architectures have accounted for F1 scores in the range of 0.580
[53] to 0.600 [54]. This decline in NER performance on social
media when compared with product titles and descriptions
highlights the diversity of linguistic patterns and the use of
unique syntactic conventions that make working with social
media data challenging. Importantly, the authors note that
corporation was generally a difficult class for systems to predict
and speculate that this may be partly because of confusion
between corporate and product entity types. For NER models
with a flavor entity type, Xie et al [20] identified e-liquid flavors
from posts on an e-cigarette forum. They reported an F1 score
of 0.786, the lowest of all the 9 entity types they assessed.
Although the reported metrics in this study are higher than those
in the study by Derczynski et al [52], the test set for flavors in
their study was comprised of only 13 observations, making it
challenging to compare and draw strong generalization claims.
Although direct comparisons with our models are complicated
by differences in the sample composition, entity definitions,
and social media platform, our best cross-validation results for
brands (F1 score: mean 0.815, SD 0.097) outperform previous
NER results on social media for entity types conceptually close
to brands [52], and our results for ENDS flavors (F1 score:
mean 0.828, SD 0.069) also outperform those previously
reported in the literature [20].
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Implications
To predict the ENDS brands that may emerge and become
popular among youths, there is a need to monitor social media
platforms for ENDS advertising and conversations. An important
component of this monitoring is to identify ENDS brands to be
tracked and monitored on social media and other data sources
(eg, scanner data) to better understand their marketing, appeal,
and potential for growth to help the tobacco control community
identify the next JUUL. Relying solely on traditional data
sources such as Nielsen sales data or Kantar advertising
expenditure data may not be adequate for helping to identify
emerging brands. Indeed, new brands entering the marketplace
may start by promoting their products on social media through
organic posts (paid advertising of tobacco products is not
allowed on social media platforms, including Facebook,
Instagram, and Twitter) and selling products on the web as the
barrier to entry is low. These brands would not appear in other
traditional sales data sources; Nielsen data only captures
brick-and-mortar retail sales and not web-based sales data. These
data are also unlikely to show up in traditional advertising data
sources, such as Kantar data, which only captures paid
advertising and not organic social media posts. Brands that
appear in sales and advertising data are likely to be more
established brands spending money on advertising, distribution,
and sales in retail stores.

Limitations
Our study has several limitations. First, labeling brands is not
always a straightforward task for human coders, especially when
there is a need to distinguish between brands, products, and
product lines. In addition, labeling flavors is complicated in the
ENDS product space because of the presence of both
characterizing flavors (flavors that describe existing food,
beverages, or spices, such as grape, apple, and cinnamon) and
concept flavors (ambiguous flavor names not tied to existing
food, beverages, or spices, such as Bayou Blast and Midnight
Madness) [55]. Difficulty in distinguishing between brand or
corporation and product entities on social media [52] and
difficulty in consistently identifying e-liquid flavors on social
media [20] have been documented in the literature. Although
we established sufficiently high intercoder reliability, our coders
went through several rounds of calibration as there were
disagreements about how to label certain mentions within posts.
When there is ambiguity in how to label categories, or if labeling
certain types of entities is inherently difficult, the accuracy of
predictions for supervised machine learning models may
decrease [56]. Second, most NER model metrics published in
the literature report exact matches to the original labels, down
to the character level. There may be cases where the model
identified a ground-truth brand label; however, the predicted
span was slightly offset, or only a portion of the full brand name
was captured (eg, the model identified BANG Bars, but the
annotation was BANG Bars XL). If partial matches are useful,
the NER model evaluation metrics may understate the value of
the model predictions. Although some works acknowledge this
issue and incorporate partial match evaluation metrics into their
reporting [57], this practice is not yet common in the literature.
Third, as this study focused on a sample of Instagram posts,
findings may not generalize beyond Instagram users to the
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general ENDS user population. Furthermore, although we
theorized that the language used to describe ENDS brands and
flavors in our study time frame is not characteristically different
from other periods in the recent past, this hypothesis has not
been tested and may benefit from further research. Finally,
increasing the number of training examples could help improve
model performance. Unlike more structured text examples for
brand and flavor extraction, such as product titles, ENDS-related
Instagram posts vary greatly stylistically, from marketing posts
using concentrated bursts of product information to consumer
posts that only mention vaping off hand. Although using transfer
learning somewhat mitigates the need for more training data,
having a larger corpus of example posts that better captures this
diversity should improve model performance. In addition,
methods for data augmentation [58] may also help improve
performance.

Future Work
Our results suggest several natural extensions for future work.
First, as Instagram is a visual social medium, brand and flavor
information is often conveyed in post images and text. Future
work could use a multi-view learning approach [59] to
incorporate information from both images and posts to improve
model performance [60]. Longer-term NER models can be
combined with entity linking [61] to update a database of
established and emerging vaping brands and flavors. Entity
linking, the process of reconciling extracted entities into a
canonical entry, is often useful to combine with NER models
because of the various ways brands and flavors can be
mentioned in social media text (eg, extracted brand mentions
of puffbar, puff bar, puff bars, and p u f f b a r should be
associated with the canonical brand name PuffBar). This
approach borrows the strengths of both the NER modeling and
benchmark dictionary approaches outlined in this study.
Although only brand and flavor NER models were examined
in this work, extending to other named entities can help answer
more nuanced research questions relevant to the tobacco control
community. For example, NER results for relevant sentence
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subjects (brand or flavor mentions) could be linked to NER
results for sentence objects relevant to public health outcomes,
such as health claims [62] or adverse events [63,64]. NER can
also be useful as a building block for more advanced
downstream tasks, such as entity-based sentiment analysis [65]
to better understand the sentiment associated with a given named
entity (eg, the sentiment associated with certain brands or
flavors). Finally, NER models could be used to support future
infodemiology or infoveillance studies. Infodemiology [66,67]
is an emerging science at the intersection of consumer and public
health informatics that involves using publicly available data
that can be identified, analyzed, and stored to provide important
public health insights (eg, using web-based search query data
to predict influenza outbreaks). For example, NER models could
be used to identify and track ENDS brands or flavors over time
to better understand whether their growth, or change in
composition, is associated with related population health
outcomes.

Conclusions
This study demonstrates that NER models can be used to
correctly identify ENDS brands and flavors in Instagram posts,
with models showing favorable performance to previous
research using NER to identify entities similar to brands and
ENDS flavors in social media posts. The brands identified in
our models had little overlap with brands from Nielsen scanner
data, suggesting that these may be emerging brands. NER
models may be a helpful approach for identifying emerging
brands on social media before they appear in other data sources
that capture more established brands. NER models address the
challenges of manual brand identification being time consuming
and difficult without pre-existing brand dictionaries, making
them attractive for new brand identification. Brands identified
on social media should continually be validated against other
data sources, such as Nielsen scanner data, to help differentiate
emerging brands that have become established from those with
limited sales and distribution.
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Abstract
Background: Cognitive deficits are present in several neuropsychiatric disorders, including Alzheimer disease, schizophrenia,
and depression. Assessments used to measure cognition in these disorders are time-consuming, burdensome, and have low
ecological validity. To address these limitations, we developed a novel virtual reality shopping task—VStore.
Objective: This study aims to establish the construct validity of VStore in relation to the established computerized cognitive
battery, Cogstate, and explore its sensitivity to age-related cognitive decline.
Methods: A total of 142 healthy volunteers aged 20-79 years participated in the study. The main VStore outcomes included
verbal recall of 12 grocery items, time to collect items, time to select items on a self-checkout machine, time to make the payment,
time to order coffee, and total completion time. Construct validity was examined through a series of backward elimination
regression models to establish which Cogstate tasks, measuring attention, processing speed, verbal and visual learning, working
memory, executive function, and paired associate learning, in addition to age and technological familiarity, best predicted VStore
performance. In addition, 2 ridge regression and 2 logistic regression models supplemented with receiver operating characteristic
curves were built, with VStore outcomes in the first model and Cogstate outcomes in the second model entered as predictors of
age and age cohorts, respectively.
Results: Overall VStore performance, as indexed by the total time spent completing the task, was best explained by Cogstate
tasks measuring attention, working memory, paired associate learning, and age and technological familiarity, accounting for 47%
of the variance. In addition, with λ=5.16, the ridge regression model selected 5 parameters for VStore when predicting age (mean
squared error 185.80, SE 19.34), and with λ=9.49 for Cogstate, the model selected all 8 tasks (mean squared error 226.80, SE
23.48). Finally, VStore was found to be highly sensitive (87%) and specific (91.7%) to age cohorts, with 94.6% of the area under
the receiver operating characteristic curve.
Conclusions: Our findings suggest that VStore is a promising assessment that engages standard cognitive domains and is
sensitive to age-related cognitive decline.
(J Med Internet Res 2022;24(1):e27641) doi:10.2196/27641
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virtual reality; virtual reality assessment; cognition; functional cognition; functional capacity; neuropsychological testing
https://www.jmir.org/2022/1/e27641

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e27641 | p.1166
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Porffy et al

Introduction

performance of standard assessments have also been questioned
[26,27].

Background

Complex assessments that emulate everyday scenarios have
been developed, including the Multiple Errands Test (MET),
which measures executive function in patients with traumatic
brain injury [28], and the Virtual Reality Functional Capacity
Assessment Tool (VRFCAT), which measures functional skills
in schizophrenia and can reliably differentiate patients from
controls [29,30]. However, the MET is time-consuming and
difficult to standardize with a lack of experimental control,
whereas the VRFCAT lacks full ecological validity as it is
completed on a computer or tablet without the immersive nature
of real-life interactions.

Cognitive dysfunction refers to deficits in intellectual functions
usually described by domains such as attention, working
memory, verbal and visual learning, executive function, and
processing speed. Deficits in cognition are evident across a
range of neuropsychiatric disorders, including Alzheimer disease
(AD), schizophrenia, and depression. Although these intellectual
deficits are diagnostic in AD [1], 90% of individuals with
schizophrenia and depression are also affected [2,3]. This is
further complicated by the observation that some cognitive
decline is part of the natural aging process and is reported in
one-quarter of older adults without dementia [4]. The high
prevalence of cognitive dysfunction in mental and physical [5]
illness, an increasingly aging population, and the lack of robust
treatments suggest that the global burden of cognitive
dysfunction has a substantial socioeconomic impact.
Cognitive decline has a marked effect on functional recovery
and quality of life in patients with mental disorders [6-8]. In
addition, it precedes and predicts functional outcomes in AD
and schizophrenia [9,10] and predicts treatment response in
depression [11], highlighting the urgent need to effectively
target these symptoms. Unfortunately, clinical trials of cognitive
enhancers have been largely disappointing [12-14]. Indeed,
most compounds that demonstrated positive effects in phase 2
trials have failed in phase 3 trials. This raises several questions
about the sensitivity of our cognitive assessments and the targets
of these interventions.
Standard cognitive assessments are designed to evaluate changes
in distinct neuropsychological domains, whereas the actual
target for therapy is change in functional cognition—the ability
to perform everyday routine activities [15]. Accordingly, the
Food and Drug Administration has mandated the assessment
of real-life functional change, alongside changes in conventional
cognitive performance, as a condition for drug approval for both
AD and schizophrenia [16,17]. This is particularly important
as there can be a lack of concordance between changes in
cognitive measures and related everyday functioning. For
example, cognitive task performance only explains 20% of the
variance in work-related skills in schizophrenia [18]. Although
there has been an attempt to supplement cognitive assessments
with self-report and reports by caregivers to assess wider
functioning, these assessments lack objectivity.
A related issue is that cognitive assessments require optimal
task engagement, which can be confounded by poor attention
and motivation [19,20]. The gold standard cognitive measure
for AD, the Alzheimer’s Disease Assessment Scale–Cognitive
Subscale [21], takes approximately 45 minutes to administer;
the analogous scale for schizophrenia, the MATRICS Consensus
Cognitive Battery [22,23], takes up to 90 minutes. The related
functional capacity assessment for AD, the Clinical Dementia
Rating Scale [24], takes approximately 30 minutes to complete,
similar to the University of California, San Diego
Performance-Based Skills Assessment [25] for schizophrenia.
The ecological validity and predictive power of real-life
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Objectives
Recent developments in technology, specifically in virtual reality
(VR), now enable us to create assessments that can replicate
challenges found in everyday life while also maintaining
experimental control [31]. This offers the opportunity to
overcome issues associated with current assessments. In this
study, we describe the development of a novel, fully immersive
VR assessment, VStore, with the aim to simultaneously assess
traditional cognitive domains and functional capacity. This is
achieved through the creation of an ecologically valid
minimarket environment with a maze-like layout. Each action
within the assessment maps an embedded cognitive task (eg,
recall of shopping list items measures verbal memory), and each
task is assessed by performing actions that require almost
identical procedures similar to shopping in real life, offering a
measure of concurrent functional capacity. Moving in an
immersive VR environment engages brain structures associated
with spatial navigation, such as the hippocampus and entorhinal
cortex [32], which are affected in early AD [33], depression
[34], and schizophrenia [35]. Therefore, VStore may be more
sensitive to early neurodegenerative processes than the existing
assessments.
The aim of this study is 2-fold. First, we establish the cognitive
domains relevant to VStore performance. More specifically, we
test which cognitive processes, as measured by an existing
standard cognitive battery, predict VStore performance as an
initial evaluation of its construct. We achieve this by conducting
a series of stepwise prediction models. Second, we explore the
preliminary utility of VStore in assessing cognitive decline
associated with nonpathological aging. This is achieved by
testing VStore’s ability to predict age both as a continuous and
dichotomized outcome.

Methods
Participants
A total of 142 healthy volunteers aged 20-79 years were
recruited through advertisements in college circular emails,
charity newsletters, and social media. Participants were excluded
if they had (1) a diagnosis of an axis 1 disorder (Diagnostic and
Statistical Manual of Mental Disorders, 5th edition); (2)
dependence on alcohol or illicit substances; (3) clinically
significant motion sickness; (4) a pregnancy; and (5) a diagnosis
of a neurological illness. Of the 142 volunteers, 38 (26.8%)
J Med Internet Res 2022 | vol. 24 | iss. 1 | e27641 | p.1167
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participants were excluded from the study. The reasons for
exclusion were as follows: 1 participant withdrew consent, 1
could not complete VStore owing to technical issues, 1 senior
participant could not complete VStore owing to fatigue, 20
participants failed either or both integrity and completion criteria
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for Cogstate, and 15 participants were removed owing to outlier
values on one or more primary outcome measures. The
demographic information for the final sample of 73.2%
(104/142) of participants is presented in Table 1.

Table 1. Sample demographics.
Variable

Age group (years)
20-29

30-39

40-49

50-59

60-69

70-79

Total

Population, n (%)

19 (18.3)

18 (17.3)

18 (17.3)

17 (16.3)

18 (17.3)

14 (13.5)

104 (100)

Age (years), mean (SD; range)

23.6 (2.5;
20-29)

32.7 (2.3;
30-37)

45.2 (2.8;
40-49)

53.5 (3.0;
50-59)

64.2 (2.4;
61-69)

73.4 (3.3;
70-79)

48.8 (17.8;
20-79)

Gender (female), n (%)

10 (52.6)

11 (61.1)

9 (50)

8 (47.1)

10 (55.6)

6 (42.9)

54 (51.9)

IQ, mean (SD; range)

119.7 (9.5;
96-136)

121.3 (6.9;
105-131)

120.6 (6.0;
106-132)

121.7 (7.9;
109- 133)

126.3 (5.9;
113-134)

128.1 (6.3;
118-138)

122.9 (10.3;
96-138)

Education (years); mean (SD; range)

17.6 (2.4;
15-24)

19.4 (3.0;
14-27)

18.8 (1.9;
15-22)

18.0 (9.5;
11-20)

16.1 (3.4;
10-23)

18.1 (5.3;
10-25)

18.0 (3.6;
10-27)

Technological familiarity, mean (SD; range) 47.1 (6.8;
34-57)

47.2 (6.4;
32-57)

43.5 (7.9;
32-58)

43.4 (7.9;
28-57)

35.6 (8.3;
21-52)

33.4 (8.6;
21-48)

41.7 (9.7;
21-58)

Measures
VStore
VStore was developed in collaboration with Vitae VR [36]. It
takes approximately 30 minutes to complete, including
orientation, instructions, practice, and assessment. Orientation
and practice are set in a courtyard specifically designed for VR
acclimatization (Multimedia Appendix 1).
The assessment itself is set in a minimarket environment
depicting a fruit and vegetable section; 6 aisles of foodstuff,
snacks, drinks, and toiletries; fridges with chilled drinks and
sandwiches; and freezers with frozen meals. In addition, there
are checkout and self-checkout counters and a coffee shop at
the back of the minimarket. A total of 66 items, organized into
9 categories, were created to fill the shop (Multimedia Appendix
2).

At the start, participants were read out 12 items from a shopping
list (Multimedia Appendix 3) by the avatar standing near the
entrance. The first task of the participants was to memorize and
recall as many items from this list as possible. Following recall,
participants were presented with the shopping list, including all
12 items, and instructed to move around the shop and collect
all items as quickly and accurately as possible. Once all the
items are bagged, they are required to select and pay for them
at a self-checkout machine, providing the exact amount
(Multimedia Appendix 4). The task is concluded when
participants order a hot drink from the coffee shop situated in
the minimarket. Progression to the next task could only be
achieved after successfully completing the previous task. The
steps required to complete the VStore tasks are summarized in
Figure 1. Multimedia Appendices 5-7 provide details on
apparatus information, software information, and how movement
is executed in the virtual environment, respectively.

Figure 1. Flowchart depicting the steps required to complete VStore, its corresponding cognitive domains, and outcome variables.
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Cogstate
Cogstate is a computerized cognitive battery designed to assess
multiple cognitive domains. It has been widely used in both
healthy and clinical populations. Cogstate is simple to use, even
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for adults with limited computer experience, and therefore
suitable for testing older adults [37]. For the purposes of this
study, 8 tasks that cover key cognitive domains (Table 2 and
Multimedia Appendix 8) were selected, taking approximately
30-40 minutes to complete.

Table 2. List of Cogstate tasks, corresponding cognitive domains assessed, and main outcome measures.

a

Code

Task name

Cognitive domain

Outcome (metric)

DET

Detection

Processing speed

Reaction time (log 10 ms)

IDN

Identification

Attention

Reaction time (log 10 ms)

OCL

One Card Learning

Visual learning

Accuracy (arcsine proportion)

ONB

One-Back

Working memory

Reaction time (log 10 ms)

TWO

Two-Back

Working memory

Accuracy (arcsine proportion)

CPAL

Continuous Paired Associate
Learning

Paired associate learning

Total number of errors (N/Aa)

GMLT

Groton Maze Learning

Executive functions

Total number of errors (N/A)

ISLT

International Shopping List Task

Verbal learning

Number of correct responses (N/A)

N/A: not applicable.

Wechsler Abbreviated Scale of Intelligence
The abbreviated version of the Wechsler Adult Intelligence
Scale was used to establish the IQ of participants [38].
Specifically, the 2-item scale included matrix and vocabulary
tests.

Technological Familiarity Questionnaire
We developed a self-report questionnaire to assess the
technological familiarity of the sample population. Participants
were asked 13 questions to ascertain their frequency, comfort,
and ability in technology use. Higher scores indicated more
technological familiarity. The internal consistency of the
questionnaire was good (Cronbach α=.88). A detailed
description of the Technological Familiarity Questionnaire
(TFQ) is presented in Multimedia Appendix 9.

Procedures
Potential participants were prescreened over the phone. If they
were deemed eligible, they were invited for a single study visit
that lasted up to 2.5 hours. First, informed consent was obtained,
followed by obtaining demographics, brief mental and physical
health history, and the TFQ scores. Cogstate and VStore were
administered in a counterbalanced fashion to mitigate any order
effects. All the participants received the same shopping list.
Finally, the Wechsler Abbreviated Scale of Intelligence was
administered. Participants were compensated for their time and
reimbursed for travel expenses. Ethical approval was granted
by the Psychiatry, Nursing and Midwifery Research Ethics
Committee, King’s College London (LRS-16/17-4540).

Analysis
Before data analysis, VStore outcome variables measured in
seconds were log-transformed to stabilize the variance.
Descriptive statistics for both VStore and Cogstate outcomes
are presented in Multimedia Appendices 10 and 11. As an initial
overview of the relationship between Cogstate and VStore,
Bonferroni-corrected Spearman ρ was calculated between the
https://www.jmir.org/2022/1/e27641
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2 assessments. These results are presented in Multimedia
Appendix 12.
To establish which cognitive domains, assessed by Cogstate,
best predicted VStore performance, we ran a series of backward
elimination regression models implemented in the R package
MASS [39]. VStore outcomes were entered as dependent
variables (DVs) and all 8 Cogstate tasks were entered as
independent variables (IVs). Age and technological familiarity
(TFQ) were also entered as IVs, as these (but not IQ) showed
a significant relationship with VStore outcomes. All IVs were
standardized using the sample mean and SD to create z scores.
Regression models were penalized for complexity using the
Akaike Information Criterion (AIC) to arrive at the most
parsimonious model. Additional quality checks for the final
models are presented in Multimedia Appendix 13. These confirm
that the assumptions of normality and homoscedasticity were
met.
As an exploratory objective to examine the potential of VStore
in predicting age, we used ridge regression, implemented in the
R package glmnet [40], where regularization is governed by 2
parameters— α and λ. We set the penalty parameter, α, to 0 (to
enforce ridge regression, where the estimated coefficients of
strongly correlated predictor variables are shrunk toward each
other). The optimal value of the strength of this penalty (λ) was
determined using leave-one-out cross-validation (ie, for a given
value of λ, training on N-1 participants, and testing performance
on the one participant who is held-out by computing the mean
squared error [MSE]). The DV was age for 104 participants. In
the first model, IVs included all VStore outcomes except for
total time: Recall, Find, Select, Pay, and Coffee. In the second
model, IVs included all Cogstate tasks: Detection (DET),
Identification (IDN), One Card Learning (OCL), One-Back
(ONB), Two-Back (TWO), Continuous Paired Associate
Learning (CPAL), Groton Maze Learning (GMLT), and the
International Shopping List Task (ISLT). Both models were
repeated with technological familiarity (TFQ) included as an
J Med Internet Res 2022 | vol. 24 | iss. 1 | e27641 | p.1169
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additional IV to indicate whether VStore was confounded by
technological familiarity. Finally, to further probe VStore’s
sensitivity in predicting age cohorts, we took the top and bottom
20% of the sample population based on age and ran 2 logistic
regression models to generate 2 overlying receiver operating
characteristic curves—one for VStore and one for Cogstate.
The bottom fraction of the sample included 23.1% (24/104) of
participants aged 20-30 years, whereas the top fraction included
22.1% (23/104) of participants aged 65-79 years. Similar to the
regression analyses, the age cohort (0, 1) was entered as the
DV, and IVs for VStore model were Recall, Find, Select, Pay,
and Coffee, whereas the IVs for the Cogstate model included
DET, IDN, OCL, ONB, TWO, CPAL, GMLT, and ISLT.
Youden J statistic was used to establish the optimal threshold
for sensitivity and specificity, and model performance was
compared with the DeLong test.

Results
VStore Construct
Tables 3-5 summarizes the predictors of VStore performance.
The initial model included all Cogstate variables, in addition to
age and technological familiarity. Backward elimination
regression resulted in the removal of several of these predictors,
without any substantial change in the variance explained by the
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models. AIC values showed a decrease from the initial to final
models, arriving at a more parsimonious set of predictors for
each VStore outcome.
Recalling items from VStore shopping list was predicted by
verbal learning. Finding items in VStore was best explained by
attention (IDN), working memory (ONB), paired associate
learning (CPAL), age, and technological familiarity (TFQ). The
best predictors of VStore Select were working memory (TWO),
executive functions (GMLT), verbal learning (ISLT), and age.
Paying for items in VStore was best explained by processing
speed (DET), working memory (TWO), executive function
(GMLT), verbal learning (ISLT), and technological familiarity
(TFQ). Time to order a coffee was best predicted by visual
(OCL) and verbal (ISLT) learning, working memory (TWO),
and age. Finally, total time spent in VStore was best explained
by attention (IDN), working memory (ONB), paired associate
learning (CPAL), age, and technological familiarity (TFQ). For
the final model, the explained variance ranged from 25% for
VStore Select to 47% for VStore Total time.
Given the prominent role of technological familiarity in VStore
performance, we also examined the correlations between the
TFQ and Cogstate for comparison. Indeed, 6 out of 8 Cogstate
tasks (DET, IDN, ONB, TWO, CPAL, and GMLT) had a
significant relationship with the TFQ (Multimedia Appendix
14).
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Table 3. Initial and final linear regression models examining the construct validity of VStore for Recall, Find, and Select outcomes.
DVa and IVb

Initial model

Final model

B (SE)

P value

R2

F test
(df)

AICc

B (SE)

P value

R2

F test
(df)

AIC

DETd

0.264
(0.205)

.20

N/Ae

N/A

N/A

N/A

N/A

N/A

N/A

N/A

IDNf

−0.064
(0.224)

.78

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

OCLg

0.078
(0.190)

.68

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

ONBh

−0.016
(0.520)

.95

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

TWOi

0.246
(0.218)

.26

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

GMLTj

−0.056
(0.214)

.79

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

CPALk

0.209
(0.214)

.33

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

ISLTl

0.569
(0.202)

.006

N/A

N/A

N/A

0.056
(0.014)

<.001

N/A

N/A

N/A

Age

−0.312
(0.242)

.20

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

TFQm

0.001
(0.228)

.95

.10

2.138
(10, 93)

123.6

N/A

N/A

.13

16.210n
(1, 102)

111.8

DET

0.019
(0.028)

.047

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

IDN

−0.061
(0.030)

.93

N/A

N/A

N/A

−0.052
(0.028)

.07

N/A

N/A

N/A

OCL

−0.002
(0.026)

.06

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

ONB

0.065
(0.034)

.92

N/A

N/A

N/A

0.074
(0.030)

.03

N/A

N/A

N/A

TWO

−0.003
(0.029)

.40

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

GMLT

0.024
(0.029)

.11

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

CPAL

0.046
(0.029)

.84

N/A

N/A

N/A

0.055
(0.025)

.03

N/A

N/A

N/A

ISLT

−0.006
(0.027)

.006

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

Age

0.093
(0.033)

.03

N/A

N/A

N/A

0.100
(0.029)

.001

N/A

N/A

N/A

TFQ

−0.070
(0.031)

.50

.40

7.833n
(10, 93)

−293.1

−0.068
(0.028)

.02

.42

15.830n
(5, 98)

−301.1

DET

−0.006
(0.034)

.86

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

IDN

−0.035
(0.037)

.35

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

Recall

Find

Select
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Initial model

Final model

B (SE)

P value

R2

F test
(df)

AICc

B (SE)

P value

R2

F test
(df)

AIC

OCL

−0.009
(0.031)

.77

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

ONB

0.020
(0.041)

.64

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

TWO

−0.034
(0.036)

.35

N/A

N/A

N/A

−0.043
(0.030)

.16

N/A

N/A

N/A

GMLT

0.041
(0.035)

.252

N/A

N/A

N/A

0.043
(0.031)

.16

N/A

N/A

N/A

CPAL

0.024
(0.035)

.50

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

ISLT

−0.041
(0.033)

.22

N/A

N/A

N/A

−0.047
(0.030)

.12

N/A

N/A

N/A

Age

0.111
(0.040)

.007

N/A

N/A

N/A

0.108
(0.030)

.001

N/A

N/A

N/A

TFQ

0.001
(0.038)

.97

.22

3.896n
(10, 93)

−251.6

N/A

N/A

.25

9.783n
(4, 99)

−261.8

DV: dependent variable.

b

IV: independent variable.

c

AIC: Akaike Information Criterion.

d

DET: Detection (processing speed).

e

N/A: not applicable.

f

IDN: Identification (attention).

g

OCL: One Card Learning (visual learning).

h

ONB: One-Back (working memory).

i

TWO: Two-Back (working memory).

j

GMLT: Groton Maze Learning (executive function).

k

CPAL: Continuous Paired Associate Learning (paired associate learning).

l

ISLT: International Shopping List Task (Verbal learning).

m

TFQ: Technological Familiarity Questionnaire.

n

Significant at P<.001.
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Table 4. Initial and final linear regression models examining the construct validity of VStore for Pay and Coffee outcomes.
DVa and IVb

Initial model

Final model

B (SE)

P value

R2

F test
(df)

AICc

B (SE)

P value

R2

F test
(df)

AIC

DETd

0.043
(0.040)

.28

N/Ae

N/A

N/A

0.063
(0.035)

.08

N/A

N/A

N/A

IDNf

0.024
(0.043)

.59

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

OCLg

0.032
(0.037)

.38

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

ONBh

0.034
(0.048)

.49

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

TWOi

−0.085
(0.042)

.047

N/A

N/A

N/A

−0.085
(0.036)

.02

N/A

N/A

N/A

GMLTj

0.070
(0.041)

.09

N/A

N/A

N/A

0.060
(0.037)

.11

N/A

N/A

N/A

CPALk

−0.025
(0.041)

.55

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

ISLTl

−0.072
(0.039)

.07

N/A

N/A

N/A

−0.077
(0.034)

.03

N/A

N/A

N/A

Age

0.020
(0.047)

.67

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

TFQm

−0.106
(0.044)

.02

.34

6.409n
(10, 93)

−218.6

−0.129
(0.035)

<.001

.36

12.630n
(5, 98)

−225.8

DET

0.018
(0.048)

.72

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

IDN

−0.018
(0.053)

.73

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

OCL

0.075
(0.045)

.10

N/A

N/A

N/A

0.077
(0.041)

.07

N/A

N/A

N/A

ONB

0.021
(0.059)

.72

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

TWO

−0.046
(0.051)

.37

N/A

N/A

N/A

−0.078
(0.042)

.07

N/A

N/A

N/A

GMLT

−0.003
(0.051)

.96

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

CPAL

0.061
(0.051)

.23

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

ISLT

−0.060
(0.048)

.21

N/A

N/A

N/A

−0.066
(0.044)

.13

N/A

N/A

N/A

Age

0.181
(0.057)

.002

N/A

N/A

N/A

0.218
(0.043)

<.001

N/A

N/A

N/A

TFQ

−0.027
(0.054)

.62

.27

4.751n
(10, 93)

−177.0

N/A

N/A

.30

11.810n
(4, 99)

−186.6

Pay

Coffee

a

DV: dependent variable.

b

IV: independent variable.

c

AIC: Akaike Information Criterion.

d

DET: Detection (processing speed).

e

N/A: not applicable.

f

IDN: Identification (attention).
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g

OCL: One Card Learning (visual learning).

h

ONB: One-Back (working memory).

i

TWO: Two-Back (working memory).

j

GMLT: Groton Maze Learning (executive function).

k

CPAL: Continuous Paired Associate Learning (paired associate learning).

l

ISLT: International Shopping List Task (Verbal learning).

m

TFQ: Technological Familiarity Questionnaire.

n

Significant at P<.001.

Table 5. Initial and final linear regression models examining the construct validity of VStore Total.
DVa and IVb

Initial model

Final model

B (SE)

P value

R2

F test
(df)

AICc

B (SE)

P value

R2

F test
(df)

AIC

DETd

0.018
(0.020)

.44

N/Ae

N/A

N/A

N/A

N/A

N/A

N/A

N/A

IDNf

−0.046
(0.024)

.08

N/A

N/A

N/A

−0.039
(0.025)

.12

N/A

N/A

N/A

OCLg

0.003
(0.026)

.88

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

ONBh

0.048
(0.022)

.10

N/A

N/A

N/A

0.067
(0.026)

.01

N/A

N/A

N/A

TWOi

−0.015
(0.029)

.56

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

GMLTj

0.025
(0.025)

.32

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

CPALk

0.043
(0.025)

.09

N/A

N/A

N/A

0.059
(0.021)

.007

N/A

N/A

N/A

ISLTl

−0.023
(0.025)

.34

N/A

N/A

N/A

N/A

N/A

N/A

N/A

N/A

Age

0.097
(0.024)

.001

N/A

N/A

N/A

0.109
(0.025)

<.001

N/A

N/A

N/A

TFQm

−0.050
(0.028)

.06

.46

9.803n
(10, 93)

−323.3

−0.045
(0.025)

.07

.47

19.070n
(5, 98)

−329.1

Total

a

DV: dependent variable.

b

IV: independent variable.

c

AIC: Akaike Information Criterion.

d

DET: Detection (processing speed).

e

N/A: not applicable.

f

IDN: Identification (attention).

g

OCL: One Card Learning (visual learning).

h

ONB: One-Back (working memory).

i

TWO: Two-Back (working memory).

j

GMLT: Groton Maze Learning (executive function).

k

CPAL: Continuous Paired Associate Learning (paired associate learning).

l

ISLT: International Shopping List Task (Verbal learning).

m

TFQ: Technological Familiarity Questionnaire.

n

Significant at P<.001.

Cognitive Performance as Predictor of Age
For the DV age, we built 2 models using VStore and Cogstate
outcomes as predictors (Figure 2). In the VStore model, the
model fitting achieved an MSE of 185.8 (SE 19.34), selecting
https://www.jmir.org/2022/1/e27641
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a total of 5 predictors and from cross-validating, which was
attained from an optimal λ of 5.16 (Multimedia Appendix 15).
For the Cogstate model, we found an MSE of 226.8 (SE 23.48),
selecting a total of 8 predictors obtained with an optimal λ of
9.49 (Multimedia Appendix 16). We also fitted a null
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that models for both VStore and Cogstate are preferable to a
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model with no predictors.

Figure 2. VStore and Cogstate models predicting age. Dashed lines depict the age of the participants. The solid stroke shows the age predicted by the
ridge regression models.

In the VStore model, coefficient values were as follows: VStore
Recall=−0.586; VStore Find=7.882; VStore Select=5.284;
VStore Pay=3.291; and VStore Coffee=4.526. In this model,
the Find task is most strongly positively associated with
increasing age, followed by the Select, Coffee, Pay, and Recall
tasks.
In the Cogstate model, the coefficient values were as follows:
DET=11.089; IDN=15.277; OCL=−2.563; ONB=12.038;
TWO=−1.293; GMLT=0.032; CPAL=0.015; and ISLT=−0.245.
In this model, the IDN task was most strongly positively
associated with increasing age, followed by the ONB, DET,
and TWO tasks.
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For the DV age, we built 2 additional models using VStore and
Cogstate outcomes as predictors with technological familiarity
included as a covariate (Figure 3). With the TFQ added to the
VStore model, the model fitting achieved an MSE of 162.9 (SE
17.50), selecting a total of 6 predictors and from
cross-validating, this was attained from an optimal λ at 3.904
(Multimedia Appendix 17). With the TFQ added to the Cogstate
model, we found an MSE of 175.4 (SE 22.12), selecting a total
of 9 predictors obtained with an optimal λ at 2.904 (Multimedia
Appendix 18).
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Figure 3. VStore and Cogstate models predicting age with technological familiarity included. Dashed lines depict the age of the participants. The solid
stroke shows the age predicted by the ridge regression models.

In the VStore model, coefficient values were as follows: VStore
Recall=−0.617; VStore Find=7.298; VStore Select=5.422;
VStore Pay=2.699; VStore Coffee=4.517, and TFQ=−0.279.
In the Cogstate model, coefficient values were as follows:
DET=16.777; IDN=22.388; OCL=−3.544; ONB=15.451;
TWO=2.034; GMLT=0.0438; CPAL=0.0243, ISLT=−0.479;
and TFQ=−0.348.

https://www.jmir.org/2022/1/e27641

XSL• FO
RenderX

Age Cohort Classification
Figure 4 shows the sensitivity of the VStore and Cogstate
models in classifying age cohorts of 20-30 and 65-79 years of
this study’s sample population. VStore has a sensitivity of 87%
and specificity of 91.7% at the optimal threshold of 0.55,
whereas Cogstate has a sensitivity of 95.7% and specificity of
75% at the optimal threshold of 0.36. The difference between
the 2 models was not statistically significant (Z=0.69, P=.49).
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Figure 4. VStore and Cogstate models predicting age cohorts. AUC: area under the receiver operating characteristic curve.

Discussion
Principal Findings
The primary aim of this study was to establish which cognitive
functions are engaged during a novel VR assessment, VStore.
We found that a number of cognitive processes, as measured
by Cogstate, contributed to the variance explained in VStore
performance, suggesting that the VR task engages a range of
key neuropsychological functions simultaneously. Indeed, the
realistic nature of VStore precludes a simple one-to-one mapping
between Cogstate domains and VStore outcomes. These findings
provide preliminary information about VStore’s construct
validity and show that functional tasks embedded in VR may
engage a greater range of cognitive domains than standard
assessments because of their increased complexity and ability
to resemble the demands of the real world [41].
As anticipated, VStore Recall was best explained by the
Cogstate verbal learning task. VStore Find demonstrated a
significant relationship with a number of predictors including
attention, working memory, paired associate learning, age, and
technological familiarity. VStore Select was explained by
working memory, executive function, verbal learning, and
technological familiarity. The more items participants could
remember, the quicker they selected them on the self-checkout
machine (verbal learning); attentional control (executive
function) and temporary memorization of remaining items
(working memory) were also required. VStore Pay engaged
working memory, executive functions, and required processing
speed. VStore Coffee was explained by visual and verbal
learning, working memory, and age. Finally, the total time spent
https://www.jmir.org/2022/1/e27641
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in VStore was best explained by Cogstate tasks measuring paired
associate learning and working memory, in addition to the
participants’ age and technological familiarity, accounting for
almost half of the variance in VStore performance.
The CPAL task of Cogstate is an episodic memory paradigm
that involves visuospatial processing and indexes the ability to
learn, store, and retrieve information. Paired associations may
be especially important when finding items in a store, as this
requires the retrieval of object representations from the shopping
list, such as Cornflakes. Severe impairment in this domain has
been linked to a number of neuropsychiatric conditions,
including AD [42], and has been shown to be a valuable tool
for the early detection of the disorder [43]. Deficits in paired
associate learning have also been observed in schizophrenia
and are linked to hippocampal volume loss [44].
Working memory, the temporary retention of information for
manipulation and decision-making, is a key cognitive process
in overall VStore performance. It is particularly relevant for the
stages of the assessment where reviewing the shopping list is
necessary to successfully carry out the next step of the task,
such as finding an item or selecting it on the self-checkout
machine. In support of the role of working memory in complex
cognitive and functional assessments, factor analysis revealed
that working memory was one of the latent variables of the
VRFCAT, among problem solving and processing speed [45].
A decline in working memory has been reported in both AD
and schizophrenia [46,47]. Working memory also declines as
part of the normal aging process [48].
The ability of VStore to engage cognitive domains implicated
in neuropsychiatric disorders and age-related cognitive decline
J Med Internet Res 2022 | vol. 24 | iss. 1 | e27641 | p.1177
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points to its potential in assessing functional cognition not only
in healthy individuals but also in clinical populations. In this
study, the total time spent in VStore increases with age; hence,
age is a significant predictor of most VStore outcomes.
However, this may partly be attributed to decrease in
technological familiarity with age [49], which could also play
a significant role in the outcome of digital assessments. Indeed,
ridge regression revealed that the main VStore
outcomes—Recall, Find, Select, Pay, and Coffee—provide a
parsimonious model and can predict age accurately. Although
we cannot make a direct comparison between VStore and
Cogstate models, it is observed that Cogstate has a larger slope
deviation from the identity line than VStore. Intriguingly,
although the inclusion of technological familiarity made VStore
model less precise, it did not alter the overall results. In contrast,
the Cogstate model was markedly improved by the addition of
technological familiarity. This may be because of the additional
technological demands of the VStore setup, despite the intuitive
nature of the task. The fact that the addition of technological
familiarity did not improve the VStore model could be because
the variance associated with technological skills was already
captured, whereas for Cogstate, this was not the case. As
technological familiarity decreased with age, we cannot rule
out that VStore, similar to any other digital assessment, may
potentially underestimate the cognitive abilities of older adults.
As VR tools become more familiar, this relationship may reduce
over time, and thus we recommend the assessment of
technological familiarity in studies that include participants
where these skills may vary.

Limitations

Similar to these findings, receiver operating characteristic curve
analysis revealed that VStore is highly accurate, sensitive, and
specific to the classification of age cohorts, further supporting
its potential use in the assessment of age-related cognitive
decline. This is in line with previous research showing that age
is a relevant factor in performance on VR assessments [49,50],
potentially explicable by the decline in exploratory navigational
abilities—a domain particularly vulnerable to the effects of
aging [51]. Effective exploration and navigation are vital for
completing VStore and are likely to engage relevant brain
regions. Indeed, a key aim in designing the VStore Find task
was to activate the place and grid cells in the hippocampus and
entorhinal cortex [52]. Notably, this variable was the most
strongly associated with increasing age, suggesting that spatial
processing, as assessed by VStore, could be used to inform
future normative data to detect below-average performance for
specified age brackets with high sensitivity.

In conclusion, our findings suggest that VStore is a promising
assessment that engages various cognitive functions, including
those that tend to decline with age and during the development
of neuropsychiatric disorders such as AD. Given that VStore
simulates the complexity of everyday life in an ecologically
valid environment, it may be suitable for evaluating functional
cognition; however, further research is required to confirm this.
VStore has theoretical advantages over other tests in being more
engaging than traditional pen-and-paper and computerized
batteries; it is fully immersive unlike other similar assessments,
such as the VRFCAT, potentially increasing a psychological
sensation of being there in a specific (virtual) surrounding [56],
and thus enabling the assessment of real time cognitive and
behavioral responses to that environment [57]. Furthermore,
VStore provides complete experimental control, unlike the MET.
Further research is urgently required to confirm age-related
findings (ie, predictive validity in early cognitive decline) and
establish its reliability and sensitivity to changes in cognition
and functional capacity in both healthy and clinical samples.

There are several limitations to this study. First, the study sample
had a high IQ on average, as expected from our highly educated
cohort; hence, the sample may not be fully representative of the
general population. This may be due to an oversampling from
college students and a better-educated general population, and
the use of the abbreviated IQ measure that relies on only 2
domains, verbal ability and matrix reasoning, and may generate
inflated scores [53]. Nonetheless, we were able to include a
range of IQ scores. Furthermore, relying on the AIC stepwise
algorithm for model selection is not ideal, as it may be affected
by several factors, such as the degree of correlation between
predictors or the size of the sample, and thus may not be fully
replicable [54]. Although theory-based model selection is
preferable, given the novelty of the VR task, this was not
possible on this occasion. In addition, although ridge regression
models were cross-validated by optimizing λ, these models
should be validated in an independent sample. Future research
should also include measures of adverse VR effects; however,
it is important to note here that no participant stopped the VR
assessment because of cybersickness. Similarly, although there
has been no functional capacity assessment developed for
healthy adults, the inclusion of a proxy measure, such as the
Cognitive Failures Questionnaire [55], would have been
desirable. Finally, further research is required to confirm the
construct validity of VStore and, most importantly, establish
its test-retest reliability.

Conclusions
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Abstract
Background: Although psychological sequelae after intensive care unit (ICU) treatment are considered quite intrusive, robustly
effective interventions to treat or prevent these long-term sequelae are lacking. Recently, it was demonstrated that ICU-specific
virtual reality (ICU-VR) is a feasible and acceptable intervention with potential mental health benefits. However, its effect on
mental health and ICU aftercare in COVID-19 ICU survivors is unknown.
Objective: This study aimed to explore the effects of ICU-VR on mental health and on patients’ perceived quality of, satisfaction
with, and rating of ICU aftercare among COVID-19 ICU survivors.
Methods: This was a multicenter randomized controlled trial. Patients were randomized to either the ICU-VR (intervention)
or the control group. All patients were invited to an COVID-19 post-ICU follow-up clinic 3 months after hospital discharge,
during which patients in the intervention group received ICU-VR. One month and 3 months later (4 and 6 months after hospital
discharge), mental health, quality of life, perceived quality, satisfaction with, and rating of ICU aftercare were scored using
questionnaires.
Results: Eighty-nine patients (median age 58 years; 63 males, 70%) were included. The prevalence and severity of psychological
distress were limited throughout follow-up, and no differences in psychological distress or quality of life were observed between
the groups. ICU-VR improved satisfaction with (mean score 8.7, SD 1.6 vs 7.6, SD 1.6 [ICU-VR vs control]; t64=–2.82, P=.006)
and overall rating of ICU aftercare (mean overall rating of aftercare 8.9, SD 0.9 vs 7.8, SD 1.7 [ICU-VR vs control]; t64=–3.25;
P=.002) compared to controls. ICU-VR added to the quality of ICU aftercare according to 81% of the patients, and all patients
would recommend ICU-VR to other ICU survivors.
Conclusions: ICU-VR is a feasible and acceptable innovative method to improve satisfaction with and rating of ICU aftercare
and adds to its perceived quality. We observed a low prevalence of psychological distress after ICU treatment for COVID-19,
and ICU-VR did not improve psychological recovery or quality of life. Future research is needed to confirm our results in other
critical illness survivors to potentially facilitate ICU-VR’s widespread availability and application during follow-up.
Trial Registration: Netherlands Trial Register NL8835; https://www.trialregister.nl/trial/8835
International Registered Report Identifier (IRRID): RR2-10.1186/s13063-021-05271-z
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Introduction
The increase in the survival of critically ill patients admitted to
the intensive care unit (ICU) in the last few decades has revealed
the effect of ICU treatment on quality of life [1-3]. Up to
one-third of “general” ICU survivors experience a poor quality
of life, predominantly owing to psychological sequelae such as
anxiety, depression, and posttraumatic stress disorder (PTSD)
[4-7]. These psychological impairments comprise the
psychological component of the postintensive care syndrome
(PICS); they are common and can last months to even years
after patient ICU discharge [4,8,9]. Consequently, there is a
need for post-ICU care.
As the demand for ICU beds and critical care services has
skyrocketed during the current COVID-19 outbreak, so would
that of ICU aftercare. As such, health care services will have to
adapt rapidly to an anticipated surge of post-ICU care, and this
will place an enormous strain on acute services [10]. The current
pandemic is highlighting the urgency for a multimodal follow-up
program and the need for patient-focused innovative solutions
[11]. Difficulty accessing in-person clinics is a key barrier in
the development of an ICU follow-up program and is probably
hindered more owing to current COVID-19 regulations [12].
While post-ICU care has been recognized as a fundamental part
of ICU care by the critical care community, effective
interventions and guidelines are lacking, and evidence for the
effectiveness of post-ICU programs has not been established
[4,13,14]. The unmet need for information and the increasing
importance of satisfaction as an important quality indicator are
two major denominators that could explain the aforementioned
and should, as such, be taken into account in developing
post-ICU care in the current era [15,16].
Recovery from COVID-19 could have the same multifaceted
problems that occur after sepsis and other critical illnesses [17].
Recently, virtual reality (VR) was demonstrated to be a useful
technique to improve post-ICU mental health in sepsis survivors
and could also be safely used and implemented in post-ICU
COVID-19 care [18-20]. As such, we hypothesized that an
ICU-specific virtual reality (ICU-VR) intervention could
improve the satisfaction with and rating of ICU aftercare and
could contribute to psychological recovery. The aims of this
study were therefore to explore the effects of ICU-VR on mental
health and on patients’ perceived quality and satisfaction with
and rating of ICU aftercare among COVID-19 ICU survivors.

Methods
Study Design
This multicenter, open-label, randomized controlled trial was
conducted in a university teaching hospital and in 3
university-affiliated secondary care hospitals. Patients were
included from June 2020 to February 2021 and were followed-up
for 6 consecutive months. The study protocol was approved by
https://www.jmir.org/2022/1/e32368
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the Medical Ethics Committee of the Erasmus Medical Centre,
Rotterdam, and the participating centers’ institutional review
boards (NL73667.078.20, approved June 10, 2020) and has
previously been published [21].

Participants
All consecutive adult (≥18 years) patients who were treated in
an ICU of one of the participating hospitals and visited the
COVID-19 post-ICU follow-up clinic were eligible for
inclusion. COVID-19 was diagnosed on the basis of a positive
finding on reverse transcription–polymerase chain reaction
(RT–PCR) for SARS-CoV-2. Exclusion criteria were primary
neurological impairments or documented active psychiatric
diseases, an inability to understand the Dutch language, absence
of a formal home address, and participation in other
interventional trials that could confound the primary outcome.
Patients and the public were not involved in the design, conduct,
reporting, or dissemination plans of this study. A former ICU
patient was involved in the development of the ICU-VR
intervention.

Randomization and Masking
Patients were randomly assigned to either the ICU-VR
(intervention) group or the control group at a 1:1 ratio, using a
centralized internet-based randomization procedure by the study
site’s principal investigator or a representative (Castor Electronic
Data Capture [EDC]). Patients were randomized in a simple
manner without stratification. The investigators were unaware
of the assignment sequence. Owing to the nature of the
intervention, blinding of patients and investigators was not
possible.

Intervention
All patients were invited to a COVID-19 post-ICU follow-up
clinic as part of regional standard care. During this visit, patients
had a 60-minute-long consultation with an intensivist and an
ICU nurse, during which the ICU treatment was reviewed, and
patients were screened for PICS-related impairments and
referred to an appropriate health care worker, if appropriate.
Patients in the ICU-VR group received the ICU-VR intervention
once during this visit. ICU-VR is explained in depth elsewhere.
In short, it was developed by an interdisciplinary team that
included intensivists, ICU nurses, a psychologist, a psychiatrist,
an investigator, and former ICU patients and was previously
demonstrated to be safe and feasible [18,22]. ICU-VR consists
of a 14-minute-long informational video that can be watched
using VR, in which the patient is exposed to the ICU
environment and receives voice-over explanations regarding
different facets of the surrounding ICU and ICU treatment.
ICU-VR consists of 6 scenes: (1) The ICU physician and nurse
welcome the patient in front of the ICU. After being brought to
and installed in the ICU, explanations are given (2) about the
surveillance monitor, medication pumps, intubation (including
tracheal tube suction), mechanical ventilation, and prone
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positioning; (3) about intravenous drips and lines and
tracheotomy, including its procedures; (4) about the treatment
team taking care of the patient; (5) about isolation measures
and personal protection equipment; and (6) about COVID-19
[19,21]. The script and the YouTube version can be found
elsewhere [21,23]. The ICU-VR intervention was watched using
head-mounted display–VR glasses (Oculus Go) in combination
with headphones.

Study Procedures
All COVID-19 ICU survivors were invited to the hospital’s
COVID-19 post-ICU follow-up clinic 3 months after hospital
discharge as part of regional standard care. One month prior to
this visit, eligible patients were sent a study information
brochure, and 2 weeks later, patients were contacted by
telephone by a member of the study team to explain the study
procedures. During their follow-up clinic visit, consent was
obtained, and patients were randomized.
Patients randomized to the ICU-VR group received the ICU-VR
intervention once during the concordant follow-up clinic visit,
whereas patients randomized to the control group did not receive
ICU-VR. Aside from the ICU-VR intervention, there were no
differences between the study groups. These results are part of
a larger study evaluating the long-term effects of ICU-VR after
6 months and the effect of VR crossover [21].
Prior to the follow-up clinic visit and 4 and 6 months after
hospital discharge—that is, 1 and 3 months after the COVID-19
post-ICU follow-up clinic visit—psychological distress and
quality of life were assessed. Six months after hospital discharge,
all patients were asked about their satisfaction with and rating
of ICU care and aftercare, and patients in the intervention group
were asked about their perspectives on ICU-VR.

Outcomes
Primary outcomes were PICS-related psychological distress
and quality of life up to 6 months after hospital discharge and
were mandatory parts of the questionnaire.
Psychological distress was expressed as the prevalence and
severity of PTSD, anxiety, and depression-related symptoms
assessed using the Impact of Event Scale-Revised (IES-R;
PTSD) and the Hospital Anxiety and Depression Scale (HADS;
anxiety and depression), respectively [24,25]. The IES-R is a
self-reported measurement consisting of 22 items that assesses
subjective distress caused by a traumatic event and has
previously been validated in ICU survivors [24,26,27]. It
provides a total score ranging from 0 to 88, with higher scores
indicating more severe symptoms. It also provides subscale
scores to assess symptoms of intrusion, avoidance, and
hyperarousal, which is the sum of all items in each section. An
IES-R total score of ≥34 is considered the optimal cutoff for
PTSD [28]. The HADS consists of 14 items and is commonly
used to determine the levels of anxiety and depression that a
patient is experiencing and has been validated in critical illness
survivors [29-31]. Seven of the items relate to anxiety, 7 relate
to depression, and each question is answered on a 4-point Likert
scale. A sum score of ≥8 (ranging from 0 to 21, with higher
scores indicating more severe symptoms) on either the
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depression or the anxiety subscale, is classified as clinically
meaningful depression and anxiety, respectively [29].
Quality of life was assessed using the Short-Form 36 (SF-36)
and the European Quality of Life, 5 Dimensions (EQ-5D)
questionnaires [32,33]. The EQ-5D and SF-36 have been
validated and tested in the ICU and have been recommended
for use in critical care medicine [34-38]. The EQ-5D measures
quality of life in 5 dimensions (mobility, self-care, usual
activities, pain or discomfort, and anxiety or depression). In
each domain, patients are asked if they experience no, slight,
moderate, severe, or extreme problems, from which the weight
of a health state can be computed, ranging from –0.446 (worst
quality of life) to 1.000 (best quality of life) [39]. Additionally,
patients score their current subjective health on a visual analog
scale, ranging from 0 (worst health imaginable) to 100 (best
health imaginable). SF-36 is a 36-item, patient-reported survey
of health and health-related quality of life (HRQoL). It consists
of 8 scaled scores, which are the weighted sums of the questions
in their section, and a scale for health change. Each scale is
directly transformed to a scale ranging from 0 (worst score) to
100 (best score) on the assumption that each question carries
an equal weight. The 8 sections are physical functioning, social
functioning, physical role functioning, emotional role
functioning, emotional well-being, vitality, bodily pain, and
general health perception [40]. In addition to these scales, mental
and physical component scores can be calculated, which
represent a patient’s mental and physical health state. These
scores are computed so that the mean is 50 (SD 10) for the
general population [41,42].
Patients’ perceived quality of and patients’ satisfaction with
and rating of ICU aftercare were assessed using a novel
questionnaire, and the questions were nonmandatory to answer.
The questionnaire was based on the Patient Satisfaction
Questionnaire and Family Satisfaction with ICU Care tools,
altered to the needs of this study [43-45]. This questionnaire
consisted of 21 items and was categorized into five sections:
perspectives on the added value of ICU-VR to ICU care and
ICU aftercare (8 questions), perspectives on the timing and
number of sessions (3 questions), overall perspective on the
ICU-VR intervention (3 questions), perspectives on the content
of the ICU-VR intervention (3 questions), and perspectives on
the effect of the ICU-VR intervention (4 questions; Multimedia
Appendix 1). The first section was (partly) answered by all
patients, irrespective of the randomization allocation, and the
other sections were answered only by patients randomized to
the ICU-VR group. All questions could be answered on a
10-point Likert scale, ranging from 1 (not at all) to 10 (very
much), except for perspectives on the timing and number of
sessions. The questionnaire was administered by telephone.
Baseline characteristics and survival were determined through
patient record analysis. Additional demographics, such as
educational level and preadmission employment status, were
assessed using follow-up questionnaires.

Statistical Analysis
Based on a previous pilot study examining the feasibility, safety,
and clinical relevance of sepsis ICU-VR (Cohen d effect
size=0.77), we assumed the effect estimates of ICU-VR to be
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similar in this study [20]. Using a 2-sided α value of .05, a
power of .80, a 1:1 randomization, and an expected loss to
follow-up of 20%, we aimed to include a minimum of 80
patients, with 40 patients in each study group.
Baseline demographics and treatment-related characteristics
were quantified using descriptive statistics. Continuous variables
are expressed as median (IQR) or mean (SD) values, depending
on their distribution. Categorical variables are presented as
absolute numbers and relative frequencies.
Differences between study groups in continuous variables, such
as the IES-R sum score, the HADS anxiety and depression
scores, the SF-36 subscales and the EQ-5D utility score, at
several follow-up time points were analyzed using a
mixed-effects linear regression model with a random intercept
for each study site. Differences in continuous outcomes at the
3-month follow-up time point were adjusted by adding the
3-month outcome as an independent variable in the
mixed-effects linear regression model. Patients were categorized
on the basis of clinically meaningful cutoffs for the IES-R sum
score and the HADS anxiety and depression scores. Differences
in categorical variables between study groups at several
follow-up time points were analyzed using a mixed-effects
logistic regression model with a random effect for each site.
Differences in categorical outcomes at the 3-month follow-up
time point were adjusted by adding the 3-month outcome as an
independent variable in the mixed-effects logistic regression
model. Differences in continuous or categorical variables
throughout follow-up were analyzed using a mixed-effects linear
or logistic regression model with time, randomization, and a
random intercept or slope for each individual and each study
site as appropriate. Differences in linear or categorical outcomes
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at the 3-month follow-up time point were added to the
mixed-effects linear or logistic model as independent variables
to adjust for that difference.
Outcomes of the mixed-effects linear regression models are
reported as coefficient (95% CI) values, which implies the
estimated mean difference, and outcomes of the mixed-effects
logistic regression models are reported as odds ratios (ORs)
with corresponding 95% CI values.
All data were gathered using Castor EDC. All analyses were
performed using SPSS (version 24.0; SPSS Inc) and R for
Statistics (R Foundation for Statistical Computing). A P value
of ≤.05 was considered statistically significant.

Data Sharing
All data sets created during this study are available upon
reasonable request by the corresponding author.

Results
Results Overview
A total of 147 patients visited the COVID-19 post-ICU
follow-up clinic, of whom 89 were enrolled (inclusion rate:
61%): 45 patients in the ICU-VR group and 44 patients in the
control group (Figure 1). All patients in the ICU-VR group
completed the ICU-VR intervention, and no adverse events
were reported. Baseline demographics and treatment-related
characteristics were well balanced between groups (Table 1).
The mean age was 58 (SD 11) years, 63 patients (71%) were
male, and the median ICU length of stay was 17 (IQR 9-29)
days. Table 1 shows baseline demographics and
treatment-related characteristics.
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Figure 1. CONSORT (Consolidated Standards of Reporting Trials) flow diagram of the study. ICU-VR: intensive care unit–specific virtual reality.
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Table 1. Baseline demographics and treatment-related characteristics.
Characteristicsa

ICU-VRb group (intervention) (n=45)

Control group (n=44)

Age (years), median (IQR)

61 (54-65)

59 (51-65)

Males, n (%)

35 (78)

28 (36)

BMI, median (IQR)

27.6 (25.3-31.1)

28.0 (25.3-31.2)

14 (31)

18 (41)

Primary education

14 (31)

13 (30)

Intermediate vocational education

15 (33)

20 (46)

Higher vocational education

13 (29)

7 (16)

Academic education

3 (7)

4 (9)

23 (51)

21 (48)

Length of stay in the intensive care unit (days), median (IQR)

14 (9-25)

14 (7-28)

Length of hospital stay (days), median (IQR)

22 (12-32)

24 (13-40)

Mechanical ventilation, n (%)

41 (91)

38 (86)

Duration (hours), median (IQR)

227 (169-343)

383 (206-465)

Highest positive end-respiratory pressure (cm H2O), median (IQR)

21 (17-28)

20 (16-25)

Lowest fraction of inspired oxygen (%), median (IQR)

28 (24-30)

25 (22-30)

Lowest ratio of arterial oxygen (mm Hg), median (IQR)

0.11 (0.09-0.23)

0.11 (0.09-0.18)

Prone positioning, n (%)

35 (77)

36 (82)

Received noradrenaline, n (%)

37 (82)

35 (80)

Noradrenaline dose (µg/kg/minute), median (IQR)

0.17 (0.10-0.30)

0.14 (0.08-0.29)

Duration of noradrenaline use (hours), median (IQR)

186 (32-249)

167 (96-349)

Received midazolam, n (%)

35 (78)

33 (75)

Midazolam dose (mg/kg/hour), median (IQR)

0.59 (0.43-0.71)

0.51 (0.39-0.66)

Duration of midazolam use (hours), median (IQR)

20 (13-93)

20 (13-36)

Received remifentanil, n (%)

32 (71)

35 (80)

Remifentanil dose (µg/kg/hour), median (IQR)

14 (10-16)

14 (6-18)

Duration of remifentanil use (hours), median (IQR)

33 (22-80)

32 (23-72)

Received sufentanil, n (%)

26 (58)

28 (63)

Sufentanil dose (µg/kg/hour), median (IQR)

0.55 (0.34-0.83)

0.60 (0.38-0.70)

Duration of sufentanil use (hours), median (IQR)

8 (1-13)

10 (6-14)

Received rocuronium, n (%)

22 (49)

16 (36)

Rocuronium dose (mg/kg/hour), median (IQR)

0.39 (0.05-0.77)

0.32 (0.01-0.60)

Duration of rocuronium use (hours), median (IQR)

22 (0-28)

17 (0-22)

Simplified Acute Physiology Score (version 2), median (IQR)

31 (26-36)

31 (26-35)

Acute Physiology and Chronic Health Evaluation (version 4) score, median
(IQR)

49 (38-60)

49 (42-59)

Admission Sequential Organ Failure Assessment score, median (IQR)

2 (1-6)

2 (1-4)

Baseline demographics

Participants with a BMI of >30, n (%)
Educational level, n (%)

Employment status, employed, n (%)
Treatment-related characteristics

Medication

Illness severity scores
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Characteristicsa
Highest Sequential Organ Failure Assessment score, median (IQR)
a

ICU-VRb group (intervention) (n=45)

Control group (n=44)

8 (6-10)

7 (6-9)

Baseline demographics and treatment-related characteristics were obtained at 3 months after hospital discharge via digital patient records.

b

ICU-VR: intensive care unit-specific virtual reality.

Psychological Component of the PICS
At the 3-month follow-up time point, a total of 31 of 89 patients
(34%) reported psychologic distress, with 10 patients (22%) in
the ICU-VR group and 21 patients (47%) in the control group
(OR 3.5, 95% CI 1.4-8.9, P<.01). At 4 months, 38 patients
(43%) reported psychological distress, with 12 patients (27%)
in the ICU-VR group and 26 patients (59%) in the control group
(OR 3.0, 95% CI 0.8-11.9, P=.11). At 6 months, 24 patients
(31%) reported psychological distress, with 9 patients (23%)
in the ICU-VR group and 15 patients (39%) in the control group
(OR 0.7, 95% CI 0.2-2.9, P=.60).
At the 3-month follow-up time point, 4 patients (9%) in the
ICU-VR group and 10 patients (22%) in the control group
reported probable PTSD (OR 3.2, 95% CI 0.9-11.1, P=.07;
Figure 2B). During follow-up, no differences were observed in
PTSD scores or the proportion of patients who reported probable
PTSD between randomization allocations (Figures 2A and 2B).
Throughout follow-up, the PTSD score remained similar at 4
months (β=–.60, 95% CI –3.2 to 1.9, P=.63) after hospital
discharge but improved at 6 months after hospital discharge
(β=–3.1, 95% CI –5.8 to –0.4, P=.02). However, this
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improvement was independent of the randomization group
(β=5.4, 95% CI –0.2 to 11.1, P=.06).
At the 3-month follow-up time point, 7 patients (16%) in the
ICU-VR group and 16 patients (38%) in the control group
reported probable anxiety (OR 3.3, 95% CI 1.2-9.3, P=.02;
Figure 2D). Four months after hospital discharge, ICU-VR
resulted in fewer patients with probable anxiety (n=8, 18% vs
22, 50%; OR 3.8, 95% CI 1.1-12.7; P=.03; Figure 2C) but not
lower anxiety scores (median HADS anxiety score 3, IQR 1-5
vs 7, IQR 2-11; β=1.4, 95% CI –0.1 to 3.0; P=.07). There were
no differences at 4 or 6 months after hospital discharge (Figures
2C and 2D). No natural decline in anxiety was observed, and
the severity of anxiety and the prevalence of probable anxiety
were lower in the ICU-VR group throughout the follow-up.
At the 3-month follow-up time point, 8 (18%) patients in the
ICU-VR group and 14 (33%) patients in the control group
reported probable depression (OR 2.3, 95% CI 0.9-6.3, P=.10;
Figure 2F). Throughout the follow-up, no difference in the
depression scores or the proportion of patients reporting
probable depression was observed (Figures 2E and 2F). The
severity of depression remained similar throughout the follow-up
period.
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Figure 2. Psychological outcomes. Boxplots of the severity of posttraumatic stress disorder (A), anxiety (C), and depression (E) and bar plots of the
prevalence of posttraumatic stress disorder (B), anxiety (D), and depression (F). Posttraumatic stress disorder was assessed using the IES-R, and a sum
score of ≥33 was considered as posttraumatic stress disorder being prevalent; anxiety and depression were assessed using the HADS, and a score of ≥8
on either the anxiety or depression scale was considered anxiety and depression being prevalent, respectively. Differences between randomization groups
at each follow-up time point and between follow-up time points (p, Time) and throughout the follow-up (p, Randomization) were analyzed using
mixed-effects linear (severity) or logistic (prevalence) regression models. HADS: Hospital Anxiety and Depression Scale, IES-R: Impact of Event
Scale-Revised.

Health-Related Quality of Life
The overall health-related quality of life, mental health–related
quality of life, and physical health–related quality of life are
depicted in Figure 3. Throughout the follow-up period, the
overall, mental, and physical HRQoL remained similar until 4
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months but improved at 6 months after hospital discharge, while
overall quality of life, outcomes of individual EQ-5D domains,
and subscales of the SF-36 score differed between groups during
the follow-up period (Figures 3A-D, Multimedia Appendix 2
and Multimedia Appendix 3).
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Figure 3. Quality of life outcomes. Boxplots of the overall quality of life (A), perceived health state (B), mental quality of life (C), and physical quality
of life (D). Overall quality of life was expressed as the EQ-5D TTO score, the perceived health state as the EQ-5D VAS score, and the mental and
physical quality of life as the mental and physical component scales of the SF-36, respectively. Differences between randomization groups at each
follow-up time point and between follow-up time points (p, Time) and throughout the follow-up (p, Randomization) were analyzed using mixed-effects
linear (severity) or logistic (prevalence) regression models. EQ-5D: European Quality of Life, 5 dimensions, ICU-VR: intensive care unit–virtual reality,
MCS-36: Mental Component Summary, 36 items, PCS-36: Physical Component Summary, 36 items, TTO: trade time-off, VAS: visual analog scale.

Perspectives on ICU-VR
In total, 37 patients (84%) in the ICU-VR group and 32 patients
(71%) in the control group gave their perspective about the
intervention and the received care and aftercare (Figure 4 and
Multimedia Appendix 4). Patients in the intervention group
were more satisfied with the ICU aftercare (mean score: 8.7,
SD 1.6 vs 7.6, SD 1.6 [ICU-VR vs control], t64=–2.82, P=.006)
but not with the ICU care (mean score 8.9, SD 1.5 vs 8.5, SD
1.5 [ICU-VR vs control], t64=–0.92; P=.36; Figure 4A).
Additionally, patients in the intervention group rated the ICU
aftercare higher (mean overall rating of aftercare 8.9, SD 0.9
vs 7.8, SD 1.7 [ICU-VR vs control], t64=–3.25; P=.002) but not
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the ICU care (mean score 8.9, SD 1.5 vs 8.7, SD 1.2 [ICU-VR
vs control], t64=–0.59; P=.56; Figure 4B). ICU-VR added to the
satisfaction of ICU care according to 62% of patients (Figure
4C), satisfaction with ICU aftercare according to 65% of patients
(Figure 4D), quality of ICU care according to 62% patients
(Figure 4E), and quality of ICU aftercare according to 81% of
patients in the ICU-VR group (Figure 4F).
Patients in the intervention group assigned a mean score of 8.7
(SD 1.0) out of 10 to the ICU-VR, on a Likert scale, and stated
that ICU-VR improved their understanding of ICU treatment
(score>5, 76%; mean score 7.2, SD 2.5) and decreased their
frightening memories (score>5, n=24-37, 65%; mean score 6.6,
SD 2.8; Multimedia Appendix 4).
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Figure 4. Perspectives on ICU-VR. Bar charts of the mean satisfaction score (A) and rating (B) of ICU care (left) and ICU aftercare (right) in the
ICU-VR and control group, wherein the error bars indicate the 95% CI of the scores. The contribution of ICU-VR to the perceived satisfaction with
ICU care (C) and ICU aftercare (D) and the contribution of ICU-VR to the perceived quality of ICU care (E) and ICU aftercare (F) are presented as
combined pie/bar charts, indicating the percentage of patients in the ICU-VR group who gave a score above 5 (inner circle) and the percentage of patients
in the ICU-VR group giving a certain score (outer circle). ICU: intensive care unit, ICU-VR: intensive care unit–virtual reality.

Discussion
Principal Findings
We observed that ICU-VR improved patients’ perceived quality
of, satisfaction with, and rating of ICU aftercare among
https://www.jmir.org/2022/1/e32368
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COVID-19 ICU survivors. This method is feasible, acceptable,
and innovative and could be implemented in regional ICU
aftercare. Our results also demonstrate that approximately 31%
of COVID-19 ICU survivors experienced decreased mental
health in terms of psychological distress up to 6 months after
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hospital discharge and that ICU-VR did not improve
psychological recovery or quality of life.
In contrast to our previous findings regarding patients with
sepsis and a recent COVID-19 case report, we did not observe
improved mental health or quality of life in the ICU-VR group
[19,20]. In contrast to this study, we provided ICU-VR earlier
post ICU admission (median 7-8 days) in our previous study.
Notably, the patient with COVID-19 in our case report and
those in the sepsis study had robust responses in terms of
psychological distress symptoms, including PTSD. The
COVID-19 critical illness survivors in this study received
ICU-VR much later (3 months after hospital discharge).
Therefore, the timing of the ICU-VR intervention could be
important for its therapeutic effect. Although 3 months after
hospital discharge is a clinically feasible time point, it can be
argued that PTSD and anxiety, at that moment, have already
fully developed, and treatment of fully established psychiatric
disorders may require more complex treatment strategies. When
ICU-VR is offered soon after ICU discharge; that is, in the initial
few weeks patients are still processing what happened to them,
and ICU-VR could be a valuable adjunct to improve factual
recall and decrease frightening memories. In future studies, the
timing of ICU-VR and the number of sessions needed should
be further investigated.
The number of desired or needed VR sessions remains a matter
of debate, and no study has determined the optimal number of
sessions after ICU admission. Although an average of 8-14
sessions is used in nonhospital settings, we previously
demonstrated that sepsis survivors desire a median of only one
session [20,46,47]. In this study, more than half of the patients
did not desire the ICU-VR intervention multiple times, although
there was substantial interpatient variability. An important
difference between the current study and the sepsis trial is that
in the sepsis trial, patients could self-determine how many
sessions they desired, and this could have potentially increased
the effectiveness. Therefore, a more patient-centered approach
instead of a prespecified number of times might be more
suitable, though guidelines are currently lacking.
Additionally, we observed lower overall incidence rates of PTSD
(22% vs 11%), anxiety (46% vs 21%), and depression (41% vs
18%) at 3 months compared to a recent nationwide study in the
United Kingdom, which included all patients who received at
least 24 hours of ICU treatment, and compared to previously
observed studies involving patients with COVID-19, acute lung
injury (and acute respiratory distress syndrome) survivors, and
a Dutch cohort of critical illness survivors [8,9,16,48-50].
Importantly, our power calculation was based on the prevalence
rates of psychological distress. This lower incidence might
explain the lack of ICU-VR effectiveness for this item. The lack
of predisposing factors (such as a pre-existing cognitive
impairment) could possibly explain the low prevalence of PTSD
and depression in the current population [51-53].
Satisfaction during and after ICU admission is increasingly
becoming an issue of interest considering that low satisfaction
negatively impacts psychological sequelae after critical care
[54]. Evidence suggests that patients generally indicate that they
are satisfied with ICU care [55,56]. We found similarly high
https://www.jmir.org/2022/1/e32368
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levels of reported satisfaction and showed that despite these
high numbers, ICU-VR improved satisfaction, ratings, and
perceived quality of ICU aftercare. Moreover, 100% would
recommend ICU-VR to other patients. This seems to suggest
that satisfaction with patient care does not imply that there are
no problems regarding some aspects of their inpatient experience
or that they fully comprehended all ICU-related information.
Our findings actually confirm the results from a recent review,
which concluded that patients’ support after ICU admission is
multifaceted and varies across several transition points after
ICU discharge [57]. An analogy can be made to civil aviation,
where satisfaction may be high, but customers still complain
about specific aspects of the service [58]. ICU-VR could
therefore serve as an additional modality to fulfill several
individual patient needs during the transition from ICU to home.
Additionally, despite the lack of a successful effect on
“traditional” measurements, such as the psychological
questionnaires in this study, more than half of the patients
experienced a decrease in frightening memories. Therefore,
ICU aftercare might be more complex than we thought and may
require a more patient-centered approach for measuring the
results of novel intervention methods.

Limitations
Several study limitations should be acknowledged. First, despite
our randomization procedure, there were statistically significant
differences in primary outcome measures between groups at
the 3-month follow-up time point. To ensure that no effect was
overestimated, we adjusted our outcomes for the 3-month
follow-up time point outcomes by adding them as independent
predictors to our regression models. Although this difference
was unexpected considering the randomization procedure, we
could have prevented these differences by stratifying the
randomization procedure on the presence of psychological
distress at the follow-up time point prior to randomization. In
future studies, we should consider this when possible. Second,
as both the ICU-VR intervention and the questionnaire were in
Dutch, we could only include patients able to understand the
Dutch language. This may have resulted in selection bias, and
we do not know how ICU-VR performs in nonnative Dutch
speakers or if a translated version has an effect in these patients.
This is especially of interest as, owing to language restrictions,
these patients are expected to understand less of their ICU
treatment than native Dutch patients and may therefore benefit
more from such an intervention. Third, we used a novel set of
questionnaires to assess patient experiences. Although these
were based on and altered from the Patient Satisfaction
Questionnaire and Family Satisfaction with ICU Care tools,
these questionnaires have not yet been validated [43-45].

Conclusions
In conclusion, ICU-VR is a feasible and acceptable innovative
method to improve patient satisfaction with and rating of ICU
aftercare and adds to its perceived quality. We observed a low
prevalence of psychological distress after COVID-19 ICU
treatment, and ICU-VR did not improve psychological recovery
or quality of life. Future studies should explore ICU-VR’s
widespread availability and application during ICU follow-up
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and should determine whether the timing of ICU-VR impacts

Vlake et al
its effect on psychological PICS-related sequelae.
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Abstract
Background: Lipoprotein(a) (Lp(a)) is a highly proatherogenic lipid fraction that is a clinically significant risk modifier. Patients
wanting to learn more about Lp(a) are likely to use online patient educational materials (OPEMs). However, the readability of
OPEMs may exceed the health literacy of the public.
Objective: This study aims to assess the readability of OPEMs related to Lp(a). We hypothesized that the readability of these
online materials would exceed the sixth grade level recommended by the American Medical Association.
Methods: Using an online search engine, we queried the top 20 search results from 10 commonly used Lp(a)-related search
terms to identify a total of 200 websites. We excluded duplicate websites, advertised results, research journal articles, or
non–patient-directed materials, such as those intended only for health professionals or researchers. Grade level readability was
calculated using 5 standard readability metrics (automated readability index, SMOG index, Coleman-Liau index, Gunning Fog
score, Flesch-Kincaid score) to produce robust point (mean) and interval (CI) estimates of readability. Generalized estimating
equations were used to model grade level readability by each search term, with the 5 readability scores nested within each OPEM.
Results: A total of 27 unique websites were identified for analysis. The average readability score for the aggregated results was
a 12.2 (95% CI 10.9798-13.3978) grade level. OPEMs were grouped into 6 categories by primary source: industry, lay press,
research foundation and nonprofit organizations, university or government, clinic, and other. The most readable category was
OPEMs published by universities or government agencies (9.0, 95% CI 6.8-11.3). The least readable OPEMs on average were
the ones published by the lay press (13.0, 95% CI 11.2-14.8). All categories exceeded the sixth grade reading level recommended
by the American Medical Association.
Conclusions: Lack of access to readable OPEMs may disproportionately affect patients with low health literacy. Ensuring that
online content is understandable by broad audiences is a necessary component of increasing the impact of novel therapeutics and
recommendations regarding Lp(a).
(J Med Internet Res 2022;24(1):e31284) doi:10.2196/31284
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lipoprotein(a); readability; online patient education material; health education; health literacy
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Introduction
Lipoprotein(a) (Lp(a)) is a highly proatherogenic lipid fraction
that is increasingly recognized as a clinically significant risk
modifier. The 2018 American College of Cardiology and the
American Heart Association guidelines recommend using Lp(a)
as a risk-enhancing factor favoring initiation of statin therapy
in persons with intermediate atherosclerotic cardiovascular
disease (ASCVD) risk [1]. This recommendation is based on
data in recent years showing a strong genetic determination of
Lp(a) levels; limited modifiability with diet, exercise, and
medication; and an increased risk of ASCVD independent of
traditional risk factors [2]. National cohort studies using
Mendelian randomization estimate that reducing Lp(a) by 50
mg/dl and 99 mg/dl could reduce major adverse cardiac events
by 20% and 40%, respectively [3]. Statins do not lower Lp(a),
and there are currently no Food and Drug
Administration–approved therapies to lower Lp(a) specifically.
PCSK-9 inhibitors result in a modest reduction in Lp(a) and
may be associated with a reduction in major adverse
cardiovascular events for patients with elevated baseline Lp(a)
who have experienced acute coronary syndrome [4,5]. Antisense
oligonucleotides targeting expression of Lp(a) are in phase III
clinical trials [6,7]. The National Lipid Association published
guidance in 2019 for clinicians using Lp(a) in clinical practice,
and as novel therapeutics are approved, interest in this biomarker
is expected to increase in the coming years [8]. Patients may
be especially interested in learning their Lp(a) levels after
encountering stories of public figures experiencing early
ASCVD in the setting of an elevated Lp(a) [9].
Patients wanting to learn more about Lp(a) are likely to use
online patient educational materials (OPEMs) [10]. However,
patient health literacy may influence utilization of
evidence-based OPEMs [11,12]. The American Medical
Association (AMA) recommends writing health information
for patients at the sixth grade level or below to ensure broad
comprehension [13]. Although OPEMs influence patient
decision-making, the readability of OPEMs generally exceeds
the health literacy of the public [14-16]. Patients with lower
health literacy have been noted to have poorer overall health
and higher mortality, and this is notably true as well among
patients from racial and ethnic minority backgrounds, partially
explaining the racial disparities in some outcomes [17]. The
disparate impact of elevated Lp(a) in racial/ethnic groups and
the lack of standardization of the use of this biomarker in clinical
practice make it even more pressing to ensure that
evidence-based materials are appropriately written for the public.
Thus, we sought to quantify the readability of frequently
accessed OPEMs about Lp(a).

Methods
Data Acquisition and Refinement
We used Google, the largest online search engine, to query the
first 20 results for each of the following 10 search terms:
“lipoprotein(a),” “lipoprotein(a) cardiovascular risk,”
“lipoprotein(a) elevated,” “lipoprotein(a) high,” “lipoprotein(a)
levels,” “lipoprotein(a) screening,” “lipoprotein(a) test,” “Lp
https://www.jmir.org/2022/1/e31284
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little a,” “Lp(a),” and “Lp(a) screening” [18]. Location, cookies,
and user account information were disabled beforehand to avoid
search bias. All 200 websites were accessed and downloaded
as PDFs on November 5 to 6, 2020. OPEMs were defined as
materials intended for patients and the public. Two independent
reviewers reviewed each source’s mission statement or
informational page to determine whether it was patient-facing.
Research journal articles, advertised results, results failing to
contain material on Lp(a), and non–patient-directed sources
such as those intended only for health professionals or
researchers were excluded.
This research is exempt from human participant institutional
review board approval as no human participant data were used,
and only publicly available OPEMs were included in the
analysis.
OPEMs were grouped into 6 categories by primary source.
Industry OPEMs were published by for-profit companies or
offered a proprietary test or service related to Lp(a). Lay press
OPEMs were published by news organizations and health care
reporters that do not have a specific research or scientific focus.
Research foundations and nonprofit OPEMs were published
by health-related organizations that have a specific research or
scientific focus. University or government OPEMs were
published by academic institutions or national, state, or local
government agencies. Clinic OPEMs were published by
Williams Integracare clinic, an independently owned family
medicine, chiropractic, and physical therapy clinic in St. Cloud,
MN. Other includes Wikipedia.org, a crowdsourced online free
encyclopedia, which published an article on Lp(a).

Readability Assessment
Websites meeting the criteria for OPEMs were converted into
plain text in separate Word (Microsoft Corporation) documents
and prepared in accordance with recommendations from the
Centers for Medicare and Medicaid Services prior to scoring
readability [19]. Using methods consistent with prior readability
assessment studies we removed advertisements, videos, images,
figures, captions, hyperlinks, disclaimers, copyright notices,
acknowledgments, and citations. Periods were used to denote
the end of all sentences; all other punctuation were removed.
Symbols and numerals were spelled out to avoid artificial
increases in reading level. Readability was assessed with
Readable.com, as done in prior literature [16].

Statistical Methods
Similar to prior readability studies, grade-level readability was
calculated using 5 standard readability metrics (automated
readability index, SMOG index, Coleman-Liau index, Gunning
Fog score, Flesch-Kincaid score) to produce robust point (mean)
and interval (CI) estimates of readability. Averaging across
multiple readability metrics has been demonstrated to yield
more reliable results than relying on a single readability metric
[20]. This was done to minimize bias because no single
readability metric has been established as a “gold standard”;
each readability metric is calculated differently and varies in
limitations [21]. Generalized estimating equations were used
to model grade-level readability by each search term, with the
5 readability scores nested within each OPEM [16]. Readability
J Med Internet Res 2022 | vol. 24 | iss. 1 | e31284 | p.1201
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with sandwich estimation and the GLIMMIX procedure. All
interval estimates were calculated for 95% confidence. The
interval estimates reflect the variability of readability for the 5
readability metrics for each OPEM.
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Results
Figure 1 summarizes the selection Lp(a) OPEMs for analysis.
From an initial sample of 200 total search results across all 10
search terms, 102 results met inclusion criteria. A total of 75
duplicate results were then removed. There were 27 unique
OPEMs included in the readability analysis.

Figure 1. Material selection and exclusion for OPEMs related to lipoprotein(a). OPEM: online patient education material.

Among the 27 OPEMs, the largest category of were university
and government sources, which included 30% (n=8) of unique
search results. The next largest categories were research and
nonprofit foundations and industry publications, which each
comprised 22% (n=6) of the results. The third largest category
of OPEMs were articles in the lay press, which comprised 19%
(n=5/27) of results. The smallest categories were clinic
publications and other, both of which had 1 (3%) website
(Williams Integracare Clinic and Wikipedia, respectively).
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The average readability score across unique websites was at a
12.2 (95% CI 10.9798-13.3978) grade level. The most readable
category was OPEMs published by universities or government
agencies (9.0, 95% CI 6.8-11.3). The least readable OPEMs on
average were the ones published by lay press (13.0, 95% CI
11.2-14.8). Research and nonprofit foundations (12.8, 95% CI
11.0-14.6) and industry (12.1, 95% CI 10.9-13.3) had
intermediate readability. Clinic (10.2) and other publications
(14) had 1 site per category and therefore are not averaged
figures. Figure 2 summarizes the readability scores by category
of OPEMs.
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Figure 2. Average grade level readability of online patient education material (OPEM) by category of publication. Each circle represents a readability
score for one OPEM, with a total of five readability scores for each unique OPEM. 95% CIs are included for all categories except “Clinic” and “Other,”
which only had one unique OPEM each. University and government sources were significantly more readable than research and nonprofit foundation,
industry, and lay press sources.

Of the 27 unique search results, only 1 site, the University of
Rochester Medical Center (7.0, 95% CI 5.7-8.3), had the sixth
grade level recommended by the AMA within its 95% CI. The
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least readable OPEM was the HEART UK’s Lp(a) general
information site (15.7, 95% CI 14.8-16.6). The readability of
each unique website is shown in Figure 3.
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Figure 3. Readability rankings by search result. Each blue dot corresponds to the mean readability based on the average of five standard readability
scores (automated readability index, SMOG index, Coleman-Liau index, Gunning fog score, Flesch-Kincaid score) with whiskers representing the range
of readability scores. The red vertical line corresponds to the AMA sixth grade level readability target. Cleveland Clinic1: Elevated Lipoprotein(a): Is
a Long-Sought Treatment Finally on the Way?; Cleveland Clinic2: Why Would My Doctor Order a Lipoprotein(a) Blood Test?; National Lipid
Association1: lipoprotein(a) Screening for Individuals at High ASCVD Risk; National Lipid Association2: Elevated Lipoprotein (a) Patient-Centered
Education From the National Lipid Association. AMA: American Medical Association.

Table 1 highlights excerpts from Lp(a) OPEMs across
readability levels.
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Table 1. Search concepts and excerpts of readable and nonreadable quotes from OPEM.
Concept

Excerpt from less readable OPEMa

Excerpt from more readable OPEM

b

“Lipoprotein(a), or Lp(a), is a distinctive particle with two compo- “Lipoproteins are substances made up of protein and
Lp(a) contains both a
fat” [23]
lipid and a protein carrier nents: a lipoprotein core that resembles LDL, along with a shell
that contains apolipoprotein(a), or apo(a).” [22]
Lp(a) is a proatherogenic “High levels of LP(a) have now been identified as an independent “High levels of Lp(a) can create plaque in your blood
lipoprotein fraction
risk factor in cardiovascular disease, with a causal link to
vessels.” [25]
atherosclerosis (furring up of arteries), heart attacks, strokes, aortic
valve disease and heart failure.” [24]
High-risk populations
should be screened for
Lp(a)

“Measurement of lipoprotein(a) is now recommended in several
patient subgroups… patients with premature atherosclerosis; patients with a strong family history of premature coronary heart
disease (CHD); patients with elevated LDL-C and greater than or
equal to two risk factors; patients who have had coronary angioplasty in whom lipoprotein(a) excess may increase the risk of
restenosis; patients who have undergone coronary bypass graft
surgery in whom Lp(a) excess may be associated with graft
stenosis.” [26]

“You may need this test if you have: Heart disease,
despite normal results on other lipid tests, High
cholesterol, despite maintaining a healthy diet A family history of heart disease, especially heart disease
that has occurred at an early age and/or sudden deaths
from heart disease.” [27]

There is no widely imple- “Although the reference material for the accurate measurement of “Note: Normal value ranges may vary slightly among
mented standard for
Lp(a) … has been available for many years, many commercial
different laboratories. Talk to your doctor about the
measuring Lp(a)
laboratories have not changed their reagents and testing methods meaning of your specific test results.” [29]
and continue to use old reagents and methods resulting in inaccurate
results. Accordingly, results of Lp(a) measurements by different
labs are not comparable and some of them are clearly inaccurate.”
[28]
There are no drugs
demonstrated to improve
outcomes in patients with
elevated Lp(a)

a

“Results using statin medications have been mixed in most trials
… In severe cases, such as familial hypercholesterolemia or treatment- resistant hypercholesterolemia, lipid apheresis may dramatically reduce Lp(a) … Other medications that are in various stages
of development include thyromimetics, cholesterol-ester-transfer
protein (CETP inhibitors), anti-sense oligonucleopeptides, and
proprotein convertase subtilisin/kexin type 9 (PCSK-9) inhibitors.”
[30]

“Medications/treatments in current use that lower Lp(a)
also lower cholesterol. There are apheresis and niacin.
These both have substantial side effects. PCSK9 inhibitors lower Lp(a) while lowering LDL cholesterol.
Statins have no effect on Lp(a).” [31]

OPEM: online patient educational material.

b

Lp(a): lipoprotein(a).

A list of the OPEM sources used for this study can be found in
Multimedia Appendix 1.

Discussion
Principal Results
We found that the average reading grade level of OPEMs
pertaining to Lp(a) generally exceeded AMA readability
recommendations that OPEMs be written at or below a sixth
grade reading level to be accessible to the public. Average
grade-level readability of OPEMs on Lp(a) was a 12.2 (95% CI
10.9798-13.3978) grade level, exceeding the average reading
level of US adults (eighth grade) [13]. Of 27 unique websites
reviewed, only 1 website had a lower bound of reading grade
level (5.7) that was below the sixth grade reading level
recommendation. Our results suggest that the overwhelming
majority of Lp(a) OPEMs are written at a reading level that is
too high for the minimally health literate members of the public.
These findings have several important implications for how
patients may make decisions about this important,
proatherogenic lipid fraction that is receiving increased attention.
Patients frequently use the internet to supplement health
information from their clinicians [32]. If presented clearly,
online health information can be a valuable patient resource.
https://www.jmir.org/2022/1/e31284
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Patients who feel more informed are more comfortable asking
their provider questions and report better understanding of their
providers’ explanations and greater self-confidence in making
health care decisions [33]. A 2018 cross-sectional survey found
that patients who searched online for health information to solve
their medical problems were also significantly more likely to
change their medical decision based on information gathered
[34]. It is noteworthy that OPEMs in the academic and
government categories were the most readable. Academic and
government sites are regarded as reliable sources given that
many organizations seek to advance public health and
knowledge [35]. Given the major influence of online health
information on decision-making, these academic and
government websites may also benefit from direct guidance to
craft OPEMs with readability targets in view. Despite the
importance of these OPEMs in reaching the lay community,
research foundations and nonprofit sites demonstrate the largest
gaps between patient reading skills and OPEMs reading level
on Lp(a).
The less readable OPEMs tend to cover topics in greater depth,
including nuances around Lp(a) measurement and
standardization, and the role of Lp(a) in thrombogenesis and
wound healing. Thus, there appears to be a trade-off between
readability and comprehensiveness in OPEMs.
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These findings align with results from prior studies across a
broad range of health conditions that show OPEMs commonly
exceed the recommended readability level. Ayyaswami et al
[36] showed that greater than 99% of OPEMs relating to
cardiovascular disease were written above the grade level
recommended by the AMA [35]. OPEMs are frequently written
at a reading level too difficult for the public to comprehend,
and low readability levels have been documented across
disciplines including common topics related to surgery,
oncology, and radiology [37,38].
The percentage of adults with below basic health literacy is
considerably higher for populations who identify as Black
(24%), Hispanic (41%), American Indian/Alaska Native (25%),
and Asian/Pacific Islander (13%) compared to non-Hispanic
White (9%) [39]. Similarly, over half of adults older than 65
years were found to have less than a basic health literacy level
[39]. These are the very populations known to face a
disproportionate burden of cardiovascular risk. Our current risk
prediction models such as the Pooled Cohort Equations do not
adequately capture the risk to heterogenous racial/ethnic groups
[1,40-42]. The importance of reaching these populations is
further increased given that Lp(a) is known to circulate at higher
levels in patients of African and South Asian descent [43,44].
Many clinical preventive and screening services are underused
by historically marginalized racial/ethnic communities and older
adults due to inadequate health care access and low health
literacy, but we suggest that providing more readable OPEMs
may help bridge this gap in care. In the interim, our study
findings remind clinicians to consider the readability of OPEMs
and patient literacy when recommending Lp(a) evaluation.
Shared decision-making requires adequate understanding of the
risks and benefits of any diagnostic testing or risk stratification
procedure. Actionability of OPEMs on Lp(a) is presently limited
by the lack of approved therapies; however, with changes in
emerging therapies and practice guidelines, understandability
and actionability will be important parameters to assess

Pearson et al
systematically using the Patient Education Materials Assessment
Tool in future studies.
A strength of our study is that we incorporated readability results
from five different standard readability metrics, which allows
us to have a robust evaluation of readability regardless of the
number of websites evaluated. All of the reading grade level
estimates supported our hypothesis that Lp(a) OPEMs are
written above the recommended sixth grade reading level. We
also included a thorough review of possible patient queries by
analyzing 200 search results for 10 commonly used search terms.
Finally, we included examples of communication of a concept
from both more readable and less readable OPEMs. This may
serve as a real-world, practical guide for creators of OPEMs
seeking to choose words and phrases that will be accessible to
a broad audience.

Limitations
Our study should be interpreted in the context of certain
limitations. We did not account for other search engines besides
Google. This limitation is somewhat mitigated by the fact that
88% of global internet users use Google as their most frequent
search engine [18]. As with other OPEM readability studies,
the readability metrics used here do not consider the inherent
complexity of some medical terms. Polysyllabic words and
longer words are automatically rated as more complex and less
understandable than short or monosyllabic words, which in
medicine does not always hold true.

Conclusions
In conclusion, we found that the grade level readability of
OPEMs relating to Lp(a) generally substantially exceeded the
sixth grade reading level recommended by the AMA. This gap
in readability may disproportionately affect patients with low
health literacy. Creators of OPEMs should be mindful of the
readability of their content. Ensuring that online content is
understandable by broad audiences is a necessary component
of increasing the impact of novel therapeutics and
recommendations regarding Lp(a).
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Abstract
Background: Plain language summaries (PLSs) are intended to provide readers with a clear, nontechnical, and easily
understandable overview of medical and scientific literature; however, audience preferences for specific PLS formats have yet
to be fully explored.
Objective: This study aims to evaluate the preferred readability level and format for PLSs of medical research articles of different
disease states via a web-based survey of audiences of different age groups.
Methods: Articles describing phase III clinical trials published in top-level, peer-reviewed journals between May 2016 and
May 2018 were identified for 3 chronic disease states representing a range of adult patient age groups: (1) psoriasis, a skin disease
representative of younger patients; (2) multiple sclerosis (MS), a neurological disease representative of middle-aged patients;
and (3) rheumatoid arthritis (RA), a painful joint disease representative of older patients. Four PLSs were developed for each
research article, of which 3 were text-only summaries (written with high, medium, and low complexity) and 1 was an infographic.
To evaluate each of the 4 PLS formats, a 20-question open survey (specific to one of the 3 diseases) was sent to a representative
sample selected via UK-based patient association websites, Twitter, and Facebook patient groups. A weighted-average calculation
was applied to respondents’ ranked preferences for each PLS format.
Results: For all 3 articles, the weighted-average preference scores showed that infographic (psoriasis 2.91, MS 2.71, and RA
2.78) and medium-complexity text-based PLS (reading age 14-17 years, US Grade 9-11; psoriasis 2.90; MS 2.47; RA 2.77) were
the two most preferred PLS formats.
Conclusions: Audience preferences should be accounted for when preparing PLSs to accompany peer-reviewed original research
articles. Oversimplified text can be viewed negatively, and graphical summaries or medium-complexity text-based summaries
appear to be the most popular.
Plain Language Summary: Patients and caregivers should have the chance to read about medical research in a format they
can understand. However, we do not know much about the formats that people with different illnesses or ages prefer. Researchers
wanted to find out more about this. They selected 3 medical articles about illnesses that affect different age groups: psoriasis
(younger patients), multiple sclerosis (middle-aged patients), and rheumatoid arthritis (older patients). They created 4 summaries
of each article. One was a graphical summary, and the other 3 were words-only summaries of high, medium, and low complexity.
Then, the researchers posted surveys on UK patient group websites and Facebook patient groups to ask people what they thought
of the summaries. The surveys were taken by 167 people. These people were patients with psoriasis, multiple sclerosis, or
rheumatoid arthritis, or their caregivers. Most were women, and about half had a university degree. For each illness, most people
preferred the graphical summary. Among the word-only summaries, most people preferred the medium-complexity wording
written for a reading age of 14 to 17 years. People felt that the graphical and medium-complexity summaries were clear and
concise, while the others used jargon or were too simple. Authors of medical articles should remember these results when writing
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summaries for patients. More research is needed about the preferences of other people, such as those with other illnesses. (See
Multimedia Appendix 1 for the graphical summary of the plain language summary.)
(J Med Internet Res 2022;24(1):e22122) doi:10.2196/22122
KEYWORDS
biomedical research; health literacy; multiple sclerosis; plain language summary; psoriasis; rheumatoid arthritis

Introduction
Background
Health literacy, that is, the degree to which individuals can
obtain, process, and understand basic health information to
make appropriate health decisions [1,2], is critical to the
patient-doctor relationship [3]. Health information should be
easy to access, use, and understand for everyone, including both
patients and their caregivers. However, despite the increasing
availability of medical content from different forms of media,
studies have shown that few nonexperts can understand, or act
on, the health information available [2] and that text is often
written above the general readability level, in a way that limits
understanding and hinders the ability to make informed choices
[3,4]. Indeed, in a 2019 survey of more than 14,000 people in
the United States, 88% of respondents thought that “scientists
should be sharing their results in easy-to-understand language”
[5].

Plain Language Summaries
Plain language summaries (PLSs) have been introduced to make
written and verbal information more easily understood by
nonexperts [6-8]. Such strategies are gradually being adopted
across all documents, presentations, and electronic
communications intended for the public to avoid the use of
jargon and highly technical language, and to focus on the
information that is most relevant for patients, caregivers, and
families [1,7]. Text is written in an easily readable style with
short, clear sentences, using everyday English words, and
avoiding complex grammatical structures wherever possible
[6]. Thus, a PLS can explain complicated medical research to
the nonexpert, thereby extending the reach of scientific
information and empowering nonexperts with the knowledge
to act on the information they receive [7-10].
Through the use of PLSs, scientific information is given a direct
route from researchers to a broader audience beyond the
scientific community. PLSs provide greater clarity to all those
interested in learning about expert scientific material [11], while
reducing the risk of overinterpretation via journalism or social
media [12]. It is important to recognize that PLSs can be for
everyone—from nonspecialists, including patients, caregivers,
the lay public, and nonexperts in the field of research [1,6], to
busy medical specialists and other healthcare providers [6,12].
For healthcare professionals, establishing new standards of
communication, such as PLS, will improve their ability to meet
the needs of quickly changing health systems and increasingly
globalized populations [13]. Furthermore, a wide distribution
of information is also expected to improve patient and healthcare
provider engagement [1,2,10,13], promoting an increased focus
on disease research and public support. Many research
https://www.jmir.org/2022/1/e22122

XSL• FO
RenderX

organizations now have public blogs on their websites, which
discuss certain aspects of their research that may not necessarily
be covered by scientific publications [11]. Encouraging public
involvement in this way can improve the quality of research
and also help with the development of new research strategies
[11].
PLS is a term used to cover many forms of summary information
in the medical or scientific setting. It is important to make the
distinction between two of the most common forms of PLS, as
explained below.

Types of PLS
The first is a clinical trial summary (CTS), where clinical trial
sponsors produce a brief summary of the trial, focusing on the
main results (ie, the primary endpoint and key safety data).
These summary documents are shared with trial participants
and the general public; they are usually posted on the sponsor’s
website or an independent electronic repository. CTS are a
mandatory requirement of the European Union Clinical Trials
Regulation and Good Lay Summary Practice (GLSP)
recommendations have recently been published as part of the
EudraLex Volume 10 clinical trials guidelines [14]; for the
United States, a draft guidance document making similar CTS
recommendations was submitted to the FDA in 2017 [1,15,16].
The elements that must be contained within a CTS are strictly
defined within these regulatory guidelines. CTSs are not the
subject of our research.
The second form of PLSs, which is the focus of our research,
relates to summarizing a peer-reviewed article published in a
medical journal [9,12]. These PLSs act as easy-to-read executive
summaries of the most up-to-date research published in the
medical literature. They are usually optional and published as
a free, open-access document alongside the associated medical
journal article. Hereafter we refer to a PLS in the context of
summarizing the medical literature.

Development of PLSs
The benefits of PLSs have been recognized [17]; previous
studies have aimed to understand different stakeholders’
perspectives on PLSs [18]; and helpful tools are available to
assist with the development of PLSs [6,19-21]. However,
research on the most effective communication strategies remains
limited. For example, it is unclear whether most audiences prefer
text-based articles or more visual formats using infographics
(ie, graphs and charts that provide clear information) [8,22,23].
Crick and Hartling [23] found that doctors preferred PLSs in
text format, whereas nurses preferred an infographic format.
Buljan et al [9] found that students, doctors, and consumers
(female members of a patient and parent action group) reported
no difference in the knowledge they obtained from infographic
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or text-based PLSs. Therefore, although these studies offer
interesting insights, there is little evidence regarding the
preferred format of PLSs of publications read by lay audiences,
considering populations representative of those seeking
information from the medical literature.
Different text readability formulas are available to aid the
development of PLSs [24-26], but the level of complexity that
should be applied to text-based PLSs remains to be established.
A survey of the adult general population in England indicated
that approximately half the population has only basic literacy
skills, of General Certificate of Secondary Education (GCSE)
Grade D and below [27]. The UK Government Digital Service
suggests that content should be developed to reflect the reading
age of a 9-year-old child [28]. Furthermore, expert group
recommendations for CTSs of European registered clinical trials
state that these summaries should normally be accessible by
young people from the age of 12 years of age and above, and
that sponsors should consider testing CTS readability among
those representing the target population [15]. However, it
remains to be determined which literacy level(s) should be
considered when developing PLSs of medical literature and
whether this would differ with topic (eg, disease type) and the
age range of the target reader.

Study Aim
This cross-sectional study aims to evaluate the preferred
readability and format for PLSs of medical research pertaining
to chronic diseases affecting different age ranges, among
web-based, lay audiences (ie, patients and caregivers) who may
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likely have an interest in obtaining information about the latest
research in the field.

Methods
Three chronic diseases were chosen, representing different age
band classifications based on the age groups commonly affected
by these conditions—psoriasis, representative of a
predominantly younger population; multiple sclerosis (MS),
representative of a predominantly middle age group; and
rheumatoid arthritis (RA), representative of predominantly older
patients. To source relevant articles, journals were selected
based on their impact factor and narrowed down to those that
published research articles focusing on all 3 diseases. Specific
articles were identified using the PubMed database, searching
for randomized controlled phase III trials published from May
2016 to May 2018.
One article was selected for each chronic disease [29-31]. Four
PLSs were developed for each of the 3 articles; of these, 3 PLSs
were text-only summaries (ie, written with high, medium, and
low levels of complexity) and the fourth PLS was an infographic
(see Figure 1 and Multimedia Appendices 2, 3, 4). Complexity
of the text (based on main body text only) was determined using
an automated readability checker from the Readabilityformulas
website [24]. Varying levels of complexity (ie, high, medium,
and low) for the text-only PLSs were measured and adapted by
changing variables such as the length and number of sentences,
syllable count, and use of acronyms (a summary of the
differences in text complexity for each PLS vs the abstract of
each original article is provided in Multimedia Appendix 5).
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Figure 1. Examples of various PLS formats used. (A) High-complexity text-only PLS, (B) medium-complexity text-only PLS, (C) low-complexity
text-only PLS, and (D) infographic PLS format. Text complexity in each case was determined using an automated readability checker from
Readabilityformulas website [24], using text from the main body only (ie, excluding title, authors, and funding statements) and omitting any parenthetical
data. Full versions of the infographics analyzed are shown in Multimedia Appendices 1-3. PLS: plain language summary.

A 20-question (1 question per page), web-based open survey
was developed using SurveyMonkey [12] to assess the
readability of, and preference for, each of the 4 PLS formats
(Multimedia Appendix 6). The order of presentation of the PLSs
to the survey respondents was as follows: (1) high-complexity
text-only PLS, (2) medium-complexity text-only PLS, (3)
low-complexity text-only PLS, and (4) infographic format. The
https://www.jmir.org/2022/1/e22122
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usability and technical functionality of the survey were tested
by one of the authors’ colleagues who had no scientific
qualifications. The survey was sent to organizations representing
patients and caregivers for each of the 3 conditions. The survey
was accessed via UK-based patient association websites and
Facebook patient support groups (Multimedia Appendix 7).
Specific associations and patient support groups approached
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for this study include Psoriasis and Psoriatic Arthritis Alliance,
Psoriasis Association, Psoriasis Support Group UK, MS Society,
Multiple Sclerosis Trust, MS-UK, Asian MS (UK national
support group), Multiple Sclerosis Support/Chat Group UK,
Mutual Support (Armed Forces), National Rheumatoid Arthritis
Society Regional groups, Arthritis Research UK, Arthritis Care
(part of Arthritis Research UK), Arthritis Action, and the UK
Rheumatoid Arthritis Wonky Group. Each organization chose
its wording to advertise the survey, based on the background
information provided. Participation in the survey was voluntary,
and questions could be skipped (no nonresponse options were
provided). Respondents could move back and forward
throughout the survey to review and change their answers before
submission. No incentives to complete the survey were provided.
The survey was active for 3 weeks, between August 10 and
September 2, 2018.
Ethical approval was obtained from the Manchester Metropolitan
University Research Ethics Committee. All survey responses
were anonymous, and no personal information or identifying
information were collected or made available to the researchers.
Participants were informed of the scholarly purpose of the study,
details of the principal investigator, estimated length of time
for survey completion, and anonymity of data they were to
provide. Cookies inherent to the SurveyMonkey platform were
used, which prevented duplicate entries [32]. Some data were
not collected, including any assessment of unique site visitors,
view rate (ie, ratio of unique survey visitors or unique site
visitors), and participation rate (ie, ratio of unique visitors who
agreed to participate or unique first survey page visitors).
The completion rate was determined by calculating the ratio of
total number of respondents who finished the survey to total
number of respondents who initiated the survey. All data were
included in the analysis, regardless of whether the survey was
fully completed.
No formal statistical analyses were performed on these data. A
weighted-average calculation, performed through the
SurveyMonkey platform, determined the average ranking for
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each PLS option to identify the most preferred format. The
format with the highest average ranking score indicates the
respondents’ preferred option.
The average ranking was calculated as follows:

where w is the weight of the ranked position, and x is the
response count for the corresponding answer choice.
For each person who responded, the most preferred choice
(ranked as #1) was assigned the largest weight (in this case: 4);
by contrast, the least preferred choice (ranked #4) was assigned
a weight of 1. No data adjustments were made.
Subgroup analyses were also performed to identify PLS
preference based on individuals’ age (younger, 18-34 years;
middle-aged, 35-54 years; or older, ≥55 years), gender (female,
male, or other), and education level (nondegree level or
university degree level, defined as including a UK university
bachelor’s degree, master’s degree, PhD, or other postgraduate
degree).
This article was prepared in accordance with the Checklist for
Reporting Results of Internet E-Surveys (CHERRIES; see
Multimedia Appendix 1) [33].

Results
Survey Respondents
In total, 167 survey responses were received for the 3 surveys
(psoriasis, n=32; MS, n=32; RA, n=103; Figure 2). The survey
completion rates were 84% (27/32) for psoriasis, 81% (26/32)
for MS, and 90% (93/103) for RA. Those who responded to the
survey were mainly women (psoriasis, 28/32, 88%; MS, 28/32,
88%; RA, 97/102, 95%), and approximately half were educated
to university (higher-education) degree level (psoriasis, 16/32,
50%; MS, 15/32, and 47%; RA, 47/102, 46%). Age ranges for
respondents were as expected for each of the 3 disease states.
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Figure 2. Demographics of survey respondents across different chronic disease states.

Primary Analysis
Across all 3 disease states, the infographic was the first-choice
PLS format for most respondents (psoriasis, 15/30, 50%; MS,

17/30, 57%; RA, 33/100, 33%), whereas the low-complexity
text-only PLS was the least preferred first-choice format
(psoriasis, 4/30, 13%; MS, 2/30, 6%; RA, 22/100, 22%; see
Figure 3).

Figure 3. Respondents’ first-choice preference of PLS format for the different disease states. PLS: plain language summary.

Similarly, results from the weighted-average preference score
data demonstrated that the infographic (psoriasis 2.91; MS 2.71;
RA 2.78) and medium-complexity text-only PLSs (reading age

https://www.jmir.org/2022/1/e22122

XSL• FO
RenderX

14-17 years, US Grade 9-11; psoriasis 2.90; MS 2.47; RA 2.77)
were the 2 most popular PLS formats across all 3 diseases
analyzed (Figure 4).
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Figure 4. Weighted mean scores for preferred PLS format. PLS: plain language summary.

Subgroup Analysis
Among those who chose the infographic format as their
first-choice preference, the majority for both the psoriasis and
MS groups were in the younger age category of 18 to 34 years
(psoriasis 10/15, 67% and MS 8/17, 47%). In contrast, for the
RA group, the preference for the infographic format was similar
among middle-aged (35-54 years; 16/33, 49%) and older
respondents (≥55 years; 14/33, 42%; see Multimedia Appendix
8). When analyzed by education level, we found that about half
the respondents who preferred the infographic format for
psoriasis and MS had a higher-education degree (psoriasis 8/15,
53% and MS 8/17, 47%); this proportion was lower for RA
(12/33, 36%; see Multimedia Appendix 8).
Of the respondents who preferred the medium-complexity
text-only PLS format, the majority in each group were ≥55 years
of age for MS (2/4, 50%) and RA (14/23, 61%); however, for
psoriasis, the preference was equal across all 3 age groups
analyzed (2/6, 33%; see Multimedia Appendix 8). The
proportion of respondents with a higher-education degree and
those who preferred the medium-complexity text-only PLS was
similar for psoriasis (3/6, 50%) and MS (2/4, 50%), but higher
for RA (14/23, 61%).

Free-text Feedback Samples
As part of the survey, respondents were able to provide free-text
feedback regarding the different PLS formats (Multimedia
Appendix 9). Responses were almost the same across the 3
disease types. In general, infographic and medium-complexity
text-only PLS formats were praised for their clear and concise
presentation, while maintaining the relevant level of information.
In contrast, the high-complexity and low-complexity text-only
PLS formats were criticized for the use of jargon or
oversimplification, respectively.
Reasons (verbatim) provided by the survey respondents for
specific preference for the infographic or medium-complexity
text-only PLS formats are listed below:
…[infographic] helpful in getting statistical
information across.
...[infographic] clear, concise, and easy to
understand.
…graphic summary was accessible almost at a glance.
…[infographic] well detailed and a lot easier to read
than loads of text.
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[medium-complexity]
summary
combined
straightforward language with enough information.
[medium-complexity] text was well detailed and in a
language that was easy to understand by anyone.
[medium-complexity] would ‘fill-in-the-gaps’ and
provide the detail that the [infographic] summary by
its very nature could not.
Reasons (verbatim) provided by the survey respondents that
suggest the high-complexity text-only and low-complexity
text-only PLS formats were less popular are listed below:
The [high-complexity text] was way too hard to
understand what they were saying, too many big
words.
[High-complexity] summary was quite complex to
understand.
[High-complexity] requires greater concentration
and previous experience of medical terminology, e.g.,
AE – not all would know that this means adverse
event.
I ranked the [low-complexity] text summary 4th
because, although it was short and easy to read, it
did not give me the pertinent statistical data from
which the conclusion was drawn.
I thought the [low-complexity] text summary had been
simplified to the extent that it lost some meaning.
I personally hate dumbed-down items… Difficult
subjects should be explained…

Discussion
Our findings showed a clear preference for an infographic PLS
format among the 3 disease states we assessed (psoriasis, MS,
and RA). Medium-complexity (reading age 14-17 years, US
Grade 9-11) was the most preferred text-based format. The main
reasons cited for preferring these formats were that the
information presented was clear, concise, easy to understand,
and included relevant detail, without oversimplification of the
content. The majority of respondents were women, and
approximately half had a university-level degree. Preferences
remained the same regardless of education status; however,
younger respondents were more likely to prefer the infographic
to the text-based format.
PLSs are an important tool for improving health literacy.
Research has indicated that most nonexperts express difficulty

J Med Internet Res 2022 | vol. 24 | iss. 1 | e22122 | p.1216
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
understanding medical and scientific texts, especially when
reading text describing complex clinical research [34].
In recent years, there have been initiatives to improve the reach
of information meant for a nonexpert audience. In 2010, the
United States Congress recognized the need for the use of plain
language when communicating information intended for the
public [35]. For example, The National Action Plan to Improve
Health Literacy aims to engage organizations, professionals,
policy makers, communities, individuals, and families in a
linked, multi-sector effort to improve the understanding of basic
health information [36]. The plan is based on two “core
principles”: (1) all people have the right to health information
that helps them make informed decisions, and (2) health
information should be delivered in ways that are easy to
understand and that improve health, longevity, and quality of
life. Moreover, the US National Institutes of Health aim to
broaden the reach of health information to all Americans by
communicating research results in terms that are easy to
understand [7]. Similar initiatives are taking place in the
European Union, where CTS must accompany clinical trial
results for laypersons [15]. CTSs aim to be accessible to the
general public as young as 12 years [15]. Health literacy is
important to young patients; therefore, supporting them in
understanding health issues can empower them to take control
of their health and provide the information they need to seek
appropriate services [37].
Additionally, in 2017, to increase public access to healthcare
information, the nonprofit organization eLife compiled a list of
organizations that provide PLSs of published scientific
research—including more than 50 medical or scientific journals
[38]. We now estimate that more than 250 medical journals now
facilitate the provision of PLSs; however, wide variations still
exist in the terms used for defining a PLS, the presentation
format, the platforms where they are located (eg, journal
website, Figshare, or Kudos), and how the reader may discover
them (eg, via a PubMed search) [39].
To standardize PLS formats, readability scores and formulas
(within applications like Microsoft Word or by using web-based
tools [24]) have been used to assess the complexity of text;
however, such a metrics-based approach fails to incorporate
individual preferences regarding information delivery and
overlooks the importance of engaging the audience or assessing
whether the information will be interpreted as intended.
Furthermore, although PLS formats are far easier to read than
other traditional formats, the level of literacy preferred by the
population surveyed in our study was relatively higher than the
recommended reading age for a CTS and health-related
information (generally 10-12 years of age, US Grade 5-7)
[4,15,40,41].
The best way of presenting research results to different
audiences remains unclear. Few studies have investigated this
topic, which indicates that scientific findings can be difficult to
interpret [9]. Furthermore, other research has identified that, in
addition to PLS, video abstracts may be preferable than
published text or graphical abstracts [42]. Our study provides
valuable insight and direction for how PLSs may be formatted
and presented to communicate original medicine-based research
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to a broader audience. Through the use of a survey, people who
responded were able to state their preferences for PLS formats
and also provide reasons for their preference, referring to the
key factors that dictate how they wish to receive scientific
information. The participants’ preference for both the
infographic and medium-complexity text-based PLS format
was based on clarity and concise distribution of information,
without sacrificing key details. The high-complexity text-based
PLS was thought to have excessive use of jargon, requiring a
scientific background to appreciate the information adequately.
Conversely, participants were dissatisfied with the
low-complexity PLS format, considering it too simple and not
having enough substance.

Limitations
The overall sample may have been a more educated population
than the general public, being sourced from patient groups and
those who regularly use the internet and social media. We
consider this more educated population to be representative of
the technology-competent, information-seeking individuals
most likely to be sourcing and reading PLSs; however, it does
not necessarily capture the preferences of audiences who are
less technologically aware and who may still benefit from
exposure to clinical research through reading PLSs.
There was a notable gender imbalance within all 3
subpopulations surveyed, with approximately 90% of the
respondents being women in each case. Women are more likely
to experience RA and MS than men, whereas the prevalence is
about equal for those with psoriasis [43-45]; however, the
imbalance was far more significant in this survey than that
observed in the real-world setting, which we are unable to
explain. The survey also did not capture whether those who
responded were patients or caregivers, which could have
provided more context to the results.
Although the samples for each disease included in the survey
provided enough data to generate meaningful results, the number
of people who responded to the psoriasis and MS surveys were
only a third of those who responded to the RA survey. Results
of the subgroup analyses should be treated with caution due to
the low number of respondents in each subgroup, particularly
from the psoriasis and MS populations.
Since developing the PLS for each of the 3 source articles
surveyed, our understanding and application of best practices
in plain language writing for publications have advanced. If we
were to repeat this project, we would apply more principles
outlined in the tools to help guide plain language writing
[6,14,18-20] to the development of PLSs used in the analyses.
Furthermore, although we used a web-based tool to assess
readability [24], we recommend caution when using such tools
for content that is confidential and where the security of the
tool has not been verified.

Conclusions
Audience preferences should be accounted for when preparing
a PLS to supplement an original peer-reviewed research article.
However, oversimplification of text can be viewed negatively,
and infographic versions or medium-complexity text appear to
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be the most popular. Further research would be useful to expand
both the scope of the therapy areas covered and the profile of
those surveyed to include other nonexpert populations and
healthcare professionals from other fields of study. It would
also be of interest to evaluate the understanding of the
information presented in a PLS rather than focus on the preferred

Martínez Silvagnoli et al
format alone. Training at professional societies such as the
International Society for Medical Publication Professionals [46]
and the widespread use of additional tools now available to
guide the effective production of PLSs [6,14,19-21] will help
facilitate this.
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Abstract
Background: Advancements in digital technologies seek to promote health and access to services. However, people lacking
abilities and confidence to use technology are likely to be left behind, leading to health disparities. In providing digital health
services, health care providers need to be aware of users’ diverse electronic health (eHealth) literacy to address their particular
needs and ensure equitable uptake and use of digital services. To understand such needs, an instrument that captures users’
knowledge, skills, trust, motivation, and experiences in relation to technology is required. The eHealth Literacy Questionnaire
(eHLQ) is a multidimensional tool with 7 scales covering diverse dimensions of eHealth literacy. The tool was simultaneously
developed in English and Danish using a grounded and validity-driven approach and has been shown to have strong psychometric
properties.
Objective: This study aims to translate and culturally adapt the eHLQ for application among Mandarin-speaking people with
chronic diseases in Taiwan and then undertake a rigorous set of validity-testing procedures.
Methods: The cross-cultural adaptation of the eHLQ included translation and evaluation of the translations. The measurement
properties were assessed using classical test theory and item response theory (IRT) approaches. Content validity, known-group
validity, and internal consistency were explored, as well as item characteristic curves (ICCs), item discrimination, and item
location/difficulty.
Results: The adapted version was reviewed, and a recommended forward translation was confirmed through consensus. The
tool exhibited good content validity. A total of 420 people with 1 or more chronic diseases participated in a validity-testing survey.
The eHLQ showed good internal consistency (Cronbach α=.75-.95). For known-group validity, all 7 eHLQ scales showed strong
associations with education. Unidimensionality and local independence assumptions were met except for scale 2. IRT analysis
showed that all items demonstrated good discrimination (range 0.27-12.15) and a good range of difficulty (range 0.59-1.67)
except for 2 items in scale 7.
Conclusions: Using a rigorous process, the eHLQ was translated from English into a culturally appropriate tool for use in the
Mandarin language. Validity testing provided evidence of satisfactory-to-strong psychometric properties of the eHLQ. The 7
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scales are likely to be useful research tools for evaluating digital health interventions and for informing the development of health
technology products and interventions that equitably suit diverse users’ needs.
(J Med Internet Res 2022;24(1):e32855) doi:10.2196/32855
KEYWORDS
chronic illness; eHealth literacy questionnaire; eHLQ; validation; cultural adaptation; eHealth

Introduction
In societies with a rapid ongoing service transformation of health
care to be more digitally supported and expectations of higher
community involvement, it is necessary that people be actively
supported to participate in their own care, including engagement
with electronic health (eHealth) care resources. People need to
be able to obtain relevant health information and support from
web-based services, use technology for health management,
and receive appropriate care from eHealth service systems [1-3].
In this era of eHealth care management, understanding the
eHealth literacy (eHL) of service users is important to ensure
they can equitably benefit from and take advantage of the digital
services and health technologies [4,5]. People with a range of
eHL skills are more likely to engage in eHealth resources,
leading to improved knowledge, skills, and confidence to
actively manage their health condition [6-9]. Conversely, people
with low eHL may not be able to understand, access, and use
health and care services and health information, leading to
suboptimal disease self-management, increased vulnerability,
and poor health outcomes [3,6,10].
Digital health care service solutions need to recognize and
respond to users’ personal goals, values, and competence in a
sociotechnical context. In terms of the solution’s function and
interface design, the solution must not only serve the goals of
health service providers but also satisfy diverse users' needs
across their eHL levels; this will increase the benefits and
upscale the benefits of the solution [11-13].
The concept of eHL was introduced in the Web 1.0 era by
Norman and Skinner [1,14] in 2006 and was described as “the
ability to seek, find, understand, and appraise health information
from electronic sources and apply the knowledge gained to
addressing or solving a health problem.” Over the past 2
decades, health services have become more complex and
interactive with the expectation that users be active in managing
their own condition using digital services. As such, new and
more comprehensive tools to measure eHL are required [15].
In response to the advances in health technology, Norgaard et
al [5] proposed in 2015 the eHealth Literacy Framework (eHLF),
which comprises 7 dimensions of eHL.
The eHLF, developed using a grounded validity-driven approach
[16] with extensive international consultation with service users,
health professionals, researchers, and technology experts,
provides a contemporary and comprehensive map of an
individual’s technology health literacy. The eHLF covers
knowledge and skills, the eHealth system’s attributes, and how
an individual interacts with the system. Subsequently, the
eHealth Literacy Questionnaire (eHLQ) was developed based
on the eHLF in Danish and English. The tool was tested in
https://www.jmir.org/2022/1/e32855
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Denmark in a large sample of people with chronic diseases and
the general population. The questionnaire was found to have a
wide range of excellent psychometric properties [17,18].
Today, the far-reaching nature of the digital environment with
the internet and cloud technology makes services and
information borderless, and issues associated with eHL can also
have global ramifications. What is the relationship between
eHL and health care behaviors? What is the difference in eHL
levels between the people of Taiwan or China and those of other
countries? To explore these issues, an appropriate and
psychometrically sound evaluation tool is required. Although
the eHLQ has undergone validity testing in Denmark in both
health and community settings and is available in Danish and
English, a Chinese version for use in Taiwan is required. Given
that Denmark and Taiwan have different health care systems
and that items and constructs may be subject to differential
cultural and linguistic interpretations, it is important that careful
translation and cultural adaption, as well as psychometric testing,
be undertaken to inform researchers, clinicians, and health
system managers in Taiwan and other Mandarin-speaking areas.
The aim of this study was to translate and culturally adapt the
eHLQ from English to Chinese and evaluate its cultural and
psychometric properties in a group of Mandarin-speaking people
with chronic diseases.

Methods
Study Design
This was a 2-phase study. Phase 1 involved the translation and
cultural adaptation of the eHLQ for application in the Mandarin
language. In phase 2, the Chinese version was psychometrically
tested among people with chronic diseases using classical test
theory and item response theory (IRT) approaches. IRT, also
known as latent response theory, refers to a family of
mathematical models that seek to explain the relationship
between latent traits (unobservable characteristic or attribute)
and their manifestations.

eHealth Literacy Questionnaire
The eHLQ has 35 items representing 7 scales that cover the
eHLF dimensions: (1) using technology to process health
information, (2) understanding of health concepts and language,
(3) ability to actively engage with digital services, (4) feel safe
and in control, (5) motivated to engage with digital services,
(6) access to digital services that work, and (7) digital services
that suit individual needs [5,17]. The scale names and construct
definitions [17] are shown in Multimedia Appendix 1. Each
scale has 4-6 items with 4-point response options: strongly
disagree, disagree, agree, and strongly agree, with an assigned
value of 1-4, respectively. Scale scores are calculated by
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averaging the items scores within each scale with equal
weighting, generating scale scores that range from 1 to 4.

Phase 1. Translation and Cultural Adaptation
Initial Translation Process
The translation of a questionnaire should not only include a
textual change but also consider cultural equivalence and
applicability [19-22]. Therefore, this study was designed
according to the guidelines for instrument translation, adaptation,

Chen et al
and validation proposed by Sousa and Rojjanasrirat [21] and
Hall et al [19] and, in particular, the Translation Integrity
Procedure developed by Hawkins and Osborne [23] for the
eHLQ. The Translation Integrity Procedure ensures that the
language translation and cultural adaptation follow detailed
item intent descriptions and seek to ensure cultural suitability
and measurement equivalence (ie, whether each concept in the
translated version is the same strength as that in the original
version) [23]. See Figure 1.

Figure 1. The translation process. eHLQ: eHealth Literacy Questionnaire.

Three bilingual translators in both English and Mandarin
independently translated the English version of the eHLQ into
traditional Chinese, including analysis of cultural
appropriateness and measurement equivalence by 5 experts in
health care and informatics. Words and phrases that diverged
from the original intent were discussed with the translators.
Finally, minor modifications of the translated version were
https://www.jmir.org/2022/1/e32855
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incorporated to preserve semantic and idiomatic equivalence in
traditional Chinese characters for Mandarin speakers. The
translated version was then translated back into English by 3
translators with linguistic qualifications or health or technology
qualifications. Two were native English speakers. The forward
translation was discussed until a linguistically and culturally
equivalent meaning was achieved between the source (guided
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by item intent and overall construct meaning) and the forward
Chinese version.

in Taiwan. For psychometric testing, a sample size of 300 was
considered adequate [21,25].

Content Validity and Cognitive Interviewing

Data Collection Procedures

Nine experts in nursing, medical practice, public health,
informatics, eHealth care, and patient health education were
invited to evaluate the content validity of the translated eHLQ.
Based on the operational definitions and the item intent of the
eHLQ (refer to Kayser et al [17] and the Translation Integrity
Procedure [23]), experts evaluated whether the items were
representative of the construct and were clearly stated. The level
of representativeness was rated on a scale of 1-4, with 4 being
representative, 3 being representative but needing minor
revision, 2 being representative but needing major revision, and
1 not being representative. Furthermore, the level of clarity was
rated on a similar scale, with 4 being clear, 3 being clear but
needs minor revision, 2 being clear but needing major revision,
and 1 not being clear [24]. The number of experts or participants
who assigned 3 points or higher was divided by the total number
of people to obtain the content validity index (CVI); a CVI of
≥0.8 indicated that the item had good content validity [24,25].

Participants’ data were collected by trained researchers. Case
managers identified potentially eligible participants. At study
inception, 1834 eligible people were identified on 2218 lists at
4 health services sites. Each person was randomly assigned a
number, and 3 of every 10 (30%) were randomly selected by
computer for inclusion in the study. This resulted in 550
(28.99%) people being selected, of which 442 (80.4%)
participated. If a participant could not complete the questionnaire
due to vision issues, such as presbyopia or myopia, an
interviewer assisted the respondent. In the case of any hesitation
from respondents during reading, research assistants simply
repeated the item verbatim with no additional interpretation.
Demographic information was collected, including age, gender,
education, employment status, marital status, number of
comorbidities, perceived health status in the previous month,
income, and activities of daily living. Data were collected from
October 2017 to February 2019.

To check whether people understood the instructions, response
format, and items, as intended, cognitive interviews were
undertaken [17]. Respondents were asked, “What were you
thinking when you were answering that question?” This question
was intended to elicit the cognitive process behind the answers.
The following prompt was used, if needed: “Why did you select
that response option?” Where relevant, items were adjusted,
focusing on concepts related to health care and eHealth
technologies.

Ethical Consideration

Consensus Meeting
The meaning of items in the final translation was verified with
the developers (authors LK and RHO) through written
reflections on the back translation and a consensus meeting that
also included a Mandarin-English bilingual and eHL expert
(author CC) and the research team. The purpose was to confirm
the forward translation and identify words, phrases, or concepts
that were inconsistent with the item intents and implement
revisions.

Phase 2. Psychometric Testing
The Chinese version of the eHLQ was then administered to
people with chronic disease to explore its psychometric
properties.

Recruitment
The participants were a random sample of Chinese adults
attending the outpatient departments of the cardiology,
nephrology, endocrinology, and family medicine units at several
hospitals, such as medical centers, regional hospitals, and district
hospitals, in towns or cities in Taiwan. To participate in this
study, the inclusion criteria were (1) a diagnosis of type 2
diabetes mellitus, heart disease, or chronic kidney disease for
more than 3 months; (2) the ability to clearly communicate in
Mandarin and Taiwanese; and (3) age over 20 years. Diabetes,
heart disease, and kidney disease were selected because they
are the main focus of eHealth care in case management programs
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This study was approved by the institutional review board of
the enrolling hospitals (2017-04-002CC; YM104135E2). Written
informed consent was obtained prior to data collection.

Data Analysis
Data analysis was performed using SPSS Statistics version 23
(IBM Corporation, Armonk, NY, USA), STATA version 15.1
(Stata Corporation, College Station, TX, USA), and Mplus
Version 8.3 (Muthén & Muthén, Los Angeles, CA, USA) [26].
For demographic characteristics, continuous variables were
assessed by means and SD, whereas categorical variables were
reported by frequency and percentage. Cronbach α was used to
estimate internal consistency, with α≥.7 indicating acceptable
reliability [25,27].
To check the assumptions of unidimensionality and local
independence for IRT testing, a 1-factor model confirmatory
factor analysis (CFA) for each of the 7 scales was fitted to the
data using the weighted least squares mean and variance adjusted
(WSLMV) estimation available in Mplus. The fit indices
comparative fit Index (CFI) and standardized root mean residual
(SRMR) were examined based on the 2-index strategy
recommended by Shi et al [28] for models with small degrees
of freedom. Although the chi-square test is a commonly used
fit index, it has been found that it is sensitive to sample size and
always rejects models when the sample size is large, while
severe deviations from normality may also lead to model
rejections [29,30]. The other commonly used fit index
root-mean-square error of approximation (RMSEA) was also
not an appropriate index for this study as the RMSEA has been
found to reject models with small degrees of freedom and using
it for assessment can be problematic [28,31]. Indication of a
close fit for the CFI was >0.95 and for the SRMR was ≤0.08
[32]. Further investigation of local independence was by
inspection of standardized factor loadings, modification indices,
and standardized expected parameter change (SEPC) generated
in the Mplus output. It has been recommended to use both of
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these statistics to examine any model misspecification, with a
large modification index combined with a positive value of
SEPC >0.20 indicating misspecification [33,34].
For IRT analysis, the generalized partial credit model available
in STATA version 15.1 was used to estimate item characteristic
curves (ICCs), which describe the relationship between a
respondent’s ability and how they would respond to an item
[35]. The two parameters of the ICC, item discrimination and
item location/difficulty, were also evaluated. Item discrimination
can detect subtle differences in the respondents’ abilities, and
a steeper slope of the ICC indicates a higher discrimination of
the item [36,37], while item difficulty shows where the item
functions best along the trait scale [35].
Known-group validity was evaluated by exploring associations
between eHLQ scales and educational level with one-way
ANOVA and Schaffer post hoc testing. P<.05 indicated
statistical significance. The scales were tested for Gaussian
distribution prior to ANOVA. All scales exhibited a normal
distribution. Based on a review of previous eHL studies, it would
be expected that the educational level would be positively related
with all eHLQ scales (ie, lower education would be associated
with lower eHLQ scores), although some studies indicate that
feeling safe and in control may be inversely related or not related
to eHL [38-41]. For the purpose of this study, education was
aggregated to 6 International Standard Classification of
Education 2011 (ISCED-2011) levels [42]:
•

Lower than primary school equivalent to ISCED-2011 levels
0 and 1
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•
•
•
•
•

Junior high school equivalent to ISCED-2011 level 2
Senior high school equivalent to ISCED-2011 level 3
College equivalent to ISCED-2011 levels 4 and 5
University equivalent to ISCED-2011 level 6
Graduate school equivalent to ISCED-2011 levels 7 and 8

Results
Demographics and eHealth Literacy Scores
A total of 420 people who met the inclusion criteria completed
the questionnaire in full. The response rate was 442 of 550
(80.4%) participants. Reasons for nonparticipation included
lack of time, feeling of fatigue, and disinterest. Only 20 of 442
(4.5%) participants were excluded due to missing data.
The participants’ mean (SD) age was 54.7 (13.1) years (range
25-89 years), 280 of 420 (66.7%) were between 50 and 64 years
old, the majority (259/420, 61.7%) were male, 136 of 420
(32.4%) had completed junior high school or below, and 219
of 420 (52.1%) were unemployed. The monthly income in the
previous year was below New Taiwan dollar (NTD) 20,000
(approximately US $700; the NTD-USD exchange rate was of
2020) for 247 of 420 (58.8%) participants. Regarding health
status, most were living with 2 or more chronic diseases (Table
1).
The mean scores of the eHLQ scales ranged from 2.37 to 3.08.
Respondents reported the highest scores on scale 2
(understanding of health concepts and language) and the lowest
scores on scale 6 (access to digital services that work). See Table
2.
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Table 1. Characteristics of participants (N=420).
Characteristics

Participants

Age (years), n (%)
≤50

58 (13.8)

51-64

139 (33.1)

65-74

141 (33.6)

≥75

82 (19.5)

Gender, n (%)
Male

259 (61.7)

Female

161 (38.3)

Education, n (%)
Lower than primary school (ISCEDa-2011 levels 0 and 1)

82 (19.5)

Junior high school (ISCED-2011 level 2)

54 (12.9)

Senior high school (ISCED-2011 level 3)

69 (16.4)

College (ISCED-2011 levels 4 and 5)

117 (27.9)

University (ISCED-2011 level 6)

65 (15.5)

Graduate school (ISCED-2011 levels 7 and 8)

33 (7.9)

Employment status, n (%)
Not working (retired or unemployed)

219 (52.1)

Working

201(47.9)

Marital status, n (%)
Single

147 (35.0)

Married or with a partner
Chronic disease, n (%)

273 (65.0)

b

Diabetes mellitus

96 (22.9)

Hypertension

249 (59.3)

Cardiovascular disease

261 (62.1)

Hyperlipidemia

104 (24.8)

Chronic kidney disease

175 (41.7)

Health status, n (%)
1 disease

53 (12.7)

2 diseases

198 (47.1)

≥3 diseases

169 (40.2)

Monthly income in the last year, n (%)
<NTDc 20,000 (~US $700) low

247 (58.8)

NTD 20,000-40,000 (~US $700-1400) lower middle

74 (17.6)

NTD 40,001-60,000 (~US $700-1800) middle

43 (10.2)

>NTD 60,000 (~>US $1800) middle higher

56 (13.3)

Living status, n (%)

a

Lived alone

47 (11.2)

With spouse

227 (54.1)

With children

146 (34.8)

ISCED: International Standard Classification of Education.
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b

More than 1 response was possible.

c

NTD: New Taiwan dollar.

Table 2. The eHealth Literacy Questionnaire (eHLQ) scale scores and internal consistency.
Scale number

Scale name

Mean (SD)

Cronbach α

1

Using technology to process health information

2.41 (0.95)

.95

2

Understanding of health concepts and language

3.08 (0.57)

.75

3

Ability to actively engage with digital services

2.45 (0.91)

.90

4

Feel safe and in control

2.73 (0.78)

.87

5

Motivated to engage with digital services

2.49 (0.96)

.93

6

Access to digital services that work

2.37 (0.84)

.91

7

Digital services that suit individual needs

2.45 (0.99)

.90

Phase 1. Translation
Ten experts reviewed the item content validity, which resulted
in scale CVIs from 0.88 to 0.95, well above the acceptable level
of 0.80. For the item-level CVI, the lowest score was 0.80 (items
3, 17, 18, and 34), which was acceptable.
A total of 45 people participated in a cognitive interview. Most
interviewees suggested some words or terms that required more
description for clarity and ease of understanding. For instance,
they were unsure of terms covering health technology services,
people who required health information, and authorized people.
In addition, they did not easily link these terms to their disease
management situation and the relevant health care system. The
instructions and definitions of terms in the questionnaire
introduction were therefore revised. All other items were
understood as intended and no further changes made. The
interview process took 10-15 minutes to complete.
The consensus meeting identified 4 items that required minor
refinement (items 6, 19, 24, and 25). For example, for items 19
and 24, the word “find” was originally translated as “發現.”
However, the consensus meeting revealed that “find” includes
the meaning “perceive” and “believe” and so was replaced with
“發覺” to reflect the intended meaning. See Multimedia
Appendix 2 for the final Chinese version of the eHLQ.

Phase 2. Psychometric Testing
Reliability
The internal consistency coefficients are shown in Table 2. All
scales had α>.80 except scale 2, which had α=.75.

Known-Group Validity
There were striking differences among the educational levels,
with a clear monotonic increase in scores for all scales from the
lowest to the highest education, except for the higher levels of
education for scale 2. A comparison of the 7 scales of the
Chinses version of the eHLQ across educational levels is shown
in Multimedia Appendix 3. The largest differences between the
lowest and highest education levels were for scale 6, where
people with the lowest education, on average, scored 1.08,
indicating that almost all respondents strongly disagreed that
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they could access technologies that worked. The smallest
differences in education were seen for scale 2, where the average
score of the lowest-education group was 2.89 compared with
3.24 in the highest-education group.

Construct Validity
The 1-factor CFA models generally fitted the data well on all
scales based on the CFI and SRMR fit indices, and the SEPC
values were below 0.2 except for scale 2, with CFI=0.95,
SRMR=0.04, the largest modification index=86.2 for eHLQ26
(“I use measurements about my body to help me understand
my health”) and eHLQ15 (“I understand medical results about
me”), and SEPC=0.29. This finding indicates that content within
these 2 particular items is related in a unique way, in addition
to how they are related to the latent variable of the scale’s
construct. A model with a correlated residual between these 2
items was tested, and the results demonstrated a close fit, with
no large modification index or SEPC (see Multimedia Appendix
4). Standardized factor loadings were significant for all scales,
with loadings >.50 (Multimedia Appendix 5). As such, the
unidimensionality and local independence assumptions were
met, except for scale 2, for which the local independence
assumption might not hold and the IRT results for this scale
needed to be interpreted with caution.

Item Response Theory
IRT analysis showed that respondents could use the response
options in a consistent way and that no items were found to
have disordered thresholds. See Multimedia Appendix 6 for the
ICCs of the Chinese version of the eHLQ. Inspection of the
steepness of the slopes of the ICCs and the estimated item
discrimination parameters showed that all items except items
15 and 26 of scale 2 had acceptable-to-good discrimination
between people with different levels of ability. The estimated
item difficulty parameters demonstrated a range of difficulty
levels within each scale except scale 7 (digital services that suit
individual needs). The widest difficulty range was noted for
scale 4 (feel safe and in control; range 0.82-1.59) and scale 6
(range 0.82-1.59). Scale 7 had the narrowest range (0.70-0.79).
However, all results within the scales were statistically
significantly different (Table 3).
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Table 3. Item response theory (IRT) analysis of the Chinese version of the eHealth Literacy Questionnaire (eHLQ) using the generalized partial credit
model.
Scale item

Item difficulty (95% CI)

Item discrimination (95% CI)

eHLQ7

0.69 (0.57-0.81)

7.48 (6.08-8.89)

eHLQ11

0.84 (0.70-0.97)

5.73 (4.67-6.79)

eHLQ13

0.76 (0.64-0.89)

6.53 (5.34-7.72)

eHLQ20

0.89 (0.73-1.02)

5.21 (4.24-6.19)

eHLQ25

1.02 (0.85-1.18)

4.30 (3.50-5.09)

eHLQ5

0.92 (0.67-1.17)

1.18 (0.93-1.44)

eHLQ12

1.19 (0.89-1.48)

1.08 (0.85-1.30)

eHLQ15

0.83 (0.22-1.44)

0.38 (0.22-0.53)

eHLQ21

1.40 (1.01-1.80)

0.78 (0.60-0.96)

eHLQ26

1.05 (0.13-1.97)

0.27 (0.11-0.44)

eHLQ4

0.82 (0.69-0.96)

5.10 (4.16-6.04)

eHLQ6

0.76 (0.66-0.92)

6.06 (4.96-7.17)

eHLQ8

0.79 (0.66-0.94)

4.28 (3.49-5.08)

eHLQ17

1.09 (0.76-1.34)

5.32 (4.34-6.30)

eHLQ32

0.84 (0.70-0.97)

5.89 (4.80-6.97)

eHLQ1

0.82 (0.56-1.09)

1.05 (0.83-1.27)

eHLQ10

1.59 (1.05-1.80)

0.98 (0.77-1.19)

eHLQ14

1.25 (0.95-1.54)

1.24 (0.99-1.49)

eHLQ22

0.93 (0.67-1.19)

1.12 (0.89-1.35)

eHLQ30

1.13 (0.84-1.42)

1.09 (0.87-1.32)

eHLQ2

0.68 (0.64-0.91)

4.41 (3.59-5.23)

eHLQ19

0.59 (0.51-0.80)

9.55 (7.73-11.36)

eHLQ24

0.85 (0.70-0.96)

7.30 (5.93-8.68)

eHLQ27

0.80 (0.68-0.95)

5.83 (4.75-6.92)

eHLQ35

0.77 (0.64-0.90)

5.11 (4.18-6.05)

eHLQ3

1.67 (1.33-2.02)

1.26 (1.01-1.51)

eHLQ9

0.83 (0.70-0.97)

5.38 (4.39-6.37)

eHLQ16

1.10 (0.90-1.33)

2.22 (1.81-2.63)

eHLQ23

0 .90 (0.75-1.05)

4.17 (3.40-4.94)

eHLQ29

1.12 (0.91-1.32)

2.56 (2.08 -3.03)

eHLQ34

0.89 (0.75-1.05)

4.44 (3.60-5.28)

eHLQ18

0.71 (0.65-0.89)

12.15 (9.58-14.73)

eHLQ28

0.77 (0.65-0.89)

9.60 (7.72-11.47)

eHLQ31

0.79 (0.67-0.91)

10.51 (8.39-12.63)

1. Using technology to process health information

2. Understanding of health concepts and language

3. Ability to actively engage with digital services

4. Feel safe and in control

5. Motivated to engage with digital services

6. Access to digital services that work

7. Digital services that suit individual needs
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Item difficulty (95% CI)

Item discrimination (95% CI)

0.73 (0.61-0.85)

10.63 (8.52-12.73)

Discussion
Principal Findings
This study undertook a rigorous process of translating the eHLQ,
ensuring cultural appropriateness for the Chinese context, and
examined several key indicators of validity based on data
derived from a large randomly selected sample of people with
chronic conditions from diverse demographic backgrounds. In
this setting, the eHLQ was found to have strong-to-acceptable
psychometric properties using both classical test and IRT
approaches. The translated and culturally adapted eHLQ items
were found to be highly coherent with the original intended
meanings and psychometric properties.
For a translated version to be considered a robust questionnaire
in this setting, not only are systematic and standardized
translation processes required but also a verification process
[16,20,21,43,44]. Our translation process provides evidence for
a validity argument of the translated version, as recommended
by Hawkins et al [19,20,43]. The Translation Integrity Procedure
with the detailed construct and item intent descriptions supported
this process with a common foundation for the translation team
to negotiate the nuances of item meanings to maximize construct
equivalence, minimize threats to construct validity during the
translation process, and generate qualitative validity evidence
for score interpretation and use in a new linguistic context [20].
Overall, the process ensured that the translated version had
semantic, idiomatic, experiential, and conceptual equivalence
with the original [21,45].
All of the items within the scales loaded strongly on their
respective factors. With 1 modification, all 1-factor models
fitted the data well. For scale 2, a correlated residual was added
between 2 items, which may have been independently related
due to the hospital setting, where the content of both items
related to medical results and measurement about one’s body
(items 15 and 26, respectively). Cronbach α, which is frequently
inflated due to excess items within a scale, was >.85 for all
scales except Scale 2, which still had an acceptable reliability
of .75. Consistent with the validity-driven approach, the
development of the eHLQ ensured that a minimal number of
items (4-6 for the eHLQ scales) were carefully generated to
capture the full breadth of each individual construct. This
ambitious parsimonious constraint was reproduced in the
Mandarin language setting, which included people with diverse
educational levels and health conditions. The original Danish
validity-testing study reported similar internal consistency (range
.77-.86) [17], where scale 2 also had the lowest value. Of note,
the internal consistency of 3 scales (1, 5, and 6) was greater
than .90, which may indicate some translated items may be
understood in an overly similar way in this Chinese population
[46]. In addition, almost 60% of participants used case
management services and had the same experience in eHealth
care in using mobile health monitors, such as blood sugar and
blood pressure, so it is possible that most respondents had
similar experiences relative to multiple items within scales.
https://www.jmir.org/2022/1/e32855
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Importantly, for all the scales except scale 7, a range of
difficulties was found, indicating that differences among
individuals were expressed across items.
Our study showed that the average scores of people with primary
or lower education is substantially lower than those of other
more educated groups. The findings were striking, especially
for scale 6, where the average score was 1.08, which indicates
that almost all respondents with primary or lower education
responded “strongly disagree” on all items in this scale. In
contrast, for the highest-education group, most respondents
indicated they “agreed”, with a score of 2.93, indicating they
had access to digital services that work. Similar patterns were
also seen for scales 1, 3, 5, and 7; however, the lowest-education
group, on average, on all items per scale marked “disagree”
rather than “strongly disagree.” These findings demonstrate a
stark social gradient related to education, where people with
higher education clearly have higher eHL than those with lower
education. This is generally in line with other findings that lower
education is associated with lower eHL [9,38-40]. In a study of
nursing students in Denmark, which also used the eHLQ, found
that graduate-level students scored higher than entry-level
nursing students on scales 1-3, with no differences on the other
scales [47]. The eHLQ appears to be a promising tool to
understand digital access to different educational categories and
is therefore likely to be a useful tool for understanding
socioeconomic determinants of digital access inequity.
IRT analysis also provided insights into the psychometric
properties of the eHLQ. This analysis showed good sensitivity
in detecting participants with different levels of ability, as well
as representing a range of difficulty within each scale, echoing
the findings of the initial development studies in Denmark [17].
Only 2 items relating to medical results and measurements,
items 15 and 26 of scale 2, were found to have low item
discrimination. These items were also found to be problematic
in classical test theory analysis (reliability and CFA, as noted
in the Construct Validity section). In this health care setting,
respondents may be prone to providing socially desirable
answers, common in Chinese culture. People tend to be cautious
to ask and share problems with health care professionals to
avoid discrimination [48,49], or they may tend to hide a lack
of understanding about their tests or measurements. Although
it is possible that the performance of these items relates to the
particular characteristics of the respondents in our study, further
work in different populations alongside linguistic evaluation
will shed light on these items.

Strengths
An important strength of this study was the heterogeneity of
the sample. People with a range of chronic diseases from various
hospitals and clinics were included. These are key settings and
populations for the application of the eHLQ in future studies,
and given that overall good psychometric properties were
observed in this diverse sample, it is likely to be a robust
measure in other related settings.
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Limitations

Conclusion

The CFA results indicated that the local independence
assumption for scale 2 might not have been met; therefore, the
IRT results for this scale need to be interpreted with caution.
This study relied on self-report, and therefore, the respondents’
answers may be prone to recall bias and social desirability,
similar to other self-report measures. Some participants
completed the questionnaire with the help of a research assistant.
This only occurred on 42 occasions, and although the
administration mode may affect the respondents’ scores, this
was regarded as an important process to ensure people with low
eHL were included to maximize the representativeness of the
sample. Future research should explore whether the
administration mode introduces bias.

This study demonstrates that the eHLQ has good linguistic
equivalence and psychometric properties, following a rigorous
translation and cultural adaptation process and extensive
psychometric testing using both classical test theory and IRT
approaches. The 7 scales of the eHLQ can efficiently assess
diverse dimensions of eHL of people across chronic diseases.
The questionnaire is likely to enable health care providers and
eHealth system developers to better understand people’s ability
to engage with and use technology so that these systems can be
developed, evaluated, and redesigned to meet the health and
equity needs of their communities. As such, the eHLQ can be
used as a reference to design adaptive care programs to improve
the quality and effectiveness of care. This may also help avoid
the health disparities created by the advancement of digital
technologies.
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Abstract
Background: The internet has become one of the most important channels for residents to seek health information, particularly
in remote rural areas in China.
Objective: In this study, we aimed to explore the gap between self-rated health information literacy and internet health information
seeking ability for patients with chronic diseases in rural communities and to preliminarily evaluate their barriers when seeking
health information via the internet.
Methods: Residents from rural communities near Bengbu City and with chronic diseases were included in this study. A self-rated
questionnaire was used to evaluate their health information literacy, 3 behavioral competency tasks were designed to preliminarily
evaluate their ability to seek health information on the internet and semistructured interviews were used to investigate their barriers
to obtaining health information via the internet. A small audiorecorder was used to record the interview content, and screen-recording
software was used to record the participants’ behavior during the web-based operational tasks.
Results: A total of 70 respondents completed the self-rated health information literacy questionnaire and the behavioral
competence test, and 56 respondents participated in the semistructured interviews. Self-rated health information literacy (score
out of 70: mean 46.21, SD 4.90) of the 70 respondents were moderate. Although 91% (64/70) of the respondents could find health
websites, and 93% (65/70) of the respondents could find information on treatment that they thought was the best, 35% (23/65)
of respondents did not know how to save the results they had found. The operational tasks indicated that most articles selected
by the respondents came from websites with encyclopedic knowledge or answers from people based on their own experiences
rather than authoritative health information websites. After combining the results of the semistructured interviews with the
DISCERN scale test results, we found that most interviewees had difficulty obtaining high-quality health information via the
internet.
Conclusions: Although the health information literacy level of patients with rural chronic disease was moderate, they lack the
ability to access high-quality health information via the internet. The vast majority of respondents recognized the importance of
accessing health information but were not very proactive in accessing such information.
(J Med Internet Res 2022;24(1):e26308) doi:10.2196/26308

https://www.jmir.org/2022/1/e26308

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e26308 | p.1235
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Wang et al

KEYWORDS
online; health information; barriers to acquisition; middle-aged patients with chronic diseases; rural community; chronic conditions;
chronic; rural; literacy; information seeking

Introduction

health information through the internet remains an important
element of health information literacy promotion.

Chronic diseases have become major challenges to global health
[1]. According to 2018 data from the World Health
Organization, chronic diseases cause 41 million deaths every
year, accounting for 71% of all deaths worldwide, and of these,
15 million occur among people aged 30 to 69 years [2]. China
has documented significant decreases in the age of patients with
chronic disease, and the number of such patients is increasing
over time [3]. Previous studies [4] have found that health
professionals are the main source of health knowledge for
patients with chronic diseases. With the rapid development of
information technology in recent decades, an increasing number
of patients with chronic diseases choose to obtain health
information through the internet [5,6], particularly in the vast
rural areas of China [7]. Relevant studies [8] have shown that
health-related interventions implemented via the internet can
improve the health status of patients with chronic physical
diseases. However, numerous studies have shown that the
quality of internet health information is not optimal in China
[9] or in other countries around the world [10,11]. Additionally,
the low level of information literacy among the public in rural
areas [12] causes some users to have difficulty in effectively
using health information from the internet to improve their
health statuses.

The term internet health information–seeking behavior refers
to the process in which users search for health knowledge or
information on the internet to meet their own health information
needs and to reduce the uncertainty of their health statuses [17].
A review [18] of existing studies on patients’ internet health
information–seeking and its impact on doctor-patient
relationships and found that such information seeking could
improve doctor–patient relationships. Another study [19]
evaluated the characteristics of different types of internet users
in seeking web-based health information and found that there
were differences in the use of and access to health information
among people of different ages, races, and socioeconomic status.
Another study [20] found that a large proportion of older adult
patients with chronic diseases use the internet to seek health
information; the onset time and type of chronic diseases may
play an important role in their internet health
information–seeking behavior. At the same time, Latino
individuals are less likely than white individuals to search for
health information but are more likely to use health information
to treat disease whereas African American individuals are more
likely to use health information to maintain their health [21]. A
couple studies in China [22,23] have been conducted on the
internet health information–seeking behavior of patients with
chronic diseases. A cross-sectional study [22] of 313
hospitalized patients with chronic diseases in Shanghai found
that the patients’ attitudes toward health information–seeking
were in the middle to upper levels and the patients had a high
demand for health information. Another study [23] investigated
the health information–seeking behavior of hypertensive patients
in Guizhou Province, and the results indicated that the health
information needs of hypertensive patients were diverse. The
main health information access channels were traditional
interpersonal relationship channels (medical personnel), while
new media network technology was seldom used; the digital
divide is the main cause for this problem. We found that the
current research methods for patients with chronic disease in
China internet health information–seeking behavior are limited
to questionnaire surveys and subjective evaluations. There is a
lack of research employing interviews and operational
evaluations of the internet health information–seeking behavior
of patients with chronic diseases. The lack of such research
suggested that we should conduct in-depth evaluations on the
barriers faced by patients with chronic diseases in seeking health
information on the internet from an objective and extensive
research perspective.

In the past decade, some studies [13,14] have suggested that
health information literacy should be a key part of public health
promotion in China. Health information literacy is the set of
abilities that users have to recognize the need for health
information, identify possible sources of information, and use
those sources to retrieve relevant information; evaluate the
quality of information and its applicability to a given situation;
and analyze, understand, and use this information to make sound
health decisions [15]. Despite the increasing amount of health
information available on the internet, patients with limited health
knowledge may lack the necessary skills to access the internet
or make use of this information. A study [6] examining the
relationship between eHealth literacy and health
information–seeking behaviors and participation in mobile
health research among African Americans found that most
participants scored high on eHealth literacy but lacked the ability
to distinguish between high- and low-quality health resources
on the internet and to use internet information to make health
decisions. The study also reported that people with lower
education levels were less likely to use the internet to obtain
health-related information [6]. Another cross-sectional study
[16] found that patients with chronic diseases rely on health
care professionals for health information regardless of their
level of health literacy and that patients with low levels of health
information literacy lacked the ability to use the internet to look
up health information (ie, they had low health
information–seeking behaviors on the internet). Therefore, in
the context of the rapid development of global information
technology, improving the public's ability to access quality
https://www.jmir.org/2022/1/e26308
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In this study, questionnaires, semistructured interviews, and
behavioral competency tests were used to explore the gap
between self-rated health information literacy and internet health
information–seeking abilities for patients with chronic diseases
and to preliminarily evaluate their barriers to seeking health
information via the internet. These results are expected to
provide support for the government and health education
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institutions to perform internet health information behavioral
intervention for patients with chronic diseases in the future.

The second part includes 7 items and has a total score of 35;
this part was used to test the quality of the articles.

Methods

Task 3: Semistructured Interviews

Research Tasks
Overview
This research investigation included 3 tasks. First, a self-rated
health information literacy questionnaire was used to evaluate
the health information literacy levels of the respondents. Second,
3 operational tasks were designed and administered to test the
respondents’ abilities to seek internet health information on a
computer or mobile device. Finally, interviews on internet health
information–seeking (containing 9 questions) were performed.
Before the survey began, 3 experts (doctoral degrees and ample
research experience) were invited to evaluate the validity of the
survey materials used in this study, and appropriate
modifications were made based on the experts’ opinions
(Multimedia Appendix 1).

Task 1: Self-Rated Health Information Literacy
Questionnaire
A self-rated questionnaire was used to assess the health
information literacy of respondents. The questionnaire was
synthesized and revised from the 10-item Everyday Health
Information Literacy scale [24] and modified in 2018 [25]. The
scale contains 14 items divided into 4 dimensions: health
information consciousness, health information–seeking, health
information evaluation, and health information application. A
higher score indicates a higher health information literacy level.
The questionnaire has been widely used for assessing the health
information literacy of Chinese digital immigrants in rural
communities [12] and Chinese residents [25] and has shown
good reliability, validity, and adaptability for the Chinese
population.

Task 2: Internet Health Information-Seeking Behavior
Ability Tests
Without receiving guidance from the researchers administering
the test, the respondents were asked to log on to the internet to
search for health information on their own, and respondents’
behavior throughout the entire test was recorded with
screen-recording software. In this task, the respondents were
asked to complete 3 operational tasks: (1) use the internet to
find what they thought was the best health website containing
knowledge about chronic diseases; (2) according to their own
health conditions, choose and save 2 to 3 articles related to
health knowledge they considered valuable; and (3) choose an
article that they thought discussed the best treatment for a certain
chronic disease and save it (if the respondents had difficulty
saving the article, the investigator helped them save it for
subsequent analyses).
The DISCERN scale was used to evaluate the quality of the
chronic disease treatment articles selected internet by the
respondents. The DISCERN scale, developed by the British
Library and the University of Oxford [26], is divided into 2
parts. The first part consists of 8 items and has a total score of
40; this part was used to evaluate the reliability of the website.
https://www.jmir.org/2022/1/e26308
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The semistructured interviews focused on 2 topics: the retrieval
process and strategy and the evaluation of the quality of health
information on the internet. The investigator conducted an
in-depth exchange with the respondents to understand their
criteria for selecting the health information websites, their
methods for identifying the quality of information and the
difficulties they encountered in obtaining internet health
information. The interviews were recorded throughout.

Participants
The participants of this study were patients with chronic diseases
in Xiaobengbu Town, Bengbu City, Anhui Province. Two-stage
sampling was used. In the first stage, 10 rural communities in
the town of Xiaobengbu were identified using simple random
sampling; in the second stage, a general practitioner from the
community health service station was invited to select 10
patients with chronic diseases from the health files of community
residents by simple random sampling and establish contact with
patients by telephone, introduced the research content to them,
and invited them to the community health service station to
participate in this survey after obtaining their consent.
The participants included in the study met the following criteria:
(1) had been living continuously in the rural community for
more than 6 months, (2) were between 30 and 65 years old, (3)
had been diagnosed with 1 or more chronic diseases, and (4)
had experience using the internet. The exclusion criteria were
as follows: (1) individuals with physical and mental conditions
that made them not suitable for participation in this survey and
(2) individuals who did not complete any 1 of the first 2 tasks.

Preparation for the Investigation
The surveys were conducted in person. Web-based survey
software (Tongtai Questionnaire Survey Platform, Beijing
Tongtai Technology Development Co Ltd) was used to complete
the questionnaire survey, a small audiorecorder (model R2,
JingZheng,) was used to record the interview content, and
screen-recording software (Windows: KK Lu Xiang Ji, version
2.8; Android: Lu Ping Da Shi, version 3.3) was used to record
the participants’ behavior during the internet operational tasks.
Before the start of the investigation, the screen-recording
software was installed on the computer and tablet computer.
After each participant completed the investigation, the
investigator exported the recording file and cleared all browsing
records and network settings. The duration of the investigation
for each participant was limited to be within 1 hour. After each
survey, we offered the participant a bucket of cooking oil worth
50 RMB (approximately US $7.74).

Statistical Analysis
Data entry and preprocessing were performed using Excel
(version 2010; Microsoft Inc), and statistical analysis was
performed using SPSS software (version 16.0, SPSS Inc).
Descriptive statistical analyses were performed by calculating
the mean and standard deviation, and intragroup differences
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were analyzed using the t test and Kruskal-Wallis test. P values
<.05 were considered significant.

answers to the questions: n=5; provided irrelevant answers:
n=2).

Ethical Approval

The average health information literacy score of the respondents
was 46.21 (SD 4.89), out of a total possible score of 70; the
highest score was 56, and the lowest score was 34. Of the 70
respondents, 91% (n=64) scored at least 40. The subdimension
health information evaluation had the highest score (mean 14.30,
SD 2.98), followed by health information–seeking (mean 12.80,
SD 2.23), health information consciousness (mean 11.20, SD
1.04), and health information application (mean 7.91, SD 0.37).

This study was approved by the Ethics Committee of the Bengbu
Medical College (2017054). The survey was completed
anonymously. All potential respondents were contacted
personally and thoroughly informed about the aim of the study,
data processing, and the use of the data. Participation was
voluntary, and participants could refuse to participate.

Results
Self-Rated Health Information Literacy
In total, 70 respondents (Table 1) completed task 1 and task 2,
among whom 56 participants completed task 3, and 14
participants did not complete the semistructured interview (quit
the interview due to loss of interest: n=7; did not give clear
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The results of the univariate analysis showed that, except for
gender (P=.04), education level (P=.02), and experience with
internet use (P=.03), the self-rated health information literacy
scores did not differ significantly based on the other
sociodemographic factors (age: P=.70; occupation: P=.23;
mobile phone use: P=.99; chronic diseases: P=.98; time
postdiagnosis: P=.62).
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Table 1. Sociodemographic characteristics and self-rated health information literacy scores.
Characteristic

Participants (n=70), n (%)

Self-rated health information Chi-square or t testa (df) P value
literacy score

Gender
Male

39 (56)

45.13 (5.08)

Female

31 (44)

47.58 (4.35)

Age
31 to 45 years old

27 (39)

46.44 (4.27)

46 to 60 years old

33 (47)

46.33 (5.20)

61 to 65 years old

10 (14)

45.20 (5.79)

Education
Primary school or below

9 (13)

42.78 (5.21)

Middle school or technical school

56 (80)

47.09 (4.56)

University

5 (7)

42.60 (4.39)

Postgraduate and above

0 (0)

0.00 (0.00)

Occupation
Employees of enterprises and public institutions (including separation and retirement)

29 (41)

47.24 (4.33)

Farming

10 (14)

44.30 (4.92)

Commercial or service

19 (27)

45.16 (5.22)

No job

12 (17)

47.00 (5.34)

Experience with internet use
Less than 1 year

12 (17)

43.00 (5.78)

1-3 years

14 (20)

46.93 (4.68)

More than 3 years

44 (63)

46.86 (4.45)

Experience with mobile phone use
Less than 1 year

0 (0)

0.00 (0.00)

1-3 years

6 (9)

45.83 (7.88)

More than 3 years

64 (91)

46.25 (4.62)

Number of chronic diseases
1

42 (60)

46.17 (4.51)

2 or more

28 (40)

46.29 (5.51)

Time postdiagnosis

a

Less than 1 year

7 (10)

45.00 (4.00)

1-3 years

24 (34)

46.25 (6.04)

4-5 years

12 (17)

46.25 (3.62)

More than 5 years

27 (29)

46.92 (4.56)

–2.135a (68)

.04

0.156 (1)

.70

7.799 (2)

.02

4.264 (3)

.23

6.895 (2)

.03

0.001(1)

.99

0.001 (1)

.98

1.753 (3)

.62

A paired t test was used to obtain this value.

Behavioral Ability Test
Task 1
Of the 70 respondents, 64 (91%) were able to find websites
containing health information on the internet, for which, 64%
(41/64) chose to enter the URL of the health website directly.
Another 36% of respondents (23/64) chose to search for health
websites through search engines. Baidu (15/64, 23%) was the
https://www.jmir.org/2022/1/e26308
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most popular search engine, and other search engines were
chosen by 13% of respondents (8/64); 9% of respondents (6/70)
did not complete this operational task. The primary reason for
not completing this task was that they were not in the habit of
using computers and mobile phones to search for information,
and they just used WeChat for general social interaction.
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Task 2
A total of 93% of the respondents (65/70) saved articles that
they considered valuable. The content of the articles was mainly
about disease treatment (73/185, 40%) and health care (54/185,
29%). The rest of the articles did not address health-related
issues. However, 35% of the respondents (23/65) had difficulty
saving articles because they did not know how to operate an
internet browser.

Task 3
Similar to operational task 2, 93% of the respondents (65/70)
completed this operational task. Among them, 88% (57/65)
used search engines (with 30/57, 53% of those who used search
engines using the Baidu search engine) to retrieve
treatment-related articles for a certain chronic disease; other
respondents searched for articles on certain health websites.
Out of a possible score of 75 points on the DISCERN scale, the
mean score was 37.4 points (SD 13.8). Out of a possible score
of 40 on part 1, the mean score was 23.9 (SD 9.3), and out of
a possible score of 35 on part 1, the mean score was 13.6 (SD
6.0); 7 respondents scored below 10 points, 31 respondents
scored between 20 and 40 points, and the other respondents
scored between 40 and 60 points.

Semistructured Interviews
A total of 56 respondents completed semistructured interviews
(Multimedia Appendix 2).

Internet Health Information Retrieval Strategy
Usage of Search Engines
The interview results showed that 96% of the interviewees
(54/56) preferred to search for health information directly
through search engines instead of choosing a special health
website. This finding was consistent with the respondents’
performance in operational task 3 and indicated that the
awareness rate and selection rate of authoritative health websites
were low. Some respondents (20/56, 36%) said the operational
task was the first time they had used the internet to find articles
about health, indicating that there are still some residents who
do not actively use the internet to find health information and
knowledge in rural China.
I feel Baidu is more credible in all websites, so need
to find some information Baidu has inside. [Participant
7, 45 years old]
Because the site involves a wide range of content, the
feasibility, desirability, trust found in the viewing are
better. [Participant 39, 60 years old]
Because the site has the expert review mark, has the
doctor basic information and has no advertisement.
[Participant 59, 56 years old]
Choice of Health Website
Although most respondents gave reasons why they chose a
particular health information website, including the convenience
of searching, personal habits, comprehensive content, and high
reliability, 34% of the respondents (19/56) did not know why
they chose the website and indicated that their website choice
https://www.jmir.org/2022/1/e26308
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was random. We also assessed how the respondents determined
whether a website was the best website to provide health
information; 13% of respondents (7/56) believed that a website
was the best if it contained a large amount of health information
about diseases and treatments, but the respondents were not
sure how to determine the authenticity of the articles on the
website.
I also did not know which website to choose and had
never visited this website before. In this investigation,
I chose this website at random, so I could not judge
whether this website was good or bad. [Participant 9
years, 44 years old]
I have not used Baidu and other search engines, just
in the search engine provided health sites, I also
randomly selected, for how to evaluate the pros and
cons of the site, I do not know. [Participant 9, 44 years
old]
Saving Internet Health Information
A few respondents (4/56, 7%) reported difficulties accessing
health websites, which was similar to the findings of operational
task 1. However, only 16% of respondents (9/56) thought that
they had difficulties saving interesting articles, which was
inconsistent with the findings of operational task 2.
It is not difficult to find the site, open a web browser
to search for such articles can be easily found. It was
not difficult to save articles before, but now I find that
some articles need to register and log in when they
are saved, or even charge for it, which makes me feel
more cumbersome. [Participant 22, 51 years old]

Evaluation of the Quality of Internet Health Information
Layout of the Website
Overall, 75% of the respondents (42/56) thought the layout of
the web page was well designed, and 55% of the respondents
(31/56) were satisfied with the website in terms of a detailed
and clear layout, clear classification, comprehensive search
information, provision of answers internet by professional
doctors, and a lack of advertising plug-ins and links; however,
32% of the respondents (18/56) were quite dissatisfied with the
large number of advertising links interspersed in the web pages.
I feel that the layout design of this kind of health
information website is similar. What I am most
dissatisfied with is that when I browse the web page,
advertisements for doctor consultation often pop up,
and they will pop up again and again after I click
“close.” [Participant 2, 32 years old]
I think the homepage of the website is not bad, and
the classification of diseases is obvious. What I am
not satisfied with is that the font of the page is
relatively small and there are many advertisements,
which affect the professionalism. [Participant 61, 47
years old]
Value of Internet Health Information Content
Of the 56 respondents, 96% (54/56) said they had acquired new
knowledge from health information websites, and 6% (36/56)
J Med Internet Res 2022 | vol. 24 | iss. 1 | e26308 | p.1240
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
believed that information about disease treatment, rehabilitation,
health care and prevention was the most valuable information
to them. Additionally, 91% (51/56) said they would visit the
website again and recommend it to their relatives and friends.
The most helpful information on this website is the
knowledge of disease prevention and improvement.
I also learned a lot of knowledge that I didn’t know
before from the internet. It is very likely that I will
visit this website again, or will I recommend it to my
family. [Participant 30, 40 years old]
Evaluation of the Quality of Internet Health Information
A total of 89% of respondents (50/56) were able to use some
method to determine the reliability of the information, while

Wang et al
11% (6/56) said they did not know how to judge the reliability
of the various articles on the website.
First of all, the website has the sign of expert review.
Secondly, if it is not a regular website, there will be
a variety of advertising push, while regular health
websites generally have no advertising push.
[Participant 59, 56 years old]

Comments and Suggestions
At the end of the interview, we conducted an analysis of the
interview recordings and summarized the interviewees' opinions
and suggestions on obtaining internet health information (Figure
1).

Figure 1. Interviewee suggestions.

Principal Results

literacy levels and ability to access internet health information
and to summarize the obstacles they faced in accessing internet
health information.

In this study, qualitative and quantitative research methods were
used to investigate the status quo of access to internet health
information among 70 rural community patients with chronic
diseases to comprehensively assess their health information

The self-rated health information literacy score of all the
interviewees was above 30 points, with more than 90% of
respondents (63/70) scoring above 40, indicating that most
respondents had a moderate health information literacy level.

Discussion

https://www.jmir.org/2022/1/e26308

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e26308 | p.1241
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
The health information literacy levels of the respondents over
60 years old were lower than those of younger respondents, and
there were significant differences in the health information
literacy scores of the respondents of different sexes, education
levels and internet use experiences, which is similar to the
findings of previous studies [18,20,21]. Health information
literacy is an important aspect of individual cultural literacy,
and there is an interactive relationship between health
information attitude and health information skills [27].
Therefore, an important aspect of future health education and
health promotion is enhancing the awareness of patients with
chronic disease on the value of health information and
cultivating their practical ability to obtain internet health
information.
The results of operational task 1 and operational task 2 indicated
that most respondents had a low ability to access health
information. The respondents randomly chose health websites
and could not judge whether the website was reliable based on
the number of visits to the website and the authority of the
articles. Most articles selected by the respondents came from
websites with encyclopedic knowledge or answers from people
based on their own experiences rather than authoritative health
information websites. The respondents’ abilities to download
or save interesting articles were poor. One important reason for
this finding is that people's use of the internet is mostly for
entertainment and leisure (such as using Tiktok and WeChat
[28]). This only requires people to know the basics of Android
or iOS (such as opening an app, returning to the home page,
and selecting and typing text). People use their mobile phones
as a tool to query internet health information only when health
problems occur [29], and proficiency of this tool requires the
support of certain operational abilities (such as using the
browser, opening a web page, downloading files, saving files,
setting up software).
In terms of the quality of the internet health information
obtained, most health-related articles saved by the respondents
did not specify the author, publisher, publication date, or
references. The articles obtained via search engines were
primarily written based on people’s experiences, and most
treatment protocols involved were based on the subjective
opinions of individuals and failed to describe the effects and
risks of the treatment methods. Several articles published on
websites not related to medical health were even chosen as
describing the best treatment options. Although a large number
of internet evaluation tools have been developed, these tools
are mostly designed from the perspective of expert evaluation,
and there are few public-facing evaluation systems [30].
Therefore, it is necessary to develop public-facing internet health
information quality evaluation tools as soon as possible.
Additionally, the results of the DISCERN evaluation indicated
that most respondents lacked the skills to access high-quality
health-related information via the internet. Combining the results
of the health literacy self-assessment with those of the
DISCERN evaluation, we found that most respondents overrated
their ability to seek high-quality health information internet.
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of health-related information obtained from professional health
sites and medical sites was relatively low. Most interviewees
believed that they could retrieve professional health information
from the websites. The popularity of the websites, the quality
of the articles, the illness of the interviewees and the advice of
their doctors were the main reasons for their choice of internet
health information. While 16% of interviewees (9/56) admitted
that they had difficulties saving and downloading health
information, this proportion reached 35% (23/65) in operational
task 2, which contradicted the respondents’ self-assessments.
The respondents' evaluation of internet health information
quality relied more on their own judgements than on other
factors because they did not compare health information from
multiple channels and seldom consulted professionals. Most
respondents rated health-related websites based on the
reasonableness of the page layout and whether there were spam
ads. They were more concerned with the richness and
comprehensibility of the website content than the authenticity
and reliability of the content. This finding indicates that there
is a need to strengthen education on the awareness for internet
health information evaluation among patients with chronic
diseases. Simultaneously, as providers of internet health
information, health websites should also strengthen quality
control of their health information and improve the publicity of
their website so that consumers can more easily find the
high-quality internet health information that they need.

Limitations
This study had some limitations. First, this study investigated
only 70 patients with chronic disease in 10 communities of a
small town near Bengbu City. The sample size was relatively
small, and the scope of the research was limited, which limits
the generalizability of the results to some extent. Second, this
study designed only 3 tasks to evaluate the residents' behavioral
ability to obtain internet health information, which limits the
ability to fully reflect the actual level of rural residents'
behavioral abilities to obtain internet health information. Finally,
some bias was inevitable due to the influence of differences in
social and cultural backgrounds between interviewers and
interviewees who understand the questions differently during
the semistructured interview process. Therefore, the results of
this study should be regarded as preliminary and interpreted
with caution. Despite these limitations, the findings of this study
are valuable for understanding the internet health
information–seeking behavior of patients with chronic diseases
in rural China and their attitudes about internet health
information.

Practical Implications
Governments and relevant departments should strengthen
education for the general public to help them increase their
ability to access internet health information and access free and
high-quality internet health information resources. Governments
and relevant departments should also increase supervision on
the release and dissemination of internet health information
with relevant laws and regulations to improve the internet health
information environment.

In further conversations with 56 of the respondents, we found
that most had directly retrieved health-related information
through search engines (such as Baidu), while the proportion
https://www.jmir.org/2022/1/e26308
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Conclusion
We found that the level of internet information access among
patients with chronic disease living in rural China was moderate.
The vast majority of the respondents recognized the importance
of accessing health information but were not very proactive in
accessing health information via the internet. Furthermore, there
was a gap between their actual ability to access high-quality
internet health information and their self-rated health
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information literacy. Most respondents experienced difficulties
seeking internet health information, and they lacked the skills
to screen for high-quality internet information. Although most
interviewees listed certain methods for judging the quality of
internet health information, the behavioral ability test showed
that they did not follow the expected methods to obtain
high-quality internet health information but rather only made
subjective judgements and showed a certain degree of
randomness in their selection processes.
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Abstract
Background: The use of artificial intelligence (AI) in the medical domain has attracted considerable research interest. Inference
applications in the medical domain require energy-efficient AI models. In contrast to other types of data in visual AI, data from
medical laboratories usually comprise features with strong signals. Numerous energy optimization techniques have been developed
to relieve the burden on the hardware required to deploy a complex learning model. However, the energy efficiency levels of
different AI models used for medical applications have not been studied.
Objective: The aim of this study was to explore and compare the energy efficiency levels of commonly used machine learning
algorithms—logistic regression (LR), k-nearest neighbor, support vector machine, random forest (RF), and extreme gradient
boosting (XGB) algorithms, as well as four different variants of neural network (NN) algorithms—when applied to clinical
laboratory datasets.
Methods: We applied the aforementioned algorithms to two distinct clinical laboratory data sets: a mass spectrometry data set
regarding Staphylococcus aureus for predicting methicillin resistance (3338 cases; 268 features) and a urinalysis data set for
predicting Trichomonas vaginalis infection (839,164 cases; 9 features). We compared the performance of the nine inference
algorithms in terms of accuracy, area under the receiver operating characteristic curve (AUROC), time consumption, and power
consumption. The time and power consumption levels were determined using performance counter data from Intel Power Gadget
3.5.
Results: The experimental results indicated that the RF and XGB algorithms achieved the two highest AUROC values for both
data sets (84.7% and 83.9%, respectively, for the mass spectrometry data set; 91.1% and 91.4%, respectively, for the urinalysis
data set). The XGB and LR algorithms exhibited the shortest inference time for both data sets (0.47 milliseconds for both in the
mass spectrometry data set; 0.39 and 0.47 milliseconds, respectively, for the urinalysis data set). Compared with the RF algorithm,
the XGB and LR algorithms exhibited a 45% and 53%-60% reduction in inference time for the mass spectrometry and urinalysis
data sets, respectively. In terms of energy efficiency, the XGB algorithm exhibited the lowest power consumption for the mass
spectrometry data set (9.42 Watts) and the LR algorithm exhibited the lowest power consumption for the urinalysis data set (9.98
Watts). Compared with a five-hidden-layer NN, the XGB and LR algorithms achieved 16%-24% and 9%-13% lower power
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consumption levels for the mass spectrometry and urinalysis data sets, respectively. In all experiments, the XGB algorithm
exhibited the best performance in terms of accuracy, run time, and energy efficiency.
Conclusions: The XGB algorithm achieved balanced performance levels in terms of AUROC, run time, and energy efficiency
for the two clinical laboratory data sets. Considering the energy constraints in real-world scenarios, the XGB algorithm is ideal
for medical AI applications.
(J Med Internet Res 2022;24(1):e28036) doi:10.2196/28036
KEYWORDS
medical informatics; machine learning; algorithms; energy consumption; artificial intelligence; energy efficient; medical domain;
medical data sets; informatics

Introduction
Machine learning (ML) methods have been successfully
employed in various medical fields [1-5], and energy
consumption during ML inference has been attracting increasing
attention [6-8]. The increasing focus on inference energy can
primarily be attributed to two reasons. First, energy constraints
constitute a major issue when ML is deployed into
battery-powered medical devices [9-11]. Second, to achieve
high predictive performance, the computation and memory
requirements of ML models have increased. The growth of
model size has been well reflected in neural networks (NNs)
over the last decade, which are considered as the main ML
algorithms implemented during this period.
An optimal ML model should achieve balanced predictive
performance and energy efficiency. However, most relevant
studies have only focused on comparing the predictive
performance of different ML algorithms [12-14] and have not
thoroughly explored the energy efficiency of different ML
algorithms in the medical domain. Data formats in the medical
field are diverse, and clinical laboratory data are a common type
of medical data. In real-world settings, single laboratory tests
must be subjected to strict validation procedures before their
clinical use. Thus, the data obtained from such tests usually
comprise features that are highly associated with the prediction
targets. The characteristics of clinical laboratory data sets are
unique, and the energy efficiency of different ML algorithms
for processing clinical laboratory data sets warrants
investigation.
A partial explanation for the poor understanding of energy
efficiency is that estimating energy consumption is more
difficult than estimating other metrics (eg, accuracy) [15].
Several methods exist for evaluating the energy consumption
of ML models. Computational complexity can be used for
theoretically approximating the number of operations; thus, it
can be used to estimate energy consumption (Multimedia
Appendix 1) [16-18]. Studies have established formulas for
estimating energy consumption; these formulas sum the energy
consumption levels of different elementary operations on the
basis of complexity theory and benchmark results [7,19].
However, these formulas are available for only specific ML
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models and cannot be expanded to all algorithms. In addition
to the aforementioned estimation formulas, experimental
approaches can be used for estimating energy consumption.
Currently, simulation and performance counters are the two
main approaches for experimentally estimating energy
consumption [15]. Although simulations enable fine-grained
energy estimation at the architecture and instruction levels, the
use of simulations for large-scale ML tasks is not feasible due
to the considerable overhead involved [15]. By contrast,
performance counters, which are a set of registers in processors
that log specific hardware-related events, do not generate any
overhead; therefore, these counters are suitable for use in
different ML applications.
In this study, we estimated the power consumption of nine
algorithms during ML inference: logistic regression (LR),
k-nearest neighbor (kNN), support vector machine (SVM),
random forest (RF), extreme gradient boosting (XGB), and four
NN-based algorithms. These algorithms were used to classify
two clinical laboratory data sets: a large binary feature set and
a small integer feature set. The following performance measures
were recorded: accuracy, area under the receiver operating
characteristic curve (AUROC), time consumption, and power
consumption. The time and power consumption were determined
using performance counter data from Intel Power Gadget 3.5.
Finally, we performed statistical tests to validate our results.
The results indicated the energy efficiency of each investigated
ML algorithm in medical applications.

Methods
Study Design and Environmental Settings
Figure 1 illustrates the process flowchart of this study. We used
two preprocessed data sets to train ML models with the nine
considered algorithms: a mass spectrometry data set, based on
matrix-assisted laser desorption/ionization time-of-flight mass
spectrometry data of Staphylococcus aureus for predicting
methicillin resistance, and a urinalysis data set, based on
urinalysis data for predicting Trichomonas vaginalis infection.
Subsequently, we comprehensively evaluated the trained models
in terms of predictive performance, time consumption, and
power consumption using independent testing data.
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Figure 1. Process flowchart of this study. LR: logistic regression; kNN: k-nearest neighbor; SVM: support vector machine; RF: random forest; XGB:
extreme gradient boosting; NN1: one-hidden-layer neural network; QNN: quantized five-hidden-layer neural network; PNN: pruned five-hidden-layer
neural network; NN5: five-hidden-layer neural network; AUROC: area under the receiver operating characteristic curve.

All experiments were run on a Windows 10 personal computer
with 4 GB RAM and a 2.3 GHz Intel Core i5-8300H central
processing unit (CPU). All ML models were implemented using
Python 3.7.1 with the following Python libraries: scikit-learn
0.23.1 [20], xgboost 0.90 [21], and pytorch 1.8.1 [22]. Intel
Power Gadget 3.5 [23] was used to acquire time and power
measurements. Additional details regarding the power
measurement and Intel Power Gadget 3.5 are provided in the
“Time Consumption and Power Consumption” section below.
All statistical analyses were performed using the “rstatix”
package of R software (version 4.0.2).

Data Source
Data Set Characteristics
The mass spectrometry and urinalysis data sets adopted in this
study represent distinct feature patterns in ML; Table 1 presents
their characteristics. The mass spectrometry data set has a
relatively large feature set comprising 268 binary features. By
contrast, the urinalysis data set has a small feature set comprising
only nine features, almost all of which are integer features in a
larger range. These data sets have been applied and validated
in previous studies [24-26].

Table 1. Characteristics of the final mass spectrometry and urinalysis data sets.
Data set

Cases, n

Features, n

Binary features, n

Integer features, n

Majority class

Mass spectrometry 3338

268

268

0

Methicillin-resis- 53.0%
tant Staphylococcus aureus

0.50

Urinalysis

9

2

7

Trichomonas
vaginalis-negative

0.49

2898

Mass Spectrometry Data Set
The mass spectrometry data set comprises mass spectral
information on methicillin-resistant and methicillin-sensitive
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Percentage of majority
class (Nmax/N)

57.1%

Gini Impurity

S. aureus isolates. We collected routine mass spectrometry data
about S. aureus samples consecutively from Chang Gung
Memorial Hospital in 2016, and we identified the methicillin
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resistance of every S. aureus isolate by employing the paper
disk method with cefoxitin.
In the original mass spectral data, intensity values are a function
of the mass-to-charge ratio. We preprocessed these data using
a validated binning method [24]. After data preprocessing, every
feature in the mass spectrometry data set was determined to
correspond to a 10-Da interval of mass-to-charge ratio. All the
features are binary features, and the values 1 and 0 represent
the presence and absence of a peak, respectively (ie, the presence
and absence of a sufficient intensity, respectively), in a specific
interval. The final size of the mass spectrometry data set was
3338×268 entries, with no missing values.

Urinalysis Data Set
The urinalysis data set comprises routine urinalysis data
(including leukocyte esterase, nitrite, protein, occult blood, red
blood cell count, white blood cell count, and epithelial cell
count) and demographic data (age and sex) of patients with and
without T. vaginalis infections. The diagnosis of T. vaginalis
infection was made according to microscopic tests. The
urinalysis data set comprises the data of all patients who
received at least one urinalysis test at Chang Gung Memorial
Hospital between January 2009 and December 2013. The
original data set consists of 839,164 cases; because the outcome
distribution is imbalanced in the original data [26], we applied
random undersampling and the synthetic minority oversampling
technique [27]. The final size of the urinalysis data set was
2898×9 entries and the percentage of the majority class was
57.1%.
In the urinalysis data set, “sex” and “nitrite” are binary features,
which are represented by 1 and 0. “Leukocyte esterase,”
“protein,” and “occult blood” data are semiquantitative features,
which are represented on scales ranging from 0 to 4 (“negative,”
“trace,” 1+, 2+, and 3+), 0 to 5 (“negative,” “trace,” 1+, 2+, 3+,
and 4+), and 0 to 5 (“negative,” “trace,” 1+, 2+, 3+, and 4+),
respectively. “Age,” “red blood cell count,” “white blood cell
count,” and “epithelial cell count” are nonnegative integer
features with maximum values of 103, 501, 501, and 101,
respectively. The urinalysis data set does not contain missing
values, and we did not perform further feature selection for this
data set.

Model Training and Validation
Algorithms
LR Algorithm
LR is one of the simplest binary classification algorithms. In
the LR algorithm, the predictive outcome ŷ(x) of given data x
is defined as follows:
ŷ(x)=[1+exp(w0+wTx)]–1
where w and w0 represent the weight vector and bias of the LR
model, respectively. LR is an example of a generalized linear
model, and the output of the LR model represents the estimated
probability of a certain class [17].
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kNN Algorithm
The kNN algorithm is a memory-based algorithm. Accordingly,
predictions of the kNN algorithm are directly based on the
training data set and no additional training is required [28].
Predictions of the kNN algorithm, which are denoted by ŷ(x),
are based on the voting results of the k most similar instances
in the training dataset [29]. The parameter ŷ(x) is defined as
follows:

where K denotes the set of k instances in the training data set
that are most similar to the given data x and w(xi) denotes the
weighted value of the corresponding x′ value. In the kNN
algorithm, the distance between two data points x and x′ is
typically defined as follows:

where q is a given positive number. The Manhattan distance
(for q=1) and the Euclidean distance (for q=2) are the two most
common distance metrics. In this study, the numbers of nearest
neighbors (k) were 27 and 7 in the final models of the mass
spectrometry and urinalysis data sets, respectively.
SVM Algorithm
The SVM algorithm is a commonly used binary classification
method. The purpose of the SVM algorithm is to find a
hyperplane that separates two classes of data with the maximum
margin in the feature space [29]. In the original linear SVM,
the output binary features are labeled as +1 and −1, and the
predictive outcome ŷ(x) of given data x is defined as follows:
ŷ(x)=sign(w0+wTx)
where w and w0 represent the weight vector and bias of the
SVM model, respectively.
The SVM algorithm is frequently applied with kernel
transformations. Kernel functions represent the similarity
between two data points. The radial basis function is one of the
most commonly used kernel functions and is defined as follows:
κ(x,x′)=exp(–||x–x′||2/2σ2)
where σ is the bandwidth. Through kernel transformations, the
original feature space can be mapped into a higher dimension,
which may improve the predictive performance of the SVM
algorithm. For a kernelized SVM algorithm, the following
equation is obtained:

where α is a sparse vector. For all nonzero αi values,
corresponding xi terms represent support vectors. Accordingly,
the final prediction ŷ(x) depends on only the support vectors
and is independent of the remaining training data. In this study,
we selected the kernelized SVM algorithm with the radial basis
function kernel as our final SVM model according to its
validation performance.
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RF Algorithm
RF is an ensemble decision tree classifier. The prediction of the
RF algorithm, namely ŷ(x), depends on the voting results of
numerous decision trees [12]. The parameter ŷ(x) is defined as
follows:

where T represents the set of decision trees in the RF and Ti(x)
represents the predictive outcome of a given decision tree.
RF training involves the “bagging” (ie, bootstrap aggregating)
technique [30]. Accordingly, each decision tree in the RF
considers only a subset of training cases to improve model
generalizability. In addition to the bagging technique, each split
of the decision trees only considers a subset of the input features
during training to prevent the growth of highly correlated trees
[31]. In this study, the number of trees was set to 1000 and 1500
in the final RF models for the mass spectrometry and urinalysis
data sets, respectively.
XGB Algorithm
The XGB algorithm is a type of ensemble algorithm, which
uses the “boosting” technique to reduce the overall bias by
sequentially combining weak classifiers into a model [32]. In
practice, shallow decision trees are typical weak classifiers. The
outcome ŷ(x) of XGB models represents the log odds ratio of
a certain class in binary classification tasks. The parameter ŷ(x)
is defined as follows:

where Ti(x) denotes the M decision tree regressors in the model.
In each iteration, the training of decision trees in XGB is
equivalent to a process of minimizing a certain objective
function. Because XGB is a regularized algorithm [21], its
objective function is different from those of the original gradient
boosting algorithms. The objective function of a given decision
tree in the XGB algorithm can be expressed as follows:

where N denotes the number of leaf nodes in a decision tree
and γ and λ denote given positive numbers. The parameters Gj
and Hj are defined as follows:

where ŷi represents the predictive outcome of training data xi
after a certain number of iterations, l(yi,ŷi) represents a certain
loss function between the predictive and actual outcomes, and
Lj represents the set of data points xi belonging to the jth leaf
node.
In this study, we implemented the XGB model by using the
“xgboost 0.90” Python library.
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NN Algorithms
NN is a type of ML model that is inspired by the human nervous
system. An NN consists of multiple layers of nodes (or neurons).
The layer that receives the initial data is the input layer and the
layer that exports the predictive results is the output layer.
Numerous hidden layers exist between the input and output
layers. The outputs of each node in an NN are obtained
according to the outputs of the nodes in the previous layer [12].
Several types of connection patterns are possible between two
adjacent layers. For example, in a classic fully connected layer,
a series of weighted sums of the inputs is first calculated
according to the given model parameters. These weighted sums
are subjected to nonlinear transformation to obtain the output
of the aforementioned layer. In practice, these steps are
implemented using vectorized expressions, and the output vector
of the nth hidden layer, namely an+1, is expressed as follows:
an+1=g(Θn·an+bn)
where an, Θn, and bn represent the input vector, weight matrix,
and bias vector of the hidden layer, respectively, and g
represents a nonlinear activation function (eg, the sigmoid
function or rectified linear unit activation function).
NNs are ML models that are flexible in terms of the numbers
of hidden layers and nodes in each layer. According to previous
studies, one hidden layer is sufficient for approximating most
continuous functions [33,34]. By contrast, NNs with more than
one hidden layer are called deep NNs, and they have superior
generalization ability to one-hidden-layer NNs [35,36]. With
improvement of the hardware, deep learning models have
become increasingly popular over the past few years. In this
study, we constructed two types of NNs, namely a
one-hidden-layer NN (NN1) and a five-hidden-layer NN (NN5),
as our underlying architectures. NN1 represents the simplest
form of NNs, whereas NN5 represents a deep learning model.
To determine the appropriate architecture of an NN model, some
previous studies offered theoretical heuristics regarding the
number of hidden units in an NN layer. However, the results
ranged widely according to different studies regarding the
optimal number of nodes in a hidden layer [37-40]. Accordingly,
in this study, we selected the final number of hidden units
according to the cross-validation results. After hyperparameter
tuning, we determined that the final sizes of the NN1 and NN5
architectures
were
268×2048×1
and
268×1024×1024×1024×1024×1024×1, respectively, for the
mass spectrometry data set and 9×128×1 and
9×512×512×512×512×1, respectively, for the urinalysis data
set.
Pruned NNs
Pruning is a method for eliminating redundant connections in
NNs [41]. In this method, an NN is converted into a sparse
model to reduce its size. Pruning methods can be unstructured
or structured [42]. Unstructured pruning eliminates the
individual parameters in an NN, whereas structured pruning
eliminates the connections in large units such as hidden units
in a fully connected layer or channels in a convolutional layer.
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In this study, we applied global unstructured pruning to
eliminate connections from the entire NN. The pruned NNs
displayed in the figures are NN5s with a sparsity of 50%.
However, we implemented pruning with sparsity values of 25%,
50%, and 75% for the NN1 and NN5 models. The detailed
results regarding other pruned NNs are provided in Multimedia
Appendix 2-5.
Quantized NNs
Quantization is a common method for model compression. In
this method, the model size is reduced by computing and storing
parameters with low bit widths [43]. Two main quantization
methods exist in the Pytorch framework: dynamic and static
quantization [22]. Dynamic quantization is the simplest
quantization method. In dynamic quantization, the weights of
the quantized layers in an NN are replaced with low-precision
data, and the activations are quantized just before entering each
quantized layer during inference. By contrast, in static
quantization, the parameters for activation quantization are
determined before the inference phase. Therefore, static
quantization requires an additional calibration with a data set
before inference.
In this study, the parameters of the original NN1 and NN5
models were tensors in the single-precision floating-point
format; the quantized models had a quantized 8-bit signed
integer data format. The quantized NNs displayed in the figures
are NN5s. However, we implemented dynamic quantization for
both the NN1 and NN5 models, and the detailed results
regarding quantized NNs are provided in Multimedia Appendix
2-5.

Model Construction
In this study, we selected the aforementioned supervised ML
algorithms according to their maturity and popularity. For every
ML model, we tuned the hyperparameters in each algorithm
through 5-fold cross-validation. The cutoff with the highest
Youden index was selected as the final cutoff in each model
[44].

Model Comparison on Deployment
Predictive Performance
We evaluated the predictive performance of all final models
using independent testing data sets. We selected accuracy and
AUROC as the predictive performance metrics. The 95% CIs
of both accuracy and AUROC were calculated.
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Time and Power Consumption
We derived the inference time and power data from Intel Power
Gadget 3.5 [23]. This commercial product provides power data
on the basis of Intel Running Average Power Limit (RAPL)
interface estimation. RAPL is a driver that provides a set of
performance counter data on time, power, and energy [45,46].
We implemented the ML models using command lines and
logged the time and power data using PowerLog3.0.exe, a
command line version of Intel Power Gadget that allows users
to log the time and power data of a specific command line. In
addition, because Intel Power Gadget only provides the energy
data of the entire processor, all testing procedures were
performed without background programs. The measurement
for each algorithm was repeated 100 times.

Statistical Analysis
We initially employed the Shapiro-Wilk test to check for
normality. If the assumption of normality did not hold, we
subsequently adopted the Friedman test to compare the means
of different groups. The pairwise Wilcoxon signed-rank test
was used to identify which groups were different. P values were
adjusted using the Bonferroni multiple testing correction
method. All statistical tests were two-sided with an α error level
of .05.

Results
Predictive Performance of ML Algorithms
Figure 2 and Figure 3 display the classification accuracy rates
and AUROC values for the various ML models, respectively.
Almost all models had high accuracy rates. All algorithms,
except for the kNN algorithm, achieved an accuracy rate of at
least 70% for the mass spectrometry data set. Moreover, all
algorithms, except for the SVM algorithm, achieved an accuracy
rate of at least 70% for the urinalysis data set. As displayed in
Figure 3, the two tree-based methods, namely the RF and XGB
algorithms, achieved the two highest AUROC values for both
datasets (84.7% and 83.9% for the mass spectrometry data set,
respectively; 91.1% and 91.4% for the urinalysis data set,
respectively). In particular, the RF and XGB algorithms
exhibited significantly higher AUROC values than those of
most of the other algorithms (eg, kNN, SVM, pruned five-hidden
layer NN [PNN], and NN5) for the urinalysis data set. The
results regarding the algorithms’ predictive performance are
detailed in Multimedia Appendix 2 and Multimedia Appendix
3.
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Figure 2. Classification accuracy rates of different algorithms implemented on the mass spectrometry and urinalysis data sets. The black bars indicate
the 95% CIs of the classification accuracy. LR: logistic regression; kNN: k-nearest neighbor; SVM: support vector machine; RF: random forest; XGB:
extreme gradient boosting; NN1: one-hidden-layer neural network; QNN: quantized five-hidden-layer neural network; PNN: pruned five-hidden-layer
neural network; NN5: five-hidden-layer neural network.

Figure 3. AUROC values of different algorithms implemented on the mass spectrometry and urinalysis data sets. The black bars indicate the 95% CIs
of the AUROC. LR: logistic regression; kNN: k-nearest neighbor; SVM: support vector machine; RF: random forest; XGB: extreme gradient boosting;
NN1: one-hidden-layer neural network; QNN: quantized five-hidden-layer neural network; PNN: pruned five-hidden-layer neural network; NN5:
five-hidden-layer neural network; AUROC: area under the receiver operating characteristic curve.
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Inference Times of ML Algorithms
Figure 4 presents a comparison of the inference times of the
various ML algorithms. All algorithms completed the inference
process within 1 millisecond. The XGB and LR algorithms had
the shortest runtimes (0.47 milliseconds for both in the mass
spectrometry data set; 0.39 and 0.47 milliseconds, respectively,
for the urinalysis data set). The Wilcoxon signed-rank test results
revealed that the run times of these two algorithms differed
significantly (P<.001) from those of the other algorithms, except

Yu et al
for NN1. The SVM and RF algorithms exhibited the highest
time consumption for the mass spectrometry and urinalysis data
sets, respectively. In particular, the RF algorithm exhibited a
higher run time compared with that of all other algorithms,
except for the SVM algorithm, for both data sets (P<.001). The
results regarding the time consumption of the algorithms are
detailed in Multimedia Appendix 4-5, and the corresponding P
values derived from the Wilcoxon signed-rank test are presented
in Multimedia Appendix 6-7.

Figure 4. Time consumed in single prediction for the mass spectrometry and urinalysis data sets. LR: logistic regression; kNN: k-nearest neighbor;
SVM: support vector machine; RF: random forest; XGB: extreme gradient boosting; NN1: one-hidden-layer neural network; QNN: quantized
five-hidden-layer neural network; PNN: pruned five-hidden-layer neural network; NN5: five-hidden-layer neural network.

Power Consumption of ML Algorithms
Figure 5 presents a comparison of the power consumption levels
of the ML algorithms. Algorithms of the same type consumed
similar amounts of power. For example, both tree-based
algorithms (RF and XGB) consumed limited power, whereas
all NN-based models (NN1, quantized five-layer hidden NN
[QNN], PNN, and NN5) consumed considerable power. The
XGB algorithm exhibited the lowest power consumption for
the mass spectrometry data set (9.42 Watts) and the LR
algorithm exhibited the lowest power consumption for the
urinalysis data set (9.98 Watts). According to the results of the
Wilcoxon signed-rank tests (Multimedia Appendix 6-7), the
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LR and XGB algorithms exhibited lower power consumption
levels than did the kNN algorithm and all NN-based algorithms
for both datasets (P≤.001). The NN5, kNN, PNN, QNN, and
NN1 algorithms exhibited higher power consumption levels
compared with those of the other algorithms. Although pruning
and quantization reduced the power consumption levels of the
NN algorithms, the energy efficiency levels of the PNN and
QNN algorithms did not surpass those of all the non-NN–based
algorithms, except for the kNN algorithm. The results regarding
power consumption are detailed in Multimedia Appendix 4-5,
and the corresponding P values derived from the Wilcoxon
signed-rank test are presented in Multimedia Appendix 6-7.
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Figure 5. Power consumption levels of the different algorithms implemented on the mass spectrometry and urinalysis data sets. LR: logistic regression;
kNN: k-nearest neighbor; SVM: support vector machine; RF: random forest; XGB: extreme gradient boosting; NN1: one-hidden-layer neural network;
QNN: quantized five-hidden-layer neural network; PNN: pruned five-hidden-layer neural network; NN5: five-hidden-layer neural network.

Overall Comparison
Figure 6 and Figure 7 display scatter plots of the performance
of the various algorithms in predicting S. aureus methicillin
resistance and T. vaginalis infection. The horizontal and vertical
axes in these figures represent the AUROC and average power
consumption, respectively. The two dashed lines in the figures
represent the average AUROC values and mean power
consumption levels for the nine algorithms. Only the XGB and
RF algorithms had higher than average AUROC and power
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consumption results for both data sets. Figure 6 and Figure 7
also illustrate the difference between the NN-based and
non-NN–based algorithms. All NN-based algorithms are located
in the lower half-plane in these figures and all the other
algorithms, except for the kNN algorithm, are located in the
upper half-plane in the figures. These results indicate that the
NN-based algorithms had higher power consumption levels
than those of the non-NN–based algorithms, even when model
compression was executed through methods such as pruning or
quantization.
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Figure 6. Predictive performance (AUROC)–power consumption plot of the nine algorithms for the mass spectrometry data set. The two tree-based
algorithms (RF and XGB) achieved a balanced predictive performance and power consumption. The horizontal and vertical dashed axes indicate the
mean energy consumption and mean AUROC of the nine predictive models, respectively. Each algorithm is located in one of the four quadrants. The
gray rectangle around each data point denotes the 95% CI of the AUROC and power consumption. LR: logistic regression; kNN: k-nearest neighbor;
SVM: support vector machine; RF: random forest; XGB: extreme gradient boosting; NN1: one-hidden-layer neural network; QNN: quantized
five-hidden-layer neural network; PNN: pruned five-hidden-layer neural network; NN5: five-hidden-layer neural network; AUROC: area under the
receiver operating characteristic curve.
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Figure 7. Predictive performance (AUROC)–power consumption plot of the nine algorithms for the urinalysis dataset. The two tree-based algorithms
(ie, RF and XGB) achieved a balanced predictive performance and power consumption. The horizontal and vertical dashed axes indicate the mean
energy consumption and mean AUROC of the nine predictive models, respectively. Each algorithm is located in one of the four quadrants. The gray
rectangle around each data point denotes the 95% CI of the AUROC and power consumption. LR: logistic regression; kNN: k-nearest neighbor; SVM:
support vector machine; RF: random forest; XGB: extreme gradient boosting; NN1: one-hidden-layer neural network; QNN: quantized five-hidden-layer
neural network; PNN: pruned five-hidden-layer neural network; NN5: five-hidden-layer neural network; AUROC: area under the receiver operating
characteristic curve.

Discussion
Principal Findings and Related Works
In this study, we compared the predictive performance, time
consumption, and power consumption of nine algorithms using
two clinical laboratory data sets. The XGB algorithm achieved
a balanced performance with respect to the aforementioned
metrics, indicating that the XGB algorithm is ideal for medical
artificial intelligence applications with energy constraints.
In addition to this study, previous studies have performed
comparative analyses of various ML algorithms in the medical
domain [12,13,47]. However, only few studies have considered
the inference efficiency in addition to the predictive
performance. Zhang et al [13] compared the simplicity of seven
algorithms by assessing their memory usage and training time
for 12 public biomedical data sets. In another study, Deng et al
[47] assessed the inference time of decision tree, SVM, RF, and
NN algorithms. In this study, we executed our efficiency
evaluation by directly exploring and comparing the power
consumption levels of ML algorithms. Furthermore, all power
consumption data were obtained according to real-time
experimental results from performance counters.
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Predictive Performance of ML Algorithms
The RF and XGB algorithms exhibited higher AUROC values
than did the other algorithms for both data sets. This finding is
similar to those of previous studies. In a study that considered
11 performance metrics, the RF algorithm and
probability-calibrated boosted trees exhibited the best
performance among 10 algorithms [48]. Other previous analyses
also indicated that the RF and XGB algorithms consistently
exhibit good performance for most biomedical data sets [13,14].
These algorithms have certain advantages; for example, they
exhibit adequate scalability to large data sets and are more robust
than other types of algorithms [17]. Medical data sets usually
comprise features with strong signals; this is because only
well-validated markers are routinely tested in clinical scenarios.
Under this condition, tree-based methods would not be inferior
to relatively complex models such as NN-based models.
However, one should remember the “no free lunch theorem”
[49], which suggests that no model exhibits superior
performance universally. This statement is true because every
algorithm is proposed on the basis of different underlying
assumptions, which may fit only specific types of data.
Therefore, different algorithms should be investigated when the
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predictive performance of a certain model does not match the
expectation.

Inference Time of ML Algorithms
In this study, the XGB and LR algorithms exhibited the shortest
run times (both 0.47 milliseconds for the mass spectrometry
data set; 0.39 and 0.47 milliseconds, respectively, for the
urinalysis data set). The SVM and RF algorithms exhibited the
highest time consumption levels for the mass spectrometry and
urinalysis data sets, respectively. Notably, although the XGB
and RF algorithms are ensemble algorithms based on decision
trees, the XGB algorithm consumed less time than the RF
algorithm. This finding is possibly due to differences in the
depth and number of trees between these algorithms. For both
data sets, the XGB model had shallower trees than did the RF
model (for the mass spectrometry and urinalysis data sets, the
maximum depths of the XGB decision trees were 6 and 10,
respectively, and the average depths of the RF trees were 29
and 21, respectively). An explanation for this finding is that
boosting reduces the bias of weak classifiers [17,50] and that
bagging reduces the variance of complex classifiers [51]. Thus,
the XGB algorithm may have shallower decision trees compared
with those of the RF algorithm for the same prediction task. In
addition to the depth difference, the number of trees may be
another cause of the run time difference between the two
tree-based algorithms (for the mass spectrometry and urinalysis
data sets, the XGB algorithm contained 120 and 32 decision
trees, respectively, and the RF algorithm contained more than
1000 decision trees). In an RF model, increasing the number of
decision trees does not engender overfitting [18,30]. However,
this characteristic may result in a final model with excessive
decision trees after conventional grid-search cross-validation.
By contrast, because an excessive number of decision trees
results in overfitting in an XGB model, an XGB model with
optimal predictive performance would have an appropriate
number of trees. Furthermore, to identify the suitable tree
numbers, the early stopping technique is frequently used during
training of XGB models in practice [52]. In conclusion, the
shorter run time of the XGB algorithm compared with the RF
algorithm is possibly due to the different characteristics of these
algorithms.

Power Consumption of ML Algorithms
The NN algorithms (NN1, QNN, PNN, and NN5) and the kNN
algorithm exhibited the highest power consumption levels in
this study, and the two tree-based algorithms (ie, RF and XGB)
exhibited the lowest power consumption levels. Tree-based
algorithms use the data structure of search trees for making
inferences. The inference process mainly involves comparison
operations at tree nodes and irregular memory access operations
for subtree retrievals. In contrast to several other ML algorithms,
tree-based algorithms typically do not use multiplication
operations. The comparison and memory access operations in
tree-based algorithms consume less energy than do
multiplication operations [53,54]. The experiments in this study
were run on a general-purpose CPU. Therefore, if necessary,
the energy efficiency of tree-based algorithms can be increased
using specialized hardware accelerations [55-57].
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NNs have been regarded as the main tools for implementing
ML in the last few years. The development of different NN
architectures (eg, convolutional NNs and recurrent NNs) has
contributed to considerable improvements in unstructured data
analyses [35,55]. However, NNs have high power consumption.
Thus, NNs should not always be considered as the preferred
algorithm for implementing ML, unless they exhibit superior
predictive performance compared with other algorithms. In this
study, the adopted NNs consumed considerable power because
of their high computational and communication demands. The
computational demand of an NN refers to the large number of
multiply-add operations in the forward propagation process,
and the communicational demand of an NN refers to the energy
cost of moving large quantities of data frequently between the
processor and memory [7,58].
Several methods are available for reducing the power
consumption of NNs. NNs have diverse architectures, and
constructing an NN with a small architecture is an effective
method for improving energy efficiency, as reflected by the
difference in power consumption between the NN1 and NN5
models in this study (see Multimedia Appendix 3 and 5). In
addition to constructing a small model, a given NN model can
be compressed to reduce power consumption. In this study, we
implemented and evaluated two common methods for NN
compression, namely pruning [10,41] and quantization [59].
According to the obtained results, these model compression
methods reduced the power consumption levels of the NNs.
However, the NN-based algorithms did not exhibit higher energy
efficiency levels compared with those of the non-NN–based
algorithms, even after model compression. Furthermore,
although energy optimization methods such as quantization are
frequently used for NNs, these methods are not specific to NNs
[60,61]. Thus, quantization can be feasibly applied to other ML
algorithms if their power consumption must be decreased.

Overall Comparison
In summary, the XGB algorithm achieved balanced predictive
performance and energy efficiency levels. Figure 6 and Figure
7 display the predictive performance–power consumption plots
of the nine algorithms for the mass spectrometry and urinalysis
data sets, respectively. In these figures, the two tree-based
algorithms, namely the XGB and RF algorithms, are located in
the right-upper quadrant, which indicates that they had higher
than average predictive performance and lower than average
power consumption. However, the XGB algorithm consumed
less time than the RF algorithm (P<.001, according to the
Wilcoxon signed-rank test; Figure 4 and Multimedia Appendix
6-7). Thus, the XGB algorithm achieved a higher energy
efficiency level than the RF algorithm because the overall energy
consumption for ML inference depends on not only power
consumption but also on inference time.
Deep learning models are the main ML algorithms applied
currently. These algorithms achieve state-of-the-art predictive
performance for unstructured data sets (eg, data sets for
computer vision and natural language processing) [55].
However, deep learning algorithms may be unnecessary for
making predictions based on clinical laboratory data sets. In
Figures 6 and 7, all of the NN-based algorithms are located in
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the lower half-plane, signifying that the NN-based algorithms
consumed more power than did most of the other algorithms.
Pruning and quantization increased the efficiency levels of the
NN-based algorithms; however, the increase was limited, and
the energy efficiency levels of these algorithms did not surpass
that of the XGB algorithm. Moreover, the NN-based algorithms
did not exhibit higher AUROC values compared with those of
the simple tree-based algorithms. The experimental results
indicate that for data analysis in the clinical laboratory domain,
simpler models such as the XGB model may be sufficient to
achieve state-of-the-art predictive performance. Deep NNs are
unsuitable for such data sets due to the high power consumption
of these networks.

Limitations
This study has some limitations. First, because Intel Power
Gadget 3.5 only provides the energy consumption of the entire
processor [15], one should focus on the comparison of the
investigated ML algorithms and not on the absolute power
consumption obtained. Second, this study considered only two
clinical laboratory data sets. Because energy consumption varies
between data sets, a large-scale study based on a variety of
medical data sets is essential for confirming the results of this
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study. Finally, the results were obtained using a general-purpose
CPU; however, energy consumption may vary across different
processors. Currently, ML is frequently implemented using
hardware acceleration techniques. Although hardware devices
such as discrete graph processing units or tensor processing
units are not ubiquitous equipment in clinical settings, their
energy efficiency levels are worth investigation. Energy
efficiency is a major issue in embedded systems, and studies
have been performed on the energy optimization of different
algorithms [6,11,19]. Executing a fair comparison of energy
efficiency under different hardware implementations is difficult.
Hence, a well-designed comparative analysis of energy
efficiency across different optimized methods is essential for
obtaining general conclusions.

Conclusions
This study comprehensively compared various ML algorithms
in terms of their predictive performance, time consumption, and
power consumption when implemented on two clinical
laboratory data sets. According to the results, the XGB algorithm
attained balanced performance levels in terms of the
aforementioned parameters for the two data sets. Thus, the XGB
algorithm is ideal for application in real-world clinical settings.
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Abstract
Background: Electronic health records (EHRs) are a rich source of longitudinal patient data. However, missing information
due to clinical care that predated the implementation of EHR system(s) or care that occurred at different medical institutions
impedes complete ascertainment of a patient’s medical history.
Objective: This study aimed to investigate information discrepancies and to quantify information gaps by comparing the
gynecological surgical history extracted from an EHR of a single institution by using natural language processing (NLP) techniques
with the manually curated surgical history information through chart review of records from multiple independent regional health
care institutions.
Methods: To facilitate high-throughput evaluation, we developed a rule-based NLP algorithm to detect gynecological surgery
history from the unstructured narrative of the Mayo Clinic EHR. These results were compared to a gold standard cohort of 3870
women with gynecological surgery status adjudicated using the Rochester Epidemiology Project medical records–linkage system.
We quantified and characterized the information gaps observed that led to misclassification of the surgical status.
Results: The NLP algorithm achieved precision of 0.85, recall of 0.82, and F1-score of 0.83 in the test set (n=265) relative to
outcomes abstracted from the Mayo EHR. This performance attenuated when directly compared to the gold standard (precision
0.79, recall 0.76, and F1-score 0.76), with the majority of misclassifications being false negatives in nature. We then applied the
algorithm to the remaining patients (n=3340) and identified 2 types of information gaps through error analysis. First, 6% (199/3340)
of women in this study had no recorded surgery information or partial information in the EHR. Second, 4.3% (144/3340) of
women had inconsistent or inaccurate information within the clinical narrative owing to misinterpreted information, erroneous
“copy and paste,” or incorrect information provided by patients. Additionally, the NLP algorithm misclassified the surgery status
of 3.6% (121/3340) of women.
Conclusions: Although NLP techniques were able to adequately recreate the gynecologic surgical status from the clinical
narrative, missing or inaccurately reported and recorded information resulted in much of the misclassification observed. Therefore,
alternative approaches to collect or curate surgical history are needed.
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Introduction
Electronic health records (EHRs) are a rich source of
longitudinal patient information that can efficiently and
cost-effectively be used for clinical care as well as for research.
However, missing information due to clinical care that predated
the implementation of EHR system(s) or that occurred at
different medical institutions may result in an incomplete
medical history. For example, gynecologic surgery history is
essential for assessing women’s health, given the increased risk
of aging-related outcomes among women undergoing these
surgeries [1-6]. However, assessment of surgical status is
complicated by the significant time interval (ie, decades)
between these procedures and the subsequent aging-related
events because these procedures occurred at different medical
institutions. In addition, collecting comprehensive gynecological
surgery history is challenging because various surgical
combinations are performed: hysterectomy with or without
oophorectomy, unilateral or bilateral oophorectomy, and
unilateral oophorectomy followed by the removal of the
remaining ovary at a later date.
The approaches to mitigate these types of information gaps in
a patient’s medical history are (1) patient-provided information
either by questionnaires or data collection during a clinical visit
or (2) chart review. However, time constraints on providers can
delay or prevent accurate assessment of medical history [7,8].
Further, patient-provided information can be limited or be
inaccurate due to recall errors or lack of health literacy [9,10].
Manual chart abstraction of past medical records can overcome
these issues but is often labor-intensive and time-consuming.
Natural language processing (NLP) techniques may be used to
automatically extract relevant clinical information in a high
throughput fashion. However, the medical history information
of a patient is often a mix of paper records and EHRs distributed
over multiple systems within or across multiple health care
institutions [11]. This can be due to the evolution of clinical
documentation at a single health care institution or the
involvement of multiple health care institutions over the lifespan
of patients. In some instances when upgrading EHR systems,
past records are not loaded and some data elements may be
completely dropped owing to differences in the underlying data
models between the 2 systems [12,13]. In addition, patients can
move in and out of health care institutions over time owing to
personal preference, insurance coverage, or the referral process
[14].
In this study, we had a unique opportunity to quantify
information gaps by comparing the historical gynecologic
surgery information obtained from EHR data of a single
institution by using NLP techniques with the surgical history
information that was manually curated through chart review of
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records from multiple independent regional health care
institutions.

Methods
Gold Standard Cohort
The Mayo Clinic Cohort Study for Oophorectomy and Aging-2
(MOA-2) consisted of 570 women who underwent unilateral
oophorectomy and 1653 women who underwent bilateral
oophorectomy in Olmsted County, Minnesota between 1988
and 2007 before the age of 50 years [5,15,16]. Bilateral
oophorectomy was defined as the removal of both ovaries in
the same surgery or as the removal of the remaining ovary if 2
separate unilateral oophorectomies were performed. Women
were excluded if they had undergone natural menopause before
the oophorectomy. Women were also excluded if the
oophorectomy was performed as a treatment for ovarian cancer,
for estrogen-sensitive cancer, or if they carried a high-risk
genetic variant. Each woman was matched by age (+/- 1 year)
to a population-based referent woman who had not undergone
any oophorectomy (570 unilateral referent women) or bilateral
oophorectomy (1653 bilateral referent women) as of the date
of surgery (index date) [5,15,16].
All women were identified using the Rochester Epidemiology
Project (REP) medical records–linkage system [17-20]. Each
health care provider in Olmsted County, Minnesota, uses a unit
(or dossier) medical record system whereby all data collected
on an individual are assembled in one place. Through the REP,
these health care providers have agreed to share their patient
records for research studies approved by the Institutional Review
Boards of Mayo Clinic and Olmsted Medical Center [17]. In
2017, the REP contained approximately 2.3 million patient
records from 54 different health care providers that matched to
more than 591,000 individuals who had been residents of the
Olmsted County at some point between 1966 and 2017. The
REP captures virtually the entire population of Olmsted County
as compared to the US Census (>99.9% of the 1970-2010 census
counts) [18].
In MOA-2, available paper medical records and EHR data for
each of the women were manually abstracted to confirm
gynecological surgeries from all available REP sources before
the index date and up to the last follow-up date. Thus, MOA-2
represents a gold standard data set with complete capture of
surgical histories from all REP sources. Gynecological surgery
status was divided into the following 6 mutually exclusive
categories: bilateral oophorectomy only, hysterectomy and
bilateral oophorectomy, unilateral oophorectomy only,
hysterectomy and unilateral oophorectomy, hysterectomy only,
and no surgery. Since each woman may have undergone multiple
gynecological surgeries throughout her life (eg, an initial
hysterectomy followed by a bilateral oophorectomy at a later
date), a single status was assigned as of the latest individual
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follow-up date for each woman. Follow-up dates ranged from
January 1997 through August 2019.
MOA-2 included 4446 women, of whom 173 were represented
in the cohort twice, leaving 4273 unique women. For this study,
we excluded women who died prior to the start of the Mayo
Clinic EHR in 1997 (n=13), women without a Mayo Clinic
medical record number (n=28), women who did not provide
research authorization for medical records review (n=102), or
women with no information available in the Mayo Clinic EHR
(n=260). The final cohort consisted of 3870 unique women.

(Table 1). However, owing to the rarity of “bilateral
oophorectomy without hysterectomy,” only 30 women were
included. The surgical status was then reviewed for women
included in the train and test sets (n=530) by one of the 2 trained
annotators (EDM and Ellen E Koepsell) using only data
available within the Mayo EHR. The annotators were blinded
to both the external gold standard status and abstractions of the
other annotator. A stratified random sample by surgery type of
10.2% (54/530) of the women was additionally used to assess
interannotator reliability, which was evaluated by percentage
agreement and Cohen kappa.

Single-Institution Surgery Status Abstraction
Using labels from the gold standard, we randomly selected 100
women from each surgical status category for train and test sets
Table 1. Gynecological surgical status of the patients in this study (N=3870).

a

Surgery status in MOA-2a

Train set (n=265)

Test set (n=265)

Remaining set (n=3340)

No surgery (n=1473)

50

50

1373

Bilateral oophorectomy only (n=35)

15

15

5

Hysterectomy and bilateral oophorectomy (n=1685)

50

50

1585

Unilateral oophorectomy only (n=214)

50

50

114

Hysterectomy and unilateral oophorectomy (n=247)

50

50

147

Hysterectomy only (n=216)

50

50

116

MOA-2: Mayo Clinic Cohort Study of Oophorectomy and Aging-2.

NLP
To facilitate high-throughput surgical status extraction from the
Mayo Clinic EHR, the train set was used to develop a rule-based
NLP algorithm, and the test set was used to evaluate the NLP
algorithm performance (Figure 1). The NLP algorithm was built
using MedTagger applied to text from clinical notes, as well as
pathology, radiology, and surgical operative reports in the Mayo
Clinic EHR. MedTagger is a pipeline tool capable of extracting
clinical events from the unstructured text given a clinical
dictionary and ruleset [21]. MedTagger was designated as an
NLP platform by Mayo Clinic for clinical NLP research. To
develop the NLP algorithm to determine the status of
gynecological surgery for each woman, MedTagger was adapted
to extract surgery concepts within the clinical sections relevant
to medical history and current clinical care (Multimedia
Appendix 1). In detail, we utilized the series of the pipeline of
MedTagger, such as sentence detection, tokenization, concept
identification, and assertion. We aggregated the extracted
concepts based on rules (Multimedia Appendix 2) at the patient
level to determine the status of the patient’s surgery. For
example, a sentence in clinical notes, “A total abdominal
hysterectomy with bilateral salpingo-oophorectomy was
performed the usual fashion,” triggers 2 concepts,

https://www.jmir.org/2022/1/e29015

XSL• FO
RenderX

“hysterectomy” and “bilateral salpingo-oophorectomy,” through
the pipeline of MedTagger. The NLP algorithm determines the
patient’s surgery status as “Hysterectomy and bilateral
oophorectomy." Only concepts relevant to the women (ie, not
family history) with positive and assertive contextual
information were considered valid. If the sentence included a
valid oophorectomy concept and contained the word “left,” this
was categorized as “left side oophorectomy,” whereas those
having the word “right” were categorized as “right side
oophorectomy.” During the process of aggregating the extracted
concepts on the patient level, if none of the concepts contain
the laterality of a unilateral oophorectomy surgery, it was
considered “left side oophorectomy” as default and classified
as unilateral oophorectomy. The final surgical status for each
woman was determined by applying rules to all valid concepts
relevant to the woman (Multimedia Appendix 2). Because
temporal information is also critical, we explored the extraction
of the surgery date information for 3 types of surgeries, that is,
unilateral oophorectomy, bilateral oophorectomy, and
hysterectomy in the train and test sets (n=530). We extracted
all date information based on 3 patterns, that is,
DD/MM/YYYY, DD/MM/YY, or YYYY from sentences
containing the surgery information.
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Figure 1. An overview of this study to classify the surgical histories of patients. MOA-2: Mayo Clinic Cohort Study of Oophorectomy and Aging-2;
NLP: natural language processing.

Performance Evaluation
To evaluate the performance of the NLP algorithm, we
calculated precision (ie, positive predictive value), recall (ie,
sensitivity), F1-score, and accuracy. Precision represented the
proportion of women that the NLP algorithm determined as
having surgery who truly had the surgery. Recall indicated the
proportion of women who truly had surgery and were
determined by the NLP algorithm as having had surgery.
F1-score was the harmonized measurement between precision
and recall. Accuracy was the proportion of correctly classified
surgery statuses by the NLP algorithm. All performance
measures were calculated both with respect to surgical status
ascertained from the Mayo Clinic EHR as well as the MOA-2
gold standard. Since we have a limited number of women with
bilateral oophorectomy only, we reported both macro average
metrics for overall surgery status (which calculated the matrix
independently by surgery status but not considering weights for
sample size) and weighted average metrics for overall surgery
status (with weighting by sample size). Recognizing that missing
data are common owing to movement in and out of health care
systems, we also analyzed the recovery ratio of the surgery
status information (using the weighted average F1-score)
between the limited and reverse-chronological years of records
and the total years of records by the NLP algorithm.

Discrepancy Analysis
After training and validating the NLP algorithm, it was
subsequently applied to all remaining Mayo records. All
discrepancies between NLP classifications and gold standard
MOA-2 data were then identified and manually reviewed by 1
annotator (EDM), which were subsequently classified into 3
categories: external information gaps, internal information gaps,
and technical errors by the NLP algorithm. External
discrepancies were defined as differences in surgical status
between the 2 sources (eg, the gold standard categorizes a
woman as having surgery, but the surgery is not mentioned in
the Mayo Clinic EHR) and were reviewed by another annotator
(LGR, a physician) to determine the true surgical status. Internal
discrepancies were differences due to inconsistent or inaccurate
https://www.jmir.org/2022/1/e29015
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surgery history information in the Mayo Clinic EHR (eg, partial
vs complete surgery). Finally, we also identified technical errors
by the NLP algorithm (eg, negated but classified as positive).

Ethics Approval
The study was approved by the Mayo Clinic and Olmsted
Medical Center Institutional Review Boards.

Results
Corpus Analysis and Results of the NLP Algorithm on
the Train and Test Sets
In this cohort, the median age at follow-up was 60 years (IQR
54-66 years), and the median length of follow-up was 16.2 years
(IQR 11.1-21.1 years). Among 3870 women, 1473 (38.1%) did
not undergo gynecologic surgery, while 2397 (61.9%) underwent
at least one gynecologic surgery before their latest follow-up
date. Most women with gynecologic surgery history (2069/2397,
86.3%) had only 1 surgical date, 12.7% (304/2397) had 2
separate surgery dates, and 1% (24/2397) had 3 separate surgery
dates.
Among the 54 cases selected for interannotator reliability
assessment, the percentage agreement was 90.7% (49/54) and
the kappa statistic was 0.85. Of the 530 patients initially selected
for annotation, 446 (84.2%) were accurately annotated using
the Mayo EHR compared to the MOA-2 gold standard
(Multimedia Appendix 3). In general, disagreement between
Mayo-annotated and MOA-2 gynecologic surgery statuses was
large with respect to false negatives (ie, Mayo annotations
inaccurately assigned to “no surgery”), which comprised 59 of
the 84 total misclassifications (70.2%).
We present the test-set performance metrics relative to the Mayo
annotation labels and MOA-2 gold standard labels in Table 2
(and train set performances reported in Multimedia Appendix
4). Using surgical statuses extracted from the Mayo EHR, the
NLP algorithm correctly classified 82.3% of women (218/265
women in the test set), with weighted averages of 0.85 precision,
0.82 recall, and 0.83 F1-score. When compared to the MOA-2
labels, performance dropped moderately and the surgical status
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date. The NLP algorithm achieved precision of 0.79, recall of
0.76, and weighted average F1-score of 0.76 in the test set
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(Table 2). Performance measures varied by the surgery type,
with the lowest performance observed for assessing “bilateral
oophorectomy only” and the highest for identifying
“hysterectomy only.”

Table 2. Test set evaluation (n=265) of the natural language processing algorithm using Mayo and Mayo Clinic Cohort Study of Oophorectomy and
Aging-2 annotations.
Algorithm surgery type

a

MOA-2a

Mayo
Precision

Recall

F1-score

Precision

Recall

F1-score

No surgery

0.98

0.81

0.89

0.74

0.96

0.83

Bilateral oophorectomy only

0.42

0.62

0.50

0.58

0.47

0.52

Hysterectomy and bilateral oophorectomy

0.68

1.00

0.81

0.62

0.90

0.73

Unilateral oophorectomy only

0.94

0.74

0.83

0.97

0.66

0.79

Hysterectomy and unilateral oophorectomy

0.84

0.71

0.77

0.84

0.64

0.73

Hysterectomy only

0.81

0.88

0.84

0.86

0.74

0.80

Overall macro average

0.78

0.79

0.77

0.77

0.73

0.73

Overall weighted average

0.85

0.82

0.83

0.79

0.76

0.76

MOA-2: Mayo Clinic Cohort Study of Oophorectomy and Aging-2.

If we restricted the NLP algorithm to use recent clinic notes in
the reverse-chronological order from individual follow-up dates,
1 year of clinical notes yielded only 17.1% (0.13/0.76) of the
surgical status information compared to the original weighted
average F1-score of 0.76. A minimum of 14 years of narrative
notes in the test set was required for the NLP algorithm to
recover 90% of the surgical status information. The overall trend
of the weighted average F1-score recovery ratio according to

reverse-chronological year is represented in Figure 2. About
62.3% (268/430) of women had the surgery date information
present in at least one clinical note. We also observed a disparity
in date information by surgery status. Specifically, only 23%
(46/200) of women with unilateral oophorectomy surgery had
the date information present. In contrast, 70% (91/130) of
women with bilateral oophorectomy and 82.7% (248/300) of
women with hysterectomy had the date information present.

Figure 2. Recovery ratio for the surgery status information by years of electronic health record data available.

Results of the NLP Algorithm on the Remaining Set
and Discrepancy Analysis
When we applied the NLP algorithm to the remaining set
(n=3340), we correctly classified 86.1% (2876/3340) of the
surgery status of patients. Similar to the test set results, recall
rates were relatively poor for positive surgical history. In Table
https://www.jmir.org/2022/1/e29015
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3, we summarized 464 discrepancies of surgical status in the
NLP algorithm classification compared to the multi-institutional
MOA-2 gold standard. First, 6% (199/3340) of women in this
set had either no recorded surgery information or partial
information in the EHR. Second, we found inconsistent or
inaccurate information for 4.3% (144/3340) of women. Lastly,
the NLP algorithm misclassified the surgery status of 3.6%
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represented 31% (144/464) of the discrepancies, and 26.1%
(121/464) were technical errors of the NLP algorithm.

Table 3. Summary of the 464 discrepancies observed.
Type, categorization

Value (n)

External information gap
Mayo electronic health record
Missing information

92

Partial information

49

Gold standard
Missing information

11

Partial information

45

Both
Partial information

2

Internal information gap
Correction over time
Documented surgeries but revealed later as no surgeries

74

Irregular concept scope
Partial surgery versus complete surgery

17

Biopsy examination versus complete surgery

23

Planned surgery versus real surgery

5

Miscommunication within clinical documents
Hysterectomy versus hysteroscopy

8

Incorrect laterality (left vs right-side) information

12

Typo

5

Technical errors of natural language processing
Complicated context
Discussion versus real surgery

63

Family history versus history of patient

11

Complex expressions of partial surgery

6

Complex expressions of laterality information

12

Incorrect certainty
Negated but classified as positive

10

Positive but classified as negated

1

Positive but classified as hypothetical

1

Unknown features
Irrelevant section header

2

Unknown keywords/rules

15

Of the 199 external information gaps, positive surgical history
was missing in the Mayo Clinic EHR for 92 women (ie, false
negatives, 46.2%). In contrast, the surgical history present in
the Mayo Clinic EHR was not captured by the gold standard
for 11 women. There were discrepancies related to surgery type
for 96 women. The details for all external information gaps are
summarized in Multimedia Appendix 5.
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Of the 144 internal information gaps identified, the chart review
revealed multiple potential sources of inconsistency. The details
regarding the surgery type were frequently inconsistent, and
about half of the discrepancies (n=74) resulted from the
correction of surgery information over time. For example, one
note for a patient indicated “BSO” (bilateral
salpingo-oophorectomy), whereas all other notes contained
“remained right ovary,” indicating a unilateral oophorectomy.
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There were differences between clinical notes and the more
detailed
surgical
or
pathology
reports
(n=45).
Miscommunication within clinical documents in the use of
words (eg, misinterpretation of “hysteroscopy” noted as
“hysterectomy”), incorrect laterality (ie, left vs right), and typos
were also observed (n=25).
Finally, there were 121 technical errors in the NLP algorithm.
The NLP algorithm had difficulties in accurately processing
complicated contextual information (n=92). For example, it had
difficulty distinguishing discussion/consideration from real
surgery or patient history from family history. In addition, the
NLP algorithm misclassified certainty information of sentences
(eg, negated but classified as positive, n=12), or it missed the
surgical information owing to the limited set of
keywords/phrases or associated section header information
(n=17). For example, a subtitle in the surgery operative notes,
“Uterus, endometrium, hysterectomy: Inactive” was classified
as a valid “hysterectomy” by the NLP algorithm.

Discussion
A comprehensive medical history of individual patients is
necessary to achieve a high quality of patient care and to support
clinical research. Identifying historical surgery information is
challenging because some surgeries may have occurred decades
before the widespread adoption of EHR systems. Furthermore,
useful information is often distributed in separate EHR systems
owing to the preference or needs of the patients. Finally, limited
time during clinic visits and quality of self-reported history
often result in incomprehensive surgery information. This study
sought to extract gynecological surgical history from a single
EHR by using a rule-based NLP algorithm and to compare these
results with gold standard data ascertained from a manual
multi-institutional record review.
The NLP algorithm that was trained on surgery statuses
manually extracted from the Mayo EHR was largely successful
with respect to being internally valid; however, false negatives
were commonly encountered when compared to gold standard
information. In addition to misclassification, the date of the
surgery was often missing, rendering ascertainment of surgery
timing difficult. The preponderance of false negatives is
consistent with a model of information loss over the lifetime of
a patient and may serve as a source of systematic bias in
research.
The external information gaps were the most common errors
encountered and related to missing or incomplete information
in the EHR for surgery status or surgery type. Similar to the test
set results, we observed that nearly 50% of the external
discrepancies were false negative in nature. These results starkly
contrast diagnostic code–based results reported by Rocca et al
[16] when using the full resources of the REP to build the
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MOA-2 cohort, which were highly accurate in identifying
surgical history status for oophorectomy. In addition, the longer
a woman was followed in the EHR, the more likely her
gynecologic surgery was recorded in the clinical narrative. This
is again fairly intuitive, as follow-up time within a single EHR
system likely captures consistent and reliable information with
fewer opportunities for data loss in record transfers. Surgical
date information was sparse and differed by surgery type. For
example, patients commonly provided their age at the time of
surgery rather than the surgery date. Consequently, research
that relies on reliable ascertainment of surgery dates should take
these heterogeneous and complex modes of information
representation into consideration. The most common internal
information gap identified was inaccurate reporting of surgical
status by the clinician, the patient, or both that was subsequently
refuted. Thus, information conflict resolution is another critical
element to address in information extraction from long-term
clinical narratives.
With the growing popularity of utilizing NLP-based phenotyping
for research using EHR data, it is important to consider the
nonnegligible risk of misclassification despite evidence of
internal validity for NLP-based phenotyping algorithms.
Systematic misclassification toward false negatives could induce
biases in research, particularly for patient populations that are
highly transient and may change care providers frequently.
Strategies to reduce information gaps and to improve the
collection of surgical history include leveraging the NLP
technology with optical character recognition technology to
digitalize paper-based records or acquiring the records digitally
via a health information exchange [22-25]. Lastly, the
implementation of systematic questionnaires to gather prior
surgical information may significantly reduce information gaps
as well. The questionnaires can also be leveraged for capturing
potential documentation errors besides enhancing documentation
quality.
The strengths of our study include the total sample size available
and the high-quality gold standard phenotype data. However,
the performance of the simple rule-based NLP algorithm could
be improved upon with more sophisticated methods, as indicated
by the extent of technical errors identified in the discrepancy
analysis.
In conclusion, our study demonstrated the overall feasibility of
extracting gynecological surgeries that often predated the EHR
system by decades using a rule-based NLP algorithm. However,
we identified external and internal information gaps by
comparing NLP algorithm results to a manually abstracted gold
standard. Additional efforts are necessary to mitigate these
information gaps and include the use of advanced NLP
techniques to process paper medical records and systematic
collection and documentation of surgical history.
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Abstract
Background: Clinical practice guidelines recommend that exercise is essential in the self-management of ankylosing spondylitis
(AS). Attending supervised interventions requiring periodic medical center visits can be difficult and patients may decline
participation, whereas effective home-based exercise interventions that do not require regular medical center visits are likely to
be more accessible for AS patients.
Objective: The goal of the research was to investigate the adherence, efficacy, and safety of a wearable technology–assisted
combined home-based exercise program in AS.
Methods: This was a 16-week investigator-initiated, assessor-blinded, randomized, pilot controlled trial conducted at Chinese
People’s Liberation Army General Hospital. We enrolled patients with AS who had no regular exercise habits and had been stable
in drug treatment for the preceding month. Patients were randomly assigned (1:1) using a computer algorithm. An exercise
program consisting of moderate-intensity aerobic exercise and functional exercise was given to the patients in the intervention
group. The exercise intensity was controlled by a Mio FUSE Heart Rate Monitor wristband, which uses photoplethysmography
to measure heart rate. Patients in the control group received usual care. The primary outcome was the difference in the Ankylosing
Spondylitis Disease Activity Score (ASDAS). The secondary outcomes were patient global assessment (PGA), physician global
assessment (PhGA), total pain, nocturnal pain, Bath Ankylosing Spondylitis Disease Activity Index (BASDAI), BAS Functional
Index (BASFI), BAS Metrology Index (BASMI), Spondyloarthritis International Society Health Index (ASAS HI), 36-item Short
Form Survey (SF-36), maximal oxygen uptake (VO2) max, body composition, range of motion of joints, and muscle endurance
tests. Retention rate, adherence rate, barriers to being active, and adverse events were also assessed.
Results: A total of 77 patients were screened, of whom 55 (71%) patients were enrolled; 2% (1/55) withdrew without treatment
after randomization. Patients were assigned to the intervention (n=26) or control group (n=28). The median adherence rate of the
prescribed exercise protocol was 84.2% (IQR 48.7%-97.9%). For the primary outcome, between-group difference of ASDAS
was significant, favoring the intervention (–0.2, 95% CI –0.4 to 0.02, P=.03). For the secondary outcomes, significant between-group
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differences at 16 weeks were detected in PGA, PhGA, total pain, BASDAI, BASDAI-fatigue, BASDAI–spinal pain,
BASDAI–morning stiffness intensity, BASFI, and BASMI. Moreover, the frequency of difficulty in ASAS HI-motivation at 16
weeks was less in the intervention group (P=.03). Between-group difference for change from baseline were also detected in VO2
max, SF-36, back extensor endurance test, and the range of motion of cervical lateral flexion at 16 weeks. Lack of time, energy,
and willpower were the most distinct barriers to being active. Incidences of adverse events were similar between groups (P=.11).
Conclusions: Our pilot study suggests that this technology-assisted combined home-based exercise program can improve the
clinical outcomes of patients with AS who have no exercise habit, with good adherence and safety profile.
Trial Registration: Chinese Clinical Trial Registry ChiCTR1900024244; http://www.chictr.org.cn/showproj.aspx?proj=40176
(J Med Internet Res 2022;24(1):e29703) doi:10.2196/29703
KEYWORDS
ankylosing spondylitis; wearable technology; home-based exercise; combined exercise; randomized controlled trial; RCT; exercise;
wearable; photoplethysmography; spondyloarthritis

Introduction
Ankylosing spondylitis (AS), the prototype of spondyloarthritis
(SpA), is an inflammatory disease that can affect the axial
skeleton and peripheral joints [1]. Since AS usually starts in
young adulthood, the structural and functional impairments
resulting in limitation of activities and social participation can
exert considerable lifetime individual impact [2].

and juvenile idiopathic arthritis; evidence concerning AS is
scarce [10,12-15]. Therefore, we conducted this clinical trial to
investigate the adherence, efficacy, and safety of this wearable
technology-assisted combined home-based exercise intervention
in patients with AS.

Methods
Study Design

Clinical practice guidelines for AS recommend that exercise be
included in the management of AS [3,4]. The American College
of Sports Medicine (ACSM) recommends that all healthy adults
participate in moderate intensity aerobic physical activity (PA)
for a minimum of 30 minutes 5 days per week or vigorous
intensity aerobic activity for a minimum of 20 minutes 3 days
per week [5]. In 2018, a European League Against Rheumatism
(EULAR) task force indicated that promoting PA consistent
with general PA recommendations and conducting combined
PA in the 4 domains (cardiorespiratory fitness, muscle strength,
flexibility, and neuromotor performance) should be an integral
part of standard care of inflammatory arthritis and osteoarthritis
[6].

This was a 16-week, randomized, open-label, accessor-blinded,
controlled clinical trial conducted at the Chinese People’s
Liberation Army (PLA) General Hospital (Multimedia Appendix
1). Enrolled patients were allocated with a 1:1 ratio and assessed
at baseline, 8 weeks, and 16 weeks by trained research staff
blinded to group assignment. The study was approved by the
ethics committee at the Chinese PLA General Hospital
(S2019-118-01), conducted in compliance with the Helsinki
Agreement, and registered with the Chinese Clinical Trial
Registry [ChiCTR 1900024244]. Informed consent was obtained
from all eligible participants.

Although supervised exercise has advantages, it is difficult for
most patients to access physiotherapists specializing in AS, and
attending supervised interventions requiring periodic medical
center visits can be difficult and expensive [7,8]. Conversely,
home-based exercise interventions that do not require regular
medical center visits are likely to be cheaper and more
accessible. Currently, poor adherence and lack of monitoring
strategy are 2 barriers to improving and maintaining the quality
of exercise interventions [9].

Potential participants were identified using a passive online
recruitment approach through the Smartphone SpondyloArthritis
Management System (SpAMS), which was created to provide
patient education and deliver advice on disease management in
patients with AS in China [16]. SpAMS was linked to WeChat
(first released in 2011; Tencent Holdings Ltd), an instant
messaging social network in China, and can be leveraged for
professional purposes. Details have been published elsewhere
[16,17]. As volunteers were identified, inclusion criteria were
initially confirmed during online screening interviews. Written
confirmation of AS diagnosis was required from the participant’s
board-certified rheumatologist. If volunteers met the inclusion
criteria, face-to-face interviews were conducted at the clinic for
final confirmation of all inclusion criteria. Participants meeting
all inclusion criteria were enrolled consecutively.

Digital health encompassing a broad array of technologies has
the potential to improve the quality of musculoskeletal disease
care [10]. Wearable technology, one of the digital health
technologies based on a wearable activity tracker (WAT), is
considered to be effective to deliver exercise intervention [10].
EULAR recommendations indicate that self-monitoring tools
including WAT are identified for PA assessments [6,11]. In
addition, WAT can provide effective behavioral change
techniques to facilitate patients to acquire skills in
self-monitoring, goal setting, action planning, and feedback and
problem solving in home-based exercise [6]. Currently, most
evidence about WAT is for rheumatoid arthritis, osteoarthritis,
https://www.jmir.org/2022/1/e29703
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Identification of Potential Participants

Inclusion and Exclusion Criteria
Inclusion criteria were fulfillment of the criteria for AS (1984
Modified New York criteria) [18], aged 18 to 60 years, stable
drug treatment in the preceding month, and Ankylosing
Spondylitis Disease Activity Score (ASDAS) between 1.3 and
3.5. Exclusion criteria were cardiovascular disease or clinical
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status at high risk, screened with the American Heart
Association/ACSM Health/Fitness Facility Preparticipation
Screening Questionnaire [19], cervical vertebral bridges, surgery
within the preceding 6 months, biological agents (tumor necrosis
factor inhibitor therapy, etc) used in the preceding 3 months,
regular exercise in the preceding 3 months (eg, yoga, Tai Chi,
Baduanjin 3 or more times per week, 20 minutes per time), and
factors leading to the inability to receive regular exercise
rehabilitation (such as language impairment, difficulty in
understanding, and limited movements).

Randomization and Masking
Once the informed consent was signed and baseline assessments
were completed, patients were randomly allocated to the
intervention or control arm with 1:1 allocation ratio using a
computer-generated randomization list performed by a research
nurse not associated with the intervention portion of the study.
The assessment staff and statisticians were masked to the group
assignment.

Interventions
A 16-week combined exercise program consisting of in-person
counseling sessions, supervised training sessions, and aerobic
and functional home-based exercise was given to patients in
the intervention group after randomization.

Wang et al

In-Person Counseling Session and Brief Supervised
Training Sessions
At baseline, in-person counseling sessions were held by trained
research staff. The in-person counseling session is a structured
interview containing the 4 domains: health benefits of exercise;
overview of this exercise program; bullet points on effective
and safe exercise; and how to use the wearable devices in this
exercise program. In addition, supervised training sessions
including a 30-minute aerobic exercise and 60 minutes of
functional exercise were given for 2 consecutive days by a
physiotherapist at baseline and 8 weeks to each patient assigned
to the intervention group.

Aerobic Exercise
Aerobic exercise at a moderate intensity of 64% to 76% maximal
heart rate (HRmax) was prescribed, and the exercise type was
brisk walking or running (Multimedia Appendix 2) [5]. During
each session, the exercise intensity was monitored and controlled
by a Mio FUSE Heart Rate Monitor wristband (Medisana
GmbH), which uses photoplethysmography to measure heart
rate. The wristband was synchronized with the smartphone app
(G health, version 2.7.1) via Bluetooth. Exercise was considered
effective only when it reached moderate intensity. The
prescribed protocol was 30 minutes of effective aerobic exercise
5 days per week. Data including the duration of effective aerobic
exercise and heart rate during each session was all uploaded to
the cloud virtual machine and the smartphone app (Figure 1).

Figure 1. Screenshots from the treatment app. Text has been translated from Chinese to English for illustration purposes.
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Functional Exercise
Functional exercise consisting of posture, range of motion,
resistance, stability, and stretching exercises was prescribed for
60 minutes 3 days per week (Multimedia Appendix 2).
Individualized written functional exercise plans including key
points of each movement were given to patients to help them
perform home-based functional exercise and revised at the
8-week visit.

Usual Care
Both groups were permitted to receive routine medical therapy.
Medical therapy included nonsteroidal anti-inflammatory drugs,
conventional disease-modifying antirheumatic drugs including
methotrexate and sulfasalazine. Biological agent or new
conventional disease-modifying antirheumatic drugs were not
allowed during the trial phase. Patients in the control group
were asked to maintain usual PA level during the 16-week
follow-up.

Monitoring and Adherence
The sessions of aerobic exercise were recorded and analyzed
based on the effective duration of exercise but not the total time
spent on exercise with the consideration of better controlling
the exercise intensity and duration. The duration of effective
exercise was presented in the interface of the smartphone app,
and the number of sessions fulfilling the exercise target was
uploaded to the cloud. Adherence to the functional exercise plan
was registered by uploading pictures taken after each session
by the patient. At the end of the trial, the adherence rate was
calculated with number of the sessions attended divided by
number of sessions prescribed (128 sessions including aerobic
and functional exercise sessions in 16 weeks). In addition, the
Barriers to Being Active Quiz from the Centers for Disease
Control and Prevention was completed by patients who
participated in less than 80% of the prescribed exercise protocol
in the intervention group [20].

Outcome Assessments
An assessment was conducted at baseline (before
randomization), 8 weeks, and 16 weeks by trained research staff
blinded to group assignment including demographic information
and primary and secondary outcomes. Investigators were blinded
to outcome data until the end of the trial.

Primary Outcome
The primary outcome was the between-group difference for
change from baseline to 16 weeks in the ASDAS [21]. ASDAS
includes total back pain, patient global assessment of disease
activity, peripheral pain/swelling, duration of morning stiffness,
and C-reactive protein level.

Secondary Outcomes
In addition to the ASDAS, the Bath Ankylosing Spondylitis
Disease Activity Index (BASDAI) was used to reflect disease
activity. Moreover, the patient global assessment (PGA),
physician global assessment (PhGA), spinal pain–total pain,
spinal pain–nocturnal pain, Bath Ankylosing Spondylitis
Functional Index (BASFI) [22], and Bath Ankylosing
Spondylitis Metrology Index (BASMI) [23] were evaluated.
https://www.jmir.org/2022/1/e29703
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Assessment using the Spondyloarthritis International Society
Health Index (ASAS HI) was performed to determine the
common difficulties of patients with AS [24]. Additionally,
health-related quality of life was measured using the 36-Item
Short Form Survey (SF-36) including physical function,
role–physical, bodily pain, general health, vitality, social
functioning, role–emotional, and mental health [25].
Cardiorespiratory fitness was tested with submaximal exercise
tests (multistage model) on a treadmill. Based on the workload
at the end of the test and estimated HRmax, the maximal oxygen
uptake (VO2 max) was estimated [26].
Body composition including lean body mass, percentage of
body fat, and visceral fat area was evaluated using the
noninvasive bioelectrical impedance analysis method with the
InBody 770 Body Analyzer (InBody Co, LTD).
The Clinometer smartphone app (version 3.7, Plaincode
Software Solutions) was used to determine the range of motion
of the cervical spine and hip joints. Back extensor and flexor
endurance tests were conducted to evaluate lumbar muscle
endurance.

Sample Size
The study was designed with a planned sample size of 54
patients with a 1:1 group allocation ratio. Determination of the
sample size was based on detecting a medium effect size of 0.25
calculated through a standardized mean difference of the change
in ASDAS from baseline to 16 weeks between groups.
Calculations were performed with G*Power (version 3.1,
Heinrich Heine University) software. With a power of 95% or
higher to detect differences between groups, 22 patients were
calculated to be allocated to each group with a type I error rate
of 5%. The loss to follow-up rate was assumed to be 20%.
Therefore, the sample size of this trial was determined to be 27
patients in each group.

Statistical Analysis
Primary and secondary outcomes were analyzed according to
intention-to-treat principles by including all patients who were
randomly allocated to either group and underwent at least 1
efficacy assessment. Last observation carried forward was used
for missing observations. Separate analyses of covariance were
used to determine mean between-group differences controlling
for baseline level of outcomes. Assessments between the
baseline, 8-week, and 16-week follow-up were compared using
repeated-measures analysis of variance. A sensitivity analysis
(per-protocol analysis) of the primary outcome was conducted
with the analysis of covariance including only patients who
finished the 16-week follow-up in 2 groups and who followed
80% or more of the prescribed exercise protocol in the
intervention group. The chi-square or Fisher exact tests were
used to compare frequencies.
Data were documented in case report forms entered into EpiData
(version 4.6.0.2, EpiData Association) and analyzed using SPSS
(version 24.0, IBM Corp) and GraphPad Prism 8 (GraphPad
Software, Inc) software. All statistical tests were 2-sided, and
P<.05 was considered to be statistically significant.
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Results
Participants and Baseline Characteristics
From July to September 2019, we initially screened 77
individuals via social media, of whom 55 patients with AS were
randomized in this trial. Among the patients who were

Wang et al
randomized, one patient declined to participate due to
assignment to the control group. Therefore, a total of 54 patients
with AS were assigned as follows: 26 to the intervention group
and 28 to the control group. The assignments and patient
withdrawal data are presented in Figure 2. Table 1 shows
baseline characteristics of the participants.

Figure 2. Treatment assignments and withdrawal in the intention-to-treat population. ITT: intention-to-treat.
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Table 1. Baseline characteristics of patients with ankylosing spondylitis enrolled in the trial.
Characteristics

Intervention group (n=26)

Control group (n=28)

Age at baseline (years), mean (SD)

31.2 (6.3)

33.2 (6.2)

Male gender, n (%)

20 (77)

21 (75)

Married, n (%)

16 (62)

18 (64)

HLA-B27a positive, n (%)

24 (92)

25 (89)

Disease duration (years), mean (SD)

10.9 (5.5)

10.1 (6.1)

Height (cm), mean (SD)

173.6 (7.9)

172.0 (8.6)

Weight (kg), mean (SD)

67.7 (11.1)

70.5 (12.1)

BMI (kg/m2), mean (SD)

22.4 (2.8)

23.8 (3.3)

AAUb

5 (19)

2 (7)

IBDc

1 (4)

0

Psoriasis

0

0

Heel pain

6 (23.)

5 (18)

Hip pain

3 (12)

4 (14)

Enthesitis

6 (23)

10 (36)

Peripheral arthritis

4 (15)

3 (11)

d

PGA , mean (SD)

2.9 (1.5)

3.2 (1.1)

PhGAe, mean (SD)

2.9 (1.2)

3.2 (1.1)

Total pain, mean (SD)

2.1 (1.5)

2.8 (1.4)

Nocturnal pain, mean (SD)

2.5 (2.1)

2.5 (1.5)

ASDASf, mean (SD)

1.8 (0.5)

1.7 (0.4)

BASDAIg, mean (SD)

2.0 (0.8)

2.2 (0.6)

BASMIh, mean (SD)

1.2 (1.3)

1.4 (1.7)

BASFIi, mean (SD)

1.1 (1.1)

1.0 (0.8)

ASAS HIj, mean (SD)

2.7 (2.5)

3.0 (2.9)

ESRk (mm/hour)

12.8 (10.0)

10.7 (9.7)

CRPl (mg/L)

5.7 (6.5)

3.0 (2.4)

NSAIDsm, n (%)

18 (69)

22 (79)

csDMARDsn, n (%)

5 (19)

8 (29)

Corticosteroids, n (%)

0

0

Past history or current symptoms, n (%)

Physical examination, n (%)

a

HLA-B27: human leukocyte antigen B27.

b

AAU: acute anterior uveitis.

c

IBD: inflammatory bowel disease.

d

PGA: patient global assessment.

e

PhGA: physician global assessment.

f

ASDAS: Ankylosing Spondylitis Disease Activity Score.

g

BASDAI: Bath Ankylosing Spondylitis Disease Activity Index.

h

BASMI: Bath Ankylosing Spondylitis Metrology Index.

i

BASFI: Bath Ankylosing Spondylitis Functional Index.

j

ASAS HI: Assessment of Spondyloarthritis International Society Health Index.
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k

ESR: erythrocyte sedimentation rate.

l

CRP: C-reactive protein.

m

NSAID: nonsteroidal anti-inflammatory drug.

n

csDMARD: conventional synthetic disease-modifying antirheumatic drug.

Retention and Adherence
The 8-week retention rates were 92% (24/26) for the intervention
group and 89% (25/28) for the control group. The 16-week
retention rates were 89% (23/26) for the intervention group and
86% (24/28) for the control group. The median adherence rate
of the prescribed exercise protocol was 84.2% (IQR
48.7%-97.9%) among all patients assigned to the intervention
group. A total of 62% (16/26) of patients in the intervention
group followed 80% or more (103/128) of the prescribed
exercise protocol. Only 8% (2/26) of patients attended less than
10% (13/128) of the prescribed exercise protocol.

Primary Outcome
The between-group difference for change from baseline to
16-week follow-up of ASDAS was –0.2 (95% CI –0.4 to –0.02,
P=.03), indicating more beneficial effect was detected in the
intervention group (Multimedia Appendix 3).
Per-protocol analysis excluded 4 participants from the control
group and 3 participants from the intervention group who were
lost to follow-up and excluded 8 participants who followed less
than 80% of the prescribed exercise protocol. The results were
similar to primary analyses indicating a significant
between-group difference in ASDAS at 16 weeks favoring the
intervention (between-group difference for change from
baseline, –0.3 [95% CI –0.6 to –0.1], P=.02).

Secondary Outcome
Between-group differences for change from baseline to 16-week
follow-up favoring the intervention (Multimedia Appendix 3)
were observed in PGA (P<.001), PhGA (P<.001), spinal
pain–total pain (P=.004), BASDAI (P=.004), BASDAI–fatigue
(P=.04), BASDAI–spinal pain (P=.03), BASDAI–morning
stiffness intensity (P=.04), BASDAI–morning stiffness duration
(P=.05), BASFI (P=.04), and BASMI (P<.001). Moreover, the
frequencies of ASAS HI–motivation (to do anything that
requires physical effort) were decreased from 42% (11/26) to
19% (5/26) in the intervention group and from 50% (14/28) to
46% (13/28) in the control group at 16-week follow-up (P=.03),
suggesting that this exercise program can increase motivation
to do things that require physical effort (Multimedia Appendix
4). For SF-36, significant beneficial effects were detected in
physical function, bodily pain, general health, and vitality in
the intervention group (Multimedia Appendix 3). In addition,
between-group differences for change from baseline of VO2
max, percentage of body fat, visceral fat area, range of motion
of cervical lateral flexion and hip abduction, and back extensor
endurance test were significant favoring the intervention group
(Multimedia Appendix 5).

Barriers to Being Active
Barriers to being active are presented in Figure 3. The results
indicated that lack of time is the most distinct barrier for
participants to overcome, followed by lack of energy and lack
of willpower.

Figure 3. Barriers to being active. Barriers to being active were analyzed among patients who followed <80% of the prescribed exercise protocol in
the intervention group.
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Adverse Events
The incidences of adverse events observed in the intervention
group and control group were 12% (3/26) and 0, respectively
(P=.11), suggesting that no additional significant adverse events
were caused by this exercise program. In the intervention group,
1 patient reported ankle pain and 2 patients experienced hip
pain during the exercises. About 1 week after the exercise plans
were adapted with less jumping movements or other
adjustments, the pain disappeared, and these 3 patients all
completed the intervention. No serious adverse events occurred
during the trial phase in both groups.

Discussion
Principal Findings
In this study, we evaluated the adherence, efficacy, and safety
of the wearable technology-assisted combined home-based
exercise intervention in AS patients without an exercise habit
through a 16-week follow-up. To our knowledge, this is the
first randomized controlled trial to implement a wearable
technology-assisted home-based exercise intervention in AS.
The wearable technology served as not only a supervisor but
also an assessor in this exercise program, as the exercise
intensity was determined and the exercise frequency and
duration were assessed with the heart rate monitor embedded
in the wristband. The dose of exercise reflected by type,
intensity, frequency, and duration is decisive in exercise
intervention [27]. In previous home-based exercise programs,
PA assessments were mostly registered with the use of
self-reported questionnaires or diaries, which may be influenced
by patient attitudes, poor recall, and giving perceived desired
responses rather than accurate ones [28]. Moreover, only class
attendance can be registered, and the adherence to exercises
within the attended sessions usually remains unclear [8]. In our
study, the exercise type was identified, and the exercise
intensity, frequency, and duration can be assessed with the heart
rate monitor embedded in the wristband. For patient attitudes,
a previous perspective survey of patients with axial
spondyloarthritis suggested that 82.9% (97/117) of patients
agreed with the implementation of exercise with heart rate
monitoring, indicating the great need to explore wearable
technology in the standard of care [29].
Our study proved that this wearable technology-assisted
combined home-based exercise can improve the disease activity
of patients with AS. In a study conducted by Hsieh et al [9]
comparing the effectiveness of combined home-based exercise
and range-of-motion home exercise in patients with AS, no
significant improvement was observed in BASDAI in either of
the 2 home-based exercise groups, but they posited this may be
due to poor adherence (48%). As previous studies reported,
adherence for home-based exercise was between 30% and 90%,
usually in the lower range; generally, adherence with inpatient
exercise was highest, followed by supervised outpatient exercise
and home-based exercise [8,9]. Therefore, strategies to improve
adherence of home-based exercise should be explored and
identified so that the advantages of home-based exercise can
be further highlighted. The good adherence rate of the prescribed
exercise protocol (84%) and significant improvements of
https://www.jmir.org/2022/1/e29703
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ASDAS and BASDAI in our study indicated that the use of a
WAT may improve poor adherence in home-based exercise.
Identifying barriers toward applying exercise is an important
issue in the research agenda of the self-management of AS
[6,30]. The results of Barriers to Being Active suggested that
besides lack of time, lack of energy and lack of willpower were
barriers to being active. In exercise, energy and willpower can
largely influence patient self-efficacy [31]. Interestingly, in our
study, the improvement of BASDAI-fatigue, SF-36–VT, and
ASAS HI–motivation indicated that this exercise program can
help patients reduce fatigue (energy) and increase motivation
to do things that requires physical effort (willpower).
In this wearable technology–assisted home-based exercise,
moderate intensity exercise was prescribed considering the
paradox of the benefit and harm of activity in AS. On one hand,
the PA level of patients with AS should be improved, as lower
PA levels are detrimental due to joint instability and loss of
strength [11]. On the other hand, enthesitis is a typical feature
of AS; a very high PA level is detrimental due to entheseal
trauma and moving rapidly from inactivity to activity is
dangerous [32]. Although high-intensity exercise is superior to
moderate-intensity exercise for improving VO2 max [33], and
previous research indicates that high-intensity exercises can
improve the peak oxygen uptake (VO2 peak) in patients with
axial spondyloarthritis over 3 months [34], the high-intensity
exercise sessions should be supervised by physiotherapists
throughout the trial phase. Without supervisions, it may be
dangerous for AS patients considering the increased risk of
injuries caused by the precipitate excessive mechanical force
applied to joints [32]. Therefore, for AS patients who do not
exercise on a regular basis, moderate-intensity exercise may be
a more appropriate choice when performing home-based
exercise.

Limitations
Some limitations regarding the trial design merit caution. One
limitation was that the patients were not blinded to the
allocations, which is a common limitation of
nonpharmacological treatment. To reduce bias, the primary
outcome was evaluated by assessment staff who were unaware
of the specific therapeutic regimen. Second, the sample size in
this study was not large; however, it was determined that the
sample size was sufficient as the effect size in this trial was
0.527, higher than what was set. Finally, to minimize the
cofounding effect of drug treatment, only patients treated with
nonsteroidal anti-inflammatory drugs and/or disease-modifying
antirheumatic drugs were included in this pilot study. We have
already initiated a large cohort study to determine the effect and
safety of exercise in AS patients treated with different treatment
strategies including biological agents.

Conclusion
This pilot study suggests that the wearable technology–assisted
combined home-based exercise is feasible and has beneficial
effects on disease activity, physical function, spinal mobility,
health-related quality of life, range of motion of cervical joints,
and back extensor endurance in patients with AS who had no
exercise habit.
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Abstract
Background: The use of activity trackers has significantly increased over the last few years. This technology has the potential
to improve the levels of physical activity and health-related behaviors in older adults. However, despite the potential benefits,
the rate of adoption remains low among older adults. Therefore, understanding how technology is perceived may potentially offer
insight to promote its use.
Objective: This study aimed to (1) assess acceptability, usability, and user satisfaction with the Xiaomi Mi Band 2 in Portuguese
community-dwelling older adults in a real-world context; (2) explore the mediating effect of the usability on the relationship
between user characteristics and satisfaction; and (3) examine the moderating effect of user characteristics on the relationship
between usability and user satisfaction.
Methods: Older adults used the Xiaomi Mi Band 2 over 15 days. The user experience was evaluated through the Technology
Acceptance Model 3, System Usability Scale, and User Satisfaction Evaluation Questionnaire. An integrated framework for
usability and user satisfaction was used to explore user experience. Statistical data analysis included descriptive data analysis,
reliability analysis, confirmatory factor analysis, and mediation and moderation analyses.
Results: A sample of 110 older adults with an average age of 68.41 years (SD 3.11) completed the user experience questionnaires.
Mean user acceptance was very high—perceived ease of use: 6.45 (SD 0.78); perceptions of external control: 6.74 (SD 0.55);
computer anxiety: 6.85 (SD 0.47); and behavioral intention: 6.60 (SD 0.97). The usability was excellent with an average score
of 92.70 (SD 10.73), and user satisfaction was classified as a good experience 23.30 (SD 2.40). The mediation analysis confirmed
the direct positive effect of usability on satisfaction (β=.530; P<.01) and the direct negative effect of depression on usability
(β=–.369; P<.01). Lastly, the indirect effect of usability on user satisfaction was higher in individuals with lower Geriatric
Depression Scale levels.
Conclusions: Findings demonstrate that the Xiaomi Mi Band 2 is suitable for older adults. Furthermore, the results confirmed
usability as a determinant of satisfaction with the technology and extended the existing knowledge about wearable activity trackers
in older adults.
(J Med Internet Res 2022;24(1):e26652) doi:10.2196/26652
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Introduction
Background
Wearable devices are electronic devices that allow users to
automatically track and monitor their physical fitness metrics,
including number of steps, level of activity, walking distance,
calories burned, heart rate, and sleep patterns [1-4]. Over the
last few years, these devices have also become increasingly
popular among researchers interested in assessing and
intervening on physical activity (PA)–related behaviors in
real-world contexts. Wearable devices offer the opportunity to
collect objective PA data in a less intrusive and inexpensive
manner and provide tailored and personalized interventions in
real-time [3,5,6]. In fact, overall, academic and industry research
has shown that their use can increase PA levels and promote a
healthier lifestyle through real-time self-monitoring of
health-related behaviors [3,5,7-10]. However, despite these
potential benefits, older adults still show slow technology
adoption rates [10,11], possibly because these technologies are
mainly developed for a younger target group, without
considering health psychology or gerontology theories [7].
Consequently, older adult users may have usability barriers to
technology adoption [4,12]. Furthermore, factors associated
with normal aging, such as physical and cognitive decline, could
limit the ability to use the technology [11].
A better understanding of older adults’ intentions to use activity
trackers, and examining actual usage behavior, is becoming
increasingly relevant; however, only a few studies have been
conducted to determine older adults’ perceptions [7,10,13,14].
Therefore, this study aimed to understand the user experience
and acceptability of an activity tracker (Xiaomi Mi Band 2),
throughout daily life activities, in a cohort of
community-dwelling older adults.

Theoretical Framework
After carrying out a literature search, 3 major key concepts were
identified regarding user experience and technology adoption:
technology acceptance, usability, and user satisfaction. Variables
regarding user characteristics were also selected, such as
cognitive function, mood, and education, which may
significantly influence user experience to develop our model.
Thus, the theoretical framework was designed to explore older
adults’ user experience with the Xiaomi Mi Band 2, by
combining different theories as next described, while also
enabling the examination of the impact of usability and
individual characteristics on user satisfaction with the
technology.

Technology Acceptance Model
Technology acceptance is an important factor in determining
the long-term adoption of activity trackers [3]. The Technology
Acceptance Model (TAM) is the most applied theoretical model
for evaluating or predicting users’ acceptance of new
technologies. The TAM was adapted from the Theory of
Reasoned Action [15] and was initially developed by Davis
https://www.jmir.org/2022/1/e26652
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[16]. This model assumes that the perceived ease of use (PEOU)
and perceived usefulness (PU) are the primary factors
influencing an individual’s intention to use new technology
[3,12,16]. PEOU refers to the degree to which a person perceives
how easy it is to use the technology, and PU refers to how using
the technology will improve performance [16]. Moreover, PEOU
and PU can be influenced by various external factors, including
both the device and user characteristics [3,16,17]. The usability
seems to be predictive of acceptance regarding the device
characteristics because they directly relate to the PEOU and PU
and may moderate attitudes and behavioral intentions (BIs) to
use a system [3].
The original TAM was extended to TAM 2 by Venkatesh and
Davis [18] to explain PU and usage intentions in terms of social
influence and cognitive instrumental determinants. Later,
Venkatesh and Bala [19] updated the model, including other
variables affecting PEOU, such as individual differences
(computer self-efficacy, computer anxiety [CANX], and
computer playfulness), perceptions of external control (PEC),
and system characteristics–related adjustments (perceived
enjoyment and objective usability).

System Usability Scale
Initially proposed by John Brooke in 1986, the System Usability
Scale (SUS) is the most widely used standardized questionnaire
to measure perceived usability [8,17,20,21]. Recent literature
shows that several studies extend the TAM by incorporating
the SUS [17,22,23]. Although the SUS has been assumed to be
unidimensional, recent research reveals that the SUS has 2
subscales—usability and learnability—with items 4 and 10
providing the learnability dimension and the other 8 items the
usability dimension [24,25].
According to ISO-9241-11 [26], usability refers to the
effectiveness, efficiency, and user satisfaction rating of a product
in a specific environment by a particular user for a particular
purpose. More precisely, effectiveness refers to which of the
system’s intended goals can be achieved; efficiency is the effort
required for a user to achieve the goals; and satisfaction depends
on how comfortable the user feels using the system [8,21,27].
Therefore, usability is a critical factor that directly affects the
use and adoption of technology by older adults.

User Satisfaction Evaluation Questionnaire
The literature on technology acceptance has included many
model variants and extensions, including user satisfaction as a
key indicator of user acceptance [28-34]. Moreover, satisfaction
has been described as a predictor of behavior intention [29].
The User Satisfaction Evaluation Questionnaire (USEQ) was
initially designed by Gil-Gómez et al [35] to evaluate the
satisfaction of the users with virtual rehabilitation systems.
Recently, the USEQ was adapted and validated into European
Portuguese by Domingos et al [36] to evaluate an activity tracker
(Xiaomi Mi Band 2) in older adults, showing psychometric
properties consistent with the original version.
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User Characteristics

Research Framework and Hypotheses

In a theoretical framework developed by Venkatesh and Bala
[19], individual differences, such as personality and
demographics (eg, traits or individuals’ states, gender, and age),
were suggested to inﬂuence individuals’ perceptions of PU and
PEOU. Specifically, personality is related to individual
differences in cognitive, emotional, and motivational aspects
of mental states that result in stable behavioral action [37].
Moreover, personality has been found to affect technology
perceptions and acceptance [3,38].

This study uses a model based on the SUS to measure usability
and the USEQ to measure user satisfaction and incorporate
individual characteristics, such as education, mood, and
cognitive performance (Figure 1). The design was founded on
the basic theory studied to provide a clear causal relationship
between the independent variables (exogenous) and the
dependent variables (endogenous). The model has 5 variables
exploring the user experience with the Xiaomi Mi Band 2 in
older adults.

Additionally, older individuals may show age-related declines,
including attention, memory, and processing speed, which may
further impact how they interact with the technology [3]. The
aging process is also associated with a decline in visual faculties,
that is, visuospatial functioning, visual acuity, color
discrimination, and contrast sensitivity, crucial for learning new
information and executing technology-based tasks [39]. Thus,
researchers have focused on the impact of cognitive abilities,
self-efficacy, and technology-related anxiety in technology
acceptance [11]. Lastly, compared with younger adults, the
senior population may be more resistant to adopt new
technologies due to cultural factors, education, and experience
[3].

The following hypotheses were formulated:
H1: Usability has a positive effect on satisfaction.
H2: Education has a positive effect on satisfaction.
H3: Education has a positive effect on usability.
H4: Cognition has a positive effect on satisfaction.
H5: Cognition has a positive effect on usability.
H6: Depression has a negative effect on satisfaction.
H7: Depression has a negative effect on usability.
Additionally, user characteristics’ potential moderating effect
on the direct effect between usability and satisfaction was tested
separately for each variable (Figure 2).

Figure 1. Research hypothesis framework.

Figure 2. Moderating effect of user characteristics.

Methods
Participants and Research Ethics
A priori sample size calculation and power analysis were
performed
using
G*Power
version
3.1.9.3
(Heinrich-Heine-Universität Düsseldorf). Considering that the
study is part of a larger project, which used a wearable device
to measure and quantify free-living PA in older adults, a total
of 120 participants were determined assuming an effect size of
0.32 [40-42], an α of .05, power of 0.95, and dropout rate of
23%. The power analysis for this user experience study was
https://www.jmir.org/2022/1/e26652
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conducted considering the sample size calculated previously
and a medium effect size [23] confirmed a power of 0.92.
Moreover, the rule of thumb to determine sample size in multiple
regression analyses confirmed that the minimum sampling
requirements for the analysis were met [43]. Therefore, a total
of 120 participants, representative of the general older
Portuguese population living in the community within the age
group 65-74 years, were recruited from health centers and local
gyms in Northern Portugal. The older adults were defined
according to the World Health Organization, which considers
older people, in developed economies, as those aged 65 or older.
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To reduce variability due to the age effect, we used the first
10-year age group in the same way as Eurostat
publication—Ageing Europe [44].
The applied exclusion criteria comprised inability to understand
informed consent; diagnosed neuropsychiatric and
neurodegenerative disorders; or disability that limited
independent walking, visual, auditory, or fine motor skills.
Participants having previous experience with other wearable
activity trackers were not excluded from the study. A final
sample of 110 participants was enrolled in the study. The study
ran from April 2018 to July 2019.
The study was conducted according to the Helsinki Declaration
and approved by the local and ethics committees (Approval
Number 42-2018), developed in compliance with the new
General Data Protection Regulation, and approved by the
Portuguese Data Protection Authority (Approval Number
11286/2017). Study goals and assessments were explained
during screening procedures. All participants provided written
informed consent before study enrollment, which included
consent to their data processing.

Data Collection and Instruments
A baseline characterization was performed through a
sociodemographic questionnaire, and a neuropsychological
evaluation to obtain mood (Geriatric Depression Scale [GDS])
[45] and global cognitive profiles (Mini-Mental State
Examination [MMSE]) [46]. For screening “cognitive
impairment” via the MMSE, the following cutoff values were
used: individuals with no education, <15 points; 1-11 years of
school completed, <22 points; and >11 years of school
completed, <27 points [47]. For assessment of the presence of
depressive symptomatology via the GDS, the cutoff value
considered was a total number of depressive symptoms over 11
[48].
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smartphone. The system combines sensors that allow the
objective assessment of daily free-living PA, with its algorithms
calculating steps, intensity, energy expenditure, and distance
traveled [49,53,54].

Technology Acceptance Model
The TAM 3 was adapted to the context of the use of activity
tracking technologies by older adults, and the key dimensions
of acceptance were investigated using the following constructs:
PEOU, PEC, CANX, BI, and USE. PEOU was measured using
all 4 items adapted from the TAM 3; PEC using 2; CANX using
3, BI and USE were measured using the only item on the original
scale. Multimedia Appendix 1 presents a list of items for all the
constructs. TAM items were measured on a 7-point Likert scale,
starting from “1=strongly disagree” to “7=strongly agree”. The
mean scores of each item were computed and the mean of means
of each construct was calculated and used to perform statistical
analysis [19].

System Usability Scale
The SUS is a 10-item questionnaire, consisting of 5 positive
and 5 negative statements, with the 5 responses for each
statement ranging from “5=strongly agree” to “1=strongly
disagree” (Multimedia Appendix 2). The SUS score is calculated
by taking 1 from all the scores on odd-numbered items and
subtracting 5 from the even-numbered items scores. The sum
of the scores is then multiplied by 2.5 to give an overall SUS
score, and range from 0 (extremely poor usability) to 100
(excellent usability) [21,25]. The value of 68 is considered the
average for the SUS score; a score above or less than 68 is
considered above average or below average, respectively
[55,56]. The grade rankings of scores proposed by Bangor et al
[56] were here used to provide a more meaningful basis for the
SUS score interpretation.

User Satisfaction Evaluation Questionnaire

To assess the users’ experience, the Xiaomi Mi Band 2 was
provided to participants that should be worn continuously for
over 15 days, while performing their normal daily activities.
The wearable was returned after the testing period for data
analysis. In other studies, testing periods range from 3 to 7 days
[13,49-51]; because a 7-day testing period corresponds to a
short-term user experience, we decided to extend this period to
15 days. Upon completing the usage period, participants were
also asked to provide information about their user experience.
The TAM 3 [19] was used to collect information about
technology acceptance, the SUS [25] for perceived usability,
and the USEQ [35,36] for user satisfaction.

The USEQ is a 6-item questionnaire with a 5-point Likert Scale
(Multimedia Appendix 3). The total score ranges from 6 (poor
satisfaction) to 30 (excellent satisfaction). All items are
affirmative, except item 5, which is a negative item. The
numerical value of the affirmative items is used to calculate the
score. The negative item subtracts the numerical value of the
response from 6 and then adds this result to the total score. The
USEQ score is evaluated using the following classification:
poor (0-5), fair (5-10), good (10-15), very good (15-20), or
excellent (20-25) satisfaction [35,36].

Xiaomi Mi Band 2

Overview

The selection of wearable activity tracker was based on a review
of several different commercially available devices on the
market [8,52,53]. The selection criteria included their popularity
in the health tracking device market, availability, continuous
monitoring of PA without a smartphone, price, battery life,
various data captured via sensors, and ability to export data.
The Xiaomi Mi Band 2 was selected because, at the study time,
it offered the best price-quality ratio, had an estimated battery
life of almost 30 days, was ergonomic, accessible, easy to
operate, and did not require continuous communication with a

The statistical analysis was organized to address the following
aims: (1) explore the mediating effect of the usability on the
relationship between user characteristics and satisfaction; and
(2) examine the moderating effect of user characteristics on the
relationship between usability and user satisfaction. Briefly, the
statistical analysis was performed according to the following
steps: (1) descriptive statistics; (2) instruments’ psychometric
proprieties; (3) structural equation modeling (SEM); and (4)
moderation analysis.
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Descriptive Statistics
Descriptive data analysis was performed using IBM SPSS
Statistics (version 26) to depict the characteristics of the study.
Descriptive statistics, including frequency, percentage, mean,
standard deviation, minimum, maximum, skewness, and
kurtosis, were calculated for each variable. Normality was
considered adequate if absolute values for skewness and kurtosis
were above 3.0 and 10.0, respectively [57,58]. The percentage
of missing values across the variables was analyzed. Methods
for handling missing data were not applied because there were
no missing data.

Instruments’ Validation
Before structural modeling, the measurement model of latent
variables for their dimensionality/structure and reliability was
assessed.
Confirmatory factor analysis (CFA) was conducted using JASP
(version 0.11.1; JASP Team, University of Amsterdam) to
examine the structure of the SUS (used to measure usability)
and USEQ (used to measure user satisfaction). Variables with
factor loadings above 0.4 were included. To assess the goodness
of fit of the model, the following indices and thresholds were
applied: chi-square (χ2, P>.05), χ2/degrees of freedom (df) ratio
(≤3), Comparative Fit Index (CFI ≥0.90), Tucker–Lewis Index
(TLI ≥0.90), Goodness-of-Fit Index (GFI ≥0.90), root mean
squared error of approximation (RMSEA <0.08), and
standardized root mean squared residual (SRMR ≤0.08) [59-61].
Reliability analysis was performed using IBM SPSS Statistics
(version 26) to analyze the internal consistency of item responses
of the SUS and USEQ instruments. Reliability was estimated
using the McDonald omega (ωt) coefficient [62,63]. Given
ordinal response format items, the McDonald omega coefficient
(ωt) provides more accurate estimates of reliability than
Cronbach α [62,64,65]. Coefficients values over 0.70 are
considered indicators of satisfactory item homogeneity [65,66].

Domingos et al
measured variables and latent variables. The derived scores for
usability and user satisfaction were supported by CFA.
Data were analyzed using IBM SPSS AMOS (version 25) and
the parameters were estimated by the maximum likelihood
method. The significance level of 5% was used as a threshold
for the research proposition testing. To determine whether the
model was reasonable and acceptable, the following indices
were considered: χ2, χ2/df ratio, CFI, TLI, GFI, and RMSEA.
The criteria for an acceptable model fit were the same as those
reported for the CFA.
To assess multicollinearity, the inspection of the correlation
matrix of the predictor variables (education, MMSE, GDS, and
usability) and the analysis of the variance inflation factor (VIF)
and tolerance were performed (IBM SPSS Statistics, version
26). The tolerance values close to 1 were considered as an
indicator of low multicollinearity, whereas a value close to 0
as a potential indicator of collinearity problem [67,68].
Moreover, VIF=1 was considered an indicator that the
independent variables are not correlated, and 1<VIF<5 an
indicator that the variables are moderately correlated with each
other [67].

Moderation Analysis
Moderation analysis was performed to examine whether the
relationship between usability (predictor) and user satisfaction
(outcome variable) depended on user characteristics (moderator).
The analysis was performed using the MedMod package in
jamovi (version 1.2.27; The jamovi Project) software. The
significance of the interaction term of usability on user
satisfaction at specific values (–1 SD, mean, +1 SD) of GDS,
education, and MMSE (moderators) was assessed, exploring
when the effect of usability on user satisfaction depends on the
level of the moderating test variable.

Results

Structural Equation Modeling

Study Participants

SEM was applied to check the hypothesis relationship between
the proposed factors that directly and indirectly influence older
adult’s user satisfaction (structural model) with technology.
SEM allows to analyze the structural relationship between

A total of 110 participants completed the final assessment after
the testing period. Table 1 summarizes the demographic, mood,
and global cognitive characteristics of the sample. Participants
had a mean age of 68.41 (SD 3.11) years, and 45.5% (50/110)
were identified as males. The mean years of formal education
were 7.95 (SD 5.38).
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Table 1. Characteristics of the study participants (N=110).
Characteristics

Values

Gender
Male, n (%)
Age (years), mean (SD)

68.41 (3.11)

64-70, n (%)

73 (66.4)

≥70, n (%)

37 (33.6)

Education (years), mean (SD)

7.95 (5.38)

1-4, n (%)

58 (52.7)

5-11, n (%)

24 (21.8)

≥12, n (%)

28 (25.5)

MMSEa (total score), mean (SD)

26.95 (2.00)

22-27, n (%)

41 (37.3)

≥27, n (%)

69 (62.7)

GDSb (total score), mean (SD)
>11, n (%)
a

50 (45.5)

6.05 (4.58)
17 (15.5)

MMSE: Mini-Mental State Examination.

b

GDS: Geriatric Depression Scale.

Instruments’ Descriptive Statistics
The results of descriptive statistics for the instruments (TAM
3, SUS, and USEQ) are presented in Tables 2-4, respectively.
The skewness and kurtosis values indicate some degree of
non-normality. In reality, most behavioral research data do not

follow univariate normal distributions [69,70]. Moreover, the
results reveal a severe violation of normality for the following
items and constructs: USEQ 1, SUS 1, SUS 3, SUS 5, SUS 9,
PEOU 3, PEC, and CANX. Thus, these were excluded from
further path analysis.

Table 2. Descriptive statistics for Technology Acceptance Model 3 items.
Items

Range

Mean (SD)

Skewness

Kurtosis

PEOU 1

2-7

6.28 (1.08)

–1.62

2.25

PEOU 2

1-7

6.06 (2.01)

–1.97

2.22

PEOU 3

3-7

6.84 (0.60)

–4.37

20.92

PEOU 4

3-7

6.60 (0.92)

–2.42

5.11

PEOU score

3.50-7.00

6.45 (0.78)

–1.48

1.54

PEOU final

3.67-7.00

6.31 (0.94)

–1.25

0.24

PEC 1

3-7

6.55 (0.97)

–2.38

5.19

PEC 2

4-7

6.94 (0.41)

–6.84

46.91

PEC score

4.00-7.00

6.74 (0.55)

–2.62

7.34

CANX 1

6-7

6.99 (0.10)

–10.49

110.00

CANX 2

1-7

6.86 (0.83)

–6.72

45.64

CANX 3

2-7

6.71 (0.97)

–3.49

11.44

CANX score

4.33-7.00

6.85 (0.47)

–3.55

12.72

BI

1-7

6.60 (0.97)

–3.00

10.84

USE (hours)

13-24

23.85 (1.12)

–8.99

85.16

Perceived Ease of Use (PEOU)

Perceptions of External Control (PEC)

Computer Anxiety (CANX)

Behavioral intention (BI)
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Table 3. Descriptive statistics for System Usability Scale items.
Items

Range

Mean (SD)

Skewness

Kurtosis

1

1-5

4.71 (0.65)

–2.82

9.87

2

1-5

1.44 (1.03)

2.40

4.70

3

2-5

4.92 (0.36)

–5.81

40.38

4

1-5

1.38 (1.04)

2.51

4.75

5

1-5

4.85 (0.56)

–4.47

23.01

6

1-5

1.28 (0.83)

3.12

9.26

7

1-5

3.58 (0.78)

–2.15

4.88

8

1-5

1.30 (0.92)

3.06

8.16

9

3-5

4.86 (0.46)

–3.42

10.71

10

1-5

1.41 (1.08)

2.52

4.95

System Usability Scale score

55-100

92.70 (10.73)

–1.61

1.77

Table 4. Descriptive statistics for User Satisfaction Evaluation Questionnaire items.
Items

Range

Mean (SD)

Skewness

Kurtosis

2

3-5

4.82 (0.47)

–2.66

6.46

3

2-5

4.65 (0.71)

–2.21

4.50

4

2-5

4.47 (0.75)

–1.30

0.98

5

1-5

4.65 (0.93)

–2.71

6.15

6

1-5

1.28 (0.83)

3.12

9.26

User Satisfaction Evaluation Questionnaire score

14-25

23.30 (2.40)

–1.81

2.99

Instruments’ Psychometric Proprieties
As reported by Domingos et al [36], the CFA supported the
conceptual unidimensionality of the USEQ (χ24=1.83, P=.12,
χ2/df=1.83; CFI=0.973, TLI=0.931, GFI=0.977, RMSEA=0.087,
SRMR=0.038). Furthermore, the CFA for the SUS showed
satisfactory values for the following indexes: CFI=0.816,
GFI=0.928, and SRMR=0.074. The fit indices for the model
are presented in Table 5.

Regarding internal consistency, for the SUS questionnaire
reliability was calculated only with items included in path
analysis (SUS 2, SUS 4, SUS 6, SUS 7, SUS 8, SUS 10).
Moreover, the USEQ showed acceptable reliability (Cronbach
α=.677; McDonald ω=0.722), as reported by Domingos et al
[36]. The McDonald ω coefficients showed acceptable values
for the SUS and USEQ questionnaires ranging from 0.712 to
0.722, respectively.

Table 5. Confirmatory factor analysis for instruments.
Fit indices

User Satisfaction Evaluation Questionnaire System Usability Scale

χ2

7.313

30.074

df

4

9

χ /df

1.83

3.34

P value

.120

<.001

Comparative Fit Index

0.973

0.816

Tucker–Lewis Index

0.931

0.694

Goodness-of-Fit Index

0.977

0.928

Root mean squared error of approximation

0.087

0.146

Standardized root mean squared residual

0.038

0.074

2
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Users’ Experience
The high ratings of the TAM 3 indicate excellent technology
acceptance by the participants. Overall, the average ratings for
user experience with the Xiaomi Mi Band 2 were 6.45 (SD 0.78)
for PEOU, 6.74 (SD 0.55) for PEC, 6.85 (SD 0.47) for CANX,
and 6.60 (SD 0.97) for BI. Furthermore, the participants reported
an average of 23.85 (SD 1.12) hours of use per day (Table 2).
These results indicate that participants found that the Xiaomi
Mi Band 2 is an easy-to-use and easy-to-control device,
potentially perceiving its usefulness regarding health benefits
and having the intention to use it in the future.
Regarding usability, the overall SUS score ranged from 55 to
100 (mean [SD] 92.70 [10.73]), with 96% (106/110) of the
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participants reporting a score above the acceptability baseline
of the SUS. Moreover, 45.5% (50/110) of the participants
classified the activity tracker achieved as best imaginable (Table
6). Thus, these results suggest that the Xiaomi Mi Band 2 is a
usable wearable activity tracker among older adults.
Finally, all participants reported a user satisfaction experience
above the USEQ baseline value defined as a good experience,
with a mean USEQ score of 23.30 (SD 2.40; Table 4). Moreover,
85.5% (94/110) of the participants rated the satisfaction with
the Xiaomi Mi Band 2 as excellent (Table 6). Still, despite older
adults reporting good satisfaction with the device, concerns
were noted regarding the clarity of the technology’s information.

Table 6. User experience classification for usability and satisfaction (N=110).
Classification

Value, n (%)

Usability (System Usability Scale)
Ok

8 (7.3)

Good

16 (14.5)

Excellent

36 (32.7)

Best imaginable

50 (45.5)

Satisfaction (User Satisfaction Evaluation Questionnaire)
Good

2 (1.8)

Very good

14 (12.7)

Excellent

94 (85.5)

The Structural Equation Modeling for User
Satisfaction
Table 7 shows fit indexes for the structural model, showing
acceptable values for the χ2/df (1.67) and RMSEA (0.079)
indexes and values slightly less than the threshold for a good
model fit for the following indexes: GFI=0.880, TLI=0.818,
and CFI=0.868. Based on these indexes, the model has a
moderate acceptable fit.

The path diagram of the model is presented in Figure 3.
Coefficients within paths are standardized coefficients from
regressions. Table 8 summarizes the results of hypothesis
testing, including standardized coefﬁcients and significance
levels. Specifically, results show that usability was significantly
and positively associated with user satisfaction (β=.530; P<.01),
thereby supporting Hypotheses 1. By contrast, depression was
significantly and negatively associated with usability (β=–.369;
P<.01), supporting Hypotheses 7.

Table 7. Fit indices for the hypothesized model.
Model fit index

Value

χ2

110.475

df

66

χ2/df

1.67

P value

<.001

Goodness-of-Fit Index

0.880

Tucker–Lewis Index

0.818

Comparative Fit Index

0.868

Root mean squared error of approximation

0.079
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Figure 3. Path diagram for the research model. GDS: Geriatric Depression Scale; MMSE: Mini-Mental State Examination; SUS: System Usability
Scale; USEQ: User Satisfaction Evaluation Questionnaire.

Individual characteristics (education, cognition, and depression)
collectively explained 16.8% of usability variance. Furthermore,
individual characteristics and usability collectively explained
39.1% of the variance in satisfaction. Specifically, depression
negatively impacted usability and satisfaction, with a significant
effect on usability (β=–.369; P<.01); while, regarding education,
a positive, but not significant, usability and satisfaction effect
was observed (education > satisfaction: β=–.121; P<.23;
education > usability: β=–.130; P<.25). Despite confirming the

theoretical model, most research hypotheses were not
statistically proven with adequate goodness of fit. Nonetheless,
usability seems to be a strong predictor of user satisfaction.
Considering the possible multicollinearity issues in the SEM,
the absolute values of correlation coefficients were calculated
and ranged from 0.009 to 0.45. The tolerance values ranged
from 0.82 to 0.87 and the VIF values from 1.15 to 1.22,
indicating that no independent variable is in a perfect linear
function with other any independent variable.

Table 8. Results of hypothesis testing based on standardized path coefficients for the research model.
Hypothesis

Estimate

Standard error

Critical ratio

P value

H1: Usability > Satisfaction

0.530

0.089

3.008

.003

H2: Education > Satisfaction

0.121

0.005

1.194

.23

H3: Education > Usability

0.130

0.011

1.147

.25

H4: Cognition > Satisfaction

–0.098

0.013

–0.999

.32

H5: Cognition > Usability

0.011

0.029

0.104

.92

H6: Depression > Satisfaction

–0.140

0.006

–1.376

.17

H7: Depression > Usability

–0.369

0.014

–3.010

.003

Moderation Analysis
Moderating Effect of the GDS
Usability significantly predicted satisfaction (β=.43; P<.001;
Table 9). The interaction effect of usability × GDS was not
significant (β=–.028; P<.06); however, because the P-value is
https://www.jmir.org/2022/1/e26652
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approximately .05, we can conclude there is a tendency to infer
that the effect of the satisfaction is dependent on GDS levels.
The simple slopes of the interaction at –1 SD, mean, and +1 SD
of GDS are plotted in Figure 4. Results indicate a signiﬁcant
association for high and low values of low GDS, respectively,
in the same direction (β=.30, P<.001; β=.56, P<.001; Table 10).
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the GDS was higher in individuals with lower GDS levels.

Table 9. Estimates for the moderating effect of the GDSa and usability in the prediction of user satisfaction.

a

Variable

Estimate

Standard error

Z

P value

Usability

0.43

0.082

5.28

<.001

GDS

–0.012

0.009

–1.34

.18

H1: Usability × GDS

–0.028

0.015

–1.90

.06

GDS: Geriatric Depression Scale.

Figure 4. Simple slope plot for the moderating effect of Geriatric Depression Scale (GDS) and usability in the prediction of user satisfaction.

Table 10. Effect of the usability on satisfaction at different levels of the GDSa.

a

Effect

Estimate

Standard error

Z

P value

Average

0.43

0.083

5.22

<.001

Low (–1 SD)

0.56

0.135

4.16

<.001

High (+1 SD)

0.30

0.070

4.36

<.001

GDS: Geriatric Depression Scale.

Moderating Effect of Education
Usability significantly predicted satisfaction (β=.36; P<.001;
Table 11). However, the interaction effect of usability ×
education in the direct path between usability and user
satisfaction was not significant (β=3.63 × 10–4; P<.98). Results

from simple slope estimates for the effect of usability on
satisfaction indicated that education did not moderate the
relationship between these variables (Table 12). Moreover, the
interaction plot (Figure 5) showed no difference in simple slopes
at –1 SD, mean, and +1 SD.

Table 11. Estimates for the moderating effect of education and usability in the prediction of user satisfaction.
Variable

Estimate

Standard error

Z

P value

Usability

0.36

0.070

5.23

<.001

Education

0.004

0.008

0.522

.60

H2: Usability × Education

3.63 × 10–4

0.017

0.022

.98
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Table 12. Effect of the usability on satisfaction at different levels of education.
Effect

Estimate

Standard error

Z

P value

Average

0.364

0.067

5.23

<.001

Low (–1 SD)

0.362

0.098

3.71

<.001

High (+1 SD)

0.366

0.128

2.85

.004

Figure 5. Simple slope plot for the moderating effect of education and usability in the prediction of user satisfaction.

Moderating Effect of the MMSE
The interaction effect of usability × MMSE in the direct path
between usability and user satisfaction was not significant
(β=.014; P<.66; Table 13). The simple slopes of the interaction
at –1 SD, mean, and +1 SD of the GDS are plotted in Figure 6.

Results indicate a positive relationship between usability and
satisfaction for both low (β=.352; P<.001) and high (β=.407;
P<.001) MMSE levels (Table 14). Additionally, the results
suggested that the indirect effect of usability on user satisfaction
through the MMSE is higher for individuals with higher levels
of MMSE.

Table 13. Estimates for the moderating effect of the MMSEa and usability in the prediction of user satisfaction.

a

Variable

Estimate

Standard error

Z

P value

Usability

0.380

0.070

5.46

<.001

MMSE

–0.008

0.020

–0.387

.70

H3: Usability × MMSE

0.014

0.031

0.445

.66

MMSE: Mini-Mental State Examination.
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Figure 6. Simple slope plot for moderating effect of Mini-Mental State Examination (MMSE) and usability in the prediction of user satisfaction.

Table 14. Effect of the usability on satisfaction at different levels of Mini-Mental State Examination (MMSE).
Effect

Estimate

Standard error

Z

P value

Average

0.380

0.070

5.45

<.001

Low (–1 SD)

0.352

0.079

4.44

<.001

High (+1 SD)

0.407

0.105

3.87

<.001

Discussion
Principal Findings
In recent years, wearable activity trackers are part of a rapidly
growing trend in biomedical research and medicine [13,71,72].
These devices have been employed in behavior change
interventions due to their potential to motivate individuals to
comply with a daily activity goal [13,71]. Because most older
adults have insu cient levels of PA, these technologies may be
especially beneficial in middle-aged and older age groups.
Nonetheless, it is reported that only 16% of activity tracker
owners are 55-64 years of age and 7% over 65 [4], indicating
that possibly these devices may not be feasible or acceptable to
older adults [73]. Therefore, it is necessary to understand how
older adults perceive these new technologies. Thus, to better
understand potential barriers to using these technologies, the
acceptability, usability, and user satisfaction experience with
the Xiaomi Mi Band 2 were examined in a population of older
adults.
Results from users’ experience indicate an excellent technology
acceptance with high ratings of the TAM 3 in all constructs,
including PEOU, PEC, CANX, and BI. Previously, Puri et al
[49] found a moderate level of acceptance (65%) for the Xiaomi
Mi Band 2 among the Canadian community-dwelling older
adults, where, interestingly, participants reported a significantly
higher acceptance rate for the Xiaomi Mi Band 2 when
compared with Microsoft Band. In our study, no other devices
were tested, and thus, did not allow for any comparison between
wearable devices.
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Concerning usability, all participants scored their experience
above the acceptability baseline for the SUS. Thus, these results
indicate that the Xiaomi Mi Band 2 has excellent usability for
older adults in this specific context. Participants also reported
a user satisfaction experience above the USEQ baseline value
defined as a good experience, suggesting excellent user
satisfaction. Nonetheless, such a large score on the SUS, mean
92.70 (SD 10.73), was surprising. In the study by Liang et al
[8], the Xiaomi Mi Band 2 was one of the devices that achieved
the highest score among several selected wearable devices with
distinct market performance, but its mean SUS score was 65.12
(SD 14.73). Possible explanations range from the intrinsic
motivation to use the device and how the device is supplied;
therefore, such aspects should be evaluated in future studies.
This study also examined factors influencing user satisfaction
with the Xiaomi Mi Band 2, based on the proposed theoretical
framework. The hypothetical model was supported by moderate
acceptable fit indices values (χ2/df=1.67, GFI=0.880, TLI=0.818,
CFI=0.868, and RMSEA=0.079). Furthermore, 2 of the testing
hypotheses were proven. Overall, results indicate that usability
is a significant predictor of user satisfaction (β=.530; P<.01),
which, in turn, was negatively affected by depression symptoms
(β=–.369; P<.01). The model shows that individual
characteristics explain 16.8% of the usability variance and
39.1% of the variance in satisfaction collectively with usability.
Specifically, a significant negative effect of depression on
usability was found (β=–.369; P<.01).
Additionally, user characteristics’ potential moderating effect
on the interaction between usability and user satisfaction was
J Med Internet Res 2022 | vol. 24 | iss. 1 | e26652 | p.1296
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examined. Results suggested that the GDS moderates the
usability effect on user satisfaction, and the effect is higher in
individuals with lower GDS levels. However, we did not observe
significant moderating effects for education (β=3.63 × 10–4;
P<.98) and MMSE (β=.014; P<.66) on the interaction between
usability and user satisfaction, contrary to our expectations.
Future research should explore additional moderating effects
through the user characteristics, including personal traits as well
as motivational and cultural aspects to enable a better
understanding of the factors that may influence user satisfaction
and consequently facilitate technology adoption.
Overall, our results align with a recent study investigating the
impact of depressive symptoms on web user experience
measures, indicating that mood may be a factor influencing
technology usability [74]. Additionally, recent research
investigating the relationship between user perceptions and user
characteristics has shown that older adults demonstrate positive
attitudes toward mobile technologies and report technologies’
complexity. User characteristics, such as age, processing speed,
and attention, significantly influence older adults’ usage
behavior. Furthermore, the education level was found to be
positively correlated with the diversity of use. Probably,
individuals with higher education levels are typically more
motivated to accept new concepts. The authors also mentioned
that the usability problems could be attributed to poor memory,
decreased vision, and poor literacy, thus older adults tended to
perceive the technologies as difficult to use [39].
Beyond the proposed research framework of the study, we aimed
to use an integrated TAM and user satisfaction, similar to other
studies [29,31,34]. However, due to the severe violation of
normality observed in TAM 3 constructs, we cannot integrate
the TAM in path analysis. Nonetheless, previous research has
shown a significant influence of PEOU on user satisfaction,
with the latter proposed to be a key predictor of BI [32-34].
Additionally, Chao [29] showed that perceived enjoyment, effort
expectancy, and performance expectancy have a signiﬁcantly
positive effect on satisfaction; thus, it would have been relevant
to include these variables to predict satisfaction.
Regarding usability, Venkatesh et al [19,75] theorized that
PEOU is affected by the objective usability of a specific system
only after a direct experience with the system, where perceptions
about the PEOU are determined solely by usability features,
which in turn form the basis for acceptance or rejection.
Moreover, if the system has higher objective usability, it means
that system that is easy to use. Several studies suggested that
usability is a determinant of PEOU [19,23,75].
Regarding study limitations, our sample is not representative
of the entire older population because we used a convenience
sample. Therefore, findings cannot be widely generalizable.
Moreover, the population sample is more homogenous than the
wider population on the common factors, possibly leading to
attenuation in correlations or erroneous correlations among
variables [76,77]. Although we have a minimum sample size
adequate for the estimation method (>100 participants), the
SEM is a large-sample technique [78]. Therefore, future studies
should have a larger and more heterogeneous sample to obtain
sufficiently accurate estimates, although our study had a larger
https://www.jmir.org/2022/1/e26652
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sample size compared with previous ones [13,49-51]. A further
limitation is that the user experience was assessed for a specific
wearable activity tracker (Xiaomi Mi Band 2), and therefore,
is not representative of the full range of devices currently
available on the market. Moreover, the testing period was limited
to 15 days. Short-term technology acceptance may not be
indicative of long-term acceptance, as research indicates that
use of activity trackers tend to drop after the first few weeks
[1,49], with short timeframes also making it difficult to
determine the impact of the novelty effect (defined as a person’s
subjective “first responses to a technology, not the patterns of
usage that will persist over time as the product ceases to be
new” [79]). Moreover, research suggests that the declining
novelty effect could be a reason for many activity tracker users
discontinuing their use. Recently, Shin et al [80] explored the
effect of novelty in the early stages (<3 months) of activity
tracker adoption, as well as the motivation factors for sustained
activity tracker use in the long term (>6 months). Findings reveal
that the use beyond the novelty period is determined by intrinsic
and extrinsic motivations. Finally, we selected the SUS for the
usability evaluation because it is the most widely used
questionnaire to measure perceived usability; however, this
instrument does not comprise all of the concepts regarding
usability. For instance, there are several different standards (eg,
ISO-9241-11 [26], ISO/IEC 9126 [81]) and conceptual models
to evaluate usability. Shackel [82] reported on the 4 important
characteristics of usability, namely, effectiveness, learnability,
flexibility, and attitude, and the Nielsen model (1993) [83] gave
5 subattributes of usability, namely, learnability, efficiency,
memorability, errors, and satisfaction [84,85]. Therefore, there
is a need for future studies evaluating key dimensions of
usability.

Conclusions
In conclusion, while there is a pressing need for studies to
include other devices currently on the market and evaluate
longer-term use, our study extended on the existing research
providing valuable insight into the use of wearable activity
trackers among older adults. First, a significant contribution of
this work was to demonstrate the relevance of usability as an
important factor influencing user satisfaction, which probably
has an impact on technology acceptance and on the intention
to use activity trackers. However, we were not able to predict
BI in our structural model. Furthermore, our results emphasize
the need to consider strategies to minimize the usability barriers
to technology adoption in older adults. In addition, system
designers should provide systems that address these concerns,
and the researchers must ensure that selected systems adequately
address the usability issues to be effectively implemented in
clinical and research settings. Second, our study investigated
the impact of user characteristics as moderating factors
influencing the relationship between usability and user
satisfaction and found that depression symptoms have a
significant influence on older adults’ perception of using
technology. However, other individual differences/personal user
characteristics should be examined, and the identified
moderating effects should be taken into consideration when
implementing strategies trying to promote technology adoption.
Finally, our results suggested that the Xiaomi Mi Band 2 is a
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real-life context.
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Abstract
Background: eHealth and telehealth play a crucial role in assisting older adults who visit hospitals frequently or who live in
nursing homes and can benefit from staying at home while being cared for. Adapting to new technologies can be difficult for
older people. Thus, to better apply these technologies to older adults’ lives, many studies have analyzed the acceptance factors
for this particular population. However, there is not yet a consensual framework that can be used in further development and to
search for solutions.
Objective: This paper aims to present an integrated acceptance framework (IAF) for older users’ acceptance of eHealth based
on 43 studies selected through a systematic review.
Methods: We conducted a 4-step study. First, through a systematic review in the field of eHealth from 2010 to 2020, the
acceptance factors and basic data for analysis were extracted. Second, we conducted a thematic analysis to group the factors into
themes to propose an integrated framework for acceptance. Third, we defined a metric to evaluate the impact of the factors
addressed in the studies. Finally, the differences among the important IAF factors were analyzed according to the participants’
health conditions, verification time, and year.
Results: Through a systematic review, 731 studies were found in 5 major databases, resulting in 43 (5.9%) selected studies
using the PRISMA (Preferred Reporting Item for Systematic Reviews and Meta-Analyses) methodology. First, the research
methods and acceptance factors for eHealth were compared and analyzed, extracting a total of 105 acceptance factors, which
were grouped later, resulting in an IAF. A total of 5 dimensions (ie, personal, user–technology relational, technological,
service-related, and environmental) emerged, with a total of 23 factors. In addition, we assessed the quality of evidence and then
conducted a stratification analysis to reveal the more appropriate factors depending on the health condition and assessment time.
Finally, we assessed the factors and dimensions that have recently become more important.
Conclusions: The result of this investigation is a framework for conducting research on eHealth acceptance. To elaborately
analyze the impact of the factors of the proposed framework, the criteria for evaluating the evidence from the studies that have
the extracted factors are presented. Through this process, the impact of each factor in the IAF has been presented, in addition to
the framework proposal. Moreover, a meta-analysis of the current status of research is presented, highlighting the areas where
specific measures are needed to facilitate eHealth acceptance.
(J Med Internet Res 2022;24(1):e31920) doi:10.2196/31920
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Introduction
Background
The world’s population is aging, and this phenomenon will
affect the health care system for older people in the future, and
we need to be prepared [1]. During the COVID-19 pandemic,
it has been revealed that older people are an especially risky
group, and public health authorities have advised them to stay
safely at home [2]. This makes it harder for many older people
to visit hospitals or health care facilities, and the need for
eHealth services to provide health care at home has been
increasing. The medical services offered by an internet-based
platform have the advantage of increased equality in access to
medical services during any type of crisis.
eHealth has been a World Health Organization priority since
2005. It defined eHealth as “a health-related field including
medical and health services, health surveillance, health literature,
health education, knowledge, and research” and has provided
international reports on eHealth readiness [3]. In recent years,
eHealth has been increasingly used as a generic term that covers
a variety of mobile health (mHealth), telemedicine, and
telehealth services, as well as eHealth data management [4].
eHealth is becoming an important solution for people who need
to consistently manage their health even at home and receive
immediate professional medical services by providing low-cost
and high-quality health care [3].
The development of the Internet of Things (IoT) has contributed
to advances in the eHealth field. IoT is a technology that allows
physical objects, devices, and computers to interact using
networks to collect and exchange data [5]. Ambient assisted
living in health care facilities using IoT is designed to help older
adults’ lives. This allows older adults with chronic diseases to
measure blood pressure, glucose, electrocardiogram, and body
temperature, which need to be monitored every day, and the
data can be immediately shared with medical facilities [6].
Recently, advances in sensors and machine learning have made
it possible to better perceive and understand the daily lives of
older adults. This could lead to the development of eHealth
technologies that monitor daily health conditions, share
information with health care facilities, and respond to
emergencies. The improvement of these technologies can relieve
the social burden of aging and accelerate the transition to
personalized digital health care that can meet the needs of
individuals seeking independent living [7].
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However, older people’s acceptance, adoption, and use of
technology have lagged behind that of younger people. In
addition, older people may have low eHealth literacy or low
ability to access, evaluate, and use health information to make
medical decisions [8]. Nonetheless, as their health concerns and
health care needs are higher than for any other age group, some
studies have confirmed that a growing number of people from
this demographic segment are accepting the technology and are
willing to use it in the future [9]. The first step toward applying
eHealth technology in the future and bringing it into real life is
to identify the factors that older adults, as users of eHealth,
consider important to embrace the technology [10].
In the process of expanding the use of new technologies, many
studies have been conducted to find how users accept specific
technologies. The 2 representative models are the Technology
Acceptance Model (TAM), which posits that both perceived
usefulness and perceived ease of use affect the user’s attitude
and behavioral intention [11], and the Unified Theory of
Acceptance and Use of Technology (UTAUT), which was
designed as a synthesis of 8 major technology acceptance models
[12]. There are many studies on eHealth acceptance for older
adults that extend, transform, or combine these 2 models to
identify acceptance factors [13-16]. However, neither is it easy
to find evidence for an appropriate acceptance factor model,
according to the conditions of the research nor is it easy to
construct an optimized acceptance model.
For use in future studies in this field, this study extracts the
acceptance factors from studies on eHealth for older people
over the past 11 years through a systematic review. After that,
we propose an integrated acceptance framework (IAF) that
groups the extracted acceptance factors through thematic
analysis. Then, the criteria for evaluating the evidence for each
factor incorporated into the IAF are provided. Finally, the
proposed IAF is analyzed according to the detailed conditions.
This study proceeds in 4 steps, from data extraction for the IAF
to analysis for the IAF application (Figure 1). One of the main
aspects that differentiate IAF from TAM and UTAUT is the
presentation of a wider range of factors and dimensions based
on acceptance factors that have been covered in research over
the past 11 years. Moreover, although TAM and UTAUT are
generic acceptance frameworks, IAF is intended to be a
framework specifically tailored for a concrete technology
(eHealth) and a particular population (older people). In this way,
it is expected to be a more useful tool for highlighting the
potential barriers and facilitators when planning a new adoption
scenario.
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Figure 1. The 4-step study model.

Objective and Process
This study can contribute to eHealth research and industry in
the following three ways: (1) the development of an IAF, which
comprises acceptance factors grouped in dimensions for the
analysis of eHealth acceptance in old age that emerge from the
analysis of existing evidence; (2) a metric for the assessment
of the quality of the evidence found in the systematic review
study that allows for the normalization and integration of the
evidence on the impact of acceptance factors across different
and diverse studies; and (3) stratification analyses of the IAF
application according to the participant’s health status and
verification time and analysis of the evolution of the factors
through the years.
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Methods
Overview
We conducted a 4-step study (Table 1). First, the primary studies
were selected through a systematic review, and the acceptance
factors and basic data for analysis were extracted from the
selected studies. Second, the extracted factors were grouped
through thematic analysis, and a framework for acceptance was
proposed. Third, the metrics for quality assurance were defined
to evaluate the weights of the factors addressed in the study and
apply them to the framework. Finally, we applied the resulting
framework for different scenarios—first, according to the health,
and second, according to the verification time—resulting in
particularized IAFs. Moreover, we analyzed the changes in these
factors over the years.
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Table 1. Step-by-step study agenda.
Step and agenda

Description

Systematic review
Which research was selected through a systematic review, which re- This allows a comprehensive review of research methods and research
search methods were used for each study, who were the participants, distribution of selected studies.
and for which technologies were the acceptance factors studied?
Thematic analysis
What are acceptance factors verified through each study, and can the A quick overview of the selected studies indicates that similar elements
are considered in different studies under different terms and with different
factors be grouped by thematic analysis to present an IAFa?
levels of abstraction. The need to generate an IAF that would emerge from
a thematic analysis of the collection of all acceptance elements mentioned
in each study, thus grouping similar elements and providing a dimensional
classification of acceptance factors, is anticipated.
Evaluation of evidence quality
Can the importance of each acceptance factor be assessed by combin- Given the high variability in the research methods used in the various
ing the evidence provided in different studies?
studies and in the size and characteristics of the participants, the need to
establish a metric that assesses the quality of the evidence provided by
each study is anticipated. In addition, it is possible to compute a weighted
combination of the importance of acceptance factors proposed in the selected studies.
Influential factor analysis
Stratification analysis for the IAF
IAF by health status

Through this analysis, it is possible to compare the acceptance factors
studied in the group of healthy older adults with the acceptance factors
studied in the group of older adults with diseases.

IAF by verification time

The relevant acceptance factors of preadoption (before installation) and
those of postadoption (after installation or after use) will be compared and
analyzed.

Evolution of factors along the years

a

The analysis of whether there has been any change in acceptance factors
over time, considering the rapidly developing eHealth technology and its
growing adoption, is a goal of this research.

IAF: integrated acceptance framework.

Step 1: Systematic Review
This study selected and analyzed the studies according to the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) guidelines. The study scope was defined
by the population, intervention, comparison, and outcomes
(PICO) model, and accordingly, the search scope and research
questions were defined. In the screening stage, 3 reviewers
collaborated using the Covidence tool (Veritas Health Innovation
Ltd). During the process of extracting and organizing data, a
Microsoft Excel spreadsheet was used and shared for
collaboration through Microsoft Teams.
The PICO model was applied to define the research scope and
search strings as follows:
•
•

•

Population: older adults who have the possibility of using
eHealth
Intervention: eHealth technology (including mHealth,
telemedicine, and telehealth) that older users may
experience or think about
Comparison: comparison among the participants’
conditions, comparison based on verification time, and
comparison of changes in acceptance factors by year
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XSL• FO
RenderX

•

Outcome: extraction and consolidation of acceptance factors
and their impact on the adoption of eHealth services for
older adults

Search strings were defined as combinations that can retrieve
as many related studies as possible, with consideration given
to PICO. Our final search string was (ehealth OR telehealth OR
mhealth OR uhealth OR health technology OR telemedicine)
AND (older OR elderly OR senior) AND (adoption OR
acceptance) AND (factors OR barriers OR determinants OR
facilitators). The search scope was established as article title,
abstract, and keywords. The databases used were Web of
Science, Scopus, PubMed, IEEE, and MEDLINE. The review
was conducted on conference papers or journal articles published
during the 11 years from 2010 to 2020.
The set of studies collected through the search was finally
selected using the following criteria and quality evaluation
questions.
The exclusion criteria were as follows:
•
•

Articles not written in English
Articles that did not directly use the terms acceptance and
health technology or related terms in the title, abstract, or
entire text
J Med Internet Res 2022 | vol. 24 | iss. 1 | e31920 | p.1306
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•
•

Studies that discuss eHealth adoption factors but not for
older users
Meta-analysis reviews the same subject

The quality evaluation questions were as follows:
•
•
•

Are the influential factors clearly defined?
Is the empirical evidence presented?
Are the ages of the participants clearly stated (mean age of
≥60 years)?

Yu et al
•
•

In the case of quantitative research, is the number of
participant responses sufficient?
In the case of qualitative research, has there been sufficient
discussion of acceptance factors?

The data to be extracted from each study were defined according
to the agendas in each step, as shown in Textbox 1. The data
were extracted and organized in step 1, and the extracted data
from each agenda were used in each step.

Textbox 1. Data definitions for extraction.
Year of publication
•

Year the study was published

Country
•

Countries subjected to study

Participants’ mean age
•

Average age of participants

Verification time
•

When the acceptance factors are verified

Study method
•

The methods used to study the acceptance factors

Technology
•

Health-related technologies in studies

Theory
•

Theories on which the study is based

Participants’ condition
•

Participants’ health status or recruitment conditions

Factor, barrier, or facilitator
•

Factors, barriers, and facilitators tested

Result
•

Research results and insights

Step 2: Thematic Analysis
The high number and diversity of factors, together with the
variety of research methods, make it difficult to collect existing
evidence and reach meaningful conclusions about the factors
that really have an impact on the acceptance and adoption of
these technologies. To overcome this, we formed an integrated
framework for eHealth acceptance factors in older adults. All
factors extracted from the selected studies by the systematic
review process were defined as either positive or negative. Then,
a thematic analysis process was conducted with the goal of
identifying, analyzing, and interpreting patterns of meaning (or
themes) within the set of original acceptance factors. We
grouped them according to commonality in the meaning of the
original acceptance factors in a bottom-up fashion. The 3 authors
https://www.jmir.org/2022/1/e31920
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jointly analyzed and classified the acceptance factors through
Microsoft Teams, and they reviewed and discussed each article
to understand the meaning of the factors used in that article.
Concretely, the first author conducted an initial thematic analysis
after data extraction. Later, the other 2 authors participated in
several consensus meetings. The other authors are senior
researchers in two complementary disciplines: the first is a
professor of computer science with a degree in psychology and
extensive experience in acceptance models, and the second is
a professor of biomedical engineering with wide experience in
eHealth and older adults using technologies. After extracting
and defining factors for 3 weeks, grouping was conducted
according to themes for an additional 2 weeks.
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Step 3: Evaluation of Quality of Evidence
To assess the impact of the factors, we evaluated and reflected
the quality of evidence in each study beyond the frequency of
the factors used in the studies. For a systematic review, there
is a grading of recommendations, assessment, development,
and evaluation (GRADE) method that evaluates the quality of
the evidence for each outcome by applying a set of evaluation
criteria [17]. With GRADE, the quality of the evidence is
evaluated according to the research method, as well as the risk
of bias, inconsistency, indirectness, imprecision, and large
magnitude of effect. However, GRADE focuses on the results
of the study rather than evaluating the overall quality of the
research and is mainly targeted for experiments related to health
care. Consequently, we found it difficult to apply GRADE in
our review. Thus, we only took the research methods criteria
considered in GRADE and other studies [17,18], and we felt it
was necessary to add some new criteria that could assess the
quality of evidence of the selected studies. One of the outcomes
of this research is a metric that defines a set of relevant
evaluation criteria.
The impact of the acceptance factors was analyzed by
calculating the evidence quality score of each study according
to this metric and deriving from it the weight of the acceptance
factors studied.
In this way, the proposed IAF was enhanced by reflecting the
impact of acceptance factors.

Step 4: Influential Factor Analysis of the IAF
We analyzed the IAF that resulted from the research to better
understand the relative importance of the factors according to
different conditions. To do this, a stratification analysis [19]
was applied that allowed the classification and analysis of the
factors according to the conditions. First, the factors that depend
on the health condition of the participant were analyzed; then,
the analysis was repeated according to the verification time
(preadoption and postadoption). In addition, the IAF was
analyzed by year to examine the evolution of factors over the
years.

Results
IAF Steps
Step 1: Systematic Review
According to the PRISMA guidelines, of the 731 studies
retrieved from the databases, after excluding duplicates, 168
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(23%) studies were screened. Of the 168 studies, after excluding
94 (55.9%) studies that were considered irrelevant, a total of
74 (44%) studies were reviewed for full text during the
eligibility phase. Figure 2 shows the PRISMA flowchart of the
study selection process, where 58% (43/74) of the articles were
finally selected. The selected studies clearly identified
acceptance factors for eHealth or health technology for the older
population.
Multimedia Appendix 1 [13-16,20-58] lists the 43 studies and
their corresponding basic data (see Textbox 1 for definitions).
Of the 43 selected publications, 27 (63%) reported quantitative
studies, 10 (23%) reported qualitative studies, and 6 (14%)
reported mixed methods studies. Only 9% (4/43) of them were
longitudinal studies, which observed and analyzed the same
group for a long period, and their continuous observation period
ranged from 3 months to 2 years. Quantitative research was
mainly conducted as a survey in the form of mail or web-based
questionnaires, and because of the characteristics of old age,
there were also studies conducted through a face-to-face survey
with explanations about the research. For qualitative research,
in-depth interviews and focus group interviews were conducted
at a similar rate.
Participants’ health conditions for each investigation were also
identified. Of the 43 studies included in this research, 26 (60%)
studies only considered participants without pre-existing disease
conditions, followed by 9 (21%) studies that included
participants with chronic diseases. Of the 43 studies, there was
1 (2%) study that compared healthy participants to participants
with chronic diseases, and 2 (5%) studies compared healthy
participants to participants with heart disease.
Figure 3 displays the distribution of health technologies that
need to be studied. mHealth was the most common
classification, with 28% (12/43) of studies, followed by eHealth
with 23% (10/43) of studies, which dealt with general and
integrative health technology.
Most studies were based on existing technology acceptance
theories, 40% (17/43) of studies were based on TAM, and 21%
(9/43) of studies were based on UTAUT.
The distributions of the selected 43 studies, according to country
and year, are shown in Multimedia Appendix 2. Excluding an
anomalous decrease in 2018, the trend is a growing number of
papers, with recent studies in 2019 and 2020 accounting for a
large proportion. The largest number of studies was conducted
in the United States, followed by studies conducted in China.
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Figure 2. PRISMA (Preferred Reporting Item for Systematic Reviews and Meta-Analyses) flowchart for study selection.

Figure 3. Target technology. mHealth: mobile health.

Step 2: Thematic Analysis
A total of 105 acceptance factors were extracted from the
studies. The 105×43 matrix relating acceptance factors to the
https://www.jmir.org/2022/1/e31920
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studies was too sparse, and the absolute frequency of acceptance
factors across the studies was too low. It was obvious that this
could not be taken as the basis for the combination of evidence.
Therefore, a thematic analysis process was conducted with the
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goal of identifying and analyzing the patterns of themes within
the set of original acceptance factors. By grouping according
to commonality in the meaning of original acceptance factors
in a bottom-up fashion, the resulting IAF comprised 23
representative acceptance factors or themes, which were
categorized into five dimensions: (1) personal, (2)
user–technology relational, (3) technological, (4) service
relational, and (5) environmental (Figure 4). The details of the
23 final acceptance factors, their corresponding elements
(rephrasing the original acceptance factors), the frequency with
which they are analyzed across the 43 studies, and the type of
influence they have been found to exert on the decision to use
eHealth (positive or negative), are included in Table 2.
The personal dimension comprises a total of five factors related
to the user: (1) personal characteristics, which comprise an
individual’s basic profile; (2) personal condition to reflect an
individual’s health status or activity level; (3) personal
capabilities to know eHealth acceptance capacities; (4)
personality and attitude, which considers all personal traits,
beliefs, and attitudes that can have an impact on the adoption
of eHealth technology; and (5) preferences, which reflect
personal inclinations for health care.
The user–technology relational dimension comprises five factors
that lie in the intersection between the user and technology: (1)
how technology addresses user needs/characteristics to consider
the degree of matching between the technology and the real
needs of the user; (2) experience with technology to take into
account previous experience with other technologies; (3)
perceived usefulness of technology; (4) perceived ease of
technology; and (5) attitude toward technology, which groups
concerns and feelings that the user has toward the technology.
The technological dimension comprises six factors related to
the technology: (1) features/functions of technology, (2) quality
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of technology and device, (3) usability of technology, (4)
hedonic motivation of technology, (5) automaticity, and (6)
benefits for users of technology use.
The service-related dimension comprises a total of five factors
that consider the service aspects in the adoption of eHealth
technology: (1) support for use, (2) cost for eHealth service,
(3) service quality, (4) organizational factors related to service
operation, and (5) alignment with government policies.
Finally, the environmental dimension comprises two elements
that address the context in which the user will adopt the
technology: (1) physical environments, such as distance from
hospitals and internet accessibility, and (2) social influence,
which is influenced by people around older users.
The factors of personality and attitude in the personal dimension
included most of the elements. These elements correspond to
personal dispositions, personality traits, or attitudes that can
influence the acceptance of new things or changes in the way
they deal with health. The factor of attitude toward technology
in the user–technology relational dimension comprises elements
that mostly affect the acceptance of eHealth technology in a
negative way, such as technology anxiety, privacy concerns,
and security concerns.
The personal characteristics factor, the element of chronic
health condition or health status in the personal condition factor,
and the element of the degree of satisfaction with existing
medical services in the how technology addresses user
needs/characteristics factor have shown both positive and
negative effects on eHealth acceptance, depending on the study.
Thus, we propose an IAF that comprises these 23 grouped
factors and 5 dimensions to be used as a reference in future
research on eHealth acceptance.

Figure 4. The 5 dimensions for acceptance factors.
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Table 2. Proposed integrated acceptance framework with 23 acceptance factors and their elements (N=43).
Factor and element

Frequency, n (%)

Influence
Positive

Negative

Personal
Personal characteristics
Age

6 (14)

✓

✓

Gender

5 (12)

✓

✓

Educational background

4 (9)

✓

✓

Lifestyle and residence type

4 (9)

✓

✓

Income

2 (5)

✓

✓

Work status

2 (5)

✓

✓

Adequate financial status

1 (2)

✓

Geographical location

1 (2)

✓

Health knowledge

1 (2)

✓

Chronic health condition or health status

8 (19)

✓

High activity level

1 (2)

✓

Independence

1 (2)

✓

Self-efficacy or competence

9 (21)

✓

Decreased physiological or cognitive capability

6 (14)

Participation

1 (2)

✓

Personal condition
✓

Personal capabilities

✓
✓

Personality and attitude
✓

Concerns about risk

5 (12)

Conversion readiness or personal innovativeness

4 (9)

Resistance to change

2 (5)

Personal proactivity

2 (5)

✓

Sense of control

2 (5)

✓

Confidence in control of health

1 (2)

✓

Overanxiety about health

1 (2)

✓

Perceived social risk

1 (2)

✓

Need for cognitive closure

1 (2)

✓

Willingness to take a chance

1 (2)

✓

Ability to take advantage of opportunities

1 (2)

✓

Self-esteem

1 (2)

✓

Self-confidence

1 (2)

✓

Reluctance to rely on a machine

1 (2)

✓

3 (7)

✓

Lack of needs

4 (9)

✓

Degree of satisfaction with existing medical service

2 (5)

Insufficient contents or functions

1 (2)

✓
✓

Preferences
Preference for face-to-face contact
User–technology relational
How technology addresses user needs or characteristics
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✓
✓
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Frequency, n (%)

Influence
Positive

Needs are already addressed by caregiver

1 (2)

Desire for ownership of and access to medical information

1 (2)

Information or system feature overload

1 (2)

Health care needs

1 (2)

Negative
✓

✓
✓
✓

Experience with technology (literacy)
✓

Lack of information and awareness

7 (16)

Prior experience with technology

6 (14)

✓

eHealth literacy

4 (9)

✓

Poor eHealth experience

3 (7)

Frequency of internet use

1 (2)

✓

Perceived usefulness

20 (47)

✓

Performance expectation

8 (19)

✓

Perceived security

7 (16)

✓

Perceived compatibility

4 (9)

✓

Perceived ubiquity

1 (2)

✓

Perceived relative advantage

1 (2)

✓

Perceived ease of use

18 (42)

✓

Difficulty with new technology

8 (19)

Effort expectation

8 (19)

Perceived complexity of technology

2 (5)

✓

Amount of perceived effort

1 (2)

✓

Technology anxiety

13 (30)

✓

Privacy concerns

8 (19)

✓

Lack of interest

4 (9)

✓

Security concerns

4 (9)

✓

Lack of trust in service

4 (9)

✓

Trust in service

3 (7)

Negative feeling about constant monitoring

1 (2)

✓

Perceived usefulness of technology

Perceived ease of technology

✓
✓

Attitude toward technology

✓
✓

Technological
Features or functions
Track vital signs or monitor my information

3 (7)

✓

Functions to help existing health care services

2 (5)

✓

Monitor health trends

1 (2)

✓

Quality of technology and device
✓

Technology instability

4 (9)

Convenience

2 (5)

✓

Physical comfort (wearable)

1 (2)

✓

Usability
Insufficient user-friendliness
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Influence
Positive

Negative

Learning difficulty of new technology

2 (5)

✓

Lack of instructions

2 (5)

✓

Esthetics

1 (2)

✓

Helpful instructions

1 (2)

✓

1 (2)

✓

Using it everyday

1 (2)

✓

Using a variety of functions

1 (2)

✓

Habit

1 (2)

✓

Share data with someone

3 (7)

✓

Digital solutions that remove personal barriers

2 (5)

✓

Medical records in one place

2 (5)

✓

Observation of changes after use

2 (5)

✓

Portable personal records

1 (2)

✓

Prevention of unnecessary tests or medical accidents

1 (2)

✓

Technical support

6 (14)

✓

Support from people around me

6 (14)

✓

Peer support

6 (14)

✓

Adequate training

4 (9)

✓

Intergenerational support

4 (9)

✓

Support from service

4 (9)

✓

Hospital support

2 (5)

✓

Not enough support for technology use

1 (2)

✓

Cost burden

9 (21)

✓

Service affordability

4 (9)

✓

Service availability

3 (7)

✓

Price value

2 (5)

✓

2 (5)

✓

Care assistance center linked to service

1 (2)

✓

Improvement of health care interactions

1 (2)

✓

Provided in parallel with existing direct visits

1 (2)

✓

1 (2)

✓

Hedonic motivation
Hedonistic motivation
Automaticity

Benefits for user

Service related
Support for use

Cost for eHealth service

Service quality
Information quality or service quality
Organizational factors

Alignment with government policies
Government policy
Environmental
Physical environments
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Influence
Positive

Negative
✓

Internet connection instability

3 (7)

Distance to hospital

1 (2)

✓

Social norms or subjective norm

12 (28)

✓

Physician’s recommendation

6 (14)

✓

Recommendation from people around me

5 (12)

✓

Family recommendation

1 (2)

✓

Close people’s eHealth readiness

1 (2)

✓

Social influence

Step 3: Evaluation of Quality of Evidence

•

Overview
The assessment results should quantify the reliability of the
findings on acceptance factors discussed in each study and
whether their conclusions can be confidently applied to future
related studies. The proposed metric is based on three criteria:

•

1.
2.
3.

•

Reliable methodology
Participant’s experience with the specific target technology
Research and publication year

The score for each of the 3 criteria ranged from 1 to 4: very
low=1, low=2, moderate=3, and high=4. As studies with very
low (1 point) quality by these criteria have already been
excluded through the quality assessment of the full text, the
selected studies received scores ranging from 2 to 4 points.
Reliable Methodology
The quality of evidence increases when the applied research
methods can provide high internal and external validity. It is
considered that the validity of quantitative studies strongly
depends on the number of participants. We also considered that
mixed approaches, in which quantitative and qualitative methods
are combined, tend to have higher validity than single methods.
Finally, the clarity and reliability of the analysis method also
have an influence on validity. The rules applied for the
assessment were as follows:
•
•

•

High (4 points): studies with multidimensional approaches
that applied a mixed or longitudinal study
Moderate (3 points): quantitative studies with sufficient
participants and clear analysis methods; qualitative studies
following a reliable analysis method
Low (2 points): quantitative research with <100 participants;
qualitative research that did not mention a clear analysis
method

Participant’s Experience of the Specific Target Technology
This criterion evaluates whether the target technology was
clearly explained to or experienced by the participants before
discussion and investigation. With a high degree of
understanding of the technology being studied, participants
could express their intentions more accurately. Otherwise, their
answers could be biased by misunderstandings or prejudices.
The rules applied for the assessment were as follows:
https://www.jmir.org/2022/1/e31920
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High (4 points): The subject of investigation clearly
recognized the target technology through a prototype or
demonstration video, or the target technology was used for
a certain period.
Moderate (3 points): The technology was presented through
text, images, or explanations from the investigator.
Alternately, participants had an indirect understanding of
the target technology based on their previous experiences
with other technologies.
Low (2 points): The method for the presentation of the
target technology to the participants was not mentioned in
the article.

Publication Year
Recently, eHealth has been developing at a faster rate. In this
context, additional points were applied to recent research in
consideration of the fact that acceptance factors can be affected
by recent advancements in technology and infrastructure.
Moreover, the adoption of eHealth technologies has been
increasing over time, possibly leading to a change in the
influence exerted by some acceptance factors.
•
•
•

High (4 points): studies from 2017 to 2020
Moderate (3 points): studies from 2014 to 2016
Low (2 points): studies from 2010 to 2013

Quality of Evidence
We followed four steps to calculate the influence of the
acceptance factors:
1.

2.
3.
4.

Each study obtained a quality score according to the defined
metric, with the results ranging from a maximum of 12
points to a minimum of 8 points.
This score was normalized by transforming a perfect score
of 12 into 1 and a score of 8 into 0.67.
The occurrence of each factor in a study was represented
by the normalized score for the corresponding study.
The values for all occurrences of a factor were totaled.

Through this process, the real influence of the acceptance factors
was measured in a more reliable way than just by considering
the absolute frequency. Figure 5 shows the impact order of the
factors, reflecting the quality of the supporting evidence. The
Pareto chart allows for the selection of important elements in
the 80% criterion by cumulative impact [59]. Applying the
Pareto chart, 10 factors can be distinguished among the 23
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factors in the IAF, as shown in the chart (Figure 5): perceived
usefulness of technology, attitude toward technology, perceived
ease of technology, support for use, personal characteristics,
social influence, personality and attitude, experience with
technology, cost of eHealth service, and personal capabilities.
Together, these account for 80% of the found evidence of
impact.
Figure 6 depicts the impact of the factors classified according
to the 5 dimensions of the IAF.
The weights of the 5 dimensions were calculated as the sum of
the weights of the factors corresponding to each dimension. As
shown in Figure 6, as the weights of the factors constituting
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each dimension are different, the weights of each dimension
are also different.
The acceptance factors in the user–technology relational
dimension were considered the most important, and support for
use in the service-related dimension, personal characteristics
in the personal dimension, and social influence in the
environmental dimension were also determined to be important.
The technological dimension was evaluated to be less important
than the other dimensions.
These impact scores for the factors in the IAF come to complete
the framework and define the relative importance of each factor.

Figure 5. Factor impact based on quality assessment of evidence on integrated acceptance framework.
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Figure 6. Factor impact on each dimension of integrated acceptance framework.

Influential Factor Analysis
Overview
This section presents the results of the fourth step. The IAF
proposed through the previous 3 steps was analyzed under 3
conditions. The following subsections describe the optimized
IAF for each specific situation.

Stratification Analysis of IAF by Health Status
As previously stated in step 1, of the 43 studies, 14 (33%)
involved older adults with specific diseases (eg, chronic diseases
and heart disease), and 26 (60%) included older adults without
disease conditions. In addition, 7% (3/43) of studies [46,47,55]
compared the healthy group and the group with diseases. It may
be a risk to conclude that the participants without a disease
condition are healthy; however, it is possible to determine that
they are healthy compared with the group with a specific disease.
Therefore, for the comparison based on participants’ conditions,
the studies with older people without disease conditions were
classified as the healthy group, whereas studies considering
older people with diseases were classified as the unhealthy
group, and the differences in the acceptance factors of these 2
groups were analyzed (Figure 7).
After applying the quality score of each study’s evidence, the
impact of factors was calculated as a percentage, as the number
of studies in each group was different. As a result, the most
important factor in studies in the healthy group is the perceived
usefulness of technology. In addition, the following factors were
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considered more important for the healthy group than for the
unhealthy group: support for use, social influence, perception
of technology, personality and attitude, and personal
characteristics. However, the preferences factor in the IAF was
not considered at all in the studies for this group. On the other
hand, in the case of the unhealthy group, the most important
acceptance factor was the perceived ease of technology. The
factors physical environment, cost of eHealth service, usability,
quality of technology and device, perceived ease of technology,
and personal capabilities were considered more important for
this group than for the healthy group. In this group, personal
condition, hedonic motivation, automaticity, and alignment with
government policies were not considered as acceptance factors.
It was confirmed that the 2 groups showed different eHealth
acceptance factor patterns. These results can be interpreted as
evidence of variance in acceptance factors according to
participants’ health conditions.
Through the Pareto chart (Figure 8), nine acceptance factors for
the healthy group IAF were identified: perceived usefulness of
technology, perceived ease of technology, support for use,
attitude toward technology, social influence, personality and
attitude, personal capabilities, experience with technology, and
personal characteristics. In addition, the following factors for
studies on participants with diseases were found: perceived ease
of technology, perceived usefulness of technology, attitude
toward technology, experience with technology, usability, cost
of eHealth service, personal capabilities, how technology
addresses user needs, quality of technology and device,
personality and attitude, and support for use.
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Figure 7. Comparison of the acceptance factor impact by participant health status.
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Figure 8. Pareto chart for integrated acceptance framework by participant health status.

Stratification Analysis of IAF by Verification Time
We also analyzed the acceptance factors according to the time
at which they were verified. In the results for step 1 (Multimedia
Appendix 1), the verification time of the studies was divided
into three stages: (1) before installation, (2) after installation or
at the beginning of use, and (3) after enough use. In this analysis,
we decided to compare preadoption and postadoption so that
before installation was classified as preadoption, and the rest
(after installation/at the beginning of use and after enough use)
were classified as postadoption. The 43 studies were divided
into 24 (60%) studies related to preadoption, 13 (30%) studies
related to postadoption, and 6 (14%) studies that dealt with both
situations. The acceptance factors according to the verification
time were compared and analyzed, as shown in Figure 9.
The most important factor in the preadoption stage is the
perceived ease of technology. The factors of social influence,
cost of eHealth service, perception of technology usefulness,
personality and attitude, and personal characteristics are more
important at this verification time in studies on preadoption than
in studies on postadoption. Moreover, the organizational factors
from the IAF were not considered at all in the preadoption
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studies. The key factor for postadoption is the perceived
usefulness of technology. Organizational factors, support for
use, quality of technology and device, and personal conditions
are more important acceptance factors in studies on postadoption
than in studies on preadoption. At this verification time in the
selected studies, the factors of service quality, alignment with
government policies, and physical environments were not
addressed as acceptance factors. As such, it is confirmed that
the degree of influence of the acceptance factors from the IAF
differed depending on the verification time.
Applying Pareto (Figure 10), nine acceptance factors for the
preadoption phase were identified: perceived ease of technology,
perceived usefulness of technology, attitude toward technology,
support for use, personality and attitude, social influence, cost
of eHealth service, experience with technology, and personal
capabilities. The top 11 factors for the postadoption phase were
also identified: perceived usefulness of technology, perceived
ease of technology, attitude toward technology, support for use,
quality of technology and device, social influence, cost of
eHealth service, personality and attitude, usability, personal
conditions, and personal characteristics.
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Figure 9. Comparison of the impact of acceptance factors by verification time.
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Figure 10. Pareto chart for integrated acceptance framework by verification time.

Analysis on Evolution of Factors Along the Years
As shown in Figure 11, the acceptance factors that become more
important with the passage of time are identified by analyzing
the changes in the influence of the IAF factors per year. In the
personal dimension, the pattern change was not very remarkable;
however, it shows that the consideration for the personal
capability factor has recently increased.
The user–technology relational dimension is more consistently
considered than the other dimensions. In particular, the
perceived ease of technology and the perceived usefulness of
technology, which are addressed by the TAM and UTAUT
models, are factors that have been steadily considered since the
beginning of 2010. In addition, in the user–technology relational
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dimension, the factors of experience with technology and attitude
toward technology have been mentioned since late 2015, and
these factors have been considered more recently as well.
Although it was difficult to find clear change patterns in the
technological and environmental dimensions, the support for
use factor in the service-related dimension has been identified
as a key factor in recent years.
Figure 12 illustrates the changes in the factors within each
dimension through a linear graph, along with the accumulated
changes in the 5 dimensions per year. The user–technology
relational dimension has gained importance recently, and the
importance of the service-related dimension has been steadily
rising.
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Figure 11. Impact change on integrated acceptance framework by year.
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Figure 12. Linear change in the influence of acceptance factors by year.

Discussion
Definition of an IAF
In step 1, we conducted a systematic review to select qualified
studies and extract the data as the basis for the IAF. The basic
data from the research were extricated, and those became the
base material for the formation of the various comparative
groups and the assessment of the evidence quality for the
selected studies. A previous integrative review on the adoption
of telehealth in older age [60] extracted facilitators and barriers
through the Whittemore and Knafl [61] 5-stage methodology.
However, to be applied to future research, a more comprehensive
perspective and a detailed guide were needed. Thus, our study
not only conducted data extraction and analysis from the selected
studies but also presented an integrated framework, the IAF,
that can be applied to future works.
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In step 2, the factors and dimensions were defined. Existing
studies have proposed various frames for analyzing the
acceptance factors of technologies. For instance, Schulz et al
[62] presented three aspects for understanding aging and
technology as follows: (1) user characteristics, (2) technology
functions, and (3) social factors. Our study presents five
dimensions to analyze the acceptance factors for eHealth:
personal,
user–technology
relational,
technological,
service-related, and environmental. Compared with existing
research, our framework considers not only the main dimensions
(user, technology, and environment) but also the issues that
emerge as a result of the interaction between the main
dimensions. As can be seen in the results of the analysis (step
3; Figure 6), the acceptance factors in the user–technology
relational dimension were most significantly addressed by the
reference studies, and this dimension is estimated to be a
category that should be treated as important in future studies
(step 4; Figures 11 and 12). Similarly, the service-related
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dimension reflects the fact that eHealth technologies are not
isolated but integrated into health services that will also be
transformed as a result of the adoption of the technology. This
dimension makes visible the relevant interaction between the
technology and the environment and the impact of this
interaction on the user. The proposed 23 acceptance factors and
5 dimensions emerged from the existing evidence by thematic
analysis in step 2, forming a framework. This IAF contributes
to the state of the art a finer-grained analysis tool that integrates
the diversity of elements considered in previous research and
provides a common vocabulary.
In step 3, a new metric for evaluating the quality of the existing
evidence was presented to expand the IAF with information
about the impact of the different factors. Various methods for
evaluating the quality of evidence in systematic reviews for
health care have been studied [17,18]. A high score obtained
through this evaluation method means that there are many
confirmations that the actual effect is similar to the effect
estimated by the study, whereas a low score means that the
actual effect may be significantly different from the estimated
effect [17]. In the systematic review on health information
technology adoption [18], a ranking of 5 steps was applied to
evaluate the quality of evidence, considering the study design
and research method.
Although the research method and design are of paramount
importance for judging the quality of evidence, additional
criteria were needed that were more aligned with our analysis
objective. Thus, three primary criteria were suggested by this
study: the reliability of the research method, the degree of
understanding of the target technology, and the year of the study.
These 3 indicators contain detailed evaluation criteria that can
be applied to other systematic studies as well. It is a reproducible
and transparent framework for evaluating the certainty of the
evidence, which minimizes author bias. Through this evaluation,
the impact of acceptance factors was organized and analyzed.
We believe that this is a more meaningful analysis than the
assessment of the impact of the acceptance factors by just the
frequency with which they were considered in previous studies.
Once the impact of the acceptance factors has been incorporated
into the IAF, it becomes evident that not all 23 factors are
equally important for the acceptance of eHealth technologies
by older users. A classical Pareto analysis was performed to
select the set of highest priority factors (those that together
account for 80% of the total impact). This is valuable
information when facing a concrete situation seeking the
adoption of a specific eHealth technology. This would help
decision-makers to focus on available resources on the most
influential factors.

Adaptation of the IAF
In step 4, the diversity of adoption situations considered in the
previous research was addressed. The goal was to propose a
way in which IAF can be adapted to reflect existing evidence
in specific adoption situations and investigate the extent to
which IAF is a robust analysis framework. The differences in
the IAF according to the health status of participants and the
verification time at which acceptance factors were identified
(before or after adoption) were compared through stratification
https://www.jmir.org/2022/1/e31920
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analysis. We concluded that the highest priority acceptance
factors vary according to the target’s health status. In addition,
the data from this analysis illustrate the key acceptance factors
in the IAF according to the health status of the users. Further
diversity in user profiles could not be analyzed in the existing
evidence. It would be interesting to explore in future research
the way in which the weights of factors and dimensions differ
for the same product or service based on the profile of the users.
The differences in the IAF according to the verification time
were examined as well. In a previous study on the acceptance
of electronic technology for older users [63], the acceptance
factors of the preimplementation and postimplementation stages
were compared and analyzed. Some of the factors were
considered regardless of the stage; however, the acceptance
factors that differed for each stage were also identified. In the
same manner, in this study, we confirmed that there is a
difference between the acceptance factors found relevant in the
preadoption and postadoption phases of eHealth. This result
confirms that it is necessary to apply the differentiated
acceptance factors to different verification times.
We were also concerned about the validity of aggregating
evidence about acceptance factors coming from studies
performed in different years. Recently, eHealth technology has
been further developed, and investment per country has
increased significantly [3]. In addition, as the use rates of
smartphones and the internet in older adults were different 10
years ago than they are in the present, we assumed that there
would be a difference in acceptance factors with the passage of
each year. As a result of comparing the acceptance factors by
year in our last analysis, the continuous increase of the
acceptance factors in the user–technology relational and the
service-related dimensions was confirmed, except in 2018, a
year in which there were few selected studies. These results
support the inclusion of both dimensions in the IAF. In
particular, the factors of experience with technology and attitude
toward technology in the user–technology relational dimension
have recently been dealt with as important, and the support for
use factor in the service-related dimension is also a factor that
has become more important in recent years. This result implies
that one of the things a service provider needs to care about is
ensuring that appropriate technical training is provided so that
older users can use this equipment as efficiently as possible
[62]. Although there is a belief that older people are not
interested in using technology, many studies reveal that the facts
prove otherwise and, more importantly, that there is a barrier
to use because of a lack of adequate training and technical
support [9]. When support, human factors, and stable technology
are well combined, the barriers can be overcome. The results
of this analysis identify the acceptance factors that have been
becoming more important and suggest trends that can guide to
set the direction for future studies.

Limitations
To ensure the validity of this study, three threats were
considered: (1) selection bias in systematic reviews, (2) threats
to the extraction of acceptance factors, and (3) limitations in
assessing the evidence quality.
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Selection Bias
There is a risk that individual bias will be reflected in the
research selection. To minimize this, the 4 exclusion criteria
and 5 evaluation questions were defined. On the basis of these
criteria, significant effort was put into the process of selecting
high-quality studies that are suitable for the subject, following
the PRISMA process. During the study selection process,
Covidence was used to thoroughly verify that the selection was
not based on the individual opinions of the 3 authors.

Threats to the Extraction of Acceptance Factors
There is a potential threat that the terms used to explain the
acceptance factors may have been used to convey different
meanings in different studies. For the initial 105 factors
extracted, the authors made an effort to identify the exact
meaning of the terms used within the context of each study. The
factors that could cause semantic confusion were analyzed
through a second review and discussion of the original studies
by the authors. In addition, the conjunction of expertise of the
authors in different disciplines minimized a possible bias related
to a limited view of the technology and themes extracted.

Limitations in Assessing the Quality of Evidence
There is a potential risk of bias in the assessment of the quality
of evidence in each study. As a form of prevention, the
evaluation criteria used in the previous studies were thoroughly
analyzed, and the evaluation criteria proposed for this review
were established to be as specific as possible. In addition, to
increase the confidence that the same results can be obtained

Yu et al
even after re-evaluation, there was a focus on objectifying the
criteria.

Conclusions
Plans for and investments in eHealth are expanding worldwide.
This is considered a good solution for covering places where
traditional health care services do not reach [3]. The application
and development of eHealth are growing more important
because of the continuous increase in the older population and
the availability of solutions. The continuous monitoring of older
adults can reduce sudden accidents and help respond
immediately to emergencies [64]. Despite their needs, the use
of eHealth technology is a new challenge for older people. To
pervade in daily life, not only must the technical, service-related,
and environmental infrastructures of the eHealth service be
prepared but also the personal factors and user–technology
relational factors be considered. This is the key to understanding
and addressing the needs and characteristics of users more
clearly. This study systematically reviewed the research that
evaluated the acceptance factors for older people in the eHealth
service field over the last 11 years. In addition, this study
proposed an IAF through thematic analysis and the assessment
of the impact of these factors. In addition, the eHealth
acceptance factors were compared and analyzed according to
the participants’ health conditions, verification time, and year.
We expect that the IAF will become a tool that can be used to
predict the main barriers to be overcome and facilitators to be
leveraged. These data will form a good research material base
for the application of eHealth to older users in the future.
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Abstract
Background: Crowdsourcing services, such as Amazon Mechanical Turk (AMT), allow researchers to use the collective
intelligence of a wide range of web users for labor-intensive tasks. As the manual verification of the quality of the collected results
is difficult because of the large volume of data and the quick turnaround time of the process, many questions remain to be explored
regarding the reliability of these resources for developing digital public health systems.
Objective: This study aims to explore and evaluate the application of crowdsourcing, generally, and AMT, specifically, for
developing digital public health surveillance systems.
Methods: We collected 296,166 crowd-generated labels for 98,722 tweets, labeled by 610 AMT workers, to develop machine
learning (ML) models for detecting behaviors related to physical activity, sedentary behavior, and sleep quality among Twitter
users. To infer the ground truth labels and explore the quality of these labels, we studied 4 statistical consensus methods that are
agnostic of task features and only focus on worker labeling behavior. Moreover, to model the meta-information associated with
each labeling task and leverage the potential of context-sensitive data in the truth inference process, we developed 7 ML models,
including traditional classifiers (offline and active), a deep learning–based classification model, and a hybrid convolutional neural
network model.
Results: Although most crowdsourcing-based studies in public health have often equated majority vote with quality, the results
of our study using a truth set of 9000 manually labeled tweets showed that consensus-based inference models mask underlying
uncertainty in data and overlook the importance of task meta-information. Our evaluations across 3 physical activity, sedentary
behavior, and sleep quality data sets showed that truth inference is a context-sensitive process, and none of the methods studied
in this paper were consistently superior to others in predicting the truth label. We also found that the performance of the ML
models trained on crowd-labeled data was sensitive to the quality of these labels, and poor-quality labels led to incorrect assessment
of these models. Finally, we have provided a set of practical recommendations to improve the quality and reliability of crowdsourced
data.
Conclusions: Our findings indicate the importance of the quality of crowd-generated labels in developing ML models designed
for decision-making purposes, such as public health surveillance decisions. A combination of inference models outlined and
analyzed in this study could be used to quantitatively measure and improve the quality of crowd-generated labels for training ML
models.
(J Med Internet Res 2022;24(1):e28749) doi:10.2196/28749
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Introduction
Background
In recent years, social media data have been extensively used
in different areas of public health [1-3], such as detecting
outbreaks and emerging diseases [4,5], monitoring adverse drug
reactions [6], and predicting or modeling health-related
behaviors and outcomes [7-9]. Since 2011, Twitter has been
the most popular form of social media used for public health
communication [10,11]. In 2020, Twitter alone reported 500
million tweets generated per day from 145 million daily active
users. A recent scoping review of 755 articles on digital public
health surveillance shows that Twitter is the most studied of all
platforms and the most used platform to study communicable
diseases, behavioral risk factors, mental health, drug use, and
vaccines [11]. In addition to the inherent limitations of social
media data, such as lack of demographic data and biased
populations, when integrated with complex data-driven models
such as artificial neural networks, these publicly accessible
resources can be used for population-level surveillance to
complement traditional public health surveillance (eg, surveys)
with faster and less costly longitudinal information.
Although linguistic annotation is crucial for developing machine
learning (ML) and natural language processing (NLP) models,
manual labeling of a large volume of data is a notorious problem
because of its high cost and labor-intensive nature. In recent
years, this problem has been tackled using crowdsourcing
technologies such as Amazon Mechanical Turk (AMT) [12],
Crowdflower [13], and Prolific Academic [13] to obtain
relatively low-cost labeled data more quickly and easily. AMT
is a software service operated by Amazon that allows users to
crowdsource work, broken into microtasks called HITs (Human
Intelligence Tasks), to a large number of workers who are
compensated for each HIT completed. With the vast potential
applications of crowdsourcing in public health [14-16], the
research community has seen steady growth in the use of AMT
in the past 10 years. The number of studies indexed in PubMed
using the search term Amazon Mechanical Turk AND public
health has increased sharply from 42 studies in 2015 to 118
studies in 2019.
However, because of the uncertain quality of AMT workers
with unknown expertise, their labels are sometimes unreliable,
forcing researchers and practitioners to collect information
redundantly, which poses new challenges in the field. Given
that in large-scale crowdsourcing tasks the same workers cannot
label all the examples, measuring interannotator agreement and
managing the quality of workers differ from those of a team of
in-house expert workers. Despite the growing popularity of
AMT for developing ML models in public health research, the
reliability and validity of this service have not yet been
investigated. At least several public health studies have used
AMT for training data-driven ML models without external gold
standard comparisons [17-21]. Ayers et al [17] used AMT to
create a gold standard data set to develop predictive models to
https://www.jmir.org/2022/1/e28749
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detect electronic nicotine delivery systems on social media. Yin
et al [18] developed a scalable classifier to detect personal health
mentions on Twitter based on a gold standard data set generated
by AMT workers. The reliability of the crowd-labeled data set
in this study was measured based on the agreement among
workers.
Similarly, to characterize sleep quality using Twitter, McIver
et al [19] used AMT for sentiment annotation of text data and
used interannotator agreement to assess the reliability of
workers. Reece et al [20] used AMT to build a data set and
develop a prediction model to detect depression emergence and
posttraumatic stress disorder in Twitter users. To control the
quality of the data collected, they required the workers to have
completed at least hundred tasks, with a minimum 95% approval
rating. Although research has supported the efficacy of using
reputation to evaluate the quality of crowdsourced data [22],
the reliability of using this metric in developing ML-based
digital public health systems has not yet been investigated. Thus,
in this study, in addition to defining qualification requirements
for AMT workers, we studied the reliability of crowd-generated
training data for developing ML models in the context of public
health surveillance. We used AMT to collect 296,166 labels for
98,722 unique tweets, labeled by 610 AMT workers, to develop
ML models that can detect the physical activity, sedentary
behavior, and sleep quality (PASS) of Twitter users.

Objectives
The primary aim of this study is to evaluate the application of
AMT for training data-driven ML models by analyzing the
quality of crowd-generated labels. As the quality of
crowd-generated labels, regardless of the type of the task being
studied, is critical to the robustness of ML models trained based
on these labels, we created a gold standard data set of labels
and applied several statistical and ML-based models to assess
the reliability of using the crowd-labeling task from different
perspectives (eg, process, design, and inference). To interpret
the results of our quality assessment and explore the effect of
noisy labels on the applicability of inference models in dealing
with these labels, our approach involved evaluating the
performance of 4 consensus methods, which do not involve task
features in their truth inference, and exploring their feasibility
in improving the quality of crowd-labeled data. As these
methods are modeled purely as a function of worker behaviors
concerning labeling tasks, they cannot leverage the value of
context-sensitive information (ie, the task’s meta-information)
in their inference decisions. Thus, we collected additional
features for our labeling data set and developed 7 ML models,
including a deep learning (DL) model and a hybrid convolutional
neural network (CNN) architecture to couple worker behaviors
with the task’s meta-information when inferring the truth label.
To detect and correct noisy labels, we also developed 5
pool-based active learners to iteratively detect the most
informative samples (ie, samples with more uncertainty) and
remove them from the validation set. Finally, we used SHAP
(Shapley Additive Explanations) [23] to explore the contribution
of different features, including worker behaviors and
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context-sensitive features, to the results of our supervised
inference models.

Methods
Labels
The crowdsourcing tasks, referred to as HITs by AMT, were
designed to collect 5 labels based on 2 conditions, self-reported
and recent PASS experience, to develop binary and multiclass
classification models that can detect PASS-related behavior in

Shakeri Hossein Abad et al
Twitter users. The labels of the multiclass prediction models
were defined as 11, 10, 01, and 00, based on the value of each
condition (Figure S1 in Multimedia Appendix 1). We also let
workers choose a fifth option, called unclear, to ensure they
did not give random labels to tasks they were not confident in
performing successfully (Figure 1). We excluded this label for
both inference and classification tasks. We defined the binary
labels as 1 if both conditions were met and 0, otherwise. The
binary labels did not directly come from the AMT workers and
were generated by dichotomizing the collected labels.

Figure 1. A sample labeling task (ie, human intelligence task [HIT]) for sedentary behavior. Each HIT contains 4 questions (section 1), and each asks
if the presented tweet is a self-reported physical activity, sedentary behavior, or sleep quality–related behavior (section 2). The fourth question is an
easy, qualification question that was used to check the quality of the worker (section 3).
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Crowdsourcing Workflow

Data Processing

We implemented a pipeline to create the HITs, post them on
AMT, collect the labels through a quality check process, approve
or reject the HITs, and store the results. To minimize noisy and
low-quality data, we added a qualification requirement to our
tasks and granted labeling access to workers who had
demonstrated a high degree of success in performing a wide
range of HITs across AMT (ie, master qualification). In addition,
we added a simple qualification question to each HIT to detect
spammers or irresponsible workers. Each HIT contained 4
questions, including the qualification question, and was assigned
to 3 workers (Figure 1 and Figures S2 and S3 in Multimedia
Appendix 1). Workers were asked to select exactly 1 choice per
tweet, and HITs with zero or more than one label were rejected
during the approval process. Through different iterations of data
labeling, workers were paid from US $0.03 to US $0.05 after
completing each HIT. We collected the labels for the 98,722
tweets used in this study through different iterations, from April
2019 to June 2020. We regularly checked the quality of the
submitted tasks to detect low-quality workers during each
iteration and revoke their access to our tasks. Before the formal
initiation of the process, we pilot-tested the design, response
time, and complexity of the HITs through 2 different iterations
and revised the workflow accordingly. We did not collect any
personally identifiable information from the workers
(participants) during the data labeling task. The experiments
were carried out in accordance with the relevant guidelines and
the University of Calgary Conjoint Faculties Research Ethics
Board regulations. We implemented the entire workflow in
Python and used Boto3 Python software development kit to
connect to and work with AMT.

Tweets have a bounding box of coordinates, which enables
spatial mapping to their respective city locations. As the Twitter
API returns datetime values in Coordinated Universal Time,
we used a time zone finder in Python and adjusted the time of
each tweet based on its spatial data. Given that daytime, month,
and weekday can be influential factors in twitting about each
of the PASS categories, and to better use the datetime data (%a
%b %d %H: %M: %S %Y), we extracted a: weekday, b: month,
and H: hour fields and stored them as separate features.

Data Collection
We collected data for this study from Twitter using the Twitter
livestream application programming interface (API) for the
period between November 28, 2018, and June 30, 2020. The
data set was filtered to include only Canadian tweets relevant
to PASS. A total of 103,911 tweets were selected from
22,729,110 Canadian tweets using keywords and regular
expressions related to PASS categories. Each of these 103,911
tweets was labeled by 3 AMT workers, from which 98,722
tweets received 3 valid labels, with almost half of them related
to physical activity.
The demographic variables of age and gender and the
information about the source of each tweet (eg, organization vs
real users) were not available within the data set collected from
Twitter. We estimated these variables for each tweet using the
M3 inference package in Python [24], which uses a multimodal
deep neural architecture for the joint classification of age,
gender, and information sources of social media data. The text
(tweet) field and each of the daytime, weekday, and month
variables were extracted from the metadata provided by the
Twitter API.
We have made the Twitter data set used in this study publicly
available [25].
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We cleaned the text column by eliminating all special characters
(eg, #, &, and @), punctuations, weblinks, and numbers. We
also replaced common contractions with their uncontracted
forms; for example, I’ll was resolved as I will. While developing
and evaluating our NLP models, we noticed that the impact of
removing stop words, stemming, and converting the text to
lower case on the performance of our predictive models was
not noticeable. This could relate to the ability of
transfer-learning techniques (ie, GloVe embeddings) to
generalize on unseen data. Thus, we applied neither stop-word
removing nor lexical cleaning on the textual features of our data
set. Moreover, as hashtags and emojis can be used as
independent words and facilitate emotional expressions, we did
not remove them during the cleaning process.
To develop the ML models, all categorical data were encoded
into dummy variables using one-hot encoding, and as we only
approved HITs with complete answers, this data set did not
contain any missing data.

Label Consistency
To measure the consistency of answers given by the workers,
we calculated label consistency (LC) as the average entropy of
the collected labels for each PASS category [26]. For each tweet
ti ∈ Ts, where Ts denotes the set of all tweets related to
surveillance category s ∈ {physical activity, sleep quality,
sedentary behavior}, nij defines the number of answers given
to the jth choice (j ∈ {1,2,3,4,5}, as we had 5 choices for each
tweet). We calculated LCs as follows:

|s| denotes the size of the surveillance category s and, as we
collected 3 labels for each tweet, the denominators in the entropy
formula received a constant value of 3. LC ranges from 0 to 1,
and values close to 1 show more consistency among the
workers’ input.

Ground Truth Data Set
To investigate the viability of unsupervised inference models
in predicting truth labels from crowd-labeled data and compare
it with that of supervised predictive models, we used a random
sample of our data set as a ground truth set (ie, 9000 tweets:
4000 tweets for physical activity, 3000 tweets for sleep quality,
and 2000 tweets for sedentary behavior). In total, 6 data
scientists manually labeled this sample, and the entire labeled
data set was reviewed manually and relabeled by an experienced
in-house domain expert in both ML and public health
surveillance. The disagreements between this data set and the
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crowd-labeled data set were manually checked to exclude any
labeling bias that could impact the results of this study.

Inference Models
The majority voting (MV) approach estimates the actual ground
truth based on most labels submitted by different workers. For
example, defining the estimated label as , and the submitted
label by worker w as lw, the MV approach, for a binary labeling
task, assigns 1 to
if
and 0, otherwise. Although individual
workers’ reliability coming from different backgrounds with
different quality levels varies, the MV approach assumes equal
expertise among the workers and does not model worker
behaviors [27]. As this approach is completely task-independent,
it does not involve task properties in the inference process; thus,
it is fast.
The David and Skene (DS) [28] approach uses
expectation–maximization (EM) to simultaneously estimate the
error rate of annotators (workers) and latent label classes, when,
similar to MV, the ground truth is unknown, and workers are
assumed to operate independently. Unlike MV, which is agnostic
to worker behavior, DS models worker k’s behavior as a
function of each task’s true label by creating a confusion matrix
πk with size L × L, where L is a fixed number and represents
the number of possible labels for a single-labeled classification
task. DS defines worker k’s error rate

as follows:

As not all workers need to label all the tasks, and a worker may
label the same task more than once, sparsity can be a problem
in large-scale labeling tasks when using the DS approach [27].
DS iteratively estimates the true label of each task based on the
worker’s quality and estimates the worker’s error rate (quality)
based on the inferred labels until it converges. Although the
worker-specific confusion matrix generates the quality score of
each worker, it may not be sufficient to measure the actual
contribution of each worker [29]. The inherent complexity of
a task, especially in NLP, or a worker’s bias may result in wrong
labels, although the worker is quantitatively accurate.
The generative model of labels, abilities, and difficulties
(GLAD) [30] models the quality of workers as a function of the
input task using parameter α. The quality parameter ranges from
–∞ to +∞, implying that the worker always labels the tasks
incorrectly or correctly, respectively. When α=0, the worker
cannot distinguish among the labels, and their input does not
contribute to the task’s correct label. To estimate the ground
truth, in addition to the workers’ quality, GLAD models the
difficulty of task ti as di=1/βi, where βi>0. The difficulty index
ranges from 0 to ∞, where di=∞ classifies ti as the most difficult
task, and di=0 means that the task always receives a correct
label, even from the workers with α≤0. GLAD uses the EM
approach to obtain the maximum likelihood estimation of α and
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β, and models the probability that worker k correctly labels ti
using

.

Similar to DS, Raykar algorithm (RY) [31] forms a confusion
matrix to model a worker’s quality. In addition, in the case of
binary classification, it models worker’s bias toward the positive
class (ie, sensitivity) and toward the negative class (ie,
specificity) using beta prior [27]. Worker bias in this context
usually occurs when a worker underestimates or overestimates
the truth of a task [26]. As with DS and GLAD, RY uses an
unsupervised EM approach to estimate each of the model
parameters and truth labels. Depending on the availability of
task-specific features, RY can either use automatic supervised
classifiers or fall back to unsupervised EM models to estimate
the truth label.

Predictive Models
As the meta-information associated with each task may reveal
its underlying complexity and thus help model worker behaviors,
we developed a set of ML models to involve this metadata in
the inference process. Models were trained based on quintuple
F: (W,I,M,t,l), where W = {w1,...,wk} represents labels collected
from AMT workers, I = {MV,DS,RY,GLAD} denotes the results
of inference models, and M denotes metadata associated with
each tweet including time (ie, weekday, month, and daytime),
gender, age group, and the source of the tweet (ie, organization
vs real people). The text of each tweet is presented by t, and l
denotes the truth label.
To mitigate the risk of biased results caused by a specific
learning algorithm and overcome the overfitting problem, we
developed and evaluated 5 standard ML classifiers with different
architectures, including generalized linear (logistic regression
[LR]), kernel-based (support vector machines [SVM]),
decision-tree–based (random forest and XGBoost), and
sample-based (K-nearest neighbors [KNN]) classifiers.
Moreover, to incorporate textual features into our analysis, we
developed a hybrid DL architecture in which a CNN based on
long short-term memory (LSTM) learns textual data t and a
multilayer perceptron deep neural network learns metadata
(W,J,M). The cleaned text, represented as an integer-encoded
vector, is converted into pretrained tweet word embeddings
using GloVe [32] (containing 2 billion tweets, 27 billion tokens,
and 1.2 million vocabularies) in the embedding layer. The output
of this layer is passed through an LSTM layer for sequence
modeling, followed by 1 dropout layer to avoid overfitting and
2 dense ReLU (Rectified Linear Unit) layers. Simultaneously,
the metadata of each tweet is passed through 3 fully connected
layers with ReLU activation. The outputs of these networks are
concatenated into a dense layer, followed by 2 fully connected
dense layers, terminating at an output layer with softmax
activation, cross-entropy loss, and the adam optimizer. A
high-level presentation of this architecture is shown in Figure
2.
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Figure 2. The pipeline of the deep learning model used to predict labels using both textual information and meta-information. LSTM: long short-term
memory.

To counter the bias caused by class imbalance, for both
multiclass and binary classification tasks, we used the
class-weight approach to incorporate the weight of each class
into the cost function by assigning higher weights to minority
classes and lower weights to the majority classes. We also used
the
SMOTE
(Synthetic
Minority
Oversampling
Technique-Nominal Continuous) [33] approach to oversample
the minority classes by creating synthetic samples based on
their feature space. However, we did not notice much difference
between using and not using the synthetic minority oversampling
technique. Thus, our final models were trained using the
class-weight approach. The hyperparameters for each method
were determined using a nested 10-fold cross-validation
Bayesian optimization [34].
As the main goal of both supervised and unsupervised label
inference models was to minimize the number of false-negative
and false-positive inferences, to evaluate the models developed
in this study, we used precision, recall, F1, and precision-recall
area under the curve (AUCPR) metrics.

Scikit-learn [37] libraries. To facilitate the replication of our
study, the code repository of this study is publicly available on
GitHub [38].

Results
Raw Labels From AMT Workers
In total, 610 unique workers participated in our data labeling
tasks and completed 103,911 HITs, from which 5189 HITs were
removed as they did not receive 3 valid answers. We approved
98,722 tasks for further analysis. Most workers (530/610,
86.9%) completed <100 HITs, of which 164 completed only 1
HIT. Among the workers who completed >5000 HITs, 1 worker
completed 21,801 HITs and 3 workers completed between 5000
and 10,000 HITs (Figure 3). The calculated LC for each PASS
category for multiclass labeling was 0.54, 0.58, and 0.55 and
for binary labeling was 0.75, 0.77, and 0.74 (Table 1). This
implies a high level of label inconsistency, prompting the need
for further label quality analysis for the development of ML
models.

All the computations and predictive models were implemented
using Python 3.7 with TensorFlow 2.0 [35], Keras [36], and
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Figure 3. The number of workers who completed different numbers of human intelligence tasks (HITs). Most workers completed a relatively small
number of HITs.

Table 1. Details of the collected labels and label consistency (LC) score for each of the physical activity, sleep quality, and sedentary behavior categories.
LC ranges from 0 to 1, and the values close to 1 show more consistency among workers’ input.
Type

Tweets, n (%)

LCmulti

LCbinary

Workers, n (%)

Physical activity

48,576 (49.2)

0.54

0.75

232 (38)

Sedentary behavior

17,367 (17.6)

0.55

0.74

157 (25.7)

Sleep quality

32,779 (33.2)

0.58

0.77

221 (36.2)

Total

98,722 (100)

0.56

0.75

610 (100)

Truth Inference
Table 2 describes the ground truth data set of 9000 tweets that
was used to train the truth inference models. Table 3 lists the
inference results obtained from the 4 unsupervised models and
7 supervised predictive models, including 2 DL models, on the
ground truth data set. Each model was evaluated on both binary
and multiclass versions of the data set for each PASS category.
Among the unsupervised models for physical activity and sleep
quality, DS and RY performed better than MV and GLAD for
all performance metrics, whereas MV outperformed the other
models on the sleep quality data set. Interestingly, for binary
inference across all PASS categories, MV outperformed or
performed just as well as the other methods, indicating the
impact of task complexity on the performance of inference
methods.
DLmeta outperforms other methods with the minimum number
of false positives (precision: 78%) for the multiclass
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classification task, but other methods performed better with
respect to recall, F1, and AUCPR metrics. Performance on each
PASS data set for binary classification did not highlight any
individual method constantly performing best. For example,
whereas SVM showed the best performance for physical activity,
KNN and LR outperformed other models for sleep quality and
sedentary behavior, respectively. LR achieved superior
performance across all data sets for the multiclass inference
task. To analyze this further, we modified the hyperparameters
of the LR algorithm presented in Table 3 to stochastic average
gradient solver and l2 regularization and the optimizer of the
hybrid neural network to stochastic gradient descent and
repeated the comparisons. LR still outperformed the neural
network model by more than 2% in all metrics. The poor
performance of the neural networks in this study could be
attributed to the imbalanced ratio of data (per class) to the model
parameters (ie, high variance).
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Table 2. Characteristics of the ground truth data set used to develop and evaluate the supervised and unsupervised inference models.
Variable

Physical activity (n=4000)

Sedentary behavior (n=2000)

Sleep quality (n=3000)

Yes

1629 (40.73)

726 (36.3)

1063 (35.43)

No

2371 (59.28)

1274 (63.7)

1937 (64.57)

YYa

1629 (40.73)

726 (36.3)

1063 (35.43)

YNb

550 (13.75)

395 (19.75)

862 (28.73)

NYc

179 (4.48)

19 (0.95)

52 (1.73)

NNd

1642 (41.05)

860 (43)

1023 (34.1)

Female

1131 (28.28)

576 (28.80)

469 (15.63)

Male

1980 (49.50)

906 (45.30)

490 (16.34)

Unknown

889 (22.22)

518 (25.90)

2041 (68.03)

≤18

204 (5.10)

170 (8.50)

150 (5)

19-29

743 (18.58)

475 (23.75)

331 (11.03)

30-39

897 (22.42)

365 (18.25)

249 (8.30)

≥40

1267 (31.68)

472 (23.60)

229 (7.64)

Unknown

889 (22.22)

518 (25.90)

2041 (68.03)

Sunday

664 (16.60)

325 (16.25)

440 (14.66)

Monday

595 (14.88)

307 (15.35)

440 (14.66)

Tuesday

493 (12.32)

245 (12.25)

435 (14.50)

Wednesday

504 (12.60)

278 (13.9)

)393 (13.10)

Thursday

525 (13.12)

270 (13.50)

416 (13.86)

Friday

531 (13.28)

274 (13.70)

421 (14.03)

Saturday

668 (16.70)

283 (14.15)

2433 (14.43)

Unknown

20 (0.50)

18 (0.90)

22 (0.76)

Time (24 hours), Q1-Q3

10-19

10-19

5-18

Month (range)

February to July

April to September

January to August

Organization

563 (14.08)

179 (8.95)

97 (3.23)

Users

3437 (85.93)

1821 (91.05)

2903 (96.77)

Labels, n (%)
Binary

Multiclass

Gender, n (%)

Age range (years), n (%)

Day of week, n (%)

Source, n (%)

a

YY: self-reported and recent physical activity, sedentary behavior, and sleep quality experience.

b

YN: self-reported but not recent physical activity, sedentary behavior, and sleep quality experience.

c

NY: not self-reported but recent physical activity, sedentary behavior, and sleep quality experience.

d

NN: neither self-reported nor recent physical activity, sedentary behavior, and sleep quality experience.
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Table 3. Performance of the truth interference methods using a ground truth data set of 9000 labeled tweets: 4000 physical activity, 2000 sedentary
behavior, and 3000 sleep quality tweets. The top 4 rows of each PASS (physical activity, sedentary behavior, and sleep quality) category represent the
results of the applied unsupervised truth inference models.
Tweets and method

Precision (%)

Recall (%)

AUCPRa (%)

F1 (%)

Multiclass

Binary

Multiclass

Binary

Multiclass

Binary

Multiclass

Binary

MVb

72

85

70

85 c

71

84

56

85

DSd

74

85

68

85

70

84

54

85

GLADe

73

84

70

84

71

83

57

84

RYf

74

85

68

85

70

84

54

84

LRg

74

85

75

85

74

85

61

87

KNNh

74

85

74

85

73

84

60

88

SVMi

72

86

73

85

73

85

61

88

RFj

73

85

74

84

73

85

60

87

XGBoost

72

81

72

81

71

81

58

83

DLmetak

79

84

68

84

73

84

60

78

DLtext_and_meta

78

84

70

84

73

84

60

78

MV

71

82

68

82

68

82

54

80

DS

70

81

62

81

65

81

48

79

GLAD

71

79

68

79

68

79

54

77

RY

70

81

62

81

65

81

48

79

LR

72

83

72

83

70

83

58

81

KNN

71

82

71

82

67

82

56

80

SVM

73

83

72

83

70

83

58

81

RF

72

83

72

82

69

83

57

81

XGBoost

68

82

69

82

67

82

54

80

DLmeta

78

80

65

80

71

80

56

73

DLtext/meta

78

80

65

80

71

80

56

75

MV

78

89

74

89

75

89

61

87

DS

80

89

74

89

77

89

62

87

GLAD

79

85

75

85

76

85

62

82

RY

80

89

74

89

76

89

62

87

LR

76

88

77

87

77

88

64

88

KNN

76

89

77

89

77

89

63

89

SVM

76

88

77

88

77

88

64

88

RF

75

89

76

89

76

89

63

89

XGBoost

72

87

72

89

72

87

58

87

DLmeta

82

86

72

86

76

86

63

81

DLtext/meta

80

87

72

87

76

87

65

82

Physical activity

Sedentary behavior

Sleep quality

a

AUCPR: precision-recall area under the curve.
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b

MV: majority voting.

c

Italicization indicates best performance for the metric and each PASS (physical activity, sedentary behavior, and sleep quality) category.

d

DS: David and Skene.

e

GLAD: generative model of labels, abilities, and difficulties.

f

RY: Raykar algorithm.

g

LR: logistic regression.

h

KNN: K-nearest neighbors.

i

SVM: support vector machine.

j

RF: random forest.

k

DL: deep learning.

Across all data sets, supervised models consistently performed
better than unsupervised methods. This highlights the value of
the context-sensitive information that was used as
meta-information when training supervised models. However,
on sleep quality, a data set with the same features and level of
complexity as physical activity and sedentary behavior data
sets, MV appears sufficient for the binary inference task, with
supervised models providing little or no improvement.
The hybrid CNN architecture did not provide any gain on either
the unsupervised inference models or the supervised predictive
models (ie, LR, KNN, SVM, RF, XGBoost, and DLmeta), and
in some ways, underperformed them. It is possible that the
LSTM stream could not capture the underlying dynamics of the
features because of the inconsistencies between the poorly
labeled tasks and the textual features.

Active Learning
To further explore the feasibility of correcting mislabeled
samples, we used pool-based active learning [39] with
uncertainty sampling. Pool-based active learning assumes that
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only a small set of data is labeled, and a large pool of data still
needs to be labeled through an iterative learning process. All
samples in the pool are queried based on an informativeness
measure, which improves the learner’s discrimination ability
[40]. In this study, our learners were modeled to query the most
ambivalent and uncertain samples. For example, for the binary
label inference task, samples for which p( = l | f) ≈ 0.5 are
the most informative samples that may help detect mislabeled
samples of the data set through different iterations. We used 5
different base learners with different architectures (ie, RF, LR,
KNN, SVM, and XGBoost) with a batch size of 5 and queried
the unlabeled pool through 100 iterations.
Our results show that, during the learning process, the accuracy
of the classifiers generally increased, slightly degraded at some
iterations, and stabilized around iteration 60 for KNN and
iteration 20 for other classifiers (Figure 4). Although the active
learners in this study could improve their predictive ability
through a self-learning process, they failed to correct mislabeled
samples and stabilized at performance scores lower than those
of the offline learners discussed earlier (Table 3).
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Figure 4. Incremental classification accuracy using pool-based active learning. KNN: K-nearest neighbors; LR: logistic regression; RF: random forest;
SVM: support vector machine; XGB: XGBoost.

Discussion
Practical Recommendations
We start this section with some practical recommendations and
guidelines on the use of AMT in specific and crowdsourcing in
general for developing ML-based public health surveillance
systems. Even under the assumption that more advanced
artificial intelligence models, including pretrained models on
general scope data sets and transfer-learning techniques, can
cope with the poor quality of crow-generated labels, the
guidelines provided in this study can still improve the
implementation, design, and qualification of the crowd-labeling
as well as the label inference processes. These guidelines are
supported by the results described earlier and the findings and
further analysis discussed in the rest of this section.
First, although the demographics of AMT workers are not
available, we can still implement the crowdsourcing process in
a way that accommodates a greater diversity of workers. A
longitudinal labeling process, rather than one-time labeling,
allows researchers to monitor the quality of the collected data
over time, and mitigates the impact of spammers, irresponsible
workers, and workers who are biased or mistake prone. Second,
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the overall quality of AMT workers can be context-sensitive
and vary based on the type of labeling task. For example, the
familiarity of the workers in the context of the tasks in the sleep
quality data set, contrasting the broad context of physical activity
and sedentary behavior concepts, resulted in higher data quality.
Researchers should also be aware of the exclusion rate (eg,
5189/103,911, 4.99% in this study) and need to consider this
when planning for their study’s budget and design. Third, our
study results show that consensus-based inference models that
do not consider the task’s features may not always be efficient
for integrating crowdsourced labels and thus negatively impact
the performance of ML models. Fourth, in addition to
qualification requirements to filter crowdsourcing participants,
sound and illustrative instruction is a less direct way to increase
data quality. During the course of this project, we received
nearly 70 emails from AMT workers, with most of them asked
about scenarios that were mentioned in the instructions. This
implies that the instruction changed their default understanding
of the tasks, thereby improving the quality of the labels. Finally,
when controlling the quality of workers using a qualification
question, we recommend not informing the worker that this
technique is being used, as they might guess the questions based
on their simplicity.
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Key Findings
Information Loss About Label Uncertainty
Despite all the alternative models developed in this study to
improve the inference accuracy, there were still considerable
discrepancies between workers and the truth labels. These
disagreements may be attributable to the underlying uncertainty
in the data. Although reducing uncertainty by collecting more
labels from more workers might simplify the process of label
inference, it limits the learning ability of ML models in modeling
the inherent uncertainty of data and prevents them from
recovering from the mistakes made early during the inference
process [41].

Robustness of Inference Models
We observed from our inference results that, regardless of the
type of the classification task, none of the 11 methods
outperformed other methods across all data sets (Table 3). This
indicates that inference methods are sensitive to data set
characteristics. For example, the performance of all of the
methods on the sleep quality data set is better than that of
physical activity and sedentary behavior data sets, indicating
the low robustness of these models against the task context.

The Importance of Task Features
Compared with supervised models that require a large volume
of labeled data to integrate crowd-generated labels, using
unsupervised inference models is simple and straightforward.
However, this simplicity is gained through the cost of throwing
away the contextual characteristics of tasks, which may sacrifice
quality in context-sensitive scenarios. For example, the time
that a tweet is posted during a day can contribute to the decision
about its relevance to physical activity or sleep quality contexts.
The importance of these characteristics was far more pronounced
in the multiclass inference tasks than in the binary tasks (Table
3), suggesting the need for more complicated models when
inferring the truth label of tasks with a high level of uncertainty.

The Effectiveness of Qualification Requirements
In this study, we used two levels of quality control: (1) through
the task assignment process by accepting only workers with a
master qualification and (2) through the design and
implementation of the tasks by adding a qualification question
to our HITs and iteratively observing workers’ performance
based on their answer to this question. Our results show that
even though defining these requirements improved the quality
of crowd-generated labels to a great extent, 12.45% (498/4000),
13.3% (266/2000), and 7.7% (231/3000) of physical activity,
sedentary behavior, and sleep quality tweets, respectively, were
still mislabeled by all three workers, regardless of their context
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or complexity level, indicating the need for further quality
assessment of crowdsourced data. These mislabeled samples
were not misclassified due to sample uncertainty or difficulty,
and our further analysis shows that they were not informative
enough (ie, prediction scores) to improve the performance of
predictive models through the iterative process of active learning
(Figure S4 in Multimedia Appendix 1). Considering the sparsity
of the (workers and tasks) matrix in large-scale crowdsourcing
tasks, distinguishing irresponsible workers and removing their
impact is a challenging task that should be carefully considered
when training ML models based on crowd-labeled data. A
sample list of low-quality labels for all the PASS categories is
provided in Figure S5 in Multimedia Appendix 1.

The Impact of Crowd-Generated Labels on the
Performance of Predictive Models
To further investigate the reliability of using crowdsourcing for
developing ML models, we used bidirectional encoder
representations from transformers [42] (ie, bert-base-uncased);
a transformer-based model with 12-layer, 768 hidden units, 12
heads; and 110M parameters as a contextual input to our DL
model, to classify 4000 physical activity tweets, using our binary
truth labels and crowd-generated labels. We used the labels
inferred by SVM for the crowd-generated labels, as it
outperformed other models on the physical activity data set
(Table 3). Interestingly, the model that was trained on our
ground truth data set outperformed the crowd-labeled data set
on all performance metrics by at least 8% (eg, crowd-labeled:
AUCPR of 72%; expert-labeled: AUCPR of 82%). This indicates
the importance of the quality of crowd-generated labels in
developing ML models designed for decision-making purposes,
such as public health surveillance decisions.

Label Prediction Explanation
To interpret the results of our predictive models in terms of the
individual contribution of each feature to the prediction results,
we used SHAP [23,43]. SHAP calculates the local, instead of
global, feature importance for each sample of the data set, which
mitigates the risks associated with inconsistency problems in
other feature importance techniques. Figure 5A illustrates the
interpretation of the prediction using XGBoost on a randomly
selected sample of the physical activity data set using SHAP.
The red arrows show the features that contribute to the increase,
and the blue arrows represent features that contribute to the
decrease in the prediction. The width of each arrow indicates
the height of its impact. From this example, we can see that l1=1
and daytime=7pm have the most positive impact on the predicted
label, whereas l2=0 and age ≥40 has the most negative impact.
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Figure 5. The estimated impact of each piece of meta-information on XGBoost when predicting the truth label. Age is in years. D&S: David and Skene;
GLAD: generative model of labels, abilities, and difficulties; LFC: Learning from Crowds (Raykar algorithm); SHAP: Shapley additive explanations.

We further used Shapely values to cluster our data set based on
the explanation similarity of samples, using hierarchical
agglomerative clustering (Figure 5B). From this figure, we can
see that the crowdsourced labels are the most influential features
in grouping the samples in our data set. The highlighted areas
in this diagram show the samples that have similar force plots,
implying the dominant and similar contribution of these features
across the physical activity data set.
Using the additive nature of Shapley values, we integrated all
the local feature values for each data point and calculated the
global contribution (I) of each feature. Considering
as the
Shapley value of feature j for sample i, we can calculate the
global importance of this feature as . Figure 5C shows the
combination of feature importance (y-axis) and feature effects
(colored points) for the most influential features, ordered based
on their importance. This plot shows that crowdsourced labels
(l1, l2, and l3), followed by daytime, the results of the inference
models, and gender have the greatest impact on the
decision-making of XGBoost. From these results, which are
extendable to the other predictive models developed in this
study, it can be inferred that regardless of the complexity and
the architecture of the predictive models, the crowd-generated
labels are the factors that most influence predictive models’
prediction. Although meta-information such as daytime and
gender are among the most contributing features (Figure 5C),
they still cannot compete with the crowd-generated labels in
most of the samples. This can explain the vulnerability of our
ML and DL models to the noisy labels of the data set.
To triangulate the dominant impact of the crowdsourced labels,
we excluded all the samples for which
or from our data set
for both supervised and unsupervised techniques and achieved
an F1 score of approximately 99%. This implies that inferring
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the truth label of crowdsourced data highly depends on the
quality of the collected data from the crowd, and even advanced
and complex predictive models might not be able to compensate
for the poor quality of these data.

Limitations
This study has several limitations. First, the compensation paid
to the workers could impact the quality of the collected labels,
and consequently, the evaluation results of this study. Workers
may show a higher quality in exchange for higher payments.
To investigate this, during the course of the project, we increased
HITs’ reward from US $0.03 to US $0.05 and did not notice
any significant changes in quality. However, this is still
debatable and requires further investigation.
Second, to develop the supervised models, we assumed that all
the tasks share the same level of complexity, whereas in reality,
some examples are more difficult than others. For example,
labeling “I can’t sleep” to a self-reported sleep problem is more
straightforward than labeling “I’m kind of envious of anyone
who is able to fall asleep before 2am.” We attempted to address
this by incorporating inherent task difficulties in the prediction
models by developing a hybrid CNN model. However,
crowd-generated labels dominated other features of our data
set, which had the greatest impact on their inference decisions.
Building crowdsourcing models sensitive to the complexity of
tasks to allocate more resources (workers) to more difficult tasks
is a worthwhile direction for future research.
Third, the way we designed and presented the HITs on AMT
could impact the performance of workers in various ways.
Considering the central role of people in maximizing the benefits
of crowdsourcing services, human factors should be considered
when designing crowdsourcing tasks [41]. To address this, we
added succinct, precise, and demonstrative instructions to each
task and explained each label with an illustrative example (eg,
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Figure S6 in Multimedia Appendix 1). In addition, through
different iterations of data collection, we tweaked the design,
presentation, and instructions to ensure that we met the basic
usability requirements of task design and presentation.
Fourth, we defined workers’ qualifications based only on their
historical performance in completing HITs across AMT (ie,
master qualification). Although this provided some degree of
quality control on the collected labels, alternative qualification
requirements such as workers’ education, work background,
and language could have also impacted our study results. To
further study the role of qualification filtering, we pilot-tested
the labeling process without any qualification requirements for
4500 physical activity tasks. These tasks were completed in <12
hours with a consistency score (LC) of <0.5, implying the
importance of workers’ quality in developing crowd-labeled
intelligent systems.
Fifth, various physical activities, based on their energy
requirements in metabolic equivalents (METs), can be
categorized into different movement behaviors, such as light
(1.6-2.9 METs), moderate (3-5.9 METs), and vigorous (≥6
METs) [44]. However, as the details provided by social media
data may not be enough to calculate the MET values, in this
study, we only used general terms related to physical activity
(eg, physical fitness, exercise, household, sports, or occupational
activities) to filter and form the physical activity subset. To
ensure that the lists of contextual terms for filtering all the PASS
categories are comprehensive enough, in addition to
domain-specific ontologies and WordNet [45], we used NLP
techniques (eg, topic modeling, language modeling, and lexical
analysis) to detect latent word patterns that can be used to
identify PASS-related contexts in unstructured text. However,
with no impact on the methodology and results of this study,
both data collection and population biases (inherent in social
media data) should be considered when discussing the data set
used for this study.

Shakeri Hossein Abad et al
Despite these limitations, our study is one of the first to
rigorously investigate the challenges of using crowdsourcing
to develop ML-based public health surveillance systems. Our
findings support the argument that crowdsourcing, despite its
low cost and short turnaround time, yields noisier data than
in-house labeling. On the flip side, crowdsourcing can reduce
annotation bias by involving a more diverse set of annotators
[41]. This diversity, supported by the diversity of AMT workers
[46], is highly beneficial to subjective labeling tasks, such as
detecting a sedentary behavior based on a short text, which
highly depends on the worker’s understanding of sedentary
lifestyles.
The results of this study may inspire future research to
investigate and evaluate the application of crowdsourcing for
the development of ML-based digital public health surveillance
systems deployed and used in national surveillance
decision-making. As the potential for success of ML-based
digital public health surveillance relies on robust and reliable
data sets, a sensitivity analysis of health-related incidents
detected by ML-based surveillance models trained on
crowd-generated labels versus relevant national datasets is
required to ascertain this potential. Moreover, to assess whether
our conclusions are sensitive to the background and expertise
of participants, further investigation is required using a cohort
of experts who are familiar with the public health context under
study. Likewise, to untangle the effect of task context and the
quality of the crow-generated labels, replicating the approach
adopted in this study using other domains, including other public
health domains, remains a future work. Finally, as there is a
chance that the quality of the crowd-generated labels is subject
to the compensation amount, confounded by the socioeconomic
characteristics of the participant cohort, future investigations
are required to calibrate the results of this study considering
these factors.
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Abstract
Background: Monitoring social media has been shown to be a useful means to capture patients’ opinions and feelings about
medical issues, ranging from diseases to treatments. Health-related quality of life (HRQoL) is a useful indicator of overall patients’
health, which can be captured online.
Objective: This study aimed to describe a social media listening algorithm able to detect the impact of diseases or treatments
on specific dimensions of HRQoL based on posts written by patients in social media and forums.
Methods: Using a web crawler, 19 forums in France were harvested, and messages related to patients’ experience with disease
or treatment were specifically collected. The SF-36 (Short Form Health Survey) and EQ-5D (Euro Quality of Life 5 Dimensions)
HRQoL surveys were mixed and adapted for a tailored social media listening system. This was carried out to better capture the
variety of expression on social media, resulting in 5 dimensions of the HRQoL, which are physical, psychological, activity-based,
social, and financial. Models were trained using cross-validation and hyperparameter optimization. Oversampling was used to
increase the infrequent dimension: after annotation, SMOTE (synthetic minority oversampling technique) was used to balance
the proportions of the dimensions among messages.
Results: The training set was composed of 1399 messages, randomly taken from a batch of 20,000 health-related messages
coming from forums. The algorithm was able to detect a general impact on HRQoL (sensitivity of 0.83 and specificity of 0.74),
a physical impact (0.67 and 0.76), a psychic impact (0.82 and 0.60), an activity-related impact (0.73 and 0.78), a relational impact
(0.73 and 0.70), and a financial impact (0.79 and 0.74).
Conclusions: The development of an innovative method to extract health data from social media as real time assessment of
patients’ HRQoL is useful to a patient-centered medical care. As a source of real-world data, social media provide a complementary
point of view to understand patients’ concerns and unmet needs, as well as shedding light on how diseases and treatments can be
a burden in their daily lives.
(J Med Internet Res 2022;24(1):e31528) doi:10.2196/31528
KEYWORDS
health-related quality of life; social media use; measures; real world; natural language processing; social media; NLP; infoveillance;
quality of life; digital health; social listening

Introduction
Most people use the internet regularly to research and discuss
health-related topics. Patients give and receive advice on their
https://www.jmir.org/2022/1/e31528
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diseases and treatments in online forums and social media
platforms [1]. These messages are massive, continuously
generated, and easy to access [2]. This type of information is
direct, genuine, and authentic, offering access to new real-world
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data, which can facilitate the understanding of patients’
perspectives. As the internet offers anonymity, patients talk
about their fears and concerns and share details about their
diseases and treatments, which can inform health public
authorities, pharmaceutical companies, and other health
professionals and institutions [3]. Thus, social media are a large
and diverse source of information nurtured by continuous
exchanges and interactions, ranging from commenting on posts
to sharing of opinions.
The World Health Organization defines quality of life (QoL)
as individuals’ perception of their place in life in the context of
the culture and the value system in which they live, as well as
in relation to their objectives, expectations, standards, and
concerns. This is a broad conceptual field, encompassing, in a
complex way, a person’s physical health, psychological state,
level of independence, social relationships, personal beliefs,
and relationship with the specificities of the surrounding
environment [4]. When the study of QoL is restricted to
health-related effects, one can refer to them as health-related
quality of life (HRQoL) [5]. Therefore, HRQoL is a
multidimensional concept focusing on the impact health and
diseases have on QoL [6,7]. This concept is mainly used in
epidemiology and cost-effectiveness analysis [8].
Several instruments have been developed to quantitatively
measure individuals’ HRQoL [9]. Among them, the EQ-5D
(Euro Quality of Life 5 Dimensions) and SF-36 (Short Form
Health Survey) have been used in medical practice for more
than 20 years [10,11]. They are designed to be self-completed
by patients. Nonetheless, these surveys are not adapted to the
amount of qualitative information on QoL contained within the
free speech and various testimonies of patients’ populations on
social media.
It has been suggested that the measurement of HRQoL can
benefit from machine-driven, quantitative analysis of
patient-generated data, which expands hypothesis testing based
on patient input regarding disease experience, lifestyle
preferences, functioning, and more [12]. Opinions and advice
shared on social media can provide insights on HRQoL directly
from patients in real-life conditions [13].
Social media listening is the collection and interpretation of all
patients’ social media conversations, which can help discover
what really impacts patients’ lives [14]. Social media listening
aggregates large amounts of unstructured patient-centered data
points to identify behavioral patterns and obtain medical insights
without infringing privacy policy and personal rights. Social
media listening uses text mining and the natural language
processing (NLP) approach as an algorithmic toolbox for
identifying and managing texts of interest [15].
Against this background, the objective of this study was to
develop an algorithm that is able to detect and measure the
mentions of impact of diseases and treatments on 5 HRQoL
dimensions in patient’s testimonies through the scope of social
media listening.
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Methods
This study was conducted through several main steps: QoL
definition, literature review, data extraction and manual
treatment, annotation, preprocessing and feature engineering,
modeling, and statistical analysis.

Health-Related Quality of Life
The European Knowledge Society on Quality and HRQoL has
compared the many definitions of HRQoL and discussed the
existing confusions between health, QoL, HRQoL, and
well-being [8]. The EQ-5D tool is recommended by the French
public institute that regulates recommendations toward health
products, their uses, and efficacy measurement (Haute Autorité
de Santé [16,17]). The SF-36 is another validated generic
medical survey investigating HRQoL, broadly used by
practitioners for years. Three dimensions are always at the heart
of the definitions or surveys: physical, psychological, and social.
However, exploring HRQoL (especially on social media, with
the spontaneous discussions of patients) can shed light on other
views and aspects of an individual, including economic,
spiritual, or even political matters. Therefore, in addition to the
3 constant dimensions (physical, psychological, and social
dimension), 2 more dimensions were added to the methodology
for their important role in one’s life, which can especially be
impacted in the case of diseases. The dimension of generic
activity is unavoidable in one’s life and can be limited in some
health states, from taking a shower to professional activities;
therefore, the aim of analyzing a 4th dimension is to detect
mentions of impact on patients’ activity and autonomy, which
are complementary to the physical dimension that focuses on
body impairments. The 5th dimension is the financial one;
according to the definitions developed by the European
Knowledge Society on Quality and HRQoL, economic and
personal finances are important contextual factors to patients
[8]. Some can encounter bad or no insurances toward treatment
costs or must pay for parallel cares or products that are not
covered by their insurance. Patients can express specific health
expenses or the necessity to have a specific budget because of
their disease; therefore, the financial dimension covers this
relation between health state and the impact on one’s finances
as expressed by patients in their messages.
A previous work by Cotté et al [13] showed that posts from
social media could be used to assess the impact of a disease or
a treatment on HRQoL. This study, focused on the narratives
of cancer patients treated with immunotherapies, highlighted
that posts from patients could provide additional information
on HRQoL to conventional QoL measurement instruments (ie,
QLQ-C30 [Quality of Life Questionnaire] and FACT-G
[Functional Assessment of Cancer Therapy—General]).

Literature Review
We searched on PubMed and Google Scholar for articles
responding to the following keywords: (natural language
processing[MeSH
Terms]
OR
processing
natural
language[MeSH Terms]) AND (quality of life[MeSH Terms]
OR health related quality of life[MeSH Terms] OR healthrelated
quality of life[MeSH Terms] OR HRQOL[MeSH Terms] OR
cost of illness[MeSH Terms] OR disease burden[MeSH Terms]
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OR sickness impact profile[MeSH Terms]). The selected results
were based on NLP, social media, patients’ messages, QoL,
diseases, and side effects. About 40 articles were found and
used with the aim of establishing the best method and modeling
to adopt (Multimedia Appendix 1). A focus was made on articles
that developed machine learning techniques over neural network
because of their lower cost in resources and correspondence
with our database. The takeaway from literature review is that
some machine learning methods, tools, or approaches were
highlighted for their good performance in the literature review,
such as Naive Bayes, Max Entropy, Decision Tree (10 folds),
and MaxVote. AdaBoost has been used for its performance
boost in the learning phases. The overall performances showed
that the combination of a binary classifier was better than the
use of only 1 predictive model. Concerning the supervised
learning for text classification, a stacked generalization method,
such as SVM-L (support vector machine light), SVM-R (support
vector machine regression), GBDT (gradient boosting decision
tree), Unigram, bigrams, POS (part of speech), and TF-IDF
(term frequency-inverse document frequency), has proven
interesting for obtaining state-of-the-art results [18].

Data Sources and Manual Treatment
The sources of data were 19 online general or health-related
community forums in France, which are as follows: Atoute [19],
Doctissimo [20], AuFeminin [21], Journal des femmes [22],
Psychoactif [23], Forum.hardware [24], Lesimpatientes [25],
Laxophobie [26], Magic maman [27], thyroide [28], forum
ado/public.fr [29], Onmeda [30], Psychologies [31], MeaMedica
[32], Futura-sciences [33], Allodocteurs [34], Vulgaris Medical
[35], Lymphome espoir [36], and Maman pour la vie [37].
Facebook and Twitter were not included because tweets are
limited to 240 characters, which limited the probability of
disease history development and impact testimonies. Facebook
was also discarded for data privacy questions and difficulties
of access. Messages were extracted using a web crawler
technology [38,39]. Health-related messages were selected based
on a named entity recognition (NER) module. NER is a process
where a sentence is parsed through to find entities (names,
organizations, locations, and quantities). The NER module was
used here to identify drug or disease mentions using an
approximate matching algorithm. These messages were then
preprocessed and stored. The metadata extracted along with the
text were the date and hour of post.
Raw data sets were composed of randomly selected
health-related messages according to the presence of treatment
or disease in it. Preprocessing of the extracted data included a
code attribution to every message as identifier, the detection of
sentences, normalization, and deduplication; since the extracted
data were unstructured, this was a necessary first step to process
patients’ posts.

Annotation
The corpus (n=1399 posts), with 1000 (71%) posts with disease
mentions and 399 (29%) posts with treatment mentions, was
first manually annotated. Manual annotation was performed by
2 individuals: a health-specialized data scientist and a health
care professional specialized in social media listening, both
sensitized and trained about the medical field of QoL, following
https://www.jmir.org/2022/1/e31528
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guidelines in accordance with the methodology of HRQoL. The
2 annotators’ profiles worked in synergy in the approach of data
annotation with a medical finality. Medical insight toward
patients’ testimonies was brought by one of the annotators, with
an expert eye toward the variables to be included in the future
models by the other. The 1399 health-related messages extracted
from forums were split into 2 sets for labelling; respectively,
900 and 499 messages for the 2 annotators. The aim of this step
was to classify the messages according to 5 specific dimensions
corresponding to 5 different types of impact: physical, psychic,
activity-related, relational, and financial. The labels data were
either “not impacted” or “impacted.” If “impacted,” the
concerned dimensions were characterized through annotation,
and the patients’ expressions of the said impact were extracted.
This collection allowed the identification of specific features
for each dimension being impacted, capturing the patients’
vocabulary when mentioning the impact. To evaluate the
annotation homogeneity, a subset of 100 messages coming from
the data scientist’s data set was blindly annotated by the health
care specialist, allowing to calculate the kappa coefficient. The
kappa coefficient for interrater reliability for the presence of a
general HRQoL impact was 0.724; for the physical impact, it
was 0.871; for the psychic impact, 0.663; for the activity-related
impact, 0.639; and for the relational impact, 0.649; this is while
no messages mentioned a financial impact in this subset (κ=0).
Thus, agreement ranged from strong to very strong according
to the kappa Cohen coefficient scale for 4 of the dimensions,
but not for the financial one because no financial impact was
mentioned in the subset of messages. This high interrater
reliability for 4 of the 5 dimensions suggests that the used
guidelines and training about the HRQoL ensured a
homogeneous annotation of the messages.

Preprocessing and Feature Engineering
All impact-related messages were used to generate
dimension-specific features. Other features were based on the
message structure, such as expressed sentiment (eg, positive,
negative, anger, disgust, fear, joy, sadness, and surprise),
grammar (eg, count of pronouns, who is writing, and negative
sentences), and conjugation (eg, count of verb tenses). A lexical
field score corresponding to each HRQoL dimension was
computed by counting the associated expressions previously
collected during the annotation stage. We used the R packages
of the Detec’t extractor [39,40] to create lexical variables. This
phase enabled the development of specific models of impact
detection per dimension. The rationale behind this process was
to be able to adapt to the many expressions of the patients.
Psychic impacts and physical impacts are different, and so are
the expressions used to describe them. Hence, having specific
models by dimension is a way to minimize an interpretation
bias.
We ended the process with a data set or corpus composed of
quantitative features such as expressed sentiments (from the
Linguistic Inquiry and Word Count dictionary), grammar,
conjugation, and lexical fields of HRQoL-related features.

Model Selection
We used data mining and machine learning technologies to
categorize and analyze retrieved data of our final corpus
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according to our predefined objective. As our features do not
exhibit negative values, we normalized our data by dividing all
feature values by their respective maximum so that all values
would be somewhere between 0 and 1, thus minimizing
interclass and intraclass variances. All the missing values were
replaced by the median so as not to influence intraclass variance.
We obtained a first classification algorithm to determine if there
was an impact on HRQoL (corresponding to the first step of
manual annotation). Subsequently, we created a classification
algorithm for each dimension to assess whether the impact
concerned the related dimension (second step).
We used a 5-fold sequential forward floating selector with an
extreme gradient boosting algorithm to select the best features
combination. We tried first to maximize the model accuracy,
but we ended up with several false negative cases. We finally
chose the area under the curve (AUC) as our scoring method to
maximize the true positive rate because we would rather have
a slightly larger number of posts containing an impact, even
with false positive, than missing some of these.
We chose sequential forward floating selector over LASSO
(least absolute shrinkage and selection operator) to maximize
the ROC (receiver operating characteristic) value, while LASSO

is trying to minimize the cost function. This allowed to obtain
the best performances for all classes instead of the majority
class.
We then tried several machine learning algorithms, the
K-Nearest Neighbors, SVM, Multi-Layer Perceptron, Random
Forest, and finally XGBoost.
Except for the psychic dimension, XGBoost was far above the
other methods in terms of AUC (Table 1).
We then performed a 5-fold cross-validated grid search on our
selected features to tune our hyperparameters. We split our
training set into 5 samples and trained the algorithm successively
on 4 of these samples, while the last sample was used as
validation set. This method allowed minimizing overfitting and
making sure that the models generalize well. We varied the
learning rate, the number of epochs, the number of trees and
their maximum depth, the minimum weight needed in a child
node, the minimum loss reduction required to make a further
partition on a leaf node, and the L1 regularization. LASSO
regression was preferable for feature selection in case of a great
number of features, making nonimportant features even more
insignificant in term of weights.

Table 1. AUC (area under the curve) values of the different machine learning methods.

a

Algorithm

Impacta

Physical

Psychic

Activity

Relational

Financial

KNNb

69.9

66.5

64.9

64.4

68.6

65.6

SVMc

67.9

63.3

56.3

55.3

57.7

56.9

MLPd

74.6

67.9

61.6

64.5

64.5

58.6

RFe

75

70.5

70.7

71.8

70.9

69

XGBf

78.5

75

71

76

71.7

76.5

At least 1 impact on at least 1 of the 5 dimensions.

b

KNN: K-Nearest Neighbors.

c

SVM: support vector machine.

d

MLP: Multi-Layer Perceptron.

e

RF: Random Forest.

f

XGB: XGBoost.

This process allowed elaborating a model that can detect a
general impact. The developed algorithm filtered the corpus of
messages into 2 categories: HRQoL impacted or not. For each
model, we selected the relevant variables by applying the
sequential forward floating selector and chose which
combination could better separate an impact message from a
nonimpact message. In a nutshell, it removes or adds one feature
at a time on the classifier and test performances until it reaches
the best possible score. The same steps were then reproduced
in each dimension according to their specific features in order
to obtain specific algorithms fitted for each dimension.
Features of patient expressions specific to each impact were
identified with the Linguistic Inquiry and Word Count
dictionary, which provides expressions for various feelings,
such as positivity, negativity, joy, sadness, disgust, surprise,
fear, and anger. The frequency of these expressions within the
https://www.jmir.org/2022/1/e31528
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posts was used to select the relevant variables for each impact
domain (Table 2). Patterns identified during data labelling were
also used to select relevant variables. We can assume than to
describe daily actions and difficulties, the present tense is the
most appropriate tense. Conversely, to talk about an impact
within the family, “we” is more often used.
Due to the lack of a specific dimension’s impact mention, some
classes were imbalanced regarding one another; in order to
correct that, we created an artificially balanced class by using
the oversampling method SMOTE (synthetic minority
oversampling technique) [41]. Based on the mathematical
structure of the under-represented messages, this technique
artificially creates similar examples that fit the same feature
pattern in order to balance the categories. We used this method
for the activity-related, relational, and financial impact
algorithms.
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Table 2. Most important features by model.
Dimension

Feature 1

Feature 2

Feature 3

Impact

Number of infinitive verbs

Count of first person of singular markers

Counted sadness expressions

Physical

Counted physical related expressions

Counted negative expressions

Number of negations

Psychic

Counted psychic-related expressions

Counted anger expressions

Counted fear expressions

Activity-Related

Counted professional, academic, or daily activity- Count of verbs in present tense
related expressions

Number of pronouns

Relational

Counted relational expressions

Count of first person of plural markers

Count of past participle verbs

Financial

Count of financial expressions

Number of “not”

Count of verbs in past tense

Statistical Analysis
We used sensitivity (defined as correctly identifying an HRQoL
impact when classified as so by our algorithm) and specificity
(defined as correctly identifying a message without impact when
classified as so by our algorithm). The ROC curve and the AUC
were considered to measure the overall performance of the
algorithm. The ROC curve represented the true positive rate
(sensitivity) plotted in function of the false positive rate
(100-specificity) for different thresholds of the metric.

Results
Corpus
We extracted 20,000 messages from health-related forums
mentioning diverse and different diseases such as cancers,
diabetes, endometriosis, and psychological afflictions, from
defined diagnosis to syndrome name (eg, nausea, “feeling
blue/depressed”). Treatments such as vaccines, Levothyrox
(thyroid hormones) and psychiatric drugs were also mentioned.
The goal was to constitute a representative panel of health

impairments, including physical, psychological, frequent, rare,
light, and heavy afflictions. This corpus merged random
messages mentioning 1280 medical terms (at least 1 term per
message, disease, or medication). The diseases and treatment
terms were identified with exact matching methods on MedDRA
(Medical Dictionary for Regulatory Activities). Of the 20,000
extracted messages posted from 2000 to 2019, we randomly
selected 3000 (15%) messages, which were split into 1000 and
2000. We removed duplicate entries so that we finally annotated
1399 messages: 1000 (71%) related to diseases and 399 (29%)
to treatments. In the end, we had 818 (58%) messages showing
at least 1 impact on QoL, 442 (31%) showing physical impact,
519 (37%) psychic, 363 (25%) activity-related, 193 (13%)
relational, and 69 (4%) financial (Table 3). Many impacts on
more than 1 dimension can be expressed in messages by patients.
The final corpus was then composed of 1399 French forum
messages extracted from 19 conversation threads. These
messages were written by users in an informal style. The length
ranged from a few words to narratives longer than 1000
characters, the average message length being 905 (SD 1041)
characters.

Table 3. Number of messages showing health-related quality of life impact, at least 1 impact, and by dimension.
Dimension

Message, n (%)

At least 1 impact

818 (58)

Physical

442 (31)

Psychic

519 (37)

Activity-Related

363 (25)

Relational

193 (13)

Financial

69 (4)

Modeling
From our 1399 annotated messages, we chose to split them in
a 70:30 ratio where 70% of the messages were used for the
training phase and the rest as validation. Out of the 1399
messages, 420 (30%) were used to evaluate the model. Among
these 420 messages, 203 (48%) were predicted with an impact.
We searched for lexical fields in order to evaluate the attribution
of a score per dimension. We tested the different machine
learning algorithms to optimize the parameters and the results.
Extreme gradient boosting was the chosen model for both impact
detection and specific dimension identification. The final
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HRQoL impact detection algorithm was composed of several
models, including a model that identified the presence of an
impact and all the impact-flagged messages, which went through
each specific dimension model. The models were trained using
cross-validation and hyperparameter optimization. Oversampling
was used to augment infrequent dimensions. This allowed us
to detect a general impact on HRQoL with a sensitivity of 0.8
and a specificity of 0.7 (Table 4). Overall, 818 messages
presented an impact and 581 did not. For physical impact,
sensitivity was 0.56, and specificity was 0.857; for psychic
impact, 0.58 and 0.828; for activity-related impact, 0.71 and
0.79; for relational impact, 0.675 and 0.73; and for financial
impact, 0.77 and 0.814, respectively.
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Table 4. Overall results of the different HRQoLa-impacted dimensions.

a

Dimension

F-measure

ROCb curve

At least 1 impact

78.6

78.5

Physical

70

75

Psychic

68

71

Activity-Related

75

76

Relational

70.6

71.7

Financial

76

76.5

HRQoL: health-related quality of life.

b

ROC: receiver operating characteristic.

Discussion
Principal Findings
We developed an algorithm to evaluate the impact diseases and
treatments can have on patients’ HRQoL based on their emotions
and opinions shared on social media. The algorithm was based
on an adaptation for the social media listening approach, of the
EQ-5D and SF-36 scales, which are recommended by several
national and international institutions for assessing HRQoL and
whose psychometric proprieties are well known [7,42,43]. Five
dimensions of impact on HRQoL were then covered and
identified in a filtered corpus of 1399 messages. The algorithm
was able to detect different types of disease and treatment impact
on HRQoL with good sensitivity and specificity. The algorithm
had an ROC score of 0.785 for detecting at least 1 impact on at
least 1 of the 5 dimensions (0.75 for physical dimension, 0.71
for psychic, 0.76 for activity-related, 0.717 for relational, and
0.765 for financial). Compared to other studies [44,45], these
indicators were high and robust; for example, with Twitter and
Facebook data, the area under the curve of Caster et al [44]
varied between 0.43 and 0.67. For patient forum posts,
sensitivity was 0.14 (and specificity was 0.88); and for Twitter
and Facebook, sensitivity was 0.08 or lower. However, the
objectives and approaches of these studies were different from
ours, and it is thus quite difficult to compare the results.
Performance might vary according to the data source.
Considering that we were able to access a large data set and to
use a satisfying training subset, this might explain our better
performance. Nonetheless, Facebook and Twitter were discarded
from our extracted sources due to the short messages of Twitter
and the difficulties of access to Facebook data.
Social media listening allows direct monitoring of patients’
messages capturing “live” their opinions and feelings compared
to a punctual “fixed” self-administered questionnaire. This
approach corresponds more to the evolutive nature of HRQoL.
Our study adds to the literature on the use of NLP and text
mining concerning medical care from web-based data. This
approach relies on the potential strength of large and real time
web-based data, which are complementary to classic medical
reporting systems. This work contributes to the need for an
improvement in methodologies that can produce more
sophisticated joint models of user and message-level information
or the use of syntactic structure as their features.
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A similar study was conducted to outpredict baselines of popular
happy and hedonistic lexica through the satisfaction with life
scale over Facebook volunteers [46]. The findings of this study
were also encouraging by demonstrating the effectiveness of
machine learning algorithms to detect users’ health-related
emotions.
Another study carried out in France [47] showed a good
performance in terms of sensitivity and specificity of an NLP
method to detect self-reported signals of issues with treatments.
Our results confirm the same success of established statistical
detection algorithms in social media for a wide range of diseases
and treatments.

Strengths and Limitations
This methodological study contributes to the growing research
on social media listening and machine learning in general as a
technique to develop and train tools to measure broad constructs
such as HRQoL. Our work is among the first research projects
proving that a social media listening tool can provide a sound
and efficient measurement of impacts on HRQoL directly
accessible from patients to health professionals. In this sense,
it highlights some of the promises of social media and forums
as data sources. One of the strengths of this study was the quality
of preprocessing and processing of the data extracted. Several
cleansing and validation steps were performed to ensure the
quality of the messages. Furthermore, we used medically
validated (general) scales, the EQ-5D and SF-36, as a strong
scientific basis and gold standard for the detection of 5 specific
HRQoL dimensions (ie, physical, psychological, activity-related,
financial, and social). Different diseases or treatments would
differently affect patients; therefore, our generalist approach of
the machine learning model, which has been trained based on
the patients’ free speech on various diseases and treatments, is
able to detect different expressions of impact on our 5 common
dimensions.
However, an algorithm does not have the human sensitivity to
understand very specific and subjective ways of expressing a
HRQoL impact (such as sarcasm), despite the constant
improvement of the work. Sentimental analysis can complement
such algorithms, and manual review remains strongly required.
Additionally, our approach lacks flexibility in the feature
extraction process; impact-specific features are not exhaustive
because the expression of impact can vary. This also requires
improvement in order to complete the lexical fields.
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Limitations also include the data sources. More analysis is
needed to prove that insights from social media are
complementary to a patient-centric repository. Furthermore,
Twitter and Facebook were discarded as sources due to short
message format and accessibility issues; however, this does not
mean that these social platforms are irrelevant resources for
analyzing health testimonies from patients.
Our data were randomly extracted from a large sample of French
messages coming from French forums and social media. The
fact that our sample selection was random should ensure a
certain representativity of the internet message population. The
proportion of women speaking about their health in forums is
higher than the proportion of men (difference of 6%) [48], which
introduces a possible bias when exploring HRQoL. However,
our algorithm is designed to work on data coming from French
forums and social media with similar gender proportions.
Future work is needed to continue training the algorithm and
to further study the differences on HRQoL between internet
users and patients not posting messages on social media or
forums.

Renner et al

Implications
We provided evidence that social media listening can be used
to assess the impact and burden of one or more diseases and
treatments on patients’ HRQoL. These findings can provide
public health experts, health care professionals, and
pharmaceutical companies with patient-generated information
on their experiences with treatments, burden of diseases, and
needs for appropriate medical care in a timely manner and in
real-life conditions. For instance, the generated data coming
directly from patients can inform potential changes of a
treatment and development of new pharmaceutical products.
The use of social media listening might be recommended to
monitor HRQoL constantly and consistently in patients under
a new treatment or experiencing a severe disease.

Conclusion
We developed an algorithm that can translate social media
patient messages into the identification of an impact on HRQoL.
Based on medically validated questionnaires, this is a
patient-centered approach using machine learning and NLP to
better understand how diseases and treatments can represent a
burden for patients.
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Abstract
Background: Patient-clinician secure messaging is an important function in patient portals and enables patients and clinicians
to communicate on a wide spectrum of issues in a timely manner. With its growing adoption and patient engagement, it is time
to comprehensively study the secure messages and user behaviors in order to improve patient-centered care.
Objective: The aim of this paper was to analyze the secure messages sent by patients and clinicians in a large multispecialty
health system at Mayo Clinic, Rochester.
Methods: We performed message-based, sender-based, and thread-based analyses of more than 5 million secure messages
between 2010 and 2017. We summarized the message volumes, patient and clinician population sizes, message counts per patient
or clinician, as well as the trends of message volumes and user counts over the years. In addition, we calculated the time distribution
of clinician-sent messages to understand their workloads at different times of a day. We also analyzed the time delay in clinician
responses to patient messages to assess their communication efficiency and the back-and-forth rounds to estimate the communication
complexity.
Results: During 2010-2017, the patient portal at Mayo Clinic, Rochester experienced a significant growth in terms of the count
of patient users and the total number of secure messages sent by patients and clinicians. Three clinician categories, namely
“physician—primary care,” “registered nurse—specialty,” and “physician—specialty,” bore the majority of message volume
increase. The patient portal also demonstrated growing trends in message counts per patient and clinician. The “nurse practitioner
or physician assistant—primary care” and “physician—primary care” categories had the heaviest per-clinician workload each
year. Most messages by the clinicians were sent from 7 AM to 5 PM during a day. Yet, between 5 PM and 7 PM, the physicians
sent 7.0% (95,785/1,377,006) of their daily messages, and the nurse practitioner or physician assistant sent 5.4% (22,121/408,526)
of their daily messages. The clinicians replied to 72.2% (1,272,069/1,761,739) patient messages within 1 day and 90.6%
(1,595,702/1,761,739) within 3 days. In 95.1% (1,499,316/1,576,205) of the message threads, the patients communicated with
their clinicians back and forth for no more than 4 rounds.
Conclusions: Our study found steady increases in patient adoption of the secure messaging system and the average workload
per clinician over 8 years. However, most clinicians responded timely to meet the patients’ needs. Our study also revealed
differential patient-clinician communication patterns across different practice roles and care settings. These findings suggest
opportunities for care teams to optimize messaging tasks and to balance the workload for optimal efficiency.
(J Med Internet Res 2022;24(1):e17273) doi:10.2196/17273
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Introduction
A patient portal is a secure online platform that allows patients
to conveniently access and manage personal health information
and communicate with their clinicians [1]. After the Health
Information Technology for Economic and Clinical Health Act
of 2009, patient portals have gained widespread adoption by
health care systems in the United States [2,3]. In 2017, over
90% of health care organizations including the Veterans
Administration, Mass General Brigham, Kaiser Permanente,
and Mayo Clinic offered patient portal access to their patients
[4]. Patient portals give patients 24-7 access to their health
information (eg, clinical visits, lab test results, medications, and
discharge summaries) from anywhere with internet connection
[5] and have been shown to improve patient self-management
by promoting the awareness of disease knowledge, status, and
progress [2].
A significant function in patient portals is patient-clinician
secure messaging, which enables patients and clinicians to
timely communicate on a wide spectrum of issues. Patients use
secure messaging to request medical appointments and refill
prescriptions online [6,7]. Clinicians send patients appointment
reminders and promote timely preventative care [8,9]. Patients
and clinicians can communicate back and forth on complex
situations such as new symptoms, disease follow-ups,
medication concerns, and other medical questions. Evidence
suggests that secure messaging improves health care efficiency,
productivity, and quality. For instance, Zhou et al [10]
investigated more than 4000 users at Kaiser Permanente before
and after the introduction of a secure message system and found
that their annual rates of in-person primary care visits were
reduced by 9.7% after their adoption of secure messaging. Simon
et al [11] showed that both antidepressant adherence rate and
depression treatment satisfaction increased by 20% among
patients using secure messaging.
On the other hand, the secure messaging resulted in additional
workload for clinicians and contributed to work burnout, as it
increased patient-clinician interactions between in-person patient
visits. According to a survey, 63% of 43 clinicians across 5
clinics disagreed with the notion that “secure messaging reduces
my workload,” and 33% agreed with the notion that “secure
messaging has a negative effect on my workflow” [12]. Another
study shows that primary care physicians spend, on average,
1.4 hours of their workday (5.9 hours) interacting with electronic
health records for non–face-to-face care after clinic hours [13].
With the increase in the number of patients signing up for these
portals, the number of secure messages has risen substantially,
especially during the COVID-19 pandemic [14-18]. It will be
critical to the care teams to understand the patient-clinician
messaging and to properly distribute the communication load
for better efficiency and avoiding clinician burnout. It could be
foreseen that some health care systems would be likely to face
the challenge of managing the increasing volume of patient
messages soon [12], which will require new billing models and
https://www.jmir.org/2022/1/e17273
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practice metrics, or additional infrastructures, including support
staffs to reply to the increasing volume of patient messages.
However, there is limited understanding of the use of secure
messaging and the extent of users’ interaction through this
medium including clinician messaging load, messaging time
delay, messaging time distribution in a day, and messaging
complexity of a communication thread.
In this study, we attempted to bridge this knowledge gap by
analyzing more than 5 million secure messages that were
generated by patients and clinicians between 2010 and 2017 at
a large multispecialty health system at Mayo Clinic, Rochester.
We performed message-oriented and sender-oriented analyses
by calculating the message volumes, patient or clinician
population sizes, message counts per patient or clinician, time
distribution of clinician messaging, and their trends over the
years. We also performed thread-oriented analysis to probe the
time delay in clinician responses to patient messages to assess
their communication efficiency and the back-and-forth rounds
to estimate the communication complexity. Our findings shed
light on the patient-clinician digital communication and inform
future improvement in the use of secure medical messaging.

Methods
Data Collection and Preprocessing
The patient portal (Patient Online Services) at Mayo Clinic,
Rochester [19] was started in 2010 for primary care practice
and later extended to specialty practice in 2013. The patient
portal allows patients and clinicians to communicate
bidirectionally via secure messaging on a wide range of issues.
We retrieved more than 5 million secure messages from the
patient portal between February 18, 2010, and December 31,
2017. Each message has a unique identifier (ID), previous
message ID, initial message ID, sender ID, recipient ID, the
timestamp when it was sent, message subject, and message
body. In a message thread with a series of back-and-forth
messages, the initial message is the first message initiated by a
sender, and the message ID of the initial message serves as the
ID of the message thread. We then applied three filters: exclude
the messages with empty message bodies; exclude the messages
sent by mock-up patients and clinicians that were created for
testing; and exclude messages sent by a clinician group where
the sender uses a shared ID, usually for impersonal
communication. In the end, we obtained a total of 5,654,514
secure messages sent by both patients and clinicians for the
following analysis.

Message-Oriented and Sender-Oriented Analysis
We started by calculating the descriptive statistics for the
approximately 5.6 million secure messages to probe four aspects
of patient-clinician communication. (1) The total numbers
(volumes) of messages sent by patients and clinicians and the
overall counts of unique patient and clinician senders. We also
distinguish whether a message is an initiated message from a
sender (ie, a drug-related question from a patient or an
J Med Internet Res 2022 | vol. 24 | iss. 1 | e17273 | p.1356
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appointment reminder from a clinician) or a replied message
(ie, a follow-up question or clarification) in a message thread;
(2) For patient-sent messages, we calculated the distribution of
message counts per patient for the entire study period, the
number of secure messages and the count of unique patient
senders by year, and the distribution of message counts per
patient each year. The patients who registered for patient portal
but did not send any messages were excluded; (3) Similarly,
for clinician-sent messages, we calculated the distribution of
message counts per clinician for the entire study period, the
number of secure messages and the count of clinician senders
by year, and the distribution of message counts per clinician
each year. In addition, we grouped the clinicians into 9
categories based on their practice roles (ie, physician, nurse
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practitioner/physician assistant [NP/PA], registered nurse [RN],
and other) and care settings (ie, primary care, specialty, and
other) as listed in Table 1, and measured the workload for each
clinician category. The “Other—other” category refers to other
supporting staffs who communicated with patients via secure
messaging, such as patient appointment service specialists,
social workers, and financial counselors who work outside of
the primary and specialty care setting; and (4) To analyze the
workload of clinicians in different times of a day, we split 24
hours into 12 time slices for each day (ie, 11 PM to 1 AM, 1 to
3 AM, 3 to 5 AM, 5 to 7 AM, 7 to 9 AM, 9 to 11 AM, 11 AM
to 1 PM, 1 to 3 PM, 3 to 5 PM, 5 to 7 PM, 7 to 9 PM, and 9 to
11 PM) and calculated the percentage of secure messages that
those clinicians sent in each of the 12 time slices by year.

Table 1. Clinician categories based on their practice roles and care settings.

a

Role

Primary care

Specialty

Other

Physician

Physician—primary care

Physician—specialty

N/Aa

NPb/PAc

NP/PA—primary care

NP/PA—specialty

N/A

RNd

RN—primary care

RN—specialty

N/A

Other

Other—primary care

Other—specialty

Other—other

N/A: not applicable.

b

NP: nurse practitioner.

c

PA: physician assistant.

d

RN: registered nurse.

Thread-Oriented Analysis
We investigated two aspects of patient-clinician communication
within message threads. The first aspect is the time delay of
clinician responses to patient messages. The analysis of time
delay between patient messages and clinician responses may
suggest how promptly clinicians responded to patients. We
identified all the pairs of patient-sent messages and
clinician-replied messages in a message thread and calculated
the time difference (in days) between them. We then calculated
the distribution of time delays for the entire study period and
for each year. Secondly, patients often communicate with
clinicians back and forth for multiple times in a message thread.
We examined these message threads by measuring the number
of back-and-forth rounds in each message thread (ie, length of
a message thread) and calculating the distribution of message
threads in terms of message thread length over time.
We developed a series of scripts in Python (Python Software
Foundation) together with popular Python libraries (eg, pandas
[20], NumPy [21], SciPy [22], and Matplotlib [23]) to perform
data collection and preprocessing, statistical analysis, and
visualization. No patients were exposed to any intervention.
We used the data from the Mayo Clinic Unified Data Platform
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for analysis. The study was approved by the Mayo Clinic
Institutional Review Board (19-002211).

Results
Message-Oriented and Sender-Oriented Analysis
Descriptive Statistics of Secure Medical Messages and
Their Senders
Table 2 lists the total numbers of secure messages sent (ie,
initiated and replied) by patients and clinicians as well as unique
patient senders and clinician senders. The number of messages
initiated by clinicians was almost identical to that of messages
replied by clinicians but was slightly more than that of messages
initiated by patients (1.7 million versus 1.5 million). However,
the number of patient-initiated messages was about 3 times that
of patient-replied messages (1.5 million versus 0.5 million). In
addition, 93.7% of the patients (203,166/216,740) had initiated
secure messages, whereas only 52.6% (113,974/216,740) had
replied to their clinicians. This suggests that the patients in
general initiated a message when they had health-related issues,
rather than replying in a message thread, whereas the clinicians
were obligated to initiate messages and respond to patient
messages.
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Table 2. Descriptive statistics of secure medical messages and their senders for the 8-year period.
Senders and secure message types

Numbers of secure messages, n (%)

Counts of unique senders, n (%)

Initiated messages

1,569,172 (74.06)

203,166 (93.74)

Replied messages

549,601 (25.94)

113,974 (52.59)

Total

2,118,773

216,740

Initiated messages

1,774,000 (50.17)

5690 (67.27)

Replied messages

1,761,741 (49.83)

8,070 (95.40)

Total

3,535,741

8459

Patient

Clinician

The ratio of overall unique patient count to overall unique
clinician count was about 25:1 (216,740 versus 8450). The ratio
of patient count and clinician count per year increased from 7.7
(1919 versus 249) in 2010 to 21.0 (125,647 versus 5980) in
2017 as shown in Table S1 (Multimedia Appendix 1). This
indicates that the workload per clinician had an increasing trend
over years in terms of patient users on the secure messaging
system.

Patient-Sent Secure Messages
We illustrated the distribution of message count per patient, the
total numbers of patient-sent messages and unique patients by
year, and the box-whisker graph of message count per patient

by year in Figure 1 (A-C). We found that 95.4%
(206,818/216,740) of the patients sent less than 40 messages,
as shown in Figure 1 (A). The median number of patient-sent
messages was 4. The maximum number of patient-initiated and
patient-replied messages was 2052 and 302, respectively (Table
S1, Multimedia Appendix 1). We observed a similar increasing
trend between the numbers of unique patients and patient-sent
messages over years, as shown in Figure 1 (B), indicating the
strong adoption of this technology. The Pearson correlation
coefficient between the numbers of unique patients and
patient-sent messages calculated with SciPy is r=1. The median
of message count per patient increased from 1 to 3 during
2010-2017 as depicted in Figure 1 (C).

Figure 1. Distribution of message count per patient or clinician (A and D), total number of patient-sent or clinician-sent messages and count of unique
patients or clinicians by year (B and E), and box-whisker graph of message count per patient or clinician by year (C and F).
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Clinician-Sent Messages
Figure 1 (D-F) depicts the distribution of message count per
clinician, the total numbers of clinician-sent messages and
unique clinicians by year, and the box-whisker graph of message
count per clinician by year. In Figure 1 (D), the distribution of
message count per clinician exhibits a “long tail” pattern, where
the median is 77 but the max stretches far right at 18,314 (way
beyond the X axis labeling range). Both the numbers of
clinicians and clinician-sent messages were also increasing over
time with the growths of the numbers of patients and patient-sent
messages (Figure 1 [E]). The Pearson correlation coefficient
between the total numbers of clinician-sent messages and
patient-sent messages over years is r=1, suggesting that the total
number of clinician-sent message is strongly associated with
that of patient-sent message. The median and IQR of message
count per clinician steadily increased during 2010-2017 (Figure
1 [F]). We observed that the count of clinicians largely increased
but the median and IQR of message count per clinician
decreased in 2013 compared with 2012 because many specialties
at Mayo Clinic, Rochester started to use the patient portal.
Between 2010 and 2017, 19.93% (6773/8459) of the clinicians
transitioned out of Mayo Clinic, Rochester and, therefore, we
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do not have information on their practice roles and care settings.
We grouped the remaining 6773 clinicians, who generated
86.87% (3,071,529/3,535,741) messages, into 9 clinician
categories. Based on these messages, we then analyzed the
workload, message counts per clinician, and the distribution of
messaging time in a day for each clinician category.
Figure 2 shows the total number of clinician-sent messages, the
total number of clinicians, and the median of message count
per clinician in each clinician category for each year. As shown
in Figure 2 (A), the number of messages sent by clinicians in
each clinician category was progressively increasing over time.
Three clinician categories, namely “physician—primary care,”
“Registered Nurse (RN)—specialty,” and “physician—specialty”
had the largest increase in the generated messages. After 2014,
the number of messages sent by these 3 clinician categories
were over 2.5 times more than those of the other clinician
categories combined. The category “physician—primary care”
initiated the largest number of messages every year (Figure 2
[B]). During 2010-2013, the “physician—primary care” category
also replied the most to the messages from patients, but after
2013, “RN—specialty” took over the top spot in responding to
patients (Figure 2 [C]).

Figure 2. Total number of clinician-sent messages (A-C), the number of unique clinician senders (D-F), and median of message count per clinician
(G-I) in each clinician category over years. NP: nurse practitioner; PA: physician assistant; RN: registered nurse.
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The total numbers of unique clinician senders in each category
had a steady increase during 2010-2017 (Figure 2 [D-F]). After
2012, the clinician categories with top 3 message senders were
“physician—specialty,”
“other—specialty,”
and
“RN—specialty.” Most of the clinicians in the
“other—specialty” category were responsible for responding
to patient messages rather than initiating messages. The “nurse
practitioner (NP) or physician assistant (PA)—primary care”
category has the smallest size of clinician senders (Figure 2
[D]).
In Figure 2 (G), the median of message count per clinician in
7 out of the 9 clinician categories steadily increased during
2010-2017. Among them, the top 2 clinician categories were
“NP/PA—primary care” and “physician—primary care.” In
2017, the median of message count per clinician by the
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“NP/PA—primary care” category was over 2 times of any other
groups (Figure 2 [G-I]).

Clinician Messaging Workload Within a Day
We analyzed the clinician messaging time during a day across
the 9 clinician categories in terms of message percentage (Figure
3) and message number (Figure S5-7, Multimedia Appendix
1). Most of the messages were sent from 7 AM to 5 PM.
However, physicians and NP/PA also sent a considerable
number of messages to patients between 5 PM and 7 PM. For
example, the percentage of messages sent by
“physician—primary care” during 5-7 PM increased from 7.95%
(102/1283) in 2010 to 8.98% (2669/29,705) in 2012 and then
dropped to 6.12% (15,714/256,761) in 2017. The percentage
of messages sent by “NP/PA—primary care” during 5-7 PM
remained constant around 5.08-6.75% (3/59-2,824/41,833),
between 2010 and 2017.

Figure 3. Distribution of clinician messaging time in a day. Each color block represents the percentage of messages sent in the corresponding time
slice during a day. NP: nurse practitioner; PA: physician assistant; RN: registered nurse.

Thread-Oriented Analysis
We identified 1,576,205 message threads in 3,887,542 messages,
which include 1,332,931 patient-initiated messages and 243,274
clinician-initiated messages, for thread-oriented analysis. Among
these message threads, we identified 1,761,739 clinician
responses to patient messages.
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Time Delay Between Patient Messages and Clinician
Responses
We illustrated the distribution of time delay between clinician
responses and patient messages in Figure 4. It appears that
96.0% (1,691,733/1,761,739) of patient messages were
responded to by clinicians within 5 days. The shortest time a
clinician spent responding to patients was 1 second, and the
median was 0.6 days. With the increase in the total number of
clinician messages and message count per clinician, the median
time delay between clinician responses and patient messages
J Med Internet Res 2022 | vol. 24 | iss. 1 | e17273 | p.1360
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increased from 0.13 days in 2010 to 0.59 days in 2014 but
remained steady (0.53-0.59 days) after 2014. The IQR of time
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delay showed a trend similar to the median time delay over
years.

Figure 4. Distribution (left) and box-whisker graph (right) of time delay in the clinician responses to patient messages.

Back-and-Forth Messages Between Patients and
Clinicians in a Message Thread
We analyzed the distribution of message thread lengths (Figure
5). We found that 95.1% (1,499,316/1,576,205) message threads
had fewer than 5 back-and-forth messages. The median and
maximum lengths of the message threads were 2 and 34,
respectively. Between 2010 and 2017, the percentage of message
threads with a length of 2 decreased from 88.0% (3429/3895)

to 72.7% (372,424/512,395). The percentage of message threads
with a length of 3 increased from 0.4% (16/3895) to 13.6%
(69,754/512,395). The percentage of message threads with a
length of 4 remained relatively stable, 6.1-9.6%
(2354/38,537-374/3895). The percentage of the message threads
with a length of 5 or more showed an uptrend over time. The
median timespan of message threads was elongated as the
message thread lengths increased.

Figure 5. Distribution (left), percentage (middle), and timespan (right) of message threads in terms of back-and-forth rounds in the message threads.

Discussion
Principal Findings
Secure messaging in patient portal provides patients more
convenient access for more personalized medical advice and
information [5,24]. Patients can send secure messages to their
clinicians anywhere and anytime as they prefer, which fulfills
a growing consumer model of medical care [14]. Similar to
previous results on secure messaging [14-17], our patient portal
https://www.jmir.org/2022/1/e17273
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experienced a large increase in the numbers of patients,
clinicians, and secure messages during 2010-2017. We observed
a strong correlation between patient count and patient message
count. The growth of patients and messages per patient both
contributes to the upsurge of patient messages, suggesting a
strong adoption of this health care technique and a growing
pattern of patient engagement. The significant volume difference
between patient-initiated messages and patient-replied messages
(1.5 million vs 0.5 million) indicates the behavioral variation
of patients for initiating and replying to messages; in general,
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the patients initiated a message when they encountered health
issues instead of following an existing message thread. This
implies potential opportunities to engage patients in
communication and increase responses in pertinent contexts.
The clinician message volume is strongly associated with patient
message volume because the clinicians were obligated to
communicate with the patients for providing health care support.
There were also practice-specific and role-specific patterns for
the clinicians. For example, “physician—primary care” initiated
the largest number of messages to patients every year, indicating
their major role in patient engagement. After 2013,
“RN—specialty” replied the most of messages to patients,
suggesting that the patient portal opened up a longed-for channel
of taking patient information needs in specialty care [25], and
that specialty RNs represented the first-line taskforce to
accommodate the needs.
The patient portal also manifested upward trends in the ratio of
patient count to clinician count and numbers of messages per
patient and clinician. The findings suggest an inflation of
clinician workload in the secure messaging. Specifically, the
“physician—primary care” and “NP/PA—primary care”
categories had the heaviest per-clinician messaging workload
every year because the “physician—primary care” category
generated the largest number of clinician messages and the
“NP/PA—primary care” category has the smallest size of
clinician senders. This indicates where optimization is most
needed in easing the clinician workload. Most (93.2%,
2,862,978/3,071,529) of the clinician messages were sent from
7 AM to 5 PM but 17.3% (532,894/3,071,529) of the messages
were sent by clinicians to patients around noon (11 AM to 1
PM), and 5.94% (182,468/3,071,529) were sent after 5 PM
(5-11 PM). Our findings were consistent with those from
previous studies that secure messaging has a negative effect on
clinician workload [12], and that about 24% of the work is
carried out by clinicians on electronic health records for
non–face-to-face care after clinician hours [13].
Most of the clinicians responded to the patients in a timely
manner. The median time delay of clinician responses to patient
message remained constant (less than 0.60 days). Although the
message volume and clinician workload persistently increased
over years, the clinicians managed to respond to the patients in
time. Regarding the message threads, the patients usually
communicated with the clinicians in a few back-and-forth
rounds. Possibly, patients and clinicians communicated via
secure messaging for noncomplicated scenarios, or clinicians
made a timely decision on a certain back-and-forth round about
what acute issues and complex situations will require
face-to-face visit or follow-up. The percentage of message
threads with more than 2 rounds was rising, which may imply
that the patients and clinicians were increasingly comfortable
to communicate about more complex situations. However,
further investigation is necessary to understand the potential
mechanism of the messaging complexity of a communication
thread.
The growing portal messages had different indications or
impacts on its stakeholders. For the patients, a majority of them
in this study received timely response to their concerns and
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requests. In the future, the patient engagement would probably
continue to increase in terms of patient count and message count
per patient, in particular, during and after the COVID-19
pandemic. For the clinicians, most of them think that secure
messaging can have a positive effect on quality of care and
patient safety, but secure messaging increased their burden of
indirect patient care, as noted by Hoonakker et al [12]. In some
cases, clinicians need to send messages to patients after 5 PM
in order to respond to them in time. With the rise of patient
engagement and message volume over time [14-17], it will be
critical to properly distribute the communication load for better
efficiency and for avoiding clinician burnouts. For the health
care system, patient portals and secure messaging may have a
favorable impact on the cost-effectiveness of care [26]. They
could help to not only cut the administrative cost by alleviating
the operational burden [27], but also reduce patients’ health
care utilization by improving their functional status [28].
However, the detailed economical or cost-effectiveness analysis
is beyond the scope of this paper, due to the difficulty of
collecting relevant data. In the near future, some other health
care systems will probably confront the management challenge
of the fast-growing volume of patient messages [12]. These
health care systems would require new policies, billing models,
or additional infrastructures. For example, more NP/PA, RN,
and other support staff would be involved in replying to the
increasing volume of patient messages. The artificial intelligence
(AI) and natural language processing (NLP) tools would even
be invested and developed to support the care teams for secure
messaging [29-31].
Our study has several limitations. First, the secure messages
were collected from Mayo Clinic, Rochester, a tertiary care
institution for complex medical conditions, and might not be
representative of different patient populations or clinical settings
in other parts of the country. Second, the patient secure messages
after 2017 were not included in this study due to the upgrade
of the patient portal system at Mayo Clinic in 2018. The
COVID-19 pandemic is transforming the health care delivery
via telehealth, and we would investigate the secure messaging
after 2017 and the impact of the COVID-19 on the patient portal
system for a future study. Third, the 9 clinician categories we
used were not always accurate because a small portion of
clinicians changed their practice roles and care settings during
the study period. Fourth, there was no guarantee that the
clinician-initiated or clinician-replied messages were always
written by themselves. Finally, linking patient secure messages
to other patient medical records for a more detailed study of the
needs of different patient populations is out of the scope of this
study, but represents an important area we would like to explore
in the future.

Conclusions
We performed message-oriented, sender-oriented, and
thread-oriented analyses to probe and characterize millions of
secure medical messages generated by patients and clinicians
with diverse backgrounds. We analyzed the message volumes,
patient or clinician population sizes, message counts per patient
or clinician, and their trends over years. We computed the time
distribution of clinician messaging to further understand their
workload in different time slices of a day. For each message
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thread, we calculated the time delay between patient messages
and clinician responses to examine the responding efficiency
and the number of back-and-forth rounds to roughly assess the
communication complexity.

support the care teams for better communication efficiency and
quality. These findings offer valuable information on the digital
interaction between patients and clinicians and may serve as a
reference for promoting patient-centered care.

Our study shows a steady rise in patient involvement, through
the use of secure messaging, and workload per clinician over
years. However, most clinicians were responding to the patients
in a timely manner in order to meet their needs. Our findings
shed light on opportunities for care teams to improve messaging
tasks and optimize clinician workload and for the experts in AI
and NLP to develop robust and intelligent messaging tools to

In the future, we will perform a content analysis of patient secure
messages using AI and NLP and examine the patient populations
in terms of socioeconomic factors by linking them to patient
medical records. We will also perform a comparative study
between patient portal messages and traditional health care
services and a survey study to understand patient and clinician
experiences on using patient portal messaging.
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Abstract
Background: Uncontrolled hypertension leads to significant morbidity and mortality. The use of mobile health technology,
such as smartphones, for remote blood pressure (BP) monitoring has improved BP control. An increase in BP control is more
significant when patients can remotely communicate with their health care providers through technologies and receive feedback.
Little is known about the predictors of remote BP monitoring among hypertensive populations.
Objective: The objective of this study is to quantify the predictors of smartphone and tablet use in achieving health goals and
communicating with health care providers via SMS text messaging among hypertensive patients in the United States.
Methods: This study was a cross-sectional, secondary analysis of the 2017 and 2018 Health Information National Trends Survey
5, cycles 1 and 2 data. A total of 3045 respondents answered “Yes” to the question “Has a doctor or other healthcare provider
ever told you that you had high blood pressure or hypertension?”, which defined the subpopulation used in this study. We applied
the Health Information National Trends Survey full sample weight to calculate the population estimates and 50 replicate weights
to calculate the SEs of the estimates. We used design-adjusted descriptive statistics to describe the characteristics of respondents
who are hypertensive based on relevant survey items. Design-adjusted multivariable logistic regression models were fitted to
estimate predictors of achieving health goals with the help of smartphone or tablet and sending or receiving an SMS text message
to or from a health care provider in the last 12 months.
Results: An estimated 36.9%, SE 0.9% (183,285,150/497,278,883) of the weighted adult population in the United States had
hypertension. The mean age of the hypertensive population was 58.3 (SE 0.48) years. Electronic communication with the doctor
or doctor’s office through email or internet (odds ratio 2.93, 95% CI 1.85-4.63; P<.001) and having a wellness app (odds ratio
1.82, 95% CI 1.16-2.86; P=.02) were significant predictors of using SMS text message communication with a health care
professional, adjusting for other demographic and technology-related variables. The odds of achieving health-related goals with
the help of a tablet or smartphone declined significantly with older age (P<.001) and ownership of basic cellphones (P=.04).
However, they increased significantly with being a woman (P=.045) or with being married (P=.03), having a wellness app
(P<.001), using devices other than smartphones or tablets to monitor health (P=.008), making health treatment decisions (P=.048),
and discussing with a provider (P=.02) with the help of a tablet or smartphone.
Conclusions: Intervention measures accounting for age, gender, marital status, and the patient’s technology-related health
behaviors are required to increase smartphone and tablet use in self-care and SMS text message communication with health care
providers.
(J Med Internet Res 2022;24(1):e33188) doi:10.2196/33188
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Introduction
Background
Among the 121.5 million adults in the United States with
hypertension, 61.2% are aware of their disease condition, and
50.4% are receiving treatment, but only about 22% have their
blood pressure (BP) controlled [1]. Uncontrolled hypertension
can lead to stroke [2], systemic embolism and bleeding [3],
congestive heart failure [4], myocardial infarction [5], renal
damage, dementia, aortic aneurysm, angina pectoris, metabolic
syndrome, diabetes, blindness, and death [6,7]. The 2021 Heart
Disease and Stroke statistics report that 57.2% of all deaths
recorded in the United States from 2008 to 2018 were attributed
to hypertension [1]. Despite effective lifestyle and
pharmaceutical treatments, the number of patients with
uncontrolled BP in the United States is undesirable. Thus, there
is a need to harness every possible arsenal to mitigate this
challenge.
One strategy to improve BP control involves patients in their
disease management through technology [8]. Recent innovations
in information and communication technology provide excellent
opportunities for improvements in hypertension control. There
has been a steady increase in internet users and mobile cellular
subscribers since 2000 [9]. According to a 2021 Pew Research
Center report, 93% of adult Americans now use the internet,
and an increase in internet use is seen across all age groups [9].
Moreover, 97% of adult Americans own a cellphone, and 85%
now use smartphones [10].
In considering technology and BP control, patients with
hypertension can now measure their BP using electronic
monitors and transmit the results to their health provider through
electronic health record platforms on their smartphones, tablets,
or computers, and get feedback through the same channels
without having to leave the comfort of their homes [11]. Phone
calls, SMS text message alerts, health apps, emails, and alarms
have also been used, and collectively this is called
telemonitoring. Improvements in BP control have been noted
with this type of remote monitoring. For example, a
pharmacist-led telemonitoring intervention involving weekly
electronic transmission of home-measured BP and regulated
telephone visits among 450 patients with uncontrolled BP
resulted in a significant decrease in systolic BP at 6, 12, and 18
months of −10.7 mm Hg (95% CI −14.3 to −7.3 mm Hg),
P<.001; −9.7 mm Hg (95% CI −13.4 to −6.0 mm Hg), P<.001;
and −6.6 mm Hg (−10.7 to −2.5 mm Hg), P=.004, respectively
[11]. In addition, this study reported an increase in the
proportion of patients with controlled BP in the telemonitoring
group (71.8%, 95% CI 65.0-77.8) compared with the usual care
group (57.1%, 95% CI 51.5-62.6) [12]. More generally, the use
of SMS text messages as reminders and health education
delivery led to improvements in behavior changes, hypertension
knowledge, medication adherence, and BP among patients with
hypertension [13-16]. A meta-analysis of 46 randomized
https://www.jmir.org/2022/1/e33188
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controlled trials reported that home BP telemonitoring decreased
systolic BP −3.99 mm Hg (95% CI −5.06 to −2.93; P<.001)
and diastolic BP −1.99 mm Hg (95% CI −2.60 to −1.39; P<.001)
in the intervention groups compared with usual care [17].
However, these are mostly intervention studies that are not
nationally representative.
Although we know the advantages of these technologies in
achieving favorable health outcomes, little is known about the
predictors of their use among patients with hypertension. Using
the Health Information National Trends Survey (HINTS),
Langford et al [18] examined the prevalence of smartphones,
basic phones, and tablets and compared respondents who are
hypertensive and nonhypertensive. They found that 68%, 55%,
and 16% of the hypertensive population had smartphones,
tablets, and basic mobile phones, respectively. Younger
respondents who are hypertensive were more likely to own a
smartphone or tablet and have a health-related app. The
ownership of smartphones or tablets increased with an increase
in educational attainment. Another HINTS study focused on
respondents with one or more chronic medical conditions and
found that gender, age, employment status, and having a health
app were associated with achieving a health-related goal with
a smartphone or tablet. However, this study did not differentiate
the respondents according to the disease conditions in the
analysis [19]. Other studies on mobile health app use did not
focus on people with hypertension [20,21]. Therefore, there is
a need for more hypertension-focused studies to identify the
factors that impact mobile health (mHealth) technology use
among this patient population.

Objectives
The aim of this study is to quantify the predictors of smartphone
and tablet use in achieving health goals and communicating
with health care providers via SMS text messaging among
patients with hypertension. Our research question was, “What
are the relationships of patients’ characteristics with the use of
a smartphone or tablet to achieve health goals and sending or
receiving text messages to or from healthcare professionals,
among a nationally representative sample with hypertension?”
This study provides nationally representative estimates regarding
the predictors of using a smartphone or tablet to achieve
health-related goals and SMS text messaging communication
with health care professionals among respondents who are
hypertensive. It also illuminates respondents’ factors associated
with the use of these communication approaches. This will help
us identify where and how to channel efforts to improve
involvement of patients in telemonitoring of BP when health
care providers work with their patients to increase smartphone
and tablet use for health services. These results will also inform
our questions for further studies to understand patients’
experiences with technology for BP control.
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Methods
Design
This study was a cross-sectional, secondary quantitative analysis
of the 2017 and 2018 HINTS 5, cycles 1 and 2 data. We
combined the 2 cycles to provide more robust estimates of our
relationships of interest. The study was considered exempt by
the University of Michigan institutional review board (approval
number: HUM00208364).

Data Collection
The HINTS was developed by the Health Communication and
Informatics Research branch of the National Cancer Institute.
It is a publicly available, nationally representative survey that
monitors how American adults aged ≥18 years obtain and use
health information. HINTS has been carried out every few years
since 2003, and the target population is adult Americans aged
≥18 years in the civilian noninstitutionalized population of the
United States. HINTS uses a 2-stage sampling design, and
residents in high minority strata are oversampled. A high
minority stratum represents places with ≥34% Hispanic or
African Americans. The data had both a full sample weight and
50 replicate weights assigned to each completed questionnaire
for the adult sample. The 50 replicate weights were computed
using the jackknife replication method. The full sample weight
enables the calculation of population and subpopulation
estimates, whereas the 50 replicate weights allow for the analysis
of design-adjusted SEs for these estimates. The sample weights
allow valid inferences from the responding sample to the
population, accounting for unequal probability of selection,
nonresponse, and noncoverage biases. The details of the
sampling methods and weighting approaches are available in
the HINTS 5, cycles 1 and 2 methodology reports [22,23].

Participants or Sample Size
A total of 6789 respondents completed the HINTS 5 cycles 1
and 2 questionnaires. Respondents to HINTS who answered
“Yes” to the question “Has a doctor or other health provider
ever told you that you had high blood pressure or hypertension?”
were the subpopulations used in this study. Out of the 6789
respondents, 3045 (44.85%) belonged to this subpopulation and
thus constituted the final sample included in this analysis.

Variables of Interest
The dependent variables were (1) Has your tablet or smartphone
helped you track progress on a health-related goal, such as
quitting smoking, losing weight, or increasing physical activity?
(yes or no) and (2) Have you sent or received an SMS text
message from a doctor or other health care professional within
the last 12 months? (yes, no, or don’t know). The no and don’t
know responses were combined to a single no response for
logistic regression analysis. In this study, we described and
predicted these variables. We selected these 2 items because
they are most closely related to the concept of telemonitoring
of BP. We also provided population proportion estimates of the
following variables: Has your tablet or smartphone helped you
make a decision about how to treat an illness or condition? (yes
or no); Has your tablet or smartphone helped you in discussions
with your health care provider? (yes or no); Other than a tablet
https://www.jmir.org/2022/1/e33188

XSL• FO
RenderX

Eze et al
or smartphone, have you used an electronic device to monitor
or track your health within the last 12 months? (yes or no); Have
you shared health information from either an electronic
monitoring device or smartphone with a health professional
within the last 12 months? (yes or no); and in the past 12
months, have you used a computer, smartphone, or other
electronic means to use email or the internet to communicate
with a doctor or doctor’s office? (yes or no).
The independent variables included respondents’ demographics
(such as age, educational level, marital status, and income) and
clinical characteristics (BMI, comorbidities, and general health
status). Technology-related covariates included technology
access, such as ownership of smartphones, tablets, wellness
health apps, and basic cellphones. Technology-related behaviors,
such as electronic communication with the doctor or doctor’s
office through email or the internet were also included. These
covariates were selected as they are technology-related items
that can be applied to BP telemonitoring.

Statistical Analysis
We accounted for the sampling weights and complex sample
design features in all analyses to obtain population-level
estimates for the United States using the R survey package by
Thomas Lumley. Variance estimates were computed using the
jackknife replication method, and specialized (unconditional)
subpopulation analyses were not required when using this
replication approach [24]. Descriptive statistics were used to
analyze the characteristics of the respondents based on relevant
demographics and covariates. We fit multivariable logistic
regression models to the variables of interest to determine the
most important predictors of the dependent variables. We first
used demographic variables only and then tested the full model
with clinical and technology use variables. The pseudo
maximum likelihood estimation method was used to fit the
regression models. To arrive at the final fitted model, we used
a step-by-step approach starting from the preliminary bivariate
analyses of potential predictors, followed by fitting different
models containing all the anticipated predictors and variables
of interest as well as interaction terms. We used the regTermTest
function in the survey package to test the significance of the
predictors using the design-adjusted Wald tests. None of the
interaction terms was found to be significant. We identified the
best-fitting model by choosing the model with the lowest
design-adjusted Akaike information criterion [25]. Some
nonsignificant predictors were retained in the models because
they were found to be associated with hypertension in previous
studies [26-28] and removing them did not result in a
better-fitting model. Statistical significance was set at P≤.05.
All analyses were conducted using the JJ Allaire R Studio
(version 3.6.1).

Results
Demographics and Clinical Characteristics
Out of the 497,278,883 estimated weighted population surveyed,
183,285,150 (36.9%, SE 0.9%) responded “Yes” to having
hypertension. The 183,285,150 estimated hypertensive
population constituted the denominator for all analyses in this
study. The mean age of the hypertensive population was 58.3
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(SE 0.48) years. Among people with hypertension, there were
more men (52.7%) than women (47.3%), and most persons were
aged between 50 and 64 years (Table 1). The hypertensive
population was predominantly non-Hispanic White people
(66.9%), and most had some college education or more (61.2%).
Most were married or living as married (57.1%), and more than
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three-quarters considered themselves to be in good, very good,
or excellent health. Less than half of this subpopulation was
employed (46.7%), and more than two-thirds earned a yearly
household income below US $75,000. Diabetes was the most
commonly reported comorbidity (33.7%).
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Table 1. Design-adjusted estimates of demographics and clinical characteristics among the hypertensive population (sample size=3045; estimated
population size=183,285,150).
Variable and category

Value

95% CI

Age (years), mean (SE)

58.3 (0.48)

57.31-59.21

18-34

6 (1)

4.1-8.0

35-49

22.2 (1.5)

19.2-25.2

50-64

37.6 (1.4)

34.8-40.3

65-74

18.8 (0.6)

17.6-19.9

≥75

15.4 (0.6)

14.2-16.6

Male

52.7 (1.3)

50.1-55.3

Female

47.3 (1.3)

44.7-49.9

Less than high school

10.8 (1)

8.8-12.8

High school graduate

28 (1.4)

25.3-30.8

Some college

37.4 (1.4)

34.6-40.2

College graduate or more

23.8 (1.0)

21.9-25.6

Non-Hispanic White

66.9 (1.1)

64.7-69.1

Non-Hispanic Black or African American

13.9 (0.8)

12.4-15.4

Hispanic

12.8 (0.9)

11.1-14.5

Non-Hispanic Asian

3.2 (0.5)

2.2-4.2

Non-Hispanic other

3.1 (0.4)

2.4-3.9

Married

54.7 (1.2)

52.3-57.1

Living as married

2.4 (0.4)

1.6-3.2

Divorced

11.4 (0.6)

10.2-12.3

Widowed

9.2 (0.6)

8.0-10.4

Separated

1.6 (0.3)

1.0-2.7

Never married

20.7 (1.3)

18.1-23.4

<20,000

21.1 (1.2)

18.7-23.5

20,000 to 35,000

13.2 (0.8)

11.6-14.8

35,000 to <50,000

15.2 (1.1)

13.0-17.3

50,000 to <75,000

19.4 (1.2)

17.0-21.9

≥75,000

31.1 (1.2)

28.6-33.5

Employed

46.7 (1.6)

46.7-49.7

Unemployed

53.3 (1.6)

50.1-56.4

Yes

44.7 (1.6)

41.6-47.7

No

55.3 (1.6)

52.3-58.4

31.1 (19.1)

30.7-31.4

Age groups (years), % (SE)

Gender, % (SE)

Education level, % (SE)

Race or ethnicity, % (SE)

Marital status, % (SE)

Household yearly income (US $), % (SE)

Employment status, % (SE)

Smoked at least 100 cigarettes, % (SE)

BMI, mean (SE)
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Value

95% CI

Excellent

5.5 (0.6)

4.4-6.6

Very good

28 (1.5)

25.0-30.9

Good

42 (1.5)

38.9-45.0

Fair

20.3 (1.3)

17.9-22.8

Poor

4.3 (0.6)

3.1-5.4

Yes

33.7 (1.4)

31.0-36.4

No

66.3 (1.4)

63.6-69.0

Yes

15.8 (1)

13.8-17.7

No

84.2 (1)

82.3-86.2

Yes

27.8 (1.3)

25.4-30.3

No

72.2 (1.3)

69.7-74.6

General health, % (SE)

Diabetes, % (SE)

Heart condition, % (SE)

Depression, % (SE)

Ownership and Use of Electronic Devices
In the hypertensive subpopulation, the distribution of ownership
of electronic devices was as follows: smartphones (69.4%);
tablets (54.7%); and basic cellphones (21.8%; Table 2). Almost
three-quarters (74%) had accessed the internet; however, lower
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proportions used their smartphones or tablets to achieve
health-related goals (36.1%) and sent or received SMS text
messages to or from their health care professionals (30%). Only
one-third (33.6%) of the hypertensive population communicated
electronically with their doctor or doctor’s office through email
or the internet.
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Table 2. Design-adjusted proportions for ownership and use of mobile health (mHealth) electronic devices among the hypertensive population (sample
size=3045; estimated population size=183,285,150).
Variable and category

Value, n (%)

SE (%)

95% CI (%)

Yes

39,974,491 (21.81)

1.10

19.65-23.96

No

143,310,659 (78.19)

1.10

76.04-80.35

Yes

127,108,252 (69.35)

1.36

66.69-72.01

No

56,176,898 (30.65)

1.36

28.00-33.31

Yes

100,183,663 (54.66)

1.44

51.84-57.48

No

83,101,487 (45.34)

1.44

42.52-48.16

Yes

135,631,011 (74)

1.30

71.44-76.56

No

47,654,139 (26)

1.30

23.44-28.56

Yes

74,395,442 (40.59)

1.76

37.15-44.04

No

108,889,708 (59.41)

1.76

55.96-62.85

Yes

62,738,507 (34.23)

1.97

30.36-38.09

No

120,546,643 (65.77)

1.97

61.91-69.64

Technology access and use
Have only basic cellphone

Have smartphone

Have tablet

Use internet

Have health apps

Technology-related health behaviors
Make health treatment decision with mHealth

Discuss with health provider with help of tablet or smartphone
Yes

61,730,439 (33.68)

1.51

30.72-36.64

No

121,554,711 (66.32)

1.51

63.36-69.28

Used other devices apart from tablet and smartphone to monitor or track health
Yes

76,154,980 (41.55)

1.25

39.10-44.01

No

107,130,170 (58.45)

1.25

55.99-60.90

Shared health information from electronic device, tablet, or smartphone with health provider
Yes

38,838,123 (21.19)

1.02

19.19-23.19

No

129,875,857 (70.86)

1.42

68.07-73.64

Not applicable

14,571,170 (7.95)

0.88

6.23-9.68

Electronic communication with doctor or doctor’s office via email or internet
Yes

61,620,467 (33.62)

1.33

31.02-36.22

No

121,664,683 (66.38)

1.33

63.78-68.98

Yes

66,165,939 (36.1)

1.60

32.96-39.25

No

117,119,211 (63.9)

1.60

60.75-67.04

Dependent variables
Achieve health goal with tablet or smartphone

Sent or received an SMS text message from the doctor
Yes

55,022,202 (30.02)

1.40

27.27-32.78

No

128,262,948 (69.98)

1.40

67.22-72.73
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Use of Tablet or Smartphone to Achieve
Health-Related Goals
In the full model predicting achieving health-related goals with
the help of tablet or smartphone, age, gender, marital status,
ownership of basic cellphones, having a health-related wellness
app, making health treatment decisions with mHealth, using
devices other than tablets or smartphones to monitor or track
health, and having a discussion with health care provider with
the help of tablet or smartphone were significant predictors
(Figure 1). In terms of the impact on the odds of achieving
health-related goals with the help of tablet or smartphone,
increasing age decreased the odds (35-49 years, odds ratio [OR]
0.41, 95% CI 0.18-0.91; 50-64 years, OR 0.17, 95% CI
0.08-0.38; 65-74 years, OR 0.11, 95% CI 0.04-0.29; >75 years,
OR 0.07, 95% CI 0.02-0.19), being a woman increased the odds
(OR 1.69, 95% CI 1.06-2.68), being married (OR 2.28, 95% CI
1.17-4.47) or previously married (OR 2.39, 95% CI 1.09-5.25)
increased the odds, having a basic cellphone (OR 0.43, 95% CI
0.21-0.87) decreased the odds, having a wellness app (OR 8.70,
95% CI 5.81-13.04) increased the odds, making health decisions
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with mHealth (OR 1.77, 95% CI 1.06-2.94) increased the odds,
tracking health with other devices (OR 2.73, 95% CI 1.46-5.12)
and having discussion with the provider (OR 1.96, 95% CI
1.22-3.17) using tablet or smartphone increased the odds. Age,
female gender, being married or previously married were also
significant predictors of achieving health-related goals with the
help of a tablet or smartphone when we accounted for only
demographic variables (Multimedia Appendix 1). The reference
categories for categorical predictors showed in Figure 1 include:
age, 18-34 years; gender, male; education level, less than high
school; race or ethnicity, non-Hispanic White; marital status,
never married; household income, ≥US $75,000; employment
status, unemployed; smoking, yes response; health status, fair;
and other variables, no response. Also note the full expansion
of the abbreviated variables in the figure as follows: Shared
health device information: shared health information from
electronic devices, smartphones, or tablets with health care
providers; Other device track health: used other devices apart
from tablet or smartphone to track health; Discuss with HCP:
discuss with health care providers with the help of tablets or
smartphones.
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Figure 1. Full model with design-adjusted estimates of odds ratios for achieving health-related goal with the help of a tablet or smartphone among the
hypertensive population (P values: a.001, b.01, c.05). HCP: health care provider; mHealth: mobile health.

Use of Tablet or Smartphone to Communicate With
Health Care Provider Through Text Messaging
In the full model predicting send or receive SMS text messages
to or from a health care professional in the last 12 months,
electronic communication with the doctor or doctor’s office via
email or internet (OR 2.93, 95% CI 1.85-4.63) and having
health-related wellness apps (OR 1.82, 95% CI 1.16-2.86) were
the only significant predictor variables (Table 3). Individuals
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who used a computer, smartphone, or other electronic means
to use email or the internet to communicate with a doctor or
doctor’s office in the past 12 months had 193% higher odds of
sending or receiving SMS text messages from a health care
professional in the last 12 months than those who did not. Those
with health-related wellness apps had 82% higher odds of
sending or receiving text messages from a health care
professional in the last 12 months than those who did not. No
other covariates were found to be statistically significant.
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Table 3. Full model with design-adjusted estimates of odds ratios for sending or receiving text message from health care provider in the last 12 months
among the hypertensive population (sample size=3045; estimated population size=183,285,150).
Predictor and category

Odds ratio (95% CI)

SE

P value

35-49

2.22 (0.75-6.58)

0.55

.17

50-64

1.56 (0.54-4.53)

0.55

.43

65-74

1.48 (0.45-4.84)

0.61

.53

≥75

1.55 (0.43-5.59)

0.66

.52

1.20 (0.83-1.74)

0.19

.36

High school graduate

0.84 (0.37-1.87)

0.41

.67

Some college

0.68 (0.30-1.52)

0.42

.36

College graduate or more

0.61 (0.24-1.54)

0.47

.31

Non-Hispanic Black or African American

0.75 (0.43-1.31)

0.29

.33

Hispanic

0.90 (0.47-1.74)

0.34

.77

Non-Hispanic Asian

0.67 (0.23-2.06)

0.57

.495

Non-Hispanic other

1.57 (0.37-6.74)

0.74

.55

Married

1.37 (0.68-2.77)

0.36

.39

Previously married

1.54 (0.65-3.65)

0.44

.35

<20,000

0.50 (0.22-1.15)

0.42

.13

20,000 to <35,000

0.55 (0.31-0.98)

0.29

.06

35,000 to <50,000

0.63 (0.34-1.16)

0.31

.16

50,000 to <75,000

0.82 (0.54-1.25)

0.22

.37

0.80 (0.44-1.43)

0.30

.46

1.21 (0.87-1.68)

0.17

.28

Very good

1.17 (0.66-2.09)

0.29

.60

Good

1.28 (0.79-2.09)

0.25

.33

1.00 (0.96-1.03)

0.02

.78

1.05 (0.69-1.60)

0.21

.82

1.04 (0.66-1.63)

0.23

.88

1.19 (0.70-2.05)

0.28

.53

Age groupa (years)

Genderb
Female
Education levelc

Race or ethnicityd

Marital statuse

Household yearly incomef (US $)

Employment statusg
Employed
Smoked at least 100 cigarettesh
No
i

Health status

BMI
j

Diabetes
Yes

Heart conditionj
Yes
Depressionj
Yes
Have smartphonej
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Odds ratio (95% CI)

SE

P value

1.53 (0.62-3.80)

0.46

.37

1.08 (0.68-1.74)

0.24

.75

0.79 (0.35-1.77)

0.41

.57

1.82 (1.16-2.86)

0.23

.02

1.31 (0.84-2.04)

0.23

.26

0.22

.94

0.22

.40

Have tabletj
Yes
Have basic cellphonej
Yes
Have health apps

j

Yes
Make treatment decision with mobile healthj
Yes

Discuss with health provider with help of tablet or smartphonej
Yes

0.98 (0.64-1.51)

Used other devices apart from tablet and smartphone to monitor or track healthj
Yes

1.20 (0.79-1.84)

Shared health info from electronic device, tablet, or smartphone with health providerj
Yes

1.62 (1.02-2.56)

0.23

.06

Not applicable

0.74 (0.22-2.49)

0.62

.64

0.23

<.001

Electronic communication with doctor or doctor’s office via email or internetj
Yes
a

2.93 (1.85-4.63)

Reference category: 18 to 34 years.

b

Reference category: Male.

c

Reference category: Less than high school.

d

Reference category: Non-Hispanic White.

e

Reference category: Never married.

f

Reference category: ≥US $75,000.

g

Reference category: Unemployed.

h

Reference category: Yes response.

i

Reference category: Fair.

j

Reference category: No response.

Notably, in the model with only demographics, annual
household income was the only significant predictor of sending
or receiving SMS text messages to or from a health care
professional in the last 12 months (Multimedia Appendix 2).
Compared with the subpopulation with yearly household income
of ≥US $75,000, the odds of sending or receiving SMS text
messages from health care professionals in the last 12 months
decreased by 40.0%, 50.7%, 64.7%, and 74.0%, respectively,
among those with US $50,000 to <US $75,000 (OR 0.60, 95%
CI 0.41-0.87; P=.01); US $35,000 to <US $50,000 (OR 0.49,
95% CI 0.28-0.88; P=.03); US $20,000 to <US $35,000 (OR
0.35, 95% CI 0.20-0.61; P=.001); and <US $20,000 (OR 0.26,
95% CI 0.13-0.51; P<.001) household incomes. The
design-adjusted Wald test indicated that household income
remained a significant predictor of sending or receiving SMS
text messages to or from a health care professional (F4,23=4.92,
P=.005).
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Discussion
Principal Findings and Implications
The purpose of this study was to identify predictors of using a
smartphone or tablet to achieve health goals and SMS text
messaging communication with health care professionals among
individuals with hypertension. Most of the hypertensive
population have a smartphone, and just over half have tablets.
We found that the likelihood of using a smartphone or tablet to
achieve health-related goals significantly decreased with
increase in age and ownership of a basic cellphone. The use of
smartphones or tablets to achieve health-related goals was,
however, statistically significantly positively associated with
being a woman, being married or previously married, having a
health-related wellness app, making health treatment decisions
with mHealth, using devices other than tablets or smartphones
to monitor or track health, and having a discussion with a health
care provider with the help of a tablet or smartphone. Sending
or receiving SMS text messages to or from a health care provider
J Med Internet Res 2022 | vol. 24 | iss. 1 | e33188 | p.1376
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was statistically significantly positively associated with previous
electronic communication with the doctor or doctor’s office by
email or internet and having a health-related wellness app.

could be increased by making them more affordable and
accessible, and insurance coverage of such technology is likely
necessary for the widespread adoption of telemonitoring of BP.

Achieving health-related goals with the help of a tablet or
smartphone usually involves having a health-related app
installed on a smartphone or tablet [29]. Therefore, it is not
surprising that age was a significant predictor of achieving
health-related goals with the help of a tablet or smartphone,
with the odds decreasing as age increases. This may be because
younger people are more likely to have smartphones, tablets,
and health-related apps [10,18]. Studies have shown that older
adults can use technology if they understand the benefits that
they can get from such use [30-32]. Health care providers can
recommend that older patients use their smartphones and tablets
to achieve health goals and encourage more use. Our findings
among people with hypertension in younger age and female
gender as significant predictors of achieving health-related goals
with the help of a tablet or smartphone agree with another
HINTS study [19] among respondents with one or more chronic
diseases, which found that respondents aged 65 years had lower
odds compared with those aged between 18 and 34 years,
whereas women had higher odds compared with men for
tracking the progress of health-related goals with their tablet or
smartphone. They also found that those with health-related apps
have higher odds of tracking the progress of health-related goals
with their tablet or smartphone than those who do not have the
app, which agrees with our findings as well. However, their
findings showed that being employed increases the odds and
having good health status decreases the odds of tracking the
progress of health-related goals with tablets or smartphones,
which differ from ours, where employment and health status
were not associated with tracking health goals. The difference
in results could be because of the differences in the variables
included in the regression models, or it could also be because
their study was conducted among respondents with one or more
chronic diseases. Another HINTS study [20] on adult
respondents also found that the likelihood of achieving health
goals with the help of the mHealth app decreased with increasing
age.

Less than one-third of the hypertensive subpopulation sent or
received SMS text messages from their health care professionals.
Interestingly, annual household income was a significant
predictor of sending or receiving SMS text messages from a
health care professional while considering only demographic
variables, with the odds of sending or receiving SMS text
messages decreasing with lower household income. SMS text
messaging has been portrayed as a low-cost and common
resource that can be used to improve health care. It has been
shown to be effective in several intervention studies to improve
hypertension knowledge and behavior changes, such as
medication adherence and BP monitoring, leading to better BP
control [13-16]. In general, 2-way SMS text messaging
communication initiated by the health care provider keeps the
patient and provider in frequent communication and is more
effective in BP target attainment [14]. Our results show that the
advantages of SMS text messaging are not being fully used in
everyday life. One would think that SMS text messaging will
be widespread across all income levels as it is considered an
inexpensive option, but that is not the case. Advocacy for free
SMS text messaging phone subscriptions for lower income
patients with hypertension may increase the use of this
technology. It could also be that patients are not aware that they
can communicate with their health care professionals through
SMS text messaging or that the service is not offered by their
health providers. With adequate reimbursement, it behooves
health care providers to initiate SMS text messaging with their
patients so that they can both reap its advantages and free office
time, to some extent, for more acute or serious visits.

It was not surprising that those who own only basic cellphones
had lower odds of achieving health-related goals with the help
of a tablet or smartphone compared with those who did not,
because basic cellphones are not usually equipped with advanced
features to do that. The significance of making health treatment
decisions with mHealth, using devices other than a tablet or
smartphone to monitor or track health and having a discussion
with health care providers with the help of a tablet or smartphone
as predictors for achieving health-related goals with the help of
a tablet or smartphone buttresses the fact that people who are
already using a technology device are more likely to increase
their use than those who are not using a technology device. This
finding suggests that these groups of the hypertensive population
can also benefit from telemonitoring of BP. Health care
providers can play a role in creating awareness of these
resources and their usefulness among their patients. It is also
critical that payment reform adequately recognizes providers’
time in supporting the telemonitoring of BP. The number of
patients with hypertension using any of these technology devices
https://www.jmir.org/2022/1/e33188
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In the full model, electronic communication with the doctor or
doctor’s office and having a health-related wellness app were
significant predictors of sending or receiving SMS text messages
from a health care professional when we accounted for all
covariates. This shows that those already in communication
with their health care providers are more likely to continue even
if there is a change in the communication channel. The
significance of having a health-related wellness app suggests
that those who are already doing a form of self-monitoring are
more likely to communicate with their health care provider via
SMS text messaging. These findings are important because the
impact of demographic characteristics such as age, gender, and
income was not statistically significant. This suggests that all
individuals, not just the young or those with higher incomes,
for example, should be targeted to use remote BP monitoring.
An essential first step may be the first electronic communication
with the doctor or doctor’s office, including email, electronic
health portal messaging, or phone SMS text messaging. Having
a health-related wellness app predicted both using a tablet or
smartphone to achieve health goals and communication with a
health care provider through SMS text messaging. These
findings underscore the importance of these technology apps
in improving health and the importance of the willingness of
the patients to be more involved in their care through technology
use. Health care systems could offer user-friendly health-related
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wellness apps to patients on a secure platform to boost patient
trust and increase uptake.

Study Limitations
Our study results are limited by the cross-sectional nature of
the data, and the subpopulation used is based on self-reported
hypertension. However, our robust analytic approach, which
accounts for the HINTS sampling design, is positive. We also
may not have accounted for all factors needed to predict the
dependent variables because we used secondary data.

Future Studies
Effective engagement with health technology requires patients
to have some eHealth literacy [33]. eHealth literacy expresses
a person’s understanding of the knowledge, skills, and resources
needed to properly use health technology services. Future
research should consider how factors, such as the eHealth
literacy status of the patients or health care resources available
to the patients are associated with the use of tablets or
smartphones to achieve health goals and communicate with a
health care provider through SMS text messaging in patients
with hypertension. For example, mobile SMS text messages

Eze et al
aimed at controlling child dental caries among parents with low
eHealth literacy led to improvements in health outcomes and
an increase in parental eHealth literacy in the intervention group
at 6 months [34]. Further studies are required to understand how
these predictors correlate with objective BP control and
patient-provider communication preferences among patients
with hypertension.

Conclusions
The use of mHealth to achieve health goals and communicate
with health care professionals by patients with hypertension is
significantly associated with having health-related wellness
apps. Achieving health goals is also associated with
demographics, such as age, gender, marital status, technology
access, and other technology-related behaviors. Communication
with health care providers through SMS text messaging is
associated with previous electronic communications with the
doctor or doctor’s office. It is essential to consider these factors
in tandem when planning telemonitoring for patients with
hypertension. Measures accounting for these factors are required
to increase smartphone and tablet use and their benefits in the
routine care of patients with hypertension.
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Abstract
Background: General practitioners (GPs) care for a large number of patients with various diseases in very short timeframes
under high uncertainty. Thus, systems enabled by artificial intelligence (AI) are promising and time-saving solutions that may
increase the quality of care.
Objective: This study aims to understand GPs’ attitudes toward AI-enabled systems in medical diagnosis.
Methods: We interviewed 18 GPs from Germany between March 2020 and May 2020 to identify determinants of GPs’ attitudes
toward AI-based systems in diagnosis. By analyzing the interview transcripts, we identified 307 open codes, which we then
further structured to derive relevant attitude determinants.
Results: We merged the open codes into 21 concepts and finally into five categories: concerns, expectations, environmental
influences, individual characteristics, and minimum requirements of AI-enabled systems. Concerns included all doubts and fears
of the participants regarding AI-enabled systems. Expectations reflected GPs’ thoughts and beliefs about expected benefits and
limitations of AI-enabled systems in terms of GP care. Environmental influences included influences resulting from an evolving
working environment, key stakeholders’ perspectives and opinions, the available information technology hardware and software
resources, and the media environment. Individual characteristics were determinants that describe a physician as a person, including
character traits, demographic characteristics, and knowledge. In addition, the interviews also revealed the minimum requirements
of AI-enabled systems, which were preconditions that must be met for GPs to contemplate using AI-enabled systems. Moreover,
we identified relationships among these categories, which we conflate in our proposed model.
Conclusions: This study provides a thorough understanding of the perspective of future users of AI-enabled systems in primary
care and lays the foundation for successful market penetration. We contribute to the research stream of analyzing and designing
AI-enabled systems and the literature on attitudes toward technology and practice by fostering the understanding of GPs and their
attitudes toward such systems. Our findings provide relevant information to technology developers, policymakers, and stakeholder
institutions of GP care.
(J Med Internet Res 2022;24(1):e28916) doi:10.2196/28916
KEYWORDS
artificial intelligence; AI; attitude; primary care; general practitioner; GP; qualitative interview; diagnosis; clinical decision
support system
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Introduction
Overview
As artificial intelligence (AI) enabled systems have surpassed
human performance in different aspects of economy and society,
the increasing technological maturity and widespread
applicability of such systems is leading to skyrocketing
expectations [1]. The technological progress in various fields
such as machine learning, robotics, big data analytics, decision
support systems (DSSs) as well as the ubiquity and availability
of data and the prevalence of information systems (ISs) are
opening previously unavailable value creation potentials [2-5].
We understand AI as a set of value-adding technological
solutions that use self-learning algorithms to perform cognitive
tasks at a level comparable with that of humans [6]. Various AI
solutions that provide decision support typically associated with
human cognition are emerging and hold the potential to reshape
the nature of work [1,7-9]. Thus, AI is also a promising approach
for the health care domain [10]. AI and related technologies,
such as big data analytics and DSSs, are distinct phenomena
with important conceptual differences; however, some of the
underlying technologies might overlap. In health care, AI
technology advances health information technologies such as
clinical DSSs (CDSSs). These systems assist medical
professionals in tasks related to medical decision-making [11],
such as diagnosis, prescription, or the prevention of medication
errors [12,13]. Among others, typical functions are alerts,
reminders, and recommendations [14,15].
There are two forms of CDSSs in health care: knowledge-based
systems and non–knowledge-based systems. Knowledge-based
systems match their knowledge base with individual patient
characteristics and make decisions based on preformulated rules
[16,17]. As such, knowledge-based CDSSs are designed to
inform skilled actors. That is, to provide actors in the health
care system, for example, physicians, with relevant information
to comprehend internal and external structures and processes.
On the other hand, non–knowledge-based CDSSs use AI
technologies, which eliminate the writing of rules and the need
to follow expert medical input. This integration of AI technology
allows the CDSSs to learn from experience and find patterns in
medical data [18]. Hence, the vision of AI is to enable systems
to be on human-level intelligence. Here, intelligence refers to
an agent’s ability to achieve goals in a wide range of
environments [19,20] and goes beyond the mere preparation of
information. Instead, AI highlights the ambition to develop
artificial agents that are able to learn, decide, and act
autonomously [9,21].
AI-enabled systems have already successfully entered various
subdisciplines of health care, such as image recognition,
diagnosis, and precision medicine [10]. Most AI-enabled
systems have immediate relevance in health care and several
potentials for value creation, such as higher efficiency and
accuracy in diagnosis and lower error rates [22-24].
Furthermore, AI-enabled systems are more enduring in repetitive
tasks than humans, thus enhancing cost-efficiency [25].
Regarding these promised benefits, AI-enabled systems have
particular potential in the field of primary care. General
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practitioners (GPs) serve as the first point of medical contact
and therefore must diagnose with high levels of uncertainty and
under high time pressure. For instance, in Germany, primary
care is one of the most frequently used health care services,
leading to an average physician–patient contact time of 7.6
minutes [26]. Moreover, GPs are responsible for the initial
diagnosis, thus setting the direction for whether a patient
receives the right care. Misdiagnosis in this early stage of
diseases can have severe impact on medical quality in terms of
injuries, avoidable illnesses, hospitalizations, and in 10% of
cases, death [27,28]. Besides the potentially tragic individual
consequences, such misdiagnoses also increase the cost of care
[29].
To prevent these risks, the health care system depends on
innovative, reliant, and fast approaches to decision-making
processes in GP care [30]. Considered as an integrative system,
AI-enabled systems free up physicians’ time for more
sophisticated tasks [31]. Furthermore, AI-enabled systems can
ensure stronger physician–patient relationships [32], which is
especially valuable in GP care as it enables the therapeutic
benefit of improved continuity of care and more holistic and
individualized treatments [32]. In addition, AI-enabled systems
can reduce diagnostic errors, which are considered the greatest
threat to patient safety in GP care [33].
Although AI-enabled systems in primary care diagnosis are
gradually becoming feasible and useful, their widespread
implementation still remains a future scenario [10,34]. Among
others, reasons for the slowdown in adoption are the physicians’
lack of trust in [35,36] and acceptance of [16,37] AI-enabled
systems. These adoption barriers arise, for instance, from the
concern that AI-enabled systems might be trained with a
heterogeneous database owing to the diversity and individuality
of medicine, leading to biased or overadapted outcomes.
Overcoming these hurdles requires balancing the GP’s trust in
AI-enabled systems [35]. On one hand, developing trust in such
a system is beneficial to its adoption and use. On the other hand,
AI-enabled systems may bear risks when physicians blindly
rely on such systems’ suggestions and outcomes. Furthermore,
factors such as the anticipated threat to professional autonomy
and legal liabilities from using AI-enabled systems are hindering
factors, as known so far [38].
A key driver for successful implementation and uptake of
AI-enabled systems is the attitude of physicians. By discussing
our findings on GPs’ attitudes toward AI-enabled systems within
a facilitating context for practical implementation, we extend
the previous work of Blease et al [39], who recognized the
relevance of the topic and investigated the opinions of GPs
about the possible impact of AI on GP care.

The Construct of Attitude as Our Theoretical Lens
We understand attitude as a psychological tendency that
determines how GPs evaluate their favor or disfavor against
AI-enabled systems [40]. Following Rosenberg and Hovland
[41], the most widespread construct of attitude—the
3-component model—comprises the affective, cognitive, and
behavioral dimensions of attitude. First, the affective component
refers to the respondent’s emotional reaction to an attitude
object, including their empathy, preferences, and feelings.
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Second, a person’s thoughts and beliefs toward an attitude object
form the cognitive component, which includes the individual’s
idea, opinion, or knowledge of it [41]. Third, the behavioral
component rests on the attitude behavioral consistency
assumption, described as the extent to which an attitude predicts
a behavior, including the willingness or intention to act to deal
with an object [41,42]. Overall, the attitude construct assumes
a consistent and dependent relationship among the affective,
cognitive, and behavioral components, suggesting that a change
in one component leads to changes in the other components
[41].
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However, researchers acknowledge that behavioral intention
(ie, the behavioral component) does not always correspond to
the feelings (ie, the affective component) and opinions (ie, the
cognitive component) [42]. This challenges the behavioral
component as an integral part of the attitude construct. Thus,
the 2-component model of attitude was developed based on this
critique (Figure 1) [43]. According to this model, attitude
consists of an affective and a cognitive component that
simultaneously form the behavioral intention, which—in
turn—explains a de facto behavior [44].

Figure 1. The 2-component model of attitude [44,45].

Extant work describes behavioral intention as the mediator in
the relationship between attitude and behavior [46,47]. Thus,
it is assumed that the stronger the intention, the higher the
likelihood of the behavior occurring [48]. According to the
principle of compatibility, behavior is only predicted by attitude
to the extent of both being on the same level of specificity or
generality regarding their objective, context, and time elements
[49]. However, regardless of the intensity of influence, there is
broad agreement that attitude fosters behavioral intention [50].
Drawing on its relevance to users’ subsequent intentions and
behavior, we use the attitude construct to foster our
understanding of how to better exploit AI-enabled systems’
potential in GP care and promote their future use.
Different quantitative studies have investigated the relationship
between attitude and the intention to use AI-enabled systems,
for example, regarding medical students [51,52]. In this context,
research theories such as the unified theory of acceptance and
use of technology (UTAUT) and the theory of reasoned action
find application. These established approaches of technology
acceptance research, originating in social psychology, primarily
focus on users’ intentions [48,53-55]. However, these
approaches do not provide a comprehensive understanding of
GPs’ attitudes toward AI-enabled systems, as they use abstract
constructs and variables and do not capture detailed, even
emotionally based, and spontaneous responses from the potential
users [56]. However, apart from this, there is a more important
criterion why we chose not to use these models for our study.
GPs rarely use AI-enabled systems so far [34], so research in
this respect considers a rather hypothetical use scenario than
actual use. Investigating the intention to use, which is a direct
determinant of the actual use according to UTAUT, is therefore
not feasible as the possible system features and functions are
not yet available. Nevertheless, it is possible to look at the
underlying attitude toward the technology, which exists outside
the de facto experience of use.

Goal of This Study
Despite the relevance of AI technologies in the health care
sector, a profound understanding of GPs’ attitudes toward
https://www.jmir.org/2022/1/e28916
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AI-enabled systems and their underlying determinants is still
lacking. Therefore, the purpose of this study is to investigate
which determinants influence GPs’ attitudes toward AI-enabled
systems in diagnosis. We see this as an important step in
developing user-centered solutions, which will positively affect
the intention to use and support the successful introduction of
AI-enabled systems in primary care.

Methods
Data Collection
To identify the determinants of GPs’ attitudes toward AI-enabled
systems in diagnosis, in-depth insights are vital. Following the
interpretative paradigm, qualitative methods were used to obtain
an understanding of individuals’ technological attitudes in the
medical context [57]. Thus, we did not prescribe and narrow
the phenomenon to only the testing of variables but emphasized
the complexity of human understanding and behavior [58].
Data collection followed an interplay of continuous and iterative
matching steps of sample selection (recruiting of participants),
interview guideline creation (and improvement), data collection
(interview conduction), data analysis (transcription and coding),
and revision of the process steps. As the iterative process and
constant comparison make it challenging to provide a timeline
or sequence of these steps, it is reflected upon as a constant
effort in creating a comprehensive and growing understanding
of the participants’ attitudes, which are not always distinctively
observable [59,60]. In terms of saturation approaches, this study
emphasized the term conceptual depth proposed by Nelson [61],
whereby researchers cumulatively judge the sufficiency of depth
of understanding, thus allowing for incremental development.
Following Schultze and Avital [60], the choice of
semistructured expert interviews allowed focusing on the
research topic while also providing in-depth information [62].
This approach offered a modular structure through which the
participants could access and reflect upon their experiences and
perceptions regarding AI-enabled systems. We derived
overarching interview topics from the given practical research
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objective and through reflective discussions within the author
team, resulting in the exploratory interview questions. The
4-phase process to interview protocol refinement, proposed by
Castillo-Montoya [63], served as a basis for developing the
interview guideline, including pretesting the first version of the
interview guideline with three volunteers: a health economist,
a nurse, and a physician. The first version of the interview guide
addressed the topics of personal experiences, assessments of
perceived diagnostic support, design requirements, and
motivations for the use of AI-enabled systems in a broader
perspective. It underwent 9 iterations, receiving more detailed
and tailored questions about the research topic with each
interview. The final interview guideline (Multimedia Appendix
1) was designed to question the participants on their
understanding of AI-enabled systems and provide this paper’s
literature-based definition, aiming toward a shared understanding
of AI-enabled systems and comparable interview results. Owing
to the nature of the semistructured interviews, the results were
not limited to collecting attitude determinants. In addition, this
approach allowed us to capture insights into GP care’s
challenges and special characteristics, which contributed to a
profound understanding of the determinants of attitudes in the
medical context.
The interviews took place both in person and via phone and
anonymity was guaranteed to all participants within the study.
As face-to-face interviews create a trusting and comfortable
atmosphere and enable more detailed information on
participants’ feelings and attitudes, the interviewers preferred
them for data collection [64]. With the participants’ consent,
audio recording and transcription was performed to allow
thorough data analysis by using a software program for
qualitative and mixed methods data analysis, named MAXQDA
2020 (VERBI GmbH).

Data Analysis
For analyzing the interview transcripts, grounded theory analysis
techniques were applied. As stated by Glaser [65], the traditional
grounded theory methodology (GTM) seeks to develop a
conceptual theory that depicts a relevant or problematic behavior
pattern (here, GPs’ attitudes toward AI-enabled systems in
diagnosis). GTM focuses on behavioral aspects where attitude
behaves as an antecedent and is therefore equally suitable for
application. Applying the GTM approach allowed to handle the
unstructured qualitative data sets, discover relevant categories
and relationships among them, and contextualize and interpret
them [66]. According to GTM, the analysis begins with the first
collected data set, as the experiences with the first interview
process already influence the researcher and thus the upcoming
interviews. In the interview process, participants’ responses and
clarified check-backs were closely scrutinized and documented
[67]. This knowledge about misconceptions was considered in
the iterative development of the interview guidelines.
Furthermore, it allowed the clarification and precise alignment
of the research question [66].
The interview data were paraphrased into relevant bits (open
coding) in line with the 3-step Straussian approach for coding
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(open, axial, and selective coding). Thus, the first step consisted
of an initial and careful reading of the interview transcripts,
highlighting any phrases that may have proven to be relevant
to the research topic. Over the course of data analysis, 307 open
codes emerged. Following the Glaser and Strauss [68]
specifications, the codes were further examined and paraphrased,
merging those with common themes into concepts. Thus, we
assigned special value to the wording of and syntactical
differentiation among expressions. After comparing the
allocation of the concepts, they were merged into categories.
Moreover, the relationships among them were identified, which
refers to the axial coding step. By setting all elements in relation
to one another, the core category attitude determinants was
distinguished from other categories (selective coding) [66]. In
line with GTM, the 3 coding steps followed a flexible and
iterative process instead of a fixed sequence [68].
For enhanced validity of the coding results, 2 authors (JH and
ED) performed card-sorting allocation. Thus, the open codes
and concepts identified by 1 author (JH) in the first round served
as the foundation for the second author (ED) but in an
unmatched format. The second author conducted a blind
card-sorting round with this groundwork and commented on
the constructs and documented challenges that arose in the
allocation of open codes to a specific construct. This second
author further added open codes that were not initially identified
during the process. In case of deviations in matching open code
to constructs between the 2 authors, the entire research team
discussed the said allocations. An agreement was found in all
cases of card-sorting deviations. Furthermore, in all coding
rounds, the authors iteratively discussed the constructs’
abstraction levels and their various definitions and revisited
their coding results for adjustments, which the literature refers
to as constant comparison method [66]. Whenever the authors
gained new insights from their constant comparison and
iterations, they repeated the open coding steps for all the
interview sets backward and forward.

Results
Descriptive Results and Study Population
We interviewed 18 GPs from Germany between March 2020
and May 2020, selecting them via convenience sampling [69].
Thereby, we contacted 110 physicians within the geographic
reach of the research team via mail and further relied on personal
network contacts. In addition, we asked the acquired participants
for the contact information of other colleagues who might be
interested in participation. All participants had at least 1 year
of work experience in GP care [69]. Of the 18 GPs, 7 (39%)
were situated in urban areas with a range of 75,000-127,000
inhabitants, whereas 11 (61%) participants were situated in rural
and small-town areas with a range of 3200-23,000 inhabitants.
For a more accurate evaluation of the participants’ statements
in light of relevant demographic and structural data, individual
characteristics of the participating GPs and descriptive
characteristics of our data collection are shown in Table 1. We
further report the specifics of the interview lengths and styles.
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Table 1. Descriptive characteristics of the participants and the data collection (N=18).
Participant number
c

a

Age (years)a

Gender

Working situation
d

Interview duration (minutes)b

Interview style

27

In person

GP 1

70

Female

JP

GP 2

51

Male

JP

28

In person

GP 3

50

Male

JP

31

Via phone

GP 4

41

Male

JP

22

In person

GP 5

52

Female

JP

36

In person

e

GP 6

50

Female

—

—

—

GP 7

50

Female

JP

23

Via phone

GP 8

36

Female

JP

25

In person

GP 9

45

Female

JP

23

Via phone

GP 10

58

Male

JP

46

In person

f

30

Via phone

GP 11

38

Male

IP

GP 12

44

Female

JP

35

Via phone

GP 13

52

Male

JP

60

Via phone

GP 14

43

Female

JP

25

Via phone

GP 15

40

Male

GPCg

29

Via phone

GP 16

34

Female

IP

40

In person

GP 17

47

Male

JP

23

Via phone

GP 18

51

Male

IP

44

Via phone

Mean age is 47.33 (SD 8.31) years.

b

Mean interview duration is 30.38 (SD 10.06) minutes.

c

GP: general practitioner.

d

JP: joint practice.

e

GP 5 and GP 6 participated in the interview together.

f

IP: individual practice.

g

GPC: general practitioner center.

Three-Step Coding Results
Overview
We describe the 5 categories and 21 concepts that determined
our GPs’ attitudes toward AI-enabled systems as derived from
our qualitative data sets. Our baseline for considering the attitude
determinants was the AI literacy level among the participants.
Long and Magerko [70] defined AI literacy “as a set of
competencies that enables individuals to critically evaluate AI
technologies; communicate and collaborate effectively with AI;
and use AI as a tool on the web, at home, and in the workplace.”
Hence, the identified attitude determinants depend on the
participants’ statements and their knowledge regarding
AI-enabled systems, irrespective of whether this knowledge is
true to facts. Most participants had poor AI literacy in the data
set and had not yet interacted with AI-enabled systems. For
example, the self-learning ability of AI-enabled systems was
known to only 33% (6/18) of the respondents. Although these
6 GPs were familiar with this AI technology component, they
often did not fully understand what AI is. For example, GP 3
mentioned the following:
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In the end, every time I turn on a computer, I use
artificial intelligence. [Participant 3]
Only 22% (4/18) of the GPs had experience with AI-enabled
systems and only 50% (2/4) of them explicitly mentioned having
used it in their GP work. In answering the question of why GPs
had not had experiences with AI-enabled systems, the
participants gave 3 explanations. First, they said they did not
know about any AI-enabled tools for the GP sector (interview
15). Second, they did not see the necessity to use AI-enabled
systems (interview 9). Third, is a general aversion toward the
use of technology in medicine (interview 8). Although most
participants had not had contact with AI-enabled systems, most
GPs agreed on the role of the AI-enabled system in GP care in
the future. A participant said the following:
You cannot decide against [AI technology] because
it will come. Because without [AI technology]
[diagnosis] is not possible. [Participant 1]
The participants associated expected time effort with the use of
AI-enabled systems in routine diagnoses owing to the necessary
AI technology integration into an established and effortless
routine process. Therefore, the participants limited the scope of
its application to cases of rare diseases and to cases in which
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(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
the physicians could not reach a diagnosis without additional
help (interview 8).
When grouping the statements, we paid particular attention to
the wording and syntactic differentiation that the physicians
used in their answers. The interview data revealed 5 main
categories that summarize the influencing determinants of GPs’
attitudes toward AI-enabled systems in diagnosis. When we
raised questions on potentially using AI-enabled systems in

Buck et al
clinical practice, the GPs had various concerns and expectations.
In addition, we found that the environmental influences and
certain individual characteristics influenced their attitudes.
Whenever GPs stated that AI-enabled systems must meet certain
requirements for them to consider using it, we categorized them
as minimum requirements of AI-enabled systems. Table 2 shows
an overview of all the categories and concepts, which is followed
by a description of the determinants, as supported by interview
quotes.

Table 2. Overview of the categories and concepts.
Determinants of attitudes toward AIa-enabled systems and concepts

Open codes in each concept

Concerns

57

Existential anxiety

12

Change of the physician–patient relationship

7

Misuse of data

14

Diagnostic bias

24

Expectations

112

Diagnostic quality

35

Diagnostic efficiency

19

Legal liability

4

Lack of human competencies

43

Time expenditure

11

Environmental influences

37

Changing working conditions

8

Stakeholder influences

13

Media

12

Information technology infrastructure

4

Individual characteristics

17

Age

11

Affinity with technology

6

Minimum requirements of AI-enabled systems

a

Open codes in each category

84

Time efficiency

40

Diagnostic quality

15

Data security

10

Economic viability

12

Transparency

3

Autonomy

4

AI: artificial intelligence.

Concerns
Overview
Concerns include all doubts and fears concerning AI-enabled
systems. Overall, this category consists of four concepts: (1)
existential anxiety, (2) change of the physician–patient
relationship, (3) misuse of data, and (4) diagnostic bias.
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Existential Anxiety
Half (9/18, 50%) of the participants expressed existential anxiety
connected with AI-enabled systems as they perceive that this
technology can take over some of their tasks. GP 2 said the
following:
At one point, the own decision and the own expertise
threatens to be pushed into the background or to
become redundant. [Participant 2]
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GP 14 also perceived the threat of being replaceable by
AI-enabled systems and provided an example of an AI-enabled
system that has achieved higher diagnostic accuracy than
physicians. This concept included the fear of no longer being
useful and being replaceable by AI-enabled systems and the
worry of losing their unique status as physicians. A participant
said the following:

physician] as being in danger due to the increasing
use of such procedures. I find this very worrying.
[Participant 3]
Internet access makes the data accessible and renders the patient
and physician transparent, thus violating data privacy and
leading to serious consequences for patients. A participant
described it as follows:

Surely, many doctors probably see their unique
medical status endangered, that they are under the
surveillance of others, that they think there is a bit of
an attack on their own vanity. [Participant 12]

Patient data are very sensitive data. Disease data are
very sensitive data. [There is the risk that] they are
passed on somewhere, that some authorities who have
nothing to do with it or should have nothing to do
with it could intercept the data and use this to the
disadvantage of the patients. [Participant 11]
Thus, the physicians are concerned about the data being misused
by other stakeholders as supported by GP 4:

Change of the Physician–Patient Relationship
The participants mentioned that AI-enabled systems could
threaten the physician–patient relationship. Endangerment of
this relationship, which fundamentally defines GP care, further
compromises appropriate patient care (participant 3). As patients
could feel that the AI-enabled system performs the treatment,
the physicians assumed that the use of AI-enabled systems might
negatively impact the physician–patient relationship (participant
11). In this regard, a participant mentioned the following:
Since [the patient] has the feeling [...] that the
machine takes care of it and the doctor would only
have to put his signature under it. [Participant 11]
Participants mentioned the impairment of the physician–patient
conversation through the use of technology as threatening to
the physician–patient relationship. The concern is that, by using
AI-enabled systems during patient consultations, a GP cannot
devote all their attention to the patient sitting in front of them,
but instead must also focus on the screen to follow an
AI-enabled system’s recommendations. A participant
commented the following:
[The treatment] may drift off into a standardized
interview, and that’s probably not necessary.
[Participant 12]
GP 13 was concerned that AI-enabled systems would generally
reduce physician–patient contact, which is a core component
of GP care and is inevitable for successful treatment and patient
care. The potential endangerment of the physician–patient
relationship by the use of AI-enabled systems was also often
linked to misuse of data.
Misuse of Data
With the use of AI-enabled systems and the disclosure of both
the patients’ and physicians’ data, misuse of data is a key
concern and impacts GPs’ attitudes toward AI-enabled systems.
In this context, GP 3 saw the problem in the connection between
AI-enabled systems used in practice and the interconnectedness
between these systems and the internet:
[AI-enabled systems] are not stand-alone systems but
are networked, and [...] actually, work over the
internet with such simple things as voice recognition.
And in my view, this will change the doctor-patient
contact considerably. [...] I consider the fundamental
trust in the patient-physician-conversation [...] to be
a very important basis for our work. And I also see
[the trusting relationship between the patient and the
https://www.jmir.org/2022/1/e28916
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The problem is that large companies use AI to gain
access to lucrative patients and to control them via
AI. [Participant 4]
Further, GP 3 warned of the danger of pharmaceutical
companies programming AI-enabled systems for their purposes,
referring to medication proposals that are not medically
indicated but instead deliver a monetary benefit for the
producing company. They justified this concern with
experiences from working with other technologies (participant
3). This concept also summarizes physicians’ concerns about
being monitorable and controllable at work when using
AI-enabled systems. Owing to connection to the internet, GP
10 assumed that every step of physicians will be transparent
and can be monitored. However, the GPs did not explicitly
mention who would have interests in observing and controlling
them.
Diagnostic Bias
According to the participants, AI-enabled systems can cause
diagnostic bias, whereby the technology influences the GP’s
decision-making in ways that can negatively affect the course
and success of treatment. Once a GP has received suggestions
from an AI-enabled system, they may not consider further
possible diagnoses (participant 11). In this context, GP 8 spoke
of the fear of being put on a completely wrong track and the
likelihood that the AI-enabled system indicates a diagnosis that
does not fit and therefore leads a GP to mistreat the patient. A
frequent concern was that physician might become overreliant
on the technology, neglecting their own medical and
experience-based knowledge. Furthermore, the participants also
mentioned the risk of overexpansion of treatment services as
supported by participant 17:
The AI will recommend examinations that I would
personally put last, ie. it will possibly lead to so-called
device medicine, involving a lot of safeguard
diagnostics, which I consider to be quite questionable.
[Participant 17]

Expectations
Overview
Besides concerns, we also found expectations to be determinants
of GPs’ attitudes. This category reflects GPs’ thoughts and
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beliefs about AI-enabled systems’ expected benefits and
limitations regarding GP care. Although the expected benefits
had a positive connotation in the interview data (concepts
regarding diagnostic quality, diagnostic efficiency, and legal
liability), the expected limitations depicted a negative
perspective (concepts encompassing statements relating to a
lack of human competencies and time expenditure).
Diagnostic Quality
Diagnostic quality represents the expectation that AI-enabled
systems can improve the quality of care via more accurate and
precise diagnosis. It is GPs’ job to provide patients with the
best possible care, which is why the expected benefits of
AI-enabled systems positively influenced the GPs’ attitudes.
Especially in rare diseases, which GPs do not regularly treat,
the expectation from AI-enabled systems is an improvement of
diagnostic quality as AI-enabled systems can work with a larger
database than the human brain (participant 18). Thus, AI-enabled
systems should act as support or a backup for the physician, in
parallel or after a medical diagnosis. GP 12 assumed that
AI-enabled systems could assist GPs in the decision-making
process and thought that this would positively impact the
outcome quality:
But for rarer diseases, when it comes to making a
diagnosis; for example, a red skin spot that I can’t
classify at all, then it would be conceivable [...] to
reaffirm or reassure oneself [by means of AI].
[Participant 12]
Furthermore, the expectation from an AI-enabled system is that
it is more enduring than humans. Unlike a physician, an
AI-enabled system does not tire and its diagnostic quality does
not suffer from human-like, lower-concentration performance
during the course of a day. A participant said the following:
If AI is well programmed or if there are no failures
in it, then AI is more accurate than a person, who is
sometimes tired [and thus] makes bad decisions.
[Participant 2]
Diagnostic Efficiency
Besides the expected diagnostic quality, the participants stated
that an AI-enabled system’s ability to make rapid diagnoses is
a further expected benefit. We refer to this expectation as
diagnostic efficiency. GP 2 transferred the time advantages of
using AI-enabled systems to the area of image recognition and
expected AI-enabled systems to be 3 times faster than a
physician:
While a radiologist might manage 60 diagnostic
findings a day, the AI could work day and night and
deliver perhaps 180 or 200 findings. And if that
happens with similar quality, then [...] you could
examine many more patients than a human alone
could. [Participant 2]
On the basis of this benefit of AI-enabled systems, GP 14
expected the use of AI-enabled systems to influence disease
progression positively. In addition, GP 1 emphasized the
necessity of fast-working AI-enabled systems in the detection
of health threats:
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Now a completely new virus has appeared in China
or Japan, and to get ahead of it, you need artificial
intelligence which can detect [the virus] much faster.
[Participant 1]
Diagnostic efficiency included the GPs’ expectations regarding
physician support via AI-enabled systems, reducing the daily
workload by preselection (participant 7) and patient
prioritization (participant 13). This time-saving effort would
give GPs some relief and would allow them to concentrate on
more serious cases (participant 7).
Legal Liability
Legal liability included the expectation that AI-enabled systems
will give GPs legal backing. All decisions will be documented
using AI-enabled systems, allowing the providers to prove the
correct decision-making approach in a legal proceeding
(participant 12). Furthermore, the participants added the
assumption that AI-enabled systems could support the
physician’s choice of treatment. In this context, GP 13
mentioned the following:
[With] AI, you can then understand how [the
physician] came to a decision because AI said the
risk was 0.001. [Participant 13]
This was supported by the expectation of built-in legal protection
and shifting responsibility from the GP toward the AI-enabled
system (participant 4).
Lack of Human Competencies
Besides the above-mentioned positive determinants, the
following expectations depicted the perceived limitations of
AI-enabled systems. The expected lack of human competencies
in AI-enabled systems was mentioned with a high emphasis. It
included the GPs’ assumption that AI-enabled systems do not
have certain human competencies, which are, in fact, crucial
for adequate and appropriate treatment in GP care. The
respondents agreed that AI-enabled systems will not—some
said never—be able to have certain human competencies. In
this context, empathy (participant 5), intuition (participant 1),
gestures (participant 13), experience (participant 12), and clinical
reasoning ability (participant 3) were mentioned. These
competencies are important in GP care to collect all relevant
information to be able to provide optimal care. Of the 18
participants, 2 (11%) participants said the following:
There is something behind almost every illness that
makes [diagnosis] even more challenging. And if this
is not considered, it will not be possible to help a
patient comprehensively. And I think [AI] can
probably not do this. [Participant 5]
Experience can hardly be replaced by AI. Experience
and intuition. And empathy. This is just how I treat
people, to get something out of them. So, this is
something that defines a good physician and cannot
be replaced by AI. Empathy. [Participant 1]
Furthermore, describing and verbalizing much of the information
collected in GP care (such as mimics or gestures) is not always
possible. However, it is an essential data input for the proper
operation of any technology (participant 13). Participants
expressed that many patients just make an appointment to have
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some human interaction, for instance, lonely older patients. GP
15 explained this as follows:
My experience every day with patients is that they
want to be touched, and they want to look you in the
eyes. [Participant 15]
For them, AI-enabled systems seemed to be unable to fulfill
these needs. In the context of human competencies, GP 13
underlined AI-enabled systems’ limitations:
People are certainly beaten by [AI] in many ways.
But not in the emotional one. [Participant 13]
Time Expenditure
Time expenditure included the expectation that in most cases,
GPs would need more time for the decision-making process by
involving AI-enabled systems, because in routine cases, GPs
usually diagnose on their own within seconds. In this context,
participant 11 commented the following:
[...] in routine cases, [AI] would not be a time saver
for me. [Participant 11]
With AI-enabled systems, additional effort is expected by the
participants because they fear that data must be entered in the
documentation and fed into the AI-enabled system. GP 2
assumed additional time expenditure owing to a person’s need
to critically reflect on the results of the AI-enabled system.

Environmental Influences
Besides the 2 main categories, we also identified environmental
influences that influence GPs’ attitudes toward AI-enabled
systems. The summarized determinants include influences
resulting from an evolving working environment (changing
working conditions), the perspectives and opinions of key
stakeholders (stakeholder influences), the available IT hardware
and software resources (IT infrastructure), and the media
environment (media).
Changing Working Conditions
Changing working conditions included GPs’ perspectives on
the challenges caused by demographic change (participant 10),
a changing spectrum of diseases (participant 1), and the constant
increase in medical knowledge (participant 3). Regarding
demographic change, GP 1 stated the following:
The lack of physicians comes with giant steps, and
what is also urgently needed is telemedicine. And this,
of course, needs AI with it. [Participant 1]
However, demographic change also included the necessity to
modernize a practice’s equipment with new technologies to be
interesting for younger physicians (participant 10). AI-enabled
systems were also considered necessary to stay updated about
the increasing medical knowledge and provide the patients with
the best and latest information about their health care (participant
3). Regarding the changing spectrum of germs and viruses and
the resulting need for AI-enabled systems, GP 1 referred to the
outbreak of the COVID-19 pandemic.
Stakeholder Influences
Another environmental influence was stakeholder influences,
which indicated how certain groups of people and organizations
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influence GPs’ opinions. The interviews revealed that patients
and institutions are key stakeholders in this context. GP 7 said
the following:
I think we can be influenced [by the patients’
opinions] because, in the end, a medical practice
follows the market like a small business. If the patients
want [AI technologies] and demand [AI technologies],
more and more practices will offer it. [Participant 7]
However, the GPs also stated that they do not expect patients
to disapprove of AI-enabled systems (participant 11). In contrast
to the patients’ opinions, the GPs agreed that the opinions of
institutions such as the German Society of General Medicine
(Deutsche Gesellschaft für Allgemeinmedizin und
Familienmedizin) or the German General Practitioners
Association (Deutscher Hausärzteverband) have key roles in
the formation of German GPs’ attitudes. GPs place trust in these
institutions and regard them as scientific and validated
committees of their profession (participant 11). Supported by
the fact that physicians wish to receive more recommendations
on which technologies they should use in practice, the influence
of these institutions’ attitudes is evident (participant 7).
Media
The concept of media referred to all informative sources in
which physicians had heard or read about AI-enabled systems.
As most participants had not yet worked with AI-enabled
systems, we assume that the media strongly contributes to AI
literacy, which describes what GPs believe AI is and can do. A
participant said the following:
Except for what I have read about it in medical
journals, [I hardly come in contact with AI].
[Participant 11]
GP 14 suggested that physicians should be informed about AI
technology via regular journal articles.
Information Technology Infrastructure
Another factor that influenced attitudes was the often-inadequate
information technology infrastructure in physicians’ practices.
In the event of technical problems, AI-enabled systems cannot
be used properly or at all, which can undermine optimal patient
care. Physicians are skeptical about AI-enabled systems in this
regard and prefer the established ways of performing their
routines, as they cannot rely on the overall infrastructure, which
needs integration of AI technologies to function properly. In
this context, a participant mentioned the following:
If my system goes down, my AI is on standby, then
sorry, I can’t diagnose, my system strikes out. That
is why it’s nice to be able to write down with a pen
on paper what a patient has and has received.
[Participant 16]

Individual Characteristics
Environmental influences are external influences, whereas
individual characteristics are determinants that describe a
physician as a person and include character traits, demographic
specifics, and knowledge. Although there are many individual
characteristics, we found that age and affinity with technology
are particularly relevant to the GPs.
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Age
The participants who mentioned age disagreed on whether it
has a role in determining their attitudes. GP 10, an older
physician, said the following:
I am convinced it needs much work because there is
certainly much resistance, which clearly depends on
age. [Participant 10]
Whereas GP 11, a younger physician, stated the following:
I also know young colleagues who are my age, and
they also have strong reservations [regarding AI].
[Participant 11]
Thus, we included age as a relevant characteristic and leave
future research endeavors to challenge its influence on a larger
scale.
Affinity With Technology
Another influencing factor was affinity with technology, which
indicated whether being open to new technologies supports a
positive attitude toward AI-enabled systems. A participant said
the following:
Well, there are also people in my generation who
were already technically inclined [...]. So, I think
that’s the key to why people [would use AI] or not.
[Participant 18]

Minimum Requirements of AI-Enabled Systems
Overview
Besides the above-mentioned categories and concepts, the
interviews also revealed the minimum requirements of
AI-enabled systems, which are preconditions that must be met
for GPs to contemplate using AI-enabled systems. Although
many of the requirements were thematically related to
expectations and concerns, our qualitative data collection
allowed us to distinguish between the attitude determinants and
the essential and must-have criteria. We will now explain the
6 identified minimum requirements and underline their
intensities with statements from the interviews.
Time Efficiency
Most participant statements that expressed demands of
AI-enabled systems contributed to the minimum requirement
of time efficiency. GPs need AI-enabled systems to be fast and
easy to use, as they have limited time for each patient
consultation. A participant mentioned the following:
First of all, [AI] should be fast. There is always time
pressure. [Participant 14]
Also, participants stated that AI-enabled systems must not take
additional time, as this would keep a physician from performing
essential tasks (participant 15). Thus, the focus was also on
practical relevance and system compatibility with existing
practice ISs. The participants demanded a self-explanatory
design that can be operated quickly and in a few simple steps.
The time component’s importance in the use of AI-enabled
systems was shown by GP 15, who had already tested an
AI-enabled system and decided against further use stated as
follows:
https://www.jmir.org/2022/1/e28916

XSL• FO
RenderX

Buck et al
[...] [the use of AI] took me far too long [Participant
15]
Diagnostic Quality
Besides the time components, diagnostic quality was mentioned
as another key requirement of AI-enabled systems. For
physicians to consider the use of AI-enabled systems, the
AI-enabled system must be validated, must not make mistakes,
and must provide accurate diagnoses so that there is no threat
to patient care (participant 7). Furthermore, some participants
demanded accurate diagnoses and even better results through
AI-enabled systems compared with human engagement, because
otherwise, AI-enabled systems would be obsolete (participant
2). In addition, AI-enabled systems must be evidence-based and
must follow guidelines. In this context, GP 10 said the
following:
[AI must be] scientifically grounded and must provide
validated results that [the physician] may not be able
to produce in their entirety. [Participant 10]
Data Security
Participants also named guaranteed data security as a
requirement for using AI-enabled systems. The physicians
justified this requirement with concerns about privacy and
misuse of data and they do not want patient and physician data
to be accessible to anyone. A participant explained as follows:
Of course, it is also important to me that there is
corresponding data security. I do not want the
patients and us to be completely transparent. That is
certainly not in the overall interest. [Participant 10]
Data security issues were the second reason along with time
expenditure that made GP 15 decide to refrain from further
using that AI-enabled system.
Economic Viability
Economic viability summarized the statements regarding
AI-enabled systems’ affordability and questions about financing
them. In this regard, GP 2 mentioned the following:
If they are affordable [then I would use AI
applications]. [Participant 2]
Furthermore, the participants expressed their willingness to use
AI-enabled systems based on how the technology is financed
and stated that the cost–benefit ratio must be consistent.
Transparency
Transparency and thus the comprehensibility of AI algorithms
is another key requirement of AI-enabled systems. To trust
AI-enabled systems, it was important to the GPs that the
proposals submitted by the AI-enabled system are
comprehensible. Thus, a participant said the following:
I must know how [AI] obtains information and how
[it] works. [Participant 11]
Autonomy
Autonomy represented another requirement, indicating that an
AI-enabled system must be self-managed by the providers.
Using the technology is feasible only if a physician can continue
to work autonomously and the next treatment steps are not
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decided by an AI-enabled system. However, the participants
had a negative attitude toward intervention in a physician’s
self-determined work. A participant explained as follows:
I would participate only [on a] voluntarily [basis].
[Participant 15]

Discussion
Principal Findings
We now discuss GPs’ attitude determinants regarding
AI-enabled systems in GP care and the relationships among
these determinants. We conflate our findings to propose a model
(Figure 2) and derive theoretical and practical contributions.
Considering the lack of existing solutions and experiences of
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GPs with AI-enabled systems, our findings emphasize the
relevance of GPs’ AI literacy. Hence, the interview statements
and the resulting discussion are based on the GPs’ knowledge
of AI, whether this is factual. The results underline that the
participating physicians formed an opinion, even if they, as
potential end users, did not have the necessary knowledge to
understand the technology comprehensively or differentiate
AI-enabled systems from knowledge-based CDSSs. Given that
this will be the case for a large proportion of solely medically
educated GPs, it is more important to investigate the
determinants of attitude in rich detail. In doing so, research and
practice can derive levers for the successful adoption of
AI-enabled systems. Thus, and as the verisimilitude of GPs’ AI
literacy is debatable, it emphasizes and gives important clues
to understanding their attitudes and implications for practice.

Figure 2. Model of the general practitioners’ determinants of attitudes toward artificial intelligence (AI)–enabled systems.

Our attitude determinants concerns, expectations, and minimum
requirements of AI-enabled systems corroborate the
3-component model of attitude proposed by Rosenberg et al
[41]. The data analysis revealed the following: (1) the identified
concerns, which represent the participants’ expressed emotions
toward AI-enabled systems and refer to the affective component
of attitude; (2) the identified expectations, which picture GPs’
beliefs toward AI-enabled systems and address the cognitive
component; and (3) the identified minimum requirements of
AI-enabled systems, which are preconditions that must be met
for GPs to contemplate using AI-enabled systems and address
the behavioral component of attitude.
However, as the relationships among these 3 determinants lack
consistency and dependency according to our findings, we could
not confirm the 3-component model [43]. Instead, the interviews
revealed that GPs’ concerns and expectations form the minimum
requirements of AI-enabled systems. This approach is consistent
with the 2-component model of attitude, which indicates that
the affective and cognitive components explain the behavioral
intention [44]. For instance, the participants clarified that
concerns about data misuse trigger the GPs’ demand for data
security in AI-enabled systems. The importance of data security
in health information technologies is not a novelty but rather a
recurring theme in practice and research [71,72]. Another
example is the expected time expenditure when using
AI-enabled systems, which leads to the requirement that
AI-enabled systems must be time efficient and simple to use.
As for most health complaints, GP care is the first point of
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contact and GPs must treat a large number of patients. For
instance, in Germany, GP care is one of the most frequently
used health care services, with >200 consultations per week per
physician [73] and an average physician–patient contact time
of 7.6 minutes [26]. Thus, GPs are always under time pressure,
which is why every additional action or additional use of new
technologies must be well considered [74]. In part, these
constraints in GP care are owing to an aging population [74].
GP consultations increase as age correlates with physician visits,
particularly in primary care, where a high service use level by
the older population is significant [75]. Besides older patients,
the aging population also causes an increasing GP shortage
owing to retirements and insufficient numbers of successors to
GP care [76]. These interdependent developments further reduce
the time available for a GP to make an initial diagnosis, which
decides whether a patient receives the correct follow-up
treatment, is treated at the right time, or receives treatment at
all. Thus, a GP’s decision strongly impacts the course of
treatment and outcome quality [28]. Consequently, increased
workload and diagnostic suggestions with the potential to harm
patients resulting from the use of AI-enabled systems would
likely hamper technology adoption by GPs [77]. On the basis
of our findings, we assume that GPs would not use AI-enabled
systems if these require additional time or harm patients, despite
their benefits. Thus, we consider diagnostic quality and time
efficiency to be the most important minimum requirements of
AI-enabled systems. Obligations to use AI-enabled systems by
regulations or by superiors are neglected in this assumption.
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However, we found not only minimum requirements of
AI-enabled systems to be influenced by concerns and
expectations but also concerns and expectations to be
interrelated and form a construct of attitude. For instance, the
participants’ concern of being replaceable was caused by their
perception of AI-enabled systems formulating more accurate
diagnoses than physicians. However, most of our participants
did not fear being replaceable, as AI-enabled systems are unable
to have and perform human competencies such as empathy and
clinical reasoning. Similar conclusions were made by Oh et al
[78] who conducted a web-based survey with physicians with
the result that most of the participants do not believe that AI
will replace physicians. In GP care, decisions are often made
with incomplete and fragmented patient-specific information,
requiring human competencies such as experience, intuition,
and clinical reasoning [79]. Furthermore, in GP care, human
competencies are of particular importance to develop a
physician–patient relationship. To gather relevant information
for the decision-making process, GP care places great
importance on interpersonal continuity in the physician–patient
relationship [39]. Especially regarding GPs’ gatekeeping role
and their focus on an emotional bond in medical service
provision, this interpersonal relationship is valuable because it
enables the therapeutic benefit of improved continuity of care
and more holistic and individualized treatments [32]. In
summary, interpersonal interaction with patients is very
important to GPs, whereas the GPs assume AI-enabled systems
to have an insufficient ability to recognize and incorporate
important individual aspects gained through the interpersonal
relationship. Thus, where and when AI-enabled systems in GP
care are useful is to be critically reflected [80]. Considering the
potential of AI-enabled systems and their limitations reported
in other research streams, we consider hybrid human–AI
decision-making a promising scenario to mitigate the
weaknesses of each other [36]. Enabling this scenario requires
a profound understanding of GPs’ barriers to adoption [80],
underlining the relevance of our identified attitude determinants.
We also found individual characteristics and environmental
influences to determine GP’s attitude toward AI-enabled
systems. Regarding individual characteristics, our results for
the influence of GP’s age are inconclusive. The GPs in our
sample presumed that both old and young physicians would
have a negative attitude toward AI-enabled systems. However,
both old and young participants in our sample generally had a
positive attitude toward AI-enabled systems. As this may be
owing to a bias in our sampling, we encourage further
examinations of age as an attitude determining individual
characteristics. Regarding environmental influences, our
respondents indicated that a positive attitude from institutions
such as the German General Practitioners Association would
positively impact their attitudes toward AI-enabled systems.
Moreover, GPs’ individual context such as office size and
facilities (ie, information technology infrastructure) might prove
themselves in further studies as determinants for GPs’ attitude
toward AI-enabled systems. By uncovering individual
characteristics and environmental influences as attitude
determinants, we found similarities to the factors social influence
and age of the UTAUT. Albeit, in the UTAUT, these
determinants influence the intention to use [48,53,54]. However,
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in contrast to our findings regarding environmental influences,
Jeng and Tzeng [81] concluded that social influence does not
affect physicians in Taiwan in adopting CDSSs. This divergence
may stem from different cultures, differences in medical
education and practice, AI characteristics, and GPs’ AI literacy,
compared with more established CDSSs. We leave it to future
research to further explore these relationships regarding
environmental influences.
Furthermore, our findings explicate that the consideration of
the affective component of attitude is crucial in the medical
context despite being neglected often in well-known theories
of behavior and acceptance research [54,82,83]. Our interview
data show that GPs’ concerns about data privacy and patient
safety have high importance in the context of patient care and
must not be endangered. AI-enabled systems can mitigate
cognitive errors resulting from, among others, GPs’ fatigue or
distraction [23]. Thus, diagnostic accuracy and patient safety
increase [84]. However, at the same time, the integration of AI
technologies can also lead to biases such as automation bias
[85]. By blindly relying on the AI-enabled systems’ suggestions,
physicians would no longer critically review them, which can
reduce accuracy [86] and increase medical errors [87]. Whether
AI-enabled systems promote or minimize cognitive biases
depends on how they are used [84]. As AI-enabled systems bear
certain concerns, such as the fear of being negatively biased by
AI-enabled systems’ suggestions, the affective component of
attitude also plays a key role in the context of AI. Eventually,
the affective component is particularly relevant when
investigating GPs’ attitudes toward AI-enabled systems.
Detecting concerns in the early stage can positively determine
GPs’ attitudes. When GP care comes into widespread contact
with AI technologies, this form of attitude can contribute to a
positive intention to use, which in turn lays the foundation for
successful implementation.
Besides theoretical contributions, we derived valuable
implications for practice by reflecting on GPs’ attitudes before
the use of AI-enabled systems and familiarization with the
technology. We suggest making the topic of AI more prominent
in politics, health-related associations, and stakeholder
institutions of GP care. Via these institutions, knowledge and
education on AI-enabled systems can be offered, thus improving
GPs’ AI literacy. This allows for the mitigation of concerns
such as the change of the physician–patient relationship and
thus, the diminution of restraints is possible. For this purpose,
the distribution of evidence-based information via GP-specific
journals and the involvement of advocacy groups are highly
recommended, as the GPs value their viewpoints. However, it
is also important that potential users are not only informed about
the potential of AI technology but also about its limitations and
shortcomings on the basis of evidence. In this way, physicians
can be empowered to use AI-enabled systems in a reflective
manner and thus, for example, prevent automation bias.
Moreover, the identified minimum requirements of AI-enabled
systems are of particular interest concerning the practical
implications. First, AI-enabled systems must be programmed
and designed to make its use as easy and fast as possible as
stated by participants and widely spread in the literature on
user-centricity [88]. Second, AI-enabled systems must be
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reliable and free of errors to prevent any harm to patients. In
addition, AI-enabled systems must ensure data protection and
allow the GP to work autonomously. In addition, politics and
health insurance companies should consider monetary
subventions for AI-based systems because a remarkable result
of the review by Ajami and Bagheri-Tadi [89] is the positive
influence of financial support on physicians’ willingness to use
and engage with technologies [89].
Furthermore, AI-enabled systems may foster so-called
black-box-medicine, as decisions are less transparent to the
patient and to the GP. With this lack of transparency, various
types of biases may occur, both for the end users and the
AI-enabled system. Such biases may result in patient security,
data, and privacy concerns [84,90]. Therefore, along with the
responsibility of making an AI-augmented diagnosis, there is
also the need to create accountable structures for patient-related
outcomes. In a recent study by Khullar et al [91], physicians
believed that vendors or the employing health care organizations
should be held accountable for AI-induced errors, whereas the
general public believed that the physicians themselves should
be liable. We see suitable liability regulations and their
implications for GP’s attitude determinants as a promising field
for further research.
Furthermore, AI-enabled systems should be developed to
diagnose rare cases because GPs assume that they are faster in
routine cases than using AI technology. This information can
help developers to narrow the application area and to create
better-fitting software solutions. This result also indicates that
integrating AI technology is not the solution for every problem.
Rather, a critical assessment must be made regarding when
using an AI-enabled system makes sense and improves
decision-making and when this is not the case. Especially when
it comes to human competencies and interpersonal relationships,
AI-enabled systems cannot replace GPs. Rather, AI-enabled
systems should be designed to free up GPs’ time so that they
have more time to nurture relationships with their patients,
which is of particular relevance for diagnosis in GP care. Our
findings may serve for a better understanding of how to design
AI-enabled systems in a conducive manner and how to foster
GP’s acceptance in the later adoption of such systems.

Limitations and Future Research
Although we rigorously followed our designed research
approach, our study has limitations, some of which are bound
to the choice of a qualitative-explorative approach. By design,
qualitative interviews do not focus on drawing conclusions for
entire populations, which affects the generalizability of the
results. Nevertheless, a qualitative approach is appropriate before
a quantitative study when dealing with a new and emotionally
charged topic. This approach is reinforced by recent research
that puts traditional IS adoption models to the test for AI; thus,
calling for in-depth reflections [21]. Blease et al [39] also
recommended a qualitative approach, as they reported lack of
detailed information on GPs’ views of AI-enabled systems
owing to their quantitative approach. Furthermore, conducting
interviews just in 1 country, more precisely, in 1 geographic
area within that country might be a limitation of our study. As
depicted in existing research, attitudes toward technology might
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differ between people living in rural areas and urban areas [92].
We recommend collecting data in other countries and conducting
cross-country studies to detect differences among these settings.
Furthermore, GPs’ mostly basic AI literacy is another limitation
of our study. Although all study participants were given the
same definition of AI-enabled systems at the start of the
interview, their statements reflect different understandings.
However, the early consideration of the GPs’ attitudes,
regardless of their technical knowledge is important to identify
barriers to implementation at an early stage and derive basic
conclusions for AI system design. We must also assume that
only GPs who are interested in AI-enabled systems might have
a general affinity with technology or who have a strong opinion
on AI agreed to be interviewed. This could also explain why
none of the participants had a solely negative attitude toward
AI-enabled systems.
We further suggest examining the role of the affective attitude
component, because we revealed the importance of the identified
concerns in our study; whereas, in well-known theories of
technology acceptance, this component is often neglected. A
closer examination of the affective component will make it
possible to determine the extent to which it is relevant in the
medical and IS contexts.

Conclusions
AI-enabled systems are considered as promising solutions to
enhance both the effectiveness and quality of health care.
Especially in GP care, which is the first point of contact for
most medical needs, physicians deal with a shrinking
physician–patient time and incomplete or sometimes incorrect
information. Here, AI technology promises new solutions to
support physicians and decrease diagnostic errors that lead to
extensive consequences. Although the application potential of
AI-enabled systems in health care has been widely discussed
theoretically and conceptually, a widespread application in the
professional practice of GPs is still dreams of the future. To tap
the undisputed potential of AI-enabled systems in practical use,
a fundamental investigation of the technical systems and social
actors is required. As academic research, in this respect, is still
in its infancy, we investigated the attitudes of GPs toward
AI-enabled systems. Thereby, we seek to contribute to a better
understanding of GPs’ attitudes, which is crucial for developing
and implementing suitable AI-enabled systems. Thus, we used
in-depth qualitative-explorative interview data with German
GPs and proposed a preliminary research model. We identified
three determinants of GPs’ attitudes: concerns, expectations,
and minimum requirements of AI-enabled systems. Furthermore,
we revealed individual characteristics and environmental
influences as the 2 conditional determinants of GPs’ attitudes
toward AI-enabled systems. The findings emphasize the
importance of attitude’s affective component at the interface of
medical and AI research. Moreover, the findings show that
diagnostic quality and time efficiency are mandatory for GPs
to even consider the use of AI-enabled systems. Therefore,
integrating user groups’ attitudes and needs is a fundamental
prerequisite for user-centered design, which leads to a higher
willingness and inclusion of the systems into everyday use.
Considering that the GPs in our interview study predominantly
corroborated AI-enabled systems’ seminal role in the future of
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GP care, our findings may serve as a foundation for future
research. Besides investigating the attitudes of user groups in
other fields in the health care system, research endeavors should
also focus on how the attitudes of GPs toward AI-enabled
systems can be proactively promoted. In addition, future work
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should include and conflate findings from related research areas
such as human-computer interaction, psychology, sociology,
and computer science to account for AI’s interdisciplinary
implications for health care.
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Abstract
Background: Leveraging artificial intelligence (AI)–driven apps for health education and promotion can help in the
accomplishment of several United Nations sustainable development goals. SnehAI, developed by the Population Foundation of
India, is the first Hinglish (Hindi + English) AI chatbot, deliberately designed for social and behavioral changes in India. It
provides a private, nonjudgmental, and safe space to spur conversations about taboo topics (such as safe sex and family planning)
and offers accurate, relatable, and trustworthy information and resources.
Objective: This study aims to use the Gibson theory of affordances to examine SnehAI and offer scholarly guidance on how
AI chatbots can be used to educate adolescents and young adults, promote sexual and reproductive health, and advocate for the
health entitlements of women and girls in India.
Methods: We adopted an instrumental case study approach that allowed us to explore SnehAI from the perspectives of technology
design, program implementation, and user engagement. We also used a mix of qualitative insights and quantitative analytics data
to triangulate our findings.
Results: SnehAI demonstrated strong evidence across fifteen functional affordances: accessibility, multimodality, nonlinearity,
compellability, queriosity, editability, visibility, interactivity, customizability, trackability, scalability, glocalizability, inclusivity,
connectivity, and actionability. SnehAI also effectively engaged its users, especially young men, with 8.2 million messages
exchanged across a 5-month period. Almost half of the incoming user messages were texts of deeply personal questions and
concerns about sexual and reproductive health, as well as allied topics. Overall, SnehAI successfully presented itself as a trusted
friend and mentor; the curated content was both entertaining and educational, and the natural language processing system worked
effectively to personalize the chatbot response and optimize user experience.
Conclusions: SnehAI represents an innovative, engaging, and educational intervention that enables vulnerable and hard-to-reach
population groups to talk and learn about sensitive and important issues. SnehAI is a powerful testimonial of the vital potential
that lies in AI technologies for social good.
(J Med Internet Res 2022;24(1):e29969) doi:10.2196/29969
KEYWORDS
artificial intelligence; chatbot; Facebook; affordance; sex education; sexual and reproductive health; contraception; case study;
young people; India; transmedia; mobile apps; mobile health; technology design; user engagement; digital health; mobile phone
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Introduction
Background
This paper presents rich insights from an instrumental case study
of an innovative chatbot in India called SnehAI, which was
purposefully conceptualized and designed by the Population
Foundation of India to educate and inspire adolescents and
young adults to live healthy lives, promote sexual and
reproductive health (SRH), and advocate for the health and
well-being of women and girls. The SnehAI chatbot aims to
provide a safe space for Indian youth to have conversations
about SRH, dispel sex-related myths and taboos, offer accurate
information about safe sex and contraceptive choices, and
address mental health concerns. With a population of
approximately 1.4 billion, India accounts for about 18% of all
people on the planet [1], with half of this population being under
the age of 25 years [2]. Despite stated policy commitments and
significant strides made in recent years, the informational needs
of adolescents and youth are poorly met, quality education about
SRH is highly limited, contraceptive practices are heavily
skewed toward female sterilization, and unsafe abortions are
rampant [3-6].
In particular, young people in India have limited awareness of
contraception and sexually transmitted infections; their
knowledge base consists of inaccurate information; and their
family life education is highly insufficient [7]. Although the
government-endorsed national adolescent health program
Rashtriya Kishor Swasthya Karyakram (RKSK) has included
SRH as part of its mandate since 2014, direct contact with
frontline health workers, even by married young women, was
extremely low. Contact with unmarried youth and use of SRH
services at adolescent-friendly health clinics are almost
completely amiss [8]. Uncomfortable and embarrassed to ask,
young people in India have increasingly referred to web-based
platforms to look for answers to SRH questions and have
garnered misleading or incorrect information [9,10]. In a day
and age when mobile services and social media are proliferating
in India, this is unfortunate. At the beginning of 2020, India
boasted of around 1.1 billion mobile phone connections,
covering 78% of the population [11]. With attractive pricing
from India-based telecom giants, such as Jio, internet penetration
and social media use through mobile networks are rapidly
growing [11,12]. Facebook (Meta Platforms) is an obvious
leader in the social media space in India, with 320 million users
[13]. With this massive expansion of information infrastructure
comprising wireless networks, digital technologies, and social
media, Indian youths, both in urban and rural areas, are
increasingly being plugged into this technology web.
One technology within the realm of social media that has
experienced a rapid rise in different industries is chatbots [14].
Chatbots are automated nonhuman agents that engage in
conversations with human actors [14]. By design, the user
experience in a chatbot strives to be pleasant, as it mimics a
scenario in which 2 humans are talking with each other. A
chatbot responds by accessing information stored in large digital
data repositories. Chatbots quickly sieve what is relevant and
convert programing codes into expressions that humans can
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understand. Although chatbots are often text based, their
capabilities have exploded since the pioneering program ELIZA
[15], especially in their increased sophistication and accuracy
in understanding natural language using artificial intelligence
(AI) technologies [16,17]. With AI, chatbots create a dynamic
library of answers, building on their existing database with each
conversation that occurs. This process of machine learning
makes their deployment immensely valuable for disseminating
information. Not surprisingly, AI chatbot health apps are
burgeoning [18-21], and they have unique advantages for
addressing sensitive and taboo issues such as SRH [22].
However, to date, AI chatbot initiatives in low-income countries
are scarce. Furthermore, for chatbot projects that do get
underway, systematic documentation and assessment are needed
to generate new knowledge for the greater public good [23].
Winner of the 2020 eNGO Challenge Award in Digital Tools
and Empowerment [24], SnehAI represents the first Hinglish
(Hindi + English) AI chatbot that is cocreated with and for young
people, especially those from vulnerable sections of society, to
deliberately facilitate communication about SRH topics and
promote social and behavioral change [25,26]. It benefits the
target population in many unique ways, but most importantly,
it fills a gap that exists in the information around SRH. In a
world where digital technologies for underdeveloped markets
fail to consider consumers’ hedonic needs, such as play,
romance, and entertainment, SnehAI provides an unusual
repository of educational knowledge in an entertaining and
engaging
container,
commonly
referred
to
as
entertainment-education or edutainment [27,28]. Recent
anthropological studies have shown that digital natives,
irrespective of their socioeconomic status, tend to be attracted
to entertainment and storytelling when consuming social media
content [23]. Thus, to spread crucial health information in
diverse populations, the content of social media platforms needs
to engage users. Therefore, the SnehAI chatbot in India offers
a terrific opportunity for systematic investigation.
We focused our investigation on the different ways that SnehAI
enables SRH information sharing and user engagement. First,
we presented our guiding framework, the theory of affordances.
Our literature review highlights both foundational arguments
and affordances of relevant technologies. We then described
our methodological approach, an instrumental case study that
harvests the unique contributions of SnehAI. Our findings are
organized by our theoretically derived research questions: first,
on the functional affordances of SnehAI, and second, on the
user engagement patterns of SnehAI. We concluded with a
discussion of these major findings, raising implications for
theory and practice, and set some directions for future endeavors.

The Gibson Theory of Affordances
The verb to afford means to make available, to provide, or to
offer. The noun affordance did not exist until ecologic
psychologist Gibson [29] introduced his theory of affordances.
He argued that animals (including humans) and their living
environments are one world, and we cannot understand it fully
if we treat them as separate entities. Essentially, we are all
created by the world we live in, and our behaviors are shaped
by our environment [30]. The relational dynamics between us
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and our environment can enable or prohibit certain action
possibilities [30-32]. Presently, a smartphone can allow us to
make calls, send messages, browse the web, and guide us to
locations; however, without a charged battery or a correct
password, nothing can be done. Gibson [30] also pointed out
that affordances may easily imply a positive connotation;
however, it is important to remember that they can also be
negative. Certain possibilities may be enabling whereas others
are constraining [31]. Presently, a mass email can easily reach
several people with a click of the send button, but if infected,
it can also spread a computer virus across the world in no time.
Moreover, Gibson [30] emphasized that the affordances of an
environment exist permanently—some may be latent that require
discovery, but most should be directly perceivable without extra
effort of learning. Affordances invite concrete behaviors, which,
in turn, can afford other behaviors [30] and, in some cases,
provide agency to seek value and meaning [33,34]. Most young
people can figure out how to navigate various social networking
sites rather intuitively; and given that their behaviors are
observable to others, this can trigger additional web-based
behaviors.

Functional Affordances of Technologies
Over the past 4 decades, the theory of affordances has deeply
influenced the design of everyday objects and user experiences
of human–computer interaction [35-37]. Affordances have been
used as a high-level theoretical framework to understand the
internet [38,39], mobile and social media [40,41], and digital
apps for eHealth [42-44]. As SnehAI represents an AI-driven
chatbot accessible through the Facebook Messenger mobile
app, our literature review focused on discussions regarding the
affordances of all relevant technologies and those pertaining to
health promotion and education to set the conceptual foundation
for our analysis.
As the internet proliferated, reviews about its affordances
emphasized its accessibility through broadband networks.
Increasingly available anywhere, anytime, and in multiple media
modalities (eg, text, audio, and visual), the internet embodied
the novel nonlinearity of user experience beyond time and space
enabled by hypertexts and search engines [38,39]. Key
affordances of mobile devices include portability of
smartphones, information exchange with multiple others across
multiple channels with increased frequency and directness,
surveillance risks tied to locational presence, and multimedia
content production and sharing [40]. The key affordances of
social media platforms include the permanent nature of
web-based expressions that are digitally recorded and archived;
the possibility for users to re-edit and recraft their messages to
manage their self-presentation; the possibility for the digital
content to be searched, replicated, and disseminated to a mass
audience; and the increased visibility of users’ personal profiles,
social connections, and web-based behaviors [41,45,46].
Although AI and chatbots have been around for decades, they
have gained in currency with recent developments in cloud
computing and machine learning to leverage big data [17,47].
The key affordances of AI-driven chatbots include receiving
messages such as real-time status updates and aggregated
information from different sources; setting options for automated
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reminders, nudges, and other triggers for user engagement;
enabling users to query information based on personal interests;
and enriching messages by having the content processed and
enhanced with hyperlinks, emojis, graphics interchange formats
(GIFs), and other audio-visual effects [17]. Although exploratory
studies of AI-driven chatbots are scarce, their promise to
address, circumvent, and overcome the taboo nature of SRH
and engage young people is unmistakable [22,47].

Research Gaps and Questions
For the most part, scholars and practitioners agree on the
existence of affordances as specific functions of materials or
artifacts (in our case, technologies) and the necessary
recognition of such affordances for their realization to take
place [17,30,44]. However, there were several gaps. First, many
phrases, such as social affordances, cognitive affordances,
emotional affordances, and therapeutic affordances, have
become popular in the literature that are in fact inferences or
implications of the functional affordances [39,42,43]. Therefore,
any analysis of affordances should fundamentally be anchored
to technological functionalities. The categorization of social,
cognitive, emotional, and therapeutic affordances should be
secondary. Making such conceptual distinctions is important.
Second, most of the literature on affordances has a positive bias
and is most often limited to their potential for achieving personal
goals or public good without considering concerns or risks.
Painting a rosy picture of a rapidly changing media landscape
is dangerous. Similar to all previous information and
communication technologies, smart and connected mobile
devices and social media platforms work like a double-edged
sword. It is our ethical obligation, in this digital and network
society, to reduce the prejudice of technological determinism
[31] and make deliberate efforts to address and account for the
negative affordances that can cause detrimental effects [48].
Third, AI chatbot design and research are still in their infancy
[14]. As technologies advance to highly interactive user interface
with realistic digital representations, it is unclear how their
connection to certain contextual information, such as a
background story, will affect user appeal and engagement
[16,49-51]. Such technological advantages tend to serve
privileged populations better and can implicitly embody
prejudices against those who are vulnerable and marginalized
[52].
Finally, although all the technological artifacts are embedded
in some kind of regulatory system, be it legal or social, the role
of these regulatory systems is rarely included in the discussion
of affordances. Although we focus on what algorisms would
enable or prohibit digital citizens from doing (or not doing) with
their smart devices, affordances of AI operate in the space of
public discourses that can affect individual autonomy and
privacy [53,54].
On the basis of the above literature review and identified gaps,
we investigated the SnehAI chatbot as an AI-driven
conversational agent and a digital tool for sex education and
communication about SRH, nested in the Facebook Messenger
mobile app. By applying the theory of affordances as a
high-level conceptual framework, by connecting and
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synthesizing all relevant affordances from the literature, and by
analyzing both qualitative insights and unobtrusive quantitative
behavioral data, we answered the following research questions:
1.
2.

Research question 1: What are the functional affordances
of SnehAI for promoting conversations around SRH?
Research question 2: How are users engaging with SnehAI
in their conversations?

Methods
Study Context
SnehAI was first launched in April 2019. Although its current
version is a stand-alone AI chatbot, its original idea and
predecessor were deeply rooted in the Population Foundation
of India’s innovative initiative called Main Kuch Bhi Kar Sakti
Hoon (I, A Woman, Can Achieve Anything). This initiative used
a 360° approach, especially the transmedia edutainment social
and behavior change communication strategy [55,56],
coordinated across multiple media platforms to challenge deeply
entrenched regressive gender norms and to advocate for
women’s empowerment. Powerful stories were told through the
dramatic journey and positive role modeling of protagonist Dr
Sneha, who leaves behind a lucrative medical practice in
Mumbai and returns to her home village Pratappur after her
sister’s death from a forced abortion. She then stays on to tackle
multiple social ills—child marriage, sex selection in favor of
male offspring, violence against women and girls, and many
other manifestations of gender inequality [57].
From March 2014 to September 2019, 3 seasons of Main Kuch
Bhi Kar Sakti Hoon were broadcast on the Indian national
television network Doordarshan, hundreds of All India Radio
stations, and the Mobile Vaani community [58,59]. Main Kuch
Bhi Kar Sakti Hoon was the first to use an interactive voice
response system for large-scale real-time audience engagement,
creating a voicebook as a transmedia extension that allowed
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millions to interact with curated content, answer questions, and
share personal opinions and actions inspired by the characters
in the program [58]. Several miniseries were created out of the
television content, extending the storyline on Main Kuch Bhi
Kar Sakti Hoon’s Facebook page and YouTube channel [57,60].
In particular, its Facebook page was popular among young
people and male users according to Insights Analytics in October
2019 (Multimedia Appendix 1).
In April 2019, during season 3, Main Kuch Bhi Kar Sakti Hoon
launched a new transmedia extension through Facebook
Messenger: a chatbot named after Dr Sneha, SnehAI (for Sneha
AI). SnehAI was created by the Population Foundation of India
in close partnership with the UK-based innovative technology
company AI for Good. This AI chatbot was purposefully
designed to extend Dr Sneha’s media personality as a trusted
friend and open a safe, nonjudgmental, and private channel to
engage the audience (especially young people) in India to talk
and learn about SRH. SnehAI version 1.0 used a built-in
decision tree with predetermined rules and quick replies to help
users navigate through the visual menus [25,26]. It was
cocreated with invaluable inputs from 84 adolescents and 19
adults to ensure a friendly tone of voice with familiar colloquial
expressions that, in fact, SnehAI became the world’s first ever
Hinglish AI chatbot developed for social and behavioral change
[25,26]. It was promoted through Main Kuch Bhi Kar Sakti
Hoon’s website, interactive voice response system, Facebook
page, and other channels. Building on previous efforts, this
paper focuses on the current version of the AI chatbot, SnehAI
version 2.0.

SnehAI Chatbot
In April 2020, SnehAI (version 2.0) was launched with a natural
language processing (NLP) platform and better content flow to
make SnehAI more intelligent in her conversations with users
[26]. It is required that an individual be a user of Facebook
Messenger to chat with SnehAI (Figure 1).
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Figure 1. SnehAI chatbot user interface on Facebook Messenger.

The conversation between a user and SnehAI starts with a warm
welcoming message. The chatbot introduces itself as Dr Sneha.
She mentions that she works in a hospital and is involved in
other development projects in the village. After introduction,
she asks the user to choose one of the available options to ensure
that the user understands that he or she is interacting with a
chatbot rather than a human being. After that, the users are
invited to subscribe to notifications from SnehAI. Then they
can select and interact with a range of content presented on the
main menu. Depending on their choices, the information may
be displayed as hyperlinked texts, images, or short videos.
Furthermore, these theme-wise interactions are organized into
five content categories (Figure 2):
1.

2.

Mere baare mein (About me): this is an introduction to the
app. SnehAI is introduced as an avatar, and users are also
given the option to review the privacy policy. In the chatbot,
this option appears at the end, as the goal is to promote
health-related communication.
Videos dekhein (Watch videos): this option allows the user
to watch short videos from 3 interrelated programs. Sex ki
adalat includes 4 fictional court cases debating about
virginity, masturbation, menstruation, and pornography;
Kishor ka shor offers conversations based on the
government-endorsed national adolescent health program
RKSK themes featured in Main Kuch Bhi Kar Sakti Hoon
season 2 regarding obesity, child marriage, and cigarette
smoking; Meri TV duniya includes trailers and exclusives
from Main Kuch Bhi Kar Sakti Hoon season 1, 2, and 3.
Khula manch offers conversations on mental and physical
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3.

4.

5.

health; and Purush pariksha challenges beliefs and pushes
viewers to question orthodox ideas.
Kahaniyan sune (Listen to stories): this option allows the
user to engage with specific storylines featuring 7 young
female and male characters in Main Kuch Bhi Kar Sakti
Hoon. These stories include Naveen’s contemplation of
adolescent attraction and curiosity and confusion about
puberty (Main young hoon), Pinky’s story about menstrual
hygiene (Mahine ke vo din), Shama and Aman’s relationship
and their beliefs about consent (Friendship aur haa),
Sanjay’s issues with peer pressure (Dosti kya hai?), Preeta’s
survival of an acid attack for being a competent female
football player (Hinsa), Bunty’s homosexuality (Attraction
aur pyaar), and Aman’s concerns about bullying (bullying).
Games khelein (Play games or take a quiz): this option
allows the user to play quiz games on three themes: Young
sambandh has questions about adolescent development,
Physical relation has questions about family planning, and
Log kehte hain has questions about myths and
misconceptions about SRH.
Helplines: this option directs users to 2 helplines. One
helpline is on SRH through the national toll-free number
of the Jansankhya Sthirata Kosh endorsed by the Ministry
of Health and Family Welfare. It provides callers with
information and counseling on family planning and
reproductive health issues, including access and use of
contraceptives. The other helpline option links users to a
national helpline on gender-based violence for the
counseling and reporting of incidents.
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Figure 2. SnehAI chatbot content flowchart. RKSK: Rashtriya Kishor Swasthya Karyakram.

In addition to the improved content structure and flow, a critical
element of SnehAI (version 2.0) is the use of an NLP system
to process and respond to user-entered free-text queries. This
NLP system first matches the free texts with prefilled regular
expressions (RegEx in short as commonly used by
programmers), and if a match is found, corresponding replies
are executed. If no matches are found, the NLP system activates
a Microsoft Language Understanding (LUIS) conversational
AI service and uses it to apply custom machine learning
intelligence in client apps (such as AI chatbots, such as SnehAI)
to process user input and provide appropriate response [61].
The Azure LUIS app, commonly used in AI chatbots, receives
user input in the form of conversational and natural language
texts, treats them as user utterances, processes the information
by extracting keywords and predicting user intentions, and then
uses the JSON response to make decisions about how to fulfill
the user’s requests [61].

Instrumental Case Study
The case study approach is particularly useful for exploring a
phenomenon in its natural and real-life context and allows the
development of a more in-depth, multifaceted, and holistic
understanding [62]. Although this method is well-recognized
in disciplines such as business, law, and policy, it needs to be
embraced more in global and public health research [63]. We
adopted an instrumental case study approach. An instrumental
(vs intrinsic or collective) case study focuses on 1 example to
gain a broader appreciation of a phenomenon [63,64]. The case
in point here is SnehAI as an exemplar of AI chatbots for
promoting conversations about SRH. This research method
allowed us to explore SnehAI from diverse perspectives, such
as technology design, program implementation, and user
engagement. We also used a mix of qualitative insights and
quantitative data to triangulate our findings.
Qualitative insights were obtained from key stakeholders, with
institutional representatives being the coauthors of this paper
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and others listed in the acknowledgments. A total of 2 in-person
group meetings, 4 virtual conferences, and numerous follow-up
email discussions took place from September 2018 to December
2020. Half a dozen interim and final reports (including 2 cited
in this paper [25,26]), as well as detailed meeting notes, served
as foundational documents for our analysis. Quantitative data
were obtained through unobtrusive chatbot user behavior
tracking with user permission. The chatbot user interactions
were mainly captured in 2 ways. First, for any predetermined
options indicated in the SnehAI flowchart, the choices were
recorded anonymously in a third-party digital analytic tool
designed for chatbots on Facebook Messenger, Dashbot [65].
Conversation-specific analytics were aggregated to monitor
user engagement and help improve the dynamics of user–bot
interactions. Second, a user could also type questions or
comments in the dialogue box at any time. These free texts were
used as user input in the NLP system to detect user intention
and determine the optimal response. For this project, we used
the aggregated analytics data from the Population Foundation
of India and its partner AI for Good, United Kingdom, gathered
from the beginning of May 2020 to the end of September 2020.
The data science team at AI for Good, United Kingdom, also
randomly selected 15,000 free-text messages with over 20
characters and used machine learning techniques to detect user
behavior patterns.
To proactively address potential pitfalls of the case study
methodology [63], we adopted a widely accepted and
multidisciplinary conceptual framework (ie, the theory of
affordances) to guide our inquiries and investigations. We also
drew clear boundaries around the specific case (ie, SnehAI 2.0)
and the timeframe of user engagement data for our analysis (ie,
a 5-month period shortly after the launch). Furthermore, we
went through several iterations of data validation, reported
discrepancies caused by technical errors, and shared detailed
notes with all team members to ensure transparency in the
research process.
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editability, and scalability) had been previously used in the
literature, and some others were differently labeled although
they expressed similar ideas (ie, customizability, interactivity,
visibility, glocalizability, and connectivity). Notably, we
contributed several new labels (ie, compellability, queriosity,
trackability, inclusivity, and actionability) to represent critical
affordances of SnehAI that could apply to similar AI and chatbot
apps:
1.

2.

3.

Results
Functional Affordances of SnehAI
To answer research question 1, we compiled an extensive list
of relevant affordances reviewed in the literature, evaluated
them against the SnehAI app based on the qualitative insights
we obtained, and distilled 15 functional affordances (see a
summary in Multimedia Appendix 2 [17,33,34,38-41,45,53]).
The results presented here specifically address the research gaps
we identified. The affordances of a new technology should be
primarily about its functionalities. Therefore, these 15
affordances of SnehAI are all based on the functionalities of
the chatbot, its AI capacity through the NLP model, the
Facebook Messenger mobile app it is embedded in, and the
internet and wireless networks that enable its existence. We also
included the role of a media personality and relevant legal and
social regulatory systems in our assessment. Moreover, we
considered both positive and negative sides of each affordance,
with the intention of appreciating its actionable possibilities
while mitigating potential concerns. Certain labels of these
affordances (ie, accessibility, multimodality, nonlinearity,
https://www.jmir.org/2022/1/e29969
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4.

5.

Accessibility allows SnehAI users to access SRH
information that is accurate (with content experts’ approval),
trustworthy (as shared by the avatar of a trusted friend),
and relatable (with messages expressed in colloquial
Hinglish). The subscription option for notifications affords
additional access to new information as it becomes
available. However, digital inequalities may deprive
underserved population groups such as women, youths, and
rural residents of smartphone ownership or limit their
personal use. Furthermore, users who obtain access to the
chatbot can potentially be overwhelmed by new information
about taboo topics. It helps that most information on SnehAI
is presented as edutainment, both entertaining and
educational.
Multimodality affords SnehAI to be presented through more
than one sensory mode to help enhance the user experience.
Although common practice in the industry is to simply use
plain text in a chat box, SnehAI uses rich media that
includes text, audio, and visual modalities, and popular
presentation forms, such as GIFs, emojis, and short videos.
What SnehAI users see and hear about gender norms may
be dramatically different from what is covered in the
mainstream media, which could potentially be a source of
cognitive dissonance, yet necessary for raising social
consciousness about gender inequality [57-59].
Nonlinearity allows SnehAI to provide curated content
through clickable visual menu options instead of a
prescribed sequence. In addition, users can enter their
queries through free-text messages at any time apart from
when they access branched content categories. Thus,
SnehAI allows users to take control of their experience as
more of a choose-your-own-adventure type of journey. On
the flip side, such an adventurous and nonlinear trajectory
can also be distracting or confusing for some users who
may lose track of a thought as they shift from one content
category to another. Currently, there is no separate search
bar available in the user interface that allows users to
conduct a keyword search from anywhere.
Compellability allows SnehAI to engage users in compelling
ways.
The
casual,
friendly,
yet
culturally
appropriate–looking avatar of SnehAI is rich in visual
appeal for Indian adolescents and young adults. Paid
Facebook promotions can help attract new users and boost
user retention. Furthermore, the triggers and prompts on
Facebook Messenger can also attract user attention and
provide cues to action. Although no nudges exist presently
when a user is inactive for a prolonged time, nudges can
be annoying if their intentions are unclear to users [17].
Queriosity allows SnehAI users to seek answers to their
queries based on personal curiosities. For users to be able
to enter free-text messages is in stark contrast with the
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6.

7.

8.

9.

conventional method of preaching to the choir of users. In
particular, young people learn better when their genuine
curiosity is encouraged without judgment [55,56]. The
analysis of the 15,000 sampled queries by our data science
team indicated that “SnehAI opened up a safe space for
users to ask ‘stupid’ or ‘embarrassing’ questions about SRH
without worrying about what others think.” The current
version only allows users to query through manually typed
text messages. In the future, other query methods may be
included. For instance, a search engine may be helpful when
the curated content database expands so that users can find
and explore the most relevant branched content category.
Providing voice input and output capability (as in Siri and
Alexa) can be especially useful for users with low levels
of literacy.
Editability allows SnehAI users the ability to craft a
message to their satisfaction before sending it out to the
chatbot. Thus, users have full control over how they present
themselves in this private space. Again, the analysis of
15,000 sampled queries by the data science team showed
that most user behaviors were respectful. “For instance,
many treated the chatbot as if it was Dr. Sneha, addressing
her as Dr, Ma’am ji [respected Ma’am], and didi [older
sister].” On the other hand, once a free-text message is sent
out, there is no way to revise or recall it, even to correct
unintentional mistakes.
Visibility allows SnehAI to automatically save all messages
exchanged between the user and the chatbot and keep them
permanently visible in the chat history. Such permanence
in visibility can be a convenient information repository over
time but also a potential vulnerability, as anyone who has
access to the user account can retrieve and review private
messages. SnehAI is proud of its strict adherence to the
international General Data Protection Regulation on data
privacy with a built-in user option to review its detailed
privacy policy, including user permission for recording or
deleting data.
Interactivity allows SnehAI to provide immediate feedback
on user requests. This allows the chatbot user to simulate
real-time interpersonal interaction through turn-taking with
verbal expressions and nonverbal cues—through emojis.
Therefore, each conversational session can flow like text
messaging with a real person. SnehAI is prompt and reliable
in responding. However, the free-text message queries by
a user are entirely dependent on the quality of the response
through the NLP model. When the user intention is
incorrectly decoded, the chatbot response is correspondingly
off-track. Thus, the quality of conversations with the chatbot
is determined by the intelligence of the NLP model in
detecting communicative nuances and minimizing bias.
Customizability allows SnehAI users to interact with curated
content and customize their queries based on personal
interests, even though there is no option for users to
customize their chatbot menus or filter content.
Nevertheless, SnehAI uses a hybrid of prefilled RegEx and
the LUIS conversational AI client app in its NLP system
to customize the chatbot’s response to user queries. In
particular, the NLP uses machine learning features, such
as a phrase list, to detect user intentions at various junctions
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of the user journey [66]. For example, small talk intents
cover the trivial chit-chat with phrases such as how are you
and thank you. However, a unique aspect of SnehAI is that
the NLP model is designed to effectively detect core
intentions related to topics such as safe sex, reproductive
health, and family planning choices. These core intentions
are identified through keywords that serve as substitutes
for sex, accounting for the corresponding colloquial
expressions by young people and their spellings and
misspellings in Hinglish. The NLP system used in SnehAI
version 2.0 was initially trained based on insights from the
previous version and is being retrained regularly. A part of
the LUIS global network, SnehAI contributes Hinglish
conversational messages to the larger pool to improve
machine learning intelligence over time. It also leverages
its growing database for SnehAI NLP training. A more
detailed illustration of the LUIS NLP model in SnehAI is
provided in Multimedia Appendix 3 within a linked video
in Multimedia Appendix 4.
10. Trackability allows SnehAI the capability to unobtrusively
track certain users’ personal information and interactive
behaviors with the chatbot. Because of privacy concerns,
Facebook is strict about the kind of personal information
recorded in third-party apps. For SnehAI, version 2.0, a
formal application was submitted, reviewed, and approved
by Facebook to record user’s gender in the Dashbot
analytics tracking. Other key performance indicators such
as important clickable reactions were also recorded and
reported in the User Engagement With SnehAI section in
Results. In addition, inappropriate and abusive user
behaviors were also monitored, flagged, and handled to
keep SnehAI a safe and civil space. No matter how elaborate
the efforts to protect user privacy, some users (particularly
those with low digital media literacy) may not fully
understand what kind of personal information is being
tracked at the back end.
11. Scalability allows SnehAI to achieve large-scale user reach
by leveraging the popularity and massive user base of
Facebook in India, especially among adolescents and young
adults. All the information on SnehAI is digitally produced
and can be easily replicated for dissemination. As a
stand-alone mobile app, SnehAI can be an effective digital
tool for frontline health workers to share with young men
and women. Harnessing the existing health care and
field-based health education networks can easily spread
SRH resources on SnehAI across tens of millions of users,
with the probability of some creative content going viral.
Currently there is no option in SnehAI for users to
recommend the chatbot to other Facebook friends. In
addition, no aggregate user engagement information is
shared in the chat function to further grow the SnehAI user
base.
12. Glocalizability allows SnehAI to reach the youth living in
India and around the globe. The intentional use of colloquial
Hinglish makes the AI chatbot particularly approachable
and friendly for young people. Regardless of where a user
lives, there is a certain level of universality with respect to
curiosity, challenges, and experiences related to SRH issues.
It is commendable that SnehAI, version 2.0, offers
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information on 2 nationwide helplines. Unfortunately, no
location-based content tailoring is available at this time to
contextualize the SRH information for individual users, nor
is there a capability to facilitate direct connections with
existing local health and social services.
13. Inclusivity affords SnehAI to be welcoming of users with
diverse backgrounds, especially underserved population
groups such as women, youths, and rural residents. Once
SnehAI can be accessed, the service is free. In addition, AI
chatbots are becoming increasingly capable of processing
human voice as user input, such as Siri and Alexa. Rather
than depending on the users’ reading and writing skills, a
voice-based option can benefit people with low literacy and
make SnehAI even more inclusive. Meanwhile, the chatbot
presents some privacy risks for users with low digital
literacy. Imagine a worrisome parent finding a teenager
asking about sexually transmitted infections or a controlling
husband finding his wife learning about injectable
contraception. With time, other functions may be
incorporated to provide additional education and protection
to the most vulnerable users.
14. Connectivity allows SnehAI meaningful opportunities for
parasocial interactions to occur between a user and the
chatbot via Dr Sneha’s avatar. Parasocial interactions
typically occur in pseudorelationships between a media
user and a media personality [67]. For SnehAI users, having
someone they can trust to talk about SRH is much better
than having no one. According to our data science team,
“Many opened up and shared deeply personal issues. Some
were keen in knowing more about Dr. Sneha’s whereabouts,
wanting to talk in person, and even asked for her WhatsApp
number.” In the current version, options are not yet available
to safely connect a user with other trusted real-life friends
through Facebook Messenger. There is also no direct
connection to link one user’s queries with others’ queries
to securely facilitate peer-to-peer or social learning.
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15. Actionability affords SnehAI users to take action as the

direct result of their conversations with the chatbot. For
example, they can share in-person SRH information that
they have learned with their trusted peers. Such private and
casual information sharing is, in fact, how many people
learn about SRH in the first place. They can also call
national helplines to seek professional consultation for
themselves or others. Currently, there is no possibility of
directly calling through the AI chatbot app or appointment
scheduling capabilities with local health or social services.
However, with the rapid development of AI technologies
such as Google Assistant, more affordances can and will
become available for users in due time.

User Engagement With SnehAI
To answer research question 2, we examined the aggregate
Dashbot analytics data on SnehAI user behaviors. Over a
5-month period, 8,170,879 messages were exchanged between
SnehAI and 135,263 unique chatbot users, including 5,100,449
(62.42%) outgoing messages from the chatbot to the users and
3,070,430 (37.58%) incoming messages from the users to the
chatbot. The ratios between outgoing and incoming messages
were consistently around 60:40 over time, with the exception
of repeated outgoing messages in July (such as technical errors,
which are marked with asterisks in Figure 3). Specifically,
incoming messages from the users to the chatbot were sent
through free texts (1,599,339/2,878,908, 52.09%); clickable
reactions (1,279,569/2,878,908, 41.67%); or GIFs, audios,
images, and videos (191,522/2,878,908, 6.24%).
The average user engagement with SnehAI was 1.9 sessions,
7.6 minutes, and 56.2 messages exchanged (Figure 4). The time
spent by top users increased from 2 to 3 hours in the first 3
months to 7 hours in 14 sessions in August and 14 hours in 47
sessions in September.

Figure 3. SnehAI chatbot outgoing versus incoming message ratios over time.
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Figure 4. SnehAI chatbot average user engagement over time.

User engagement was also tracked through the content
categories, including both guided flows using clickable reactions
and the handling of free-text messages using NLP. Although
multiple messages could have been exchanged with SnehAI
each time a user engaged with a particular content category, the
overtime trends of engagement frequencies across different
content categories provided empirical evidence of user response
and preference. From onboarding, to learning about Sneha, to
its privacy policy, and its main menu to the videos, stories,
games, helplines, and query responses through NLP, the chatbot
users traversed across these content areas for 1,430,416 times
over the course of 5 months. Approximately half
(705,305/1,430,416, 49.31%) of these interactions were about
the chatbot responding to the user queries, including small talks
and any questions related to themes of health communication
(Figure 5). The next highest frequency content category was
onboarding (257,042/1,430,416, 17.97%), about SnehAI
(115,131/1,430,416, 8.05%), privacy policy (96,305/1,430,416,
6.73%), main menu (83,692/1,430,416, 5.85%), helplines
(71,211/1,430,416, 4.98%), stories (61,582/1,430,416, 4.31%),
games
(20,897/1,430,416,
1.46%),
and
videos
(19,251/1,430,416, 1.35%). These trends in content engagement
distribution were relatively consistent (with occasional
fluctuations).
Our analytics tracking data showed a count of 99,936 typed text
messages from the users that SnehAI handled and responded
through the NLP system with queries related to the six topical
themes (Figure 6): safe sex practices, such as consent, frequency
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of sexual intercourse, oral and anal sex, impact of other health
ailments on sex life, and unplanned pregnancy (57,158/99,936,
57.19%); choice of family planning methods, such as male and
female condoms, oral contraceptive pills, intrauterine devices,
injectables, and SRH-related themes, such as abortion, sexual
intercourse during and after pregnancy, polycystic ovarian
disease, and infertility issues (6287/99,936, 6.29%); female
reproductive health concerning menstruation (eg, regularity,
pain, discharge, and spotting), virginity, and premarital sex
(13,965/99,936, 13.97%); adolescent sexual health issues, such
as nightfall, masturbation, pornography, sexual stamina, erectile
dysfunction, and STIs (15,160/99,936, 15.17%); adolescent
mental health issues regarding peer pressure and bullying
(2343/99,936, 2.34%); and nutrition and social determinants of
health, such as child marriage and gender equality (4623/99,936,
4.63%).
With Facebook’s approval, we accessed the SnehAI chatbot
user’s gender-disaggregated data. What we discovered was an
extreme gender gap (Figure 7): among the unique chatbot users
over this 5-month period, 93% (125,795/135,263) were male,
6.8% (9198/135,263) were female, and 0.2% (270/135,263)
unknown. This gender ratio was disproportionally skewed
toward male users compared with that in the United Nations
Development Programme report on gender distribution of
internet users (29% female) and Facebook users (22% female)
in India [12], as well as with that of the general population (48%
female) according to census data [2].
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Figure 5. SnehAI chatbot content engagement distribution over time.

Figure 6. SnehAI chatbot free-text queries content distribution over time.
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Figure 7. Gender gap in SnehAI users compared with internet and Facebook users in India.

Even worse, based on the 15,000 sampled queries, our data
science team found “a behavioral pattern with female users
showing significantly lower self-confidence in their
conversations with SnehAI.” This might be a function of female
users facing gender disparities in mobile device ownership and
low digital media literacy in India.
Furthermore, they are likely less comfortable about openly
discussing SRH and may hold higher levels of privacy concerns
for digital abuse and sexual exploitation. In contrast, there were
incidents where male users requested SnehAI to set up a girl
for them, and some even engaged in obscene chats with her
expressing intimacy through sexting, asking for porn videos,
and using abusive language. A few questions also showed the
darkest side of sexual abuse, with male users inquiring which
tablets they could give girls if they were unwilling to have sex
with them, with the intention of overriding consensual sex.

Discussion

Moreover, the NLP system worked smoothly and effectively
to personalize the chatbot response and optimize user
experience.
Using the theory by Gibson to guide our research inquiries and
building on the existing literature, we distilled 15 functional
affordances of SnehAI. The results of our instrumental case
study provide evidence that SnehAI offers a safe space for users
to talk about sensitive SRH topics, seek and obtain accurate
information, access services locally through helplines, and seek
personal counseling:
1.

2.
3.
4.

Principal Findings
SnehAI pioneered the use of an AI chatbot to engage users,
especially young men, in conversations about SRH. A total of
8.2 million messages were exchanged in a 5-month period, with
almost half of the incoming user messages being free-text
queries comprising personal questions and concerns about SRH.
Overall, the SnehAI avatar based on Dr Sneha—the protagonist
in Main Kuch Bhi Kar Sakti Hoon television show—presented
itself as a trustworthy friend and mentor. Furthermore, the
curated content from this gender equality and family planning
initiative was found to be both entertaining and educational.
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5.
6.
7.
8.

Accessibility: SnehAI provided a digital platform for Indian
youth to access highly accurate and credible information
about SRH in a safe, nonjudgmental space.
Multimodality: SnehAI used popular media modalities such
as videos, GIFs, and emojis to enhance engagement.
Nonlinearity: SnehAI offered curated content in branched
categories that invited nonlinear navigation.
Compellability: SnehAI compelled the users to open up
through her relatable and approachable avatar image and
tone.
Queriosity: SnehAI welcomed queries that encouraged user
curiosity about SRH topics.
Editability: SnehAI enabled users to reword, redraft, and
rescript how they showed up in the digital space.
Visibility: SnehAI enabled users to privately and securely
save chat history, making it visible at any point.
Interactivity: SnehAI simulated conversational turn-taking
and immediate verbal and nonverbal feedback.
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9.

10.
11.

12.
13.
14.

15.

Customizability: SnehAI enabled users to navigate the
curated content according to their interests and used its
machine learning capability to customize responses.
Trackability: SnehAI tracked users’ web-based behaviors
through their clickable actions and self-generated content.
Scalability: SnehAI holds tremendous potential for scaling
up through various adolescent health education programs,
networks of frontline health workers, and diverse service
providers.
Glocalizability: SnehAI enabled linkages between young
people and service providers in their local areas.
Inclusivity: SnehAI served as a free digital consultation
repository for all users.
Connectivity: SnehAI created the conditions for users to
connect parasocially with a respected and trustworthy avatar
at a deeply personal level.
Actionability: SnehAI used the power of transmedia
storytelling to inspire users to take concrete actions to seek
help for themselves and their peers.

Meanwhile, we also discovered an extreme gender gap among
the many potential disparities. The patriarchal restrictions on
women’s autonomy, mobility, and self-expression in India are
vividly reflected in SnehAI user analytics data. This disparity
in ratio is a risk and can introduce gender bias in the AI chatbot’s
NLP model. Our team is currently adapting field-based
promotional strategies to include more female users. Other
specific opportunities for improvement based on our results
include the following:
1.

2.
3.

4.

5.

6.

7.

A more intelligent NLP model coupled with targeted
behavior change strategies focusing on awareness building
and empowerment of women and girls to reduce gender
bias.
A system setting of reminders and nudges to re-engage
idling and inactive users.
An option to edit or recall a text message after sending it
out to the chatbot or to use voice-based input and output to
include users with low literacy.
A possibility to customize the menus, filter contents, and
search information in the chatbot when the digital artifacts
propagate to a larger scale.
A feature that allows the user to invite other trusted friends
to use the chatbot and leverage anonymous and aggregated
user data to boost user participation and peer-to-peer
learning.
A mechanism to educate the most vulnerable users on how
to protect their privacy, safely participate in web-based
activities, and advocate for their basic human rights.
A network that can directly connect the chatbot users to
their local health and social services, for instance, enabling
helpline dialing and scheduling appointments through the
chatbot.

Practical Implications
Our findings hold important policy and programmatic
implications for health informatics, especially for the design of
user-centered and AI-driven interventions. Understanding both
positive and negative aspects of the affordances of AI chatbots
such as SnehAI can help inform future endeavors to reinforce
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and amplify the positives and minimize the negatives when
designing, implementing, and studying these technologies. The
15 affordances of SnehAI can serve as a comprehensive
checklist for similar apps. It helped our research team to pinpoint
the unique attributes and strengths of SnehAI and clarify the
next steps for future improvements. They can also help chatbot
design and analytics teams to select key performance indicators
to track over time and monitor user behavioral patterns to ensure
the safety of the environment and improve user engagement.
This case study also described the NLP model used in SnehAI,
version 2.0, to customize the interactions between an AI chatbot
and a user. NLP helps optimize the conversation dynamics and
personalize the user’s journey, thus getting us closer to
accomplishing the United Nations sustainable development
goals, focusing on good health and well-being, gender equality,
and quality education.
In addition, by covering all relevant aspects of the SnehAI
chatbot, we learned that when treating technologies as artifacts,
their affordances should include not only the specific app itself.
What is equally, if not more, important is to include the
information systems and communication networks an app is
nested in, as all of them are interconnected and interdependent.
SnehAI could not be functional without Facebook Messenger,
access to mobile devices, or mobile connections to the internet.
Furthermore, studies on technological affordances should
routinely include attention to legal and social regulatory systems
that are usually invisible to the public. This is particularly
pertinent when a citizenry is divided along the lines of prejudice
and hierarchy, such as class, gender, and race. The rapid
development of AI technologies will continue to challenge
innovators, marketers, and users with moral dilemmas. Our
team’s experience working directly with the intended users of
SnehAI to respect the circumstances of their living conditions
while facilitating meaningful social and behavioral change has
demonstrated great value in cocreation and collaboration.

Theoretical Implications
Our case study on SnehAI demonstrated both the robustness
and adaptability of Gibson’s theory of affordances, some 40
years after it was proposed. At the same time, our investigation
of SnehAI also sheds light on research gaps in the current
literature on technology affordances and offers new insights to
expand this theoretical framework. Only when there is a deeper
understanding of the design of a user interface and its operating
system behind the screen (similar to what our research team
did) that it becomes possible to evaluate new technology’s
affordances—through their existence, recognition, and
realization. Researchers should return to the basic functionalities
before jumping to conclusions about other types of social,
cognitive, emotional, and therapeutic inferences.
Second, there is a utopian bias in affordances in new media
studies. It is important to balance technological determinism
and social constructivism when examining the social shaping
and consequences of emerging technologies. The identification
of affordances by nature is a function of one’s individual
capability. An affordance is permanent, but its perception is
dependent on the individual’s culture, history, effort, and
necessity. Consequently, it is critical for users to be at the front
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and center of the design. SnehAI was developed keeping the
user in mind, as the path of affordances perceived by users in
India would be unique to them. Affordances incorporate the
microbehaviors exhibited by users, making it imperative that
there is a balance between actionable possibilities that are both
positive and negative and to proactively address potential risks
and concerns, especially when the intention is to better serve
the underprivileged populations.
Finally, the human–AI interactions that we observed through
SnehAI were intriguing. This can be viewed as a contemporary
version of what Horton and Wohl [67] called parasocial
interaction between mass media users and media personalities
on radio or television. It can also be viewed as a variation of
player–avatar interaction in game research [68]. The narrative
connection to SnehAI and its friendly avatar in a private
conversational setting offers several opportunities for theoretical
development
in
human–computer
interaction
and
computer-mediated communication.

Limitations and Future Research
Our instrumental case study did not include any primary data
collection from SnehAI users. This is a necessary next step.
Although Main Kuch Bhi Kar Sakti Hoon Facebook page
analytics provided useful proxies for Facebook users, direct
contact with the AI chatbot users themselves using surveys
would be immensely useful to pursue. With their permission,
such self-reports can gain invaluable knowledge about SnehAI
users’ characteristics, such as age, gender, geographic location,
and socioeconomic status. In particular, this user profiling
approach can provide empirical evidence about several
affordances discussed in this paper, namely, accessibility,
inclusivity, glocalizability, and scalability.
Additional theoretical models of technology acceptance [69],
uses, and gratifications [70] may further deepen our
understanding of key factors that help individuals decide to
adopt chatbots such as SnehAI, the specific cognitive, affective,
and social needs that are fulfilled, and reasons why certain users
would choose to return and continue their conversations with
the chatbot repeatedly. These aspects of user motivations and
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behaviors can be assessed through cross-sectional or longitudinal
surveys and triangulated with in-depth interviews. Comparing
different groups, such as nonusers, light users, and heavy users,
can provide additional insights into psychological and contextual
determinants.
Although SnehAI, version 2.0, is a stand-alone app, the avatar
is still based on the protagonist of Main Kuch Bhi Kar Sakti
Hoon, and much of its user content is still curated from 3 seasons
of the popular television serial drama—183 episodes, 30 minutes
in duration and transmedia extensions on digital platforms. This
connection gave SnehAI chatbot a compelling face or interface
and connected it to a much larger background story with rich
SRH information and effective behavior modeling [56,57]. To
better study the social impact of this AI chatbot, a field- and
web-based experiment can be conducted to test the differences
between SnehAI as a stand-alone SRH intervention, SnehAI as
a transmedia edutainment extension, and conventional SRH
education without SnehAI among Indian adolescents and young
adults that need it the most.

Conclusions
As the first Hinglish (Hindi and English) AI chatbot deliberately
designed for social and behavior change communication, SnehAI
is an innovative, unique, and promising app for engaging
vulnerable and hard-to-reach populations groups in the context
of SRH education and discussion. It offered a private,
nonjudgmental, and safe space for users to talk about otherwise
sensitive topics, obtain accurate and trustworthy information,
access national services through toll-free helplines, and seek
personalized consultations. It also opened up exciting
opportunities to leverage the emotional appeal of storytelling
through thoughtful yet entertaining content, positive outlook of
an avatar, relatable verbal and nonverbal expressions, and
friendly tone of voice to effectively engage young people in
talking and learning about SRH. The comprehensive checklist
of affordances and critical user engagement analytics from this
case study are not only a powerful testimonial of SnehAI itself
but also a significant representation of the potential and impact
of AI technologies on social good.
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Abstract
Background: South Asian community members in Canada experience a higher burden of chronic disease than the general
population. Digital health innovations provide a significant opportunity to address various health care challenges such as supporting
patients in their disease self-management. However, South Asian community members are less likely to use digital tools for their
health and face significant barriers in accessing them because of language or cultural factors.
Objective: The aim of this study is to understand the barriers to and facilitators of digital health tool uptake experienced by
South Asian community members residing in Canada.
Methods: This study used a qualitative community-based participatory action research approach. Residents from Surrey, British
Columbia, Canada, who spoke 1 of 4 South Asian languages (Hindi, Punjabi, Urdu, or Tamil) were invited to participate in focus
group discussions. A subsample of the participants were invited to use photovoice methods in greater depth to explore the research
topics.
Results: A total of 197 participants consented to the focus group discussions, with 12 (6.1%) participating in the photovoice
phase. The findings revealed several key obstacles (older age, lack of education, and poor digital health literacy) and facilitators
(social support from family or community members and positive attitudes toward technology) to using digital health tools.
Conclusions: The results support the value of using a community-based participatory action research approach and photovoice
methods to engage the South Asian community in Canada to better understand digital health competencies and needs. There were
several important implications for policy makers and future research, such as continued engagement of community leaders by
health care providers and administrators to learn about attitudes and preferences.
(J Med Internet Res 2022;24(1):e25863) doi:10.2196/25863
KEYWORDS
immigrants; community-based participatory action research; eHealth; delivery of health care; photovoice; South Asian; digital
health; mobile phone
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Introduction
Background
The South Asian population is one of the largest and
fastest-growing ethnic minority groups in Canada, comprising
nearly 2 million individuals (5.6% of the general population)
in 2016 and increasing annually [1]. South Asian immigrants
(ie, people whose ethnic roots originate from the Indian
subcontinent, including India, Pakistan, Sri Lanka, Nepal,
Bangladesh, Maldives, and Bhutan) experience a higher burden
of chronic diseases than the general population (eg,
cardiovascular disease and type 2 diabetes) [2,3], tend to have
more risk factors for chronic diseases [4,5], and face many
challenges accessing tools to prevent chronic disease and
manage their health conditions [6,7]. Consequently, there is a
pressing need to address barriers to health care access for South
Asian community members [8] and reduce health inequities [9].

Digital Health Tools
The prevalence and widespread availability of digital health
(eHealth) innovations provide a significant opportunity for
addressing various health care challenges [10]. A systematic
review of literature on eHealth attempted to understand the
various ways it can be defined and found 51 different definitions
[11]. The authors of the review concluded that developing
another definition in an attempt to improve or summarize
previous definitions did not make sense, given that specific
wording will have a place in different contexts, and therefore
did not merit delineating further. For the purposes of this
research, digital health can be broadly defined as the transfer
and delivery of health care and health resources and services
through information and communication technologies [12].
Digital health tools specifically are considered the physical tools
required to access digital health technology. For example, the
use of electronic health records, making medical appointments
or filling prescriptions on the web, telehealth for rural patients,
or using a smartphone app to track one’s health status. It is
estimated that if all Canadians had access to digital health tools,
it would decrease 47 million in-person visits to health care
providers and 18.8 million hours in absenteeism from work,
representing an annual gain of CAD $400 million (US $312
million) in gross domestic product, and provide 51 million
additional hours to spend on leisure activities [13]. Research
on digital health and the impact on quality of care tends to
measure quality of care from the health care professional or
management perspective. For instance, a large retrospective
study compared quality of care at sites using electronic health
records versus those using only paper-based records for patients
with chronic health conditions [14]. The study found an
improvement in quality of care and outcomes according to
regional standards of care. The successful incorporation of
digital health tools into one’s health care activities relies on
appropriate levels of digital health literacy [15], which is based
on the intersection of six foundational literacies: traditional
literacy and numeracy as well as computer, health, information,
media, and science literacies.
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sociotechnical challenges [16] or misalignment between design
and user needs [17]. In particular, immigrants and older adults
can face specific challenges concerning access and uptake of
digital health tools [12]. In a sample of Punjabi-speaking South
Asian individuals in Canada, older age, female gender, lack of
language proficiency, and lower socioeconomic status were all
associated with less use of technology for health
self-management [12]. A large survey conducted in Alberta,
Canada, gives a picture of technology and digital health tool
use among South Asian Canadian adults. It found that 74.5%
of the participants reported using the internet, with 47.8% using
it for health information–seeking purposes; 74.9% reported
using smartphones, and of these respondents, 30.7% had apps
related to health and fitness [18]. The survey also found that
older age and lower educational attainment predicted lower use
of the internet and smartphones, among other factors. In
addition, the survey found that preferring languages other than
English predicted lower likelihood of using different forms of
eHealth. Although digital health innovations exist to support
prevention and management of chronic diseases, these tools are
often not culturally tailored or used by South Asian populations
in Canada [12,19]. This gap could lead to disparities in health
knowledge and services [20]. As such, implementing digital
health–related innovations among South Asian Canadians
requires understanding and addressing barriers and facilitators
that they may face when using digital health tools.

Community-Based Participatory Action Research and
Photovoice
Community-based participatory action research (CBPAR)
methods [21,22] have several advantages compared with
conventional researcher-driven methods. By co-designing and
co-leading the advancement of research between community
members and researchers, CBPAR can empower and build
capacity in the community and acknowledges that community
members are experts in their own right concerning issues
affecting them [23]. Thus, CBPAR can foster understanding of
research from the participants’ point of view and capture
important insights that may be missed by investigators external
to the community.
Photovoice is a process that uses photography and discussion
to bring attention to community issues and aims to empower
the community of interest [24,25]. This methodology invites
participants to take photographs in their daily lives that capture
concepts important to the research question [26], and they write
the meaning of the photograph in their own words. Once the
set of photographs is captured, a group discussion follows to
share the meaning behind the photographs. A review of studies
using photovoice illustrates that this approach can engage
communities in meaningful research to promote positive change,
even in hard-to-reach populations [23]. Photovoice can
overcome potential barriers related to language and literacy
through the emphasis on photographs [26], and therefore it was
identified as a valuable method for this study where such barriers
may exist among participants.

Despite the benefits, there can be significant barriers to the
uptake of digital health tools by individuals, such as
https://www.jmir.org/2022/1/e25863
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This Study: Interactive Health Education Action for
Life (iHEAL)
We conducted this 2-phase CBPAR study to better understand
the barriers to and facilitators of digital health uptake among
the South Asian Canadian community. This study engaged the
South Asian community in Surrey, a municipality in Metro
Vancouver in western Canada with a large South Asian
population. At the time of data collection, Surrey had a total
population of 517,885, with a growth rate of 11% from 2011
to 2016 (compared with 7% for Metro Vancouver) [27].
Immigrants make up 43% of the population, with 41%
originating from India, and South Asian individuals make up
one-third of the population [27]. The regional health authority
has identified that South Asians have poorer reported health
than the general population, with type 2 diabetes and
cardiovascular disease 2-3 times higher and 46% of the older
adults having ≥2 chronic diseases [5].

Research Aims
This iHEAL study has 3 primary objectives. First, it aims to
gain a deeper understanding of the barriers and facilitators
experienced by Surrey’s South Asian community in using digital
health tools for self-management and prevention of chronic
disease. Second, it aims to provide an opportunity to engage
the community and increase awareness and capacity with
research and technology. Third, it aims to illuminate key policy
areas related to the development and uptake of digital health
tools in this population.

Ethical Approval
All procedures performed with participants in this study were
in accordance with the ethical standards of the Behavioural
Research Ethics Board of The University of British Columbia,
which provided ethics approval for conducting the study
(H14-02308), and with the 1964 Declaration of Helsinki and
its later amendments. Informed consent was obtained from all
individual participants included in this study.

Methods
Study Design
This iHEAL study comprised two phases: (1) focus group
discussions and (2) photovoice. Given the diversity within
Surrey’s South Asian community and the different languages
spoken, the methods purposively targeted communities speaking
Punjabi, Hindi, Urdu, and Tamil to represent a plurality of views
[27]. Guided by community-based participatory action
methodology [21,22], the team established an advisory
committee to expand the engagement of community
organizational leaders as well as to recruit 7 peer community
researchers (PCRs) from the South Asian community to provide
culturally appropriate research support for the project and build
research capacity in the community itself.
The research team sought to ensure that the initiative was truly
co-designed and co-led with the community. The research group
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had a long-standing relationship in Surrey’s South Asian
community, with multiple researchers on the team being from
the community itself. These researchers came with a wide
variety of perspectives and expertise. The initial phases of the
initiative were informed by two groups: (1) a broad group of
stakeholders with various interests, agendas, and mandates and
(2) leaders from various community-based organizations. Both
groups aimed to collaboratively identify key research questions,
target populations, methods of engagement, and other aspects
core to the research initiative. These sessions were facilitated
in the language of the community by members of the
community. The research tools developed with partners were
translated into the target languages, after which a small cadre
of partners reviewed them to ensure that the questions made
sense and resonated. For instance, a question regarding any
differential impact of gender roles and experiences of digital
health tools was included because this was identified as an
important area to explore by the community. The community
partners conducted focus groups, facilitated photovoice sessions,
analyzed data, and disseminated findings.

Participants and Sampling Method
Recruitment was facilitated by a community liaison, community
leaders, PCRs, and The University of British Columbia research
team. Language-appropriate posters and recruitment booths
were hosted by the team at community centers, schools, and
places of worship. Eligible participants were adults (aged ≥18
years) of self-identified South Asian background who were able
to converse in 1 of the 4 target languages (Punjabi, Hindi, Urdu,
or Tamil) or English. Taking into account the population who
face the highest barriers and challenges to integrating digital
health tools into their self-management regime [12,18],
recruitment primarily targeted older adults. However, the
inclusion criterion was kept at age ≥18 years to accommodate
other participants interested in joining the study or younger
family members of participants interested in joining the study.
Notably, older adults are often supported in their technology
needs by other family members in South Asian households.
Interested individuals were provided with further information
about the study and given time to consider and voice any
questions or concerns, after which they could give informed
consent if they wished to participate.

Procedures and Data Collection
Phase 1
Focus group discussions were semistructured, with questions
designed to explore barriers to and facilitators of digital health
tool use. A trained focus group moderator led each discussion
using a template with 5 primary questions and follow-up
questions where clarification was necessary (Textbox 1). Each
focus group discussion was 60 to 90 minutes in duration and
audio recorded with participants’ consent. The 7 PCRs guided
the focus group discussions and provided language support as
needed.
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Textbox 1. Primary questions for the phase 1 focus group discussions.
Primary questions and possible follow-up questions and prompts
•

What is one important health related priority you have for you and your family?
•

•

•

•

•

What are some of the obstacles you come across in staying healthy? Think of any and all aspects of health such as physical health and mental
health.

How do you most commonly access the health information you need?
•

Why do you choose to use those resources in particular?

•

Whom do you trust most when deciding what information will help you manage your health?

Does technology play a role helping you manage your health?
•

What do you use technology to help with specifically?

•

What stops you from using technology?

•

What makes some technologies easier or harder to use than others?

What has your experience been with health information on the web?
•

Do men and women experience the same challenges to using technology to obtain health information?

•

What do people see as concerns and barriers (for example, is the material available in your own language?)

How is the current health system supporting or interfering with your ability to manage your health?
•

How can the health system support you to use digital health technology to better manage your health?

Phase 2
We sought to recruit 12 participants from phase 1 into the
subsequent photovoice phase, given that this sample size is the
gold standard for the photovoice process and ensures a
proportional selection of participants from each language
community [21,22]. Orientation sessions were held to review
the study purpose, time commitment, and procedures, as well
as to answer questions. The sessions explained how to use the
cameras provided and gave participants the opportunity to
practice taking, accessing, and deleting photographs. Each
participant was assigned a PCR to provide support for the
duration of this phase. Participants were given 14 days to take
10-15 photographs that reflected their experiences of using
technology to improve their own health and the health of their
community. Three discussion questions to guide the photography
activity were developed by the researchers and PCRs to ensure
cultural appropriateness:
1.
2.
3.

What comes to mind when you think about using technology
to learn more about health or manage it?
What difficulties do you face when using technology to
learn more about health or manage it?
What helps you use technology to learn more about health
or manage it?

The photographs were printed and used in the focus group
discussions with the consent of participants.

Data Analysis
The focus group discussions from both studies were
professionally translated and transcribed verbatim. A
constant-comparison method [28-30] was used to analyze the
focus group transcripts using NVivo software (version 10; QSR
https://www.jmir.org/2022/1/e25863
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International). Anonymized data were uploaded onto NVivo,
and the data from all focus groups were compiled and, for each
phase, analyzed separately in 3 stages. Stage 1 involved
chunking the data into smaller units and coding them into a few
words or short paraphrased text according to the essence of each
individual quote. Stage 2 involved grouping these codes into
wider categories, and stage 3 involved regrouping or merging
related text to create overarching themes. This approach is useful
when analyzing data across multiple focus groups, enabling the
comparison of data across groups to see if similar themes emerge
and check for saturation of data to indicate the salience of
themes across the entire sample. The data were independently
analyzed by 2 researchers (KA and HM), and themes were
checked and cross-referenced by a third researcher (AH) to
determine reliability and validity. The final themes were selected
based on consensus and the quantity and quality of supporting
data. A researcher involved in the data analysis was from the
South Asian community and provided additional insight to
contextualize any themes that were culturally specific. The
themes were presented back to participants at a presentation as
part of an event to showcase the photographs taken in phase 2
(with consent), and feedback was obtained from participants
indicating that the themes captured the essence of the discussions
and did not miss key information.

Results
Overview
Phase 1 data were collected from March 2015 to June 2016. A
total of 197 individuals residing in Surrey participated: 81
(41.1%) Punjabi-, 67 (34%) Hindi-, 35 (17.8%) Urdu-, and 14
(7.1%) Tamil-speaking participants. In all, 26 focus groups were
conducted (mean 7.6, SD 1.8 participants per group), with 13,
J Med Internet Res 2022 | vol. 24 | iss. 1 | e25863 | p.1420
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7, 4, and 2 focus groups conducted for the Punjabi-, Hindi-,
Urdu-, and Tamil-speaking communities, respectively. During
the initial focus groups, the moderators observed that men spoke
much more than women; therefore, subsequent focus groups
were separated by self-reported gender to promote a balance of
perspectives. For phase 2, of the 197 participants, 12 (6.1%)
completed the photovoice component, and 2 focus groups were
conducted in July 2016 to share photographs with the group
and discuss their meaning.

Hyman et al

Demographic Characteristics
For phase 1, a total of 197 people participated with consent;
however, demographic data were completed by only 130 (66%)
participants (Table 1). The participants had a mean age of 65.4
years (SD 12.1 years, range 31-90 years), with a large proportion
of older adults. Almost all participants were born outside of
Canada, with most of them residing in the country for at least
10 years. Most of the participants (111/130, 85.4%) indicated
that their physician was their primary source of health
information, and approximately half reported that the internet,
family and friends, and television and radio were secondary
sources.

Table 1. Phase 1 participants’ demographics by language group (N=130)a.
Demographics

Punjabi (n=45)

Hindi (n=47)

Urdu (n=23)

Tamil (n=13)

Total (N=130)

<50

6 (13)

0 (0)

2 (9)

9 (75)

19 (15)

51-60

2 (4)

4 (9)

2 (9)

0 (0)

8 (6)

61-70

14 (31)

25 (53)

10 (46)

3 (25)

52 (41)

>70

23 (51)

18 (38)

8 (36)

0 (0)

49 (38)

Missing

0

0

1

1

2

Female

27 (60)

23 (55)

7 (32)

6 (46)

64 (52)

Missing

0

5

1

0

6

Secondary or below

15 (34)

11 (25)

10 (50)

1 (8)

37 (30)

Diploma

4 (9)

10 (23)

4 (20)

1 (8)

19 (16)

Undergraduate

17 (39)

12 (27)

3 (15)

4 (33)

36 (30)

Postgraduate

8 (18)

11 (25)

3 (15)

6 (50)

30 (25)

Prefer not to say

1

3

3

1

8

<40,000 (31,241.10)

12 (27)

21 (57)

13 (87)

3 (38)

49 (62)

40,000-60,000 (31,241.10-46,861.60)

4 (22)

9 (24)

1 (7)

0 (0)

15 (19)

>60,000 (46,861.60)

2 (11)

7 (19)

1 (7)

5 (63)

15 (19)

Missing or prefer not to say

27

10

8

5

48

Born outside of Canada

43 (98)

46 (100)

23 (100)

13 (100)

127 (99)

Born in Canada

1 (2)

0 (0)

0 (0)

0 (0)

2 (2)

Missing

1

1

0

0

2

<5

3 (7)

0 (0)

2 (9)

4 (31)

9 (7)

5-10

5 (11)

5 (11)

3 (13)

3 (23)

16 (13)

11-20

8 (18)

9 (20)

6 (26)

3 (23)

28 (22)

>20

28 (64)

31 (69)

12 (52)

3 (23)

74 (58)

5 (11)

4 (9)

1 (4)

2 (15)

12 (9)

Age (years), n (%)

Gender, n (%)

Education, n (%)

Household income per year (CAD $; US $), n (%)

Place of birth, n (%)

Resident in Canada (years), n (%)

Participated in phase 2, n (%)
a

Percentages were calculated after removing missing and prefer not to say responses from the denominator. In all, 2 participants included in the Total
column were missing their language group.
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Themes
The qualitative analysis of the focus groups revealed various
themes that were consistently identified in both phases. Reported
here are first the themes common to both phases, followed by
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the themes unique to each phase. Finally, additional themes that
were specific to phase 2 regarding the photovoice component
are reported. Table 2 presents a summary of the core themes
identified.

Table 2. Summary of barriers and facilitators to accessing digital health tools.
Summary

Facilitators

Common themes across both •
phase 1 and phase 2
•

Unique to phase 1 (focus
groups only)

Barriers

Social support (eg, from family members to use digital •
•
health tools)a
•
Positive attitude toward using digital health
Subthemes for positive attitudes:
•
•
Convenience (eg, saves travelling time)
•
Enhances awareness of health (eg, monitoring
•
•
activity levels through wearables)
Reduces
need
for
hospitalization
(eg,
sleep
apnea
•
machines can be used at home)

•

Provides opportunities
To learn about health (eg, reading on the internet
•
about how to manage health conditions)
For social connection (eg, using Skype to connect
•
with friends and family)
For physical activity and mental stimulation (eg,
•
technology use for games and activities)

•

Familiar platforms and places (for learning and
knowledge sharing)

•
•
•
•

Unique to phase 2 (photovoice)

•
•
•

a

Computer classes (willingness to learn starting with
computer classes)
Usability of technology (accessibility and userfriendly technology encouraged digital health tool
use)
Social sharing (of health information has potential to
promote use of digital health tools)

•
•
•
•

Language (eg, English as a second language)
Literacy levels (eg, medical terminology)
Computer and technology literacy (not having learned
to use computers)
Recognition of a negative impact on health (associating time spent on the internet as being unhealthy)
Time constraints (lack of time to learn to use digital
health tools)

Age-related self-efficacy (lack of confidence in perceived ability to learn because of age)
Gender roles (eg, women reporting less digital health
tool use because of caring and familial responsibilities)
Limited trust in digital health sources (many only
trusting physicians’ word)
Cultural norms of communication (preference for inperson interaction)
Financial (many reported financial constraints to accessing tools)
General self-efficacy (general lack of confidence reported in ability to use tools)
Lack of motivation (some reported a lack of desire to
put effort into trying to use tools)
Lack of awareness (many reported not knowing much
about the tools available and how to access them)

Italicized results are further described in the subsections below.

Common Facilitators Across Both Phases
Social Support
Support from family, especially younger generations, was
frequently cited as a facilitator to using digital health tools: “
Online...I [get] help from my kids. I can’t use [a] laptop, but
[my] kids always help me whenever I need to know something.”
There was agreement across many participants that family is a
great source of support in using technology: “[I] think most
grandchildren, sons and daughters all provide us help in that
case.”

Positive Attitude Toward Using Digital Health
In phase 1, participants identified more than 20 advantages for
using digital health tools, for example:
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It is very useful for health. It is good for general
knowledge. You can see the whole world through
[the] internet. It is a need of today’s life.
What I have noticed is after coming here from India,
people are becoming more active physically and
mentally. Only technology has made them more
active.
Despite the challenges identified, participants largely agreed
on the importance of technology, especially for those who have
limited mobility: “To learn [the] internet is very necessary for
those seniors who have difficulty in moving around.”
In phase 2, participants also identified numerous advantages to
using digital health tools:
•

Convenience: several participants photographed digital
health tools such as pedometer devices, blood pressure
machines, and blood glucose monitors (Figure 1) and talked
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•

•

about the convenience of health technology: “Now I can
check my blood pressure at home whenever I have a need
to do it....”
Enhances awareness of health: discussion around the
photograph of a Fitbit device sparked conversation about
the power of technology to enhance awareness of health:
Awareness also [about] how much [exercise] you
have done, how much you should do: it helps. If the
steps are less [than they should be] you can walk
more and if it’s more then you don’t exert anymore.
Provides opportunities to learn about health: many
participants referenced ways in which technology can
provide opportunities to learn about health, for example:

If there is any health issues or disease, we can go to
the internet and see why it has happened, the
precaution we need to take and diet we need to follow.
We can know everything from the internet.
Some participants spoke about the advantage of being able to
read health information on the web in different languages:

Hyman et al
•

•

•

Reduces need for hospitalization: discussion around a
photograph of a sleep apnea device revealed that several
participants felt that technology plays an important role in
reducing the need for hospitalization: “In the hospital
somebody [with] more serious [illnesses] can get the bed
and this patient got the facility at home.”
Provides opportunities for social connection: another theme
that arose was that technology can provide opportunities
to connect with others:
Skype is a wonderful thing for lonely older
people...when you want to talk to your relatives you
can do that...you can see the person and have great
satisfaction.
Creates opportunities for physical activity and mental
stimulation: another advantage referenced by several
participants was the idea that technology can provide
opportunities to be active both physically and mentally. For
a participant, keeping mentally active played an important
role in managing chronic pain: “It keeps me busy and keeps
my mind off the pains I have.”

If you bring up an article it will ask you...if you want
to translate. When you say yes, it will give you options
to choose the language.
Figure 1. Photograph taken by a participant, with an example of a quote from a participant discussing this photograph in the focus group: “Now I can
check my blood pressure at home whenever I have a need to do it...making it easy for us to check blood sugar, blood pressure, heart rate, etc.”

Common Barriers Across Both Phases
Language
English was a second language for most participants. Even when
language-specific resources were provided, participants
expressed that the content was often either too academic or not
properly translated, for example:
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It’s not simple Punjabi. Complicated words are used
in the translations.
Discussion around a photograph of a computer (Figure 2) also
revealed these challenges:
You go on [the] internet and everything is in English,
whereas it [is] not in their mother tongue. It is a
challenge for many.
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Figure 2. Photograph taken by a participant, with an example of a quote from a participant discussing this photograph in the focus group: “Though
this picture does not show language, you go on internet and everything is in English, whereas it [is] not in their mother tongue. It is a challenge for
many.”

Literacy Levels

Computer and Technology Literacy

Many participants reported that they had difficulty reading in
any language and therefore had a preference for radio or
television:

Challenges in using technology and navigating web-based
information were frequently cited: “I’m an illiterate when it
comes to computers.” Some participants expressed an interest
in learning to use computers, for example:

If you tell me go to [the] internet and access the
information but I am not educated, then how will I
read that information? You send me literature; I can’t
read it so it will go in the garbage. So, the best source
is radio and TV.
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We don’t know how to use it but nobody even
bothered, nobody tried to teach us, neither [did] we
put [in the] effort to learn, but if somebody will teach
us, we can learn.

J Med Internet Res 2022 | vol. 24 | iss. 1 | e25863 | p.1424
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Hyman et al

Recognition of Negative Impact on Health

Limited Trust in Digital Health Sources

Some participants expressed awareness of the harmful side to
excessive technology use: “There are many people who spend
too much time on [the] internet and they don’t go outside for
[a] walk....” Several participants in the photovoice phase noted
that excessive technology use can lead to unhealthy behaviors,
for example: “If we sit at the computer, three or four hours will
go by easily, then later you realize that we have been focusing
on only one thing and you have ignored many other things.”

Physicians’ advice was considered by many participants to be
more reliable than the internet or television and radio programs:
“Because [my] doctor knows my diagnosis and can tell me the
right things.” Some participants suggested that they felt it was
important to corroborate health information they find on the
web with their physician: “So whenever you get any kind of
information, you must consult the doctor, before you go for it.”
Many indicated that they felt that their physician was their
primary source of health information: “[My] doctor is the
ultimate source.”

Time Constraints
Time was also raised as a barrier to learning to use technology,
especially for health: “Actually life is so busy that generally
people are not available for sessions or for different aspects of
technology especially in the health area...”

Facilitators Unique to Phase 1
Familiar platforms and places—some participants discussed the
importance of using familiar gathering places to increase the
uptake of digital health tools:
To learn about health, in terms of motivating us
[South Asian seniors], it has to be easy for them...If
they go to community centers, gurdwaras, and other
places, that would be the best places to teach the
community.
As part of this conversation, some participants indicated that
radio and television are ideal sources for information sharing
in the community: “More information should be given through
radio and TV.”

Barriers Unique to Phase 1
Age-Related Self-efficacy
Concerns of being unable to learn new concepts or having poor
memory were reported, which participants often attributed to
age:
It’s of no use now...what [can I] learn at this age?
Some participants indicated that there is fear of learning for
older community members:
For all the seniors, it is a phobia to use [the] internet
or computer[s]. They think that they are 60+ and they
cannot [learn anything new]

Gender Roles
It was reported that because of women’s familial duties, they
experienced more limited access to, and time for, seeking health
information using digital technologies. Women reported using
digital health tools less than men, often attributed to their
workload and gender roles in the family: “[Women] have lots
of household work as well as work outside [the house], too.”
However, some participants also indicated that these gender
differences in technology use are diminishing:
Most of the men use cell phones so they might be able
to access [the] internet more than women. But it’s
getting equal nowadays.
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Cultural Norms of Communication
Face-to-face interaction was preferred over internet-based
communication among participants:
When email was newly introduced, my next door
neighbor sent me an email about something. I felt like
he slapped my face. I went to him and asked, “Can’t
you talk to me about it? Why did you send me [that]
in writing?”

Facilitators Unique to Phase 2
Computer Classes
Many participants agreed that computer classes in the
community would enable the use of health technologies: “We
need some computer classes because we don’t want to depend
on others.” Participants expressed that an important part of
taking the classes is to spark people’s curiosity and focus on
the interests of the community:
You have to start from somewhere. First of all they
should start with what they are interested in.
One-to-one teaching was deemed more effective than group
classes by participants, particularly for older adults in the
community.

Usability of Technology
Several participants discussed the importance of technology
being accessible and easy to use. A participant explained how
this made a difference to his uptake of technology:
I didn’t know what the computer [was]. At that time,
you didn’t have the easier ways. You didn’t have
pointer. You couldn’t use [a mouse], you had to use
certain keys to get into things...So I found it very
difficult to learn at that time. Later on they found the
easier ways.”
Furthermore, participants discussed ways in which media can
be an accessible digital tool for improving health literacy in the
South Asian community (Figure 3). Participants stressed that
radio could be a particularly useful tool, especially for older
adults:
Radio is almost in every senior’s home. If not at home
then it is accessible on the phones these days.
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Figure 3. Photograph taken by a participant, with an example of a quote from a participant discussing this photograph in the focus group: “There are
so many health channels on TV...there is exercise, diet, using equipment, and explain about technology...”

Social Sharing

Experiences of Photovoice

Another key facilitator to using technology for health was the
cultural norm of social sharing among the South Asian
community: “When somebody [hears] something [they] would
tell another ten people.”

Meaningful and Enjoyable Experience

Barriers Unique to Phase 2
Financial
Affordability was stated as a clear limiting factor for many
people in the community to using technology for health: “If we
want to get training ourselves, we don’t have money to spend,
plus we also need time.”

General Self-efficacy
Another barrier discussed was the lack of confidence to use
technology:
I think it’s a fear of confusion. Fear has to be
overcome...removed. If you sit at the computer and
don’t know what to do or how to start, then how can
you use it? Then it is very intimidating.

Lack of Motivation
Motivation was also discussed as an obstacle, largely because
of the effort required to learn:
They couldn’t be bothered. I know the
advantages...they think there are some hassles, there
is too much trouble to learn.

Lack of Awareness
Lack of awareness concerning which digital health tools are
available. A participant stated as follows:
I think the greatest barrier is awareness. If people
are not aware of what technology is there to manage
their health, they will not use it.

Participants spoke about the photovoice phase itself as being a
meaningful and enjoyable learning experience:
It was a good time. We had a chance to see many new
things.
A total of 3 key themes emerged from the focus groups to
capture the participants’ experiences.

Learning Opportunity
For many participants, using photovoice promoted learning
about technology and health in general:
There was a lot of exploration...what options are
available...how technology is helping in health.
More specifically, participants’ awareness of how technology
can be used to promote health seemed to grow through the
photovoice process:
I really liked it...With new technology, we come to
know about so many things. We can come to know
how to use technology and how it can help us.

Personal Growth
Many participants highlighted the novelty of the experience
that led to self-reflection and personal growth:
The significant moment was when I was taking
pictures and started thinking why I was taking the
photographs. It opened a field for me. What was
happening and why was it happening with me then.
It was very enlightening for me.
Another participant stated as follows: “Actually we gained
confidence with it.”

Encourages Healthy Behaviors
Among other benefits referenced, some felt it engaged them in
a healthy mental activity:
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We kept busy. We had [a] kind of brain exercise.
In addition, it encouraged physical activity among some
participants: “We get a chance to go out and walk around.”

Discussion
Thematic Findings
This multiphase CBPAR study with the South Asian community
in Surrey, British Columbia, Canada, investigated facilitators
of and barriers to the uptake of digital health tools to prevent
and manage chronic health conditions. Some of the barriers
identified reflect recent research that immigrants, older adults,
and older ethnic minority individuals are less likely to use digital
health tools for their health care activities [20]. In addition,
participants stated that age, gender, income, and education
presented obstacles to their use of digital health tools, which
closely echoes the findings from a study of Punjabi-speaking
individuals in Metro Vancouver [12]. Perceived gender roles
were cited as reasons why women may use digital health tools
less than men because of familial and household duties;
however, digital technology can save time and therefore can be
a solution for those who have less time or more caring
responsibilities. Low English and computer and technology
literacies were salient themes and reinforce the need for digital
health innovations to be linguistically appropriate and accessible
to ethnic minority populations [12,19]. Interestingly, many
individuals reported high educational levels (66/122, 54.1%)
had an undergraduate or postgraduate degree); even so, a theme
emerged around difficulty reading in any language (even first
language). A possible explanation for this is that participants
were referring more specifically to difficulty understanding
medical language, which can be challenging for many people
from different cultural and educational backgrounds, particularly
considering that those who reported education up to
undergraduate and postgraduate level were educated in their
country of origin where English language proficiency is limited
and often restricted to their professional areas. In addition, we
are missing data for background education for 34% (67/197) of
the participants; therefore, it could be that this theme represented
those with lower levels of education.
A first step in promoting the use of digital health tools in the
South Asian community may be to address levels of health and
computer literacies. By improving digital health literacy,
participants indicated that they would be more likely to start
using digital health tools to manage their own health. This
important point is intertwined with other themes elucidated,
namely that promoting digital health literacy will also help
participants to address barriers around their self-efficacy,
motivation, and awareness. Community-based promotion efforts
could incorporate elements of social sharing, social support,
and cultural norms to improve the likelihood of success.
Furthermore, there seemed to be some disconnect between the
research team’s and the participants’ perspectives on the
technology that constituted digital health tools. The participants
took a broader view and discussed technology that affected their
health, such as the use of videoconferencing for social
connection. Thus, it may be necessary to establish a shared
definition of digital health tools for research and promotion
https://www.jmir.org/2022/1/e25863
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with South Asian communities as well as to focus research on
specific digital health tools to be able to take more concrete
steps toward improving accessibility of specific tools.
These findings highlight other barriers to the use of digital health
tools, namely cultural norms, lack of trust, and time and financial
constraints (ie, social determinants of health [SDoH]) [31].
These are important factors to consider and may explain some
of the gaps in digital health access for South Asians in Canada.
Interestingly, given the number of barriers identified, the
participants also seemed to have a generally positive attitude
toward digital health tools and were interested in learning more
about them and their potential benefits. This reinforces the need
for accessible, culturally sensitive digital health tools that are
not prohibitively costly in terms of money or time investment.
The ways in which tools may be considered culturally sensitive
must be guided by the users themselves and not researchers or
technology developers. However, this study indicates some
ways in which this might be achieved, such as options for first
language and perhaps adopting elements of social sharing that
do not rely on both or all users accessing technology directly
by incorporating a buddy system. This may mean that friends
and family can benefit from the technology without necessarily
having to navigate it directly but through the support of those
who feel more confident. Although not specifically discussed
in this study, cultural sensitivity must also consider language
that may not be appropriate, for instance, language that is more
representative of Westernized culture.

The Value of a CBPAR Approach and Photovoice
Our findings support the validity and significance of using
CBPAR methods, including photovoice, to develop and explore
research questions with ethnocultural populations, while also
building knowledge and skills in these communities. Although
previous literature has highlighted the risk of CBPAR methods
leading to tension between community members and researchers
or the possible loss of research objectivity, we concur with
experts that CBPAR is a strong approach for promoting health
equity, especially in marginalized communities [32,33]. The
photovoice participants reported that they increased their
awareness of, and confidence in, using digital health tools, which
was a success of the capacity-building component of the research
initiative. Participants were able to learn about different aspects
of health and digital tools through exploration; they had the
opportunity to connect and learn with others, while being
supported by research team members. The project built research
capacity in the community by engaging and mentoring
community leaders and PCRs to facilitate the research process,
ensuring that all elements were language-appropriate, and
making the study meaningful for the community. Although both
the focus group and photovoice methods identify common
themes, each method further contributed unique insights that
provide a more holistic picture of the barriers to and facilitators
of the uptake of digital health tools. Although we set out to
explore the barriers to and facilitators of digital health tool use,
this paper also highlights the challenges of conducting CBPAR
in a way that minimizes the potential for bias.
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Limitations
Although a large sample was recruited from Surrey’s South
Asian community, there may be limited generalizability to the
wider community of South Asian individuals residing in Canada.
For example, South Asian Canadians living in more rural
settings or serviced by different regional health care systems
may experience other barriers to accessing digital health literacy.
Most participants spoke Punjabi or Hindi, the 2 dominant South
Asian languages spoken in Surrey [27]. Further work could
elaborate on any issues specific to the Urdu- and Tamil-speaking
communities (or other minority language groups) as well as to
understand how facilitators and barriers may differ among
cultural groups or by other demographics. In addition,
demographic data beyond language group were missing for a
subset of participants, thereby limiting our ability to speculate
on the link between the themes and characteristics of the whole
sample. The photovoice phase met the gold standard for sample
size by involving 12 individuals [23,24]; however, multiple
rounds of photovoice with more participants may have gleaned
additional information and themes. In addition, we are not able
to report on the demographic characteristics of the photovoice
participants, thus potentially overlooking deeper gender-based
insights. Furthermore, a deeper form of analysis such as
discourse analysis could have been valuable to explore any
influences that could come from the agenda of community
leaders potentially biasing participant responses.

Implications for Policy and Future Work
Considering the increasing prevalence of digital health tools
within the current health care landscape, these findings highlight
considerations for the use of these tools among South Asian
Canadians in terms of accessing health information and
managing health conditions and preventing chronic disease. On
the basis of this study’s findings and past work, there seem to
be several policy and health care recommendations, which are
organized here according to level [31]:
•

Microlevel (patients and caregivers)
•
Continue to assess the current and future health needs
of ethnic minority groups accessing health care,
including digital health literacy and SDoH.
•
Involve patients and caregivers throughout research
and health initiatives to ensure that these efforts are
meaningful and culturally appropriate.

•

Mesolevel (community)

•

•

•

•

Evaluate community attitudes toward digital health
tools to inform optimal approaches in implementing
new digital health initiatives.
Integrate CBPAR approaches and photovoice as
methods of inquiry to ensure that diverse and holistic
perspectives are collected [24,26].
Incorporate cultural norms and preferences into
initiatives to develop and promote digital health literacy
to maximize their appeal and accessibility.
Develop versions of digital health tools that are not
prohibitively costly in terms of money or time
investment.

Macrolevel (education and health system)
•
Engage community leaders, health care providers and
administrators, and technology developers to better
understand the needs of groups with varying SDoH.
•
Raise awareness among health care providers regarding
facilitators and barriers around digital health tool
uptake, with the objective of improving providers’
communication and prescription of digital tools to
patients.
•
Provide opportunities for health professionals and
trainees to learn from multicultural patient and
community populations to develop greater
understanding of potential barriers and cultural
considerations.

Conclusions
In the transformation of health systems to introduce digital
technology innovations, it is necessary to support multicultural
populations and to prevent paradoxical development of health
inequity for those who have difficulties using digital tools to
access health information or services [34]. This CBPAR study
revealed key barriers and facilitators related to digital health
tool uptake among this sample of South Asian Canadians. The
findings emphasize the need to overcome language and cultural
barriers for meaningful engagement and prioritize community
participation to get to the key issues. Future health promotion
strategies and research should consider these methods and
findings to ensure that community members with different
cultural and language backgrounds have the opportunity to
inform the development and use of effective, culturally
appropriate digital health tools.
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Abstract
Background: Social robots (SRs) have been used for improving anxiety in children in stressful clinical situations, such as during
painful procedures. However, no studies have yet been performed to assess their effect in children while waiting for emergency
room consultations.
Objective: This study aims to assess the impact of SRs on managing stress in children waiting for an emergency room procedure
through the assessment of salivary cortisol levels.
Methods: This was an open randomized clinical trial in children attending a pediatric emergency department. Children accessing
the emergency room were randomized to 1 of 3 groups: (1) playing with a NAO SR, (2) playing with a study nurse, or (3) waiting
with parents. The salivary cortisol levels of all children were measured through a swab. Salivary cortisol levels before and after
the intervention were compared in the 3 groups. We calculated the effect size of our interventions through the Cohen d-based
effect size correlation (r).
Results: A total of 109 children aged 3-10 years were enrolled in the study, and 94 (86.2%) had complete data for the analyses.
Salivary cortisol levels significantly decreased more in the group exposed to robot interaction than in the other two groups (r=0.75).
Cortisol levels decreased more in girls (r=0.92) than in boys (r=0.57).
Conclusions: SRs are efficacious in decreasing stress in children accessing the emergency room and may be considered a tool
for improving emotional perceptions of children and their families in such a critical setting.
Trial Registration: ClinicalTrials.gov NCT04627909; https://clinicaltrials.gov/ct2/show/study/NCT04627909
(J Med Internet Res 2022;24(1):e29656) doi:10.2196/29656
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Introduction
Social robots (SRs) may offer a multifactorial sensory
experience to children and distract them from stressful situations,
as it frequently happens during health care encounters [1,2].
SRs are designed to interact and communicate with human
beings by play, gestures, poses, gaze, and colors and have been
successfully used with pediatric patients in different settings
[3,4], although not all the available devices on the market have
anthropomorphic, physical, and behavioral qualities to establish
a virtuous collaboration with children [5-8].
Addressing the emotional needs of children who present to the
pediatric emergency department (ED) is a complex task that
requires the management of anxiety and pain during medical
procedures [9]. In such situations, emotional stress may affect
the outcome of emergency interventions due to the lack of
cooperation of young patients with health care providers, may
delay the diagnosis, and may prolong medical procedures
[10,11]. For this reason, interventions for reducing stress in
children attending the ED are highly desirable [12-14].
Although several studies have explored the impact of SRs on
negative emotions in children [3,15,16], their efficacy in
reducing stress in hospitalized children is still uncertain.
Moreover, to the best of our knowledge, the impact of SRs on
stress in children accessing the ED has not been investigated
yet.
We therefore conducted a randomized clinical trial with the aim
of comparing SR interaction with playing with a nurse, or no
intervention, in children accessing the emergency room prior
to entering the medical office. Our hypothesis was that SR
interaction is superior to other interventions in reducing stress.
As the biological response in stressful situations includes the
activation of the hypothalamic-pituitary-adrenal axis, a
glucocorticoid response and subsequent cortisol release [17],
we measured as an outcome salivary cortisol levels in children.

Methods
Study Design and Participants

Salvatore Hospital of L’Aquila from September 1, 2019, to
February 29, 2020. Children eligible for the trial were those
3-10 years old, who were assigned a white (not critical), green
(not very critical), or yellow (moderately critical) code with no
neurological condition at triage, as described by Piccotti et al
[18], and who could safely wait for nonurgent care in the waiting
room. Exclusion criteria were age range <3 and >10 years;
parents not fluent in Italian; yellow code for headache due to
recent trauma with visual disturbances, headache accompanied
by neck rigidity, vomiting, or indifference to the environment;
presence of dyspnea; significant trauma to the head with an
altered state of consciousness; and red code (very critical).
Parents and children who attended the pediatric ED of the San
Salvatore Hospital of L’Aquila in the study period were invited
to participate in the study, and informed consent (parent) and
assent (child) were obtained. Enrolment was restricted between
8:30 AM and 10:30 AM to avoid the differences in cortisol
levels due to their circadian fluctuation. The children were then
randomized to 1 of 3 groups: (1) interaction with an SR, (2)
playing with a study nurse, or (3) a control group assigned to
routine waiting with parents. For all the 3 groups, there were
no restrictions regarding whether the parents could stay with
their children; however, only children in the control group could
interact with them. All children in the study received standard
care.
Once randomized, the children’s temperature, heart rate, and a
salivary sample were taken (T0). The children were then
exposed to 1 of the 3 interventions for 15 minutes. Immediately
after the intervention, the children’s heart rate was measured
again and an additional salivary sample was taken (T1). After
that, the children underwent a battery of psychological tests
(see the Interventions section), which took nearly 10 minutes
to complete, and a third heart rate measure and a salivary sample
were taken thereafter (T2). Finally, the children entered the
medical office in the ED. The entire process is illustrated in
Figure 1.
The primary outcome measure of the study was the difference
in cortisol level of patients before (T0) and after the intervention
(T2).

This was an open, 3-arm, parallel, randomized clinical trial
conducted on children who attended the pediatric ED of the San
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Figure 1. Cohort assembly: study procedure and timing of outcome assessment. CBQ-VSF: Children’s Behavior Questionnaire-Very Short Form;
T0-T1-T2: timing of cortisol level measurement; TEC: Test of Emotion Comprehension.

Interventions
The NAO robot is a small SR, developed by Softbank Robotics,
programmed to interact with children (Figure 1) [10,11]. The
robot uses cognitive-behavioral distraction strategies appropriate
to age (songs, stories, jokes, games, riddles) with children
[19-22]. The robot started asking the child’s name and age. The
robot then autonomously selected the appropriate interaction
according to age. Questions posed by the robot to tailor
interactions included school attendance, ability to count, favorite
subjects, and cartoons. Based on this information, the robot
asked the child to count together and to talk about school and
favorite subjects and cartoons. A further interpretation of the
answers provided by children allowed the robot to make
comments and to play the theme songs of the cartoon. The robot
also played songs and jokes appropriate for the children’s age,
inviting them to guess the title or the solution. An additional
interaction was about nursery rhymes and tongue twisters.
Finally, the robot played guessing games about animal noises
and other riddles.
The NAO robot was equipped with natural language processing
technologies to understand the child's speech. However, in the
case of background noise or incorrect pronunciation, a doctor
was present to enter manually answers into the NAO software
by the use of a hidden personal computer.
In the second intervention group, children played with nurses
by coloring children’s books or using toys available in the
waiting room.
Children in the control group stayed with their parents and were
free to play while waiting.
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Salivary Analysis and Heart Rate Measurement
Nurses who were not directly involved in this study measured
the children’s heart rate and temperature.
Salivary samples were collected after rinsing the mouth with
water to prevent food contamination. A swab from a Salivette
device (cat. 51.1534, Sarstedt, Nümbrecht, Germany) was placed
under the tongue of the participant, and saliva was absorbed for
60 seconds. The saliva-saturated Salivette swab then was placed
in a polypropylene tube and centrifuged at 1000 ×g for 15
minutes at 4°C for saliva extraction. The saliva sample was then
frozen at −20°C. To start the analysis of the salivary cortisol
levels, the saliva was centrifuged at 2500 ×g for 20 minutes
after thawing, and the clear supernatant was used in the analysis.
The salivary cortisol levels were assessed using a commercially
available DetectX Cortisol Enzyme Immunoassay Kit (cat.
K003-H1W, Arbor Assays, MI, USA) and a Victor3 microplate
reader (PerkinElmer, Waltham, MA, USA) according to the
manufacturers’ instructions.

Psychological Tests
To verify that salivary cortisol levels may have been not
confounded by temperament or emotional management, we
performed a series of psychological tests at T1. Although this
evaluation was performed after the intervention to avoid
interferences with the study and the ED workflow, it is important
to ensure that the tests performed at this time are not influenced
by external stimuli, including those of the intervention. For this
reason, these tests were considered useful for comparing
participants at baseline. The evaluation consisted of the
Children’s Behavior Questionnaire-Very Short Form
(CBQ-VSF), which evaluates children’s temperament, and the
Test of Emotion Comprehension (TEC), which were
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administered and completed in the presence of assistant
psychologists.

All statistical analyses were performed using Graphpad Prism
version 9.0.

The CBQ-VSF [23,24] is a 36-item questionnaire that is
completed by the child caregiver to assess the temperament of
children aged 3-8 years. It is designed to measure 3 broad
dimensions: surgency/extraversion, negative affectivity, and
effortful control. The surgency/extraversion scale is
characterized by high activity levels, high-intensity pleasure
seeking, and low shyness and impulsivity. The second
dimension, negative affectivity, is defined by feelings of sadness,
discomfort, frustration, and fear. The effortful control scale
encompasses inhibitory control, attentional focus, low-intensity
pleasure, and perceptual sensitivity [25]. Caregivers were asked
to rate how well the items describe the child’s reaction in a
variety of situations. The responses were given on a 7-point
scale ranging from 1 (extremely untrue of my child) to 7
(extremely true of my child).

The trial was approved by the local ethics committee of the San
Salvatore Hospital of L’Aquila (IRB protocol no. 2666
06-25-2019) and registered on ClinicalTrials.gov (identification
no. NCT04627909).

The TEC [26] evaluates the understanding and managing of
emotions in children aged 3-11 years. It consists of 9
components, namely the ability of recognition of emotions based
on facial expressions (labeling), the comprehension of external
emotional causes, the impact of desire on emotions, emotions
based on beliefs, the influence of memories on emotions, the
possibility of emotional regulation, the possibility of hiding an
emotional state, having mixed emotions, and the contribution
of morality to emotional experiences [27].

Statistical Analysis and Sample Size
Randomization of the intervention was made through
computer-generated randomization codes (Random Allocation
Software version 1.0, Isfahan University of Medical Sciences)
by an independent researcher, and an envelope containing
sequential numbers was given to the parents.
Data for all variables were checked for normal distribution
through the Shapiro-Wilk test. As the test indicated that
distributions were not normally distributed, we used medians
and IQRs for continuous variables. To evaluate the differences
in cortisol levels and heart rate at the 3 different time points
within each group, we used the Friedman nonparametric test.
Post hoc analyses with the Wilcoxon signed-rank test were
carried out to determine where the observed differences were.
To evaluate the strength of the relationship between the variables
of our interest, we calculated the effect size of our interventions
through the Cohen d-based effect size correlation (r).
Linear regression analyses were carried out to evaluate the
relationship between salivary cortisol levels and heart rate
registered at each time within each age group.
Sample size was calculated based on variations of cortisol levels.
It was estimated that to detect a reduction in cortisol levels of
at least 0.6 ng/mL from T0 to T2, assuming an SD of 0.17 for
cortisol levels, with a 95% statistical power (CI, Z=1.96;
proportion of the population, π=0.80; margin of error E=5%,
prevalence control group, P0=.85, prevalence health care
personnel group, P1=.75, NAO robot group, P2=.80), we
evaluated 19 children in each group.
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Results
Demographic, Psychological, and Other Baseline
Characteristics
We invited 145 consecutive families whose children were
eligible to participate in the study, and we enrolled a total of
109 patients. Reasons for refusing participation were (1) parents
did not want to let their children interact with NAO (n=15,
42%), parents thought that their children were already
overexposed to electronic devices (n=8, 22%), parents were
particularly concerned about their child's illness (n=7, 19%);
and consent by both parents could not be obtained (n=6, 17%).
Of the 109 children, 94 (86.2%) were included in the final
analysis as 5 salivary samples in each of the 3 groups could not
be analyzed because of sampling problems. Among them, 32
(34%) were in the NAO robot group, 31 (33%) were in the group
playing with a study nurse, and 31 (33%) remained with their
parents (Figure 2).
A description of demographic, psychological, and other baseline
characteristics of children by intervention group are reported
in Tables 1 and 2 and in Multimedia Appendices 1 and 2. The
baseline characteristics of children in the 3 groups were balanced
and did not show significant differences.
Of all 94 participants, 48 (51%) were boys. There were no
significant differences in the salivary cortisol levels, heart rate,
and temperature among the groups at T0 (Table 1). The average
total score of the TEC for children interacting with the NAO
robot was 6.8 (2.0), while it was 6.5 (1.2) in the group of
children playing with nurses and 6.3 (2.0) in the control group
(Table 2). The temperaments of the 3 groups evaluated using
the
CBQ-VSF
displayed
similar
profiles
for
extraversion/surgency, negative affectivity, and effortful control;
the distribution of the scores is reported in Table 2. These results
were obtained in 71 of 94 (76%) children only, because 23
children (24%) did not complete the tests due to ED time
constraints.
The lowest cortisol levels at T2 were measured in children with
NAO robot interaction (Figure 3A). In this group, cortisol levels
at T2 significantly differed from those at T0 (3.50 vs 1.87
ng/mL, P<.001; Figure 3A). In addition, cortisol levels slightly
decreased at T2 in children playing with nurses, and they were
similar at T0 and T1 in all groups.
When exploring differences in salivary cortisol levels by sex,
we found a more pronounced decrease at T2 in girls interacting
with the SR, than in boys (Figure 3A-C). The trend was different
in boys playing with a nurse, who showed an increase in cortisol
levels at T1, which returned to levels similar to baseline at T2,
while no significant variations were observed in the control
group (Figure 3B).
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When looking at the trends in the heart rate overall, we found
the same differences observed for salivary cortisol levels (Figure
4A). Moreover, regression analysis showed a significant linear

correlation between salivary cortisol levels and heart rate in all
intervention groups (Figure 4B-D).

Figure 2. Enrollment and randomization of children.

Table 1. Demographics by group.
Demographics

All groups (N=94)

Control group (n=31)

Study nurse group (n=31)

NAO robot group (n=32)

Age, median (IQR)

7 (5-8)

7 (6-7.5)

7 (5.5-8)

6 (5-7)

Boys

48 (51.1)

16 (51.6)

15 (48.4)

17 (53.1)

Girls

46 (48.9)

15 (48.4)

16 (51.6)

15 (46.9)

White

0

0

0

0

Green

90 (95.7)

30 (96.8)

30 (96.8)

30 (93.7)

Yellow

4 (4.3)

1 (3.2)

1 (3.2)

2 (6.3)

Home discharge

91 (96.8)

30 (96.8)

30 (96.8)

31 (96.9)

Hospitalization

3 (3.2)

1 (3.2)

1 (3.2)

1 (3.1)

T0 heart rate (bpm), median (IQR)

103 (97.25-117)

102 (95-116)

104 (98-114.5)

105 (99-123.5)

T0 cortisol levels (ng/mL), median
(IQR)

3.54 (3.26-3.80)

3.65 (3.35-3.89)

3.41 (3.13-3.67)

3.51 (3.33-3.80)

Temperature (°C), median (IQR)

36.4 (36-36.9)

36.5 (36.2-36.9)

36.2 (36.0-36.5)

36.5 (36-36.9)

Sex, n (%)

Triage code, n (%)

Discharge, n (%)
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Table 2. Psychological variables by group.
Psychological variables

Total sample (N=71) Control group (n=19)

Study nurse group (n=23)

NAO robot group (n=29)

Total score

6.6 (1.8)

6.3 (2.0)

6.5 (1.2)

6.8 (2.0)

Componentb I

1.0 (0.2)

1.0 (0.0)

1.0 (0.2)

1.0 (0.2)

Component II

0.9 (0.3)

0.8 (0.4)

0.9 (0.3)

0.9 (0.3)

Component III

0.9 (0.3)

0.9 (0.3)

0.8 (0.4)

0.9 (0.3)

Component IV

0.7 (0.5)

0.6 (0.5)

0.7 (0.5)

0.8 (0.4)

Component V

0.8 (0.4)

0.6 (0.5)

0.9 (0.3)

0.8 (0.4)

Component VI

0.5 (0.5)

0.4 (0.5)

0.4 (0.5)

0.5 (0.5)

Component VII

0.7 (0.4)

0.8 (0.4)

0.7 (0.5)

0.7 (0.5)

Component VIII

0.4 (0.5)

0.4 (0.5)

0.3 (0.5)

0.5 (0.5)

Component IX

0.7 (0.4)

0.7 (0.5)

0.8 )0.4)

0.8 )0.4)

Extraversion/surgency

52.8 (8.4)

57.3 (6.3)

49.7 (9.8)

53.1 (7.5)

Negative affectivity

51.0 (8.0)

55.6 (7.0)

51.6 (6.8)

49.1 (8.6)

Effortful control

66.2 (8.1)

61.2 (8.1)

65.4 (8.1)

68.3 (7.4)

TECa, mean (SD)

CBQ-VSFc, mean (SD)

a

TEC: Test of Emotion Comprehension.

b

Component I: recognition of emotions; component II: comprehension of external emotional causes; component III: impact of desire on emotions;
component IV: emotions based on beliefs; component V: memory influence on emotions; component VI: possibility of emotional regulation; component
VII: possibility of hiding an emotional state; component VIII: mixed emotions; component IX: contribution of morality to emotional experiences.
c

CBQ-VSF: Children’s Behavior Questionnaire-Very Short Form.

Figure 3. Salivary cortisol levels (A) in the whole sample, (B) in boys, and (C) in girls. Data are expressed as the median and IQR (*P<.05, **P<.01,
***P<.001). r represents the Cohen d-based effect size correlation.
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Figure 4. Heart rate (A) in the whole sample. Data are expressed as the median and IQR (***P<.001; r represents the Cohen d-based effect size
correlation). Direct linear regression between heart rate and salivary cortisol levels at T2 in the control group (B), study nurse group (C), and NAO
robot group (D).

Discussion

are associated with stress
interventions [36,38-40].

Principal Findings

We administered psychological tests to assess the temperament
of children that might affect the control of anxiety in distressing
situations. Higher scores on surgency/extraversion temperament
have an impact on the cortisol production independently from
the assigned intervention arm, demonstrating that children with
more extroverted personalities have less emotional distress at
baseline. These findings further support the idea that emotion
regulation abilities contribute to reduced fear and anxiety in
distressing situations [37,38,41,42].

Our study shows that playing with an SR while waiting for a
medical procedure in the emergency room may decrease the
stress level in children, as demonstrated by a decrease in salivary
cortisol levels. Our study shows that this effect is visible not
immediately after the intervention but nearly 20 minutes after
robot interaction, according to the physiological cortisol
response to stressor stimuli changes that occur 15-30 minutes
after stressor onset [28].
Moreover, the decrease in cortisol levels is more evident in girls
than in boys.
Sex differences in the attitude to interacting with SRs have been
already reported, and a previous study conducted in Japan
suggested that females have more negative attitudes than males
toward robot interaction [29,30]. Although our findings are in
contrast with these observations, this is not surprising as cultural
background, setting, and perceived stereotypes may affect the
attitude of children in using technology [29,31-34].
A recent systematic review examined the effect of SRs on
anxiety and distress in children, and 4 of the 10 (40%) included
studies used the NAO robot, the same device as in our study
[3]. SRs reduced distress and anxiety in all reviewed studies,
although the quality of evidence was low mainly due to the
small sample size. Our results are in line with the published
literature; however, we are not aware of any study on the effect
of SRs in children conducted in the emergency room setting.
Moreover, differently from the available studies in the literature,
we used salivary cortisol levels as an outcome, as they may be
measured through an easy and noninvasive method [35-37] and
https://www.jmir.org/2022/1/e29656
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from

nonpharmacological

More than 15% (6/36) of parents of children, eligible for our
study, refused to participate in the study because they were
concerned about exposure of their children to electronic devices.
Although setting and cultural background may play a role, this
observation should be considered if strategies including SRs
for reducing stress and anxiety will be put in place in routine
clinical practice.

Strengths and Limitations
This study had several strengths. Its design prevented common
confounding effects, as shown by the baseline characteristics
of participants that were similar across intervention groups.
Moreover, we used salivary cortisol levels to assess the stress
level in children, which represents an objective measure of this
outcome. To validate our results, we also studied the correlation
between salivary cortisol levels and heart rate.
A limitation was that our study was conducted in a single clinical
center and we did not administer any psychological test to assess
stress/anxiety to avoid slowing down medical procedures in the
emergency room. However, psychological questionnaires are
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less reliable than salivary cortisol levels in detecting slight
differences in children’s stress levels.
Although SRs represent a promising tool in managing children’s
distress in the emergency room, the cultural background and
setting may strongly affect the acceptance of these devices.
However, we frequently noticed positive comments from
parents, such as “My son didn’t want to leave the NAO robot,”
“My son wanted to take the robot with him,” “My son told me
that the NAO robot was amazing,” and “My son asked, for the
first time, to come back again to the ED.” Additional studies
may better address determinants of acceptability in different
settings.

Rossi et al

Conclusion
In conclusion, our study demonstrates that SRs are effective in
decreasing the stress of children in health care emergency
contexts. These devices may be integrated in the pediatric ED
workflow, with benefits for patients and families and potentially
to speed up clinical procedures. To this aim, future and larger
studies in different settings should be promoted. Moreover, in
circumstances where social contacts should be prevented, such
as during the COVID-19 pandemic, SRs may play an important
role in improving the emotional experiences of children and
their families, and disease outcomes.
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Multimedia Appendix 1
Psychological features of children. (A) TEC and (B-D) tests. Data are shown as the mean and SD. Statistically significant
differences in the TEC and CBQ scores between groups were not detected. CBQ: Children’s Behavior Questionnaire; TEC: Test
of Emotion Comprehension.
[PNG File , 46 KB - jmir_v24i1e29656_app1.png ]
Multimedia Appendix 2
Vital signs of children. Heart rate (A) and temperature (B) at T0. Data are expressed as the median and IQR. No statistically
significant differences in the TEC and CBQ between groups were detected. CBQ: Children’s Behavior Questionnaire; TEC: Test
of Emotion Comprehension.
[PNG File , 26 KB - jmir_v24i1e29656_app2.png ]
Multimedia Appendix 3
CONSORT-eHEALTH checklist (V 1.6.1).
[PDF File (Adobe PDF File), 1249 KB - jmir_v24i1e29656_app3.pdf ]
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Abstract
Background: Flexible Assertive Community Treatment (FACT) is a model for treatment of long-term severe mental disorders.
This method has become more widespread in Norway.
Objective: The objective of our study was to examine how the implementation of FACT teams in Norway has been affected
by eHealth policy, infrastructure, and regulations. Another objective was to examine existing literature on eHealth interventions
and challenges within FACT teams.
Methods: We have examined Norwegian policy regulating mental health services, laws and regulations, eHealth infrastructure,
relevant literature on FACT teams, and current implementation of FACT in Norway.
Results: FACT teams are a wanted part of the Norwegian service system, but the current eHealth infrastructure makes sharing
of data within teams and levels of health care challenging, even if eHealth regulations allow such sharing. This has been shown
to be an issue in the current implementation of FACT teams in Norway. There is little or no existing research on the eHealth
challenges facing FACT teams.
Conclusions: Weaknesses in the Norwegian eHealth infrastructure have been a barrier for an easy implementation of FACT
teams in Norway. It is difficult to share information between the different levels of health care. We need systems that allow for
easy, secure sharing of health information to and between the FACT team members and other involved health care workers.
(J Med Internet Res 2022;24(1):e32220) doi:10.2196/32220
KEYWORDS
mental health; FACT; electronic health records; eHealth; FACT implementation; EHR; implementation; assessment; model;
community; treatment; policy; regulation; infrastructure; literature; challenge; intervention

Introduction
Background
In the late 1970s a method was developed in the United States
for the treatment of persons with severe mental disorders, the
so-called Assertive Community Treatment (ACT) model [1].
An ACT team is a multidisciplinary team that includes case
managers, psychiatrists, psychologists, and substance abuse
specialists. The ACT model defines the following services to
be provided by ACT teams: contact in the community and a
holistic approach to care, for example, housing, medication,
https://www.jmir.org/2022/1/e32220
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finances, everyday needs, and continuous coverage, which
means that the ACT teams should be available for the patients
at all times [1]. The ACT model estimates that the target group
is 20% of the persons with a long-term severe mental disorder
within a defined area [2]. Data concerning the patients and their
pathways are usually displayed on a shared team whiteboard
and discussed in daily team meetings. The purpose of the board
is to maintain communication within the team, make sure no
patients are left out, and make the daily meetings more efficient
[3]. In later years, some ACT teams have used electronic
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whiteboards and videoconferencing to communicate with
patients that are able to use this kind of technology [4].
While the ACT model has shown great results in the United
States, the results of some European implementations of the
model were below expectations [5]. A justification for these
results is the different health care models of each country and
characteristics of the target group [5]. Additionally, in areas
with low population density, the number of persons with severe
mental disorders was too low to implement full ACT teams [2].
Because of these challenges, in the early 2000s, a variant of the
ACT model intended for rural areas was implemented in the
Netherlands, known as Flexible Assertive Community Treatment
(FACT) [2]. The main difference between the 2 models is that
the FACT model aims at supporting 100% of the persons with
severe long-term mental disorders in the area [3], making it
better suited for areas with low population density. This implies
that many patients do not need continuous intensive follow-up,
therefore, FACT teams provide individual case management
[2]. As in the ACT model, patients at risk of relapse or
readmission receive intensive follow-up from FACT teams.
After the FACT model was implemented in the Netherlands, it
has spread to a large number of health care teams in Sweden,
Norway, and England, despite the lack of conclusive scientific
evidence of its effectiveness [6].

FACT in Norway
In Norway, the government has the responsibility for specialist
health care services, which are divided into 4 Regional Health
Authorities. The Regional Health Authorities own the hospitals,
which are organized as independent health trusts. Specialist
mental health services can be provided by both the hospitals
and community mental health centers. The responsibility for
primary care and local services is assigned to the 356
municipalities. Most Norwegian FACT teams are organized as
a cooperation between specialist mental health care and services
from 1 or more municipalities [7]. Patients are referred to FACT
teams by general practitioners or institutions in the specialist
health care.
The ACT/FACT methods are recommended in the National
Health and Hospital Plan 2020-2023 [8] and Coping With Life:
The Government's Strategy for Good Mental Health (2017-2022)
[9]. In line with these recommendations, the Norwegian
Directorate of Health has been granting funds for municipalities
and health institutions to establish ACT/FACT teams since 2009
[8]. From 2009 to 2013, there were 14 ACT teams established
in Norway. In 2013, the first FACT team was established, and
in 2020, there were already approximately 70 FACT teams in
Norway [10]. This shows the strong focus of the Norwegian
Government in establishing FACT teams to support patients
with severe mental disorders.
Norway has a population of 5,402,171 and an area of 323,808
km2 [11]. Consequently, many persons have long travel
distances to the nearest hospital or community mental health
center. Therefore, FACT teams in rural areas of Norway
typically support several municipalities, leading to distributed
FACT teams situated on several locations.
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In the context of this paper, we define eHealth as the use of
information and communication technology (ICT) to improve
efficiency, quality, and security in the health care delivery. The
use of eHealth interventions as a solution for geographic and
demographic challenges is one of the focus points of the
Norwegian eHealth strategy [8]. In this paper, we discuss how
the Norwegian eHealth infrastructure and regulations have
affected the implementation of the FACT model in the country.
The overall aim of this paper is to conclude on how the
implementation of the FACT model in Norway can be improved
using eHealth interventions. To this end, we have examined the
Norwegian policy regulating mental health services, eHealth
regulations, eHealth infrastructure, relevant literature on FACT
teams, and knowledge about the current implementation of
FACT teams in Norway.

Methods
Norwegian Policy Regulating Mental Health Services
To get an overview of the governance of the Norwegian eHealth
and mental health sectors we performed a content analysis of
policy documents. We searched the governmental sites, The
Norwegian government [12], The Norwegian Directorate of
Health [13], and The Directorate of eHealth [14], for policy
documents within the following main research topics: (1)
eHealth, (2) health services delivery, and (3) health services
delivery specific for mental health. The content analysis [15]
identified the themes of data target by the policy documents.
The content analysis included not only currently valid policy
documents, but also documents that, even if they are no longer
valid, still regulate mental health services.

Laws and Regulations Governing eHealth
Laws and regulations govern how health care workers do their
work, how data are shared in the health care sector, and how
ICT systems for health care can operate. For this reason, to
understand implementation of ICT systems for FACT teams it
is necessary to consider the relevant laws.
To identify relevant laws and regulations, we searched the
Norwegian law database [16] for laws and regulations that are
currently valid. We also studied the Norm for Information
Security and Privacy in the Health and Care Sector (The Norm,
from the Norwegian: Normen for informasjonssikkerhet og
personvern i helse- og omsorgstjenesten), an industry norm that
is developed and maintained by organizations and institutions
in the Norwegian health care sector.

eHealth Infrastructure
The eHealth infrastructure has a large impact on what eHealth
solutions are available, thus impacting how FACT teams
operate. There are several national eHealth services in Norway
that are facilitated by the national eHealth infrastructure.
In 2012, the Ministry of Health and Care Services published a
governmental white paper—One Citizen–One Journal
[17]—with the aim of presenting the goals for ICT development
in health care in Norway. In this document the main strategy
targeting the eHealth infrastructure indicated that electronic
communication should be the way of communicating in the
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Norwegian health care sector. The Norwegian Health Net (NHN)
is an enterprise owned by the Ministry of Health and Care
Services, which has the responsibility to manage, operate, and
further develop the national eHealth infrastructure.
Among the services provided by the NHN the ones relevant for
the FACT team are The Norwegian summary care record (SCR)
and the Helsenorge portal [8,18]. The SCR is a collection of
health information for patients that is available for all levels of
health care in Norway. Helsenorge is a public portal for national
digital health services in Norway. The portal contains
health-related information for the citizens, personal health
information, and various self-service solutions. Examples of
self-service solutions are access to the SCR and information
about prescriptions and vaccines. We studied official documents
issued by the NHN to collect knowledge on important parts of
the Norwegian eHealth infrastructure (ie, electronic messages,
videoconferencing, and the SCR).

Relevant Literature on FACT Teams
To get an overview of research already done on eHealth
interventions for ACT and FACT teams, we performed literature
searches for original papers in the databases PsycINFO and
PubMed. We searched PubMed for the large number of articles
on eHealth research, and PsycINFO for additional articles with
a focus on mental health.
To find relevant articles we made a list of keywords that describe
ICT interventions. This list was combined with the search string
“assertive community treatment” to find what related to ACT
or FACT teams. The full search string is provided below:
“assertive community treatment” AND (ehealth OR
e-health OR telemedicine OR telepsychiatry OR ICT
OR ehr OR digital OR technology OR video OR
whiteboard)
We analyzed the titles and abstracts of the articles that resulted
from the search string for inclusion according to the following
predefined exclusion criteria: papers that did not report on ICT
solutions for ACT or FACT teams, and papers that were not in
English. We used the web tool Rayyan [19] for organizing
inclusion decisions.
After applying exclusion criteria, we did a full-text analysis on
the remaining papers.

FACT Implementation
The purpose of the Norwegian National Advisory Unit on
Concurrent Substance Abuse and Mental Health Disorders
(NKROP; from the Norwegian Nasjonal kompetansetjeneste
for samtidig rusmisbruk og psykisk lidelse) is to run and support
various projects and measures with the aim of enhancing health,
quality of life, and functional level for persons with concurrent
substance abuse and mental health disorders. One part of this
purpose is supporting FACT teams with implementation of the
FACT model. As part of the unit’s role, NKROP makes
available several documents regarding the implementation of
the FACT model. We have studied the documents available at
the unit’s webpage to get an overview of guidelines for the
FACT implementation in Norway. We selected the documents
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that provided information on the technical implementation of
the FACT model.
The FACT Handbook [3] was written by one of the founders
of the FACT model and was translated to Norwegian in 2013.
This handbook describes the FACT model and how FACT teams
work. We studied this document because it has been an
important guideline in the practical implementation of FACT
teams in Norway. Even though the handbook does not provide
explicit information on the technical implementation of the
FACT model, we included this document as it provides
information that can inform the definition of requirements
toward technology.
Norwegian FACT teams were evaluated in a report from 2020
[7]. We also studied this document because it shows many of
the experiences of FACT teams.
A new published paper studied how Norwegian FACT teams
are integrated into the service system [10]. This paper did not
match our inclusion criteria for the literature search, because of
a lack of focus on ICT solutions. However, it describes aspects
important to the implementation of FACT teams, and thereby
it was included in our study.

Results
Norwegian Policy Regulating Mental Health Services
The search of the governmental websites identified 6 policy
documents relevant for the implementation of FACT teams.
The documents were categorized under the main research topics
as described below.

Main Research Topic 1: eHealth
The governmental white paper One Citizen–One Journal (in
Norwegian: Én innbygger – én journal) [17], published in 2012
by the Ministry of Health and Care Services, aimed at presenting
the goals for ICT development in health care in Norway. The
main goal of this white paper was to ensure health care workers
have easy and secure access to patient and user information;
citizens have access to easy and simple digital solutions; and
data are available for quality improvement, monitoring,
management, and research. The paper also stated that the goal
of the government is that all written communication in health
care should be electronic. To reach these goals the government
wanted to modernize the ICT platform, and work toward a
national ICT solution for the whole health and care sector. The
white paper also points out challenges of a lack of integration
between systems.

Main Research Topic 2: Health Services Delivery
The
Coordination
Reform
(in
Norwegian:
Samhandlingsreformen), published in 2009 [20], was a report
that described a reform of Norwegian health services. The report
pointed out 3 primary challenges: services that are poorly
coordinated, lack of focus on disease prevention, and an increase
in the prevalence of chronic diseases due to an aging population.
To meet these challenges, 5 measures were proposed: (1) There
should be a stronger focus on user involvement and better patient
pathways; (2) Municipalities should have an increased focus
on prevention, early intervention, treatment, and follow-up; (3)
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Economic incentives should be put in place, where
municipalities cofinance the specialist health care, and are
economically responsible for patients who are ready to be
discharged from the hospital; (4) Specialist care should be more
focused on specialist tasks. This should be achieved by a better
division of work between primary and specialist care. Also, a
stronger focus on patient pathways would make patients in need
of specialist care get the right treatment; (5) The government
should also have a more holistic view on the health care and
the patients when prioritizing needs. The report also pointed
out that more integrated patient pathways would require new
ways of using ICT solutions and emphasized the challenges of
ICT systems not communicating well enough. Also, many beds
in specialist mental health are used by patients who should have
received stronger follow-up from municipalities instead. ACT
teams are described as one way of achieving this.
The National Health and Hospital Plan 2016–2019 (in
Norwegian: Nasjonal helse- og sykehusplan 2016–2019) [21]
presented the governments goals for the development of
specialist health care for the period 2016-2019. The overall
goals were to focus on patient-centered care; prioritize the field
of mental health and addiction; renew, improve, and simplify
services; contribute to enough health care workers with the right
competences; improve quality and patient safety; improve
division of responsibilities and cooperation between hospitals;
and improve emergency medicine outside the hospitals. The
plan states that the field of mental health and addiction should
be prioritized, and that specialist health care should be provided
close to where the patient lives. Specialist health care should
cooperate with municipal services, and for the patient, the health
care service should appear integrated. The plan also stated
explicitly that large cities/towns should have ACT teams. ICT
systems should also support good work processes and patient
pathways.
The National Health and Hospital Plan 2020-2023 (in
Norwegian: Nasjonal helse- og sykehusplan 2020-2023) [8]
was a revision of the National Health and Hospital Plan
2016-2019. The main goal of the new plan was to achieve a
patient-centered care system in a sustainable way. The focus
areas of the plan were better cooperation between specialist care
and municipal services, improvement of mental care, focus on
technology, improved digitalization, and to ensure health care
workers with the right competence are available. It also
underlined the need for cooperation between specialist health
care and municipal health care. To improve patient pathways,
the plan describes a need for ICT systems to share information
between the different levels of health care. According to the
plan, some of the most important measures to improve
digitalization of the health care are to continue modernizing
electronic health records (EHRs), improving access and
availability of health information, and supporting digitalization
of health and care services in the municipalities. The plan also
promotes team-based methods of working, such as ACT and
FACT.
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Main Research Topic 3: Health Services Delivery
Specific for Mental Health
Overview
The Norwegian National Action Plan in Mental Health
(1999-2008) (in Norwegian: Opptrappingsplan for psykisk helse
1999-2008) [22] indicated several issues with the mental health
care services. This included lack of prevention, poor services
in the municipalities, often too short inpatient stays, and a lack
of follow-up after discharge from a hospital. In this regard, the
main goal of the plan was to strengthen mental health care and
make more holistic and coherent care services available. It also
pointed out that coordinated services were needed for persons
with serious mental health services.
Coping With Life: The Government’s Strategy for Good Mental
Health (2017-2022) (in Norwegian: Mestre hele livet Regjeringens strategi for god psykisk helse 2017-2022) [9] was
the first mental health strategy to follow The Norwegian
National Action Plan in Mental Health (1999-2008). This
document presented a holistic strategy for the field of mental
health. The aims were to make mental health a part of public
health work; promote inclusion into the society; focus on
patient-centered care; improve knowledge, quality, research,
and innovation in the services; and have a special focus on
children and youth. The white paper also states that there is a
need for research-based development of digital tools and guided
internet-assisted treatment, and that experiences with ACT and
FACT teams show that they lead to reductions in involuntary
treatment. The paper also focuses on labor participation and
housing, areas that are also important for FACT teams.
Based on the content identified from the policy documents that
were deemed relevant, we defined the following themes of data:
(1) eHealth solutions and infrastructure, (2) organizational
management, and (3) health care services coordination.
The focus of the content included in each theme of data was the
basis to further identify subthemes of data. The relevant content
from the policy documents was then categorized under the
subthemes of data, as presented below.
eHealth Solutions and Infrastructure
Electronic communication refers to ICT communication systems
between health care institutions for the exchange of patient
information [17].
National digital services and ICT infrastructure include digital
services for citizens, process support that should be facilitated
by the systems in use, and ICT infrastructure that should support
the national deployment of eHealth [8,17,22].
Data sharing and access concern interoperability of systems in
the sense of sharing of patient information between different
levels and institutions in health care, and integration of ICT
systems [8,17,20].
eHealth records refer to the requirement to update EHR systems
to comply with current user needs [8].
Secondary use of data means the reuse of information for quality
improvement, monitoring, management, and research [17].
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Organizational Management
Process support identifies the need for ICT to support care
pathways [21].
Access to care refers to health care services being provided to
patients when and where needed [20-22].
Care service delivery concerns how patients receive health care
services, including national patient pathways [8,20-22].
Financing and prioritization of mental health care refer to the
national strategy for the field of mental health [20-22].
Competence refers to ensuring health care workers with the
right competence are available [8,21].
Prevention, early intervention, and follow-up refer to
municipalities taking responsibility for preventive care, early
intervention, and follow-up [22].
Health Care Services Coordination
Coordinated services refer to the cooperation between different
levels of health care, including health ICT development
[8,21,22].
Mental health services indicate that mental health services
should be coordinated so that patients receive care services from
the appropriate level of care [9,20].
Team-based health care services refer to the use of team-based
methods in health care, such as ACT and FACT [9].
The “eHealth solutions and infrastructure” theme is discussed
in 4 policy documents, the “Organizational management” theme
is also discussed in 4 policy documents, and the “Health care
services coordination” theme is discussed in 5 documents.

Laws and Regulations Governing eHealth
There are several Norwegian laws and regulations governing
eHealth that are relevant for FACT teams. These include the
Personal Data Act [23], the Patient Journal Law [24], the Health
Personnel Law [25], and the Patient journal regulation [26].
The Personal Data Act applies the requirements of European
Union’s General Data Protection Regulation (GDPR). The
Personal Data Act and GDPR state that a data controller is the
person or institution responsible for ensuring that the data are
treated according to the principles relating to personal data
processing. The data controller must establish the necessary
technical and organizational measures to ensure that the laws
are followed [27]. A data processor is a person or institution
that processes data on behalf of a data controller [28]. Medical
research on humans, human biological material, or health
information needs to be preapproved by the Regional
Committees for Medical and Health Research Ethics for the
relevant region [29]. The committee does an appraisal of
research ethics and if the project is in accordance with relevant
laws.
The Patient Journal Law §19 allows for relevant and necessary
information about a patient to be made available for health care
workers when it is needed for providing, administering, or
ensuring the quality of health care [24]. This is regardless of
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where the patient was treated earlier and how the health service
is organized [21].
The Health Personnel Law §25 states that unless the patient
refuses, cooperating health care workers can be given access to
patient information when this is necessary to provide health
care [25]. For 2 or more health care institutions to both have
access and be able to update common EHR information, the
Patient Journal Law §9 states that there needs to be a written
agreement about how the institutions shall cooperate [24]. The
Patient Journal Regulation [26] states that EHR information
should only be available for health care workers who can
confirm their identity in a secure manner.
The Norm gives institutions that follow it the necessary technical
and organizational tools to ensure security and privacy when
processing health information. The Norm includes several fact
sheets and guides for processing health information. Some fact
sheets that are relevant for FACT teams are for electronic
messages, internal communication, and access to health
information between organizations. A fact sheet from The Norm
[30] specifies that to ensure security, data should be encrypted,
authentication is necessary to access data, and access should be
logged and monitored. To request sharing of data between
institutions, a risk assessment is required for, and the partners
who share information need to have an agreement in place about
the data sharing. Patients have the right to see information about
who has had access to their patient journal.
In practice, EHR data are usually easily accessible for health
care workers in the institution that is responsible for the data,
but harder to access for health care workers outside the
institution. To circumvent this, health care workers who need
access to patient information from an institution they are not
affiliated to have sometimes been hired in a so-called zero
percent position or simplified employment in the institution.
This gives them access to the institution’s EHR, as employees
of the institution.

eHealth Infrastructure
Situation in Norway
Norway is divided into 4 health regions that are run by
state-owned regional health authorities [31]. The regional health
authorities are responsible for offering specialist health care to
the population in the region. Each year, the Ministry of Health
and Care Services gives the regional health authorities a
commissioner’s document, which stands as a reference
document concerning the needs for the health care sector in
each region. How these needs are implemented are defined by
each regional health authority. This means that the different
regional health authorities have different plans for what eHealth
solutions they will develop and use.

EHR Systems
The hospitals in 3 of the 4 health care regions are using the EHR
named after the provider DIPS AS. The exception is the
hospitals in the Central Norway Regional Health Authority,
which are using DocuLive provided by Siemens AS. In the
Norwegian primary care sector, there are several different EHR
system vendors. However, the ongoing project Helseplattformen
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[32] is working on the implementation of a common EHR
system for specialist and primary care in the central region of
Norway.
For Norwegian FACT, which is organized as a cooperation
between specialist mental health care and services from 1 or
more municipalities, this means that the team members have
different EHR systems available. Because of this, the teams
must do the extra work of documenting in several EHRs or
accept that some of the EHR systems will lack data.

Electronic Messages
In the Norwegian health care sector, standardized electronic
messages are used to communicate between the different levels
of care. Some of the types of messages sent are referrals,
discharge letters, blood test results, and messages regarding
sick leaves.
To ensure correct addressing for electronic and non-electronic
communication in health care, there is a national address register
for health care institutions. This allows for the standardized
electronic messages to be sent from the sender’s EHR to the
receiver through the Health Net [33]. Specialist care and
municipal mental health services are among the partners who
can use standardized electronic messaging. An evaluation of
Norwegian FACT teams [7] showed that there are mixed
experiences with standardized electronic messaging when used
in the context of FACT teams. The report identified discharge
letters from hospitals and documentation of medication as
standardized electronic messages that were useful. By contrast,
the report stated that messages from the outpatient clinic were
too slow and identified this as a barrier for cooperation.

Videoconference
Several solutions have been used for video consultations with
patients in Norway. The Norwegian national health portal
Helsenorge [18] offers seamless integration of third-party
videoconferencing solutions from their portal. Several different
vendors have been approved for video integration. This means
that there is no common solution for the use of
videoconferencing for patient consultations in Norway. Even
though FACT teams are moving toward the use of the video
service provided by Helsenorge [18], at present, each FACT
team can decide on how to implement and what
videoconferencing solution to use following the guidelines of
the health region they are in.

The Norwegian Summary Care Record
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the SCR is to provide health care workers in different institutions
quick access to important health information about patients.
Patients have the possibility to choose not to have an SCR, and
they can limit who has access and can deny access to parts of
their SCR. The SCR can contain medication list, contact
information, admission history, and critical information
including a psychiatric emergency plan. Citizens can register
information about their primary contact person, disease history,
special needs, and information about being an organ donor.
Somatic and mental health are treated equivalent in the SCR,
and the admission list may also show visits to the psychiatric
ward [34].
FACT team workers have access to the SCR like other health
care workers and can use it to access medication lists and other
relevant information.

Relevant Literature on FACT Teams
Our searches returned 59 results in PsycINFO and 20 results in
PubMed. We removed 10 duplicates, for a total of 69 results.
After a review of the titles, 18 articles were selected for an
abstract review, and 51 was excluded. In the abstract review, 3
articles were selected for a full-text review. These 3 articles
matched our inclusion criteria. The 3 included articles describe
eHealth interventions targeting ACT patients.
Figure 1 presents the results based on the Preferred Reporting
Items for Systematic reviews and Meta-Analyses (PRISMA)
guidelines [35].
Ben-Zeev et al [36] described a randomized control trial on
texting mobile intervention added to ACT. In the trial, mental
health workers had recovery-oriented texting exchanges based
on the patients’ individual needs. The trial was feasible,
acceptable, and safe. Looijmans et al [37] described a study
protocol for a randomized controlled trial of a web tool
intervention designed to improve cardiometabolic health in
patients with severe mental disorders, including ACT patients.
The intervention group received motivational interviews and a
web tool that covers behavior awareness, lifestyle knowledge,
motivation, and goal setting. Swanson and Trestman [4]
described the use of a videoconference solution to supplement
the face-to-face relationship with the team’s psychiatrist. The
videoconference solution is used for crisis intervention and for
augmentation of the established face-to-face treatment. The
solution has been accepted by the staff and the patients, and
seriously ill patients have been able to use the solution. The
solution has also reduced travel time for the psychiatrists.

The SCR is a collection of health information for patients, which
is available for all levels of health care in Norway. The goal of
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Figure 1. PRISMA flowchart of the literature search and article selection.

FACT Implementation
The FACT Handbook [3] is a description of the FACT model
written by one of the founders of the model. It was
commissioned by the Norwegian Directorate of Health and has
been used as a guide for implementing new FACT teams in
Norway.
A report on the evaluation of Norwegian FACT teams [7]
showed that all 7 teams evaluated used electronic whiteboards
to display patient information. Some teams had bought a
commercial solution for a whiteboard, while others had
developed them locally or used the solutions from other teams.
The report also demonstrated that there are different approaches
to using EHRs in Norwegian FACT teams. Two of the 7 teams
document in 2 separate EHRs: 1 for primary care and 1 for
specialist care. However, 5 teams use the EHR only for specialist
care. In these FACT teams, team members who work in primary
care are given “zero percent positions” in the specialist care.
This means that they are formally hired, to allow access to the
specialist health care EHR. Interviews conducted with the FACT
teams’ cooperating partners also emphasize the challenges of
working with different EHR systems. Some cooperating partners
found use of standard electronic messages useful for improving
coordination. Others found that the sent standard electronic
messages took too long before they were received, and that this
https://www.jmir.org/2022/1/e32220
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did hinder the ability to provide integrated services to the
patients. The report also pointed out that different regulations
governing FACT teams and municipalities and the multiple
EHR systems used by the teams hindered service integration.
One of the main recommendations of the report is that digital
communication solutions should be facilitated to improve
coordination.
A study on how Norwegian FACT teams are integrated into the
Norwegian health care system [10] showed that FACT teams
reduce complexity and reassure other services by taking
responsibilities for treatment and follow-up of patients.
However, the study also showed that there is a lack of common
communication systems, making exchange of information harder
and more time consuming. The study also reported that not all
patient information is available in the different EHR systems
in use.

Discussion
Norwegian Policy Regulating Mental Health Services
Policy documents identify ACT and FACT teams as a wanted
part of the Norwegian health care system. ACT and FACT have
been recommended in the policy documents Coping With Life:
The Government’s Strategy for Good Mental Health
(2017-2022) [9], the National Health and Hospital Plan
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2016-2019 [21], and the National Health and Hospital Plan
2020-2023 [8].
Considering the number of policy documents targeting each
theme of data, we conclude that the 3 themes of data considered
are relevant for the implementation of FACT teams in Norway.

eHealth Solutions and Infrastructure
Policy documents state that better eHealth solutions are needed
in health care. Examples of this are the One Citizen–One Journal
[17], which stated that the goal of the government is to make
electronic communication as the standard way of written
communication within health care; and the National Health and
Hospital Plan 2016-2019 [21], which states that ICT systems
should also support good work processes and patient pathways.
The National Health and Hospital Plan 2020-2023 [8] renews
this vision by stating that ICT systems are needed to share
information between the different levels of health care. The plan
also states that further modernization of EHRs is needed.
While the policy documents do not specifically discuss ICT
challenges for FACT teams, these issues are also present in
FACT teams, with the lack of horizontal and vertical
collaboration in health care. This is mainly seen in the lack of
electronic communication and sharing of patient information
between the team members. The needs from FACT teams are
the same as those described in the policy documents: National
digital services and ICT infrastructure. The implementation of
the work processes defined by the FACT model is not supported
by the existing eHealth system. For them to work as expected,
there should be similar implementation of the FACT model
across the country. Besides, the ICT infrastructure needs to
evolve to comply with the requirements of the FACT model,
which implies the deployment of national digital services for
FACT teams. Secondary use of health data relevant for FACT
teams, such as quality improvement, monitoring, management,
and research, will also be hindered until better eHealth systems
are in place.

Organizational Management
One vital aspect of the policy documents is describing the
organization of the health care service. Three of the identified
strategy documents [20-22] state that the field of mental health
should be prioritized. Four documents also state that ACT or
FACT teams should be implemented [8,9,20,21]. Four of the 5
identified strategy documents refer to access to care and care
service delivery, with an emphasis on implementing
standardized patient pathways [8,20-22]. In this context, 1 policy
document points to the lack of follow-up after hospital discharge
as an issue [22]. One of the primary goals of FACT teams is to
improve follow-up for their patient group.
The essence of the FACT model is the delivery of integrated
care through multidisciplinary teams. As emphasized in the
policy documents, FACT teams also need to have access to the
required competence to be able to provide integrated care
services with the expected quality. In practice, FACT teams
must make work-arounds to deliver integrated care services as
the existing ICT infrastructure does not facilitate process
support, as mentioned in the policy documents.
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Health Care Services Coordination
Even though team-based methods of care delivery, such as ACT
and FACT, are promoted [8], the lack of coordination among
the Norwegian health care services is one of the main challenges
of the sector at present. This has been described in general for
the health care sector in the Coordination Reform [20], as well
as in the policy documents specific for mental health: The
Norwegian National Action Plan in Mental Health (1999-2008)
[22] and Coping With Life: The Government’s Strategy for Good
Mental Health (2017-2022) [9]. The lack of coordination
between the different levels of care and between institutions
greatly affects the way FACT teams are implemented, as the
cornerstone of the FACT model is the delivery of coordinated
services.
FACT teams in Norway have found ways to overcome the lack
of coordination in the health care sector to still be able to deliver
coordinated services. This includes the aforementioned “zero
percent positions,” which allow all team members access to
EHR information from specialist care. The evidence that FACT
teams provide better coordinated services and contribute to the
reduction of both emergency admissions and forced admissions
has resulted in the implementation of several FACT teams in
Norway [7].

eHealth Regulations
One barrier for FACT teams is eHealth regulations. However,
the Patient Journal Law §19 allows necessary information about
a patient to be made available for health care workers when it
is needed for providing, administrating, or ensuring the quality
of health care. Besides, the Health Personnel Law §25 states
that health information can be given to cooperating health care
workers when this is necessary to provide health care. However,
in practice it is often hard for health care workers to access EHR
data from institution where they do not work. This shows that
current ICT solutions do not take advantage of what is made
possible by the laws and there is a need for systems to allow
EHR access to relevant data, while preserving the privacy of
the information.
In the context of the personal data law and GDPR, hospitals or
health trusts take the role of data controllers, responsible for
EHR data in their areas. EHR vendors are data processors that
process data on behalf of the controllers. There is a need for an
agreement between the data controller and data processor, stating
the obligations of each of the partners.
In addition to the laws, the Norm is a helpful guideline when
implementing ICT solutions in Norway, which provides
necessary information for practical implementation. The Norm
also specifies responsibilities of data controllers and data
processors.

eHealth Infrastructure
Lack of integration and coordination between services and
technologies has been seen as an issue for use of eHealth within
psychiatry [38]. Also in Norway, implementation of FACT
teams has been affected by the eHealth infrastructure. Sharing
of data has been reported as a problem for Norwegian FACT
teams [7]. The specialist and primary care in Norway use
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different EHR systems, and the technical infrastructure in place
does not allow easy exchange of information between systems.
This leads to challenges for FACT teams that often have
members from both specialist and primary health care.
Different health regions in Norway can also have different
implementation of regulations. There are various ways of
bypassing these challenges, but ideally the EHR systems should
be able to display relevant EHR data to the health care workers
who need the information for treating their patients, even when
the information is stored in different systems. In general, there
are challenges with sharing information between the different
levels of health care and different regions on the same level.
Use of electronic messages is one well-established way of doing
this and is useful in many contexts. However, the use is still
limited to standard messages, such as referrals and discharge
letters.
Videoconferencing has been used for both communication
between health care workers and communicating with patients.
The COVID-19 pandemic increased its use in many FACT
teams. Video consultations with patients might be a useful tool
for FACT teams, but it might not be suited to all their patients.
Various solutions for video consultations are used in Norway,
and some of these have integration to the portal Helsenorge [18]
and the calendar in DIPS.
The only data that are shared with all health care workers in
Norway are the SCR. This record includes information on
medication, which can be useful for FACT teams. However,
the intention of the SCR is not to support clinical cooperation.

Relevant Literature on FACT Teams
Our literature search returned 3 articles that matched our
inclusion criteria, which reported on the use of an SMS text
message intervention [36], a web tool [37], and the use of
videoconferencing [4]. These 3 articles showed that eHealth
interventions can successfully target ACT patients. However,
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we found no articles discussing ICT challenges for ACT or
FACT teams themselves. While we did not perform a full
literature review, this implies that there is little or no research
on this topic. Health care is organized differently across
countries, and many of the challenges regarding eHealth
infrastructure and regulations described in this article are not
relevant in other countries. Thus, the lack of articles on this
topic is not surprising.

FACT Implementation
The evaluation of FACT teams has shown their positive effects
on patients, including reduction of inpatient days, with a larger
reduction in compulsory inpatient days [7]. The evaluation also
highlights some of the ICT challenges the teams face, including
EHR access. A study of how FACT teams fit into the Norwegian
service model also showed that the cooperating partners of
FACT teams think the lack of common communication systems
and EHR systems is a challenge [10]. These findings show that,
despite some issues with EHR systems, the implementation of
FACT teams in Norway has been successful and can be expected
to continue.

Conclusions
Weaknesses in the Norwegian eHealth infrastructure have been
a barrier for an easy implementation of FACT teams in Norway.
The FACT evaluation report identifies the sharing of information
between the different levels of health care as a main shortcoming
of the existing eHealth infrastructure. FACT teams need eHealth
systems that allow easy and secure sharing of health information
with the team members and other relevant health care workers
to provide better care. There is also a lack of research on the
ICT challenges facing FACT teams. This means that there is a
need for research studying the eHealth challenges and needs of
FACT teams in greater detail. Furthermore, there is a need to
explore how eHealth solutions should be designed to support
FACT teams in a Norwegian context. This is something we will
focus on in future work.
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Abstract
Background: Increasing life spans of populations and a growing demand for more advanced care make effective and cost-efficient
provision of health care necessary. eHealth technology is often proposed, although research on barriers to and facilitators of the
implementation of eHealth technology is still scarce and fragmented.
Objective: The aim of this study is to explore the perceptions concerning barriers to and facilitators of the implementation of
eHealth among policy makers and service users and explore the ways in which their perceptions converge and differ.
Methods: This study used interview data from policy makers at different levels of health care (n=7) and service users enrolled
in eHealth interventions (n=25). The analysis included separate qualitative content analyses for the 2 groups and then a second
qualitative content analysis to explore differences and commonalities.
Results: Implementation barriers perceived by policy makers were that not all service users benefit from eHealth and that there
is uncertainty about the impact of eHealth on the work of health care professionals. Policy makers also perceived political
decision-making as complex; this included problems related to provision of technical infrastructure and lack of extra resources
for health care digitalization. Facilitators were policy makers’ conviction that eHealth is what citizens want, their belief in eHealth
solutions as beneficial for health care practice, and their belief in the importance of health care digitalization. Barriers for service
users comprised capability limitations and varied preferences of service users and a mismatch of technology with user needs,
lack of data protection, and their perception of eHealth as being more time consuming. Facilitators for service users were eHealth
technology design and match with their skill set, personal feedback and staff support, a sense of privacy, a credible sender, and
flexible use of time.There were several commonalities between the 2 stakeholder groups. Facilitators for both groups were the
strong impetus toward technology adoption in society and expectations of time flexibility. Both groups perceived barriers in the
difficulties of tailoring eHealth, and both groups expressed uncertainty about the care burden distribution. There were also
differences: policy makers perceived that their decision-making was very complex and that resources for implementation were
limited. Service users highlighted their need to feel that their digital data were protected and that they needed to trust the eHealth
sender.
Conclusions: Perceptions about barriers to and facilitators of eHealth implementation varied among stakeholders in different
parts of the health care system. The study points to the need to reach an enhanced mutual understanding of priorities and overcome
challenges at both the micro and macro levels of the health care system. More well-balanced decisions at the policy-maker level
may lead to more effective and sustainable development and future implementation of eHealth.
(J Med Internet Res 2022;24(1):e28870) doi:10.2196/28870
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Introduction
Background
Health care systems around the world are struggling to satisfy
the health care needs of their populations. Because of the
increasing population life span and the growing demand for
more advanced care, the need for effective and cost-efficient
provision of health care is a matter of national concern for many
nations [1]. eHealth technology is often proposed as a promising
way forward for better and more cost-efficient health care
solutions. This umbrella term, which includes many different
digital health care solutions such as telemedicine and the use
of mobile messaging devices, has become a buzzword in many
countries and is defined in the World Health Assembly
resolution WHA58.28 (2005) as “the cost-effective and secure
use of ICT in support of health and health-related fields” [2].
Many European health care systems see a proliferation in
eHealth technologies, and policy decisions to implement them
seem to be made despite the scarcity of convincing research
data concerning both claims of cost-effectiveness and their real
impact on the quality and safety of health care [3,4]. For
example, in Sweden, the implementation of eHealth technologies
has been identified as an important strategy toward the future
quality provision of population health care. eHealth technology
in different forms has been introduced in many different Swedish
health care settings, with the hope of better quality of care, better
patient empowerment in care, and lower health care costs [5].
At the national level, ambitious political goals have been set to
become world leaders in using the opportunities offered by
eHealth by the year 2025 [5].
Research on barriers to and facilitators of the implementation
of eHealth technology is still scarce and fragmented; however,
some reviews have collated what is currently known [6,7].
Implementation was found to have a multilevel complexity: the
technology, individual health care providers, inner and outer
settings, and process of implementation [7]. Greenhalgh et al
[8] constructed an empirically based framework that described
implementation complexity in 7 domains: the condition or illness
of the patient, the technology, the value proposition, the
adopters, the organization, the wider system, and the embedding
and adaptation of the technology over time.
Stakeholders in different parts of a health care system may have
differing inherent perspectives on key system functions in this
complexity, depending on the role they have in the system.
Glouberman and Mintzberg [9] observed that when managing
changes, barriers need to be broken down between different
perspectives on care (curing, caring, costs, and community) so
that the resources of the overall system can be allocated more
effectively. To navigate toward a responsible and sustainable
future use of eHealth technology, it will be necessary to take
on the challenge of understanding implementation complexity.
This includes understanding the views of both the back-end
stakeholders in an implementer role (the policy makers) and
https://www.jmir.org/2022/1/e28870
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the front-end stakeholders in an end user role (the service users).
Although several recent studies have identified factors that
influence the perceptions of stakeholders in different populations
[10-12], research on the experiences of stakeholders in a policy
role is scarce, as is knowledge about the overlap between policy
and public (service user) perspectives. The viewpoints of policy
makers are seldom recorded in scientific publications despite
their important role in the outer context of implementation
[13-15].

Objectives
The aim of this study is to explore the perceptions concerning
the barriers to and facilitators of the implementation of eHealth
as perceived by policy makers and service users, and explore
the ways in which their perceptions converge and differ.
Ultimately, the study may contribute new knowledge to more
effectively co-design the future implementation of digital health
care technology.

Methods
Design
This study used a qualitative design in 2 steps, including
interviews with 7 policy makers and 25 service users from the
southeast of Sweden.

Participants and Interviews
The study includes primary data from 7 persons in a
policy-making role and secondary data from 25 persons who
had personal experience in an eHealth intervention.
The policy makers, employed in 4 different county councils in
Southeast Sweden, were recruited by phone or email at the
beginning of 2018. During a recruitment period of several
months, a total of 23 persons representing different levels of
policy makers in health care were contacted. Of these 23
persons, 14 (61%) declined to participate because of full
agendas, and 2 (9%) did not answer the invitation.
The service user data were retrieved from 3 different eHealth
intervention effectiveness studies [16-18]. Participants were
provided written and oral information concerning the objectives
and procedures of the study. The document informed the study
participants that participation was voluntary and that they could
stop at any moment with no reason given. All participants gave
their informed consent.
Interviews with policy makers were conducted either face to
face or by telephone, depending on their choice. The interview
guide for policy makers was developed from the Swedish
national eHealth policy document, with which participants were
familiar [5]. The participants were asked to describe their
perceptions and experiences with eHealth technology in their
stakeholder role, their perceptions of the pros and cons of
eHealth technology, their knowledge of policy documents
related to eHealth technology, and their perceptions of factors
influencing the implementation of eHealth in clinical practice.
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Participants were interviewed individually either at their
workplace or by telephone (according to their preference).
Interviews lasted for a duration of 43 minutes to 63 minutes.
Service users were interviewed via telephone. In HeaDING
(Heart Failure and Depression Using Internet Based–Cognitive
Behavioural Therapy), service users were interviewed post
intervention in 2015 [16]. All service users (n=27, with a median
age of 69 years) who had been enrolled in internet-based
cognitive behavioral therapy (iCBT) were invited to the
interview study; of the 27 patients, 13 (48%) agreed to
participate; of the 13 patients, 8 (51%) were men, and 5 (39%)
were women. Interviews from 5 women and 5 men were used
for the analysis in this study. Service users in DOHART (a
research study concerning iCBT for persons with heart disease
and depressive symptoms) [17] were interviewed post
intervention between January and June 2017. A total of 35
service users with a mean age of 62 years were invited; of the
35 service users, 20 (57%) accepted to be interviewed; of the
20 participants, 11 (55%) were men, and 9 (45%) were women.
In both HeaDING and DOHART studies, service users were
included if they were receiving cardiovascular disease (CVD)
treatment according to the current guidelines for heart failure,
coronary artery disease, and atrial fibrillation and had at least
mild depression (Patient Health Questionnaire ≥5 points).
Interviews from 5 men and 5 women were used in this study.
The service users in Heart And Insomnia Treatment Through
Internet. (a research study concerning iCBT treatment for
insomnia in patients with CVD) were interviewed before the
intervention (late 2017) [18]. Service users had primary CVD
as defined by diagnostic codes from the International
Classification of Disease and sleep disorders. Diagnoses
included myocardial infarction, angina pectoris, heart failure,
atrial fibrillation or flutter, or arrhythmia. Service users were
recruited from 6 primary care centers to participate in the
randomized controlled trial. All participants in the intervention
group (n=24, mean age 72 years) who had started their treatment
were invited to participate in the interviews. As the study was
ongoing at the time of this study, only 5 interviews (n=3, 60%
men and n=2, 40% women) had been conducted, all of which
were used for this study.
The primary focus of these interviews was on participants’
experiences with the specific eHealth intervention in which they
were enrolled; the focus on their general perceptions of factors
influencing the implementation of eHealth in clinical care was
secondary. Questions could concern their general perceptions
of the applicability of the eHealth intervention to other users,
the skills necessary for using the eHealth intervention, and the
pros and cons of eHealth. The quality of the data varied from
interview to interview. Where the service user interviews had
relevant data for the purpose of this study, excerpts were
analyzed. Some interviews were relevant in their entirety.
Therefore, there was a wide range of interview duration (15-100
minutes).
Interviewers had clinical or research experience in cardiac
nursing (service user interviews) or clinical and research
experience in implementation research and health care (policy
maker interviews), and all were experienced interviewers. All
interviews were audio-recorded and transcribed verbatim.
https://www.jmir.org/2022/1/e28870
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Data Analysis
Implementation is the conduction, execution, or practice of a
plan, a method, or any design, idea, model, specification,
standard, or policy for doing something. Implementation science
is “the scientific study of methods to promote the systematic
uptake of research findings and other EBPs into routine practice,
and, hence, to improve the quality and effectiveness of health
services” [19]. The term barrier is used in implementation
science to denote the challenges that may occur during the
process of implementation and that may limit the effectiveness
of the implementation strategy used. The term facilitator is used
to denote a factor (condition) that may make implementing
something easier. The analysis was performed in 2 steps. The
first analysis (assorted analysis) explored the perceptions of
each participant group separately, and the second analysis
(supplementary analysis) explored aspects that needed to be
understood further [20].
In the first step, the aim was to explore perceptions concerning
barriers to and facilitators of the implementation of eHealth
from the separate perspectives of policy makers on the one hand
and service users on the other.
The data from policy makers and the data from service users
were initially analyzed separately in each group by MN and JL
in a process called assorted analysis [20] and adhered to the
procedure of inductive qualitative content analysis as described
by Hsieh and Shannon [21]. MN and JL read and reread the
data several times using an inductive approach. They identified
meaning units comprising words or sentences and, after
subjecting these to a critical analysis, combined the content into
separate sets of subcategories and categories. Barriers to and
facilitators of the implementation of eHealth emerged in each
analysis; these were the main categories within each group. A
number of nonoverlapping and mutually excluding subcategories
also emerged within the main categories for each group. To
support trustworthiness, the results from these analyses were
thereafter iteratively discussed in the wider author group until
consensus was reached. The analyses were assisted by a
computer software (NVivo 11 [QSR International]).
In the second step, a supplementary analysis was undertaken
to explore aspects of the data that were not fully addressed in
the first analysis [20]. This analysis (an analysis between
groups), in which the perceptions of the 2 groups were compared
and contrasted to explore differences and commonalities
between policy makers and service users, also followed the
procedure of inductive qualitative content analysis [21]. JL and
MN undertook the initial analysis by iteratively examining the
qualitative data in the subcategories representing the barriers
and facilitators in each group of interviews, finding the points
where they converged and differed. When necessary, the original
data from the interviews with service users and policy makers
were consulted to check for consistency and accuracy. To
support trustworthiness, the results from these analyses were
then iteratively discussed in the wider author group until
consensus was reached.
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Ethical Considerations
The study was performed in accordance with the Swedish ethical
law and the Declaration of Helsinki. The regional ethics board
approved the study (Dnr 2016/72-31; Dnr 2015/258-31,
2017/378-32; Dnr 2011.166/31).

Results
Overview
The participants in the policy maker group had a variety of roles
ranging from elected politicians with a political responsibility
for health care portfolios at the regional level (representing 3
different political parties) to administrators in a more operational
capacity at regional or local levels. All had an explicit mission
to implement information technology in health care. The

Neher et al
participants (5/7, 71% women and 2/7, 29% men) were aged
between 40 and 59 years and had work experience between 4
and 20 years in their present role. The participants in the service
user group (9/25, 36% women and 16/25, 64% men) were aged
39 to 83 years and varied in educational background.
Participants had various heart diseases: ischemic heart disease,
heart failure, arrhythmia, or combinations thereof. All service
users had an experience with eHealth, either having been
introduced to, participating in, or having participated in an
eHealth intervention.

Policy Makers
Overview
For policy makers, 5 barriers and 3 facilitators for the
implementation of eHealth were found (Table 1).

Table 1. Main categories and subcategories with quotes from the qualitative content analysis (policy makers’ perceptions of barriers to and facilitators
of the implementation of eHealth interventions in health care).a
Subcategories

Quotes

Barriers
Belief that not all service users will benefit “[eHealth technology]...will suit some people’s needs, but different people need different things...I
from eHealth
really think you should see it as complementary and not instead of [standard care]” [Policy maker 2]
Uncertainty about the work consequences “We have staff working with the technical coordination...providing access and such...But about the
for health care professionals
human development...How you change the ways [health care] staff do their work...To be honest, I
think we haven’t been thinking about that a lot” [Policy maker 7]
Fear of problems with providing technical “We have to have a working internet in all parts of our region...If you can’t get a sufficiently strong
infrastructure
connection, that is going to be a problem” [Policy maker 2]
Perceived complexity of political decision- “There are at least 60 projects on-going [in our region] at the moment...We don’t have an accepted
making
way to make decisions: we can’t compare different proposals, and we can’t prioritize...we have no
evaluation tool...We can’t decide what is most important...is it what politicians think is best, or is it
about how it affects our economy?...That’s why it becomes a matter for everybody and also for nobody,
because there isn’t an obvious person or group who is responsible” [Policy maker 1]
Lack of extra resources for eHealth imple- “I think about ‘effect’ from an economic perspective...all our practices are driven by economic conmentation
siderations...It should be a smart solution...So if you use a technical solution, it should eradicate another cost” [Policy maker 3]
Facilitators
Policy makers’ conviction that eHealth is
what citizens want

“For us in politics, the citizen perspective is the most important. To be able to access your own
medical file, to sit at home and receive cognitive behavioral therapy. To be able to provide a chance
to participate in the care process...it makes patients more participatory in their care” [Policy maker
4]

Policy makers’ belief in eHealth solutions “We expect to be more effective, and hope to use the time we gain to help more afflicted patients”
as beneficial for health care practice
[Policy maker 1]
Policy makers’ belief in the importance
of working toward eHealth implementation in their region

a

“Digitalization is part of our political mission. Our regional planning has been hampered because we
are governed by a political minority which has made decision-making weak, so we have been a bit
left behind. But my conviction is that this issue should be taken up to the highest political level...We
have to show that we are in the game!” [Policy maker 3]

Numbers in parentheses are participant codes.

Barriers Perceived by Policy Makers
Belief That Not All Service Users Benefit From eHealth
Although policy makers expressed very positive views about
eHealth technology, some also discussed situations in which
eHealth technology would be less beneficial: when professionals
meet service users for the first time, when they prescribe
psychiatric medication or assess the need for sick-leave, or when
they treat the young or those service users with complex
https://www.jmir.org/2022/1/e28870
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problems. Some service user characteristics (such as age and
condition) were also described as barriers to eHealth technology;
however, 1 policy maker thought that service users being
uncomfortable with technology was the most important factor.
Uncertainty About the Work Consequences for Health Care
Professionals
The process of changes in the direction of digitalization was
described as uneven, as different work units were perceived to
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be different in their way of tackling the issue and getting
different support in the change process. A policy maker
described that the changes that need to happen when introducing
a new way of working in the clinic were not very well-developed
and that implementing change was difficult.
Policy makers perceived that much effort was usually put into
the technical implementation, whereas the development of the
workforce was left to the work unit in question. Policy makers
were uncertain about whether the planning for change and
implementing eHealth technology in practice meant more work
instead of less for work units. They perceived that staff could
experience an uncertainty about the negative consequences of
digitalization for their own employment and thought that staff
needed better support for learning about technical solutions in
the workplace.
Fear of Problems With Providing Technical Infrastructure
The incompatibility of the technical systems and differences in
the language that systems use was perceived to lead to
unnecessary difficulties in information sharing. Data sharing
between health care systems was seen as a top priority by several
participants, although some also raised the issue of data security.
Policy makers expressed that an important implementation
barrier was a lack of knowledge about technical solutions and
their real potential applicability in health care. They had many
proposals about novel technical eHealth solutions flooding their
workday and experienced difficulty managing the need to make
implementation decisions in an informed and systematic way.
There was uncertainty among policy makers about the
organizational chain of responsibility for implementing the new
technologies, the different actors concerned in the political
system and the health care system, and how roles overlap and
differ. As laws and regulations lag behind the current rapid
technical development, there was a feeling of not being
supported in decision-making (eg, when considering if and how
to limit internet doctors from inappropriately diverting health
care resources).
Lack of Extra Resources for eHealth Implementation
Despite the strong political impetus to implement eHealth
solutions, policy makers perceived that no extra resources were
available in the health care system for eHealth implementation.
They perceived that implementation decisions at both the clinical
and political levels were influenced by the lack of economical
and personal resources, as they saw cost–benefit calculations
as a key factor for implementation. They also found that
decision-making in their political role was difficult; both the
needs of the population and the solutions offered by technology
companies were many and multifaceted. They found it hard to
prioritize among solutions, as it was not always clear what the
costs and gains would be in different cases. Policy makers
expressed that they would prefer not to leave the development
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of digital tools exclusively to commercial agents with a profit
agenda or to researchers with limited resources. They reasoned
that extra resources should be allocated to implement technology
in clinical everyday care and that public funds should engage
more actively in supporting innovation, as resources are
necessary to design and develop good digital products for health
care use.

Facilitators Perceived by Policy Makers
The arguments that policy makers used to describe the benefits
of eHealth solutions were many, and all policy makers extolled
the advantages of digital care solutions for patients, staff, and
society at large.
Policy Makers’ Conviction That eHealth is What Citizens
Want
Policy makers stressed that facilitating the accessibility to care
for service users was an important driver for their work. Policy
makers perceived that providing citizens with the opportunity
to book their health care visits themselves, order their
medication, and check their electronic health records on the
web would guide health care to become more patient centered.
Many perceived that citizens expect society to provide them
with access to internet for professional examinations, treatment,
and health monitoring, with the benefits of less traveling.
Policy Makers’ Belief in eHealth Solutions as Beneficial for
Health Care Practice
Perceptions were that eHealth technology could lead to
advantages for staff by providing decision support. eHealth
could lead to administrative effectiveness and better workflow;
as more patients and families (in theory) managed their own
health administration, staff could cater to those most in need of
personal service.
Policy Makers’ Belief in the Importance of Working Toward
eHealth Implementation in Their Region
Some policy makers expressed that they saw the necessity to
take an active role in politics and fulfill their ambition to push
their region to the frontline of health care digitalization and
implementation of eHealth. They expressed a wish to be among
the best. In particular, building infrastructure was seen by policy
makers as a crucial part of their political role, as populations in
rural regions need broadband and other facilities to access
eHealth programs. To reach that goal, policy makers saw a need
to work together at the regional and local levels, involve service
users, and collaborate with commercial companies and
universities.

Service Users
Overview
For service users, 5 barriers to and 6 facilitators of the
implementation of eHealth were found (Table 2).
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Table 2. Main categories and subcategories with quotes from the qualitative content analysis (service users´ perceptions of barriers to and facilitators
of the implementation of eHealth in health care).a
Subcategories

Quotes

Barriers
Limitations in the capability of the service “You know, for me it was all this digitalisation. I had been better off if I could write on a paper and
user
send it in. I thought it was rather complicated” [Service user 3]
eHealth is not always what the individual “Yeah, when it comes to healthcare I think that you prefer a personal contact. Or so I think” [Service
service user wants
user 4]
eHealth is perceived as time consuming
for the service user

“This a darn lot of time, for the patient, I mean it would take a lot less time if one had an appointment
with someone and was there talking for an hour compared to reading a lot and fill out forms and find
out answers and write answers” [Service user 3]

Mismatch of technology with service user “Overall...Yes, I had, I must say had expected something else” [Service user 25]
needs
Perceived lack of data protection

“I’m not happy about that at all...it’s just a matter of how good a hacker you are...” [Service user 5]

Facilitators
User-friendly design

“And even if you forget some things as time passed, you could always go back and refresh your
memory. So that’s an advantage” [Service user 22]

Matches skill set of service user

“I had an advantage in that I’m quite structured and used to work with structured materials on the
computer” [Service user 22]

Provides a sense of privacy

“First you had a pass-word and then a single use code, that made me feel rather secure because they
[designers of the web-platform] had thought about it” [Service user 2]

Personal feedback and staff support

“I had rather long questions and I got good answers and good feedback, I really appreciated that and
without that it wouldn’t work. It was a necessary and good complement [to the iCBTb program]”
[Service user 1]

a

Flexible use of time

“If the alternative had been personal meetings, so that you had appointments a number of times, then
naturally this [iCBT-program] has clear advantage timewise, because I have rather fully-booked work
day, and I don’t have to set more time aside for it” [Service user 26]

A credible sender

“I think this type of program, this type of treatment or healthcare, it’s totally ok for me because you
have a human that you can call and talk to, otherwise it wouldn’t work” [Service user 3]

Numbers in parentheses are participant codes.

b

iCBT: internet-based cognitive behavioral therapy.

Barriers Perceived by Service Users
Limitations in the Capability of the Service User
Service users perceived that their health status could limit their
ability to use eHealth, for example, because of memory
problems. Some service users thought that other service users
might hesitate to use digital technology in general and not only
described technical problems with the digital solution itself but
also the unfamiliarity with computer-based activity, for example,
developing a smooth workflow on the web-based platform.
They also found that the log-in process was complicated and
would have preferred more automated feedback from the
platform.
eHealth Is Not Always What the Individual Service User
Wants
A feeling of being tied to their computer was perceived when
working with the iCBT program. Service users could perceive
that communication in writing with a health care professional
was unfamiliar and sometimes uncomfortable for them, and
those service users who were not used to reading long texts on
screen expressed that they preferred to read from printouts.
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Service users described the lack of face-to-face or direct
audiovisual communication with the therapist as a barrier, as
they perceived that communication in writing sometimes meant
missing nuances in the communication. Some service users
preferred traditional health care with face-to-face appointments
and participation in support groups and therefore perceived
eHealth as the second-best alternative.
eHealth Is Perceived as Time Consuming for the Service
User
Although appreciative of the opportunity to use the eHealth
technology when it suited them, service users would have liked
to continue being able to contact health care by telephone. As
this was perceived as increasingly difficult, they felt obligated
to use digital solutions, which they described as complicated
and time consuming. Some service users also felt that they had
to take more responsibility for their treatment compared with
traditional face-to-face treatment, for example, with weekly
appointments. This was described as a barrier, especially for
patients who experienced that their family or work situation
required much time and attention.
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Mismatch of Technology With Service User Needs
Service users described that they thought that the eHealth
interventions in which they had participated did not match their
health needs, that the intervention had not been provided at the
right time, or that the content of the intervention did not meet
their expectations or because it was not sufficiently tailored to
their personal needs.
Perceived Lack of Data Protection
A barrier could also be uncertainty about personal integrity and
information security. Service users who experienced uncertainty
about what information could be extracted from different types
of devices and telemonitoring expressed rather strong feelings,
such as fear.

Facilitators Perceived by Service Users
User-Friendly Design
Service users perceived that a user-friendly design was important
for their use of the eHealth intervention. An appropriate level
of complexity in the program texts and communication processes
(such as the option of ticking simple yes or no questions) was
a feature. Although some service users described it as hard to
write about health problems, some also described that the
program relied on written communication and not real-time
communication, as this meant that they had more time to
consider how to communicate with health care staff in
addressing sensitive topics. Another feature service users
appreciated was the easy availability of the previous parts of
the program.
Matches Skill Set of Service User
The service users in this study described themselves as relatively
regular users of computers and digital services and perceived
these experiences as facilitators of the use of an eHealth
intervention. Specifically, previous experiences of, for example,
working with texts, was perceived as a success factor in the
intervention in which they were enrolled, as the iCBT program
demanded a capacity for advanced reading and writing. For
managing different types of slightly more complex processes,
some service users needed help from family members.
Provides a Sense of Privacy
The service users in the study felt safe for the most part in the
space that was provided for their eHealth activity and valued
the direct contact it afforded with caregivers. When weighing
the risk that an unauthorized person would get access to personal
health-related information against the help they get via eHealth,
they considered it worthwhile. This approach to privacy risks
allowed participants to use eHealth; however, they also
mentioned that the 2-factor authentication enabled their sense
of privacy.
Personal Feedback and Staff Support
Service users perceived that personal contact with health care
professionals before and during the eHealth intervention was
an important facilitator. The study participants described a need
for much information before the actual intervention began; they
wanted information about the content of the eHealth program
and also how to manage the computer-related tasks involved.
https://www.jmir.org/2022/1/e28870

XSL• FO
RenderX

Neher et al
Individual contact with health care personnel during ongoing
interventions was perceived as important and even necessary.
As eHealth was perceived as mostly managing health problems
on one’s own, being provided with an option to call someone
for support was very valuable.
Flexible Use of Time
Many study participants perceived that their eHealth intervention
took less time compared with, for example, physical visits within
the care system. Among other things, service users appreciated
that they did not have to set aside time for travel or look for
parking and that participating in an eHealth intervention was
easier than attending a traditional treatment with physical
meetings as it was easier to fit into their daily schedule.
Service users perceived a greater degree of self-determination
and awareness about when and how they conducted the
treatment and appreciated feelings of being in control. For
example, they could do exercises whenever they wanted and
could read at their own pace.
A Credible Sender
Service users expressed that they perceived the sender of an
eHealth intervention as reliable and credible, which was an
implementation facilitator from their perspective. Service users
described that they needed to feel that they could trust the
organization behind the intervention. Public actors such as
universities and public health care organizations were given
greater credibility than private actors. Service users also
described that it was important that they knew or experienced
trust for the person responsible for their treatment and needed
to know that they could get in touch with that person if needed.

Differences and Commonalities
Overview
In this section, we present the results of our supplementary
analysis (Multimedia Appendix 1). In Multimedia Appendix 1,
the boxes indicate subcategories from step 1, sorted by
stakeholder group (policy makers and service users) and main
category (barriers and facilitators). Arrows indicate similarities
between stakeholder group perceptions, as expressed in the
subcategories. The differences between the stakeholder
subcategories are not marked.

Barriers
Policy makers perceived that a barrier to the implementation of
eHealth was that not all service users benefit from eHealth. This
was mirrored in the perceptions of service users, who
highlighted the individual ability and preferences of service
users as potential barriers.
Although policy makers perceived that there were
implementation barriers in their work role (the complexity of
decision-making, a lack of resources for health care
digitalization, and fear of technical infrastructure problems),
service users expressed that the design of the technology needed
to be matched to their needs and that a perceived lack of data
protection could be an implementation barrier to service users.
Both groups reflected on a possible redistribution of work
burden between professionals and service users. Policy makers
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expressed some uncertainty about the work consequences for
health care professionals, and some service users perceived that
they found themselves doing more of the professionals’ work.

Facilitators
Policy makers and service users all perceived that the large
impetus toward the implementation of eHealth should be
considered an important facilitator. Policy makers were
convinced about the public pull toward eHealth and believed
that the importance of their policy mission would facilitate
implementation.
Service users were more specific in describing which actual
eHealth features of the technology would facilitate the
implementation; not only should the eHealth design be user
friendly and provide flexible use of time but also that it should
provide a sense of privacy and a credible sender behind the
technology.
Although policy makers believed that health care practice would
benefit from eHealth by freeing up staff hours and saw that as
an implementation driver, service users saw personal feedback
and support from health care staff as an implementation
facilitator.

Discussion
Principal Findings
This study shows that perceptions of policy makers and service
users tend to converge concerning the perception of general
societal impetus toward the adoption of eHealth and the promise
of effectiveness through the flexibility of time use. The 2 groups
also agreed that the implementation of eHealth may be hindered
by the difficulties in tailoring eHealth to user differentiation
and expressed that an implementation barrier could be the
uncertainty about the ultimate distribution of care burden. The
perceptions of policy makers and service users did not converge
in other aspects. At the back end of implementation, policy
makers perceived decision-making as complex, as technical and
regulatory systems are lacking in relevance and detail, and
knowledge and resources for implementation (ie, for building
the eHealth infrastructure) are scarce. At the front end, service
users highlighted the importance of the protection of digital
data and trust in the sender.
In the following sections, we will use the domains in the
nonadoption, abandonment, spread, scale up, and sustainability
framework (framework for considering influences on the
adoption, nonadoption, abandonment, spread, scale up, and
sustainability of patient-facing health and care technologies)
[8] to frame our discussion of the commonalities and differences
in the perceived barriers to and facilitators of the implementation
of eHealth between policy makers and service users.
In our study, both groups appeared to agree that the condition
and illness of the service user is a factor to consider. They
identified a common barrier in that eHealth is not a suitable or
sufficient way of providing health care to every member of the
general population. Although policy makers mainly focused on
criteria such as high age and critical health as barriers, service
users also identified the timing of eHealth interventions in their
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disease progress and their individual expectations of efficacy.
The implementation of digital technology will always be more
complex when the condition is poorly characterized, poorly
understood, unpredictable, or high risk [8], and studies have
shown that the medical and sociocultural criteria for patient
selection for eHealth interventions are still in its infancy in many
instances [22,23]. Greenhalgh et al [8] also reported that only
a fraction of potential end users was assessed by their clinicians
as suitable for an eHealth intervention. In the SARS-CoV-2
pandemic era, the use of digital tools has accelerated and spread
more widely to many new areas of health care [24-26]. The
question of whether current expectations about the general
applicability of eHealth are, in fact, realistic remains to be seen.
Recent publications note that despite societal pressures because
of the pandemic, there is no extensive clinical experience of
eHealth in cardiac care and highlight both the limitations and
usefulness of digital solutions for managing CVD [27,28].
The technology itself has a prominent role in the perceptions
of both groups. Service users expressed that the feeling of being
in a digitally protected environment and trusting the sender
facilitated implementation. Other research has confirmed that
the authority of the author has been found to influence trust and
credibility [29,30]. Although the policy makers in the study
perceived that most of their citizens were interested in digital
health innovation, they did not elaborate on the importance of
cybersecurity and expressed that they had limited knowledge
about the key features of different types of eHealth. Wozney et
al [31] interviewed key informants who were influential in the
adoption of technology for e-Mental health and found similar
knowledge gaps. Swedish national laws and European laws are
very clear about the responsibilities of the government and
policy makers to protect citizens from harm through health data
breaches [32,33]. In view of the need to accelerate the
implementation of eHealth, Swedish authorities have recently
devised an action plan. The main action targets in the plan are
more focused attention to issues of data protection, the
involvement of individual service users and health care staff,
provision of information and knowledge, and promotion of
collaboration around digital transformation [34]. A recent review
focusing on the implementation of videoconferences in diverse
areas of health care similarly found several challenges related
to service development [35].
Notwithstanding the limited scientific evidence of the
effectiveness of eHealth, policy makers and service users alike
perceived that eHealth can enable more effective use of time in
the management of health-related problems as a value
proposition. However, one of the findings of the study was that
both groups expressed uncertainty about the distribution of care
burden. Service users saw eHealth as a way of making health
care fit in their daily schedule and meeting their needs. Other
studies confirm these perceptions of benefits for service users
[12,36-38]. Our study showed that service users could also
perceive their eHealth intervention as time consuming; however,
they expressed concern about the shifting of roles and
responsibilities (and workload) from health care practitioners
to service users and their caregivers. This shift in the burden of
care has been reported to change the work required of patients
and be a potential barrier for the use of eHealth, which may lead
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to nonuse by service users [8,39]. Policy makers primarily saw
eHealth as potentially beneficial for health care practice, for
example, a way of reducing care tasks among health care
professionals. In a recent systematic review of primary health
care workers’ perceptions and experiences of mobile health
(mobile technology and communication tools such as
smartphones, tablets, PDAs, and wearable devices such as
smartwatches for the prevention, promotion, treatment, and
maintenance of health, information, and data collection), results
were shown to be rather more mixed. Although health workers
recognized some time benefits, they saw mobile health as slow
and time consuming in some cases and as creating more work
[40]. The findings of Greenhalgh et al [8] point to the real risk
of some staff simply not engaging with the program or using
the technology. In a recent review by Drissi et al [41], only a
small part of the included studies provided an empirical
evaluation of the reported digital interventions to assist health
care workers in mental care, and half of the studies listed
challenges and limitations related to the adoption of the reported
interventions.
Policy makers and service users in the study both agreed that
eHealth potentially allows patients to be more empowered to
participate in their own care. Similarly, a study by Whittaker
[42] showed that policy makers, administrators, and
organizational leaders in the United States viewed eHealth
technology as potentially transformative for health care. Other
research shows that patient-facing technologies may not only
inform, educate, and empower but also sometimes be
misinterpreted and cause distress [8,43]. In this study, service
users expressed concerns that implementing eHealth would
mean less human contact with health care professionals, which
is something they saw as an important quality marker for health
care. A recent systematic review found that there were few
studies that identified ethical issues associated with telehealth
practice [44]. A systematic review by Parker et al [45] found
that differences in socioeconomic factors and gender were
associated with the use of remote consultations and
internet-based consultations in general practice. In their
systematic review of the use of eHealth technology in cardiac
care, Harky et al [46] highlighted the need for further studies
exploring how staff–service user communications answer the
call for service user empowerment.
The 2 stakeholder groups differed in their perceptions of factors
related to adopters. One of the important results from our
analysis was that policy makers did not explicitly show an
awareness of the features of eHealth that service users perceived
as important facilitators of their engagement with the
technology. Although policy makers focused on the back-end
challenges with eHealth, for example, the difficulty of providing
regional broadband coverage, service users were mostly
concerned about the interface and their own ability to work,
read, and use the digital solution. Research has shown that the
information quality and the demands of the technology on
service users’ computer literacy skills and other individual
competencies are very important [47,48]. However, tailored
solutions that cover variable competencies come at a
considerable monetary cost [8]. As the policy makers in the
study expressed the real-life need to align their implementation
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decisions to a health care system with a nonexpanding budget,
individual tailoring of technologies to differing needs will
realistically be limited.
In an organizational and wider system context, the policy
makers in the study had an ambition toward making their
region’s digitalization compare favorably with other parts of
the country. This raises the question of which priorities will be
set in the near future: regional interests or collaboration across
regional borders. Policy makers perceived uncertainty in their
decision-making, as there was a lack of regulatory support to
guide their decision-making and no extra resources for
implementing the technologies. The Swedish vision of national
digitalization of health care by the year 2025 [5] stands in stark
contrast to policy makers’ perceptions of decisional difficulties,
pointing to the need for more coherent national planning,
strategic reimbursement, and regulatory support. Other research
also reports key barriers in micro- and mesolevel contexts of
health care organizations; however, more research is needed
that focuses explicitly on policy development and
implementation planning [29,49,50].
Neither policy makers nor service users reflected on the
embedding of technology in health care systems and the
adaptation of technology over time. Although the research
literature on the use of eHealth has exploded during the
SARS-CoV-2 pandemic, not many studies have used more
rigorous theoretical tools to study the long-term issues of using
eHealth technologies.
The World Health Organization highlights that there is a need
to go beyond the small-scale implementation of pilot projects
focusing on the evidence of feasibility and effect to a more
extensive exploration of the infrastructure needed to scale up
and sustain digital health technology as a global issue in the
future. Scaling up comprises deliberate efforts to increase the
impact of innovations that were successfully tested in pilot or
experimental projects so as to benefit more people. Policy and
program development on a lasting basis may be fostered through
government adoption, commercial adoption, or hybrid models
[51]. Stable and secure financial and technical resources and
enduring partnerships are the foundation for sustainability, in
addition to the capacity to continually adapt the product to meet
the demands of service users and the ever-changing operational
environment [52]. However, an understanding building on new
insights may take some time. Greenhalgh et al [8] proposed that
some of the barriers to achieving better eHealth implementation
may involve multiple strategies at the organizational and societal
level, including a revision of laws and a gradual “shared
sense-making through reflexive monitoring and analysis of
critical events or issues”
In any event, outcomes from eHealth solutions need reasonably
be superior or at least comparable with traditional health care
practices in terms of safety, timeliness, equity, effectiveness,
efficiency, and patient centeredness. The SARS-CoV-2
pandemic has made practitioners and researchers more aware
that although eHealth solutions have a great attraction, there
are many aspects that remain to be explored. New research
findings will likely fuel the discussion on the digital
transformation of society and health care. Understanding the
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complexities involved in this transformation is a challenge not
only for the public but also for policy makers at all levels; setting
an even more proactive agenda for the solid and high-quality
implementation of eHealth will be necessary. To make
well-based policy decisions concerning the implementation of
eHealth, policy makers will need to be informed by research
that takes the complexity of implementation into account and
pays more systematic attention to implementation outcomes
that ensure the quality of care.
Before attempting to implement various eHealth solutions,
implementation studies are not only needed to identify and
address numerous barriers to implementation and understand
how interventions can be sustainably translated from research
into clinical practice but also to evaluate outcomes with
standardized evaluation methods and instruments that are lacking
at present [53].

Strengths and Limitations of the Study
As the study was conducted in prepandemic conditions, the
incentive to use eHealth was not as strong as it has since
become, and perceptions about using eHealth technology will
likely have evolved in both stakeholder groups.
The participants in both the policy maker and the service user
group had a variety of demographic characteristics, which
indicates some representativeness. The perspectives of policy
makers, who are an underrepresented group in health care
research, contribute to a broader insight into barriers to and
facilitators of the implementation of eHealth. The scope of the
service users’ perceptions of eHealth implementation, in general,
was possibly somewhat limited by the fact that the focus in the
interviews was on their experiences with the specific eHealth
intervention (e-Mental health in cardiac care) in which they
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were enrolled. However, as the service users actively
participated in eHealth interventions, they were more
knowledgeable about eHealth than other members of the public,
which benefited the study.
The authors’ group expertise, with competencies in
implementation science, extensive clinical experience in health
care, and experience of qualitative methodology, contributes to
methodological trustworthiness.

Conclusions and Clinical Implications
This study provides previously unavailable information about
key informant perspectives on eHealth implementation. The
study not only shows that both policy makers and service users
perceive an impetus toward the implementation of eHealth but
also that there are differences in views concerning
implementation challenges and that policy makers do not
perceive the barriers and facilitators in the same way as service
users do. Dissonant perceptions about a new distribution of
workload emerged; although policy makers see eHealth as
potentially freeing up staff hours, service users highlight their
need for data security, feedback, and support and may sometimes
even see eHealth as the lesser alternative.
To be able to gear policy making to match service user needs
and preferences, future research should explore avenues toward
a more effective knowledge exchange regarding eHealth
implementation between different stakeholder groups and
systematic use of implementation science frameworks. Further
research is needed to clarify the perspectives of health care staff
and their clinical leaders on the sustainable implementation of
eHealth in clinical practice and how their perceptions overlap
with the views expressed by the stakeholders in this paper.
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Abstract
Background: Sequential information in electronic medical records is valuable and helpful for patient outcome prediction but
is rarely used for patient similarity measurement because of its unevenness, irregularity, and heterogeneity.
Objective: We aimed to develop a patient similarity framework for patient outcome prediction that makes use of sequential
and cross-sectional information in electronic medical record systems.
Methods: Sequence similarity was calculated from timestamped event sequences using edit distance, and trend similarity was
calculated from time series using dynamic time warping and Haar decomposition. We also extracted cross-sectional information,
namely, demographic, laboratory test, and radiological report data, for additional similarity calculations. We validated the
effectiveness of the framework by constructing k–nearest neighbors classifiers to predict mortality and readmission for acute
myocardial infarction patients, using data from (1) a public data set and (2) a private data set, at 3 time points—at admission, on
Day 7, and at discharge—to provide early warning patient outcomes. We also constructed state-of-the-art Euclidean-distance
k–nearest neighbor, logistic regression, random forest, long short-term memory network, and recurrent neural network models,
which were used for comparison.
Results: With all available information during a hospitalization episode, predictive models using the similarity model outperformed
baseline models based on both public and private data sets. For mortality predictions, all models except for the logistic regression
model showed improved performances over time. There were no such increasing trends in predictive performances for readmission
predictions. The random forest and logistic regression models performed best for mortality and readmission predictions, respectively,
when using information from the first week after admission.
Conclusions: For patient outcome predictions, the patient similarity framework facilitated sequential similarity calculations for
uneven electronic medical record data and helped improve predictive performance.
(J Med Internet Res 2022;24(1):e30720) doi:10.2196/30720
KEYWORDS
patient similarity; electronic medical records; time series; acute myocardial infarction; natural language processing; machine
learning; deep learning; outcome prediction; informatics; health data
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Introduction
In recent years, personalized medicine and clinical
decision-making support have become popular issues and hot
research fields such as modeling with electronic medical records
to assist clinicians in diagnosing diseases [1-3], predicting length
of hospital stay [4,5], and predicting patient death and other
outcomes [4,6-8]. Because electronic medical record data
accumulate quickly, sufficient data exist for conducting
data-driven studies, big data mining, and constructing predictive
models. Using patient similarity measures calculated from
electronic medical record data to select study cohorts for
building personalized models has improved predictive
performances [9,10].
Previous studies [11-14] have demonstrated the effectiveness
of personalized predictive models. Wang et al [11,12] used
similarity-based models to predict diabetes and liver disease
risk. Li et al [13] successfully identified 3 distinct subgroups
of type 2 diabetes based on the calculated patient similarity.
Wang et al [14] derived a local spline regression-based method
for patient embedding and patient similarity measurement to
predict cardiovascular disease risk. However, these studies
[11-14] merely evaluated patient similarity based on
cross-sectional information, rather than using the complete
longitudinal information stored in the electronic medical record
system. For a hospitalized patient, the longitudinal information
represents the clinical trajectory from admission to discharge;
it may include a series of clinical events performed on a patient
and multiple laboratory tests. Longitudinal data should be better
than cross-sectional data in predicting patients’ outcomes due
to the rich information on medical behavior and disease
progression. Thus, we can assume that longitudinal information
in conjunction with patient similarity measurements will further
improve outcome prediction, which will facilitate the move
toward personalized medicine.
Unfortunately, as is typical of real-world data, electronic medical
record data are usually heterogeneous, irregular, and uneven,
which presents challenges for modeling and measuring similarity
[15]. These problems are more severe for sequential information
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than they are for cross-sectional information. Thus, many
researchers transform longitudinal data into static data. Lee et
al [16] extracted various clinical and vital signs during the first
24-hour intensive care unit stay. These longitudinal variables
were transformed into static data by calculating the minimum
and maximum value for further patient similarity measurement
based on the cosine similarity metric. Ng et al [17] used a feature
vector representation method to aggregate longitudinal patient
data by calculating counts for categorical variables (diagnoses,
medications, and procedures) and arithmetic means for numeric
lab test data. Sun et al [18] represented 2-hour temporal data
for each patient by computing the means and variances or
wavelet coefficients.
Because few analyses [15-18] have taken event sequences into
consideration for similarity measurements, we aimed to develop
a new framework for patient similarity measurement that can
make use of cross-sectional information and 2 types of
sequential information (series of clinical events and multiple
laboratory tests) to predict patient outcomes.

Methods
Overview
In China, the number of patients with acute myocardial
infarction is expected to increase from 8 million in 2010 to 23
million in 2030 [19], which usually has a high risk of all-cause
in-hospital mortality or readmission, due to unexpected acute
myocardial infarction, after discharge. The accurate prediction
of these would allow better prognosis and timely intervention.
Thus, we focused on the prediction of all-cause in-hospital
mortality
and
unexpected
acute
myocardial
infarction-readmission after discharge of patients with acute
myocardial infarction at 3 time points during hospitalization (at
admission, on Day 7, and at discharge). Each patient’s clinical
trajectory comprised a series of clinical processes (timestamped
event sequence) and multiple laboratory tests (time series data)
from electronic medical record data. We calculated similarities
for both sequential and cross-sectional information and
constructed similarity-based models for each time point (Figure
1).
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Figure 1. Study workflow: (a) Sequential similarity calculation for timestamped event sequence and time series data, (b) similarity calculation for
cross-sectional information, (c) patient similarity measurement based on the weighted sum of similarities calculated in parts a and b, and (d) validation.
AMI: acute myocardial infarction; kNN: k-nearest neighbors based on the proposed patient similarity measurement; kNNEucli: k-nearest neighbors
based on the Euclidean distance; LR: logistic regression; RF: random forest; RNN: recurrent neutral network; LSTM: long short-term memory network;
DTW: dynamic time warping.

Similarity for Sequential Information
Both timestamped event sequence and laboratory test time series
data were used to calculate sequential similarity. Laboratory

tests data contributed to sequence similarity calculations, and
trend similarity calculations from multiple test values,
simultaneously. Figure 2 shows an example of a patient’s
clinical trajectory.

Figure 2. A case study of a patient’s clinical trajectory. All clinical events including laboratory tests, radiological examinations, and procedures are
listed sequentially according to patient timeline. The multiple values of each laboratory test comprise the time series data shown in the line chart on the
right side of the figure.

Similarity for Event Sequence
An event was a clinical process performed on a patient, such as
a serum glucose test, a radiological examination (eg, color
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sonography), or a procedure (eg, percutaneous coronary
intervention). For a series of clinical events, with timestamped
information, an event sequence r for the patient comprised pairs
(ei, ti), where ei was the ith clinical event for a patient and ti was
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the time point (day) on which the event occurred. Within an
event sequence, event ei was placed before event ej if ti was
earlier than tj in the patient timeline. Two events were placed
alphabetically if they were performed on the same day.
The edit distance was used to calculate the similarity between
2 event sequences based on how much work was needed to
transform one sequence into the other [20,21].
Operations—insertion, deletion, and substitution—were used
to change sequence r1 into r2. For the event–time pair (ei, ti) in
r1 and (ej, tj) in r2, insertion or deletion were used if ei≠ej;
otherwise, substitution (ie, changing the occurrence time of an
event) was used. We set the edit cost to 1 for insertion and
deletion operations, c(Ins(e))=c(Del(e))=1, and the cost of
substitution was c(Sub(e,ti,tj))=0.5*|ti–tj|. Given that we could
change sequence r1 to r2 via different series of operations, the
operation series with the minimum total cost was taken as the
edit distance [21].
For instance, for sequence r1 ={(A, 1), (B, 2), (C, 3), (D, 4)}
and r2 ={(A, 2), (B, 5), (C, 8) }, where (A, 1) indicates that event
A occurred in the first day after admission, possible operation
series could be Os1 = {Del(A, 1), Del(B, 2), Del(C, 3), Del(D,
4), Ins(A, 2), Ins(B, 5), Ins(C, 8)}, with a total cost of 7, or Os2
= {Sub(A, 1, 2), Sub(B, 2, 5), Sub(C, 3, 5), Del(D, 4)}, with a
total cost of 5.5; therefore, the second operation series is optimal.
We used a dynamic programming algorithm [20] to solve this
minimization problem (Multimedia Appendix 1).
The sequence similarity for a pair of event sequences was

where M(m,n) was the edit distance, and m and n were the
lengths of sequences r1 and r2. Laboratory test items Slab-edit,
radiological examinations Srad-edit, and procedures Spro-edit were
represented by 3 individual event sequences.
Time Series Similarity
In the clinical field, a time series can be defined as a consistent,
unidirectional change in the value of a biosignal and is, thus,
related to the evolution of a patient’s status [22]. In this study,
a time series s was defined as multiple real values of a laboratory
test sorted temporally during a patient’s hospitalization. This
type of time series often has different lengths because patients
with different diseases have different numbers of laboratory test
items. In this situation, the traditional Euclidean or cosine
distance was not suitable for calculating the similarity between
2 time series. We used dynamic time warping, which has been
frequently implemented to assess similarity between time series
data [23,24], to calculate the distance between laboratory test
time series. The dynamic time warping algorithm applied
dynamic programming algorithm, and the cost for each map
was defined by the Euclidean distance between 2 time series
(Multimedia Appendix 1). By using the dynamic time warping
algorithm, we obtained the optimal alignment and the cumulative
distance between 2 time series when mapping one time series
onto the other [25].
The trend similarity SDTW for s1 and s2 was
https://www.jmir.org/2022/1/e30720
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where D(s1,s2) was the final cumulative distance between s1
and s2. The minimum and maximum values of all pairwise
distances were denoted as dmin and dmax, respectively.
We also used Haar wavelet decomposition method to assess
similarity. The Haar wavelet-based method is highly dependent
on time series length; therefore, linear interpolation to ensure
time series satisfied length requirements. Using discrete Haar
wavelet decomposition, each time series was represented by
several Haar wavelet bases (Figure S3 in Multimedia Appendix
1), and the coefficients of these bases, which described main
characteristics and changing trends in the time series [26], were
used to calculate Haar wavelet-based trend similarity SHaar,

where d(s1, s2) was the Euclidean distance between 2 groups of
coefficients describing s1 and s2.
The trend similarities between a laboratory test’s multiple test
values were calculated using either dynamic time warping or
Haar wavelet-based decomposition.

Similarity for Cross-sectional Information
Cross-sectional
information
comprised
demographic
characteristics (age, sex, payment type, and marital status),
laboratory tests only performed at admission, and free-text
reports of chest x-rays and color sonography.
Demographic characteristics were represented as 0 or 1 in vector
u based on whether or not the patient was ≥60 years, male,
married, and insured (specific medical insurance). To assess
demographic feature similarity for patients i and j, we used
Jaccard similarity

We calculated Euclidean distance–based similarities for
laboratory tests performed only at admission. The feature
similarity for these cross-sectional laboratory tests (Slab) was
defined as 1 – normalized Euclidean distance, using
minimum–maximum normalization.
The free-text reports were in English in the public data set and
Chinese in the private data set. For reports written in Chinese,
we performed 3 steps to extract features: corpus-of-interest
construction, word segmentation, and feature reconstruction
(Figure S4 in Multimedia Appendix 1). For reports written in
English, we directly identified features of interest (high
frequency of occurrence and related to acute myocardial
infarction, for example “LVEF,” because patients with high
LVEF usually have better cardiac function and prognosis). A
text feature variable was set to 1 if patients’ radiological reports
contained this feature and 0 otherwise. Finally, each patient had
a set of h features from text such as “左室射血分数正常 (Left
ventricular ejection fraction (LVEF) was normal)” in the private
data set and “Overall normal LVEF” in the public data set. We
used Jaccard similarity to calculate similarity for extracted text
features (Stext).
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Patient Similarity Calculation
The patient similarity score was the weighted sum of feature
similarities. We identified dominant features, to which greater
weights were assigned, and set weights for the rest of the
features to 0. Weights were assigned separately for mortality
or readmission risk prediction tasks. The importance of a feature
was determined by the predictive performance when using the
similarity calculated on this feature to identify nearest neighbors
for death or readmission prediction. The greater the
performance, the greater the feature importance. Based on the
sample set for weight determination, death risk, for example,
of an index patient was predicted as the occurring probability
of outcomes status among his top k nearest neighbors. We
selected near neighbors using the similarity of one of the
following features in turn: event sequences of laboratory test
items, radiological examinations, and procedures; time series
of lab tests having multiple testing values; and cross-sectional
features.
We identified 3 dominant features, with a majority voting
scheme, that had the highest area under receiver operating

characteristic curve (AUROC) values. We optimized feature
weights w1, w2, and w3, by 0.05 steps, under the constraints w1
+ w2 +w3 = 1 and w1≥w2≥w3> 0 (Multimedia Appendix 1).

Predictive Models
Similarity–Based Model Configuration
We built several k–nearest neighbor classifiers to predict
patients’ outcomes based on patient similarity.
We compared predictive performances of k–nearest neighbor
models built using the sequence similarity alone, the trend
similarity alone, and both (Table 1). The subscripts E, D, and
H represented the k-nearest neighbor model was built by using
sequence similarity alone, the dynamic time warping-based
trend similarity alone, and Haar decomposition-based trend
similarity alone, separately. The subscript ED indicated the
k-nearest neighbor model was built on both sequence similarity
and trend similarity using dynamic time warping, while EH
indicated the trend similarity was measured using Haar
decomposition.

Table 1. The construction of similarity-based predictive models based on different patient similarities.
Similarity used

k–nearest neighborED

k–nearest neighborEH

k–nearest neighborE

k–nearest neighborD

k–nearest neighborH

S lab-edit

Yes

Yes

Yes

No

No

S rad-edit

Yes

Yes

Yes

No

No

S pro-edit

Yes

Yes

Yes

No

No

S DTW

Yes

No

No

Yes

No

S Haar

No

Yes

No

No

Yes

Cross-sectional information–based similar- Yes
ity (Sdem, Slab, Stext)

Yes

Yes

Yes

Yes

Sequence similarity

Trend similarity

Comparison Model Configuration
We compared the predictive performance of each k–nearest
neighbor model with those of other state-of-the-art predictive
models: Euclidean-distance k–nearest neighbor, logistic
regression, random forest, long short-term memory network,
and recurrent neural network models, using either the full set
of predictor variables or a set of statistical features, because
time series data could not be directly input to Euclidean-distance
k–nearest neighbor, logistic regression, or random forest models.
Cross-sectional information and all flattened time series (padded
and concatenated) were input to Euclidean-distance k–nearest
neighbor, logistic regression, and random forest models, and a
set of 6 statistical features for each time series—minimum,
maximum, mean, standard deviation, skewness, and time series
length—were input to each model with the cross-sectional
information. The model with the higher performance for the 2
abovementioned strategies was reported and compared with our
similarity-based models (Table S1 in Multimedia Appendix 1).
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Model Hyperparameters
We searched for the optimal parameters of models by trial and
error. Finally, we set k=50 for k–nearest neighbor and the
number of trees to 200 for the random forest model. For the
training of logistic regression, long short-term memory network,
and recurrent neural network models, we defined loss functions
as cross-entropy with an L2-regulation term. The long short-term
memory network and recurrent neural network were trained
with an adaptive moment estimation optimizer with a sigmoid
activation function. For long short-term memory network and
recurrent neural network models, the number of units was set
to 100, batch size was chosen as 128, and the maximum number
of epochs was set to 30. The leave-one-out method was used to
evaluate performances of predictive models, with one patient
used as a test sample and the rest used for training in each
validation round. This method made full use of the validation
set and can be used with an imbalanced data set.
Because we aimed to provide an early warning to allow for
timely intervention and treatment adjustment, 3 time points, at
admission, Day 7, and at discharge were denoted as the index
J Med Internet Res 2022 | vol. 24 | iss. 1 | e30720 | p.1470
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time points. All available information at each index time point
was used for determining patient similarity and building
predictive models. To ensure robustness, we ran the predictive
process 100 times independently and averaged the performances.
The differences between models’ performances were considered
statistically significant if model A outperformed model B at
least 95 times. AUROC and F1-score were used as the main
metrics and we also calculated precision, sensitivity, and
specificity.

Wang et al

Data Set and Features

hospitalizations were deidentified and maintained as unique
records. Overall, 1846 patients whose primary diagnosis
confirmed with the International Classification of Disease, tenth
revision, codes I21 and I22 were enrolled. Of the laboratory
tests, 103 laboratory tests were used as cross-sectional
information (at admission). By Day 7, 27 laboratory tests had
2 or more testing values, and the rest were used as
cross-sectional information. At discharge, 63 and 40 laboratory
test items were treated as time series and cross-sectional
information, respectively. For radiological reports, a set of 36
text features (Table S2 in Multimedia Appendix 1) was obtained.

Public Data Set

Inclusions and Exclusions

We used the freely accessible critical care database Medical
Information Mart for Intensive Care III (MIMIC-III) [27,28].
The MIMIC-III data set was collected between June 2001 and
October 2012 from patients admitted to intensive care units at
the Beth Israel Deaconess Medical Center in Boston,
Massachusetts. It includes patient health information such as
demographic data, vital signs, laboratory test results,
medications, procedures, diagnosis codes, as well as clinical
notes. In this study, we included all records for patients with
acute myocardial infarction.

For both data sets, few patients underwent a chest x-ray or a
color sonography examination during the first week after
admission; therefore, text features were not extracted from
radiological reports for further similarity calculation when using
information before the first week after admission. The event
sequence that comprised radiological examinations was also
excluded from sequence similarity calculation because few
events occurred at admission. Additionally, a total of 164
patients with a length of stay less than 7 days were excluded
from the training sample set when the prediction was made for
Day 7. Patients with any length of stay were included in the
prediction using patient information during a hospitalization
episode. Only 33 and 52 patients in the private data set were
readmitted within 30 and 90 days, respectively. Thus, no time
requirement was used to identify readmission.

A total of 3010 patients whose primary diagnosis, confirmed
with International Classification of Diseases ninth revision codes
410.01 to 410.91, were enrolled in this study. We extracted data
on age at admission, sex, payment type, marital status, 42
laboratory tests (23 discrete time series and 19 cross-sectional
items), procedures, and radiology reports (34 text features; Table
S2 in Multimedia Appendix 1) during hospitalization.

Results

Private Data Set

General

Electronic medical record data used in this study were derived
from records of inpatients discharged from a tertiary hospital
in Beijing, China between 2014 and 2016. Individual

Table 2 presents characteristics and main outcomes of the study
population.
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Table 2. Basic characteristics of acute myocardial infarction patients in MIMIC-III data set and the private data set.
Characteristic

MIMIC-III data set (n=3010), n (%) Private data set (n=1846), n (%)

Demographic
Age ≥60 years

2408 (80.0)

1131 (61.3)

Male gender

1855 (61.6)

1343 (72.8)

Married

1583 (52.6)

1815 (98.3)

Urban Employee Basic

N/Aa

1422 (77.0)

Medicare

2030 (67.4)

N/A

Laboratory test

1,044,886 (347)

349,563 (189)

Radiological examination

19,171 (6)

5827 (3)

Procedure

19,630 (7)

13,049 (7)

Acute myocardial infarction-cause readmission, n (%)

554 (18.4)

100 (5.4)

All-cause in-hospital mortality, n (%)

245 (8.2)

132 (7.2)

Length of hospital stay, day, mean (standard deviation)

10.0 (6.24)

11.4 (5.85)

Medical Insurance

Events during a hospital stay, n (numbers of events per patient)

Outcomes

a

N/A: not applicable.

Public Data Set
When predicting mortality, all k–nearest neighbor models built
on patient similarities involving events performed best
(k–nearest neighborE: AUROC 0.878; k–nearest neighborEH:
AUROC 0.882; and k–nearest neighborED: AUROC 0.883) and
significantly outperformed all other models (random forest:
P=.02; all other models: P<.001) (Table 3 and Figure 3A). For
predicting acute myocardial infarction-cause readmission,
k–nearest neighborE, k–nearest neighborEH and k–nearest
neighborED also had the highest AUROC values (Table 3), and

the 3 k–nearest neighbor models also performed best in mortality
and readmission prediction when evaluated with F1-scores.
There were no significant differences among k–nearest neighbor
models involving events for mortality (k–nearest neighborE and
k–nearest neighborEH: P=.44; k–nearest neighborED and
k–nearest neighborE: P=.24; k–nearest neighborEH and k–nearest
neighborED: P=.41) and readmission predictions (k–nearest
neighborE and k–nearest neighborEH: P=.84; k–nearest
neighborED and k–nearest neighborE: P=.73; k–nearest
neighborEH and k–nearest neighborED: P=.59) (Figure 3).

Table 3. The predictive performance of 100 independent rounds of the outcome prediction on the MIMIC-III data seta.
Model

a

Mortality

Readmission

AUROCb

F1-score

AUROC

F1-score

Euclidean distance k–nearest neighbor

0.756 (0.022)

0.280 (0.030)

0.592 (0.019)

0.332 (0.019)

Logistic regression

0.796 (0.024)

0.336 (0.037)

0.608 (0.022)

0.347 (0.019)

Random forest

0.834 (0.015)

0.362 (0.033)

0.579 (0.015)

0.327 (0.020)

Long short-term memory network

0.809 (0.022)

0.356 (0.043)

0.595 (0.020)

0.339 (0.017)

Recurrent neural network

0.814 (0.018)

0.338 (0.039)

0.590 (0.018)

0.337 (0.018)

k–nearest neighborD

0.816 (0.023)

0.373 (0.047)

0.566 (0.022)

0.315 (0.027)

k–nearest neighborH

0.746 (0.026)

0.295 (0.035)

0.536 (0.026)

0.295 (0.048)

k–nearest neighborE

0.878 (0.017)

0.386 (0.041)

0.623 (0.019)

0.350 (0.018)

k–nearest neighborEH

0.882 (0.016)

0.401 (0.044)

0.620 (0.018)

0.350 (0.018)

k–nearest neighborED

0.883 (0.015)

0.406 (0.050)

0.620 (0.019)

0.351 (0.019)

Mean: standard deviation.

b

AUROC: area under the receiver operating characteristic curve.
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Figure 3. Heatmaps showing the pairwise comparisons among models for predicting mortality (A and C) and readmission (B and D) based on the
public (A and B) and private (C and D) dataset. Number in each cell is the percent of times that the model in row had a higher performance than the
model in column after 100 experiments. The performance is considered significantly higher if the number is greater than or equal to 0.95, and the
corresponding cell is highlighted in color. KNNEucli: Euclidean distance k–nearest neighbor; KNND: kNN built on the dynamic time warping (DTW)
-based trend similarity (ie, k–nearest neighborD); KNNH: kNN built on the Haar-based trend similarity (ie, k–nearest neighborH); KNNE: kNN built on
the sequence similarity (ie, k–nearest neighborE); KNNEH: kNN built on the sequence similarity and Haar-based trend similarity (ie, k–nearest neighborEH);
KNNED: kNN built on the sequence similarity and DTW-based trend similarity (ie, k–nearest neighborED); LR: logistic regression; RF: random forest;
RNN: recurrent neutral network; LSTM: long short-term memory.

Private Data Set
When predicting mortality, k–nearest neighborED, which uses
both edit distance–based sequence similarity and dynamic time
warping–based trend similarity had the best performance
(AUROC 0.954; F1-score 0.603) when using all available
information from admission to discharge. It significantly
outperformed all other state-of-the-art models (Euclidean
distance k–nearest neighbor: P<.001; recurrent neural network:
P<.001; logistic regression: P=.03; long short-term memory
network: P=.02) except for random forest (at admission:
AUROC 0.795; before Day 7: AUROC 0.849; P=.07). (Figure
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XSL• FO
RenderX

3C and Figure 4A). Predictive performances of all models
improved with time points (at admission, Day 7, and at
discharge) except for the logistic regression model (Figure 4A).
For readmission prediction, k–nearest neighborE (AUROC
0.651), k–nearest neighborEH (AUROC 0.645), and k–nearest
neighborED (AUROC 0.648) performed best when using all
available information from admission to discharge; however,
logistic regression performed best at admission (AUROC 0.589)
and before Day 7 (AUROC 0.577) (Figure 4B). The precision,
sensitivity, and specificity results of all models are presented
in Table S3 (Multimedia Appendix 1).

J Med Internet Res 2022 | vol. 24 | iss. 1 | e30720 | p.1473
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Wang et al

Figure 4. The predictive performance of all models for predicting inpatient mortality (A and C) and readmission (B and D) in terms of area under the
receiver operating characteristic curve (A and B) and F1-score (C and D). Stars (☆) indicate the highest predictive performances. No prediction was
made at admission for LSTM, RNN, KNNH, KNND, KNNEH, and KNNED because of no available temporal information at that time. KNNEucli:
Euclidean distance k–nearest neighbor; KNND: kNN built on the dynamic time warping (DTW) -based trend similarity (ie, k–nearest neighborD);
KNNH: kNN built on the Haar-based trend similarity (ie, k–nearest neighborH); KNNE: kNN built on the sequence similarity (ie, k–nearest neighborE);
KNNEH: kNN built on the sequence similarity and Haar-based trend similarity (ie, k–nearest neighborEH); KNNED: kNN built on the sequence similarity
and DTW-based trend similarity (ie, k–nearest neighborED); LR: logistic regression; RF: random forest; RNN: recurrent neutral network; LSTM: long
short-term memory.

Discussion
It is anticipated that predictive modeling based on electronic
medical record data will drive personalized medicine and
improve health care quality, with many researchers attempting
to predict patients’ clinical outcomes, such as death
[4,6,7,16,22]; quality of care, such as readmissions [4,7,29,30];
resource utilization, such as length of stay [4,6,31], and
diagnoses [6,32]. Patient similarity, calculated based on the
electronic medical record data, has improved predictive models’
performances [9,10].
The longitudinal information in electronic medical record data
includes timestamped event sequence and laboratory test time
series, which are informative and valuable for outcome
predictions due to the rich information on medical behavior and
disease progression. However, both types of sequential
information are usually heterogeneous, irregular, and uneven,
presenting large challenges in data preprocessing, feature
extraction, and similarity measurement. Therefore, we used 2
strategies to calculate similarity for timestamped event sequence
and laboratory test time series separately. The edit distance,
which has been widely used to measure distance in analyzing
textual strings [33], biological sequences [34], and patient traces
[31], was used to calculate similarity for timestamped event
sequences.
For time series, 2 main groups of algorithms for similarity
calculation can be identified: the time domain algorithm and
the transform-based methods [22]. The former worked directly
https://www.jmir.org/2022/1/e30720
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with the raw time series, while the latter reduced original data
dimension for further similarity calculation [22]. We used both
a time domain (dynamic time warping) and transform-based
(Haar wavelet decomposition) to calculate the trend similarity
for time series. Dynamic time warping worked better in trend
similarity calculations than Haar wavelet decomposition, based
on the results for both data sets. Haar wavelet-based trend
similarity methods might not be suitable for time series in
electronic medical record system. because more information is
lost during dimension reduction than that in dynamic time
warping. Our findings that dynamic time warping for
time-varying features increased predictive performances were
similar to those from a previous study [35]. The most frequently
selected features were the procedure-based sequence, the serum
creatinine level, and the radiological examination-based
sequence. This finding inspired us to shed more light on event
sequence and specific clinical variables, which helped in
identifying similar patients and improving downstream
personalized prediction. Generally, dynamic time warping and
the edit distance could be used with sequential information
having different lengths and helped overcome the challenge of
evaluating sequential similarity for uneven electronic medical
record data.
Classical time series processing models, such as recurrent neural
network and long short-term memory network, could not use
event sequence information, and truncation or 0-padding was
inevitable in order to process time series with different lengths.
Whereas, k–nearest neighbor models based on the proposed
patient similarity measurement can make use of 2 types of
J Med Internet Res 2022 | vol. 24 | iss. 1 | e30720 | p.1474
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sequential information and performed best in outcome prediction
in this study. To the best of our knowledge, this is the first study
in which 2 types of sequential information have been integrated
and applied to patient similarity measurement. Furthermore,
the predictive mechanisms of k–nearest neighbor models are
more interpretable and transparent for clinicians than some black
box models such as random forest, recurrent neural network,
and long short-term memory network [16]. In general, our
models helped improve predictive performance.

outcomes of patients with acute myocardial infarction. For
predicting mortality, the performances of all predictive models,
except logistic regression, improved with the 3 timepoints. This
finding indicated that sequential data helped improve
performances of models. The more sequential information
involved, the better the predictive performance. This finding
verified our initial assumption that longitudinal information in
conjunction with patient similarity measurement would facilitate
more accurate outcome prediction.

Several prior studies evaluated model performances and
compared them with other experiments conducted on the
MIMIC-III data set. Zhang et al [4] proposed a fusion model
leveraging sequential clinical notes, time series, and static
information (AUROC 0.871) that outperformed baseline models
for mortality prediction. Guo et al [36] constructed a nomogram
to predict in-hospital mortality for myocardial infarction patients
(AUROC 0.803). Jiang et al [37] used machine learning to
predict in-hospital mortality in sepsis survivors (sepsis: AUROC
0.732; nonsepsis: AUROC 0.830). Suresh et al [38] developed
a multitask model (AUROC 0.869) for mortality prediction that
outperformed global and separate models. Fan et al [39]
predicted in-hospital mortality for acute myocardial infarction
patients by building several models such as logistic regression,
decision tree, extreme gradient boosting, and random forest;
among which, the logistic regression model performed best
(AUROC 0.870). In this study, the sequential similarity–based
model (AUROC 0.883 for the MIMIC-III data set) had better
predictive performance for mortality prediction that those
mentioned. The model successfully measured the closeness
among patients, helped selecting similar study cohort, and
assisted building personalized predictive models. Furthermore,
we found that sequence similarity was better at identifying
nearest neighbors than trend similarity. This finding coincided
with the conclusion that patients’ clinical traces were
informative, and similar patient traces might have similar
endpoints [31].

For predicting unplanned readmission, our model performed
best on both data sets when all data, from during the whole
hospitalization period, were used. This finding sufficiently
indicated that patient similarity could significantly boost the
performance of readmission prediction. However, unsatisfactory
predictive results for readmission prediction were found in our
study and have also been found in other studies [4,6]. The reason
might be that the readmission condition was multifactorial and
complex, such as related to patient medical insurance, economic
conditions, and individual factors, thus, it is challenging to make
a prediction [4]. In addition, we noted that the performances of
all models for mortality and readmission prediction at admission
and at Day 7 were significantly lower than those at discharge,
possibly because information that is a long temporal interval
from discharge was not useful in outcome prediction.

Early detection of endpoints for at-risk patients is key for
understanding and improving outcomes [5]. In our study, we
selected 3 timepoints during hospitalization: at admission, Day
7, and at discharge. At each timepoint, all available data
including sequential information were used to predict the

This study had some limitations. First, trend similarity can also
be calculated based on time series in the form of abnormality
status. This method would require validation in the future.
Second, the patient information used in this study was
insufficient. The electrocardiogram captures vital signs for
patients with acute myocardial infarction and a type of
longitudinal information enabling temporal similarity
calculation. However, this information was unavailable for the
private data set. Therefore, electrocardiograms should be
collected and used for similarity measurement in further study.
In this study, we proposed a complete framework for measuring
patient similarity that used both sequential and cross-sectional
information. The method successfully evaluated sequential
similarity, helped deal with the challenge of similarity
calculation for uneven electronic medical record data, and
improved the performance of predicting patients’ outcomes.
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We thank Bour and colleagues for their recent publication
regarding the use of social media for health research purposes
[1]. Many people use social media to gain knowledge about
medicine, and as such, it is important to characterize the
reliability of research health topics on these platforms.
A major advantage of social media is its use as an effective
vehicle for large-scale dissemination of information, as seen
throughout the COVID-19 pandemic. In addition to facilitating
health surveillance and disseminating public health information,
social media has been helpful in providing social support and
behavioral counseling for people in need of such services [2].
Lack of transportation is often a barrier to health care access,
and although not every medical condition can be addressed
online, access to social media may assist in health education.
Social media has limitations though. Ethical issues concerning
consent, privacy, and confidentiality of users are commonly
encountered. Social media is considered to be public, and user
consent is not provided while collecting social media data.
Health care professionals worry about breaching patient
confidentiality and facing consequences under the federal Health
Insurance Portability and Accountability Act (HIPAA) and state
privacy laws. Although it is acceptable to share deidentified
patient information, a study of medical blogs proved that
keeping patient information deidentified might not be as easy
https://www.jmir.org/2022/1/e35286
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as it seems—individual patients were described in 42% of the
271 samples studied [3]. In this cohort, 17% of cases were found
to include enough information for patients to identify themselves
or their providers [3]. Moreover, social media users have a
skewed distribution toward adolescents and young adults. Thus,
the representativeness of the sample may be misleading,
resulting in biased findings and preventing generalization to the
entire population [1].
While social media has the potential to be a useful tool in health
research, both factual and false information can be posted online.
Currently, no verification system exists for health information
on these platforms. Users can be exposed to dangerous and fake
content posted by detractors and chatbots on social media. A
recent study from the Massachusetts Institute of Technology
demonstrated that false claims are 70% more likely to be
retweeted on Twitter than the truth [4]. This represents a serious
threat to public health, as misinformation can be readily spread.
Lack of regulation in social media poses a potential risk to
patient safety and public well-being. The American Medical
Association (AMA) Journal of Ethics provides guidance for
physicians navigating these platforms and emphasizes the
convection of truthful information and confrontation with
misleading or false information [5]. The use of a systematic
approach and adherence to the AMA’s guidelines may prove
J Med Internet Res 2022 | vol. 24 | iss. 1 | e35286 | p.1479
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useful, preventing physicians from accidentally sharing patient
information or misinformation. Social media holds great promise
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in medicine, but caution should be taken.
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Abstract
Background: The battle against the 2019 novel coronavirus (COVID-19) has not concluded. Despite the availability of vaccines,
the high prevalence of vaccine hesitancy represents a significant challenge to public health, and raising vaccine acceptance among
the public is critical. Although media has become an increasingly popular source of COVID-19 vaccine-related information, the
question of whether and how media use is related to the public’s vaccine hesitancy warrants exploration.
Objective: This study aimed to (1) examine the level of COVID-19 vaccine hesitancy, (2) identify factors associated with
COVID-19 vaccine hesitancy, and (3) explore the direct and indirect relationship between media use and vaccine hesitancy
through psychological factors.
Methods: A month before COVID-19 vaccination was initiated in South Korea, we conducted a cross-sectional web-based
survey over 6 days (January 20-25, 2021). This study included 1016 participants, and a logit model for regression analyzed
associations between sociodemographic factors, health-related factors, psychological factors, and media use toward one’s
COVID-19 vaccine hesitancy. Additionally, we conducted a path analysis to examine the indirect effects of media use on vaccine
hesitancy by using psychological factors (ie, perceived risk of COVID-19 infection, perceived benefits, and perceived barriers
of COVID-19 vaccination).
Results: Among the participants (N=1016), 53.3% (541/1016) hesitated to take the COVID-19 vaccine, while 46.7% (475/1016)
agreed to accept the vaccine. Of the sociodemographic factors, female gender (odds ratio [OR] 1.967, 95% CI 1.36-2.86; P<.001),
age in 50s (OR 0.47, 95% CI 0.23-0.96; P=.004), and age over 60s (OR 0.49, 95% CI 0.24-0.99; P=.04) were significant individual
predictors of COVID-19 vaccine hesitancy. Perceived susceptibility of infection (OR 0.69, 95% CI 0.52-0.91; P=.01) and perceived
benefits of vaccination (OR 0.69, 95% CI 0.52-0.91; P=.01) were associated with lower vaccine hesitancy. Perceived barriers of
vaccination (OR 1.63, 95% CI 1.29-2.07; P<.001) and lower trust in government (OR 0.72, 95% CI 0.53-0.98; P=.04) were
related to vaccine hesitancy. The use of offline and online media as sources for the perceived benefits of vaccination was associated
with vaccine hesitancy, resulting in lower vaccine hesitancy. Moreover, perceived susceptibility of the disease and perceived
barriers of vaccination mediated the association between social media use and vaccine hesitancy.
Conclusions: Our findings revealed a considerable level of COVID-19 vaccine hesitancy in South Korea. Gender-based and
generation-based public health policies and communication are recommended. Efforts to lower the perceived risk of vaccine side
effects and heighten perceived benefits of the vaccine are required. Although the use of media has a positive and negative effect
on the population’s vaccine hesitancy, efforts should be made to disseminate reliable and timely information on media while
confronting misinformation or disinformation for successive implementation of vaccine programs during pandemics.
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Introduction
Although the 2019 novel coronavirus (COVID-19) continues
to spread worldwide and the public health emergency continues,
the battle to overcome COVID-19 remains active. The
development of effective vaccines has been highly anticipated,
and several vaccines are now available; however, the timeliness
of vaccine development and availability are not the only
obstacles to overcome from a public health perspective. Raising
vaccine acceptance and uptake among the public is essential to
elevate public health emergency preparedness, which refers to
the level of readiness for public health systems, communities,
and individuals to prevent, respond to, and recover from public
health emergencies [1]. A sizeable proportion of the population
must be vaccinated to reach herd immunity and prevent the
continued spread of the virus, and the goal of the South Korean
government is to completely vaccinate 70% of the population
[2,3]. According to a global survey collected in June 2020,
which asked whether they would be vaccinated if the COVID-19
vaccine is proven safe, effective, and if available, 79.79% of
the South Korean respondents responded positively [4].
However, there is evidence that the acceptance of the vaccine
is declining [5]. A systematic review compared trends in
vaccination receptivity over time, and a decrement of vaccine
acceptance from >70% (March 2020) to <50% (October 2020)
was observed [6].

with a basic reproduction number of between 2 and 3, and there
is a sharp increase in the number of confirmed cases worldwide
[13]. COVID-19 vaccines were developed very shortly within
a year, although it takes an average of 10.7 years to develop a
new vaccine [14]. Further, a well-known aspect of the
COVID-19 vaccination is that although the side effects occur
less frequently, they can occur [15-17]. In this context, previous
studies revealed the influence of individual and group
differences on vaccine hesitancy such as perceived risk of
COVID-19 infection [18,19], confidence in the capacity of
health services to respond to the COVID-19 pandemic [20], and
trust in authorities [21,22]. Vaccine-specific issues such as
confidence in the efficacy of the vaccines [23-26], fear of side
effects [19,25], and high conspiracy beliefs around the vaccines
[27] were also revealed to predict COVID-19 vaccine hesitancy.

Despite the availability of vaccination services, the phenomenon
of delayed vaccine acceptance or refusal is referred to as vaccine
hesitancy [7-9]. Numerous studies have attempted to define and
categorize vaccine hesitancy and commonly propose that
attitudes toward vaccination exist on a continuum of no demand
to high demand and from accepting all vaccines to accepting
no vaccines. Generally, vaccine-hesitant individuals are a
heterogeneous group in the middle of this continuum [10].
Vaccine-hesitant individuals may refuse some vaccines but
agree to others; they may delay or accept vaccines according
to the recommended schedule but be unsure in doing so [11,12].
The Strategic Advisory Group of Experts Working Group on
Vaccine Hesitancy proposed the determinants of vaccine
hesitancy, which are categorized as follows: (1) contextual
influences (eg, communication and media environment,
historical influences, politics and policies), (2) individual and
group differences (eg, personal, family and community
members’ experience with vaccination, beliefs, attitudes about
health and prevention, trust in health system, knowledge,
perceived risk and benefits), and (3) vaccine-specific issues (eg,
risk and benefit based on epidemiological and scientific
evidence, introduction of a new vaccine, costs) [10].

Along with the factors mentioned above, scholars paid attention
to the effects of using various media (eg, offline media, online
media, social media) as vaccine-related information sources on
vaccine hesitancy. Vaccine-related health information has
shaped perceptions, attitudes, and emotions related to the
vaccine. Using offline media such as listening to the radio and
reading the newspaper frequently was associated with increased
vaccination odds [28,29]. Health information seekers who used
newspaper articles as a vaccine-information source were more
likely to perceive a vaccine as effective, being more likely to
accept the influenza vaccine [30]. Refusing or delaying
vaccinations of their children by parents was associated with
using online media information sources [31,32]. Respondents
among Medicare beneficiaries in the United States who relied
on webpages for vaccine-related information were likely to be
hesitant about COVID-19 vaccine uptake [33]. Social media
platforms have become an increasingly popular source of health
information, and growing interest has emerged in the role of
social media in public health promotion. In particular, 2-way
communication between health authorities and the public via
social media is possible, and real-time exchange of health
information among families and friends during a pandemic is
possible [34-36]. The internet is widely used by authorities to
inform the public about the latest news, disseminate public
health knowledge, refute rumors, and facilitate effective
coordination of medical, public, and pharmaceutical resources
[37]. However, misinformation and rumors regarding COVID-19
vaccines have also emerged on social media platforms widely
[38]. Engagement with vaccine-related information on social
media was related to lower perceived vaccine efficacy [30],
higher belief that vaccines are unsafe [39], higher conspiracy
beliefs regarding the COVID-19 pandemic [40], and lower
vaccination rates [34].

Vaccine hesitancy is complex and context-specific, varying
across time, place, and vaccines. Therefore, hesitation of
COVID-19 vaccination should be understood in that context.
Epidemiologically, COVID-19 is a highly infectious disease

There is limited evidence about the acceptance or hesitancy of
the COVID-19 vaccine in practice, and the influencing factors
of vaccine hesitancy and whether and how media use can
influence the public’s vaccine hesitancy warrants further

https://www.jmir.org/2022/1/e32329

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e32329 | p.1484
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH
exploration. Therefore, this study conducted a survey a month
before the start of vaccination and addressed the level of vaccine
hesitancy and investigated factors related to vaccine hesitancy
along with which populations to prioritize in COVID-19
vaccination interventions. Moreover, we examined how media
use interacts with psychological factors for vaccine hesitancy.
Specifically, this study aimed to (1) examine the level of
COVID-19 vaccine hesitancy, (2) quantify and test the
relationships between sociodemographic, health-related,
psychological factors, media use, and COVID-19 vaccine
hesitancy, and (3) examine how psychological factors interplay
with the media use on vaccine hesitancy. Implications for
developing and implementing evidence-based interventions and
policies to raise vaccine acceptance and uptake are also
discussed in this paper.

Methods
Study Design and Sampling

Lee & You
not,” and “half and half” were coded as “vaccine hesitancy=1,”
and the options “probably would” and “Definitely want to
receive it” were coded as “vaccine acceptance=0” to create
dichotomous “hesitancy” versus “acceptance” variable.

Independent Variables
Sociodemographic Factors
Sociodemographic factors included gender (1=male, 2=female),
age, family size (ie, living alone, more than 2 persons), the
presence of children at home who attend school (more than
one=1, none=0), marital status (ie, married, single, divorced,
bereaved), and the participants’ residence (urban=1, rural=2).
We also assessed education level (1=middle school or below,
2=high school graduate, 3=college and above) and monthly
household income in South Korean won (1000 won=US $0.87;
1=<2 million won, 2=2 million to 3.99 million won, 3=4 million
to 5.99 million won, and 4=6 million to 7.99 million won, 5=≥8
million won).

We conducted a web-based cross-sectional survey on January
20, 2021—a month before vaccination was initiated in South
Korea. The questionnaire, which consisted of 83 questions, was
developed to (1) evaluate the public’s hesitancy of the
COVID-19 vaccine and (2) assess the association with
health-related factors, psychological factors, and media use by
using an anonymous web-based questionnaire. The survey was
conducted via a web-based platform from a research company
called Korea Research. The company recruited participants by
sending survey invitations containing general information about
the survey, such as its aim and consent statement via email or
text messages, and then registered survey panel members who
met the inclusion criteria. The inclusion criteria were as follows:
(1) 18 years or older, (2) a resident in South Korea, and (3) a
Korean speaker. The company sampled the participants by age,
sex, and geographic region–based proportional and quota
sampling process. The respondents provided electronic informed
consent that appeared on the first page of the survey, and the
company protected the confidentiality of the anonymous
respondents. Over 1033 participants completed the surveys, and
1016 were included in the analysis after excluding incomplete
responses. This study was reviewed and approved by the
Institutional Review Board at Seoul National University (IRB
2101/003-005), Seoul, South Korea. All participants provided
their informed consent upon enrollment. The data collection
took place over 5 days (January 20-25, 2021), a year after the
Korea Centers for Disease Control and Prevention confirmed
the first case at the early stage of the epidemic (January 20,
2020).

Health-Related Factors
Health-related factors included seasonal influenza vaccination
history, presence of underlying disease, subjective health, and
previous COVID-19 diagnosis for the participants. For seasonal
influenza vaccination history, participants were asked, “Have
you been vaccinated against the seasonal influenza flu in the
last 5 years?” Responses included “every year,” “more than
once,” “maybe once,” “never,” and “don’t know.” We grouped
the participants as having seasonal influenza vaccination history
(“every year,” “more than once,” and “maybe once”) or not
(“never” and “don’t know”). Subjective health status (poor=1,
moderate=2, good=3) was investigated to assess health-related
factors. We also investigated the presence of underlying disease
by asking participants to indicate all diagnosed underlying
diseases (eg, hypertension, dyslipidemia, diabetes, chronic
cardiac disease, asthma, cancer). We grouped the participants
as being with or without diagnoses of one or more underlying
diseases.

Measurements

Psychological Factors Related to COVID-19 Vaccination
Questions to determine the psychological factors that could
influence COVID-19 vaccination were adapted from the Health
Belief Model and included perceived risk of COVID-19
infection, fear of COVID-19 infection, perceived benefits of
COVID-19 vaccination, perceived barriers of vaccination, and
trust in the government (Figure 1). Perceived risk of COVID-19
infection comprised 2 components: (1) perceived susceptibility,
signifying an individual’s beliefs about their possibility of
infection, and (2) perceived severity, signifying the seriousness

Dependent Variables
A 5-point scale questionnaire measured the intention to be
vaccinated for COVID-19. Participants were asked, “If a vaccine
for coronavirus (COVID-19) becomes available, would you
want to receive it?” and provided response options “Definitely
not,” “Probably would not,” “half and half,” “Probably would,”
and “Definitely want to receive it.” The COVID-19 vaccination
intention response options of “Definitely not,” “Probably would
https://www.jmir.org/2022/1/e32329

XSL• FO
RenderX

Media Used to Obtain COVID-19 Vaccination Information
We included the following question to assess participants’ media
use to obtain vaccine-related health information via various
information sources such as offline media (eg, television, radio,
newspapers), online media (internet news sites, news portals),
and social media (Twitter, Facebook, Kakao Talk, YouTube,
blogs, communities). We used a 4-point rating scale (1=not at
all to 4=always) to ask the following question: “How often do
you use the following information source to seek information
about COVID-19 vaccine?”
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of infection [25]. Participants were asked, “What do you think
is the possibility of COVID-19 infection?” and “What do you
think will be the severity if COVID-19 infects you?” Responses
were rated on a 5-point rating scale, with “1=very low, 3=neither
low nor high, and 5=very high.” Perceived benefits of
COVID-19 vaccination were measured by 2 items measuring
perceived chances of gaining specific benefits by COVID-19
vaccination: (1) self-protection of my health and (2) proved
efficacy on preventing COVID-19 infection (1=extremely low
to 5=extremely high; Cronbach alpha of .86). Two items

Lee & You
addressed the perceived barriers of COVID-19 and included
perceived chances of experiencing barriers against COVID-19
vaccination, such as (1) COVID-19 infection caused by
vaccination and (2) concern about side effects of vaccination
(1=extremely low to 5=extremely high; Cronbach alpha of .61).
We also investigated participants’ trust in government by asking,
“To what extent do you currently trust the government which
respond to infectious diseases?” Responses were collected using
a 5-point scale, with “1=extremely low to 5=extremely high.”

Figure 1. Framework of this study.

Statistical Analysis
All quantitative variables were reported in numbers, proportions,
means, and standard deviations. The responses to the COVID-19
vaccination acceptance questions were categorized into binary
groups: (1) those who would accept COVID-19 vaccination
(acceptance group) and (2) those who hesitated to uptake
COVID-19 vaccination (hesitancy group). Differences in
sociodemographic and health-related factors were compared
with the COVID-19 vaccination hesitancy by using the
chi-square statistics to determine the role of sociodemographic
and health-related factors in COVID-19 vaccine hesitancy.
A multivariable analysis was developed in 2 stages. First, we
performed a logistic regression to evaluate factors associated
with
COVID-19
vaccination
hesitancy,
including
sociodemographic factors (ie, gender, age, family size,
education, marital status, income, employment) and
health-related factors (ie, subjective health and presence of
underlying disease), media use (ie, offline media, online media,
and social media), and psychological factors (ie, perceived
susceptibility and severity toward COVID-19, perceived benefits
and barriers of COVID-19 vaccination, and trust in government).
In the second stage, a path analysis was carried out to describe
the direct and indirect associations of media use and
psychological factors with vaccine hesitancy using the Lavaan
package (v0.6-9) [41] based on R version 4.0.5. The 3 types of
media use (offline, online, and social media) were included in
the path model at the same time to test the independent relations.
Sociodemographic factors and health-related factors were added
in the path model as control variables. Path models are a
statistical method that, compared to multiple regressions, allow
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for the simultaneous assessment of several regression paths
occurring between multiple dependent and independent variables
and for the computing of direct, indirect (mediated), and total
effects. Standardized parameter estimates were used to compare
the magnitude of associations of the media use on mediators.
Statistical analyses were conducted using R version 4.2 (R
Foundation for Statistical Computing).

Results
Characteristics of the Survey Participants
Among the 1016 participants, 48.8% (496/1016) were men and
51.2% (520/1016) were women, with a mean age of 47.04 (SD
15.04) years (Table 1). The majority of participants had a family
size of more than 2 persons (870/1016, 85.6%), and 59.9%
(609/1016) were married. Half of the participants had at least
some college education (532/1016, 52.4%), followed by those
with only a high school education (456/1016, 44.9%). The most
common monthly household income was approximately 2-3.99
million won (US $1688-US $3369; 360/1016, 35.4%), followed
by 4-5.99 million won (US $3377-US $5057; 220/1016, 21.7%),
and over 6 million won (US $5065; 52/1016, 2.4%) (Table 1).
Among the participants, 87.3% (887/1016) lived in the urban
areas, and about 22.2% (226/1016) had school-aged children.
Additionally, 67% (681/1016) had received a seasonal influenza
vaccination more than once in the previous 5 years, and 36.2%
(368/1016) had more than one underlying disease.
Approximately 35.5% (361/1016) reported their subjective
health as good, 49.8% (506/1016) reported moderate, and 14.7%
reported poor. Only 1.8% (18/1016) reported they had
previously experienced COVID-19. Table 1 presents the
characteristics of the sample population.
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Table 1. Sociodemographic and health-related characteristics of the study participants (N=1016).
Characteristics

Values, n (%)

Sociodemographic factors
Gender
Male

496 (48.8)

Female

520 (51.2)

Age (years), mean 47.04 (SD 15.04) years
18-29

170 (16.7)

30-39

157 (15.5)

40-49

190 (18.7)

50-59

201 (19.8)

≥60

298 (29.3)

Family size
1 (living alone)

146 (14.4)

more than 2

870 (85.6)

Marital status
Married

609 (59.9)

Single/divorced/bereaved

407 (4.1)

Presence of children
None

790 (77.8)

More than 1

226 (22.2)

Education level
Middle school or below

28 (2.8)

High school graduate

456 (44.9)

College

468 (46.1)

Graduate school and above

64 (6.3)

Income level (million won)a
<2

229 (22.5)

2-3.99

360 (35.4)

4-5.99

220 (21.7)

6-7.99

155 (15.3)

≥8

52 (5.1)

Residence
Urban

887 (87.3)

Rural

129 (12.7)

Health-related factors
Seasonal influenza vaccination history (5 years)
No

335 (32.9)

Yes

681 (67.0)

Underlying disease
None

648 (63.8)

More than 1

368 (36.2)

Subjective health
Poor
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149 (14.7)
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Values, n (%)

Moderate

506 (49.8)

Good

361 (35.5)

COVID-19 experience

a

None

998 (98.2)

Confirmed

18 (1.8)

Currency exchange conversion rate of 1000 won=US $0.87 is applicable.

Vaccine Hesitancy
Among the 1016 participants, 10.2% (104/1016) stated that they
definitely would accept the vaccination, while 36.5% (371/1016)
would probably accept the vaccination. However, 37.5%
(381/1016) of the participants reported that they were “half and
half,” 10.8% (110/1016) would “probably would not,” and 4.9%

(50/1016) would “definitely not” get vaccinated (Figure 2). The
COVID-19 vaccination intention response options of “definitely
not,” “probably would not,” and “half and half” were grouped
as “vaccine hesitancy” group (541/1016, 53.3%). The options
“probably would” and “definitely want to receive it” were
grouped as “vaccine acceptance” group (475/1016, 46.8%).

Figure 2. Distribution of responses regarding the question “If a vaccine for coronavirus (COVID-19) becomes available, would you want to receive
it?”

Differences in the sociodemographic and health-related factors
were compared with the COVID-19 vaccination hesitancy by
using chi-square statistics (Table 2). Women (P<.001) and
unmarried participants (single, divorced, or bereaved) (P<.001)
were more likely to demonstrate vaccine hesitancy. Group
differences by age (P<.001) and monthly household income
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(P=.03) were statistically significant. Health-related factors
such as having an influenza vaccination history (P<.001) and
the presence of underlying disease (P=.003) were related to
higher vaccine acceptance. However, group differences between
participants’ different education levels and the presence of
children were not statistically significant.
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Table 2. Chi-square statistics for variables related to COVID-19 vaccination hesitancy and acceptance.
Characteristics

Likelihood of getting the COVID-19 vaccine (N=1016)
Acceptance (n=475), n (%)

P value

Hesitancy (n=541), n (%)

Sociodemographic factors
Gender

<.001

Male

272 (54.8)

224 (45.2)

Female

203 (39)

317 (61)

Age (years)

<.001

18-29

55 (32.4)

115 (67.6)

30-39

51 (32.5)

106 (67.5)

40-49

91 (47.9)

99 (52.1)

50-59

107 (53.2)

94 (46.8)

≥60

171 (57.4)

127 (42.6)

Family size

.89

1 (living alone)

69 (47.3)

77 (52.7)

More than 2

406 (46.7)

464 (53.3)

Education level

.97

Middle school or below

12 (42.9)

16 (57.1)

High school graduate

214 (46.9)

242 (53.1)

College

218 (46.6)

250 (53.4)

Graduate school and above

31 (48.4)

33 (51.6)

Marital status

<.001

Married

312 (51.2)

297 (48.8)

Single/divorced/bereaved

163 (40)

244 (60)

Presence of children

.39

None

375 (47.5)

415 (52.5)

More than 1

100 (44.2)

126 (55.8)

Income level (million won)a

.03

<2

103 (45)

126 (55)

2-3.99

164 (45.6)

196 (54.4)

4-5.99

113 (51.4)

107 (48.6)

6-7.99

80 (51.6)

75 (48.4)

≥8

15 (28.8)

37 (71.2)

Residence

.61

Urban

412 (46.4)

475 (53.6)

Rural

63 (48.8)

66 (51.2)

Health-related factors
Influenza vaccination history

<.001

No

107 (31.9)

228 (68.1)

Yes

368 (54)

313 (46)

Underlying disease
None

280 (43.2)

368 (56.8)

More than 1

195 (53)

173 (47)

Subjective health
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Likelihood of getting the COVID-19 vaccine (N=1016)
Acceptance (n=475), n (%)

Hesitancy (n=541), n (%)

Poor

79 (53)

70 (47)

Moderate

223 (44.1)

283 (55.9)

Good

173 (47.9)

188 (52.1)

COVID-19 infection experience

a

P value

.50

Not infected

468 (46.9)

530 (53.1)

Confirmed

7 (38.9)

11 (61.1)

Currency exchange conversion rate of 1000 won=US $0.87 is applicable.

Media Used to Obtain COVID-19 Vaccination
Information
We examined how often people used media sources (offline
media, online media, social media) to learn about COVID-19
vaccination. Interestingly, participants sought little

vaccine-related health information via social media; the average
social media information seeking was close to “sometimes”
(score=2) (mean 1.83 [SD 0.70]). By contrast, the participants
used online media more often (mean 2.70 [SD 0.81]), followed
by offline media (mean 2.66 [SD 0.95]) (Table 3).

Table 3. Media use and psychological characteristics of the study participants.
Characteristics

Values, mean (SD)

Media use (4-point scale)
Offline media

2.66 (0.95)

Online media

2.70 (0.81)

Social media

1.83 (0.70)

Psychological factors (5-point scale)
Perceived susceptibility

3.05 (0.74)

Perceived severity

3.95 (0.76)

Perceived benefits

3.38 (0.81)

Self-protection of my health

3.74 (0.97)

Proved efficacy of the vaccine

2.80 (0.96)

Perceived barriers
Vaccination caused COVID-19 infection

2.85 (1.11)

Concerns about vaccination’s side effects

3.72 (1.01)

Trust in government

Psychological Factors Related to COVID-19
Vaccination
Participants perceived the risk of becoming infected with
COVID-19 (perceived susceptibility) as being “moderate”
(score=3) (mean 3.05 [SD 0.74]). Only 3.1% (31/1016) reported
that perceived chance of infection is “very high” (score=5) and
18.8% (191/1016) reported “high” (score=4). Many participants
reported that the chance of infection is “neither high nor low”
(621/1016, 61.1%). The average perceived severity score was
higher than perceived susceptibility, which was close to “high”
(score=4) (mean 3.95 [SD 0.76]). However, among the
participants, 55.1% (560/1016) reported that the severity would
be “high” (score=4), and 22% (195/1016) reported “very high”
(score=5). Participants’ perception of vaccination benefits was
measured by 2 items measuring perceived chances of gaining
specific benefits by COVID-19 vaccination. The average score
https://www.jmir.org/2022/1/e32329
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3.29 (0.90)

2.80 (0.68)

was higher than “moderate” (score=3) (mean 3.38 [SD 0.81]).
Among the benefits, “self-protection of my health” was the
highest (mean 3.74 [SD 0.968]) and “proved efficacy of the
vaccine” was the lowest (mean 2.80 [SD 0.964]). The average
score for perceived barriers to vaccination was neither high nor
low (mean 3.29 [SD 0.90]). The belief that a vaccination caused
COVID-19 infection was relatively low (mean 2.85 [SD 1.110]);
however, concerns about side effects were high (mean 3.72 [SD
1.007]). Among the participants, 23.8% (242/1016) reported
their concerns that the vaccination’s side effects are “very high,”
while 38.2% (388/1016) reported they were “high.” The average
score of trust in government was slightly less than moderate
(mean 2.80 [SD 0.68]) (Table 3).

Factors Associated With COVID-19 Vaccine Hesitancy
Table 4 shows the results of the hierarchical logit regression
models to test the association between vaccine hesitancy and
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participants’ sociodemographic factors, health-related factors,
media use, and psychological factors related to COVID-19
vaccine hesitancy. A total of 60.5% of the variance was
explained by the final model. The Nagelkerke R2 changes
indicated that the incremental variances explained by each block
of variables were 16.7%, 3.10%, and 40.7% for
sociodemographic and health-related characteristics, media use,
psychological responses, respectively. Out of the
sociodemographic factors, female (odds ratio [OR] 1.967, 95%
CI 1.36-2.86; P<.001), age in 40s (OR 0.467, 95% CI 0.23-0.95;
P=.003), 50s (OR 0.47, 95% CI 0.23-0.96; P=.004), and over
60s (OR 0.49, 95% CI 0.24-0.99; P=.04) were significant
individual predictors of COVID-19 vaccine hesitancy. Among
health-related factors, participants who had seasonal influenza
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vaccination in 5 years (OR 0.50, 95% CI 0.34-0.75; P<.001)
were less likely to hesitate to uptake the COVID-19 vaccine.
Seeking COVID-19 vaccine-related information via social
medias was related to higher tendency of vaccine hesitancy (OR
1.46, 95% CI 1.10-1.92; P=.01). Regarding psychological factors
related to COVID-19 vaccination, among perceived risks of
COVID-19 infection, higher perceived susceptibility was
associated with lower vaccine hesitancy (OR 0.69, 95% CI
0.52-0.91; P=.01). Regarding the perceived benefits and barriers
of COVID-19 vaccination, perceived benefits were related to
lower chance of vaccine hesitancy (OR 0.007, 95% CI 0.05-0.10;
P<.001) while perceived barriers (OR 1.63, 95% CI 1.29-2.07;
P<.001) were related to vaccine hesitancy. Finally, lower trust
in government was associated with vaccine hesitancy
significantly (OR 0.72, 95% CI 0.53-0.98; P=.04).
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Table 4. Factors associated with COVID-19 vaccination hesitancya.
Characteristics

Odds ratio (95% CI)

P value

Gender
Male

Refb

Female

1.967 (1.353-2.86)

<.001

Age (years)
18-29

Ref

30-39

1.052 (0.538-2.059)

.88

40-49

0.467 (0.23-0.945)

.03

50-59

0.47 (0.229-0.964)

.04

≥60

0.49 (0.239-0.99)

.04

Education level
Under middle school

Ref

High school graduate

0.373 (0.12-1.162)

.09

College

0.293 (0.092-0.929)

.04

Graduate school

0.377 (0.099-1.438)

.15

Income level (million won)c
<2

Ref

2-3.99

1.114 (0.681-1.824)

.67

4-5.99

0.871 (0.489-1.553)

.64

6-7.99

0.923 (0.485-1.758)

.81

≥8

2.09 (0.816-5.353)

.12

Marital status
Single/divorced/bereaved

Ref

Married

1.099 (0.642-1.882)

.73

Presence of children
None

Ref

More than 1

1.504 (0.853-2.652)

.16

Residential area
Urban

Ref

Town

1.324 (0.752-2.331)

.33

Influenza vaccination history
No

Ref

Yes

0.501 (0.337-0.746)

.001

Underlying disease
None

Ref

More than 1

1.213 (0.796-1.846)

.37

Subjective health
Bad

Ref

Moderate

0.893 (0.50-1.596)

.70

Good

0.999 (0.533-1.872)

.99

COVID-19 infection experience
Not infected
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Odds ratio (95% CI)

P value

3.419 (0.836-13.982)

.09

Social media

1.455 (1.101-1.922)

.008

Online media

0.838 (0.616-1.139)

.26

Offline media

0.939 (0.736-1.197)

.61

Perceived susceptibility

0.685 (0.516-0.909)

.009

Perceived severity

0.898 (0.679-1.187)

.45

Perceived benefits

0.067 (0.045-0.099)

<.001

Perceived barriers

1.631 (1.285-2.069)

<.001

Trust in government

0.719 (0.528-0.978)

.04

Confirmed
Media use

Psychological factors

a

Nagelkerke R2=0.61.

b

Ref: reference value.

c

Currency exchange conversion rate of 1000 won=US $0.87 is applicable.

Indirect Association Between Media Use and Vaccine
Hesitancy Via Psychological Factors
The results of the path model analysis showing the relationships
between media use, psychological factors, and vaccine hesitancy
are shown in Figure 3. Higher level of perceived susceptibility
of COVID-19 was related with using online media (β=.106,
P=.004) and social media (β=.085, P=.01) for vaccine-related

information, while perceived severity of the disease was related
to online media use (β=.153, P<.001). Regarding perceived
benefits of COVID-19 vaccination, offline media use (β=.125,
P<.001) and online media use (β=.110, P=.002) were related
in a positive direction. Higher perception on barriers of
vaccination was associated with social media use (β=.184,
P<.001). Lastly, offline media use (β=.109, P<.001) was related
to higher trust in government (Table 5).

Figure 3. Path model showing the relationships between media use, psychological factors, and vaccine hesitancy. Note: Path coefficients are standardized
regression weights. Nonsignificant paths are indicated as dotted lines. *P<.005, **P<.01, ***P<.001.

We examined the standardized parameter estimates to compare
the magnitude of associations of media use on vaccine hesitancy
via psychological factors (ie, perceived susceptibility and
severity of COVID-19 infection, perceived benefits and barriers
https://www.jmir.org/2022/1/e32329
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of COVID-19 vaccination, and trust in government). Offline
media use was related to lower vaccine hesitancy indirectly via
higher perceived benefits and trust in government. With regard
to online media use, the indirect association through perceived
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severity of COVID-19 infection and perceived benefits of
vaccines were significant and related to lower vaccine hesitancy.
Lastly, the indirect association between social media and vaccine
hesitancy via perceived susceptibility (P=.01) of COVID-19
and perceived barriers of vaccines (P<.001) was significant.
Interestingly, we found conflicting indirect relations between
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social media use and vaccine hesitancy. Although perceived
susceptibility of COVID-19 infection negatively mediated the
relationship of social media use with vaccine hesitancy,
perceived barriers mediated the relationship of social media use
positively.

Table 5. Standardized parameter estimates of indirect association between media use and vaccine hesitancy via mediators.
Independent variable, mediator

Vaccine hesitancy
Standardized parameter estimates

SE

P value

Perceived susceptibility

0.003

0.004

.46

Perceived severity

0.001

0.004

.99

Perceived benefits

–0.126

0.031

<.001

Perceived barriers

–0.019

0.013

.14

Trust in government

–0.053

0.015

<.001

Perceived susceptibility

–0.012

0.007

.09

Perceived severity

–0.021

0.01

.04

Perceived benefits

–0.111

0.036

.002

Perceived barriers

0.007

0.015

.62

Trust in government

–0.012

0.017

.49

Perceived susceptibility

–0.01

0.006

.01

Perceived severity

0.002

0.005

.77

Perceived benefits

–0.037

0.037

.31

Perceived barriers

0.063

0.016

<.001

Trust in government

0.019

0.015

.22

Offline media

Online media

Social media

Discussion
Principal Results
This study revealed a considerable level of COVID-19 vaccine
hesitancy at 1 month before the start of vaccination in South
Korea. Among the participants, 53.3% (541/1016) hesitated to
uptake the COVID-19 vaccination, 37.5% (381/1016) reported
they were “half and half” and 10.8% (110/1016) reported they
would “probably not” or “definitely not” get vaccinated, while
46.7% (475/1016) of the participants would “likely” or “very
likely” accept the vaccine. A decrement of vaccine acceptance
was also observed in South Korea, as in other countries, from
79.8% (June 2020) to 46.7% (January 2021) [4-6]. This shows
that efforts to increase vaccine acceptance are needed to meet
the South Korean government’s target of 70% of the total
population. Interventions and policies to raise vaccine
acceptance and uptake are urgently needed.
Several additional findings are worthy of note. First,
sociodemographic characteristics and health-related factors
were standard subgroup variables cross-tabulated with
vaccination hesitancy. Gender has emerged as a significant issue
during this pandemic. Previous studies have shown that women
https://www.jmir.org/2022/1/e32329

XSL• FO
RenderX

are more likely to engage in preventive behaviors [42-44];
however, they are less willing than men to receive the vaccine
[29], with more females declaring that they are unsure of taking
the vaccine. Similarly, our study results reveal that women
(224/1016, 45.2%) are more hesitant to receive COVID-19
vaccination than men (317/1016, 61%). Regarding age, higher
levels of hesitancy among the participants in their 20s (115/170,
67.6%) and 30s (106/157, 67.5%) leave them particularly
vulnerable to COVID-19. This result is similar to prior research
investigating the relationship between sociodemographic factors
and vaccine hesitancy during the COVID-19 pandemic
[4,45,46]. Thus, gender-based and generation-based public
health policies and communication are recommended.
Second, the results revealed the association between
psychological factors and vaccine hesitancy. Perceived barriers
such as concerns about side effects caused by a COVID-19
vaccine had a significant and robust association with vaccine
hesitancy. The perceived susceptibility of COVID-19 infection
and benefits of vaccination (eg, proven efficacy of COVID-19
vaccines) related negatively to vaccine hesitancy. Trust in
government was also negatively associated with vaccine
hesitancy. The predictive power of psychological factors on
vaccine hesitancy has been emphasized by numerous studies
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[21,47,48]; similarly, psychological factors explained 40.7%
of the variance for vaccine hesitancy in this study. Therefore,
interventions and communication strategies aimed to improve
perceived benefits of vaccination and reducing perceived barriers
to vaccination will be useful in responding to vaccine hesitancy
[48]. A well-known aspect of COVID-19 vaccination is that it
may induce adverse events. According to a report of COVID-19
vaccine safety monitoring in South Korea, 16,196 adverse events
(0.5%) following 3,586,814 administered doses of COVID-19
vaccines were reported in approximately 2 months (February
26 to April 30, 2021) [49]. Of these, 15,658 (96.7%) were
nonserious adverse events comprising local and systemic
reactions, including myalgia, headache, fever, and pain at the
injection site; however, 538 (3.3%) were serious adverse events,
including 73 (0.5%) deaths. These results are similar to the
findings of the clinical trial [50]. Although possible side effects
are comparatively rare, the risk of their occurrence may
significantly influence the choice to not vaccinate. The decision
to vaccinate (or not) shares many common points with one’s
chosen level of self-protection [51]. The most obvious link
between the two problems is that the decision maker’s objective
is to reduce the probability of an undesirable event. Vaccination
reduces the probability of the primary disease; however, another
cost may induce other new risks. From this point of view, the
decision-making on vaccination is a trade-off between the risk
of the primary disease and the risk of incurring side effects [52].
Therefore, the vaccine hesitancy due to the perceived barrier
such as concerns on vaccine-induced side effects can be regarded
as a risk aversion [53,54]. Moreover, in Korea, face masks were
promoted based on substantial relative benefits, high efficacy
of slowing viral spread, and low cost. Several studies report
high compliance and high efficacy beliefs on wearing masks
among the Korean population [42-44]. Therefore, people might
prefer to wear face masks over vaccination to avoid the risk of
the side effects from vaccination.
Third, this study suggests that the use of media to obtain
vaccine-related information has a positive or negative relation
with the population’s vaccination decision-making. The
mechanisms by which psychological factors mediate the
association between media use and vaccine hesitancy were also
revealed. Offline media such as TV, radio, and newspapers were
associated with higher perceived benefits of a COVID-19
vaccine and higher trust in government, which led to lower
vaccine hesitancy. Kim and Jung [28] suggested that appropriate
use of offline media (eg, radio and newspapers) is critical to
increase the population’s vaccination rate and is a way to reduce
the information gap among social classes. Online media also
had an indirect association with vaccine hesitancy in a negative
direction, mediated through perceived severity of COVID-19
infection and perceived benefits of the vaccine. This result is
contradictory with that reported in other studies reporting the
association between online media use and higher vaccine
hesitancy [31-33]. Therefore, further studies to examine the role
of online media on vaccine hesitancy are needed.
Regarding social media, frequent social media use was related
to vaccine hesitancy even when other types of media use (eg,
offline, online media) and sociodemographic, health-related,
and psychological factors were included in the model. Social
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media use was related with vaccine hesitancy via perceived
susceptibility in a negative direction and perceived barriers in
a positive direction. This result implies that social media as a
health information source could act as a double-edged sword.
Social media has been criticized because it propagates more
misinformation than any other media type [55] and induces a
high level of anxiety, depression, and even conspiracy beliefs
during the COVID-19 pandemic [56,57]. The vaccine hesitancy
owing to false beliefs caused by controversies and
misinformation in social media is well documented in the
literature [30,39,58,59]. Nevertheless, social media can also be
used to build a positive perception of vaccination [30] and
disseminate valuable evidence-based health information and
recommendations rapidly to many people timely [60]. The
quality and reliability of the information provided via social
media should be improved [34,61]; public health communicators
are encouraged to establish a web-based reputation as experts
worth following or visiting online [30].

Implications
A set of implications for interventions, communication
strategies, and future research can be drawn from this study.
Since this study was conducted a month before the start of
vaccination, it provides a valuable opportunity to understand
the public’s responses on novel vaccines and develop practical
implications for implementing effective vaccination programs
in a future epidemic. First, as the perceived barrier was the
highest predictor of vaccine hesitancy, efforts to lower the
perceived risk of vaccine side effects and heighten perceived
benefits of the vaccine are required. This study indicates that
social media is related to heightened perceived barriers, thereby
leading to vaccine hesitancy, which is not very surprising. The
phenomenon of “infodemics,” defined as the rapid spread and
amplification of vast amounts of valid and invalid information
on the internet or through other media, is a tremendous and
ongoing challenge in the COVID-19 pandemic [62].
Communication efforts of public health authorities to provide
accurate and reliable information, confront misinformation or
disinformation, and reduce the negative impact of such
infodemics are required. Eysenbach [63] recommended in his
commentary to promote (1) information monitoring, (2) health
and science literacy skills, (3) fact checking or peer review of
the information, and (4) timely and accurate knowledge
transition to fight the infodemics. Using alternative
communication tools can provide official messages from the
public health authorities to the public. For instance, emergency
alert text messages [44] or official social media accounts [37]
could be considered. Second, building trust in the government
and public health authorities offers another solution. Trust is
an essential factor influencing people’s perception and behavior
during a pandemic and influences people’s willingness to be
vaccinated [64,65]. Trust in institutions or persons decreases
the perceived risk of new technologies and indirectly impacts
the higher risk acceptance of the new technologies [64,66]. As
the COVID-19 vaccine is newly developed and the development
period was short, the public might recognize the COVID-19
vaccine as new technology. Therefore, it could be assumed that
the public trust in governments can encourage the public to
accept the risk of adverse events induced by COVID-19
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vaccination. Trust is critical, and it is more easily broken and
difficult to maintain under high-risk and high-uncertainty
situations [67].

Limitations
This study has several limitations worthy of note. First, although
there are several types of social media such as official social
media, professional social media, and public social media [37],
this study did not examine the effect of each type of social
media. Further studies should examine the effect of each type
of social media and whether the effect is mediated via
psychological factors. Second, we were not able to investigate
the potential psychological factors proposed by previous studies
such as subjective norms [68,69], knowledge [70], or contextual
barriers such as accessibility [71]. Finally, since this study was
designed cross-sectionally, we identified the associations
between media use, psychological factors, and vaccine hesitancy
rather than causal inference.

Lee & You

Conclusions
This study’s findings suggest that social media plays a role in
disseminating vaccine-related information, especially
vaccination benefits, which can help the public accept the
COVID-19 vaccine for disease control. Conversely, social media
can also increase concerns about a vaccination’s side effects,
stimulating vaccine hesitancy. Sociodemographic factors such
as gender and age should be considered in public health
interventions, and greater attention should be given to the
younger adults and females during a pandemic for effective
vaccination campaigns. This study highlights the need for
government and public health authorities to consider
approaching their public with additional efforts to promote
acceptance of the COVID-19 vaccine. Efforts to disseminate
reliable and timely information and monitor social media
misinformation are needed during the pandemic. Understanding
the intentions of vaccination and factors associated with the
intentions may help inform public health authorities about
evidence-based interventions; vaccination strategies are
necessary to achieve broader community uptake.
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Abstract
Background: Due to the urgency caused by the COVID-19 pandemic worldwide, vaccine manufacturers have to shorten and
parallel the development steps to accelerate COVID-19 vaccine production. Although all usual safety and efficacy monitoring
mechanisms remain in place, varied attitudes toward the new vaccines have arisen among different population groups.
Objective: This study aimed to discern the evolution and disparities of attitudes toward COVID-19 vaccines among various
population groups through the study of large-scale tweets spanning over a whole year.
Methods: We collected over 1.4 billion tweets from June 2020 to July 2021, which cover some critical phases concerning the
development and inoculation of COVID-19 vaccines worldwide. We first developed a data mining model that incorporates a
series of deep learning algorithms for inferring a range of individual characteristics, both in reality and in cyberspace, as well as
sentiments and emotions expressed in tweets. We further conducted an observational study, including an overall analysis, a
longitudinal study, and a cross-sectional study, to collectively explore the attitudes of major population groups.
Results: Our study derived 3 main findings. First, the whole population’s attentiveness toward vaccines was strongly correlated
(Pearson r=0.9512) with official COVID-19 statistics, including confirmed cases and deaths. Such attentiveness was also noticeably
influenced by major vaccine-related events. Second, after the beginning of large-scale vaccine inoculation, the sentiments of all
population groups stabilized, followed by a considerably pessimistic trend after June 2021. Third, attitude disparities toward
vaccines existed among population groups defined by 8 different demographic characteristics. By crossing the 2 dimensions of
attitude, we found that among population groups carrying low sentiments, some had high attentiveness ratios, such as males and
individuals aged ≥40 years, while some had low attentiveness ratios, such as individuals aged ≤18 years, those with occupations
of the 3rd category, those with account age <5 years, and those with follower number <500. These findings can be used as a guide
in deciding who should be given more attention and what kinds of help to give to alleviate the concerns about vaccines.
Conclusions: This study tracked the year-long evolution of attitudes toward COVID-19 vaccines among various population
groups defined by 8 demographic characteristics, through which significant disparities in attitudes along multiple dimensions
were revealed. According to these findings, it is suggested that governments and public health organizations should provide
targeted interventions to address different concerns, especially among males, older people, and other individuals with low levels
of education, low awareness of news, low income, and light use of social media. Moreover, public health authorities may consider
cooperating with Twitter users having high levels of social influence to promote the acceptance of COVID-19 vaccines among
all population groups.
(J Med Internet Res 2022;24(1):e32394) doi:10.2196/32394
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Introduction
Background
Since the emergence of the COVID-19 pandemic in 2019,
human health and life have been gravely jeopardized globally.
Governments and public health agencies worldwide primarily
implemented the following 2 measures to control this pandemic:
(1) nonpharmaceutical preventive methods, such as social
distancing [1], and (2) COVID-19 vaccine development and
mass vaccination to achieve herd immunity [2]. However,
implementing nonpharmaceutical interventions is only a
short-term solution since it will seriously affect the development
of society. Vaccines, on the other hand, are more effective
against infectious diseases.
Traditionally, developing a new vaccine from scratch is a
complex process, which takes considerable time to accomplish.
The main procedures of traditional vaccine development include
preclinical studies (about 2-4 years); phase I, II, and III trials
(about 5-7 years total); and manufacturing and approval (about
1-2 years) [3]. However, due to the great urgency of the
COVID-19 pandemic, vaccine production was accelerated by
shortening and paralleling the vaccine development steps.

Although all usual safety and efficacy monitoring mechanisms
were guaranteed to remain in place, varied attitudes toward
these new vaccines have arisen among different population
groups. Therefore, it is essential for us to study the evolution
and disparities of attitudes across population groups
accompanying the introduction of COVID-19 vaccines.

Literature Review
To identify COVID-19 vaccine-related literature, we searched
the World Health Organization COVID-19 database [4] with
the keywords “vaccine” and “vaccination.” This database is a
comprehensive multilingual source of COVID-19 literature
from various bibliographic databases (including MEDLINE,
PubMed, and Scopus), hand searching, and the addition of other
expert-referred scientific articles. Through filtering out preprints,
choosing papers written in English, and excluding papers with
incomplete information, a total of 12,403 papers were retrieved
from the outbreak of the pandemic to July 31, 2021. Then, we
counted and plotted the number of papers published each month,
as shown in Figure 1. Since the first COVID-19 vaccine-related
paper was published in February 2020, the number of papers
grew fast until June 2020, and then remained steady from June
to December 2020. After January 2021, it increased sharply
again.

Figure 1. Monthly statistics on newly published papers related to COVID-19 vaccines.

In order to better understand the current research state of public
attitudes toward COVID-19 vaccines, we filtered papers with
the term “attitude” in the titles, and “cross-sectional” or
“longitudinal” in the titles or abstracts, and retrieved 85 relevant
papers. Then, we identified the data collecting methods used in
these studies manually, and discovered that there were primarily
2 types as follows: survey (81 papers, 95%) and data mining (4
papers, 5%). Studies involving surveys mainly adopted a
cross-sectional design to investigate public attitudes toward
COVID-19 vaccination over a short period, while studies
https://www.jmir.org/2022/1/e32394
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involving data mining employed either a longitudinal or
cross-sectional design, but rarely both. We conducted a detailed
literature review of COVID-19 vaccine-related studies involving
these 2 frequently used analysis methods (cross-sectional and
longitudinal).
A cross-sectional study analyzes data collected from a
population or a predefined subset at a single point in time. Many
studies have used this method, primarily through surveys, to
explore populations’ attitudes toward receiving COVID-19
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vaccination and the factors that affect these attitudes. For
example, Lazarus et al [5] surveyed individuals randomly across
19 countries in June 2020. They concluded that the levels of
willingness to accept a COVID-19 vaccine were insufficient to
meet the requirements for community immunity in most of the
19 countries. Many cross-sectional studies discerned that
demographic factors play an important role in vaccine
acceptability [6-9]. Khubchandani [6] revealed that in the United
States, the highest prevalence of COVID-19 vaccine hesitancy
existed in some groups, such as African Americans, Hispanics,
and individuals with lower education and incomes. Petravić et
al [7] found that in Slovenia, a higher intention to get vaccinated
was associated with men, older respondents, physicians, medical
students, etc. In addition, some studies applied mining of social
media data to perform cross-sectional analysis [10,11]. Hou et
al [10] investigated vaccine-related posts from 5 global
metropolises between June and July 2020. They discovered that
vaccine hesitancy was prevalent worldwide and negative tweets
attracted higher engagement on social media. While the
cross-sectional method helps us identify diverse attitudes toward
vaccines among different demographic groups at a particular
time, it cannot track the evolution of attitudes over time.
A longitudinal study is a method that observes some specific
variables over an extended period of time. Many studies have
applied this method to track trends in population attitudes toward
COVID-19 vaccines based on data mining, as data mining can
process long-term and large-scale data. Pullan et al [12] and An
et al [13] analyzed data from Google Trends, and they both
found that the number of searches related to COVID-19 vaccines
had increased during the pandemic. Yin et al [14] proposed a
novel behavioral dynamics model on Weibo messages to analyze
vaccine acceptance in China, and they demonstrated that Chinese
individuals were inclined to be positive about side effects over
time. Furthermore, many studies explored tweets related to
COVID-19 vaccines to understand the evolution of public
concerns and sentiments in different regions [15-17]. These
studies mainly revealed that public concerns and sentiments on
COVID-19 vaccines fluctuated with time and geography, and
had strong correlations with some major events about
COVID-19 vaccines. Although the longitudinal method applied
in the above studies can track the general attitude trend of a
population, it cannot identify the disparities of attitudes among
demographic groups.
Considering the above-mentioned limitations, we combined
cross-sectional and longitudinal analyses in this work to study
the online attitudes toward COVID-19 vaccines based on data
mining results of tweets. By doing this, we can not only track
long-term evolution, but also discern the disparities of attitudes
among various population groups. In addition, this work
explored the correlation between the whole population’s
attentiveness toward vaccines and official COVID-19 statistics,
and analyzed the abrupt influences of some major
vaccine-related events. These findings can be used as a guide
to assist governments and public health organizations in
monitoring the trends of different population groups and
relieving the low sentiments of specific groups. It is worth
mentioning that the method proposed in this study can be easily
reutilized to track the attitude evolution of population groups
https://www.jmir.org/2022/1/e32394
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toward any other public health events. The source code
developed in this study has been publicly released via GitHub
for follow-up research [18].
The remainder of this paper is organized as follows. The
Methods section first introduces the data collection and
preprocessing procedures, and then presents the structure of a
2-step methodology with its essential design details. The Results
section analyzes the mining outcomes from multiple dimensions.
Finally, the Discussion section concludes the work.

Methods
Data Collection and Preprocessing
The Twitter data used in this study were randomly collected
with our self-designed program using the Twitter application
programming interface (API) [19] from June 9, 2020, to July
31, 2021, which covered some critical phases concerning the
development and inoculation of COVID-19 vaccines. Moreover,
the detailed user metadata (such as user name, biography, profile
image, user creation time, and follower number) of each tweet
were collected simultaneously by setting the Twitter API’s
optional query parameters. In total, over 1.4 billion tweets were
collected during the research period.
So far, there have been a number of publicly released COVID-19
data sets available for scientific research, such as the data set
released by Chen et al [20]. Compared with these public
COVID-19 data sets, our data set has the following 2 obvious
advantages for our research. First, public COVID-19 data sets
only contain tweet IDs in compliance with Twitter’s terms and
conditions [21], so extra effort is needed to hydrate all tweet
contents from tweet IDs [22]. In contrast, our data set needs
less processes since all tweet contents are immediately available
without hydration. The second advantage is much more crucial
and ultimately led us to decide to use our data set. For public
COVID-19 data sets, only up-to-date details on users can be
retrieved from user IDs (extracted from hydrated tweet objects)
at the time of hydration [23], while our data set already has
detailed user metadata at the posting time of the tweets. Usually,
user metadata would change more or less over 1 year, so the
data at the time of hydration may not be able to infer the
demographic characteristics of Twitter users at the posting time
of the tweets. Therefore, our data set is more suitable than public
COVID-19 data sets for studying the attitudes under various
demographic characteristics.
As each tweet in our data set contains a detailed user profile,
tweet text, a creation time, a location, statistics, and some other
structured data, it can be treated as one online participant with
the characteristics of an individual or organization, carrying an
attitude for some specific topic. Since English is the most widely
spoken language worldwide, we first excluded 925,008,121
non-English tweets by the language attribute of the tweet object,
and obtained 524,293,459 English tweets on general content
(hereinafter referred to as general content tweets). Then, we
excluded 512,781,119 non-COVID-19–related tweets with a
filtering pattern composed of 590 COVID-19 keywords and
hashtags according to Twitter COVID-19 filtering rules [24].
To concentrate on vaccine-related tweets, we further excluded
J Med Internet Res 2022 | vol. 24 | iss. 1 | e32394 | p.1502
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(Figure 2) and used general content tweets as a benchmark of
general population distribution.

Figure 2. Data selection.

Study Design
We designed a 2-step methodology for this study, as shown in
Figure 3. The implementation details of each step are described
in the following sections.
Figure 3. The structure of the 2-step methodology in our study.

https://www.jmir.org/2022/1/e32394

XSL• FO
RenderX

J Med Internet Res 2022 | vol. 24 | iss. 1 | e32394 | p.1503
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Data Mining Step
The data mining step plays a fundamental and decisive role in
the entire research. We applied natural language processing,
image processing, and tag extracting algorithms on tweets to
extract users’ real-world characteristics (user type, gender, age,
occupation, and location), cyberspace characteristics (account
age and follower number), sentiment polarities, and emotion
types. One set of mining outcomes from a tweet constitutes one
record of a user on a specific date. This step is analogous to the
process of conventional questionnaire design and result
collection. However, the data mining method can flexibly adjust
the demographic characteristics that need to be analyzed, and
acquire a stable amount of historical data from any population
group during a long time period. This step contains 6 intelligent
modules, which are described as follows.

Basic Attribute Predictor
This predictor, implemented with an open-source package of
the M3 (multimodal, multilingual, and multiattribute) model

Zhang et al
[25], was employed to predict the probabilities of the following
3 basic demographic attributes: user type, gender, and age,
through profile images, screen names, names, and biographies.
As shown in Figure 4, the M3 model consists of 1 DenseNet
module to process images, 3 character-based neural networks
to process text, and finally 2 fully connected dense layers to
predict the user type, gender, and age attributes. User type
(individual or organization) and gender (male or female) are
modeled as binary classification tasks, while age is modeled as
a 4-class classification task with the following age groups: ≤18,
19-29, 30-39, and ≥40 years. This model was trained on a
massive data set, including Twitter, IMDB, and Wikipedia data
[26], and was fine-tuned to capture accurate demographic
features. In a previous study, we had tested the M3 model on a
subset of our tweet data set, and obtained the benchmark
performance as follows: for user type, gender, and age attributes,
the accuracy scores were 99.07%, 95.88%, and 77.65%,
respectively, and the macro-F1 scores were 0.9860, 0.9572, and
0.7311, respectively [27]. Detailed information about this model
can be found in a previous report [25].

Figure 4. The structure of the M3 (multimodal, multilingual, and multiattribute) model. DenseNet: dense convolutional network; ReLU: rectified linear
unit.

Occupation Predictor
We constructed a word-based convolutional neural network for
occupation inference through user information (such as
biographies) and tweet text. As shown in Figure 5, this deep
learning model consists of 1 encoding layer, 1 embedding layer,
3 parallel convolution blocks, and finally 1 dense layer to
classify the results into 3 classes. Every convolution block is
composed of a 1D convolution layer with a different kernel size
(eg, 2, 3, and 4), a 1D max-pooling layer, and a flatten layer.
The training data we used are from a publicly available data set
[28] that has 5191 Twitter users annotated with 9-class
occupation categories (OCs), which are defined based on the
Standard Occupation Classification (SOC) from the United
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Kingdom [29]. However, the 9-class classification of Twitter
occupation is a challenging task, and the results of the latest
studies are not accurate enough for our study. For example, Pan
et al [30] employed a 3-layer graph convolutional network
(GCN) model to predict the 9-class occupations, and the best
performance of accuracy was 61.0%. Therefore, we simplified
the 9-class classification into a 3-class classification, and the
OCs were abbreviated as OC1, OC2, and OC3. Considering the
relationship of the SOC classes and the balance of the 3
categories in the training set, we designed a new occupation
division, as shown in Table 1. By adopting 10-fold
cross-validation, the accuracy of the occupation predictor
reached 74.08% on the new data set.
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Figure 5. The structure of the occupation predictor. Conv Block: convolution block; 1D-Conv(kernel_size=k): 1D convolution layer with a kernel size
of k; 1D-MaxPool: 1D max-pooling layer; Flatten: flatten layer; OCi: the ith occupation category, i∈(1,3).

Table 1. The new occupation categories in our study and the original occupation categories in the Standard Occupation Classification hierarchy.
New occupation category (OC)

Original occupation category

OC1

C2: professional occupations

OC2

C1: managers, directors, and senior officials
C3: associate professional and technical occupations

OC3

C4: administrative and secretarial occupations
C5: skilled trade occupations
C6: caring, leisure, and other service occupations
C7: sales and customer service occupations
C8: process, plant, and machine operatives
C9: elementary occupations

Cyberspace Attribute Extractor
In this study, we only focused on the following 2 key attributes
in cyberspace: account age and follower number. As a matter
of fact, there are plenty of cyberspace attributes recorded in the
tweet object, such as verified status and tweet number. The
reason why we chose these 2 attributes is that account age can
reflect the internet age of a user, and follower number can
indicate a user’s influence and usage level of social media to a
certain extent. Additionally, Lyu et al [31] studied the
characterization of population groups with varied attitudes
toward COVID-19 vaccines and concluded that account age
and follower number also have an influence on population
attitudes toward vaccines. The account age of a user was
calculated by subtracting the user’s creation time from the
tweet’s creation time, and the follower number was retrieved
directly from the “stats” field of the tweet object.

Location Extractor
We used the “geo” field in the tweet object and the “location”
field in the profile of a Twitter user to efficiently extract location
information, including the continent, country, and state. The
extraction process was implemented in 2 steps. First, the location
extractor called the Twitter API to query a place by the geocode
in the “geo” field [32] and then obtained the exact location from
the retrieved data. Second, if a tweet did not contain a geocode,
the extractor used the “location” field to fuzzy inquire the
https://www.jmir.org/2022/1/e32394
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location, which was implemented by GeoPy [33] and pycountry
[34]. Through these 2 steps, approximately 63.41% of Twitter
users’ locations could be extracted.

Sentiment Analyzer
The sentiment analyzer was implemented with an open-source
tool named Valence Aware Dictionary and Emotional Reasoner
(VADER) [35]. It is a lexicon and rule-based sentiment analysis
tool specifically attuned to sentiments expressed in social media.
In this study, we used VADER to calculate the sentiment
polarities (−1 to 1) of the tweet text and then divided the results
into the following 3 subranges: negative (–1 to –0.05), neutral
(–0.05 to 0.05), and positive (0.05 to 1).

Emotion Detector
The emotion detector was based on an open-source emotion
recognition algorithm [36] on Twitter that utilized a
character-based trained recurrent neural network algorithm. In
the original study, it implemented 3 different emotion models.
We selected the model of Ekman’s 6 basic emotions [37] (anger,
disgust, fear, joy, sadness, and surprise) to predict the emotion
types of the tweets in this study.

Analyzing Step
Based on the mining outcomes, we conducted multiple analyses,
including overall analysis, a longitudinal study, and a
cross-sectional study, to detect the evolution and disparities of
J Med Internet Res 2022 | vol. 24 | iss. 1 | e32394 | p.1505
(page number not for citation purposes)

JOURNAL OF MEDICAL INTERNET RESEARCH

Zhang et al

attitudes toward COVID-19 vaccines among population groups
during the study period. The multiple analyses are shown in
Figure 3.

Results

Concretely, in the overall analysis, multiple linear regression
and Pearson correlation analysis were used to detect the impacts
of official COVID-19 statistics, including confirmed cases,
deaths, vaccinations, and reproduction rate, and some major
vaccine-related events on the whole population’s attentiveness
toward vaccines. In the longitudinal study, to detect the
evolution of attitudes among different population groups over
time, a series of longitudinal contrasts with different
demographic characteristics were displayed and analyzed. To
further reveal the attitude patterns among population groups, a
cross-sectional study, incorporating the benchmark of the
population distribution of the general content tweets, was
conducted at 5 vaccine-related events selected from the overall
analysis.

In this section, we explore the possible influencing factors of
the whole population’s attentiveness toward vaccines in 2 steps.
First, studying the correlation between attentiveness and official
COVID-19 statistics. Second, discovering the abrupt influences
of some major vaccine-related events during COVID-19. At the
end of this section, the data mining results of vaccine-related
tweets and general content tweets have been displayed and
analyzed in general.

The strength of the correlation and similarity in this paper using
the guide that Evans [38] suggested for the absolute value of
Pearson r can be described as follows: very weak (0 to 0.19),
weak (0.20 to 0.39), moderate (0.40 to 0.59), strong (0.60 to
0.79), and very strong (0.80 to 1).

Overall Analysis

The Influencing Factors of the Attentiveness Toward
Vaccines
In order to eliminate possible fluctuations in the quantities of
tweets captured daily, we used the percentage of vaccine-related
tweets in COVID-19 tweets to represent the attentiveness toward
vaccines (sometimes referred to as attentiveness for short in the
following text) during COVID-19 in this study. Meanwhile, we
obtained the global data of COVID-19 statistics from Our World
in Data [39], including the daily numbers of new cases, new
deaths, new vaccinations, total cases, total deaths, total
vaccinations, and people vaccinated, as well as the reproduction
rate. Three of the statistics are plotted as examples in Figure 6.

Figure 6. The whole population’s attentiveness toward vaccines, and the COVID-19 statistics during the study period. The y-axis on the left is the
level of attentiveness, and the y-axis on the right represents the numbers of COVID-19 statistics, which adopt different scales.

Since some variables of the COVID-19 statistics do not exert
an immediate influence on the attentiveness toward vaccines,
we applied Pearson correlation analysis on different time delays
(0≤lag≤30 days) of attentiveness with each of the statistical
variables, and found that the optimal lag at which Pearson r
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reached the absolute maximum value was different for each
variable, as shown in Table 2. Moreover, all variables of the
COVID-19 statistics showed positive correlations with
attentiveness, except for reproduction rate, which showed a
negative correlation, with r=−0.4562 at lag=10.
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Table 2. Pearson correlation coefficients between COVID-19 statistics and attentiveness toward vaccines with lags that have absolute maximum r
values within 30 days.
Variable

Lag days

Pearson r

P value

New cases

5

0.5917

<.001

New deaths

3

0.6543

<.001

New vaccinations

4

0.7843

<.001

Total cases

0

0.9093

<.001

Total deaths

0

0.9066

<.001

Total vaccinations

0

0.7433

<.001

People vaccinated

0

0.7364

<.001

Reproduction rate

10

−0.4562

<.001

Then, we took the 8 variables of COVID-19 statistics as
independent variables (denoted as Xi(t), i∈(1,8) and X0(t)=1,
so X(t) is a 9-dimensional vector) and attentiveness as a
dependent variable (denoted as Y(t)). Multiple linear regression
was used to analyze the relationship between X(t) and Y(t),
which is expressed as follows:

In this formula, β is a coefficient vector of the shifted
independent variables. Shift is a function to make a shift −L on
X(t). L is a shift vector composed of the lag values taken from
Table 2, that is, L=(0,5,3,4,0,0,0,0,10). Since the shifting
direction of these lags is for attentiveness, when shifting the

independent variables X(t), we take the opposite direction of
L, that is −L.
By using the above regression model between the attentiveness
Y(t) and the COVID-19 statistical vector X(t), we obtained the
coefficient vector β, the adjusted R-squared value, which
reached 0.9034, and the estimated attentiveness Ŷ(t). The
Pearson correlation between Y(t) and Ŷ(t) was 0.9512 (P<.001),
which was higher than that for Y(t) with any single independent
variable Xi(t) in Table 2. Therefore, the whole population’s
attentiveness toward vaccines and the estimated attentiveness
by COVID-19 statistics showed a very strong positive
correlation. The curves of the attentiveness Y(t) and estimated
attentiveness Ŷ(t) are shown in Figure 7.

Figure 7. The whole population’s attentiveness toward vaccines, estimated attentiveness by COVID-19 statistics, and labels of 5 major vaccine-related
events.

Furthermore, we noticed that some abrupt jumps appeared in
the attentiveness curve. An earlier study by Chen et al [20]
concluded that Twitter discourse statistics can reflect major
events at the time. Inspired by this, we calculated the periods
when the attentiveness was significantly higher than the fitted
https://www.jmir.org/2022/1/e32394
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curve and lasted more than 5 days. We used the standard
deviation of the gaps between daily attentiveness and the fitted
data as a threshold for judging the significant level. After that,
we found that these periods exactly corresponded to some major
vaccine-related events, as shown in Table 3. Compared to the
J Med Internet Res 2022 | vol. 24 | iss. 1 | e32394 | p.1507
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development process of COVID-19 vaccines, the time points
of these vaccine-related events can roughly fall into the
following phases: t1, t2, and t3 in phase I/II/III of the vaccine
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clinical trial period, and t4 and t5 in the vaccination period. Since
each manufacturer has its own schedule for developing
COVID-19 vaccines, the description of the vaccine phases here
is used only as a reference for this study.

Table 3. Some major events related to COVID-19 vaccines.
Time

Major event

Highest attentiveness percentage Lasting days

July 14, 2020 (t1)

“An mRNA vaccine against SARS-CoV-2—preliminary report” [40] was published.

4.27%

14

August 12, 2020 (t2)

“Phase I/II study of COVID-19 RNA vaccine BNT162b1 in
adults” [41] was published.

4.78%

12

November 9, 2020 (t3)

Pfizer and BioNTech announced phase III results [42].

9.78%

6

December 15, 2020 (t4)

The first mass vaccination program started globally [43].

17.48%

21

April 10, 2021 (t5) selected from More and more vaccine-related studies and news were reported 18.92%
(see Multimedia Appendix 1).
March to April, 2021

46

The above data analysis shows that the total online population’s
attentiveness toward COVID-19 vaccines was significantly
correlated with COVID-19 statistics, including confirmed cases,
deaths, vaccinations, and reproduction rate. Besides,
attentiveness was also influenced by some vaccine-related
events.

Statistics of Inferred Latent Characteristics
Two data mining experiments were conducted on 2 types of
tweets as a comparison to infer different latent characteristics.
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The data mining methods are described in the Data Mining Step
of the Methods section. The first experiment was performed on
1,197,763 vaccine-related tweets covering 1 year, and the second
experiment was on 100,000 general content tweets selected
from 5 major vaccine-related events (20,000 samples at each
event) described in Table 3. The purpose of the second
experiment was to get a benchmark of the general population
distribution. The overall statistics of the 2 types of tweets are
summarized and shown in Table 4. P values are calculated by
the chi-square test.
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Table 4. Overall statistics of vaccine-related tweets and general content tweets.
Characteristic

Vaccine-related tweets (N=1,197,763)

General content tweets at 5 major time
points (N=100,000)

User type, n (%)

<.001

Individual

1,079,105 (90.09)

94,560 (94.56)

Organization

118,658 (9.91)

5440 (5.44)

Gender, n (%)

<.001

Male

661,511 (61.30)

50,156 (53.04)

Female

417,594 (38.70)

44,404 (46.96)

Age (years), n (%)

<.001

≤18

157,395 (14.59)

35,036 (37.05)

19-29

254,920 (23.62)

32,142 (33.99)

30-39

202,451 (18.76)

11,112 (11.75)

≥40

464,339 (43.03)

16,270 (17.21)

Occupation category (OC), n (%)

<.001

OC1

385,276 (35.70)

20,102 (21.26)

OC2

347,257 (32.18)

31,176 (32.97)

OC3

346,572 (32.12)

43,282 (45.77)

Location–continenta, n (%)

<.001

North America

274,565 (40.12)

21,202 (37.45)

Europe

179,683 (26.26)

13,132 (23.20)

Asia

106,713 (15.60)

12,388 (21.88)

Africa

67,805 (9.91)

7320 (12.93)

Oceania

39,414 (5.76)

1250 (2.21)

South America

15,794 (2.31)

1292 (2.28)

Antarctica

301 (0.04)

26 (0.05)

Location–countrya,b, n (%)

<.001

United States

214,606 (31.36)

18,163 (32.09)

United Kingdom

106,337 (15.54)

6334 (11.19)

India

51,698 (7.56)

2969 (5.24)

Canada

42,554 (6.22)

1538 (2.72)

Australia

20,477 (2.99)

474 (0.84)

Account age (years), n (%)

<.001

<5

478,914 (44.38)

58,341 (61.70)

5-10

349,595 (32.40)

26,333 (27.85)

≥10

250,596 (23.22)

9886 (10.45)

Follower number, n (%)

<.001

<500

619,808 (57.44)

55,745 (58.95)

500-5000

368,780 (34.17)

32,742 (34.63)

≥5000

90,517 (8.39)

6073 (6.42)

Sentiment polarity

XSL• FO
RenderX

<.001

Overall (–1 to 1), mean (SD)

0.0161 (0.4591)

0.1215 (0.4566)

Negative (–1 to −0.05), n (%)

411,990 (38.18)

41,555 (43.95)

Neutral (–0.05 to 0.05), n (%)

292,273 (27.08)

29,987 (31.71)
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<.001
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Vaccine-related tweets (N=1,197,763)

General content tweets at 5 major time
points (N=100,000)

374,842 (34.74)

23,018 (24.34)

Emotion, n (%)

P value

<.001

Fear

528,667 (48.99)

21,703 (22.95)

Joy

313,423 (29.04)

31,819 (33.65)

Surprise

153,807 (14.25)

28,690 (30.34)

Sadness

42,124 (3.90)

8940 (9.45)

Anger

23,814 (2.21)

2570 (2.72)

Disgust

17,270 (1.60)

838 (0.89)

a

Under location (continent and country) characteristics, the total number of vaccine-related tweets with location information was 684,275, and the total
number of general content tweets with location information was 56,610.
b

The top 5 countries with the most vaccine-related tweets are selected.

From Table 4, it can be seen that there were significant
differences (P<.001) between vaccine-related tweets and general
content tweets. For example, the proportions for males and
females were 53.04% and 46.96% in general content tweets,
which were relatively balanced in gender. However, the gender
gap enlarged in vaccine-related tweets to 22.60% (61.30% for
males and 38.70% for females). The top 3 emotions in general
content tweets were joy (33.65%), surprise (30.34%), and fear
(22.95%), while in vaccine-related tweets, the top 3 were fear
(48.99%), joy (29.04%), and surprise (14.25%).
In the next 2 sections, we further analyzed these long-term and
multicharacteristic data in longitudinal and cross-sectional
studies.

Longitudinal Study

Attentiveness Toward Vaccines Among Different
Population Groups
Based on the data mining outcomes, we obtained the daily
attentiveness toward vaccines of population groups by
calculating the percentages of vaccine-related tweets in
COVID-19 tweets with different characteristics. As shown in
Figure 8, in general, the attentiveness of each group increased
over time. At the 5 major vaccine-related events, most of the
population groups had local peaks, similar to the whole
population’s attentiveness. By calculating the Pearson r values,
it was shown that the attentiveness of all population groups had
very strong similarities (r>0.80) with that of the whole
population, except for the United States and Australia that had
strong similarities (0.60<r<0.79) and India that had a moderate
similarity (0.40<r<0.59).

In this section, we analyzed the attitude evolution of population
groups from the following 2 aspects: attentiveness and
sentiments toward vaccines.
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Figure 8. Attentiveness toward vaccines of different population groups. The vertical dashed lines represent the time points of 5 major vaccine-related
events as follows: July 14, 2020 (t1), August 12, 2020 (t2), November 9, 2020 (t3), December 15, 2020 (t4), and April 10, 2021 (t5). The r values in
the legend boxes are the Pearson correlation coefficients between each population group and the whole population. OC: occupation category.

Furthermore, except for 2 location characteristics, population
groups under the 6 demographic characteristics exhibited
consistent differences throughout the study period. For example,
males always had a higher level of attentiveness than females.
In contrast, there was no specific pattern for population groups
under the 2 location characteristics. In particular, North America
almost had the highest attentiveness among all continents during
https://www.jmir.org/2022/1/e32394
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the pandemic, while Europe and Asia surpassed it in some
periods. Moreover, the United States almost had the highest
attentiveness among all countries, while the United Kingdom
and India surpassed it in some periods.
In summary, most of the population groups had very strong
similarities with the whole population regarding attentiveness,
that is, attentiveness increased over time with some local peaks,
J Med Internet Res 2022 | vol. 24 | iss. 1 | e32394 | p.1511
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indicating that they might be affected by the vaccine-related
events as well. Moreover, there existed consistent group
differences in the evolution of attentiveness under the
demographic characteristics, except for the 2 location
characteristics.
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Sentiments Toward Vaccines Among Different
Population Groups
As shown in Figure 9, we calculated the daily mean sentiment
polarities of the population groups under the demographic
characteristics. In general, the sentiments of all population
groups fluctuated greatly in the early period of the vaccine
development, and gradually stabilized at the start of vaccination
(t4). Nevertheless, they all went down after June 2021.

Figure 9. Sentiments toward vaccines of different population groups. OC: occupation category.
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In particular, the sentiments of organizations were more positive
than individuals. Females were sometimes a bit less positive
than males in the development phase of vaccines, but were more
positive than males after the inoculation started. Among the 4
age groups, the sentiments of people aged ≥40 and ≤18 years
were almost the lowest during the study period. Among the 3
categories of occupations, the sentiments of OC1 were the
highest, while those of OC3 were always the lowest. Under the
2 location characteristics, South America exhibited a different
sentiment trend compared with other continents. Asia among
the continents and India among the countries had the highest
sentiments, and both showed downward trends. Among the 3
account age groups, the group of <5 years almost had the lowest
sentiments. Among the follower number groups, the group of
<500 followers nearly had the lowest sentiments, while the
group of ≥5000 followers had the highest sentiments, except
for the period before t2.
In summary, the sentiments differed among population groups
and fluctuated a lot in the early period of vaccine development,
which suggested that different populations might hold different
and immature views at the beginning. After June 2021, there
were downward trends in all populations, indicating that
populations might become less positive toward vaccines than
before.

Cross-sectional Study
In the previous section, we mainly focused on the long-term
evolution of population attitudes toward vaccines among
COVID-19–related tweets, ignoring the general population
distribution. Actually, the sizes of population groups vary greatly
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with respect to population characteristics. Thus, it is meaningful
and essential to investigate the attentiveness ratios toward
vaccines among different population groups under the
benchmark of the general population distribution. Therefore,
in this section, we conducted 5 cross-sectional analyses at 5
major vaccine-related events, by applying the odds ratio (OR)
to represent the attentiveness ratio toward vaccines of each
population group. Due to the complexity of attentiveness among
continents and countries under the 2 location characteristics,
we only analyzed the 6 demographic characteristics.
As shown in Table 5, considering the general population
distribution, the attentiveness ratios toward vaccines of
organizations were higher than that of individuals at all the time
points, with the OR ranging from 1.44 (95% CI 1.28-1.61) to
2.01 (95% CI 1.70-2.39). The attentiveness ratios of females
were lower than that of males, with the OR ranging from 0.61
(95% CI 0.57-0.66) to 0.82 (95% CI 0.77-0.88). Under the age
characteristic, the OR increased progressively with age at all 5
time points. The ≥40 age group always had the highest
attentiveness ratios, with the OR ranging from 3.70 (95% CI
3.53-3.87) to 8.81 (95% CI 8.53-9.10). Under the occupation
characteristic, OC3’s attentiveness ratios were the lowest among
the 3 categories of occupations, with the OR ranging from 0.37
(95% CI 0.30-0.44) to 0.44 (95% CI 0.39-0.49). The
attentiveness ratios of the account age groups showed the same
trends as the real-world age groups, with the attentiveness OR
increasing with account age. Under the follower number
characteristic, a higher number of followers was associated with
a higher attentiveness OR.
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Table 5. Attentiveness odds ratios toward vaccines at 5 major vaccine-related events.
Characteristic

Major vaccine-related events
t1: July 14, 2020, atten- t2: August 12, 2020,
attentiveness OR
tiveness ORa (95%
(95% CI)
CI)

t3: November 9, 2020, t4: December 15,
attentiveness OR
2020, attentiveness
(95% CI)
OR (95% CI)

t5: April 10, 2021, attentiveness OR (95%
CI)

Individual

1 (refb)

1 (ref)

1 (ref)

1 (ref)

1 (ref)

Organization

1.51 (1.20-1.89)

1.46 (1.22-1.76)

2.01 (1.70-2.39)

1.44 (1.28-1.61)

1.98 (1.79-2.19)

Male

1 (ref)

1 (ref)

1 (ref)

1 (ref)

1 (ref)

Female

0.75 (0.66-0.86)

0.79 (0.71-0.87)

0.66 (0.60-0.73)

0.82 (0.77-0.88)

0.61 (0.57-0.66)

≤18

1 (ref)

1 (ref)

1 (ref)

1 (ref)

1 (ref)

19-29

1.68 (1.55-1.82)

1.49 (1.42-1.56)

1.85 (1.78-1.93)

2.31 (2.23-2.39)

2.13 (2.05-2.20)

30-39

3.55 (3.26-3.86)

2.31 (2.19-2.44)

4.48 (4.30-4.66)

4.39 (4.23-4.55)

5.22 (5.03-5.42)

≥40

5.26 (4.89-5.67)

3.70 (3.53-3.87)

7.34 (7.08-7.60)

7.12 (6.90-7.35)

8.81 (8.53-9.10)

OC1

1 (ref)

1 (ref)

1 (ref)

1 (ref)

1 (ref)

OC2

0.52 (0.44-0.63)

0.62 (0.55-0.70)

0.66 (0.61-0.72)

0.52 (0.48-0.57)

0.59 (0.55-0.64)

OC3

0.37 (0.30-0.44)

0.44 (0.39-0.49)

0.42 (0.39-0.46)

0.41 (0.38-0.45)

0.42 (0.39-0.45)

<5

1 (ref)

1 (ref)

1 (ref)

1 (ref)

1 (ref)

5-10

1.31 (1.10-1.55)

1.34 (1.20-1.49)

1.67 (1.54-1.81)

2.28 (2.12-2.46)

2.25 (2.08-2.44)

≥10

1.93 (1.54-2.40)

1.62 (1.40-1.87)

2.88 (2.62-3.17)

3.71 (3.40-4.04)

3.28 (3.01-3.58)

<500

1 (ref)

1 (ref)

1 (ref)

1 (ref)

1 (ref)

500-5000

0.97 (0.82-1.14)

1.02 (0.92-1.13)

1.04 (0.96-1.13)

1.07 (0.99-1.14)

1.02 (0.95-1.10)

≥5000

1.32 (1.00-1.74)

1.20 (1.00-1.44)

1.69 (1.48-1.92)

1.43 (1.27-1.61)

1.40 (1.23-1.59)

User type

Gender

Age (years)

Occupation category (OC)

Account age (years)

Follower number

a

OR: odds ratio.

b

ref: reference.

To further discern the deep law of attitudes under different
demographic characteristics after the inoculation started, we
crossed the 2 dimensions of attitude (the attentiveness ratio and
sentiment polarity) according to the cross-sectional results at t4
and t5. The levels of the attentiveness ratios and sentiment
polarities can be found in Table 5 and Figure 9 (see Multimedia
Appendix 2 for the specific sentiment polarities), respectively.
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Then, all the population groups were divided into 4 categories,
as shown in Figure 10. Each grid in this figure is 1 category
combining high or low levels of the 2 dimensions. For example,
the 1st category is a combination of low attentiveness ratio and
low sentiment polarity, and it includes individuals with age ≤18
years, OC3 (occupations of the 3rd category), account age <5
years, and follower number <500.
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Figure 10. Four categories of population groups by crossing the 2 dimensions of attitude toward vaccines. OC: occupation category.

From Figure 10, it can be seen that the 1st category and 2nd
category both had low sentiments toward vaccines, with either
low or high levels of attentiveness ratios. The 1st category was
mainly composed of people with relatively low levels of
education, low awareness of news, low income, and light use
of social media, while the 2nd category was composed of males
and older people. The 3rd category had high sentiments and
high attentiveness ratios, indicating that these population groups
had persistent attention and trust in the COVID-19 vaccines.
Some groups in the 3rd category were groups with relatively
high levels of social influence, both in reality (organizations)
and in cyberspace (account age ≥10 years, follower number
≥5000). These findings can provide comprehensive guidance
for governments and public health organizations in deciding
who should be given more attention and targeted help, and who
can be considered to promote the publicity of vaccines. In the
Discussion section, we will further investigate the possible
reasons for the categories carrying low sentiments, and provide
some practical suggestions for interventions accordingly.

Discussion
Principal Findings
In this study, we acquired and analyzed a year-long collection
of tweets, from June 9, 2020, to July 31, 2021, to discover the
evolution and disparities of attitudes toward COVID-19 vaccines
among various online population groups. Overall, the whole
population’s attentiveness toward COVID-19 vaccines increased
over time with some local fluctuations during the study period.
This study demonstrated that this attentiveness had a very strong
correlation (Pearson r=0.9512) with official COVID-19
statistics, such as confirmed cases and deaths, and it was
noticeably influenced by some major vaccine-related events.
Studies conducted on other online platforms, such as Google
and Baidu, also had results similar to ours. For example, Hu et
al [44] found that there was a correlation between the Google
Trends of relative search volume for COVID-19 and the daily
number of new cases. Besides, by comparing demographic
composition and sentiments between vaccine-related tweets and
general content tweets, we found that there were significant
differences (P<.001). In particular, the whole population had
https://www.jmir.org/2022/1/e32394
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lower sentiments and more fear toward vaccines than general
topics.
By analyzing the attentiveness evolution toward vaccines under
8 demographic characteristics, we observed that, except for the
United States, Australia, and India, all population groups
exhibited very strong similarities with the whole population.
As for the sentiment evolution toward vaccines, we found that
different populations initially held different and fluctuated
sentiments in the early stage of vaccine development, and then,
the sentiments gradually stabilized and tended to relatively
positive levels at the beginning of vaccination, but after June
2021, they all had a considerably downward trend. The research
findings of Yan et al [45] and Hu et al [46] on sentiment toward
COVID-19 vaccines are partially consistent with ours. However,
their studies do not have data from June to July 2021 to verify
the downward trend in sentiment discovered in our study. By
reading news reports during this period, we noticed some
possible clues for this trend. The most likely one is the spread
of the Delta variant, which is more contagious than the other
coronavirus strains [47]. It is claimed that vaccination is still
the best protection against the Delta variant. Thus, the downward
trend in sentiment is a critical warning signal for governments
and public health agencies, calling for more attention dedicated
to public concerns regarding COVID-19 vaccines.
Furthermore, there are significant attitude disparities toward
COVID-19 vaccines across population groups. By crossing the
2 dimensions of attitude (the attentiveness ratio and sentiment
polarity), we found that among population groups carrying low
sentiments, some have low attentiveness ratios (the 1st category
in Figure 10), such as individuals with age ≤18 years,
occupations of the 3rd category, account age <5 years, and
follower number <500, while some have high attentiveness
ratios (the 2nd category in Figure 10), such as males and
individuals with age ≥40 years.
We investigated and inferred the internal reasons for the low
sentiments, and found some corresponding epidemiological
studies that can confirm our inference. For the 1st category of
the population, the low sentiments may be derived from the
insufficient knowledge and distrust of vaccines based on
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education status, news awareness, economic conditions, level
of social media usage, etc. This finding appears consistent with
the finding of Paul et al [48], who revealed that distrustful
attitudes toward vaccination were higher among individuals
with lower levels of education, lower annual income, poor
knowledge of COVID-19, and poor compliance with
government COVID-19 guidelines. The 2nd category of the
population may be aware of the high risks of COVID-19 related
to their own physical conditions, so they are prone to incur
negative sentiments. Medical evidence indicates that males [49]
compared to females and older people [50] compared to younger
people might have higher morbidity and mortality from
COVID-19–related diseases, and they are more willing to be
vaccinated [51].
Overall, only paying excess attention blindly cannot effectively
allay the diverse public concerns and fears about vaccines.
Specialized interventions should be implemented to address
these concerns raised by different populations. Some studies in
the field of public health are worthy of reference. For example,
Brooke et al [52] discussed the problems encountered by older
people during COVID-19 and put forward some practical
suggestions for older people with comprehensive health help,
both psychological and physical in COVID-19, the development
of social network communications through online technologies
(such as Facebook, Twitter, WhatsApp, and other similar
platforms), and some creative ways of virtual entertainment
(such as performances of symphony orchestras in virtual concert
halls). Malik et al [51] pointed out that to build confidence in
COVID-19 vaccines, thoughtful and targeted messaging and
education need to be developed, not only for the general
American population, but also specifically for high-risk groups.
According to this, fantastic short videos or simple messages
related to vaccines could be recommended to population groups
with low sentiments toward vaccines to arouse their interest
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and educate them about the safety and effectiveness of vaccines.
Additionally, we found that organizations, individuals with
occupations of the 1st category, those with account age ≥10
years, and those with follower number ≥5000 were more
concentrated and positive toward COVID-19 vaccines, as shown
in Figure 10. Inspired by this, we further suggest that public
health authorities cooperate with these users by using their social
influence to expand the publicity of vaccines.

Limitations
Due to the high complexity of multilingual analysis and the
insufficient support for detecting the various characteristics of
the population groups, this paper only extracted data in English
and key demographic characteristics for analysis. In addition,
considering that too many OCs may reduce the accuracy of the
occupation predictor, we only divided the occupations into 3
categories, which may have resulted in the loss of some
fine-grained information. Despite these limitations, it did not
affect the overall findings.

Conclusions
By analyzing large-scale tweets during vaccine development
and vaccination, this study tracked the year-long evolution of
attitudes toward COVID-19 vaccines among population groups,
and offered rich evidence to gain insights about the attitude
patterns of the international population on social media. Through
well-organized approaches, governments, public health agencies,
health care providers, and influential Twitter users can work
together to help those populations with low sentiments get
through this difficult period. At last, it is worth mentioning that
the method applied in this paper can be easily extended to other
public health events for multidimensional and large-scale
research on the long-term evolution of human responses. The
source code developed in this study is available for use at
GitHub [18].
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Abstract
Background: Individuals with dementia and mild cognitive impairment (MCI) experience a wide variety of symptoms and
challenges that trouble them. To address this heterogeneity, numerous standardized tests are used for diagnosis and prognosis.
myGoalNav Dementia is a web-based tool that allows individuals with impairments and their caregivers to identify and track
outcomes of greatest importance to them, which may be a less arbitrary and more sensitive way of capturing meaningful change.
Objective: We aim to explore the most frequent and important symptoms and challenges reported by caregivers and people
with dementia and MCI and how this varies according to disease severity.
Methods: This cross-sectional study involved 3909 web-based myGoalNav users (mostly caregivers of people with dementia
or MCI) who completed symptom profiles between 2006 and 2019. To make a symptom profile, users selected their most personally
meaningful or troublesome dementia-related symptoms to track over time. Users were also asked to rank their chosen symptoms
from least to most important, which we called the symptom potency. As the stage of disease for these web-based users was
unknown, we applied a supervised staging algorithm, previously trained on clinician-derived data, to classify each profile into 1
of 4 stages: MCI and mild, moderate, and severe dementia. Across these stages, we compared symptom tracking frequency,
symptom potency, and the relationship between frequency and potency.
Results: Applying the staging algorithm to the 3909 user profiles resulted in 917 (23.46%) MCI, 1596 (40.83%) mild dementia,
514 (13.15%) moderate dementia, and 882 (22.56%) severe dementia profiles. We found that the most frequent symptoms in
MCI and mild dementia profiles were similar and comprised early hallmarks of dementia (eg, recent memory and language
difficulty). As the stage increased to moderate and severe, the most frequent symptoms were characteristic of loss of independent
function (eg, incontinence) and behavioral problems (eg, aggression). The most potent symptoms were similar between stages
and generally reflected disruptions in everyday life (eg, problems with hobbies or games, travel, and looking after grandchildren).
Symptom frequency was negatively correlated with potency at all stages, and the strength of this relationship increased with
increasing disease severity.
Conclusions: Our results emphasize the importance of patient-centricity in MCI and dementia studies and illustrate the valuable
real-world evidence that can be collected with digital tools. Here, the most frequent symptoms across the stages reflected our
understanding of the typical disease progression. However, the symptoms that were ranked as most personally important by users
were generally among the least frequently selected. Through individualization, patient-centered instruments such as myGoalNav
can complement standardized measures by capturing these infrequent but potent outcomes.
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Introduction
Background
It is proving difficult to understand what constitutes successfully
treated late-life dementia. This reflects in part the evolving
understanding of Alzheimer disease (AD). Contemporary
thinking sees AD as a biological construct, defined by
biomarkers that can be detected in vivo or during autopsy [1].
In this formulation, AD is distinguished from Alzheimer
dementia, a clinical syndrome [2]. However, this separation is
not clear. In contrast to the prior view that a definitive diagnosis
of AD could only be made at autopsy [3], it is now recognized
that many people who meet the neuropathological criteria for
AD do not have dementia when alive [4]. Few people with
late-life dementia have pure AD; in the great majority, it is
present along with many other neuropathological features [5,6].
Furthermore, even a full suite of neuropathological markers
cannot distinguish between people who had dementia when
alive and those who did not; other factors such as history of
delirium [7], prior hospitalization [8], and degree of frailty are
each important [9]. Similarly, a range of factors, from the level
of education [10] to stimulating psychosocial and lifestyle
experiences [11], is seen as potentially protective, even if less
well-studied. A further challenge to defining successful
treatment is that standard outcome measures, notably including
the commonly used AD Assessment Scale–Cognitive subscale
(ADAS-Cog), can underestimate meaningful clinical changes
[12,13].
The new consensus on defining AD and the broader
understanding of what gives rise to late-life dementia together
have propelled a rethinking of which outcomes to measure in
dementia and predementia clinical trials [14,15]. The Food and
Drug Administration guidelines in 2018 [16] suggested that a
single primary end point, which assesses both cognitive and
functional effects (eg, the Clinical Dementia Rating [CDR]
scale–Sum of Boxes [17,18]) may be used to evaluate treatment
in early-stage patients with biomarker-defined AD. With this
reevaluation, it may be useful to consider patient-reported
impacts of treatment. This could be a less arbitrary means of
understanding treatment efficacy compared with changes in
biomarkers that tend to correlate poorly with clinical measures
[19-24]. Along these lines, the lack of correlation between
clinical manifestations of the disease and biomarker positivity
has motivated the reconsideration of a purely biological
definition of AD, suggesting that the disease designation be
restricted to people who combine biomarker positivity with
specific AD phenotypes [25].
Patient-centric outcome measures, in which patient (and
caregiver) preferences are directly incorporated and measured,
have slowly gained traction in clinical trials and research
communities [26], including an endorsement from the Food and
Drug Administration [27]. By giving a voice to the patient, we
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can achieve more meaningful and interpretable measures of
treatment benefit [28], as seen in some dementia research,
including clinical trials of people with AD receiving donepezil
[29] and galantamine [30], which used goal attainment scaling
[31,32] as a primary outcome. Here, personalized outcomes
offered highly sensitive measures of change that were viewed
as clinically meaningful by patients and caregivers [13]. This
approach also provided additional insights into what is most
important to this population, for example, an unanticipated
treatment benefit in the troubling symptom of verbal repetition
[33,34]. Indeed, from mild cognitive impairment (MCI), which
is the symptomatic predementia stage of AD [35], to the severe
stage of dementia, patients are troubled by diverse sets of
cognitive, functional, and behavioral symptoms. However, we
lack a comprehensive inventory of symptoms across the disease
spectrum and their susceptibility to treatment. Surveys of
symptoms are few, in part as they are expensive. For this
purpose, the web-based environment can be well-suited.
Our group has shown that data on people living with MCI and
dementia and their caregivers can be acquired with an
internet-based tool called myGoalNav Dementia (previously
SymptomGuide Dementia; developed by Ardea Outcomes).
This symptom tracking platform provides a large library from
which users can identify and track dementia symptoms that are
most important to them [36]. Note the distinction between a
symptom being present—as in a tick box survey of symptom
prevalence—and one being important to individual patients and
caregivers. Earlier, we had used myGoalNav to investigate
construct validity with the Dependence Scale [37]; identify
clusters of neuropsychiatric symptoms [38]; characterize the
symptoms of verbal repetition [39], misplacing objects [40],
and agitation [41]; and evaluate donepezil in a 6-month
open-label study [42]. Here, we use myGoalNav Dementia to
better understand the patterns of dementia symptom tracking
with the severity of impairment, as staged by a machine learning
algorithm.

Objective
The aims of this cross-sectional study are three-fold: (1) to
compare symptom frequency by stage, (2) to compare symptom
importance by stage, and (3) to examine the relationship between
frequency and importance. In doing so, our overall goal is to
demonstrate the usefulness and the types of insights gained from
web-based symptom tracking in people with dementia and MCI.

Methods
Data Collection
The data are from the myGoalNav Dementia platform,
previously called SymptomGuide Dementia. Launched as a
website in 2007 for people with cognitive impairment and their
caregivers, the key feature of the platform is a library (or menu)
of common dementia-related symptoms and challenges. The
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library was developed over many years, beginning with a
qualitative analysis of personalized treatment goals set by
patients, caregivers, and clinicians in 2 clinical trials of
anticholinesterase inhibitors [29,30] and from a memory clinic
in Halifax, Nova Scotia. From this qualitative analysis, an expert
geriatrician panel reviewed the first draft using the Delphi
method [43] and arrived at a library of 60 symptoms [37,41].
In 2018, myGoalNav Dementia was redesigned as an iOS and
Android mobile app, and based largely on user feedback, the
library was expanded to 67 symptoms, each with 2 to 12 (median
9) plain language descriptors that provide an additional level
of detail into symptom manifestation.
In addition to providing users with educational information and
management tips for each symptom, users have the option of
choosing from the library any number of symptoms and relevant
descriptors to track over time, which are important to them or
the person for whom they care. If they wish for further
personalization, users can log other symptoms and descriptors
that do not appear in the library. The set of initial symptoms
selected by a user is called their baseline symptom profile, which
they may supplement with additional demographic information
such as age, gender, and living arrangements. As an optional
step, users are also asked to rank their chosen symptoms from
most to least important or troublesome.
myGoalNav Dementia is currently being retooled as a
mobile-first web-based care app that better facilitates shared
decision-making and improves the quantity and quality of
touchpoints between the provider and patient. The transition to
web-based technologies affords us flexibility in incorporating
our dementia staging model within the app in the future.
Currently, it is slated to undergo pilot testing with the
collaboration of our health care provider partners and is no
longer available as a community app.
myGoalNav was not designed to be an inventory of every
dementia-related problem that an individual might experience.
Rather, the library facilitates the selection of those symptoms
that are most meaningful to each participant. For this analysis,
we excluded outlier profiles created by individuals who chose
>22 symptoms (95th percentile).

Staging Dementia
In 2013, we developed an artificial neural network model to
stage dementia, which was trained on data from 320 memory
clinic patients [42]. That model was updated in 2020 using a
support vector machine–supervised learning algorithm trained
on 717 patients [44]. Data from these patients were captured
with myGoalNav in a memory clinic, a long-term care study
[45], and a dementia clinical trial [42]. Patients were staged by
a clinician using either the Functional Assessment Staging Test
or the Global Deterioration Scale into 1 of 4 stages: MCI or
mild, moderate, or severe dementia. Patient age and their
symptom profiles served as inputs to train the model to predict
the dementia stage. Further details of the model, including
algorithm choice and performance, can be found in the study
by Shehzad et al [44].
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Statistical Analysis
User characteristics and demographics were summarized, and
the differences between stages were tested. Categorical variables
were summarized as percentages of users and tested using the
Pearson chi-square test. Continuous variables were summarized
as means and SDs or medians (lower and upper quartiles) and
tested using the Kruskal–Wallis H test.
To compare symptom frequency by disease stage (objective 1),
we first fit a logistic regression model with the number of
profiles selecting each symptom in each stage as the dependent
variable. Symptom name, stage, and the interaction between
the 2 were included as independent variables. The estimates
from this model were transformed to stage-specific symptom
frequencies with 95% CIs.
We investigated the frequency differences between the stages
in 2 ways. First, we computed Pearson correlation coefficient
r on frequencies between each pair of stages, where a higher r
coefficient indicates greater similarity in symptom selection.
Second, we quantified the degree to which a symptom was
associated with increasing or decreasing disease severity. This
was accomplished by modifying our logistic regression model
so that the stage is treated as a monotonic predictor variable
[46] rather than a categorical variable without ordering. The
estimates from this model can be interpreted as the average
difference in frequency (on the log-odds scale) between adjacent
stages (Supplementary Methods section in Multimedia Appendix
1 [46-49]).
To compare symptom importance by stage (objective 2), we
began by defining relative symptom importance within a
symptom profile as the weighted rank or potency:
wij=rij/nj (1)
where nj is the number of symptoms in profile j, and rij is the
rank (out of nj) given to symptom I. Higher potency wij
corresponds to the higher relative importance of symptom i to
the user of profile j.
Next, to model this proportion while accounting for the wide
range in the number of tracked symptoms among myGoalNav
users, we used logistic regression with wij as the dependent
variable; nj as case weights; and categorical independent
variables of symptom name, stage, and their interaction. As
with the frequency analysis, we estimated pairwise similarity
in stages by computing Pearson correlation coefficients between
potency estimates.
To investigate the relationship between symptom frequency
and potency (objective 3), we visualized the relationship by
plotting frequency against potency estimates. We quantified the
strength of these relationships using Pearson correlation.
No missing data were imputed for this study. As mentioned,
we removed outlier profiles with >22 symptoms (95th
percentile) but otherwise did not exclude users for missing or
abnormal data. All analyses were performed in R version 4.0.2
(R Foundation for Statistical Computing) [50] using tidyverse
packages [51].
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Ethics
Clinic data were collected after having obtained written
informed consent. Participants completed a form that allowed
their anonymized data to be analyzed for research purposes.
Data collection was approved by the research ethics committee
of the Nova Scotia Health Authority. myGoalNav users
consented to terms of use, which included allowing their data
to be aggregated and used for research purposes. Users were
assured that the research findings would be presented in a
manner that would not disclose personally identifying
information.

Data Availability
Aggregated data are presented in Table S1 (symptom frequency)
and Table S2 (symptom potency) of Multimedia Appendix 1.
For confidentiality reasons, user-level data cannot be made
publicly available. Access to deidentified data may be provided
upon reasonable request.

Results
The Sample

Dunn et al
4213 users, after removing the profiles tracking >22 symptoms,
our final sample size was 3909 (92.78%) profiles, with creation
dates ranging from May 15, 2006, to November 15, 2018.
The great majority, 96.01% (3753/3909), of these symptom
profiles were made on the web platform, with 3.99% (156/3909)
from the later mobile app. Most profiles (3792/3909, 97.01%)
were completed by caregivers, and the remaining (117/3909,
2.99%) were completed by participants (people with cognitive
impairment) on their own behalf. The staging algorithm led to
the following distribution of severity across the 3909 profiles:
917 (23.46%) MCI, 1596 (40.82%) mild dementia, 514 (13.15%)
moderate dementia, and 882 (22.56%) severe dementia.
Participant characteristics and demographics are summarized
by stage in Table 1. With increasing severity from MCI to
moderate dementia, participants tended to be older, less
well-educated, more likely to identify as women, and less likely
to live on their own. A minority of caregivers (1361/3792,
35.89% users) also provided information about themselves.
Most caregivers were women (515/802, 64.2%), aged 46-55
years (184/583, 31.6%), and spouses or partners of the
participant (156/524, 29.8%).

To date, 12,347 users have signed up for myGoalNav, and of
these, 4213 (34.12%) users created a symptom profile. Of the
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Table 1. Baseline characteristics of the myGoalNav participants, stratified by stage (N=3909).
Characteristica

Age (years; n=2473), mean (SD)

MCIb
(n=917)

Total

75.4 (12.4)

Mild
(n=1596)

70.5 (13.2) 74.5 (12.1)

Moderate
(n=514)

Test statisticc

Severe
(n=882)

80.9 (8.7)

78.2 (11.9)

Gender (n=3909), n (%)
e

f

g

h

190 (34.7)

976 (37.7)

Woman

1611 (62.3)e

329 (59.1)f 674 (61)g

250 (66.3)h

358 (65.3)i

4 (2-7)

2 (1-4)

7 (4-11)

4 (2-7)

Number of symptoms (n=2587),
median (Q1-Q3)

431 (39)

5 (3-8)

127 (33.7)

Education (n=1337), n (%)
Secondary school or less

625 (46.7)

117 (40.8)j

283 (45.7)k

99 (52.1)l

126 (52.3)m

Trade school

71 (5.3)

14 (4.9)j

32 (5.2)k

9 (4.7)l

16 (6.6)m

Undergraduate

439 (32.8)

108 (37.6)j

211 (34.1)k

53 (27.9)l

67 (27.8)m

Graduate

202 (15.1)

48 (16.7)j

93 (15)k

29 (15.3)l

32 (13.3)m

Living arrangement (n=2013), n (%)

a

Alone

290 (14.4)

67 (14.9)n

143 (15.8)o

35 (12.2)p

45 (12.1)q

Assisted living

315 (15.6)

39 (8.7)n

102 (11.3)o

71 (24.8)p

103 (27.8)q

With caregiver

335 (16.6)

59 (13.1)n

153 (16.9)o

54 (18.9)p

69 (18.6)q

With family or friend

1038 (51.6)

283 (62.9)n 494 (54.5)o

120 (42)p

141 (38)q

With paid companion

35 (1.7)

2 (0.4)n

6 (2.1)p

13 (3.5)q

14 (1.5)o

H test
(df)

Chi-square
(df)

<.001

192.8 (3)

N/Ad

.046

N/A

8.0 (3)

<.001

669.7 (3)

N/A

.18

N/A

12.7 (9)

<.001

N/A

126.5 (12)

i

Man

228 (40.9)

P value

N is the number of users with nonmissing values.

b

MCI: mild cognitive impairment.

c

Comparisons between stages: Pearson chi-square test and Kruskal–Wallis H test.

d

N/A: not applicable.

e

Sample size, n=2587.

f

Sample size, n=557.

g

Sample size, n=1105.

h

Sample size, n=377.

i

Sample size, n=548.

j

Sample size, n=287.

k

Sample size, n=619.

l

Sample size, n=190.

m

Sample size, n=241.

n

Sample size, n=450.

o

Sample size, n=906.

p

Sample size, n=286.

q

Sample size, n=371.

Symptom Frequency
Figure 1 depicts the 10 most frequent symptoms in each stage.
In MCI, mild dementia, and moderate dementia profiles, the
most common symptom was memory of recent events: 33.41%
(1306/3909), 36.71% (1435/3909), and 36.99% (1446/3909) of
profiles, respectively. This early hallmark of dementia was
tracked much less often at the severe stage, where 9.79%
(383/3909) of profiles showed it being tracked. Other symptoms
https://www.jmir.org/2022/1/e29219
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were tracked more often with greater severity. For example,
sleep disturbance tracking increased from 6.7% (61/917) in MCI
profiles to 15.47% (247/1596) in mild dementia profiles and to
25.5% (131/514) in moderate dementia profiles and was the
most frequently tracked symptom in the severe dementia profiles
(215/882, 24.4%).
In addition to memory of recent events, MCI profiles were best
characterized by repetitive questions or stories; no other
J Med Internet Res 2022 | vol. 24 | iss. 1 | e29219 | p.1524
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symptom had a tracking frequency >20%. Those with mild and
moderate dementia profiles showed more variety in symptom
selection, with 6 and 8 symptoms >20% frequency, whereas
those with severe dementia profiles were slightly more uniform,
with 4 symptoms above that mark.
How frequencies varied is also illustrated by changes in the
correlations between pairs of symptoms drawn from adjacent
stages (Figure 2). Using this metric, the most similar stages (ie,
highest correlation coefficient) were MCI and mild dementia.
Indeed, those with MCI and mild dementia profiles shared 80%
(8/10) of their most frequent symptoms. To a lesser degree,
individuals with moderate dementia profiles had symptom
frequencies similar to MCI and mild dementia profiles. There
were four symptoms shared among the top 10 of these three
stages: attention or concentration, irritability or frustration,
memory of recent events, and repetitive questions or stories.
By a large margin, severe dementia profiles had the most distinct

Dunn et al
set of frequent symptoms, although the correlation increased
with increasing severity: r=0.14, 0.25, and 0.48 in MCI, mild
dementia, and moderate dementia profiles, respectively. The
most frequent symptoms in severe dementia profiles were
characteristic of loss of independent function (incontinence,
mobility, eating, and personal care or hygiene) and more extreme
behavioral problems (aggression, low mood, and delusions and
paranoia).
Model-estimated monotonicity of frequency with dementia
severity is shown for each symptom in Figure 3. More symptoms
exhibited positive monotonicity (36 symptoms with lower 95%
CI >0) than negative (7 symptoms with upper 95% CI <0). The
6 symptoms with the highest positive and negative monotonicity
are shown on the right in Figure 3.
Overall frequency and frequency by stage for each symptom
are summarized in Table S1 in Multimedia Appendix 1.

Figure 1. The 10 most frequent symptoms tracked by baseline myGoalNav profiles, stratified by stage. Data are presented as point estimates and 95%
CIs from the logistic regression model. MCI: mild cognitive impairment.
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Figure 2. Pairwise relationships of symptom frequency between stages. Pearson correlation coefficients (r) and lines of best fit (with 95% CIs) are
displayed for each pair. MCI: mild cognitive impairment.
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Figure 3. Estimated symptom monotonicity, where higher values indicate the increasing frequency with ordered stage. Data are presented as point
estimates and 95% CIs from the logistic regression model, with stage as a monotonic predictor (left). Stage-specific frequencies for the 6 symptoms
with the highest positive monotonicity and the 6 symptoms with the highest negative monotonicity (right). MCI: mild cognitive impairment.

Symptom Potency
As the ranking of symptoms is not compulsory on myGoalNav,
the potency analysis involved 2874 symptom profiles (632,
21.99% MCI, 1207, 41.99% mild dementia, 402, 13.98%
moderate dementia, and 632, 21.99% severe dementia). The
model estimates of the 10 most potent symptoms by stage are
shown in Figure 4, and the rest can be found in Table S2 in
Multimedia Appendix 1. Of the 2874 symptoms, 2 (0.07%)
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symptoms stood out as important regardless of stage—travel
and looking after grandchildren—which were among the top 3
most potent symptoms in each stage.
Figure 5 shows the pairwise relationship of symptom potency
between stages. The most similar pairs of stages were moderate
dementia profiles with mild and severe dementia profiles. The
greatest differences in potency were MCI profiles with moderate
and severe dementia profiles.
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Figure 4. The 10 most potent symptoms tracked by baseline myGoalNav profiles, stratified by stage. Data are presented as point estimates and 95%
CIs from the logistic regression model. MCI: mild cognitive impairment.

Figure 5. Pairwise relationships of symptom potency between stages. Pearson correlation coefficients (r) and lines of best fit (with 95% CIs) are
displayed for each pair. MCI: mild cognitive impairment.
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Frequency and Potency
We discovered a clear discrepancy between symptoms that were
most frequent (Figure 1) and those that were most potent (Figure
3). Only interest or initiative was both highly frequent
(632/2874, 21.99%) and potent (potency 0.65, 95% CI
0.63-0.67) among the mild dementia symptom profiles.

Dunn et al
Symptom frequency was negatively correlated with potency
regardless of severity (Figure 6). The degree of association
varied by stage from weakly correlated in MCI profiles
(r=−0.18) to moderately correlated in severe dementia profiles
(r=−0.59). The patterns (or trajectories) of potency and
frequency are visualized for selected symptoms in Figure S1 in
Multimedia Appendix 1.

Figure 6. The relationship between symptom frequency and potency, stratified by stage. Pearson correlation coefficients (r) and lines of best fit (with
95% CIs) are displayed for each stage. MCI: mild cognitive impairment.

Discussion
Principal Findings
This study used a machine learning algorithm, which was trained
with clinician-staged data, to investigate how symptom tracking
in web-based profiles differed by the severity of cognitive
impairment (MCI and dementia). Our key finding was the large
distinction between what is common and what is most important
to people with cognitive impairment and their caregivers. This
reinforces the importance of capturing the patients’ and
caregivers’ voices when determining clinically meaningful
changes in MCI and dementia trials. The fact that we were able
to discover associations that were sensible and meaningful
suggests that information collected on the web has the potential
to yield useful insights into this population. As clinical
treatments that focus on single-protein abnormalities
understandably exclude people who do not conform to classic
profiles consistent with those abnormalities, there is a need for
data on real-world experiences of the larger constituency of
people in whom dementia reflects a variety of disease processes.
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Symptom tracking frequency was similar across MCI and mild
and moderate dementia profiles, with all pairwise correlations
between frequencies r>0.5. Memory of recent events and
repetitive questions or stories were notably among the top 3
symptoms for all 3 stages. However, neither of these symptoms
appeared among the 10 most frequent symptoms in the severe
dementia profiles, which differed appreciably from the other
stages (all r<0.5). With severe impairment, the early hallmarks
of dementia (such as impaired memory) are present but become
secondary to more distressing symptoms. In particular, we found
that increasing disease severity was most associated with loss
of independent function (incontinence, eating, and mobility)
and behavioral problems (aggression, restlessness, and
hallucinations).
The most potent (relatively important) symptoms were generally
those related to disruptions in everyday life that, although less
common, had great meaning when they occurred, for
example, problems in looking after grandchildren, hobbies or
games, and travel. Declining cognition may be a concern;
however, the resulting changes to routine can be especially
distressing to affected people and their families. Potency was
most similar between stages of similar severity. For instance,
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the strongest relationships were between the adjacent pairs of
MCI–mild dementia, mild-to-moderate dementia, and
moderate-to-severe dementia, with all r≥0.6.
As the large majority of our users (3792/3909, 97.01%) are
caregivers, we see it reasonable to conceptualize symptom
potency as an indicator of caregiver burden—the more
distressing and burdensome symptoms are more likely to be
ranked as highly potent by our users. In this context, we see in
this study that impairment in instrumental activities of daily
living (IADL; higher-order functions such as travel, meal
preparation or cooking, shopping, and telephone use) place the
most burden on caregivers, relative to basic activities of daily
living and cognitive and behavioral symptoms. Our results are
aligned with those of previous studies investigating symptoms
and caregiving difficulties across the stages of the disease. A
survey conducted by Alzheimer Europe [52] asked 1181
caregivers of patients with mild, moderate, or severe dementia
about their current and most distressing symptoms. Problems
with activities of daily living (including financial activities,
shopping, cooking, and telephone use) were the most prevalent
(reported by 96% of caregivers) and most problematic (68% of
caregivers) symptoms, followed by behavioral symptoms (50%).
In a multicenter study of 328 informal caregivers of patients
who mostly experienced mild or moderate AD, IADL deficits
were associated with more caregiver burden, as measured by
the Zarit Burden Interview [53]. A prospective cohort study of
135 patients, ranging from those with MCI (CDR=0.5) to those
with severe (CDR=3) dementia, found that depressive state in
caregivers was independent of cognitive decline but was strongly
associated with a decline in IADLs and delusional behavior
[54].
Across stages, symptom frequency was negatively correlated
with potency, and the strength of this relationship generally
increased with increasing severity. We believe this pattern
reflects the nature of the disease course. Early on, and especially
before diagnosis, gradual change in cognitive function will be
both apparent and alarming to the person living with the
problems and to their caregivers; this likely underlies why the
typical symptoms are still fairly potent. As deterioration
increases, so does the heterogeneity in its manifestation. The
typical clinical presentation becomes the accepted norm (ie,
still frequent but less potent), and the impact on quality of life
becomes more potent.
The contrast in symptom frequency and potency also has
important implications for the measurement and interpretation
of clinically meaningful changes. Outcome measures must be
practical to use in that they do not overburden the informant
with long interview times [55]. Including several items also has
the risk of probing irrelevant information, which can affect an
instrument’s sensitivity to change. Striking a balance between
robustness and concision is a substantial challenge in outcomes
development, especially in dementia, where patient priorities
are highly variable, as shown in this study. A number of best
practices [56] and statistical techniques [15] exist to tackle this
heterogeneity using standardized outcome measures; however,
we believe that an individualized approach guided by the patient
and caregiver’s priorities for treatment is a simpler solution to
https://www.jmir.org/2022/1/e29219
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a complex problem. By focusing on what matters most, we can
guarantee that any changes measured are meaningful.
Although there are too many symptoms to compare with the
literature, we draw attention to a few, such as the following:
repetitive questions or stories, sleep disturbance, and interest
or initiative. The stage-specific frequencies and potencies of
these symptoms are visualized in Figure S1 in Multimedia
Appendix 1.
We have explored the symptom of verbal repetition (here,
repetitive questions or stories) in the Atlantic Canada AD
Investigation of Expectations trial (open-label trial of donepezil
in mild-to-moderate AD) [33] and the Video-Imaging Synthesis
of Treating AD trial (randomized controlled trial of galantamine
in mild-to-moderate AD) [34]. In both trials, where goal
attainment scaling was the primary outcome, reduction of verbal
repetition was identified as a goal of treatment in 46% and 44%
of patients, respectively. This symptom notably improved more
often in patients treated with galantamine than in those treated
with a placebo. Our data were consistent with these secondary
analyses and with a 2013 analysis of myGoalNav users [39],
where verbal repetition was commonly tracked (26% overall),
especially in the mild stage (35%). Hwang et al [57] also found
verbal repetition to be an early sign of dementia that was
troublesome to caregivers. When patients and caregivers are
allowed a voice, we see that verbal repetition is important,
common, and responsive, although it typically goes unmeasured
by standard tests.
We found the increasing frequency of sleep disturbances with
severity to be compelling, especially as it was the most
commonly tracked symptom in severe dementia profiles.
Similarly, Moe et al [58] found sleep disturbances to increase
with disease severity in a sample of 78 AD patients. Sleep
disturbances are also important at earlier stages; its prevalence
in patients with MCI was estimated to be 14% to 59% in a
review of 15 studies [59]. Here, the frequency was 7% in
myGoalNav MCI profiles, which is unsurprisingly lower than
prevalence estimates but still ranked as the 12th most frequent
MCI symptom among 60 symptoms. Growing evidence suggests
that sleep disturbances are a risk factor for AD [60,61], which
underlines the importance of further study during predementia
stages.
The symptom of interest or initiative describes a patient who is
losing interest in everyday life and who has become disengaged
from others and the world around them. It is common,
distressing for caregivers [62], and a potential risk factor for
progression from MCI to dementia [63]. In the Video-Imaging
Synthesis of Treating AD trial, decreased initiation was a
treatment goal for 71 of the 84 participants with
mild-to-moderate AD (out of 130) who were described as having
the symptom [64]. Unsurprisingly, it emerged as a noteworthy
symptom in our analyses, particularly in mild dementia profiles,
where it was among both the 10 most frequent and most potent
symptoms. This symptom may also be important for its
sensitivity to change. In a survey of caregiver and patient
judgment on changes in symptoms, apathy was the
neuropsychiatric symptom that improved the most in patients
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with MCI and AD treated with the nutritional intervention
Fortasyn Connect [65].
With no approved treatment for individuals with prodromal AD,
some promise is seen in nonpharmacological interventions,
especially those that combine multiple lifestyle modifications
such as diet and exercise [66,67]. The Finnish Geriatric
Intervention Study to Prevent Cognitive Impairment and
Disability study showed that a multimodal intervention
combining diet, exercise, cognitive training, and vascular risk
monitoring might improve or maintain cognitive functioning
among older individuals who are at risk of dementia [68].
Nutritional interventions are also being developed to tackle
dietary deficiencies associated with AD pathology. A medical
food (Fortasyn Connect) has been shown to improve memory
in randomized controlled trials of patients with mild [69,70],
but not mild-to-moderate [71], AD over 3 and 6 months of
treatment. These trials were followed by the 24-month
LipiDiDiet randomized controlled trial for individuals with
prodromal AD [72]. There was no significant treatment effect
on the neuropsychological test battery primary end point;
however, there was evidence of cognitive and functional benefit,
as assessed by the secondary CDR–Sum of Boxes end point,
and this effect increased with better baseline cognition. In
addition, results of the LipiDiDiet 36-month extension trial
showed significant treatment effects on multiple measures of
cognition, function, and disease progression [73]. Taken
together, these studies highlight the potential for early
interventions in dementia, notably with lifestyle modification,
especially dietary lifestyle. With this comes a need for
adequately sensitive outcomes to detect meaningful effects at
early stages, for which individualized symptom tracking may
be a solution [13].

Dunn et al

Limitations
Our data must be interpreted with caution as it comprises
observer-reported tracking data completed mostly by caregivers
of people with dementia, who were not supervised in how they
described or recorded the symptoms of the people for whom
they were caring. There may have been a selection bias toward
caregivers with higher functioning who can more easily locate
and operate myGoalNav. Furthermore, as the myGoalNav is
not a checklist of symptoms, the tracking frequencies presented
here are distinct from symptom prevalence. There are also
limitations in the development of the staging algorithm model,
such as potential bias in the training data because of clinician
facilitation [44].

Conclusions
Our results emphasize the importance of patient-centricity in
evaluating interventions for MCI and dementia [74-76]. A
personalized outcome, for example, of a grandparent being able
to travel and look after their grandchild independently, will be
more meaningful to the patient and their family compared with
a 4-point change on the ADAS-Cog, which is considered as the
main criterion for benefit. Asking patients about what is most
important is sensitive to change and is inherently clinically
meaningful [36,77,78]. This can be especially valuable in the
predementia stages, where standard outcomes such as the
ADAS-Cog and Mini Mental State Examination lack sensitivity
[79,80]. Tools such as myGoalNav Dementia, and individualized
outcome measures such as goal attainment scaling [81,82], are
pragmatic ways of capturing the patient voice in real-world and
clinical trial settings.
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