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Abstract

The COVID-19 pandemic has overwhelmed health care systems worldwide, particularly in underresourced communities of color
with a high prevalence of pre-existing health conditions. Many state governments and health care entities responded by increasing
their capacity for telemedicine and disease tracking and creating mobile apps for dissemination of medical information. Our
experiences with state-sponsored apps suggest that because many of these eHealth tools did not include community participation,
they inadvertently contributed to widening digital health disparities. We propose that, as eHealth tools continue to expand as a
form of health care, more attention needs to be given to their equitable distribution, accessibility, and usage. In this viewpoint
collaboratively written by a minority-serving community-based organization and an eHealth academic research team, we present
our experience participating in a community advisory board working on the dissemination of the COVID Alert NY mobile app
to illustrate the importance of public participation in app development. We also provide practical recommendations on how to
involve community representatives in the app development process. We propose that transparency and community involvement
in the process of app development ultimately increases buy-in, trust, and usage of digital technology in communities where they
are needed most.

(JMIR Mhealth Uhealth 2022;10(3):e30872)   doi:10.2196/30872

KEYWORDS
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Introduction

Since the start of the COVID-19 outbreak, eHealth tools have
been rapidly deployed, including telemedicine, mobile health
apps, and wearable technologies [1,2]. These eHealth tools can
be used to reduce and monitor disease. However, they may
inadvertently result in increasing underlying inequalities by
unevenly benefiting individuals who are better able to access
new information, adopt technologies early on, and have more
resources to pay for these new innovations [3]. As Crawford
and Serhal (2020) [2] highlight, “digital health technologies

interact with social, cultural, and economic realities and with
social determinants of health to indirectly contribute to health
inequity.” Barriers to using eHealth technologies in underserved
communities also include a lack of perceived value, limited
digital and health literacy, and a lack of relevance [4,5].

Community-based partnerships are key to addressing these
social determinants that serve as barriers to closing the digital
divide and using technology to promote health equity [6]. In
this viewpoint, when we refer to community, we are
distinguishing between a “user” community defined as the client
or consumer of a particular technology, platform, or service and
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the communities (of color) as defined by the collective sector
of the public that is disproportionately impacted by health
disparities and that stands to benefit most by use of this
technology. The latter is characterized by a shared sense of
identity, understanding, or geographical distribution, but may
or may not self-select into a user community [7]. As with the
adoption of any new product or innovation, involvement of
communities throughout the eHealth development process
influences awareness of need in underserved communities as
well as decisions around initial use, adoption, rejection, and
continued use of eHealth innovations [8].

The goal of this viewpoint is to illustrate the importance of
community involvement throughout the development of
state-sponsored eHealth apps. We have chosen to focus on
state-funded eHealth apps because these are funded by taxpayer
dollars and should be responsive to public health needs. In what
follows, we first present preliminary data on the proliferation
of state-sponsored COVID-19–related contact tracing apps
between February 26, 2020, and December 31, 2020. We then
speak to our experience on the New York City (NYC) Health
+ Hospitals’ community advisory board (CAB) during the
rollout of the COVID Alert NY mobile app. Our experience
shows how community involvement has practical implications

on trust and buy-in from community-based organizations and,
by extension, from communities disproportionately impacted
by health inequities. We also provide some practical
recommendations for developers on when and how to involve
community representatives in their development process.

The Proliferation of State-Sponsored
COVID-19 Contact Tracing Mobile Apps

We conducted a systematic search of state-sponsored COVID-19
apps on the Apple App Store and Google Play Store. We
examined all COVID-19–related health apps released between
February 26, 2020, and December 31, 2020. Following the
methods outlined by Davalbhakta et al [9], we relied on the
following keywords in the Apple App Store and Google Play
Store: “Covid,” “Corona,” “Pandemic,” “Covid-19,”
“SARSCOV2,” “coronavirus,” “2019-nCoV,” “Covid-19
tracker,” “Stop COVID,” and “c-19.” Two reviewers (TRH and
SC) screened apps for relevance and eligibility for inclusion,
including whether the apps were state-sponsored. Where there
was ambiguity or disagreement around relevance and eligibility,
review of the app was escalated to the lead investigator (MYI)
for adjudication. Figure 1 provides a flowchart outlining our
search and selection process.

Figure 1. Selection process of COVID-19 apps from Apple App Store and Google Play Store.

Following the 3 most common categories in schemas used in
previous publications of COVID-19 apps [10-12], we
categorized the apps in our search based on 3 distinct
functionalities: (1) contact tracing/exposure notification, (2)
symptom checking, and (3) information dissemination. Contact
tracing and exposure notification functionality allows users to
turn on exposure notifications and be alerted when users
encounter (anonymous) others who tested positive in their
location. Symptom checking allows users to enter symptoms
along with some simple answers to questions and reveals options
for next steps regarding the likelihood of COVID-19 infection.

Information dissemination functionality in eHealth apps focuses
on providing facts about COVID-19, good hygiene practices,
and guidelines to follow, like social distancing and the
importance of wearing face masks, how to access resources,
and other types of relevant information.

A total of 34 apps (12 Apple, 22 Google) met the inclusion
criteria. Of them, 12% (n=4) only provided information to users
(eg, suggested resources, provided updates, and delivered public
service announcements through push notifications), 3% (n=1)
only collected data from users (eg, symptom tracker that will
determine whether a person may need further assessment or
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testing for COVID-19), and 85% (n=29) of apps provided both
information and collected data. In addition, 41% (n=14) of all
apps reviewed included at least one feature for checking
COVID-19–related symptoms, 77% (n=26) included
functionality around contact tracing and exposure notification,
and 50% (n=17) provided some information dissemination

functionality. Table 1 shows the apps by category (eg, checking
symptoms, contact tracing/exposure notification, and
information dissemination) and Figure 2 provides a visualization
of the number of COVID-19 apps released by category between
February 2020 and December 2020.

Table 1. List of state-sponsored COVID-19 apps by category.

Information dis-
semination

Symptom
checking

Contact tracing and
exposure notification

Operating systemApproximate date
released

Name of app

✓iOS4/1/2020ABTrace Together

✓✓iOS11/10/2020AlohaSafe Alert

✓iOS4/21/2020ArriveCAN

✓✓iOS5/21/2020BC COVID-19 Support

✓Android12/11/2020CA Notify

✓✓iOS7/30/2020Canada COVID-19 (COVID Alert)

✓Both8/10/2020Care19 Alert

✓✓✓Android4/19/2020Care19 Diary

✓Android10/23/2020CO Exposure Notification

✓✓Both8/20/2020CombatCOVID MDC

✓Both7/28/2020COVID Alert

✓Android10/30/2020Covid Alert CT

✓✓Both9/8/2020Covid Alert DE

✓✓✓Both9/30/2020Covid Alert NJ

✓✓Both9/30/2020Covid Alert NY

✓✓✓Both9/11/2020Covid Alert PA

✓✓✓Both8/17/2020Covid Trace Nevada

✓iOS12/29/2020Covid View

✓Both08/17/2020Covid Watch Arizona

✓Both4/27/2020COVID-19 Virginia Resources

✓iOS5/14/2020Covid-19 Wisconsin Connect

✓✓Both11/16/2020Covidaware MN

✓✓Both8/7/2020CovidWise

✓✓✓Both5/15/2020Crush Covid RI

✓Android10/23/2020DC Can

✓✓Both8/11/2020GuideSafe

✓✓✓Both4/1/2020Healthy Together

✓Android11/5/2020MD Covid Alert

✓✓Both10/1/2020MI Covid Alert

✓iOS3/31/2020NJ COVID 19

✓Both9/16/2020SlowCovidNC

✓✓Both4/25/2020Stronger than C19

✓Android11/25/2020WA Notify

✓Android12/20/2020WI Exposure Notification
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Figure 2. Count of apps released over time by category.

A clear trend emerges where most apps released early in the
pandemic were primarily focused on symptom checking and
information dissemination. Starting in August 2020, however,
we see fewer apps being released overall, but more activity
around contact tracing apps. This trend corresponds with the
release of many apps by local and national governments using
Bluetooth-based exposure notification incorporating a system
codeveloped by Google and Apple [13]. The technology allows
users to turn on exposure notifications and be alerted when users
encounter (anonymous) others who tested positive in their
location. This collaboration between high-tech and public health
organizations has been hailed as an exemplar of technology
partnership for social good [14], yet little is publicly known
about who is using these state-sponsored contact tracing apps.

COVID Alert NY Mobile App as a Case
In Point

In NYC, there were 3 entities that played a significant role in
the development and dissemination of the COVID Alert NY
mobile app: the New York State Department of Health, NYC
Department of Health and Mental Hygiene (DOHMH), and
NYC Health + Hospitals, the largest municipal health care
system in the United States, serving almost 500,000 uninsured
NYC residents. Despite caution by community-based
organizations and advocates early in the pandemic, there was
not enough data to document health disparities related to
COVID-19 morbidity and mortality [15]. It was clear on the
ground that COVID-19 testing sites were not accessible to NYC
communities of color [16]. Hesitancy around testing was further
amplified by inadequate care where patients of color would,
despite showing symptoms, be told that they were fine and be
sent home on multiple occasions.

Once the data were collected and racial and ethnic disparities
became apparent, an NYC Test and Trace CAB was organized
to provide input on COVID-19–related efforts in NYC in May
2020. The CAB, which meets weekly with city health officials,
was organized under the auspices of NYC Health + Hospitals

and consisted of 71 members representing a broad range of
organizations across all 5 boroughs [17]. The CAB was
instrumental in directing where testing sites should be deployed
and providing guidance on effective strategies for
communicating critical information to community members
while addressing language barriers and concerns around health
literacy. The CAB also played a vital role in sharing lived
experiences of community members to inform and reinforce
community-based recommendations.

Although the DOHMH and NYC Health + Hospitals were
responsive to the CAB’s questions, concerns, and counsel
around testing, there was no CAB input into the design,
development, and dissemination of the COVID Alert NY mobile
app for contact tracing and exposure notification, which was
presented to the CAB in September 2020. Given the
government’s responsibility for public health, state and local
authorities must be responsive to the best interest of their
constituents and the public. Recognizing this responsibility, it
is therefore essential to establish and implement
community-driven processes that incorporate and prioritize the
needs and concerns of disproportionately impacted and
underserved communities. Our experience at the grassroots
suggests that when there is proper community consultation,
what follows is more engagement with, usage of, and penetration
of government-led interventions.

As the epicenter of the pandemic in the United States in early
2020, NYC’s response to the COVID-19 pandemic was
positioned to model community-engaged practices that combat
health disparities and promote health equity. Community-based
organizations and advocates on the CAB expressed concerns
around the digital divide and trust in state-sponsored apps within
communities of color early in the pandemic. It is important to
note here that the release of the COVID Alert NY mobile app
was coming on the heel of Public Charge, in which public
officials could deny applications for lawful immigration if they
determined the applicant has used or will depend on public
benefits [18]. The app was developed by the Department of
Health and it was shared with the CAB to disseminate by
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DOHMH and NYC Health + Hospitals. Despite expressing
concerns around privacy and confidentiality, the CAB was given
an app that was developed without community input and was
being asked to disseminate it without having the ability to
incorporate community feedback. As a result of this lack of
community involvement, the CAB was reluctant to endorse or
share the COVID Alert NY mobile app within our communities.

A Community-Based Participatory
Research Approach to Health App
Development in Underserved
Communities

Developers of COVID-19 mobile apps must address
impediments to eHealth tool utilization among underserved and
disproportionately impacted communities, including access,
privacy, and confidentiality, poor eHealth literacy, and language
barriers [2,19]. There are numerous frameworks for
incorporating community input into the research and
development of programs to tackle COVID-19 health disparities.
One relevant framework is participatory app design, which
involves affected stakeholders from the inception of the project
in designing solutions that identify and incorporate the
community’s unique needs into the app development [20].
Similarly, user-centered designs provide a framework to better
understand who users are, as well as their goals, experiences,
and expectations, to ensure users are kept at the center of the
design process [21].

Our work focuses on using a community-based participatory
research (CBPR) lens to involve community representatives in
eHealth app development. CBPR is a collaborative approach
that emphasizes long-term partnerships between communities
and academics to ensure equity in each aspect of the research
and development process [22,23]. For mobile apps to be able
to address health disparities, development should include
incorporating communities in the problem definition and design,
technical and content development, deployment, evaluation,
and dissemination of results to stakeholders.

Unlike participatory and user-centered design, a CBPR approach
extends beyond incorporating a community perspective into
technology design and aims to ensure equity throughout the
entire process of design, development, and deployment [24-28].
These principles include understanding communities' resources
and technical capacity, defining interactive processes that are
responsive to community needs, equitable decision-making,
and building collaboration in the design, development,
deployment, and transparency around technology-related
outputs, ownership, and maintenance [28]. We expand the
principle around technology-related outputs to also include
transparency around data collection and use. The goal of CBPR
is not only to build something useful, but also to improve public
health through an iterative and sustainable process where
communities of color are kept front and center.

Practical Recommendations on When
and How to Get Community Involved

Our experience serving on the NYC Test and Trace CAB
illustrates how transparency and community involvement in the
creation of COVID-19–related apps have practical implications
for buy-in from community-based organizations and, by
extension, from communities disproportionately impacted by
COVID-19. Community-based organizations that have the
public’s trust due to years of work at the grassroots level,
especially those representing and serving communities of color,
rely on information about the extent to which the communities
they serve were involved in the development of eHealth tools
to assess whether to promote these solutions within the
communities they serve. We recommend that developers work
closely with community-based organizations who can serve as
trusted public brokers and can help facilitate community
involvement in all phases of app development. In the design
phase of the development process, we recommend that app
developers work alongside community-based organizations to
(1) complete a need-based assessment before/while designing
the app, (2) solicit regular community feedback on low- and
high-fidelity prototypes, and (3) clearly identify and attribute
where community feedback was incorporated. During the
development phase, we recommend that developers (4) involve
community members in the technical development/testing of
the app, (5) involve community members in the
development/review of content, and (6) conduct a focus group
of community members and leaders to demo a prototype and
discuss deployment of the app. Finally, for deployment, we
recommend that developers (7) cocreate an evaluation plan
(with a corresponding logic model) with a community-based
organization partner before the app is deployed and (8) complete
the evaluation with the involvement of the community-based
organization partner and present results publicly (ie, through
publications, presentations) once an app is deployed. We also
recommend (9) incentivizing involvement by compensating
community members for the opportunity cost of participating
in needs-based assessments, focus groups, and program
evaluation.

Discussion and Conclusions

Although other publications have reviewed COVID-19–related
mobile apps, no reviews have considered community
involvement in their design, development, and dissemination.
Ming et al [29] provided an overview of features and
functionality of 223 mobile health apps released in the early
days of the pandemic on public app stores. Salehinejad et al
[30] used the Mobile App Rating Scale to assess the
acceptability of quality, content, and functionality of
COVID-19–related apps found on the Google Play Store and
Apple App Store. In addition, 2 other studies reviewed the
literature to identify COVID-19 apps and reviewed apps with
features ranging from information dissemination and
risk/symptom assessment to contact tracing [10,31]. In line with
the studies outlined above, we found that the majority of
COVID-19 apps focused on symptom tracking, followed by
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information dissemination, and then contact tracing and
exposure notification. Almalki and Giannicchi [32] provided
an overview and taxonomy of COVID-19 apps through
September 2020 and found that the majority of apps they
reviewed were contact tracing and exposure notification apps
developed by governments or national authorities. Unlike
previous studies, we focused on state-sponsored apps and
provided the first comprehensive search of apps through
December 2021.

In this viewpoint, we argue that COVID-19–related eHealth
tools funded by taxpayer dollars should involve
community-based organizations and advocates in the design,
development, and dissemination given the government’s
responsibility for the entire public’s health. Community-based
organizations assess whether to promote eHealth tools to the
communities they serve. In this way, our experiences suggest
that transparency and community involvement in the process
of app development increase buy-in, trust, and usage. As our
personal experience illustrates, when affected communities are
not included, this can lead to a lack of buy-in and trust, as well
as a lack of community participation in the diffusion of eHealth
innovations among constituents of those communities [21].

López et al [31] argue that to “harness its true potential and
make the greatest difference, [health information technologies]
need to be (1) designed with components that focus on the
identification and eliminations of disparities...and (2) tailored
to the needs of diverse populations.” The authors point to

user-centered design as a framework for incorporating
communities of color into the design, development, and
deployment of mobile health apps to achieve more equitable
and better health outcomes. However, we encourage researchers
and practitioners to use a CBPR lens to include communities
of color, who are often disproportionately impacted by the
COVID-19 pandemic, because this approach goes beyond
involving individual “users.” Rather, this CBPR approach
includes the broader community, with the goal of improving
public health and enhancing community capacity by supporting
participation and establishing sustainable programs.

A lack of input from communities of color at every step of the
eHealth tool development process contributes to bias. That is,
small choices made throughout the design, development, and
dissemination process have a large collective impact on the
perceptions of adopters in underserved communities of the
relative advantage, compatibility with values and experiences,
and complexity of use, and the extent to which eHealth tools
can be tested or provide tangible benefits [33]. When technology
is not designed around the needs, expectations, values, and
experiences of individual users, this can lead to a lack of
adoption. Within the context of eHealth, this lack of inclusive
design results in a lack of diffusion of these innovations within
underserved communities, which ultimately exacerbates health
disparities [34]. If we truly recognize that health disparities
exist, we must ensure that underserved communities feel
comfortable with eHealth apps to realize their full potential.
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Abstract

Background: Engagement is essential for the effectiveness of digital behavior change interventions. Existing systematic reviews
examining hypertension self-management interventions via mobile apps have primarily focused on intervention efficacy and app
usability. Engagement in the prevention or management of hypertension is largely unknown.

Objective: This systematic review explores the definition and role of engagement in hypertension-focused mobile health
(mHealth) interventions, as well as how determinants of engagement (ie, tailoring and interactivity) have been implemented.

Methods: A systematic review of mobile app interventions for hypertension self-management targeting adults, published from
2013 to 2020, was conducted. A total of 21 studies were included in this systematic review.

Results: The engagement was defined or operationalized as a microlevel concept, operationalized as interaction with the
interventions (ie, frequency of engagement, time or duration of engagement with the program, and intensity of engagement). For
all 3 studies that tested the relationship, increased engagement was associated with better biomedical outcomes (eg, blood pressure
change). Interactivity was limited in digital behavior change interventions, as only 7 studies provided 2-way communication
between users and a health care professional, and 9 studies provided 1-way communication in possible critical conditions; that
is, when abnormal blood pressure values were recorded, users or health care professionals were notified. The tailoring of
interventions varied at different aspects, from the tailoring of intervention content (including goals, patient education, advice and
feedback from health professionals, reminders, and motivational messages) to the tailoring of intervention dose and communication
mode. Tailoring was carried out in a number of ways, considering patient characteristics such as goals, preferences, disease
characteristics (eg, hypertension stage and medication list), disease self-management experience levels, medication adherence
rate, and values and beliefs.

Conclusions: Available studies support the importance of engagement in intervention effectiveness as well as the essential roles
of patient factors in tailoring, interactivity, and engagement. A patient-centered engagement framework for hypertension
self-management using mHealth technology is proposed here, with the intent of facilitating intervention design and disease
self-management using mHealth technology.

(JMIR Mhealth Uhealth 2022;10(3):e29415)   doi:10.2196/29415
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Introduction

Background
Hypertension is an impactful risk factor for heart disease and
stroke, both of which are leading causes of death in the United
States [1]. Approximately 45% of American adults have a
diagnosis of hypertension, and only 24% of those with
hypertension have their condition under optimal control [1].
Effective treatment of hypertension requires patients to work
with their health care providers and follow self-management
guidelines, particularly relating to medication adherence.

Mobile health (mHealth) is defined as the use of mobile
technologies (eg, smartphones) to provide medical and public
health practice [2]. mHealth interventions used for disease
self-management belong to digital behavior change
interventions, defined as those involving digital technologies
(eg, mHealth apps) to promote or support behavior change for
improved health and self-management of chronic disease [3,4]
for better health, which have been used to facilitate hypertension
self-management. Potential benefits of mHealth interventions
for disease self-management include (1) increasing medication
adherence [5], (2) increasing knowledge, (3) empowering
patients for self-care, (4) providing personalized self-care
recommendations, and (5) facilitating patient–care provider
communication and decision-making [6,7]. Hundreds of
mHealth apps, often with features such as educational resources
and monitoring reminders, have previously been developed to
support hypertension self-management [8], and studies have
demonstrated the effectiveness of using apps in blood pressure
(BP) control and self-management behavior change such as
medication adherence [6,9,10].

Existing systematic reviews examining the mHealth
interventions for hypertension self-management or digital
behavior change interventions using mHealth in the context of
hypertension have focused on intervention efficacy and app
usability [6,9,11]. However, studies examining engagement in
the context of hypertension are limited. Engagement can be
defined from a microlevel perspective (ie, engagement with
digital behavior change interventions only, such as intervention
use, or the subjective experience characterized by attention,
affect, and interest) or from a macrolevel perspective (ie,
engagement with the broader landscape of behavior change,
such as medication adherence) [3,4]. Macrolevel engagement
can be the result of the microlevel of engagement. For instance,
engagement (eg, frequency, amount, and duration) with
interventions can lead to behavior engagement or change (eg,
medication adherence). Engagement is essential for the
effectiveness of interventions involving digital technology
[3,12,13], whereas lack of engagement with mHealth
interventions would be expected to be associated with a lower
rate of intervention success [14]. Subsequently, understanding
the determinants of engagement can help design effective
interventions. Theoretical frameworks [15,16] have proposed

specific strategies to engage patients using mobile apps. Such
strategies include but are not limited to providing educational
information, reminding or alerting users, recording and tracking
health information, providing guidance based on information
entered by the user, enabling communication with clinicians,
providing support through social networks, and supporting
behavior change through rewards [15,16].

Although prior work has examined engagement in the context
of chronic conditions [17,18], it has largely focused only on the
microlevel of engagement [17,18], thus leaving the macrolevel
predominantly unexamined. Intervention effectiveness measured
by app use alone cannot be taken as a valid indicator of
engagement because use metrics (microlevel engagement) do
not indicate offline engagement indicators, and microlevel
disengagement with the intervention or technology does not
necessarily preclude macrolevel engagement (eg, users may
take medications adherently but do not use the app to track
medication taking behaviors) [4].

Therefore, it is of vital importance to examine both types of
engagement as well as their determinants in mHealth behavior
change interventions [19]. According to the motivational
technology model [20], customization (ie, tailoring) and
interactivity are the two key determinants of engagement.
Tailoring refers to the extent to which users can customize the
mHealth intervention to meet their needs [21]. For instance, an
app may tailor the educational content delivered, messages,
alerts, and reminders, and displays to users’ specific needs and
preferences; a patient on medication to manage severe
hypertension likely requires different features and messaging
than a patient who is managing mild hypertension through
lifestyle modifications. Interactivity refers to the opportunities
that the mHealth intervention affords for users to communicate
with others, especially health care professionals [21]. For
example, apps that have coaching from a trained professional
tend to be more interactive. Along these lines, systematic
reviews focusing on mHealth disease self-management
interventions found that effective interventions integrated
features of interactive communication [10] and tailored messages
[22]. A systematic review of nutrition apps found that tailoring
the apps to the needs of specific user groups can be beneficial
in increasing engagement [23]. In addition, interventions can
be more engaging if they are designed to be tailored to
participants’health beliefs and needs. For instance, a systematic
review of studies on health beliefs and medication adherence
in patients with hypertension found that medication adherence
was related to health beliefs that vary within and across
countries, such as disease severity and susceptibility, medication
necessity, or efficacy [24]. This implies that medication
adherence interventions need to consider individual health
beliefs about hypertension and BP medications [24].
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Objective
Therefore, based on the importance of engagement, the research
gap, the determinants of engagement, and the strategies to
engage users, the following research questions were proposed:

1. What engagement strategies have been used in digital
behavior change interventions for hypertension
self-management?

2. How has engagement been defined or presented in the
literature on digital behavior change interventions for
hypertension self-management?

3. How has interactivity been implemented in digital behavior
change interventions for hypertension self-management?

4. How has tailoring been implemented in digital behavior
change interventions for hypertension self-management?

Methods

Overview
A systematic review of the literature was conducted to identify
extant interventions and to investigate their key characteristics.
Subsequently, content analyses of the studies were conducted
for a deeper understanding of how engagement and its
determinants were implemented in the interventions.

Search Strategy
The search focused on the identification of studies relating to
mHealth interventions for hypertension self-management
conducted worldwide. The search was conducted on the
following databases: PubMed, PsycINFO, Embase,
Communication and Mass Media Complete, CINAHL,
MEDLINE, and MEDLINE Full Text. All articles indexed as
of June 2020 were searched. A combination of search terms
was used, including hypertension, hypertensive, hypertensives,
or blood pressure (for the disease type); self-management, self
management, self-care, self care, management, coaching,
control, monitor, adhere, or adherence (for disease
management); mHealth, m-health, mobile, app, apps,
application, applications, smart phone, smartphone, technology
(for mHealth); intervention, trial, program, programme,
experiment, pilot, study, effect, experience, or experiences (for
intervention). Please refer to Multimedia Appendix 1 for the
search strategy and the corresponding justifications.

To ensure the comprehensiveness of the search, we also scanned
relevant journals (eg, JMIR mHealth and uHealth) and the
reference lists of review articles about these interventions.

Study Selection
Included studies were those conducted among adults (aged ≥18
years), involving a mobile app to facilitate hypertension
self-management, and with the aim of testing app or system
experience. If an app was designed specifically for hypertension
management for patients with hypertension, then the study was
included (eg, the study by Kang and Park [25]). If an app was
used for BP reduction or hypertension and another health
condition (eg, weight management), the study was included (eg,
the study by Mao et al [26]). If an app was designed for a
specific purpose (eg, medication adherence) and could be
applied to different health conditions or diseases, and was

applied to patients with hypertension in the study, the study was
included (eg, the study by Morawski et al [27]). If an app was
used for >1 disease (eg, for both diabetes and hypertension) and
if patients with hypertension or patients with both conditions
were included as participants in the study, then the study was
included [14]. If an app was used among patients with other
diseases or conditions (eg, kidney transplant) and managing
hypertension is crucial for that disease or condition, then the
study was included (eg, the study by McGillicuddy et al [28]).

The exclusion criteria included articles that met one or more of
the following characteristics: (1) use of apps for the purposes
of disease screening or disease detection; (2) focus only on app
design and development, without reporting any participants’
app use experience; (3) primarily designed for healthcare
providers or that reported professionals’ user experience but
did not focus on patients’user experience; (4) study of children;
(5) based solely on non–smart phones, on the internet, or on
text messages; (6) not written in English, and (7) contained only
an abstract, without full publication. Covidence [29] was used
to manage the review process.

A total of 442 records were imported to Covidence, and 223
duplicates were removed. After title and abstract screening,
among the remaining 219 articles, 138 (63%) were removed
based on not meeting the inclusion criteria. The remaining 37%
(81/219) articles were screened, and 69% (56/81) of them not
meeting the inclusion criteria were removed at this stage. A
further review of the remaining 31% (25/81) of the articles
indicated that 16% (4/25) of the articles [30-33] were based on
the same app or intervention system. The study by Bengtsson
et al [30] was not included in this review because it focused
more on system development. The other study [33] was not
included in this review because the patient participants were a
subgroup of the patient participants in another study [32].
Furthermore, the studies by McGillicuddy et al [28,34] were
based on the same system, and one of these studies [34] was
not included because the other study [28] built on the 3-month
randomized control trial conducted by McGillicuddy et al [34]
and was a follow-up of that study. In addition, studies by Persell
et al [35,36] were based on the same mobile app, so one of the
studies [35] was removed because it focused more on the design
of the app. Furthermore, the studies by Moore et al [37] and
Thies et al [14] were based on the same app, and the studies by
Chandler et al [38] and Davidson et al [39] were based on the
same smartphone medication adherence stops hypertension
program. For those studies that used the same system or app, if
the participants, goals or outcomes, or methods (eg, surveys or
interviews) were different, they were included in the review.
For instance, although Moore et al [37] and Thies et al [14] used
the same system, Moore et al [37] provided positive evidence
that the system was effective in hypertension management,
whereas Thies et al [14] analyzed the reasons why their
intervention failed by using participant interviews. Including
both articles would allow a full understanding of the
effectiveness of the app or system. Therefore, the final sample
size of the review is 21. A total of 2 authors (ie, WC and XL)
worked independently during the screening and selection process
first and then compared their results. Discrepancies were
resolved through one round of discussion. Figure 1 presents the
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PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart.

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

Quality Assessment and Data Analysis
For quality assessment, 2 coders (WC and XL) independently
evaluated the quality of the included studies using four sets of
risk of bias evaluation tools: Cochrane Collaboration’s Risk of
Bias Tool for randomized control trials [40], 2 tools from the
National Institutes of Health for observational studies and
pre-post studies without a control group [41], and the critical
appraisal skills program for qualitative studies [42]. For the
study [43] that focused on both qualitative and quantitative data,
we used two sets of criteria (ie, pre-post study with no control
and qualitative study) to evaluate the risk of bias. These tools
were chosen because they have been applied to previously
published systematic reviews [9]. Disagreements between the
coders were resolved after rounds of discussion and consultation
with a third researcher (PZ). The results of the evaluation are
in Multimedia Appendix 2 [27,36-39,44-47], Multimedia
Appendix 3 [26,28,48,49], Multimedia Appendix 4
[25,31,43,50-52], and Multimedia Appendix 5 [14,32,43].

For the systematic review, 2 coders (WC and XL) independently
coded the 21 studies. After independent coding, discrepancies
were identified and resolved through multiple rounds of
discussion and recoding. Through this iterative process, full
agreement was reached for all variables of the systematic review.
For coding, the investigators relied on the reporting in the article
and referred to related articles listed in the references when
applicable (eg, when coding an app that was published in
multiple papers). If studies included both patients’ and
providers’ perspectives, only the patients’ perspectives were
coded. In the event that the article presented no relevant
information or the description was general or vague, we coded
it as unknown.

Results

Study Characteristics
There were 21 studies included in the final analysis, with
publication years ranging from 2013 to 2020. Most studies
(14/21, 67%) were conducted in the United States. Moreover,
of the 21 studies, 2 (10%) were conducted in China, and 2 (10%)
other studies were conducted in Sweden. The remaining 14%
(3/21) of the studies were conducted in Canada, South Korea,
and Spain. The sample size ranged from 17 to 5115 participants,
with mean age of 42.44 to 60 years.

The interventions were either developed for general audiences

(eg, those who were overweight (BMI >25 kg/m2; [26]), for
specific audiences with hypertension (eg, patients with poorly
controlled hypertension [27], or for patients with diabetes,
hypertension, or both [14]. Of the 21 studies, 9 (43%) were
randomized control studies [27,36-39,44-47], 4 (19%) were
observational studies [26,28,48,49], 6 (29%) were pre-post
studies without a control group [25,31,43,50-52], and 2 (10%)
were qualitative studies [14,32]. Engagement or
self-management behaviors (eg, medication adherence) were
not the focus or outcome of longitudinal studies (eg, the study
by McGillicuddy et al [28]). In terms of the intervention content,
most studies [14,25,27,28,31,32,36-39,43-45,47,48,51] involved
medication tracking or medication adherence.

In addition, 24% (5/21) of the studies used a theoretical
framework in their interventions. Specifically, some studies
[28,38,39] used the self-determination theory. Other theories,
including the health belief model and technology acceptance
model [43], and the technology-supported apprenticeship model
[37] were also applied. No other studies reported any theoretical
models. Table 1 presents a summary of the intervention
characteristics.
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Table 1. Intervention characteristics.

TheoryOutcomesDurationParticipants’ demographic and
hypertension characteristics

Sample sizeCountryStudy

NoSBP and DBP, identification of sub-
sets or classes of patients who dif-

56 days or 8 weeksMean age 59.5 years; being
currently treated for hyperten-

50SwedenBengtsson et al
[31]

fered from each other with respect to

level of BPc at baseline
sion; mean SBPa 142, mean

DBPb 84

Self-deter-
mination
theory

POe: change in resting SBP from

baseline to the 6-mo time point; SOf:

resting DBP and MAg

9 monthsI mean age 44.4 years; en-
hanced standard group mean
age 46.8 years; Hispanic or
Latino participants; diagnosed
with and prescribed medica-

54 (IGd=26;
enhanced
standard
care=28)

United
States

Chandler et al
[38]

tion(s) for essential hyperten-
sion; uncontrolled hypertension

NoPatients’ compliance with study pro-
tocol of taking 3 BPs per week

32 weeksMean age 60 years; patients
with newly diagnosed or persis-

tently uncontrolled BPh

(ie≥140/90 mm Hg)

IG=131;

CGh=353

United
States

Ciemins et al
[49]

Self-deter-
mination
theory

Changes in clinic SBP and changes
in clinic DBP; changes in SBP con-
trol; changes in DBP control; recruit-
ment and retention rates; MA; BP
adherence

6 monthsI mean age 47.5 years; 47%
(18/38) African Americans and
53% (20/38) Hispanics; uncon-
trolled hypertension

38 (IG=18;
CG=20)

United
States

Davidson et al
[39]

Health be-
lief model

Patient compliance with hypertension
self-management

2 monthsAged >18 years, hypertension
diagnosis with no other serious
complications

143ChinaDuan et al [43]

and the
technology
acceptance
model

NoPO: SBP and DBP changes in pa-
tients; change in percentage of partic-

6 monthsI mean age 58.2 years; C mean
age 59.27 years; patients aged

480
(IG=225;
CG=218)

ChinaGong et al [44]

ipants in the 2 groups with controlled
BP. SO: MA

18 to 79 years diagnosed with
primary hypertension

NoUnderstanding of the interplay be-
tween BP and daily life; motivation
to follow treatment

8 weeksFemale median age 58 years;
male median age 62.5 years;
female years with hypertension
median 8; male years with hy-
pertension median 6.6

49SwedenHallberg et al
[32]

NoMA, perceived usefulness, user satis-
faction

4 weeksMean age 56 years; patients
with hypertension who take
antihypertensive medications

38South
Korea

Kang and Park
[25]

(taking 1 or more antihyperten-
sive drugs)

NoUse pattern (engagement), efficacy
of the app in BP reduction

22 weeksMean age 49 years; mean
SBP130 mm Hg; participants
who recorded ≥2 BP measure-

5115United
States

Kaplan et al
[48]

ments were included in the
study

NoPO: weight loss at 4 months as de-
fined by percent change in total body

First 4 months of
intensive active

I mean age 44.78 years; over-
weight (defined as BMI >25

IG=763;
CG=73

United
States

Mao et al [26]

weight. SO: change in SBP after 4coaching and 8kg/m2; 14.3% (109/763) partic-
months of intensive health coaching,months of mainte-

nance coaching
ipants self-reported hyperten-
sion as well as the change in number of

participants in each hypertensive cat-
egory from the beginning of enroll-
ment to after 4 months of coaching

NoPharmacological adherence and con-
trol of BP in patients with mild to
moderate arterial hypertension

18 months (with an
inclusion period of
6 months and a fol-
low-up of 12
months)

Mean age 57.5 years; patients
with mild to moderate arterial
hypertension

148 (IG=73;
CG=75)

SpainMárquez Contr-
eras et al [45]
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TheoryOutcomesDurationParticipants’ demographic and
hypertension characteristics

Sample sizeCountryStudy

Self-deter-
mination
theory

SBP12 months after the
completion of a 3-
month randomized
control trial

I mean age 42.44 years, C mean
age 57.89 years; renal trans-
plant recipients with hyperten-
sion with documented medica-
tion nonadherence

IG=8; CG=9United
States

McGillicuddy
et al [28]

A technolo-
gy-support-
ed appren-
ticeship

PO: absolute decrease in SBP and
DBP and the number of participants
who reached the BP goal of ≤130/80
mm Hg. SO: the number of partici-
pants who reached the BP goal of
≤140/90 mm Hg, the number of par-
ticipants who achieved >10 mm Hg
decreases in SBP and >5 mm Hg de-
creases in DBP, the change in medica-
tion load, the absolute decrease in
weight, the number of patients who
lost at least 2.3 kg, hypertension
knowledge, satisfaction in care, and
the amount of clinician time required
in the care

12 weeksMean age 50.0 years; patients
with essential hypertension
(average BP≥140/90 and
≤180/120) who were taking 0
or 1 medications

42 (IG=20;
CG=22)

United
States

Moore et al [37]

NoPO: change in self-reported MA and
SBP. SO: whether participants had
well-controlled BP, defined as 140/90
mm Hg or less

12 weeksI mean age 51.7 years; C age
mean=52.4 years; patients with
poorly controlled hypertension

IG=209;
CG=202

United
States

Morawski et al
[27]

NoSBP; emergency department use re-
duction

3 monthsPatients with hypertension after
stroke

24 (IG=8;
CG=16)

United
States

Ovbiagele et al
[47]

NoPO: MA; SO: MA, level of BP con-
trol by clinic measures, pill phone
use, patient satisfaction, hypertension
medication number and changes dur-
ing the study period, office visits,
emergency room visits, and hospital-
ization

12-week activation
(intervention)
phase

Mean age 53 years; African
American 96% (46/48); estab-
lished essential hypertension;
prescribed at least two antihy-
pertensive medications

48United
States

Patel et al [51]

NoPO: SBP at 6 months. SO: self-report-
ed antihypertensive MA, home moni-
toring and self-management practices,
measures of self-efficacy associated
with BP, weight, and health behaviors

6 monthsI mean age 59.6 years; C mean
age 58.3 years; adults with un-
controlled hypertension (de-
fined as at least 145 mm Hg
systolic or 95 mm Hg diastolic)

IG=144;
CG=153

United
States

Persell et al
[36]

NoPO: SBP and other cardiometabolic
risk factors. SO: DBP, waist circum-
ference, lipids (with the exception of
high-density lipoprotein cholesterol,
which was expected to increase) and
markers for blood glucose and inflam-
mation

52 weeks including
12 weeks of inter-
vention

I mean age 56.7 years; C mean
age 59.1 years; participants
with at least two metabolic
syndrome risk factors

IG=67;
CG=60

CanadaPetrella et al
[46]

NoThe original aim of this study was to
evaluate the effectiveness of a com-
mercial mHealth app in improving
clinical outcomes for adult patients
with uncontrolled diabetes or hyper-
tension, or both. Because of low en-
rollment and low app use, the project
aim was changed to understanding
why the trial was unsuccessful

Trial suspended,
owing to low en-
rollment and incon-
sistent use of the
app

Mean age 50 years (22 partici-
pants); 27% (6/22) of the pa-
tients with diabetes, 18% (4/22)
with hypertension, and 55%
(12/22) with both

15 out of 22
downloaded
the app

United
States

Thies et al [14]

NoWeight change, BMI change, DBP
change, SBP change, hypertension
category change

24 weeksStarters mean age 40.40 years;
completers mean age 47.68
years; adults with prehyperten-
sion or hypertension

50United
States

Toro-Ramos et
al [50]
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TheoryOutcomesDurationParticipants’ demographic and
hypertension characteristics

Sample sizeCountryStudy

NoEngagement and acceptability: the
number of blood pressure measure-
ments, weight measurements, and
daily steps were logged; the number
of coaching phone calls attempted and
completed, servings documented in
the dietary assessment, and goals set
were also assessed. Physiological pa-
rameters: BP, heart rate, weight, and
steps changes

13 weeks or 120
days

Mean age 59 years; adults cur-
rently taking hypertension
medication and had a diagnosis
of prehypertension or stage 1
hypertension

17United
States

Weerahandi et
al [52]

aSBP: systolic blood pressure.
bDBP: diastolic blood pressure.
cBP: blood pressure.
dIG: intervention group.
ePO: primary outcome.
fSO: secondary outcome.
gMA: medication adherence.
hCG: control group.

Intervention Strategies

Overview
All of the studies used at least two strategies to engage patients.
The number of strategies used in the interventions varied from

2 to 6, with a possible maximum of 8. Table 2 provides further
details.
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Table 2. Engagement strategies used in the interventions.

Supporting be-
havior change
through re-
wards

Providing sup-
port through
social net-
works

Enabling 2-way
communication
with clinicians

Providing guid-
ance based on in-
formation entered
by the user

Recording
and tracking
health infor-
mation

Motivational
messages or
encourage-
ment

Reminding
or alerting
users

Providing
health-related
educational in-
formation

Study

NoNoNoNoYesYesYesNoBengtsson et
al [31]

NoNoNoYesYesYesYesNoChandler et al
[38]

NoNoNoYesYesNoUnknownYesCiemins et al
[49]

NoNoNoNoNoYesYesNoDavidson et al
[39]

NoYes (leader-
board module,
version 4)

NoYesYesNoYesYesDuan et al
[43]

NoNoYesYesYesNoYesNoGong et al
[44]

NoNoNoNoYesYesYesNoHallberg et al
[32]

NoNoNoYesYesNoYesYesKang and Park
[25]

YesNoNoYesYesYesYesYesKaplan et al
[48]

NoNoYesYesYesYesYesYesMao et al [26]

NoNoNoNoYesNoYesNoMárquez Con-
treras [45]

NoNoNoYesYesNoYesNoMcGillicuddy
et al [28]

NoNoYesNoYesNoNoNoMoore et al
[37]

NoYesNoNoYesNoYesNoMorawski et
al [27]

NoNoNoYesYesYesYesNoOvbiagele et
al [47]

NoNoNoNoYesNoYesYesPatel et al [51]

NoNoArtificial intelli-
gence coaching

YesYesYesYesYesPersell et al
[36]

NoNoNoYesYesNoNoNoPetrella et al
[46]

NoNoYesYesYesNoNoNoThies et al
[14]

NoNoYesYesYesYesYesYesToro-Ramos
et al [50]

NoNoYesYesYesNoNoYesWeerahandi et
al [52]

Providing Health-Related Educational Information
A total of 9 studies [25,26,36,43,48-52] provided health-related
educational information. The content of education varied, with
some studies [36,43,48,49] focusing on hypertension, some
studies [25,51] focusing on hypertensive medications, and some
studies (eg, the studies by Mao et al [26], Toro-Ramos et al
[50], and Weerahandi et al [52]) including dietary approaches

to reducing hypertension. However, of the 9 studies, only 1
(11%) [36] specified in the educational materials the reason
why self-monitoring is important in BP management and how
their control through healthy behavior change is important for
lowering the risk of complications.
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Recording and Tracking Health Information
Some studies [14,25,27,28,31,32,36-38,43,44,47] included
features to record both BP and medication adherence or intake.
Some other studies included features to record either BP
[45,46,48-50,52] or medication intake or adherence [51]. Some
studies also recorded other information such as medication side
effects (eg, the studies by Bengtsson et al [31] and Hallberg et
al [32]), symptom logging (eg, the studies by Bengtsson et al
[31], Hallberg et al [32], and Duan et al [43]), and the tracking
of diet, heart rate, weight, and steps (eg, the study by
Weerahandi et al [52]).

Reminding or Alerting Users
Most studies [25,27,28,36,38,39,43-45,47,48,50,51] included
reminders for medication intake or BP monitoring, or both.
Various reminders focusing on other topics or other types were
exercise [44]; weight, diet, exercise, and discomfort [43];
weight, meals and snacks, and physical activity [36]; hospital
visit date and input of lifestyle data [25]; clients’personal goals
[26]; appointments [45]; or alerting a Medfriend who provides
peer support when doses are missed [27]. However, some studies
[31,32] included reminders but did not specify the content of
reminders.

Motivational Messages or Encouragement
There are studies that included motivational messages or
encouragement [26,31,32,36,38,39,47,48,50]. For instance, the
motivational messages of 1 intervention [38] were designed
based on participants’ previous medication adherence levels
(ie, nonadherence, partial adherence, and complete adherence)
and on their values, beliefs, and long-term or short-term life
goals.

Providing Support Through Social Networks
A total of 2 studies included the feature to provide support
through social networks. In version 4 of 1 app [43], a
leaderboard module presenting and comparing the scores
generated based on each patients’ self-management behaviors
was provided for those users who wanted to enhance their
self-management motivation. In another study [27], users were
able to designate a Medfriend, who was someone else who was
granted access to the patient’s medication taking history,
received alerts when the patient missed doses, and was able to
provide peer support.

Supporting Behavior Change Through Rewards
Only 1 intervention [48] included gamification features with a
reward system to maximize user interaction. In this app,

enthusiastic amination appeared on the screen after each BP
recording event [48].

Providing Guidance Based on Information Entered by
the Users
If cutoffs of BP were exceeded or out-of-range values were
observed, patients were contacted [47] or were recommended
to take additional BP measurements [28,36,44] or to seek
medical attention [44,50]. Health care providers were notified
[49] or were called when extreme values were recorded [36] or
contacted to follow-up with participants [43,46] and asked to
determine the course of action to take with the participant [38]
or to make an adjustment to medical regimen as warranted
[28,47]. In addition to guidance on out-of-range values, the
interventions also helped with solving problems [52]; providing
personalized or tailored recommendations or advice [26,36,44];
providing encouragement and suggestions and answering
nonpressing questions [14]; providing personalized explanations
regarding the stages of hypertension and translation into
cardiovascular risk [48]; providing strategies to address behavior
change related to calorie reduction, diet improvement, nutrient
intake, physical activity increase, and sodium intake reduction
[50]; or providing tailored recommendations to users’questions
on lifestyle management (ie, sodium intake, body weight, waist
circumference, exercise, alcohol, smoking, and stress) [25].

Interactivity
Interactivity was analyzed based on providing guidance related
to information entered by the users (eg, when abnormal BP
values were recorded) and based on whether or not the
intervention enabled 2-way regular communication (outside of
just specific situations such as when abnormal BP values are
observed) between users and a health care professional. A total
of 9 studies [28,36,38,43,44,46,47,49,50] included 1-way
communication under possible critical conditions. Patients or
their health care providers were notified or contacted when
out-of-range BP values were reported. Interactivity was limited
in the interventions; only 33% (7/21) of the studies provided
the possibility of interaction with health care providers or health
coaches. In terms of 2-way communication, studies included
the possibility of communicating with physicians [14,44], health
coaches [26,37,50,52], or an artificial intelligence coach [36].
Users were able to have remote consultations with professional
doctors [44] or members of their care team [14]. For instance,
a trained coach [50], professionals (licensed nutritionists,
physical therapists, and social workers) [26], or master clinicians
[37] provided human coaching. For a summary of interactivity,
please see Table 3.
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Table 3. Interactivity, tailoring, and engagement.

Macrolevel engagementMicrolevel engagementTailoringInteractivityStudy

NoNoYesNoBengtsson et al [31]

NoNoYesYesChandler et al [38]

NoNoNoYesCiemins et al [49]

NoNoYesNoDavidson et al [39]

NoNoYesYesDuan et al [43]

NoNoYesYesGong et al [44]

NoNoYesNoHallberg et al [32]

NoNoYesNoKang and Park [25]

NoYesYesNoKaplan et al [48]

NoYesYesYesMao et al [26]

NoNoNoNoMárquez Contreras [45]

NoNoYesYesMcGillicuddy et al [28]

NoNoYesYesMoore et al [37]

NoNoYesNoMorawski et al [27]

NoNoYesYesOvbiagele et al [47]

NoNoYesNoPatel et al [51]

NoNoYesYesPersell et al [36]

NoNoYesYesPetrella et al [46]

NoNoNoYesThies et al [14]

NoYesYesYesToro-Ramos et al [50]

NoYesYesYesWeerahandi et al [52]

Tailoring, Customization, or Personalization
Some level of tailoring was achieved in many studies. All 21
studies included only 1 app version, except 1 (5%) study [43].
Moreover, 4 versions of the app were developed based on users’
disease cognition, self-management experience, and
self-management motivation, wherein version 1 had three
functional modules (ie, management plan, reminder service,
and health checkup), version 2 had four modules (health
education was added), version 3 had five modules (health
education and health report were added), and version 4 had all
six modules (health education, health report, and health report
were added) [43].

Some studies [26,46,52] included personalized health goals,
such as individualized exercise prescription [46]. The content,
information, or features of some interventions was or were
customized, based on goals or individual preferences
[27,43,50,51], based on antihypertensive medication prescription
[31], and based on users’ values and inputs [36].

Some studies [43,44,48] provided personalized feedback or
advice in the intervention. For instance, in 1 study, physician’s
advice was based on patient’s hypertension self-management
experience level [43], and in another study, a personalized
explanation of the relationship between stages of hypertension
and cardiovascular risk was provided [48]. Interventions with
tailored target management recommendations included the

studies by Kang and Park [25] and Persell et al [36]. In the study
by Moore et al [37], users could make shared decisions about
diet, exercise, stress management, and medication with the
coach. In some studies, the motivational messages were tailored
based on users’ personal preferences [31] and on users’
medication adherence rates, goals, and values and beliefs
[38,39]. A total of 2 studies [28,32] included tailored reminders.
In some studies [28,47,52], the communication model or channel
was customized so that patients were contacted via the preferred
mode: SMS text messaging, email, or phone. In 1 study [26],
the intervention dose (eg, coaching frequencies) was based on
the participants’ needs and availability. For a summary of
tailoring, please see Table 3.

Engagement
In addition to describing the intervention strategies used to
engage users, we also explored how engagement has been
defined, reflected, and related to biomedical outcomes.

How Engagement Has Been Defined
Engagement was defined or operationalized as microlevel
interactions with the interventions, but from different
dimensions, such as frequency of engagement, time or duration
of engagement with the app, and intensity of engagement. A
total of 4 studies [26,48,50,52] clearly defined or operationalized
engagement (Table 3). Moreover, 1 study [48] defined low
engagement (ie, “recording BP for less than 4 weeks”), medium
engagement (ie, “recording BP for 4-8 weeks”), and high
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engagement (ie, “recording BP for longer than 8 weeks”).
Another study [26] also defined low (ie, “at the bottom quartile
of number of messages and video consults”), medium (ie,
“participants in the 25th-75th engagement percentiles”), and
high engagement (ie, “top quartile of messages sent per month
or number of coaching consults in the 4-month coaching
period”). Toro-Ramos et al [50] defined different levels of
engagement as starters (ie, “participants who completed at least
one lesson per week during the first month, as well as engaged
with the health coach (at least once through in app one-on-one
messages or through phone calls)”), and completers (ie,
“participants who completed at least nine core lessons of 22”).
Weerahandi et al [52] defined engagement as “Messages sent
to the coach per person, messages sent from the coach per
person,” “number of times blood pressure was logged,” “number
of times weight was logged,” “number of times steps were
logged,” “logged food entries,” and “goals recorded.”

None of the studies we reviewed directly examined or measured
users’ subjective experience of engagement, focusing on
attention, interest, and affect. Some studies explored users’
subjective experience with a focus on user satisfaction or
usability in general using interviews or surveys [38,49], usually
conducted at the end of the intervention, which may not
objectively capture attention or affect during the intervention,
given the broad focus and retrospective nature [53].

Behaviors Reflecting Engagement
Although some studies did not clearly state in the articles that
they measured engagement with digital behavior change
interventions (microlevel) or engagement with behavior change
(macrolevel), those behavior-related outcome variables, to some
extent, reflected users’ macro- or microlevel of engagement, or
both. Two commonly measured behaviors in the outcome
variables of the studies were medication adherence and BP
self-monitoring. Studies measuring medication adherence used
different methods: using technology or devices [38,39,45,51],
using self-report or surveys [25,27,36,38,44,51], or using a
pharmacy refill rate [51]. Studies [36,38,39,43,46,48,49,52]
also used the app or a Bluetooth BP device to measure BP
self-monitoring behavior.

In addition to medication adherence and BP self-monitoring,
other behaviors were also measured: food or meals logged
[36,50,52], messages sent or conversations with the app
[14,26,36,52], steps taken [46,52], body weight logging [46,52],
frequency of users accessing their weekly BP report [48],
number of coaching consults [26], and lessons completed [50].

The Relationship Between Engagement and Biomedical
Outcomes
Of the 4 studies that clearly defined engagement, 3 (75%) studies
[26,48,50] tested and demonstrated the statistical relationship
between engagement and biomedical outcomes (ie, weight or
BP change), indicating that higher engagement was associated
with significantly better biomedical outcomes. However, in 1
study [52], the relationship between levels of engagement and
biomedical outcomes was not tested. Among studies that did
not explicitly define engagement but included behaviors
reflecting engagement, none statistically tested the relationship

between the behaviors and biomedical outcomes. However,
using patient interviews, 1 study [32] explained the mechanism
between engagement and the motivation for macrolevel behavior
change: as patients became engaged in graphs or through
answering questions and measuring their BP, they were
motivated to follow their treatment and understood the interplay
between lifestyle and BP. Persell et al [36] did not test
engagement but tested the factor crucial to macrolevel
engagement or behavior change, self-efficacy [54], or
engagement self-efficacy [55], that is, the self-confidence in
using the app, controlling BP, knowing when medication
changes were needed, and performing nonpharmacologic
behaviors to control BP. The study by Persell et al [36] found
that self-efficacy in controlling BP was greater in the
intervention group.

Discussion

Principal Findings

Overview
To the authors’ knowledge, this is the first review examining
the interactivity, customization, and engagement factors of
mHealth interventions for hypertension self-management. This
review included 21 studies.

Participants
On the basis of the results of the participant inclusion criteria,
some studies had very specific criteria, whereas others had very
broad inclusion criteria. As participant characteristics (eg,
disease type and severity of disease) were quite diverse in some
studies, more research is needed to explore the goals, needs,
and characteristics of users.

Design of Interventions
Engagement or self-management behaviors were not included
in the outcomes of the limited longitudinal studies. No studies
tested the engagement or self-management behaviors after the
mHealth technology was no longer provided. Lack of
longitudinal design leads to inability to elucidate behavior
change or engagement patterns over time. Without testing
macrolevel engagement or self-management behaviors (eg,
medication adherence) when interventions or apps are no longer
available, it cannot be confirmed that digital behavior change
interventions are effective in changing behaviors in the long
run.

Theoretical Frameworks Applied
Self-determination theory, health belief model, technology
acceptance model, and technology-supported apprenticeship
models have been applied to a limited number of studies. Some
of these theories (eg, self-determination theory) have also been
applied to diabetes self-management interventions using mobile
apps [56] and applied to mHealth interventions in improving
medication adherence among people with hypertension [11].
More interventions should adopt a theoretical framework (eg,
behavior change theories) to guide work in this area.
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Optimal Combination of Engagement Strategies
Many studies have used a combination of features that are likely
to engage users. What specific combination of features works
best for engagement is yet to be determined, but should consider
patients’ characteristics. For instance, patient motivation for
self-management may be a factor to consider. Providing patient
education content in an app can be a way of engaging patients,
especially those who are motivated. However, for those who
are not motivated (eg, “motivating participants to read the
educational materials remained a challenge,” as indicated by
Weerahandi et al [52]), a patient education section may be less
beneficial, and other strategies should be considered to motivate
patients. Similarly, reminders and motivational messages could
be more effective when refined according to patient
characteristics and interactions with the app [32,51].

Interactivity
Interactivity was limited in digital behavior change
interventions, as only 7 interventions provided 2-way
communication between users and a health care professional or
a coach. Moreover, 9 interventions provided 1-way
communication in possible critical conditions; that is, when
abnormal BP values were recorded, users or health care
professionals were notified. On the basis of the results, the levels
of interactivity between users and health care professionals can
be characterized into four major categories: no interaction,
limited interaction, regular interaction, or focused interaction.
Limited interaction includes providing support under possible
critical conditions. Regular interaction includes providing the
possibility of 2-way communication between users and health
care providers (eg, questions and answers and receiving regular
feedback and recommendations), along with other strategies or
app features. Focused interaction includes providing patient
coaching by a clinician or a trained coach, which is the dominant
feature, goal of the app, or intervention.

In our review, we found that some apps contained interactivity
functions, whereas others did not. Authors did not describe the
decision to exclude interactive features; we posit that the
decision of including or excluding interactivity might be based
on a variety of factors, including patient factors (eg, needs),
intervention goals, and health care providers’ availability. For
instance, if an app’s aim is medication adherence, interactivity
is not a very important feature, whereas if an app’s aim is
logging symptoms, especially alarming symptoms, then
interactivity (eg, health care providers’ feedback) would be a
critical function. In addition, provider-related factors are also
worth considering. Studies have demonstrated health care
providers’ barriers of using apps to communicate with patients,
including time constraints, increased workload, lack of interest,
and lack of investment in app development [57].

Some level of potential interactivity should be included in the
interventions using mobile apps for hypertension
self-management. As 1 article examining patient perspectives
indicated, ambiguity and anxiety could be provoked with BP
readings, especially when readings are high [7]. Interaction with
health care professionals, at least during possible critical points
perceived by patients, can be an essential feature to provide
professional guidance and ease the concerns and promote

engagement with the interventions and the behavior change
process [58].

Tailoring
The tailoring of interventions varied at different aspects, from
tailoring of intervention content (including goals, patient
education, advice and feedback from health professionals,
reminders, and motivational messages) to tailoring intervention
dose and communication mode. Tailoring was carried out in
several ways, including consideration of patient characteristics
such as goals, preferences, disease characteristics (eg,
hypertension stage and medication list), disease
self-management experience level, medication adherence rate,
values, and beliefs. Although multiple studies included
reminders for medication administration, only two of them
provided tailored reminders. Medication nonadherence can be
due to many factors: medication side effects, cost, forgetfulness,
or perceived lack of need to take medications. In addition,
personal and cultural values and beliefs (eg, perception of
illness, illness knowledge, health literacy, cultural beliefs,
self-efficacy, and spiritual and religious beliefs [59]) can impact
medication adherence. For instance, higher perceived benefits
of herbs and lower perceived benefits of Western medications
were predictors of antihypertensive medication nonadherence
among Chinese immigrants [60]. A medication reminder feature
may therefore work well for those who forget to take
medications but may be ineffective for those who do not take
medications as prescribed because of costs or potential side
effects [61] or those who do not believe in the benefits of
Western medications. For those who have high medication
adherence rates, reminder features may be redundant or
perceived as annoying. To promote medication adherence,
intervention content and approach should be tailored according
to such personal characteristics. Providing an app with various
modules or features and giving the users the ability to select
among them may represent an optimal solution for potentially
diverse population.

Engagement
Engagement was defined or operationalized as a microlevel
interaction with the interventions but from different dimensions,
such as frequency of engagement, time or duration of
engagement with the program, and intensity of engagement.
There are a couple of possible reasons why subjective experience
of engagement such as attention, affect, and interest were not
examined in the studies. Self-report of engagement (subjective
measure) at multiple points during the intervention or app use
may be disrupting [53] and may create excessive burden for
users, especially when they are asked to periodically perform
different tasks (eg, logging symptoms and BP and reporting
medication adherence) using the app. In addition, objective
measures (eg, app use data) can be used to capture attention,
interest, or affect during the app use or intervention [55]. For
instance, mouse cursor tracking or eye tracking can be used to
measure attention [62]. Similarly, digital health intervention
use (eg, time spent on education content page and messages
sent to the health coach) can be used to measure attention or
interest in a nonobstructive way or, to some extent, reflect
attention or interest. These could be the reasons why studies
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used data use to measure engagement but seldom used subjective
measure to directly measure attention, affect, or interest.

For all studies that tested this relationship, higher engagement
was associated with better biomedical outcomes. However, this
result should be interpreted with caution because, first, the result
is from 3 applicable studies and, second, although the studies
are valuable to the engagement literature, they might have some
risk of bias.

Although most studies did not define or focus on engagement
per se, their outcome variables reflected engagement with digital
behavior change interventions. When reviewing studies of
engagement in mHealth, authors should consider seeking out
both studies that explicitly mention engagement, as well as
studies that do not explicitly define engagement but examine
behaviors that reflect engagement.

No studies tested macrolevel engagement directly, but 1 study
[36] tested a factor crucial to macrolevel and microlevel
engagement or behavior change: self-efficacy or self-confidence
(eg, using the app, performing nonpharmacologic behaviors to
control BP). In 1 study [7], researchers found that patients with
hypertension have various levels of digital competence (defined
as “becoming familiar and comfortable with using technology
to manage hypertension”) in that some were not interested in
using apps for hypertension management and others were
digitally competent to use apps. In another study focusing on
African American older adults, “participants expressed concerns
about not being informed or trained sufficiently to integrate
technology for hypertension self-management” [63]. These
findings imply that self-efficacy, especially self-efficacy in
using technology for disease self-management, can be another
important patient factor to be considered when designing
interventions [54,55,64].

Our Patient-Centered Framework
Overall, the results of this study agreed with those of a prior
systematic review [65] of mHealth for self-management of
cardiometabolic risk factors, in that some studies are
theoretically driven, while direct measurement and evaluation
of engagement was limited.

Considering the definition of engagement [4], the motivational
technology model [20], and the results of the review, a
framework for the use of mHealth technology for hypertension
self-management is proposed (Figure 2). This patient-centered
engagement framework emphasizes the important role of
patient-centered factors, including but not limited to disease
factors, self-management factors, users’ personal preferences,
cultural factors, and behaviors related to disease
self-management. These factors determine the aspects of an
intervention to be tailored and determine the level of
interactivity. Patient-centered factors, together with tailoring
and interactivity level, determine engagement and subsequently
intervention efficacy in improving biomedical outcomes. For
instance, Thies et al [14] concluded that their failed intervention
was due to lack of attention to patients’eHealth literacy (defined
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”) [66] and
lack of proficiency regarding the chronic disease type. Whereas
other engagement frameworks [15] focus on strategies (eg,
providing medical information, sending reminders, and tracking
health data) to engage patients, our framework highlights
categories of patient factors to be considered and how those
factors are crucial to customization, interactivity, and
engagement.
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Figure 2. Patient-centered engagement framework for hypertension self-management using mobile health (mHealth) technology.

Limitations
There are some limitations of this review. Only studies published
in English were included in the review, and therefore, there
remains potential neglect of important studies published in other
languages. Although the authors used a systematic search
strategy, other studies meeting the inclusion criteria may have
been missed. For instance, those studies not including the key
search terms used in the systematic search might be excluded.
We were unable to conduct a meta-analysis, owing to the
heterogeneity of the studies and outcomes. Further, other factors
(eg, navigability) that are also important for engagement and
efficacy of interventions were not examined in this review.
Given that the proposed patient-centered framework was based
on the results of the studies included in the review, it is possible
that there are other patient-centered factors (eg, outcome
expectation, a significant factor of engagement [55]) that could

be important for engagement in the context of hypertension
self-management that are not included in the framework.

Conclusions
Among mHealth app interventions focused on hypertensive
management, engagement, interactivity, and tailoring have been
implemented in various ways, as demonstrated by the 21 studies
included in this review. The authors examined several strategies
used to facilitate engagement. The results support the essential
roles of engagement in intervention effectiveness and the
essential roles of patient factors in tailoring, interactivity, and
engagement. A patient-centered engagement framework for
hypertension self-management using mHealth technology was
proposed, with the intent to help facilitate intervention design
and disease self-management using mHealth technology in the
future.
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Abstract

Background: Accurate measurement and monitoring of patient medication adherence is a global challenge because of the
absence of gold standard methods for adherence measurement. Recent attention has been directed toward the adoption of
technologies for medication adherence monitoring, as they provide the opportunity for continuous tracking of individual medication
adherence behavior. However, current medication adherence monitoring technologies vary according to their technical features
and data capture methods, leading to differences in their respective advantages and limitations. Overall, appropriate criteria to
guide the assessment of medication adherence monitoring technologies for optimal adoption and use are lacking.

Objective: This study aims to provide a narrative review of current medication adherence monitoring technologies and propose
a set of technology assessment criteria to support technology development and adoption.

Methods: A literature search was conducted on PubMed, Scopus, CINAHL, and ProQuest Technology Collection (2010-present)
using the combination of keywords medication adherence, measurement technology, and monitoring technology. The selection
focused on studies related to medication adherence monitoring technology and its development and use. The technological features,
data capture methods, and potential advantages and limitations of the identified technology applications were extracted. Methods
for using data for adherence monitoring were also identified. Common recurring elements were synthesized as potential technology
assessment criteria.

Results: Of the 3865 articles retrieved, 98 (2.54%) were included in the final review, which reported a variety of technology
applications for monitoring medication adherence, including electronic pill bottles or boxes, ingestible sensors, electronic
medication management systems, blister pack technology, patient self-report technology, video-based technology, and motion
sensor technology. Technical features varied by technology type, with common expectations for using these technologies to
accurately monitor medication adherence and increase adoption in patients’ daily lives owing to their unobtrusiveness and
convenience of use. Most technologies were able to provide real-time monitoring of medication-taking behaviors but relied on
proxy measures of medication adherence. Successful implementation of these technologies in clinical settings has rarely been
reported. In all, 28 technology assessment criteria were identified and organized into the following five categories: development
information, technology features, adherence to data collection and management, feasibility and implementation, and acceptability
and usability.

Conclusions: This narrative review summarizes the technical features, data capture methods, and various advantages and
limitations of medication adherence monitoring technology reported in the literature and the proposed criteria for assessing
medication adherence monitoring technologies. This collection of assessment criteria can be a useful tool to guide the development
and selection of relevant technologies, facilitating the optimal adoption and effective use of technology to improve medication
adherence outcomes. Future studies are needed to further validate the medication adherence monitoring technology assessment
criteria and construct an appropriate technology assessment framework.
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Introduction

Background
Accurately measuring and monitoring patient medication
adherence is critical in clinical practice and research settings
but continues to be a challenging task globally [1]. Various
methods are used to measure medication adherence, such as
patient self-reports, pill counts, pharmacy refill records, drug
metabolites or biomarker testing, and directly observed therapy
(DOT) [1]. However, none of these methods have been accepted
as a standard measure of medication adherence across a variety
of settings [2]. More recently, sensor technologies have been
increasingly used to track the medication-taking behaviors of
patients [1]. For example, the Medication Event Monitoring
System (MEMS) can record every time the patient opens the
pill bottle via a sensor embedded in the pill cap [3,4]. Such
technologies provide a unique opportunity to measure and
monitor patient medication adherence over time [1]. The notion
that medication adherence monitoring technology represents
the gold standard of measurement of patient medication
adherence has been voiced by some researchers [3-9] but
continues to be disregarded by others [10-15]. There is limited
consensus on how to determine or select the appropriate
medication adherence monitoring technology for use, which
may be due to the lack of appropriate technology assessment
criteria in this field.

The advantages and limitations of the commonly used methods
for measuring medication adherence have been described in the
literature. For example, DOT allows for direct observation of
patient medication-taking actions [16-18], but it is expensive
to sustain and produces a constrictive time strain on both health
care providers (HCPs) and patients’daily schedules [1,12,18,19].
As a common way to measure medication adherence, patient
self-reporting respects patient autonomy but carries the potential
risk of patient overestimation or underestimation of their
adherence abilities [20-22]. Medication adherence monitoring
technologies with various types and features are being
continuously developed and upgraded [1]. Some newly
developed technologies may possess unique features that are
unfamiliar to users [23]. Despite this literature, there is no
summary or synthesis that reflects a clear understanding of the
characteristics and values of a variety of medication adherence
monitoring technologies. There is a growing need for technology
assessment criteria to guide the development and selection of
appropriate technologies for monitoring medication adherence
to improve patient outcomes [24].

Stakeholders’ expectations regarding the use of health
information technology for monitoring medication adherence
also vary. From a clinical practice perspective, a user-friendly
interface and the accurate monitoring of adherence are
considered when selecting appropriate monitoring technologies
[1]. From the technological development perspective, although
system accuracy and data fidelity remain high priorities,

developers also need to consider the feasibility of technical
engineering of the system, such as energy consumption and
battery lifetime [25]. Advanced medication adherence
monitoring technologies may not be limited to a single method
to gather patient medication adherence information [1]. In
addition, human interactions with these technologies can be
complicated owing to the comprehensive medical and
pharmacological contexts, as well as multidimensional patient
medication adherence behaviors [22]. A compiled summary
and assessment of currently available applications of medication
adherence monitoring technologies is important for a better
understanding of their capacities and performance when making
decisions for their adoption and use.

Objectives
The purpose of this narrative review is to summarize literature
reports on the current applications of medication adherence
monitoring technologies and identify potential assessment
criteria to support decisions related to technology development
and adoption.

Methods

Literature Search
PubMed, Scopus, CINAHL, and ProQuest Technology
Collection databases were searched because of their broad
collection of literature focusing on health, health care, and
technological domains. A combination of search terms was
included as follows: (medication adherence) AND
(measurement technology OR monitoring technology). A full
list of search strategies used for each database is included in
Multimedia Appendix 1. To gather the most recent collection
of medication adherence monitoring technologies, searches
were focused on scholarly articles published between January
2010 and June 2021 and written in English.

Eligibility Criteria
Studies were included in this narrative review if they met the
following criteria: (1) described the development of medication
adherence monitoring technologies, (2) assessed the
characteristics of medication adherence monitoring technologies,
or (3) tested the application of technologies for monitoring
medication adherence. All study methods were included. Only
articles published in English with their full text available were
included. Considering the ease of dispensing medication and
self-administration of pill form of medications, we focused on
medication adherence technologies suited for pills. Medication
adherence monitoring technologies that suited nonpill forms of
medications, such as inhalers, eye drops, and injectable
medications, were excluded. Studies that did not provide
adequate descriptions of technology characteristics or used
technologies that did not monitor patient medication adherence
were also excluded. Study selection was performed manually
using this set of eligibility criteria.
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Data Extraction and Information Synthesis
Data concerning medication adherence monitoring technologies
were manually extracted from the reviewed articles by the first
author (MM) and discussed with the research team. These
elements included the following: (1) type of technology, (2)
name of technology, (3) technical features, (4) data capture and
applications, (5) perceived advantages, and (6) limitations of
the identified technologies. Data directly related to publications,
such as the country and publication year, were also gathered.
Information regarding adherence monitoring technologies was
extracted and organized into a table for further synthesis
(Multimedia Appendix 2 [1-6,9-13,15-18,20,26-99]).

A descriptive analysis of the characteristics of the selected
studies was conducted. Key characteristics, including the
technical features, data capture methods, advantages, and
limitations of each technology type, were assessed and
summarized. Common and recurring elements were coded and
categorized as potential assessment criteria. All identified
potential criteria were discussed and evaluated among the team
members until a consensus was reached. The final criteria were
organized into categories and subcategories and presented as a
matrix.

Results

Study Selection and Characteristics
A total of 3865 records were retrieved from the database search.
Of these 3865, the removal of duplicates left 3774 (97.65%)

articles for title screening. After reviewing the titles and
abstracts for relevance, 7.63% (288/3774) of the articles were
identified for retrieval, of which 97.2% (280/288) were
successfully gathered. Of the 288 articles, 8 (2.8%) articles were
not retrievable because their full text was not available on the
web. Following the assessment for eligibility via full-text
review, 35% (98/280) of the articles were included in the final
analysis. Figure 1 shows the PRISMA (Preferred Reporting
Items for Systematic Reviews and Meta-Analyses) flowchart
describing the overall search and selection process.

Among the reviewed articles, the vast majority (72/98, 73%)
were published between January 2015 and June 2021. Over half
(50/98, 51%) of the identified studies were published in the
United States, followed by Canada (8/98, 8%), and Japan (4/98,
4%). The study types and designs varied greatly among the 98
reviewed articles. Most studies (41/98, 42%) were pilot tests of
feasibility, acceptability, usability, or proof of concept. Only a
few studies were randomized controlled trials, including pilot
randomized controlled trials (5/98, 5%), retrospective cohort
studies or secondary data analyses (6/98, 6%), or qualitative
studies (8/98, 8%). Literature review articles (8/98, 8%), study
protocols (4/98, 4%), and commentary and editorial comments
(2/98, 2%) were included in the review analysis. The most
common medications studied were tuberculosis treatment
regimens (19/98, 19%) and antiretroviral therapy for HIV
(16/98, 16%).
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) diagram.

Technology Types and Characteristics

Overview
A total of 81% (79/98) of applications of medication adherence
monitoring technology were reported in the 98 reviewed articles.
The identified technology types were categorized into eight
major groups based on their technical designs and adherence
monitoring functions: electronic pillboxes or bags, electronic

pill bottles, ingestible sensors, blister pack technology,
electronic medication management systems, patient
self-report–based technology, video-based technology, and
motion sensor technology. Table 1 shows the number of articles
for each technology type group. As noted, some articles have
reported more than one type of technology. The following
sections outline the common defining technical features, data
capture methods, and advantages and limitations gathered from
the existing literature for each technology type.
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Table 1. The number of publications by technology type (n=98).

Publications, n (%)Technology type

32 (33)Electronic pill boxes or bags

25 (26)Electronic pill bottles

22 (22)Ingestible sensors

12 (12)Electronic medication management systems

12 (12)Patient self-report technology

10 (10)Blister pack technology

7 (7)Video-based technology

3 (3)Motion sensor technology

Electronic Pill Bottles
Consisting of a standard size pill bottle and an electronic cap
that contains a microchip, this type of technology records a
date-and-time stamp once the cap has been removed during an
opening event. The transfer of adherence data depends on the
version of the electronic pill bottle device. Some old versions
of the MEMS often require manual download of the stored
patient medication adherence data from the MEMS cap into the
MEMS software through a small reader device [8-10,27,28].
Some newer versions of electronic pill bottle technologies, such
as the GlowCap and AdhereTech devices, possess the ability
to wirelessly transmit patient medication adherence data,
providing opportunities to assess and monitor patient medication
adherence in real time [1,15,18,29-31]. Electronic pill bottle
technologies are commonly reported to have advantages
including their discrete design and small size [10,16,32,33],
objective medication adherence monitoring ability
[1,8,11,14,34,35], and acceptance among patients [1,30,31].
However, as the pill bottle design is only capable of storing 1
type of medication at a time, these devices are not suitable for
patients with complex multidrug regimens [1,4,8,9,18,30,32].
In addition, because the opening of the pill bottle is used as a
proxy measure for adherence, patient actions such as failing to
ingest removed medications, pocket dosing (taking out multiple
doses of medications at one time), and curiosity openings
(opening the device but not removing medications) can lead to
inaccurate estimates of patient medication adherence
[1,2,4,5,9-11,14-16,27,28,30,33,36,37].

Electronic Pill Boxes or Bags
Similar to the electronic pill bottle technology, electronic pill
boxes or bags record a date-and-time stamp whenever they are
opened. However, unlike electronic pill bottles, these
technologies can often store multiple types or strengths of
medication in various compartments within the device. The size
and storage capacity vary among the different types of available
electronic pill boxes or bags. Most of the identified electronic
pill boxes or bags possessed the ability to transmit patient
medication adherence data in real time via existing cellular
networks [1,9,26-28,38-43,100], wireless Bluetooth [1,44,45],
or general packet radio service [27,46,101,102]. One device
required manual uploading of patient adherence data during
clinic visits [47]. Although the capability of these devices to
store multiple medications makes them better suited for complex

multidrug regimens, this advantage is dependent on the device,
as they can vary drastically in size and pill storage capacity.
This was evident when examining the Wisepill device’s storage
capacity of 60 small-sized pills [1,27,39,41,46] compared with
MedTracker’s storage capacity of a week’s worth of medication
[44]. However, larger-sized devices are often described as
obtrusive [10,40,48] and have increased risks to patient privacy
[1,39,40,49], thus limiting the acceptability of the device for
patient populations, particularly for those who do not wish to
disclose their health status (eg, HIV positive) to others [39].
Furthermore, these devices cannot directly confirm ingestion
of medications, raising concerns toward their medication
adherence monitoring accuracy because potential patient
behaviors, including pocket dosing and curiosity events, may
impede medication adherence rate estimates
[1,10,15,16,26,27,30,38-40,44,48-50,101]

Blister Pack Technologies
All but 3 blister pack technology applications identified included
an attachable adhesive label that contained a microchip and
conductive wire pattern [4,36,51]. Removing medication from
the blister pack created a break in the label circuit and was
recorded by the microchip with a date-and-time stamp. Patient
medication adherence data are wirelessly transmitted to central
servers and are often accessible to HCPs, allowing for real-time
adherence monitoring [1,6,51-55]. As the design of blister packs
stores the appropriate dose of medication in singular pockets,
each removed dose is registered as an individual event, thereby
eliminating the potential for patient pocket dosing and curiosity
openings [56]. However, currently within these devices, the
action of removing a dose has been found to break the
conductive tracks of the surrounding doses occasionally and
accidentally, leading to the registration of multiple removal
events, which decreases the accuracy of monitoring with these
technologies [56,57]. Moreover, this method of medication
adherence monitoring is a proxy measure and cannot confirm
patient ingestion of medication, further limiting the accuracy
of patient medication adherence estimates [1,4,52,55].

Ingestible Sensors
Ingestible sensors, otherwise known as digital pills [12] or
digital ingestion monitoring [50], consist of a technological
system that includes microsensors, an adhesive external monitor
worn on the abdomen, and a mobile app. The microingestible
sensors are coencapsulated with medication and ingested into
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the body, where stomach gastric fluids dissolve the capsule
containing the medication and sensor. Activation of the sensor
upon contact with gastric fluid transmits a unique signal to the
external monitor. The detected ingestion event is transferred to
a mobile app that uploads the event’s date-and-time stamp,
along with other recorded physiological measures (eg,
heartbeat), to a central server. These technological systems
possess the advantage of direct observation of medication
ingestion [3,13,15,16,30,37,58-65], as well as real-time
adherence monitoring [1,3,9,12,30,37,49,58,61-66,103]. By
directly identifying individual ingestion events of medication,
these technologies can detect multiple ingestion events at a
given time, thereby improving the accuracy of measuring patient
medication adherence rates [60,61,65,103]. In addition, the
ingestion event detection accuracy of ingestible sensors is high,
with rates of 95% to 99.1% observed experimentally
[3,58,65,103]. However, owing to the direct ingestion of
technological sensors, concerns over patient privacy and
autonomy are prominent because of the invasive nature of these
devices [9,13,20]. Patient reports of skin irritation caused by
the external monitor [1,12,40,59,61,63,64] and the possibility
of sensor retention within the body [15,60,64] are considerable
limitations of these technologies, as well as potential risks to
patient health and safety.

Electronic Medication Management Systems
The devices identified within the category of Electronic
Medication Management System (EMMS) vary in their
functionalities, with reported advantages and limitations;
however, all systems possess similar features that focus on
aiding patients in their medication management and
documenting their medication adherence patterns. Three novel
EMMS devices that presented interesting functionality
characteristics included the radio frequency identification
(RFID)-based medication adherence intelligence system [44,67],
ReX (DosentRx Ltd) [68], and the Medication Behavior
Monitoring System (MBMS) [69]. The RFID-based medication
adherence intelligence system (RMAIS) is composed of an
RFID reader, scale, microcontroller, liquid crystal display panel,
and a motorized rotation platform [44,67]. The patient’s pill
bottles are labeled with an RFID tag that stores the medication’s
information, such as the medication name and appropriate dose
[67]. At a scheduled medication administration time, the RMAIS
generates audio medication reminders and rotates the correct
pill bottle in front of the patient [44,67]. The scale underneath
the rotation platform weighs the pill bottle, and the medication
information is displayed using an RFID reader [44,67]. After
the patient has removed the medication from the pill bottle, the
scale measures the weight of the bottle and uses the difference
in weight to determine the number of doses removed [44,67].
If the system detects events of nonadherence, an HCP is alerted
[44,67]. An advantage of this system is that it provides guidance
to patients who must navigate complex multidrug regimens by
eliminating the need for patient decision-making concerning
what medication to take, how much, and at what time [67].
However, because this system is also a proxy monitor of
medication adherence and cannot confirm the actual ingestion
of medication, its accuracy is consequently limited [44].

ReX is a recently developed device composed of a reusable
drug dispensing unit, disposable cassette, mobile app, and a
Dose-E Analytics cloud system [68]. The patient’s medication
is stored inside the device and can only be released at the
appropriate time, at the correct dose, and directly into the
patient’s mouth [68]. The mobile app transfers patient
medication adherence data from the drug dispensing unit to the
Dose-E Analytics cloud system, which is accessible to HCPs,
allowing real-time medication adherence monitoring [68]. A
critical advantage of the device is the dispenser mechanism that
prevents patient medication overadherence and administration
of medication at incorrect time intervals [68]. However, even
though the device can monitor the medication up until delivery
into the patient’s mouth, it cannot confirm the actual ingestion
of the medication, thereby inhibiting the accuracy of its
medication adherence estimates.

Finally, MBMS devices use newly emerging technologies such
as the Internet of Things, deep learning, and artificial
intelligence [67]. The MBMS is unique in that it combines the
following three categories of medication adherence monitoring
technologies: electronic pillboxes, motion sensor technology,
and video-based monitoring technology [67]. The device uses
a set alarm to remind patients to take their medication [67]. As
the patient approaches the device, motion sensors placed around
the patient’s home detect the movement and signal the MBMS
device to begin recording a video of the patient’s medication
behavior [67]. Once the device recognizes the patient’s act of
raising an arm to drink water, the internal pillbox that stores the
medication releases the appropriate medication and quantity
onto a platform with a scale [67]. The MBMS determines
whether the patient takes the dispensed medication based on
whether the scale converges to zero [67]. HCPs receive weekly
adherence reports from the MBMS. Roh et al [69] found that
when an MBMS device was used, medication adherence was
higher than in patients who did not use the device. However,
similar to RMAIS and ReX, the inability of the system to detect
actual medication ingestion inhibits its potential accuracy in
monitoring patient medication adherence.

Video-Based Monitoring Technology
Similar to DOT, where patients administer their medication in
the presence of an HCP, most video-based adherence monitoring
technologies use video cameras for patients to self-record
medication ingestion event videos for retrospective analysis by
HCPs or, in 2 unique cases, by artificial intelligence [70-72].
Video-DOT (VDOT) was the most common technological
method for this category of technology. Patients either ingest
their medication during a synchronous video call with their HCP
or upload an asynchronous video for the HCP to review
[16,18,48,73,74]. Real-time medication adherence monitoring
is facilitated by the direct and continuous use of medication
ingestion event observation by HCPs [49,74]. An additional
advantage of VDOT is that, compared with DOT, VDOT is
considered more flexible, cheaper, and less intrusive to HCPs
and patients [16,49,73]. However, several potential limitations
to VDOT include technical difficulties, such as poor video
quality [73], trouble uploading ingestion event videos [16], and
complications with video camera devices [74]. There is also a
potential risk of patients forgetting to self-record as they ingest
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their medication, which may lead to inaccurate reports of
medication adherence [16].

Motion Sensor Technology
Currently, the medication adherence monitoring motion sensor
technologies that we have identified are still under development.
Three individual adherence-monitoring motion sensor devices
were found, yet all their functionalities were similar. These
devices were worn on wrists and resembled the size of a
wristwatch [13,75,76]. The wrist-worn devices were triaxial
accelerometers that identified the medication administration
movements of patients [13,75,76]. Patient medication adherence
data were then stored and uploaded to an HCP-accessible
database in real time [75]. Wang et al [13] reported a correct
ingestion event detection rate of 84.17%. Given that the action
of administering medication closely resembles other everyday
actions such as eating, drinking, or wiping one’s mouth, the
accuracy of these technological systems is currently limited
[75]. Despite these limitations, motion sensor technologies
possess the advantages of being noninvasive [75] and
nonintrusive [76] methods of medication adherence monitoring.

Patient Self-report Technology
Similar to EMMS, patient self-report technologies vary in their
specific functionalities, yet they all gather subjective medication
adherence data by interacting with the patient via phone calls
[16,18,26,38,49,53,77-80], smart buttons [55], eDiaries [81],
web-based platforms [82,83], and mobile apps [84]. Patient
adherence is available in real time for most self-reported devices
[18,49,53,78-80,82-84]. Compared with objective adherence
monitoring technologies, patient self-report technologies are
lower in cost [26,53] and less stigmatizing [16]. Nevertheless,
because this technological method of adherence monitoring is
subjective, there is a high potential for inaccurate medication
adherence reporting by patients, negatively impacting the
accuracy of these technologies [16,38,78,79].

A summary of the defining characteristics, data capture methods,
and use of data in patient adherence monitoring for each
technology type is presented in Table 2. The full details are
included in Multimedia Appendix 2.
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Table 2. Summary of the defining characteristics, data capture methods, and use of data for patient medication adherence monitoring for each technology
category.

Use of data for adherence monitor-
ing

Data capture methodsDefining characteristicsTechnology category

Recorded opening events act as a
proxy measure for medication in-
gestion

Opening events of the pill bottle are date-and-
time stamped

Standard size pill bottles with electronic
caps that contain microchips to detect
opening events

Electronic pill bottles

Recorded opening events act as a
proxy measure for medication in-
gestion

Opening events of the device are date-and-time
stamped

Devices shaped as pill boxes or bags.
Sizes of devices vary. Within each de-
vice is a microchip that detects opening
events

Electronic pill boxes
and bags

Recorded opening events act as a
proxy measure for medication in-
gestion

Breakages in the conductive wire track are
recorded as opening events and date-and-time
stamped

Most of these devices are attachable ad-
hesive labels containing a microchip and
conductive wire pattern applied to stan-

dard blister packsa

Blister pack technolo-
gies

Direct measure of medication in-
gestion events

Contact with gastric environment activates
microsensor which transmits a signal to the
external monitor and is recorded with a date-
and-time stamp

Pills embedded with ingestible microsen-
sors that are paired with an external
wearable sensor and mobile app

Ingestible sensors

Most systems used technologies
such as scales and medication dis-
pensing events as proxy measures
for medication ingestion

Systems dispense medications and record date-
and-time stamps of these events. For example,
using scales to detect differences in the de-
vice’s weight and calculating the amount of

medication removed by the patienta

Devices that aim to aid patients in man-
aging medication administration by
controlling the type of medication,
dosage, or timeframe that medications

are accessiblea

EMMSb

Substitute for DOTcVideo recording of medication-taking events
which are later verified by reviewers

Systems that used video cameras to cap-
ture patients’ medication ingestion
events

Video-based monitor-
ing technology

Physical motions of patients used
as a proxy for medication ingestion

Wearable gyrometers and accelerometers
identify and record patient motions that match
previously programmed medication-taking
movements

Devices are worn on the wrists and con-
tain motion sensing gyrometers and ac-
celerometers to detect patient medica-
tion-taking behaviors

Motion sensor technol-
ogy

Patient reports act as subjective
indicators of medication ingestion
events

Patients report medication-taking events via
phone calls or other electronic means, such as

mobile apps or web-based platformsa

Devices that gather adherence data via

patient reportinga
Patient self-report
technology

aMore examples and the full list of features and functions is provided in Multimedia Appendix 2.
bEMMS: Electronic Medication Management System.
cDOT: directly observed therapy.

Medication Adherence Monitoring Technology
Assessment Criteria

Categories Identified
During the data extraction process, common characteristics,
recurring elements, and the reported advantages and limitations
of all medication adherence monitoring technologies were
synthesized and categorized into a set of adherence monitoring
technology assessment criteria. These assessment criteria were
not categorized by technology type, as various potential
assessment criteria were commonly expressed across
technologies, suggesting the plausibility of general assessment
criteria for all medication adherence monitoring technologies.
All 28 specific criteria were included under the following five
assessment categories: development information, technology
features, adherence data collection and management, feasibility
and implementation, and acceptability and usability. Each
category possesses the main feature of interest that allows and
supports medication adherence monitoring or measurement. A

brief description of each assessment category is provided in the
following sections.

Development Information
The development information category contains components
related to the general development information of the medication
adherence monitoring technology of interest. This category
should include information regarding the developer,
development stage, commercial availability, and regulatory
approval status of organizations such as the Food and Drug
Administration.

Technology Features
They contain criteria directly related to the technological setup
of medication adherence monitoring technologies. This category
includes the following two subcategories: device or hardware
and system or software features. The assessment elements of
device size, battery life, medication storage capacity, installation
or software needs, and the need for wireless connection are
considered device or hardware features. System or software
feature assessment includes reminder and alert functions, device
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accommodation for complex medication regimens, and
information technology support availability.

Adherence Data Collection and Management
This category pertains to methods for the capture of medication
adherence data and the use of such data. This assessment
category was subdivided into data collection and management
categories. In data collection, the assessment focuses on
subjective versus objective data collection, proxy data collection,
date-and-time stamps, and the potential for data entry errors.
Data management pertains to the assessment of transmission
and upload methods, data display and summary, real-time
monitoring capabilities, data accessibility by HCPs, and data
security.

Feasibility and Implementation
This category focuses on the components necessary or related
to the use of the technology in real-world settings. In addition
to device cost efficiency, the interoperability of the technology
with current clinical systems should also be considered.

Acceptability and Usability
This is the last category, examining the interaction and
relationship between the technology of interest and technology
users. These elements include ease of learning and use, device
portability, potential risks to patient privacy, and
technology-related harms, such as risks to patient health or
safety.

All assessment categories and criteria are listed within an
organized matrix structured to support technology development
and adoption (Textbox 1).
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Textbox 1. Medication adherence monitoring technology assessment criteria.

Development information

• Developer

• Development stage

• Regulatory approval status

• Commercial availability

Technology features

• Device or hardware

• Size

• Battery life

• Storage capacity

• Installation or additional software needed

• Wireless connection needed

• System or software

• Reminder and alert function

• Accommodation for complex medication regimens

• Information technology support availability

Adherence data collection and management

• Data collection

• Subjective vs objective data collection

• Proxy data collection

• Date-and-time stamps

• Data entry error (eg, curiosity opening and sensor retention)

• Data management

• Data transmission and upload methods

• Data display and summary

• Real-time monitoring

• Data accessibility by health care providers

• Data security

Feasibility and implementation

• Cost efficiency

• Interoperability with current clinical systems

Acceptability and usability

• Ease of learning

• Ease of use

• Portability

• Risks to patient privacy

• Risks to patient health or safety (eg, skin rashes)
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Discussion

Principal Findings
As the adoption and development of medication adherence
monitoring technologies continue to increase, understanding
their key characteristics is vital. This narrative review provides
an overview of the technical features, data capture methods,
and advantages and limitations of current medication adherence
monitoring technologies reported in the literature and
synthesizes 28 technology assessment criteria that can be used
to guide the development and selection of relevant technologies.
Overall, there were 8 types of medication adherence monitoring
technologies, dominated by electronic pill bottles, electronic
pill boxes or bags, and ingestible sensors. Although technical
features varied by technology type, there were common
expectations regarding the advantages of using these
technologies for accurately monitoring medication adherence
and increasing the adoption of these technologies in patients’
daily lives.

Current Technology Characteristics
All current medication adherence monitoring technologies have
varying degrees of technological restriction. The most
commonly reported technology types, electronic pill boxes or
bags and electronic pill bottles that use opening events as a
proxy for medication ingestion, face undesired patient behaviors
such as pocket dosing and curiosity openings, which are
obstacles to the device’s accuracy for patient adherence
estimates [2,9,11,14,16,27,30,33,37,41,48-50]. Despite this
limitation, the popularity of developing and using pill monitoring
devices remains, which may be due to their unobtrusiveness
and convenience of use in patients’ everyday routines,
suggesting an increasing adoption of objective measurement
and monitoring of medication adherence through technological
approaches.

Although electronic pill bottles possess extensive histories of
being used in both clinical and research settings, the presence
of many other medication adherence monitoring technology
studies in the pilot and feasibility phase implies that the
integration of newer technologies, such as motion sensor–based
technologies and ingestible sensors, is still relatively new and
ongoing [1,4,15,18,60,64,76]. Overall, technologies capable of
monitoring patient medication adherence provide significant
advantages, including real-time medication adherence data
reporting, yet questions concerning the accuracy of these devices
prohibit them from becoming a gold standard in clinical and
research standings. Thus, until further developments in
medication adherence monitoring technologies occur, multiple
methods for patient medication adherence assessment must be
used to evaluate patient medication adherence rates and
behaviors [1].

Many medication adherence monitoring technologies possess
software to organize patient medication adherence data to an
extent; however, most of these devices require separate analysis
and quantification of the data by HCPs or researchers [1],
creating a significant burden of time consumption and the
concern of further data integration with other technology
applications. The development of a patient medication adherence

data management software that can construct automatic
visualizations of patient medication adherence estimates should
be considered to provide an easy interpretation of patient
medication adherence patterns. Moreover, the use of advanced
software for adherence data processing and presentation may
improve the adoption and integration of medication adherence
monitoring technologies in clinical settings.

Medication Adherence Data Capture and Use
In addition to variances in technical features, current medication
monitoring technologies differ in their data capture methods
and the subsequent use of such data in relation to patients’
medication adherence assessment. The ability of most
medication adherence monitoring technologies to provide
real-time observations of patient medication adherence behaviors
is beneficial to HCPs and researchers to prevent nonadherence
and facilitate appropriate interventions [1,15,36,37,79].
However, most of these technologies rely on proxy measures
of medication adherence, such as device opening events, thereby
limiting their data accuracy [2,9,11,14,16,27,30,33,37,41,48-50].
Furthermore, successful implementation of these technologies
in clinical settings or the integration of patient medication
adherence monitoring data into clinical practice has rarely been
reported. One of the major barriers is the interoperability of
these monitoring technology systems with established clinical
information systems and workflow. To facilitate the adoption
of medication adherence monitoring technologies in clinical
systems to improve patient care, the method of adherence data
capture must be feasible for targeted patients and the acquired
data must be easily integrated into standard electronic health
record systems. The medication adherence data capture methods
and data use presented in this review can help guide HCPs and
researchers toward the appropriate selection of medication
adherence monitoring technology. Developers must also
consider the implications of medication adherence data capture
within clinical and research settings to ensure greater ease of
use for both patients and providers.

Technology Assessment Criteria
To the best of our knowledge, this is the first collection of
assessment criteria focused on technologies to monitor patient
medication adherence. The proposed assessment criteria include
five major categories as follows: development information,
technology features, adherence to data collection and
management, feasibility and implementation, and acceptability
and usability. The identified criteria highlight significant aspects
of medication adherence monitoring technologies that must be
considered during technology development and adoption. For
example, an important component of medication adherence
monitoring technology implementation is cost; however, a
common limitation of these technologies is their expensive price
tags [1,2,5,7,9,12,18,27,38,54,78,85,102]. The proposed criteria
emphasize the cost efficiency of medication adherence
monitoring technologies within the feasibility and
implementation category. The high cost of devices restricts their
adoption in clinical and research settings because other methods,
such as patient self-reports, are significantly cheaper [1,78].

As this compilation of assessment criteria was formed by
reviewing the current literature, other existing challenges within
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technology acceptance or technology design features were also
addressed, such as risks to patient privacy or the effect of large
device size on user adoption owing to daily life inconveniences
[25]. Given the multifaceted nature of the proposed assessment
criteria, they can be used to guide the improvement of these
technologies for better medication adherence measures and
monitoring.

In addition, our set of proposed assessment criteria possessed
a structure similar to that of other validated mobile health
assessment frameworks. For example, a pyramid for app
evaluation framework, proposed by Henson et al [104] and
adapted by the American Psychiatric Association as the App
Evaluation Model, introducing a similar 5-level structure of
evaluation categories, including access and background, privacy
and security, clinical foundation, usability, and data integration
toward therapeutic goals [104,105]. Similarly, each category
covers a few specific evaluation criteria; for example, ease of
use is assessed under the usability category [105]. Certain
general technology assessment criteria can be applied to both
mobile health apps and medication adherence monitoring
technology, such as usability, privacy and security, and data
integration. However, adherence monitoring technology
possesses technical features to support medication storage and
management, which results in its unique assessment criteria,
such as the medication storage capacity of the device or
date-and-time stamps indicating medication-taking actions. The
collection of medication adherence monitoring technology
assessment criteria was generated from an extensive literature
review and information synthesis, which demonstrates its solid
evidence foundation but also suggests that further empirical
tests and validation are needed in the future.

Limitations
This narrative review has some limitations. First, our database
selection and search strategies might not have been sufficiently

extensive to capture all published literature. Moreover, we
limited the studies to those published in English, potentially
excluding other existing medication adherence monitoring
technologies from non-English sources. The proposed
medication adherence monitoring technology assessment criteria
are representative of the elements identified in our literature
review and synthesis, which are subject to further validation
and evaluation. We did not review detailed information
published by specific manufacturers. Finally, given that the
scope of this review was focused on medication adherence
technologies used for the monitoring of pill form medications,
the assessment criteria and the rest of our findings may not be
generalizable to all types of medication. It is noteworthy that a
large proportion of the identified articles were pilot or feasibility
studies. Consequently, our assessment domain of the criteria
may also be limited to the early stages of technology
development.

Conclusions
Overall, this narrative review presents a summary of the current
technological features and data capture methods, reports the
advantages and limitations of medication adherence monitoring
technologies for pill form medications, and proposes a potential
technology assessment criteria. Our constructed assessment
criteria are crucial for the development and adoption of these
technologies. Specifically, further technological development
is required to expand the interoperability of medication
adherence monitoring technology systems in clinical settings.
The increased implementation of technologies that monitor
patient medication adherence has demonstrated the potential to
improve patient medication adherence behaviors. Although this
technological method of patient medication adherence
monitoring cannot be defined as the gold standard method for
medication adherence monitoring, the functionalities that they
possess may improve patient medication adherence and support
greater patient health outcomes over time.
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Abstract

Background: Mobile health (mHealth) interventions are increasingly being designed to facilitate health-related behavior change.
Integrating insights from behavioral science and design science can help support the development of more effective mHealth
interventions. Behavioral Design (BD) and Design Thinking (DT) have emerged as best practice approaches in their respective
fields. Until now, little work has been done to examine how BD and DT can be integrated throughout the mHealth design process.

Objective: The aim of this scoping review was to map the evidence on how insights from BD and DT can be integrated to guide
the design of mHealth interventions. The following questions were addressed: (1) what are the main characteristics of studies
that integrate BD and DT during the mHealth design process? (2) what theories, models, and frameworks do design teams use
during the mHealth design process? (3) what methods do design teams use to integrate BD and DT during the mHealth design
process? and (4) what are key design challenges, implementation considerations, and future directions for integrating BD and
DT during mHealth design?

Methods: This review followed the Joanna Briggs Institute reviewer manual and PRISMA-ScR (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses Extension for Scoping Reviews) checklist. Studies were identified from MEDLINE,
PsycINFO, Embase, CINAHL, and JMIR by using search terms related to mHealth, BD, and DT. Included studies had to clearly
describe their mHealth design process and how behavior change theories, models, frameworks, or techniques were incorporated.
Two independent reviewers screened the studies for inclusion and completed the data extraction. A descriptive analysis was
conducted.

Results: A total of 75 papers met the inclusion criteria. All studies were published between 2012 and 2021. Studies integrated
BD and DT in notable ways, which can be referred to as “Behavioral Design Thinking.” Five steps were followed in Behavioral
Design Thinking: (1) empathize with users and their behavior change needs, (2) define user and behavior change requirements,
(3) ideate user-centered features and behavior change content, (4) prototype a user-centered solution that supports behavior
change, and (5) test the solution against users’ needs and for its behavior change potential. The key challenges experienced during
mHealth design included meaningfully engaging patient and public partners in the design process, translating evidence-based
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behavior change techniques into actual mHealth features, and planning for how to integrate the mHealth intervention into existing
clinical systems.

Conclusions: Best practices from BD and DT can be integrated throughout the mHealth design process to ensure that mHealth
interventions are purposefully developed to effectively engage users. Although this scoping review clarified how insights from
BD and DT can be integrated during mHealth design, future research is needed to identify the most effective design approaches.

(JMIR Mhealth Uhealth 2022;10(3):e35799)   doi:10.2196/35799

KEYWORDS

behavior change; design thinking; digital health; health behavior; mobile application; mobile health; mobile phone; product
design; scoping review; systems design; telemedicine; user-centered design

Introduction

Background
Digital health interventions are increasingly being designed to
help people manage their health [1]. Many of these digital health
interventions seek to facilitate behavior change and are often
referred to as “digital behavior change interventions” (DBCIs)
[2]. Among the wide range of DBCIs available, mobile health
(mHealth) interventions have the potential to improve the reach
and efficiency of health support owing to the widespread use
of mobile phones [3,4]. Despite the potential impact of mHealth
DBCIs, there is mixed evidence on whether they are effective
at changing health behavior and improving health outcomes
[3]. One concern is that patients and the public struggle to
“effectively engage” with mHealth DBCIs [5,6]. Effective
engagement with mHealth DBCIs has been defined as
necessitating both microengagement with the mHealth interface
itself (eg, logging into the app, entering data) and
macroengagement with the behavior changes the mHealth
intervention aims to support (eg, performing the exercises
prescribed by the app) [6]. Therefore, for an mHealth DBCI to
“effectively engage” users, it must be designed with engaging
user-centered features to support microengagement and
evidence-based behavior change techniques (BCTs) to support
macroengagement.

To design effective behavior change content, there is evidence
that mHealth interventions developed using the behavior change
theory and BCTs are more likely to be effective than those
without [7]. Behavioral scientists have been developing methods
to systematically transition from diagnosing a behavioral
problem to designing a behavior change intervention [8-11],
which can be referred to as Behavioral Design (BD) [12].
Bondaronek and colleagues [13] provide several examples of
how BD can be operationalized in publicly available physical
activity apps. For instance, the app “Movesum” uses BCT 1.1
Goal Setting (Behavior) in the form of an easily adjustable step
count goal [13,14]. BCT 1.1 Goal Setting (Behavior) is
particularly useful when users struggle to plan for what they
want to achieve or how they want to act [15]. Overall, BD can
be operationalized in diverse ways but generally involves the
following steps: (1) understanding the behavioral problem, (2)
making a behavioral diagnosis for the target behavior using
behavioral theories, models, and frameworks, (3) identifying
relevant BCTs using taxonomies and classifications, (4)
translating BCTs into intervention features, and (5) evaluating
behavior change outcomes.

To design engaging user-centered mHealth features, there is
evidence that mHealth interventions developed using person-
and user-centered design processes are more likely to facilitate
user engagement and improve intervention effectiveness [16,17].
Person- and user-centered design processes vary in terms of
their operationalization but always put user needs at the forefront
of design. Design Thinking (DT) is a common framework used
in design science to guide creative user-centric designs for
mHealth [18]. Design thinkers can use a range of approaches
during the design process to ensure user-centeredness, such as
directly involving users in app development or referring to
Nielsen’s 10 usability heuristics [19]. The Nielsen Norman
Group provides several detailed examples of how different
usability principles can be implemented in application design
[20,21]. Overall, DT can be executed in different ways but
generally involves the following steps: (1) empathizing with
the user, (2) defining the user requirements, (3) ideating
functional concepts, (4) prototyping the user-centered solution,
and (5) testing the solution to see if users’needs are met. Despite
knowledge about what constitutes “effective engagement” with
mHealth DBCIs, a recent scoping review of DBCIs developed
over the past 2 decades found that most design teams make
limited use of BCTs and do not adequately describe the methods
they employ to meet users’ needs [22]. This scoping review
concluded that DBCI practitioners have little guidance on how
to integrate best practices from behavioral science and design
science, and a need exists to develop guidance to support them
through this process [22]. This conclusion has been reiterated
across the literature, with experts agreeing that methodological
guidance is required to design effectively engaging DBCIs [23].

Experts have also begun to discuss similarities and differences
between approaches used by design scientists and behavioral
scientists [24-26]. For example, design scientists often rely on
end users to ideate content based on their stated preferences,
needs, and recommendations. They iteratively build
interventions by using ongoing feedback, with a focus on
producing creative solutions that users will enjoy (ie, ensuring
the users are microengaged). In contrast, behavioral scientists
focus on producing solutions that will nudge behavior change
(ie, ensuring the users are macroengaged). Behavioral scientists
often rely on theory- and evidence-based linkages to understand
behavioral problems and select intervention content. They
rigorously test solutions against their ability to effect behavior
change and not necessarily how and whether the user is engaging
with them. Nonetheless, both approaches emphasize the
importance of understanding and diagnosing the problem at
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hand before proposing, designing, and implementing a solution.
Both approaches also aim to ensure that the resulting solutions
are designed purposefully to achieve user engagement.
Amalgamating best practices from DT and BD may be mutually
beneficial and help design teams develop more “effectively
engaging” DBCIs [24-26]. There is currently a knowledge gap
with respect to how best practices from DT and BD can be
integrated to develop “effectively engaging” mHealth DBCIs.
Specifically, little is known about how DT and BD can be
blended throughout the mHealth DBCI design process to ensure
that microengagement and macroengagement needs will be met.

Aims and Objectives
The aim of this scoping review was to identify and map how
design teams have integrated best practices from BD and DT
throughout the mHealth DBCI design process. By clarifying
how BD and DT can be integrated, this review aimed to provide
guidance on how mHealth DBCIs can be designed to more
“effectively engage” patients and the public. This scoping review
addressed the following questions: (1) what are the main
characteristics of the studies that integrated BD and DT during
the mHealth DBCI design process? (2) what theories, models,
and frameworks did design teams use during the mHealth DBCI
design process? (3) what methods did design teams use to
integrate BD and DT during the mHealth DBCI design process?
and (4) what are the key design challenges, implementation
considerations, and future directions for the integration of BD
and DT during mHealth DBCI design?

Methods

Study Design
The Joanna Briggs Institute reviewer’s manual was used to
guide the conduct of this scoping review [27]. The scoping
review follows the PRISMA-ScR (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses Extension for
Scoping Reviews) checklist (see Multimedia Appendix 1) [28].
A scoping review protocol was drafted internally among key
stakeholders, including mHealth software architects, mHealth
design team managers, an information specialist, and several
researchers with experience in the topic.

Search Strategy
The search strategy was developed by the lead author in
collaboration with an information specialist. Initial searches
were conducted in journals highly relevant to our research topic
(eg, Cochrane, JMIR journals) to identify suitable search terms.
A series of initial searches in MEDLINE were completed to
analyze the text words contained in the title and abstracts of
retrieved papers and index terms used to describe the papers.
A final list of search terms was compiled, and a search of the
databases MEDLINE, PsycINFO, EMBASE, and CINAHL was
completed on May 15, 2021. A handsearch of Journal of
Medical Internet Research was also completed on May 15,
2021, as this was recognized as a journal highly relevant to the
research topic. A gray literature search and a review of paper
reference lists were not conducted. This decision was made to
tighten the scope of the review around the research objectives,
given time and resource constraints. Search terms combined

the following topics: mHealth, behavior change, and design
thinking. The full search strategy can be seen in Multimedia
Appendix 2.

Eligibility Criteria
Included papers had to be primary studies, where a full-text
paper described the design process of an mHealth DBCI. More
specifically, included papers had to describe how BD and DT
practices were integrated throughout the design of an mHealth
DBCI that aimed to support behavior change in patients or the
public. To meet these criteria, the papers had to clearly describe
their mHealth DBCI design process, addressing at least 3 of the
5 design process steps suggested in DT (empathizing, defining,
ideating, prototyping, and testing) [18]. In addition, papers had
to clearly describe how behavior change theories, models,
frameworks, or techniques were incorporated into the mHealth
design process. Studies that only used behavior change insights
to evaluate the mHealth DBCI after development were
excluded. Furthermore, studies that described an mHealth
intervention designed to provide a psychological treatment (eg,
cognitive behavioral therapy) without describing how their
design process utilized behavior change theories, models, and
frameworks to support “effective engagement” were also
excluded. No limitations were put on the year of publication;
however, only papers published in English were included. To
be eligible, the intervention must have been an mHealth
intervention, defined by the World Health Organization as
“health care and public health practice supported by mobile
devices such as mobile phones, tablets, patient monitoring
devices, and other wireless devices” [4]. The intervention must
also have been designed for use by patients or the public. If the
intervention was designed only for use by health care
professionals, it was excluded.

Evidence Selection
Studies from the database searches were handled using
Covidence (Veritas Health Innovation Ltd) reference
management software. Papers were deduplicated and imported
for screening using Covidence. A 2-level screening was
performed after duplicate removal. During level 1 screening,
titles and abstracts were screened using the eligibility criteria.
Publications with title or abstract not meeting the eligibility
criteria were excluded. During level 2 screening, full-text papers
that passed level 1 were screened. Studies that met the eligibility
criteria were included for full data extraction. Consistent with
PRISMA-ScR, reasons for exclusion were recorded at the
full-text level [28]. Prior to the selection of sources, 2 reviewers
completed a pilot screening of 50 titles and abstracts to assess
the reliability of the eligibility criteria. Interrater agreement for
study inclusion was calculated using percentage agreement. If
agreement was lower than 80%, the eligibility criteria would
be clarified and another pilot test would occur. All interrater
discrepancies during level 1 and 2 evidence selection were
resolved between the 2 reviewers upon discussion. The 2
reviewers screened all titles, abstracts, and full-text papers for
inclusion.
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Data Extraction
The reviewers extracted data from the eligible papers by using
2 data extraction forms. The first data extraction form elicited
the main study characteristics, including lead author, year of
publication, journal of publication, country of origin, study
design, study purpose, target user population, the health issue,
the target health behavior, mHealth DBCI summary, mHealth
DBCI design process duration, and the members of the mHealth
DBCI design team. The second data extraction form elicited
details about how BD and DT were integrated throughout the
design process, which included extracting types of theories,
models, and frameworks used; the approaches design teams
used to integrate best practices from BD with DT over the course
of the mHealth DBCI design process, key challenges in the
mHealth DBCI design process, key implementation
considerations for mHealth DBCIs, and future considerations
for the mHealth DBCI design. The data extraction forms were
drafted, revised, and agreed upon by the 2 reviewers after an

iterative process of implementing the extraction forms on a
sample of papers.

Analysis and Presentation of Results
A descriptive analysis of the included papers was conducted to
meet the objectives of the scoping review. Narrative
descriptions, frequency calculations, and visual diagrams were
utilized to communicate the results.

Results

Evidence Selection
A total of 1912 papers were identified from the searches. After
651 duplicate studies were removed, 1252 papers were screened
based on their titles and abstracts, with 255 full-text papers
meeting the eligibility criteria. After full-text review, 75 papers
fulfilled the eligibility criteria and were included in the final
review. Figure 1 shows the PRISMA-ScR flow diagram
illustrating the paper selection process [28].

Figure 1. PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses Extension for Scoping Reviews) flow diagram of the
study selection process.

Main Characteristics of the Included Papers
All 75 primary studies were published between 2012 and 2021,
with a surge from 2018 onward (51/75, 68%). The Journal of
Medical Internet Research and its sister journals accounted for
almost 55% (41/75) of the papers included. The United States
(14/75, 19%), the United Kingdom (13/75, 17%), Australia
(10/75, 13%), and Holland (9/75, 12%) were the most common
study locations. The target population of the mHealth DBCIs

varied, with the most common being patients with cardiovascular
issues (7/75, 9%), patients with diabetes (5/75, 7%), adults with
overweight and obesity (5/75, 7%), adults who smoke (5/75,
7%), adults with poor physical activity levels (5/75, 7%), and
cancer survivors (5/75, 7%). The target health behaviors
addressed also varied, with the most prominent being improved
physical activity (18/75, 24%), improved diet (17/75, 23%),
disease self-management (12/75, 16%), preventative health
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behaviors (6/75, 8%), adherence to medication (5/75, 7%),
adherence to rehabilitation programming (5/75, 7%), and
smoking cessation (5/75, 7%). mHealth DBCI design teams
were multidisciplinary in their membership. Members included
researchers, patients, caregivers, community partners, clinicians,
technology developers, and experts in behavior change, health
psychology, health communications, health promotion, and
health informatics. Topic experts were also relied on depending
on the type of intervention (eg, diabetes educators). Software
engineers, computer scientists, videographers, product designers,
and graphic designers were brought to assist with the
development of the mHealth intervention, although it was
usually unclear when they were included. The design process
duration was usually not reported. Out of the 14 interventions
that clearly reported design process duration, there was a large
variation in timespan, ranging from less than 3 months to

upwards of 4 years. Multimedia Appendix 3 provides an
overview of the main study characteristics, and Multimedia
Appendix 4 provides a full list of the 75 studies included.

Theories, Models, and Frameworks Used During
Design
Studies used a variety of theories, models, and frameworks in
their mHealth DBCI design process. Theories, models, and
frameworks were most often used to (1) guide the design process
itself, (2) conceptualize the behavior change problem, (3)
identify relevant BCTs, and (4) evaluate ideas for their
applicability, feasibility, or potential effectiveness. Figure 2
summarizes the types of theories, models, and frameworks used
in the mHealth DBCI design process, and Multimedia Appendix
5 provides a detailed breakdown.

Figure 2. Theories, models, and frameworks used in mobile health digital behavior change intervention design. ABACUS: App Behavior Change
Scale; APEASE: Acceptability, Practicability, Effectiveness, Affordability, Side-effects, and Equity; BCT: behavior change technique; COM-B:
capability, opportunity, motivation-behavior; DBCI: digital behavior change intervention; IDEAS: Integrate, Design, Assess, and Share; mHealth:
mobile health; MoSCoW: must-have, should-have, could-have, and won't-have, or will not have right now; PRECEDE: Predisposing, Reinforcing, and
Enabling Constructs in Educational Diagnosis and Evaluation; PROCEED: Policy, Regulatory, and Organizational Constructs in Educational and
Environmental Development.

Methods Used to Integrate BD and DT During the
mHealth DBCI Design Process
Regardless of the theories, models, and frameworks teams used
to design their mHealth DBCIs, they integrated best practices
from BD and DT in notable ways. We refer to the mixing of
BD and DT throughout the mHealth DBCI design process as
the “Behavioral Design Thinking Approach” (see Figure 3).
The Behavioral Design Thinking Approach presents a new
method of designing mHealth DBCIs, which is the result of
merging together best practices from BD and DT. Multimedia
Appendix 6 provides further detail on the Behavioral Design
Thinking Approach along with several specific examples on
how BD and DT can be integrated.

Generally, 5 steps are followed in the Behavioral Design
Thinking Approach: (1) empathize with users and their behavior
change needs, (2) define user and behavior change requirements,

(3) ideate user-centered features and behavior change content,
(4) prototype a user-centered solution that supports behavior
change, and (5) test the solution against users’ needs and for its
behavior change potential. Across these steps, studies integrated
DT and BD in different ways, often “driving” their mixing in
a certain direction. The 3 ways DT and BD were mixed included
(1) DT and BD approaches were equally weighted (notation =
DT+BD), (2) DT drove the approach, with concepts from BD
supplementing the DT approaches (notation = DT→BD), or (3)
BD drove the approach, with concepts from DT supplementing
the BD approaches (notation = BD→DT). Overall, studies
tended to “empathize” by blending DT and BD equally
(DT+BD), “define” by blending DT and BD equally (DT+BD),
“ideate” by driving the process by BD (BD→DT), “prototype”
by driving the process by DT (DT→ BD), and “test” by driving
the process by DT (DT→BD). These approaches are summarized
in the text below.
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Figure 3. The behavioral design thinking approach [5,6]. BCT: behavior change technique; DBCI: digital behavior change intervention; mHealth:
mobile health; UI: user interface; UX: user experience.

Behavioral Design Thinking Approach

Behavioral Design Thinking Step 1: Empathize With
Users and Their Behavior Change Needs
Most studies described how they empathized with users while
simultaneously conceptualizing the behavior change problem
(66/75, 88%), blending concepts from DT and BD harmoniously
(notation = DT+BD). To empathize with the users who would
perform a target behavior, studies analyzed users’ experiences,
perceptions, beliefs, needs, and preferences with their health
issues, health behaviors, health interventions, and mobile app
usage. To understand the behaviors that the users will perform,
studies examined applicable target health behaviors, behavioral
determinants, BCTs, and behavioral theories, models, and
frameworks. Finally, to understand the context that the users
perform the behavior in, studies assessed current practices and
programs, relevant personal, social, environmental, and
structural factors, and pertinent clinical, usage, and behavioral
aims. Studies used primary research (eg, interviews, focus
groups, surveys, creative workshops) and secondary research
(eg, secondary data analyses, literature reviews, reviews of other
interventions, guidelines, practices) to empathize. Studies not
only involved patient and public end users during this step

(48/75, 64%), but also involved health care practitioners,
community partners, behavioral experts, design scientists, and
technology developers. To directly involve patients and the
public, studies used a variety of tools such as interview guides
informed by behavior change models and visual presentations
of apps to stimulate collaborative discussion.

Behavioral Design Thinking Step 2: Define User and
Behavior Change Requirements
Studies tended to analyze the empathy results in order to define
system requirements that would meet both users’ needs and
behavior change needs (notation = DT+BD). Studies tended to
define user-centered requirements by sorting users’ stated
preferences into key themes to be addressed. Studies tended to
define the behavior change requirements by using the empathy
results to formulate a “behavioral diagnosis,” which outlines
the behavioral determinants that need to be addressed. When
studies organized the requirements into an amalgamated format,
DT or BD usually drove the organization. For example, some
studies used tables organized by the relevant behavioral
determinants, whereby they would then list corresponding user
quotes and resultant requirements alongside the behavioral
determinants. Other studies opted to use the requirements to
create holistic user personas and scenarios. Regardless of the
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approach to amalgamate and make sense of the requirements,
the requirement lists were often lengthy and needed to be
refined. Refining the requirements involved (1) identifying the
requirements that met the project scope and objectives, (2) using
feasibility criteria to refine and select certain requirements, (3)
consulting experts and patient and public users to prioritize the
requirements, and (4) ranking the most important requirements
according to their likelihood to elicit behavior change, alignment
with current practices, adaptability to a digital interface,
acceptability to users, and compatibility with data collection
needs.

Behavioral Design Thinking Step 3: Ideate
User-Centered Features and Behavior Change Content
Most studies described how they translated requirements into
design content and features by using ideation methods (67/75,
89%). Generally, studies drove their ideation methods using
BD (notation = BD→DT). For instance, several studies relied
only on BD to ideate the relevant behavior change content
(19/67, 28%). These studies used researcher-led “behavioral
mapping” to match relevant behavior change determinants with
BCTs by using evidence-based taxonomies and tested linkages.
It was often unclear, however, exactly how these studies
translated the identified BCTs into content for the mobile app.
Other studies attempted to completement BD approaches with
DT methods during their ideation (48/67, 72%). In these cases,
studies would creatively ideate design content and features that
would support behavior change while also meeting users’needs
and preferences. These studies relied on different techniques
such as design team brainstorming, expert stakeholder panels,
technology partner consultation, and end user co-design efforts.
Design teams tended to brainstorm how the behavior change
insights could be integrated with users’ preferences, existing
programming, norms in mHealth design, and clinical
management needs. Stakeholder panels would discuss all the
requirements and consider the most appropriate strategies
(dosage, delivery, organization, and personalization).
Technology partners would specify how requirements could be
operationalized within an mHealth app. Patient and public
partners would contribute to co-design sessions to create and
reflect on ideas, content, and designs. Approximately 34%
(23/75) of the studies appeared to directly involve patient and
public users during this step to ensure that the ideated content
met their unique needs.

Behavioral Design Thinking Step 4: Prototype a Solution
That Is User-Centered and Supports Behavior Change
Many studies did not clearly describe the prototyping methods
they used to translate ideated content and features into functional
solutions (28/75, 36%). Studies that described their prototyping
approach tended to drive their prototyping by using DT (notation
= DT→BD). For instance, a large proportion of studies only
used prototyping methods, tools, and aids traditional to DT
(37/47, 79%). DT prototyping methods usually involved iterative
prototyping, feedback, and refinement, often utilizing sprint,
scrum, or agile methods. DT prototyping tools included
wireframing, paper prototyping, application flowcharts, and use
case scenarios. DT prototyping aids included tools such as

Nielsen’s usability heuristics [19] and the Eight Golden Rules
[29]. Despite reliance on DT for prototyping, several studies
supplemented DT methods with BD considerations to ensure
that behavior change content would be operationalized within
the prototyped solution (10/47, 21%). For example, to
supplement DT prototyping methods, some studies utilized BCT
codevelopment to ensure that BCTs were not lost in translation
during technological development. To supplement DT
prototyping tools, some studies elected to make BCT flowcharts
to clarify how the BCTs would be interacted with. To
supplement DT prototyping aids, some studies also used the
Behavioral Intervention Technology Model [30] or the
Persuasive Systems Design Framework [31], which were
behaviorally informed models used to guide feature selection.
Among the studies that clearly described their prototyping
methods, just over half appeared to directly involve patient and
public end users in their prototyping process (26/47, 55%).

Behavioral Design Thinking Step 5: Test Solution
Against User Needs and for Its Behavior Change
Potential
A large proportion of studies did not clearly describe how they
tested their mHealth DBCI solution within the design process
(18/75, 24%). Studies that described their testing methods tended
to drive their testing by methods traditional to DT (notation
=DT→BD). For instance, a considerable number of studies
relied exclusively on DT evaluation approaches such as heuristic
evaluation, usability testing, expert evaluation, and pilot testing
to evaluate the solutions against users’ needs (33/57, 58%).
Despite reliance on DT for testing, some studies supplemented
these testing methods with BD considerations to evaluate the
solution for its behavior change potential (24/57, 42%). For
instance, in addition to traditional DT heuristic evaluation, some
studies conducted a BCT evaluation to assess the final solution
for the presence of known BCTs. In addition to traditional DT
usability testing, some studies “tagged” BCT components within
the app to follow how users engaged, accepted, and perceived
the intended BCTs. Some studies also conducted posttest user
interviews directed by interview guides based on constructs of
a behavioral model. In addition to traditional DT expert
evaluations, some studies brought on behavioral science experts
to assess the extent to which the intervention content had fidelity
to the intended BCTs. Experts also could assess the quality of
the mHealth DBCI by using the App Behavior Change Scale
[32]. If pilot tests were conducted, specific behavior change
outcomes could be evaluated in addition to traditional usage
metrics. Metrics included change in knowledge, change in
intentions, state of behavior change, user experience with BCTs,
perceived potential of BCTs, and user engagement with BCTs.

Design Challenges, Implementation Considerations,
and Future Directions
In addition to describing their design process, studies also
identified key implementation considerations, design challenges,
and future directions for mHealth DBCI design. These have
been summarized in Textbox 1. Multimedia Appendix 7 expands
on these results in further detail.
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Textbox 1. Key design challenges, implementation considerations, and future directions.

Design challenges

• Design process can be time and resource consuming, especially when the design approach is unclear.

• Recruiting and involving representative end users and key stakeholders can be difficult.

• Conflicting ideas can result from integrating behavioral theory, user needs, and stakeholder views.

• The translation of behavior change techniques into actual mobile health (mHealth) digital behavior change intervention (DBCI) features and
content can be confusing.

• The design process is time limited and usually may not allow for comprehensive evaluation.

• Integrating the mHealth DBCI into clinical practice can be complex.

• mHealth platforms come with their own technical challenges and limiting factors.

Implementation considerations

• Evaluate potential implementation barriers and facilitators during the “testing” step.

• Facilitate early stakeholder buy-in.

• Plan for the integration of the mHealth DBCI into clinical systems.

• Use feasibility criteria throughout the entire design process.

• Use an implementation plan (marketing, dissemination, onboarding, adoption, usage, sustainability).

Future directions

• Guidance on the design process for mHealth DBCIs.

• Guidance on how to operationalize behavioral change techniques within mHealth DBCIs in a user-friendly way.

• Guidance on how to meaningfully involve users and stakeholders in the design process.

• Guidance on how to tailor mHealth DBCIs to meet behavioral, personal, and clinical needs.

Discussion

Primary Findings
This paper presents a systematic scoping review of 75 papers
that described their design process for developing an mHealth
DBCI. This review addressed a gap in the literature about how
mHealth interventions can be designed to integrate practices
from DT and BD. Although the number of mHealth DBCIs
seems to be growing, the results highlight substantial
heterogeneity in the methods studies used to design them. This
scoping review aimed to clarify, map, and synthesize the
different methods that can be used to design mHealth DBCIs.
A new consolidated approach to mHealth DBCI design is
presented—the Behavioral Design Thinking Approach. A large
proportion of mHealth DBCIs were designed to facilitate diet-
and exercise-related behavior change. Similar findings were
noted in a scoping review on DBCI design over the past 2
decades [22]. Nonetheless, the results point to a lack of clarity
about how mHealth DBCI content and features were ideated
and operationalized. Several studies in this review struggled to
translate BCTs into user-friendly mHealth features. Studies also
ended up trying to fit several BCTs within the mHealth app,
increasing app complexity. To simplify the user experience,
several studies noted that personalization may be an important
future direction for the field. Tailoring mHealth content to users’
unique behavioral, clinical, and personal needs can help facilitate
the delivery of features to support effective engagement [33].
Ensuring that design teams use appropriate questions and metrics

to inform personalization will be essential. This further
exemplifies the need for the meaningful involvement of patients
and the public in mHealth DBCI design. Regarding the
meaningful involvement of patients and the public in the
mHealth DBCI design process, this review found that patients
and the public were most often involved as participants (eg, in
user interviews, surveys, testing) rather than as partners on the
design team itself. Patients and the public appeared to have
minimal direct input on design decision-making throughout the
mHealth DBCI design process. Growing calls are being made
to prioritize the unique perspectives of patients and the public
during design [16,17]. Involving end users in the design process
has been suggested to increase the effectiveness, relevance, and
appropriateness of mHealth DBCIs [16,17]. Nonetheless, design
teams appear to have little guidance on how to meaningfully
engage patient and public end users in the design process itself
[34-37].

Theories, Models, and Frameworks Used During
Design
Regarding the theories, models, and frameworks that studies
used during mHealth DBCI design, design teams appeared to
face a vast array of these “tools” from different fields, created
for different purposes. Although studies reported benefiting
from the structure that these tools offered, a best practice
approach for integrating DT and BD insights to develop
“effectively engaging” mHealth DBCIs did not appear to exist.
This scoping review offers a classification of the types of
theories, models, and frameworks that teams can use during
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mHealth DBCI design and offers a consolidated approach for
guiding the design process in general.

Methods Used to Integrate BD and DT During the
mHealth DBCI Design Process
During the integration of DT and BD throughout the mHealth
DBCI design, key similarities and differences between the 2
approaches were observed. During the empathizing step, users’
preferences often differed from what was needed to change their
behavior. Balancing user-stated preferences with evidence-based
behavior change strategies and mHealth platform requirements
was a challenge for teams. During the defining step, it was clear
that blending DT and BD perspectives resulted in lengthy and
complex requirements. Involving users and topic experts to
refine these requirements appeared to be a helpful strategy.
During ideation, BD relied on evidence-based linkages to ideate
content, whereas DT relied on iterative brainstorming and
collaborative creation. Studies reconciled these different
approaches by starting with BD to develop a list of relevant
BCTs and then using DT to creatively integrate BCTs and other
requirements into the mHealth DBCI. The prototyping step was
the least well described among studies but usually relied on
approaches traditional to DT. Studies that brought on their
technology partner only at the prototyping stage often had to
add additional methods to ensure that BCTs were
operationalized as imagined. The testing step was also
dominated by DT, as it was challenging to meaningfully test
for behavior change outcomes within the time constraints
imposed by the design process. Nonetheless, several measures
were used by studies to assess the solution’s potential to support
behavior change.

Design Challenges, Implementation Considerations,
and Future Directions
Finally, regarding key implementation considerations, design
challenges, and future directions, several cross-cutting themes
were identified. In addition to ensuring that BD and DT insights
were incorporated into the mHealth DBCI design, many teams
noted that planning for implementation of the mHealth DBCI
was just as important for ensuring success. Using insights from
BD and DT may also be relevant in designing an implementation
plan for the mHealth DBCI. Implementation planning appears
to be particularly complex in this context, as many mHealth
DBCIs need to be integrated with existing clinical systems and
norms. Regardless of how evidence-based and user-friendly the
mHealth DBCI may be, if stakeholder buy-in, system adaptation,
and clinical sustainability issues are not taken into consideration,
the mHealth DBCIs are likely to fail. Future research must
address the lack of guidance design teams have in developing
and implementing effective mHealth DBCIs. Particularly, design
teams have little guidance on the “tools” (ie, theories, models,
and frameworks) they can use, how to meaningfully involve
patient and public end users, and how to tailor mHealth DBCI
content to meet behavioral, personal, and clinical needs.

Limitations
The most significant limitation of this scoping review was that
the inclusion criteria necessitated that each included paper had
to be a full-text primary study that clearly described the mHealth
design process. This decision was made to tighten the scope of
this review and owing to limited time and resources. Although
the systematic database search was not supplemented by a gray
literature search or a review of reference lists, the 75 included
papers offer a diverse range of insights that meet the research
objectives while addressing a prominent gap in the literature.
It should be noted that the original scope of this review included
a database, reference list, and gray literature search to identify
available design frameworks that could be used by design teams
to integrate BD and DT insights during mHealth development.
Presenting these results alongside the data extracted from 75
primary studies was beyond the scope of this paper. The results
of this scoping review are only inclusive of studies written in
English; therefore, findings may not be generalizable
internationally.

Implications
The Behavioral Design Thinking Approach offers a way forward
in the field of mHealth DBCI design. mHealth design teams
may consider using the insights presented in the Behavioral
Design Thinking Approach to inform their future work. mHealth
design teams may also find it helpful to reflect on the different
types of theories, models, and frameworks they can use during
the design process, as well as the key challenges they may face
along the way. The findings presented in this review may also
be relevant to researchers in the fields of behavioral science and
design science who are interested in interdisciplinary
collaboration. It is reasonable to assume that breaking down
silos between these 2 fields may improve the success of mHealth
DBCIs. Overall, the main benefits of this research include (1)
clarifying what approaches can be used to design mHealth
DBCIs, (2) promoting transparency in the choices that studies
must make during the mHealth DBCI design process, and (3)
enabling future researchers to test what design approaches are
the most effective to develop “effectively engaging” mHealth
DBCIs.

Conclusion
The number of mHealth interventions designed to support
behavior change is increasing. Integrating best practices from
BD and DT may allow for the development of mHealth DBCIs
that more effectively engage patients and the public. This paper
has helped identify and conceptualize the methods that can be
used to integrate BD and DT throughout the mHealth DBCI
design process. Raising the standard of mHealth design methods
will be essential to ensure confidence in the impact mHealth
interventions can have on improving health outcomes. If more
mHealth DBCIs are purposefully designed to address effective
engagement, it is likely that patients, the public, and health care
practitioners will be more confident in adopting mHealth. Given
the predicted increase in the demand of mHealth interventions,
the time is now to ensure mHealth design methods are
appropriately suited to increase effective engagement.

 

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e35799 | p.56https://mhealth.jmir.org/2022/3/e35799
(page number not for citation purposes)

Voorheis et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Acknowledgments
This review was funded from the core operating budget of the Centre for Data Science and Digital Health (CREATE) at Hamilton
Health Sciences. The most responsible author is the Director of CREATE. The larger organization of Hamilton Health Sciences
had no role in the design, conduct, or content of the review.

Authors' Contributions
PV was responsible for leading all stages of the scoping review. KK, QP, and JP reviewed the scoping review protocol to ensure
its research rigor. TS, PS, NK, and MI ensured that the scoping review objectives and protocol were appropriate and applicable
to the field. PV and AZ completed the study screening and data extraction. PV was responsible for writing the scoping review
draft. All authors were involved in reviewing and preparing the manuscript for publication.

Conflicts of Interest
None declared.

Multimedia Appendix 1
PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses Extension for Scoping Reviews) checklist.
[PDF File (Adobe PDF File), 367 KB - mhealth_v10i3e35799_app1.pdf ]

Multimedia Appendix 2
Search strategy.
[DOC File , 44 KB - mhealth_v10i3e35799_app2.doc ]

Multimedia Appendix 3
Main characteristics of the studies.
[DOC File , 107 KB - mhealth_v10i3e35799_app3.doc ]

Multimedia Appendix 4
Summary of all the studies included.
[DOC File , 205 KB - mhealth_v10i3e35799_app4.doc ]

Multimedia Appendix 5
Theories, models, and frameworks used in design.
[DOC File , 676 KB - mhealth_v10i3e35799_app5.doc ]

Multimedia Appendix 6
The behavioral design thinking approach.
[PDF File (Adobe PDF File), 1248 KB - mhealth_v10i3e35799_app6.pdf ]

Multimedia Appendix 7
Design challenges, implementation considerations, and future directions.
[DOC File , 42 KB - mhealth_v10i3e35799_app7.doc ]

References
1. Murray E, Hekler EB, Andersson G, Collins LM, Doherty A, Hollis C, et al. Evaluating Digital Health Interventions: Key

Questions and Approaches. Am J Prev Med 2016 Nov;51(5):843-851 [FREE Full text] [doi: 10.1016/j.amepre.2016.06.008]
[Medline: 27745684]

2. Perski O, Blandford A, West R, Michie S. Conceptualising engagement with digital behaviour change interventions: a
systematic review using principles from critical interpretive synthesis. Transl Behav Med 2017 Jun;7(2):254-267 [FREE
Full text] [doi: 10.1007/s13142-016-0453-1] [Medline: 27966189]

3. Marcolino MS, Oliveira JAQ, D'Agostino M, Ribeiro AL, Alkmim MBM, Novillo-Ortiz D. The Impact of mHealth
Interventions: Systematic Review of Systematic Reviews. JMIR Mhealth Uhealth 2018 Jan 17;6(1):e23 [FREE Full text]
[doi: 10.2196/mhealth.8873] [Medline: 29343463]

4. Kay M, Santos J, Takane M. mHealth: new horizons for health through mobile technologies based on the findings of the
second global survey on eHealth. Global Observatory for eHealth Series, vol 3. Geneva, Switzerland: World Health
Organization; 2011. URL: http://www.who.int/goe/publications/goe_mhealth_web.pdf [accessed 2021-05-15]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e35799 | p.57https://mhealth.jmir.org/2022/3/e35799
(page number not for citation purposes)

Voorheis et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=mhealth_v10i3e35799_app1.pdf&filename=ef0ade1ee5fa9b2299d44b582dc91c29.pdf
https://jmir.org/api/download?alt_name=mhealth_v10i3e35799_app1.pdf&filename=ef0ade1ee5fa9b2299d44b582dc91c29.pdf
https://jmir.org/api/download?alt_name=mhealth_v10i3e35799_app2.doc&filename=88c83d27440a4461bac2829843af584e.doc
https://jmir.org/api/download?alt_name=mhealth_v10i3e35799_app2.doc&filename=88c83d27440a4461bac2829843af584e.doc
https://jmir.org/api/download?alt_name=mhealth_v10i3e35799_app3.doc&filename=ec0b2c20a8ca08642850ae8aa7a4f8de.doc
https://jmir.org/api/download?alt_name=mhealth_v10i3e35799_app3.doc&filename=ec0b2c20a8ca08642850ae8aa7a4f8de.doc
https://jmir.org/api/download?alt_name=mhealth_v10i3e35799_app4.doc&filename=f85ea47dea6d7acbccb5b32e0c7bd30c.doc
https://jmir.org/api/download?alt_name=mhealth_v10i3e35799_app4.doc&filename=f85ea47dea6d7acbccb5b32e0c7bd30c.doc
https://jmir.org/api/download?alt_name=mhealth_v10i3e35799_app5.doc&filename=ff7cba5dfa943b602f0abe4585945848.doc
https://jmir.org/api/download?alt_name=mhealth_v10i3e35799_app5.doc&filename=ff7cba5dfa943b602f0abe4585945848.doc
https://jmir.org/api/download?alt_name=mhealth_v10i3e35799_app6.pdf&filename=c4263d862ec5d8f02b1838781838cf39.pdf
https://jmir.org/api/download?alt_name=mhealth_v10i3e35799_app6.pdf&filename=c4263d862ec5d8f02b1838781838cf39.pdf
https://jmir.org/api/download?alt_name=mhealth_v10i3e35799_app7.doc&filename=82a51c70590939cd178df4720a603656.doc
https://jmir.org/api/download?alt_name=mhealth_v10i3e35799_app7.doc&filename=82a51c70590939cd178df4720a603656.doc
http://europepmc.org/abstract/MED/27745684
http://dx.doi.org/10.1016/j.amepre.2016.06.008
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27745684&dopt=Abstract
http://europepmc.org/abstract/MED/27966189
http://europepmc.org/abstract/MED/27966189
http://dx.doi.org/10.1007/s13142-016-0453-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27966189&dopt=Abstract
https://mhealth.jmir.org/2018/1/e23/
http://dx.doi.org/10.2196/mhealth.8873
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29343463&dopt=Abstract
http://www.who.int/goe/publications/goe_mhealth_web.pdf
http://www.w3.org/Style/XSL
http://www.renderx.com/


5. Cole-Lewis H, Ezeanochie N, Turgiss J. Understanding Health Behavior Technology Engagement: Pathway to Measuring
Digital Behavior Change Interventions. JMIR Form Res 2019 Oct 10;3(4):e14052 [FREE Full text] [doi: 10.2196/14052]
[Medline: 31603427]

6. Yardley L, Spring BJ, Riper H, Morrison LG, Crane DH, Curtis K, et al. Understanding and Promoting Effective Engagement
With Digital Behavior Change Interventions. Am J Prev Med 2016 Nov;51(5):833-842. [doi: 10.1016/j.amepre.2016.06.015]
[Medline: 27745683]

7. Webb TL, Joseph J, Yardley L, Michie S. Using the internet to promote health behavior change: a systematic review and
meta-analysis of the impact of theoretical basis, use of behavior change techniques, and mode of delivery on efficacy. J
Med Internet Res 2010 Feb 17;12(1):e4 [FREE Full text] [doi: 10.2196/jmir.1376] [Medline: 20164043]

8. Michie S. Designing and implementing behaviour change interventions to improve population health. J Health Serv Res
Policy 2008 Oct;13 Suppl 3:64-69. [doi: 10.1258/jhsrp.2008.008014] [Medline: 18806194]

9. Michie S, van Stralen MM, West R. The behaviour change wheel: a new method for characterising and designing behaviour
change interventions. Implement Sci 2011 Apr 23;6:42 [FREE Full text] [doi: 10.1186/1748-5908-6-42] [Medline: 21513547]

10. Michie S, Johnston M, Francis J, Hardeman W, Eccles M. From theory to intervention: mapping theoretically derived
behavioural determinants to behaviour change techniques. Applied Psychology 2008;57(4):660-680 [FREE Full text] [doi:
10.1111/j.1464-0597.2008.00341.x]

11. Cash PJ, Hartlev CG, Durazo CB. Behavioural design: A process for integrating behaviour change and design. Design
Studies 2017 Jan;48:96-128. [doi: 10.1016/j.destud.2016.10.001]

12. Salzer S. Behavioral design 2020 and beyond: opinions, predictions, and thoughts from leaders in the field. Medium. 2020
Feb 27. URL: https://medium.com/behavior-design-hub/behavioral-design-2020-and-beyond-dc88a87f3b97 [accessed
2021-05-15]

13. Bondaronek P, Alkhaldi G, Slee A, Hamilton FL, Murray E. Quality of Publicly Available Physical Activity Apps: Review
and Content Analysis. JMIR Mhealth Uhealth 2018 Mar 21;6(3):e53 [FREE Full text] [doi: 10.2196/mhealth.9069] [Medline:
29563080]

14. Michie S, Richardson M, Johnston M, Abraham C, Francis J, Hardeman W, et al. The behavior change technique taxonomy
(v1) of 93 hierarchically clustered techniques: building an international consensus for the reporting of behavior change
interventions. Ann Behav Med 2013 Aug;46(1):81-95. [doi: 10.1007/s12160-013-9486-6] [Medline: 23512568]

15. Carey RN, Connell LE, Johnston M, Rothman AJ, de Bruin M, Kelly MP, et al. Behavior Change Techniques and Their
Mechanisms of Action: A Synthesis of Links Described in Published Intervention Literature. Ann Behav Med 2019 Jul
17;53(8):693-707 [FREE Full text] [doi: 10.1093/abm/kay078] [Medline: 30304386]

16. Yardley L, Morrison L, Bradbury K, Muller I. The person-based approach to intervention development: application to
digital health-related behavior change interventions. J Med Internet Res 2015 Jan 30;17(1):e30 [FREE Full text] [doi:
10.2196/jmir.4055] [Medline: 25639757]

17. McCurdie T, Taneva S, Casselman M, Yeung M, McDaniel C, Ho W, et al. mHealth consumer apps: the case for user-centered
design. Biomed Instrum Technol 2012;Suppl:49-56. [doi: 10.2345/0899-8205-46.s2.49] [Medline: 23039777]

18. Design thinking bootleg. Stanford d.school. 2011. URL: https://static1.squarespace.com/static/57c6b79629687fde090a0fdd/
t/5b19b2f2aa4a99e99b26b6bb/1528410876119/dschool_bootleg_deck_2018_final_sm+%282%29.pdf [accessed 2021-05-15]

19. Nielsen J. 10 usability heuristics for user interface design. Nielsen Norman Group. URL: https://www.nngroup.com/articles/
ten-usability-heuristics/ [accessed 2021-05-15]

20. Moran K. Design thinking: study guide. Nielsen Norman Group. 2021. URL: https://www.nngroup.com/articles/
design-thinking-study-guide/ [accessed 2021-09-01]

21. Kaplan K. 10 usability heuristics applied to complex applications. Nielsen Norman Group. 2021. URL: https://www.
nngroup.com/articles/usability-heuristics-complex-applications/ [accessed 2021-09-01]

22. Taj F, Klein MCA, van Halteren A. Digital Health Behavior Change Technology: Bibliometric and Scoping Review of
Two Decades of Research. JMIR Mhealth Uhealth 2019 Dec 13;7(12):e13311 [FREE Full text] [doi: 10.2196/13311]
[Medline: 31833836]

23. Michie S, Yardley L, West R, Patrick K, Greaves F. Developing and Evaluating Digital Interventions to Promote Behavior
Change in Health and Health Care: Recommendations Resulting From an International Workshop. J Med Internet Res 2017
Jun 29;19(6):e232 [FREE Full text] [doi: 10.2196/jmir.7126] [Medline: 28663162]

24. Tantia P. What is the future of design and behavioral science? A conversation with Cliff Kuang. Behavioral Scientist. 2021.
URL: https://behavioralscientist.org/what-is-the-future-of-design-and-behavioral-science-a-conversation-with-cliff-kuang/
[accessed 2021-05-15]

25. Choudhary S. Human centered design, behavioral design and methods of behavioral design. Medium. 2019. URL: https:/
/medium.com/@i.shubhangich/human-centred-design-behavioural-design-and-methods-of-behavioural-design-aa2147515267
[accessed 2021-05-15]

26. Hallsworth M, Kirkman E. The future of behavioral insights demands human-centered design. Behavioral Scientist. URL:
https://behavioralscientist.org/the-future-of-behavioral-insights-demands-human-centered-design/ [accessed 2021-05-15]

27. Peters MDJ, Godfrey C, McInerney P, Munn Z, Tricco AC, Khalil H. Chapter 11: Scoping reviews (2020 version). In:
Aromataris E, Munn Z, editors. JBI Manual for Evidence Synthesis. Adelaide, Australia: JBI; 2020.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e35799 | p.58https://mhealth.jmir.org/2022/3/e35799
(page number not for citation purposes)

Voorheis et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://formative.jmir.org/2019/4/e14052/
http://dx.doi.org/10.2196/14052
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31603427&dopt=Abstract
http://dx.doi.org/10.1016/j.amepre.2016.06.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27745683&dopt=Abstract
https://www.jmir.org/2010/1/e4/
http://dx.doi.org/10.2196/jmir.1376
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20164043&dopt=Abstract
http://dx.doi.org/10.1258/jhsrp.2008.008014
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18806194&dopt=Abstract
https://implementationscience.biomedcentral.com/articles/10.1186/1748-5908-6-42
http://dx.doi.org/10.1186/1748-5908-6-42
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21513547&dopt=Abstract
https://iaap-journals.onlinelibrary.wiley.com/doi/10.1111/j.1464-0597.2008.00341.x
http://dx.doi.org/10.1111/j.1464-0597.2008.00341.x
http://dx.doi.org/10.1016/j.destud.2016.10.001
https://medium.com/behavior-design-hub/behavioral-design-2020-and-beyond-dc88a87f3b97
https://mhealth.jmir.org/2018/3/e53/
http://dx.doi.org/10.2196/mhealth.9069
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29563080&dopt=Abstract
http://dx.doi.org/10.1007/s12160-013-9486-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23512568&dopt=Abstract
http://europepmc.org/abstract/MED/30304386
http://dx.doi.org/10.1093/abm/kay078
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30304386&dopt=Abstract
https://www.jmir.org/2015/1/e30/
http://dx.doi.org/10.2196/jmir.4055
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25639757&dopt=Abstract
http://dx.doi.org/10.2345/0899-8205-46.s2.49
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23039777&dopt=Abstract
https://static1.squarespace.com/static/57c6b79629687fde090a0fdd/t/5b19b2f2aa4a99e99b26b6bb/1528410876119/dschool_bootleg_deck_2018_final_sm+%282%29.pdf
https://static1.squarespace.com/static/57c6b79629687fde090a0fdd/t/5b19b2f2aa4a99e99b26b6bb/1528410876119/dschool_bootleg_deck_2018_final_sm+%282%29.pdf
https://www.nngroup.com/articles/ten-usability-heuristics/
https://www.nngroup.com/articles/ten-usability-heuristics/
https://www.nngroup.com/articles/design-thinking-study-guide/
https://www.nngroup.com/articles/design-thinking-study-guide/
https://www.nngroup.com/articles/usability-heuristics-complex-applications/
https://www.nngroup.com/articles/usability-heuristics-complex-applications/
https://mhealth.jmir.org/2019/12/e13311/
http://dx.doi.org/10.2196/13311
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31833836&dopt=Abstract
https://www.jmir.org/2017/6/e232/
http://dx.doi.org/10.2196/jmir.7126
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28663162&dopt=Abstract
https://behavioralscientist.org/what-is-the-future-of-design-and-behavioral-science-a-conversation-with-cliff-kuang/
https://medium.com/@i.shubhangich/human-centred-design-behavioural-design-and-methods-of-behavioural-design-aa2147515267
https://medium.com/@i.shubhangich/human-centred-design-behavioural-design-and-methods-of-behavioural-design-aa2147515267
https://behavioralscientist.org/the-future-of-behavioral-insights-demands-human-centered-design/
http://www.w3.org/Style/XSL
http://www.renderx.com/


28. Tricco AC, Lillie E, Zarin W, O'Brien KK, Colquhoun H, Levac D, Tunçalp, et al. PRISMA Extension for Scoping Reviews
(PRISMA-ScR): Checklist and Explanation. Ann Intern Med 2018 Oct 02;169(7):467-473. [doi: 10.7326/m18-0850]

29. Shneiderman B. Designing for fun. Interactions 2004 Sep;11(5):48-50. [doi: 10.1145/1015530.1015552]
30. Mohr DC, Schueller SM, Montague E, Burns MN, Rashidi P. The behavioral intervention technology model: an integrated

conceptual and technological framework for eHealth and mHealth interventions. J Med Internet Res 2014 Jun 05;16(6):e146
[FREE Full text] [doi: 10.2196/jmir.3077] [Medline: 24905070]

31. Oinas-Kukkonen H, Harjumaa M. Persuasive Systems Design: Key Issues, Process Model, and System Features. CAIS
2009;24:pp-pp. [doi: 10.17705/1cais.02428]

32. McKay FH, Slykerman S, Dunn M. The App Behavior Change Scale: Creation of a Scale to Assess the Potential of Apps
to Promote Behavior Change. JMIR Mhealth Uhealth 2019 Jan 25;7(1):e11130 [FREE Full text] [doi: 10.2196/11130]
[Medline: 30681967]

33. Lustria MLA, Noar SM, Cortese J, Van Stee SK, Glueckauf RL, Lee J. A meta-analysis of web-delivered tailored health
behavior change interventions. J Health Commun 2013;18(9):1039-1069. [doi: 10.1080/10810730.2013.768727] [Medline:
23750972]

34. Shen N, Jankowicz D, Strudwick G. Patient and Family Engagement Approaches for Digital Health Initiatives: Protocol
for a Case Study. JMIR Res Protoc 2021 Jul 21;10(7):e24274 [FREE Full text] [doi: 10.2196/24274] [Medline: 34287212]

35. Bjerkan J, Kane B, Uhrenfeldt L, Veie M, Fossum M. Citizen-Patient Involvement in the Development of mHealth
Technology: Protocol for a Systematic Scoping Review. JMIR Res Protoc 2020 Aug 28;9(8):e16781 [FREE Full text] [doi:
10.2196/16781] [Medline: 32857061]

36. Morton E, Barnes SJ, Michalak EE. Participatory digital health research: A new paradigm for mHealth tool development.
Gen Hosp Psychiatry 2020;66:67-69 [FREE Full text] [doi: 10.1016/j.genhosppsych.2020.07.005] [Medline: 32702489]

37. Birnbaum F, Lewis D, Rosen RK, Ranney ML. Patient engagement and the design of digital health. Acad Emerg Med 2015
Jun;22(6):754-756 [FREE Full text] [doi: 10.1111/acem.12692] [Medline: 25997375]

Abbreviations
BCT: behavior change technique
BD: Behavioral Design
DBCI: digital behavior change intervention
DT: Design Thinking
mHealth: mobile health
PRISMA-ScR: Preferred Reporting Items for Systematic Reviews and Meta-Analyses Extension for Scoping
Reviews

Edited by L Buis; submitted 03.01.22; peer-reviewed by H Johnsen, L Hickman, C Sahin; comments to author 24.01.22; revised version
received 03.02.22; accepted 10.02.22; published 16.03.22.

Please cite as:
Voorheis P, Zhao A, Kuluski K, Pham Q, Scott T, Sztur P, Khanna N, Ibrahim M, Petch J
Integrating Behavioral Science and Design Thinking to Develop Mobile Health Interventions: Systematic Scoping Review
JMIR Mhealth Uhealth 2022;10(3):e35799
URL: https://mhealth.jmir.org/2022/3/e35799 
doi:10.2196/35799
PMID:35293871

©Paula Voorheis, Albert Zhao, Kerry Kuluski, Quynh Pham, Ted Scott, Peter Sztur, Nityan Khanna, Mohamed Ibrahim, Jeremy
Petch. Originally published in JMIR mHealth and uHealth (https://mhealth.jmir.org), 16.03.2022. 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 JMIR
mHealth and uHealth, is properly cited. The complete bibliographic information, a link to the original publication on
https://mhealth.jmir.org/, as well as this copyright and license information must be included.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e35799 | p.59https://mhealth.jmir.org/2022/3/e35799
(page number not for citation purposes)

Voorheis et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.7326/m18-0850
http://dx.doi.org/10.1145/1015530.1015552
https://www.jmir.org/2014/6/e146/
http://dx.doi.org/10.2196/jmir.3077
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24905070&dopt=Abstract
http://dx.doi.org/10.17705/1cais.02428
https://mhealth.jmir.org/2019/1/e11130/
http://dx.doi.org/10.2196/11130
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30681967&dopt=Abstract
http://dx.doi.org/10.1080/10810730.2013.768727
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23750972&dopt=Abstract
https://www.researchprotocols.org/2021/7/e24274/
http://dx.doi.org/10.2196/24274
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34287212&dopt=Abstract
https://www.researchprotocols.org/2020/8/e16781/
http://dx.doi.org/10.2196/16781
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32857061&dopt=Abstract
http://europepmc.org/abstract/MED/32702489
http://dx.doi.org/10.1016/j.genhosppsych.2020.07.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32702489&dopt=Abstract
https://doi.org/10.1111/acem.12692
http://dx.doi.org/10.1111/acem.12692
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25997375&dopt=Abstract
https://mhealth.jmir.org/2022/3/e35799
http://dx.doi.org/10.2196/35799
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35293871&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Original Paper

Predicting Changes in Depression Severity Using the PSYCHE-D
(Prediction of Severity Change-Depression) Model Involving
Person-Generated Health Data: Longitudinal Case-Control
Observational Study

Mariko Makhmutova1, MSc; Raghu Kainkaryam2, PhD; Marta Ferreira2, MSc; Jae Min2, PhD; Martin Jaggi1, PhD;

Ieuan Clay2,3, PhD
1École Polytechnique Fédérale de Lausanne, Lausanne, Switzerland
2Evidation Health Inc, San Mateo, CA, United States
3Digital Medicine Society, Boston, MA, United States

Corresponding Author:
Ieuan Clay, PhD
Digital Medicine Society
90 Canal Street, 4th Floor
Boston, MA, 02114
United States
Phone: 1 1733095953
Email: ieuan@dimesociety.org

Abstract

Background: In 2017, an estimated 17.3 million adults in the United States experienced at least one major depressive episode,
with 35% of them not receiving any treatment. Underdiagnosis of depression has been attributed to many reasons, including
stigma surrounding mental health, limited access to medical care, and barriers due to cost.

Objective: This study aimed to determine if low-burden personal health solutions, leveraging person-generated health data
(PGHD), could represent a possible way to increase engagement and improve outcomes.

Methods: Here, we present the development of PSYCHE-D (Prediction of Severity Change-Depression), a predictive model
developed using PGHD from more than 4000 individuals, which forecasts the long-term increase in depression severity. PSYCHE-D
uses a 2-phase approach. The first phase supplements self-reports with intermediate generated labels, and the second phase predicts
changing status over a 3-month period, up to 2 months in advance. The 2 phases are implemented as a single pipeline in order to
eliminate data leakage and ensure results are generalizable.

Results: PSYCHE-D is composed of 2 Light Gradient Boosting Machine (LightGBM) algorithm–based classifiers that use a
range of PGHD input features, including objective activity and sleep, self-reported changes in lifestyle and medication, and
generated intermediate observations of depression status. The approach generalizes to previously unseen participants to detect
an increase in depression severity over a 3-month interval, with a sensitivity of 55.4% and a specificity of 65.3%, nearly tripling
sensitivity while maintaining specificity when compared with a random model.

Conclusions: These results demonstrate that low-burden PGHD can be the basis of accurate and timely warnings that an
individual’s mental health may be deteriorating. We hope this work will serve as a basis for improved engagement and treatment
of individuals experiencing depression.

(JMIR Mhealth Uhealth 2022;10(3):e34148)   doi:10.2196/34148
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Introduction

Major depressive disorder is a leading cause of disability
worldwide, impacting the lives of more than 264 million people
globally, according to the World Health Organization [1]. The
COVID-19 pandemic has further increased the number of people
experiencing depressive symptoms [2]. Despite its prevalence,
depression often remains undiagnosed and untreated. In 2017,
an estimated 17.3 million adults in the United States experienced
at least one major depressive episode, with 35% of them not
receiving any treatment [3].

Underdiagnosis of depression has been attributed to many
reasons, including stigma surrounding mental health, limited
access to medical care, and barriers due to cost [4]. Undiagnosed
and untreated depression has significant economic consequences,
adding an economic burden of over US $200 billion annually
in the United States alone [5]. Thus, it is essential to make the
detection and monitoring of depression symptoms easier and
more affordable.

An increasingly explored and promising way to accomplish this
is through person-generated health data (PGHD) in the form of
self-reports and data from consumer-grade wearable devices
[6]. Multiple studies have shown that early indicators of changes
in depression status can be detected from PGHD in the form of
social media use [7] or physical activity patterns [8]. For
example, a recent study, using consumer wearable devices to
track the sleep of 368 participants, found several strong
associations (Z-scores up to 6.19) between sleep features and

self-reported depression [9]. Another study showed that activity
features collected for 23 participants could accurately (κ=0.773)
classify individuals with depression from controls, and predict
changes in depression status over a 2-week period [10].
Although these studies are limited in sample size and time
duration to generalize across larger populations, they
demonstrate the potential of this approach versus more
burdensome active assessments [11].

In this work, we present PSYCHE-D (Prediction of Severity
Change-Depression), a 2-phase prediction model that uses
PGHD to predict longitudinal changes in an individual’s
depression severity level (Figure 1). Input data include
self-reported sociodemographic data and medical history, and
objective behavioral data derived from consumer-grade
wearables. The presented model has been developed using the
largest longitudinal cohort study ever considered for depression
at the time of publication [12], collecting PGHD over a 1-year
period from more than 10,000 participants.

In previous work, we presented initial results [13] for the first
phase of the model, and exploratory results for the second phase
are also available [14]. These initial results demonstrate the
feasibility of the PSYCHE-D approach, yet the stepwise
development approach creates the possibility of data leakage
between the phases and therefore misleading results. This work
presents results from an improved pipeline that eliminates the
leakage, thus ensuring generalizable results and laying the
foundation for a very low–burden, consumer-facing,
personalized system that could improve engagement and
outcomes in people with depression.

Figure 1. A schematic overview of the PSYCHE-D (Prediction of Severity Change-Depression) model. Phase 1c uses screener survey responses
(regarding sociodemographics and chronic comorbidities at baseline), self-reported lifestyle and medication changes (LMC) survey data from the month
in which the Patient Health Questionnaire-9 (PHQ-9) label is generated, and data from consumer-grade wearables to categorize each individual’s likely
PHQ-9 category. In the second phase, this generated information is combined with the initial PHQ-9 category, screener survey responses, additional
LMC self-reports, and consumer-grade wearable device person-generated health data (PGHD) to make the final prediction of whether the individual is
likely to have experienced increased depression severity over the 3-month period. Red blocks represent Phase 1, and blue blocks represent Phase 2. C:
collected. G: generated.

Methods

Data Collection
The data used in this work are part of the DiSCover (Digital
Signals in Chronic Pain) Project (ClinicalTrials.gov identifier:

NCT03421223). The DiSCover Project is a 1-year longitudinal
study consisting of 10,036 individuals in the United States, who,
between January 2018 and January 2020, provided data from
consumer-grade wearable devices and completed surveys about
their mental health and lifestyle changes quarterly and monthly,
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respectively. Detailed design and baseline participant
characteristics are described in the report by Lee et al [12].

The data subset used in this work comprises the following:

1. Wearable PGHD: Step and sleep data from the participants’
consumer-grade wearable devices (Fitbit) worn throughout
the study were collected.

2. Screener survey: Prior to the study, participant self-reported
sociodemographic information, as well as comorbidities
were collected.

3. Lifestyle and medication changes (LMC) survey: Every
month, participants were requested to complete a brief
survey reporting changes in their lifestyle and medication
over the past month.

4. Patient Health Questionnaire-9 (PHQ-9) score: Every 3
months, participants were requested to complete the PHQ-9,
a 9-item questionnaire that has proven to be a reliable and
valid measure of depression severity [15].

From these input sources, we defined a range of input features,
both static (defined once, remain constant for all samples from

a given participant throughout the study, eg, demographic
features) and dynamic (varying with time for a given participant,
eg, behavioral features derived from consumer-grade wearables).
Feature extraction and engineering are described in Multimedia
Appendix 1.

Data Processing

Data Filtering Process
Figure 2 outlines the processing of the initial data set into the
samples used for developing the phase 1c model. Of the 10,036
enrolled participants, 9961 passed the survey response quality
control, defined as completion of the PHQ-9 for at least two
contiguous quarters, as well as the LMC survey for the same
month as the second PHQ-9. Additional filtering, based on the
density of available activity data in the 2 weeks matching the
PHQ-9 recall period, was performed according to standards
proposed in the literature [16,17]. We ultimately obtained a
total of 10,866 samples from 4036 unique participants.

Figure 2. Illustration of the participant filtering process. *Completion of the Patient Health Questionnaire-9 (PHQ-9) for the current quarter, the PHQ-9
for the previous quarter, and the lifestyle and medication changes (LMC) survey for the current month. **≥10 hours daily wear time for ≥4 days per
week in the 2-week interval. DiSCover: Digital Signals in Chronic Pain.
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Data Set Construction
Initial data exploration showed that the evolution of PHQ-9
scores over 3-month intervals was constant throughout the study
period, when grouping by demographic variables, such as sex,
age, race, and geographic location. Based on this observation,
we divided the data into 3-month long, nonoverlapping,
independent samples. We used the notations “SM0” (sample
month 0), “SM1,” “SM2,” and “SM3” to refer to relative time
points within each sample. Each 3-month sample consisted of
1 set of screener survey responses, PHQ-9 survey responses at
SM0 and SM3, LMC survey responses at SM3 (as well as SM1
and SM2, if available), and wearable PGHD for SM3 (as well
as SM1 and SM2, if available). The wearable PGHD included

data collected from 8 to 14 days prior to the PHQ-9 label
generation date (SM1 and SM2 in phase 1, SM3 in phase 2).

Modeling
Figure 1 illustrates the overall approach, and the inputs and
outputs for phase 1c and phase 2c. Figure 3 illustrates the
modeling approach, which is explained in more detail below.
The key design feature is that the models are combined into a
single combined pipeline, and participant-based train-test
partitioning is performed once at the start, in order to eliminate
the possibility of data leakage. The combined pipeline is thus
fitted on 1 set of participants and tested on another set of
previously unseen participants.

Figure 3. Schematic representation of the PSYCHE-D (Prediction of Severity Change-Depression) combined pipeline architecture, used to estimate
performance on previously unseen participants. The phase 1c model is trained on a subset of participants in the training set, and predictions for the
training and test set participants are made. The phase 2c model has the same participant split for the training and test sets. Red and yellow circles
represent samples from 2 different participants. All samples from the red participant are in the training set, and all samples from the yellow participant
are in the test set for both phases 1c and 2c. Green blocks represent data, and black blocks represent models and data processing stages. Blue arrows
represent input to classification models for training or predicting, and purple arrows represent data passage for other purposes (eg, providing true output
values for testing). Note: multiple circles represent multiple samples from the same participant. This procedure is repeated over 5 random participant-based
splits of the training and test data, to obtain confidence intervals for the combined pipeline performance.
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Phase 1c: Categorization of the Intermediate PHQ-9
The goal of the phase 1c model was to predict participants’
PHQ-9 score categories from sociodemographic, medical, and
wearable PGHD. The initial version of phase 1c is described in
the report by Makhmutova et al [13]. Here, we describe an
improved variant that has been adapted to reduce overfitting.
The Light Gradient Boosting Machine (LightGBM) algorithm
with Dropouts Meet Multiple Additive Regression Trees
(DART) boosting [18], an ensemble model of boosted regression
trees with dropout, was chosen due to its ability to handle sparse
data and the ability to tune an additional dropout parameter to
reduce overfitting. Feature selection removed highly correlated
features, and used recursive feature elimination [19] in order to
eliminate features that had lower contributions to model
performance. Model performance was primarily measured using
quadratic weighted Cohen κ [20], with adjacent accuracy (ie,
fraction of samples predicted at most one off from the target
value), balanced accuracy, and weighted F1-scores as secondary
performance metrics. We performed randomized search 5-fold
cross-validation to tune the hyperparameters of our LightGBM
model. We chose to perform a 5-fold cross-validation to reduce
the impact of overfitting. We reported the performance metrics
of the best tuned models with 95% CIs across 5 training runs
(5 outer shuffle splits). Further details on hyperparameters are
reported in Multimedia Appendix 1 and elsewhere [14]. Due to
the very large feature space that covers a range of static and
dynamic input features, we constructed the model in 3 steps.
We first performed an extensive exploration accessing the best
feature subsets of each type of input. We then carried out an
initial optimization on input sets, which combined different
types of input and considered an initial estimation of model
error. Subsequently, we conducted a final tuning to obtain the
best performing model. The output of phase 1c generated
intermediate monthly PHQ-9 score categories for SM1, denoting
sample month 1, and SM2.

Phase 2c: Prediction of Longitudinal PHQ-9 Change
In phase 2c, we predicted an increase in the PHQ-9 category
using the participants’ PHQ-9 scores from SM0, intermediate
generated PHQ-9 categories at SM1 and SM2 as well as the
generated probabilities of each PHQ-9 category for SM1 and
SM2, and LMC survey responses and wearable PGHD collected
over the 2 weeks prior to final PHQ-9 completion at SM3. We
also used the screener survey responses as input features to
control for sociodemographic factors. To compute the target
variable in each sample in the phase 2c model, we observed
whether there was an increase in the PHQ-9 category between
SM0 and SM3.

A similar model construction procedure was used for phase 2c
as for phase 1c. The feature selection procedure consisted of
reducing the initial number of input features through the removal
of highly correlated features and selecting the most important
features using recursive feature elimination with cross-validation
for the largest sets of input features, grouped by source. Then,
we performed forward sequential feature selection [21], a greedy
method that has been successfully used to develop digital
measures in mental health studies [22], to identify the optimal
features. We then again used LightGBM DART, as it has been

shown to deliver high accuracy in comparable classification
tasks [18], is able to handle sparse data, and generates
interpretable models.

Specificity and area under the precision-recall curve (AUPRC)
[23] were prioritized as performance metrics. Feature importance
was assessed using a combination of the following 2 key
metrics: “gain” importance and “split” importance [24]. Gain
importance measures the improvement in accuracy that a feature
provides, while split importance considers the number of times
the feature is used in a model. Taken together, these metrics
help us understand which features contribute the most to the
“decisions” that the model makes.

The construction of the PSYCHE-D combined pipeline
consisting of phase 1c, followed by phase 2c, is summarized in
Figure 3. The diagram also illustrates the participant-based
splitting approach used to ensure that we generate predictions
on previously unseen participants, to evaluate the approach’s
generalization capabilities. Further details are presented in
Multimedia Appendix 1.

Code Availability
The codes of the models in this study, along with their trained
weights, are available on GitHub [25].

Data Availability
Data are made available to academic researchers on Zenodo
[26].

Ethics Approval
This study received expedited review and Institutional Review
Board (IRB) approval from the Western Institutional Review
Board-Copernicus Group (IRB study number: 1181760; protocol
number: 20172916; initial approval date: December 21, 2017).

Results

Overview
In the following section, we present the performance and
informative features for the combined pipeline. Importantly,
we wanted to build the model in a manner representative of how
such a model might be deployed “in the real world.” In such a
situation, a trained model (eg, as part of an app) would need to
make predictions for participants that the model is naive to, that
is, people who have just downloaded the app and perhaps only
filled out the baseline assessments, and did not contribute data
used in the model construction. This pipeline is therefore
designed to test the generalizability of the models by eliminating
any data leakage, and using a participant-based validation
strategy, that is, the model is tested on participants that it is
completely naive to. Results for the 2 phases are presented
separately.

Intermediate Classification of Depression Severity
Acquiring PGHD on a large scale requires a low-burden data
collection approach; thus, participants were only asked to
complete the PHQ-9 at sparse intervals, once every 3 months.
Consequently, we were limited to a relatively small set of
reference labels, with 2.07 labels on average per enrolled
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participant over the course of 1 year. The first phase of our
approach thus generated more frequent intermediate depression
severity labels, which were used in combination with
self-reported reference labels to reduce the sparsity of the data
set by up to 3 times.

We were able to construct a multi-class classification model
that determines a participant’s depression severity for a given
month, by assigning an individual to 1 of 5 ordinal PHQ-9
classes describing severity from minimal to severe [15]. The
details and distributions of the observed classes are presented
in Table S1 in Multimedia Appendix 1.

The best performing model, based on the LightGBM DART
algorithm, after hyperparameter tuning, had a κ value of 0.476
(95% CI ±0.017) and an adjacent accuracy of 77.6%.

The performance of the model was not equal across all PHQ-9
severity categories. Comparing actual to predicted categories

in a confusion matrix (Figure 4), we observed that performance
was high for samples from individuals with either relatively
low (minimal or mild) or high (moderately severe or severe)
depression.

The model included features selected across all input sources,
including demographics (gender, birth year, education, and
BMI), life events and conditions at baseline (whether they had
received financial assistance, experienced trauma or given birth,
or were diagnosed with a range of chronic conditions), LMC
(changes to medications or lifestyle), and sleep-related wearable
PGHD (the number of hypersomnia nights, range of bedtime,
and average ratio of the time spent asleep to the time spent in
bed). A full list of the final features and their relative importance
is included in Multimedia Appendix 2. This model was then
used to generate intermediate PHQ-9 category labels for each
individual for SM1 and SM2.

Figure 4. Confusion matrix showing the phase 1c model’s Patient Health Questionnaire-9 (PHQ-9) score category accuracy distribution across PHQ-9
severity groups. Darker blue represents higher accuracy. Performance overall is weak, but adjacent accuracy is high, and classification performance in
samples from individuals with lower (minimal to mild) and higher (moderately severe to severe) severity is relatively high, compared to the performance
seen for intermediate severity samples.

Prediction of Longitudinal Change
The intermediate generation of depression severity labels means
that each sample consisted of the PHQ-9 depression severity at
SM0, the LMC surveys, wearable PGHD, and up to two
generated labels that provide a weak estimate of depression
severity (PHQ-9 category) at SM1 and SM2.

We posed our original aim as a binary problem as follows: can
we predict increased depression severity? We defined increased
depression severity as that when a participant changed the
PHQ-9 category between SM0 and SM3. From our 10,866
samples, 2252 (20.7%) were thus labeled as positive cases.

The construction of the second phase model was optimized
across possible input feature sets and LightGBM model
hyperparameters. As summarized in Figure 3, we noted that
with this approach, the optimization process also depended on
the outputs generated by the first phase.

We used a range of metrics to assess performance, but prioritized
sensitivity as the key metric, as our primary goal in this work
was to correctly identify the highest proportion of individuals
reporting increased depression severity. As the data set was
highly imbalanced, with 21% of individuals in the data set
reporting increased depression severity, we optimized for
performance for both the majority and minority classes. We
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thus took into account specificity and AUPRC as secondary
performance metrics, to observe the tradeoff in performance
for each class.

Based on this, the best performing model selected 13 input
features, with a sensitivity of 55.4% (95% CI ±0.8%), specificity
of 65.3% (95% CI ±4.2%), and AUPRC of 0.31 (95% CI
±0.024). In comparison, a baseline model, which randomly
assigned 20.7% positive labels, reported an AUPRC of 0.21, a
sensitivity of 19.8%, and a specificity of 80.0% (averaged across
10 runs of 1000 samples).

We examined the most important features in the second phase
of the combined pipeline and observed that the selected features
to predict relative changes in depression were similar to the
features selected to predict absolute depression in the first phase.

The most important features are presented in Figure 5, with
further details in Multimedia Appendix 2. Features that were

most frequently selected as strong predictors of an increase in
depression severity, regardless of the cohort, were
PHQ-9–related features. Specifically, the self-reported starting
PHQ-9 category and the generated intermediate PHQ-9 category
for SM1 were the most important features, as we can see in
Figure 5. Among the static demographic and socioeconomic
features, we noted that sex and having health insurance were
the most important. Various self-reported LMC features were
frequently selected, including medication changes (starting,
stopping, and changing doses) and stress-related lifestyle
changes (starting meditation and reducing stress-inducing
activities), as well as reducing or stopping alcohol consumption.
We observed that objective sleep features were again selected,
but no specific individual wearable PGHD feature (sleep or
otherwise) was sufficiently consistently selected to be included
in the final model.

Figure 5. Split feature importance of the features selected in at least three of five train-test splits in the best performing phase 2c model. Colors represent
the types of features (static screener features are blue, lifestyle and medication changes [LMC] features are orange, baseline Patient Health Questionnaire-9
[PHQ-9] features are green, and generated PHQ-9 features are red). The 95% CIs for the split feature importance are also visualized. SM: sample month.

Discussion

Principal Findings
PGHD represent a low burden direct connection to the patient
journey, and such data have already been demonstrated to be a
valuable component of models that predict health-relevant
outcomes [27,28]. We present a 2-phase approach for predicting
longitudinal deterioration in depression status. In phase 1c, we
increased the label density by generating intermediate PHQ-9
category labels using wearable PGHD and LMC information.
In the second phase, we combined self-reported and generated

PHQ-9 category labels with additional recent wearable PGHD
and LMC information to predict the deterioration of depression
status 3 months after the initial self-report. This 2-phase
approach has a very low burden and requires very little
participant interaction. The information we used as input consists
of simple self-reports and data from consumer-grade wearables.

Even though overall performance in phase 1c was not
particularly strong (κ=0.476, 95% CI ±0.017), we were
encouraged by 2 factors: the adjacent accuracy was high
(77.6%), and an examination of features in the final tuned
models showed good correspondence to factors known to be
important risk factors for depression, for example, gender,
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experience of trauma, and chronic comorbidities. Large-scale
studies have shown that these have an influence on depression
[29]. We also observed that objective sleep features were
selected. Sleep features and depressive disorders have been
previously associated using low-cost wearable devices [9],
PGHD [30], and smartphones [31]. Additionally, we observed
that performance was not even across severity groups and was
high for individuals with either relatively mild or relatively
severe depression.

In phase 2c, our best performing model achieved a sensitivity
of 55.4%, specificity of 65.3% (95% CI ±4.2%), and AUPRC
of 0.31 (95% CI ±0.024). In comparison, simulating random
assignment of 20.7% positive labels across 10 iterations of 1000
samples, we noted an AUPRC of 0.21, a sensitivity of 19.8%,
and a specificity of 80.0%. This means that sensitivity nearly
tripled, while specificity only slightly reduced. We prioritized
sensitivity because the potential consequences of false negatives
(ie, not identifying a person with deteriorating depression) is
much higher than the cost of false positives (ie, incorrectly
suspecting someone of deteriorating depression).

We observed that features from all input sources were selected
in the best performing models, but with different relative
importance. We saw that static features (ie, those defined at
enrollment, which do not change afterwards) were selected, but
were of relatively low importance. This included features that
are known to be relevant to the risk of developing depression,
including the presence of chronic comorbidities [32], ethnicity
[33], financial difficulties [34], and pregnancy [35]. We also
saw features derived from wearable devices, including trends
in sleep onset time, percentage of sleep time spent awake, and
overall number of hypersomnia days. The most important
features were those generated in phase 1c, that is, the probability
of an individual being in a given PHQ-9 class, summarizing
features from across all input sources. The intermediate labels
generated in phase 1c are inspired by the concept of “weak
labeling,” which can help reduce large-scale noisy data to a
signal useful for supervised learning (eg, the report by Zhan et
al [36]). We noted that due to data sparsity, intermediate labeling
was not always available, and thus, some samples did not have
2 intermediate PHQ-9 category labels, but sometimes had 1 or
none. Nonetheless, as LightGBM was able to deal with missing
values, the lack of intermediate labeling or missing PGHD
values did not pose problems in the phase 2c model predictions,
highlighting that the approach described in our work is indeed
low-burden and robust.

From this, we were able to deduce that the average sleep onset
time is a good determinant of increasing depression severity,

which is consistent with previous research [9], but that
variability in sleep is participant specific and not necessarily a
good predictor for generalizing to other participants.

Limitations
The work presented here demonstrates the potential of a
PGHD-based model for predicting long-term changes in
depression status in new individuals. This initial approach
nevertheless has several limitations in practice, which will be
addressed in future work.

The model relies on the completion of several self-reported
surveys over time. Participants were highly engaged with the
year-long research study, but to lower the barrier to participation,
the number of surveys could be reduced or replaced with
alternative sources of data. For example, instead of LMC
surveys, medication change data could be obtained through
electronic health records [37] or through other consumer-grade
wearables that incorporate engagement, such as the Oura ring,
which allows participants to annotate days with a number of
tags like medication [38].

The performance of PSYCHE-D was below our initial
expectations, despite more than triple sensitivity versus a random
model, and was weaker than the initial nongeneralized
performance [13,14]. However, further validation and
prospective data collection could seek to build off this “out of
the box” performance using an active learning approach to
improve individualized performance [39,40]. We also plan to
perform further validation with independently generated data
[41]. The study design also limits us to making predictions of
depression status change over a 3-month time window. Thus,
future work will focus on testing predictions beyond that time
horizon.

We will also explore the application of PSYCHE to other aspects
of mental health like anxiety [31], fatigue [42], and stress [22].

Outlook and Conclusion
Effective treatments for depression exist, but they must be
delivered in a timely manner, as the benefits of early intervention
are established for both older [43] and younger [44] patients.
Moreover, the objectivity of our system provides a
nonstigmatizing environment to engage people about depression
[4]. We hope that this demonstration of the ability to predict
long-term changes in depression using a low-burden
PGHD-based approach will have great potential to deliver value
to patients.
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Abstract

Background: A health service using mobile devices, mobile health (mHealth), has been widely applied to programs focusing
on maternal and child health and communicable diseases in sub-Saharan African countries. However, mHealth apps for
noncommunicable disease (NCD) services remain limited.

Objective: This study aimed to explore the acceptability and potential usability of SMS text messaging for patients and health
care providers for the management of NCDs as part of an implementation research in rural Tanzania.

Methods: Nine focus group discussions were conducted with 56 participants (21 community health workers [CHWs], 17 patients,
and 18 health care professionals [HPs]) in 3 districts in the Dodoma region, Tanzania. The interview guides were prepared in
Swahili, and each session was recorded, transcribed, and translated into English. The focus group discussions consisted of the
following topics: (1) perceptions of the participants about the possible use of mobile devices and SMS text messages as an mHealth
platform in community health services; and (2) experiences of mobile device use in health activities or receiving health services
via a mobile phone in the past.

Results: CHWs and HPs reported having familiarity using mobile devices to provide health services, especially for reaching
or tracing patients in remote settings; however, patients with NCDs were less familiar with the use of mobile devices compared
with the other groups. Hesitation to receive health services via SMS text messaging was seen in the patient group, as they wondered
who would send health advice to them. Some patients expected services beyond what mHealth could do, such as aiding in recovery
from a disease or sending notifications about the availability of prescription medications. CHWs showed interest in using text
messaging to provide health services in the community; however, the concerns raised by CHWs included the cost of using their
own mobile devices. Moreover, they demanded training about NCD management before engaging in such an activity.

Conclusions: This study explored views and experiences regarding the possible installation of an mHealth intervention for
managing NCDs in rural Tanzania. Although HPs and CHWs had experience using mobile devices to provide health services in
non-NCD projects, only a few patients (3/17, 17%) had heard about the use of mobile devices to receive health services. To
improve the suitability and acceptability of the intervention design for patients with NCDs, their trust must be earned. Involving
CHWs in the intervention is recommended because they have already been appointed in the community and already know how
to communicate effectively with patients in the area.
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Introduction

In 2011, mobile health (mHealth) was defined as “the use of
mobile and wireless technologies to support the achievement
of health objectives” by the World Health Organization [1] and
is expected to be an increasingly important tool for patients in
resource-scarce settings due to the fast-growing penetration
rates of mobile phones in developing countries [2-4]. mHealth
has already been implemented for a wide range of health
promotion and management activities: to act as reminders of
clinic visits, to encourage medication adherence, and to promote
behavioral changes [5,6]. The increase in the numbers of patients
with noncommunicable disease (NCDs) is likely to dominate
health care needs and expenditures in most low-income and
middle-income countries [7]. Tanzania is no exception and is
facing an increasing prevalence of NCDs at a time when its
health system is already overloaded with a high prevalence of
communicable diseases [8,9]. A national survey in 2012 showed
that the prevalence of Diabetes Mellitus (DM) and hypertension
(HT) was found to be 9.1% and 25.9%, respectively [10]. In
2016, there were approximately 0.14 physicians per 10,000
individuals nationwide, with a lower ratio in the rural areas [11].
The Tanzania Ministry of Health’s strategic and action plan for
the prevention and control of NCDs is targeting to reduce
mortality by 25% from baseline by 2025 by improving patients’
disease management through community and facility care
interventions [12]. Although the country has a well-thought-out
NCD strategic plan, the already overburdened health system is
limiting the effective control of NCDs. mHealth, which uses
text messages in Tanzania, has been applied only in programs
to combat communicable diseases and reproductive health
issues. This study is a part of the Community mHealth Integrated
Care (ComHIC) to manage hypertension (HT) or diabetes (DM)
in Tanzania’s overburdened health system [13]. Our project
aims to apply mHealth with support by community health
workers (CHWs) under an NCD program to overcome the lack
of resources and infrastructure for health service access in the
rural Dodoma districts. Our mHealth system is aiming to support
the existing local health systems to help control and manage
patients with HT and DM. The objectives of this study were to
obtain insights into perceptions of the concept of mHealth
among CHWs, patients with NCDs, and health care
professionals (HPs) in rural Tanzania, to assess the possible use
of mobile devices and SMS text messaging as an mHealth
platform among CHWs and patients, and to develop an
appropriate mHealth intervention for the study site.

Methods

Setting and Research Team
Focus group discussions (FGDs) were conducted in the Kondoa,
Kongwa, and Mpwapwa districts in the Dodoma region of
Tanzania from January to February 2020. The research team

consists of health system researchers, health literacy and
communication experts with experience of qualitative data
collection, physicians, and nurses with experiences in Tanzania,
who developed a protocol of the study.

Eligibility Criteria of the Participants
Quota sampling method was applied to recruit 3 participant
groups of CHWs, patients with diabetes or hypertension, and
HPs at each district hospital, a total of 9 groups with 6-8 people
in each group. A Dodoma regional medical officer gave a
recruiting instruction to NCD coordinators who work for the
NCD clinics at each district hospital, and they called in the
potential candidates. For the 3 groups, the candidates were listed
based on the following eligibility criteria: for all—no gender
quota; aged above 18 years; and willing and capable to attend
a 60-minute interview session held at the district hospital; for
CHWs—those who have registered at the district hospitals and
therefore have been engaging in a health program or have
worked as a CHW in the past; for patients—attending NCD
clinics at the district hospital more than 1 year for HT, DM, or
both; and for HPs—those who are currently working at NCD
clinics at the district hospitals.

Interview Guides Development
The 3 interview guides for CHWs, for patients with DM or HT,
and for HPs were prepared in Swahili by the study team through
a series of discussions among the study team. A semistructured
interview design was adopted with consultations with
researchers who had experience in designing interview guides.
The main topics of the discussions were (1) perceptions of the
participants about the possible use of mobile devices and SMS
text messaging as an mHealth platform in community health
services; and (2) experiences of mobile device use in health
activities or receiving health services via a mobile phone in the
past.

Qualitative Interview and Analysis
A facilitator and a notetaker, both native Swahili speakers,
moderated the FGD sessions. Prior to the initiation of the FGDs,
the facilitator gave a brief explanation of the study purpose and
obtained written informed consent from all participants who
had agreed to participate. All FGDs were conducted in a room
at the district hospital. The FGDs, which were approximately
60 minutes per session, were audio recorded, transcribed, and
translated into English. The transcripts were then uploaded to
NVivo, version 12 (QSR International) [14], and the analysis
was performed inductively. The initial sets of code were
extracted by 2 investigators individually, and they were
compared to each other to increase transparency in the process
of code and category generation and to ensure consistency in
the codes. Any inconsistencies or questions that arose during
the individual analysis were recorded and discussed between
the 2 investigators. When such issues could not be resolved by
comparing the generated sets of code, the investigators referred
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to the original texts and interviewed the researcher members
who conducted the interviews. Those processes of reexamination
were repeated until the final analysis results were obtained.
Further, the results were reviewed by the study team including
members who facilitated the focus group interviews and the
physicians and nurses who were familiar with the regional
context for the analyses to capture the participants’perspectives.

Ethics
Ethical clearance certificate for conducting medical research in
Tanzania was obtained from the National Institute for Medical
Research (HQ/R.8a/Vol.IX/3220). The study was also approved
by the Research Review Committee of Tokyo Medical and
Dental University, Japan (M2019-191).

Results

Participants
Nine FGDs were conducted with a total of 21 (38%) CHWs,
17 (30%) patients, and 18 (32%) HPs (n=56; 22 men [39%], 34
women [61%]) in the 3 districts in the Dodoma region. The age
ranges of the participants were 24-61 years for CHWs, 27-54
years for HPs, and 55-68 years for patients; however, 11 (65%)
of the 17 patients did not agree to provide their date of birth, as
some believed the information could be used for witchcraft.
Multimedia Appendix 1 shows the participants’ perspectives
and experiences regarding the use of mHealth. The results of
the discussion are described as follows.

Perceptions of mHealth
The participants’ perceptions about the possible use of mobile
devices and SMS text messaging as an mHealth platform in
community health services are as follows:

Positive Perceptions
All groups provided essentially positive feedback about the use
of mHealth for supporting NCD control and management.
CHWs supported the idea of using SMS text messaging to
contact patients for several reasons. The main reason was saving
time and resources, as mHealth enables them to contact many
patients in a limited time, to overcome transportation issues,
and to save time reporting. Possible mobile uses for NCD control
included providing health information, offering encouragement,
and sending reminders for clinical appointments and taking
medications.

I see this is a simple way of communicating with them
because you cannot visit them all; you may find that
you have eighty or ninety patients; you cannot visit
all of them; so mobile phones are the easiest means.
[CHW, Kondoa]

The majority of patients (4/5, 80% in Kondoa; 5/6, 83% in
Kongwa; and 5/6, 83% in Mpwapwa) agreed about the use of
mobile devices for reminders for clinical appointments and
medications. All FGD participants were confident about reading
SMS text messages and using mobile devices for
communication. Some patients were willing to follow treatment
guidelines if they were provided with one via mobile, while
others said that regular SMS text messages would make them
feel encouraged and supported.

It’s a good idea, everybody knows how to read a
message here. It is readable, and I think more
beautiful. [Patient, Mpwapwa]

HPs agreed about the use of SMS text messages to support
patients with NCD, as they believe the majority of people
currently have mobile devices, and they have seen some
successful health projects using mobile devices in the past. They
think that messages can motivate patients to follow their
recommendations and reduce the number of missed
appointments; therefore, they hope the intervention could lead
to a reduced burden of complications, blood pressure, and blood
sugar. Some believe that emotional support for patients with
long-term health issues could be provided by text because some
patients have been described as feeling lonely.

I think it’s a good idea. We have a habit that everyone
likes to be reminded of things, and for most patients,
especially those with loneliness diseases, a little
reminder makes him/her know that you do care. [HP,
Kongwa]

The use of mHealth as an educational tool was also expected,
and reaching patients who do not know how to read or have a
mobile device was suggested via family members.

If I try to look at the kind of patients we see, most are
old, and these old people are over sixty years of age;
most of them don’t use mobile phones on a large
scale, and even if they do, they maybe just receive a
call from their children. But many have difficulty
reading; so, the use of mobile phones may not
necessarily help to reach them directly. We can reach
them through their children and grandchildren and
explain things to them as they receive the text
message. [HP, Kondoa]

Negative Perceptions
As CHWs had already been using their mobile devices to reach
out to patients for the current project, they were also aware of
the possible difficulties that may arise. They mentioned that not
all patients have a mobile device; however, they said it was
possible to reach patients via a mobile device belonging to a
relative or someone the patients could trust. Their biggest
concern was how the project provides funds to purchase airtime
vouchers, as many of them cover the cost out-of-pocket.

To add to that, it is our routine/arrangement that every patient
must provide a mobile phone number; if he/she doesn’t have a
number, then they provide the number of aclose relative to whom
he/she trusts to share his/her health problem. We have
established this system so that we can reach our clients;
otherwise, we would lose many. [CHW, Kondoa]

Some patients had never heard the term NCDs, so they were
not very sure about the content of the texts and from whom they
would receive them. Especially in Mpwapwa, the concept of
mHealth was not easily grasped during the interview.

I see the question… but maybe the question was, I did
not really understand, if I ever received any messages
on the phone about these diseases we are talking
about, diabetes and hypertension? I said I never did,
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except if it is health care, this the system that the
whole of Tanzania should use to be treated. [Patient,
Mpwapwa]

Really good advice, now how do they get my phone
number? And who will send me such a message? You
or someone else? He has to, he doesn't have my phone
number, I don't know him, how will he serve me?
[Patient, Mpwapwa]

Although the majority of the HPs provided positive feedback
about mHealth, some shared concerns that the use of mHealth
only may not be sufficient as an intervention. They suggested
combining other types of health promotion such as TV, radio,
billboards, and social networking services to not only cover
patients who are illiterate or do not have a mobile device, but
also to promote health in the general population.

Yes, it can help a lot for those who have access to cell
phones because not all of them have phones or they
have them but they cannot use them; he/she can
answer a call but cannot read a text message. Let’s
not just use the cell phones; also, posters like that big
one at the bus terminal with a message “TB is
preventable.” It can also be done through TV because
many watch TV. [HP, Kondoa]

Other concerns were related to difficulties eliciting behavioral
change, general negligence toward interventions, and a lack of
awareness leading to misperceptions.

Recommendations or Expectations for mHealth for Each
Participant Group
CHWs expect the project to provide airtime vouchers for
communicating with patients. In addition, some hope to have
a device such as tablet or smartphone for reporting their
activities. Regarding the mode of communication, in general,
CHWs prefer two-way communication.

My opinions are: we suggest making it possible to be
funded for airtime vouchers so that we can
communicate with our clients. Most of them have
phones, only a few of them do not. If we would be
given airtime vouchers, we could contact our clients
anytime we needed to. [CHW, Kongwa]

Once patients understood the mHealth concept, reminders for
clinical appointments and taking medications were popular
functions they hoped to have. Some described that they were
expecting to receive medical advice via their mobile device,
while others expected to see clinical outcomes such as decreased
blood pressure or alleviated complications after following the
obtained advice. Most preferred receiving short messages, except
some, who preferred calls instead of texts for medication
reminders. Expectations of being able to order prescribed
medications and receive notifications about medication supplies
were also reported.

I really thought it would be better because sometimes
you can forget the time to take a medicine; but if we
get a call to remind us, it will be better for me.
[Patient, Kongwa]

HPs suggested SMS text message contents such as giving
reminders of clinical appointments and medication times,
promoting dietary salt reduction and exercise, and advising
about lifestyle modifications. Regarding strategies for the
effective delivery of messages to patients, concrete advice such
as sending a series of short, well-written messages at least once
a week (the time of the day depending on the disease) and risk
communication, including the impact of complications and the
economic burden for families, were also raised during the
interviews.

There are reminders that could be sent on lifestyle
modifications and adherence to medications, so these
could be just short messages, but specific, such as
only food intake or exercise, not just one message
that has everything in it. [HP, Mpwapwa]

Experiences With mHealth
Here, we turn to the experiences of mobile device use in health
activities or receiving health services via a mobile phone in the
past. FGDs included participant critiques of using mobiles,
which are as follows:

1. CHWs reported that at least 5 organizations were using
some sort of communication tools, including those for
maternal and child health, family planning, human
immunodeficiency virus infection and acquired
immunodeficiency syndrome (HIV/AIDS), and tuberculosis.
Some nongovernmental organizations provide a tablet to
every CHW so that they can write a monthly report.

2. Patients in the Mpwapwa district were not aware of any
projects using mobile devices. One of the patients in the
Kongwa district mentioned the use of mobile devices for
reminders to patients about clinical visits at a referral
hospital. Two patients in Kondoa reported hearing about
HIV/AIDS projects that use mobile devices to contact
patients for checking and tracing (3/17, 17% patients).

3. HPs reported knowing about various projects that were
using mHealth for adherence support and follow-up for
patients, such as those for maternal and child health, family
planning, tuberculosis, and leprosy. Apparently, mobile
devices were not the only mode of communication; for
example, radios were used for a tuberculosis project and
billboards for an HIV project. HPs also shared the lessons
learned from past projects; for instance, messages that were
too long to read were often ignored by the receivers, and
inconsistent content demoralized participants in terms of
motivation.

Discussion

Regarding the extent of the brief explanation of mHealth during
the interviews, the idea of text-based interventions for NCD
management was positively accepted by the CHWs, patients,
and HPs. However, some patients had difficulty understanding
the concept. Hesitation (eg, who sends the messages?) and
unrealistically high expectations (eg, it may fix all problems)
about mHealth’s effectiveness were reported. Positive reasoning
was based on the commonality of mobile device use for daily
activities and geographical hardships experienced during
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health-seeking and health-providing behaviors. CHWs and HPs
supported the use of mobile devices as they had already been
using them to reach out to their patients. Even if those targeted
among the older population cannot read or do not have a mobile
device, CHWs and HPs believed that their children or
grandchildren could read out the texts for them.

According to the 2012 STEP (World Health Organization
Stepwise Approach to NCD Risk Factor Surveillance) survey
in Tanzania, the prevalence of diabetes for men increased with
age and reached at peak at the age group of 45-54 while the
prevalence for women was high at the age group of 55-64. In
the same survey, the prevalence of both diastolic and systolic
blood pressure increased with age, and it reached peak level at
the age group of 55-64 years [10]. This study covered the major
age range of the DM and HT patients in Tanzania. mHealth
interventions must be accessible to patients with NCD in rural
Dodoma, and if SMS text messages are used, they must be
effective and deemed culturally appropriate in order to manage
the disease. For example, based on observations made by the
facilitator during the focus groups, the research team interpreted
different levels of understanding for the mHealth concept among
patients across 3 districts. Dialects and cultural diversity were
reported within the region. A CHW suggested a combination
of SMS text messaging and supports by CHWs; this would
facilitate patients’management of disease and lead to culturally
appropriate understanding by local patients. The mHealth
intervention program would ideally be implemented locally in
terms of consistency and sustainability.

Although the utility of text messages was positively accepted
among patients, preferably, the sender of the text messages
should acquire community trust in advance to disseminate the
NCD management information. HPs and CHWs shared some

concerns that a text-only approach may not be sufficient to elicit
behavioral change among patients. CHWs stated that they would
also like to continue making phone calls, as calling may be
easier than typing text messages (although our intervention
design did not ask CHWs to prepare text messages), and
patients’ understanding can be checked immediately. HPs
preferred to combine text messages with other means of health
promotion, such as billboards, TV, or radio, since they thought
those means cover more people and offer more preventive
effects.

The involvement of CHWs in the program could be helpful to
reinforce the outcomes of text-based learning or reminders for
the patients. CHWs were appointed by a chairperson in village
meetings, and they know how to authorize their activity in each
community. As a result, they could connect the community
(patients) with health care facilities (HPs). CHWs’ knowledge
about how to operate health projects in socially tight
communities could be valuable to acquire community trust and
achieve effective communication with patients. Involving
experienced CHWs in the mHealth intervention may help to
improve the implementation fidelity of the project.

To achieve the above, training for CHWs about managing
patients with NCDs is necessary. Many CHWs have expressed
uncertainty regarding knowledge about NCDs, and if there were
such a program, they would like to undergo the necessary
training before joining. Some concerns were also raised by
CHWs such as the cost of using their own mobile device when
working for patients, which they must do in current programs.
To improve the acceptability and sustainability of the
intervention, it is important to minimize the cost of using the
intervention for CHWs.
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Abstract

Background: China has the largest number of patients with type 2 diabetes mellitus (T2DM) in the world. However, owing to
insufficient knowledge of self-management in patients with diabetes, blood glucose (BG) control is poor. Most diabetes-related
self-management applications fail to bring significant benefits to patients with T2DM because of the low use rate and difficult
operation.

Objective: This study aims to examine the effectiveness of the combination of the self-designed web-based T2DM management
software TangPlan and WeChat on fasting BG (FBG), glycated hemoglobin (HbA1c), body weight, blood pressure (BP), and lipid
profiles in patients with T2DM over a 6-month period.

Methods: Participants were recruited and randomized into the TangPlan and WeChat or control groups. Participants in the
control group received usual care, whereas the TangPlan and WeChat participants received self-management guidance with the
help of TangPlan and WeChat from health care professionals, including BG self-monitoring; healthy eating; active physical
exercise; increasing medication compliance; and health education during follow-ups, lectures, or web-based communication.
They were also asked to record and send self-management data to the health care professionals via WeChat to obtain timely and
effective guidance on diabetes self-management.

Results: In this study, 76.9% (120/156) of participants completed the 6-month follow-up visit. After the intervention, FBG
(mean 6.51, SD 1.66 mmol/L; P=.048), HbA1c (mean 6.87%, SD 1.11%; P<.001), body weight (mean 66.50, SD 9.51 kg; P=.006),
systolic BP (mean 127.03, SD 8.00 mm Hg; P=.005), diastolic BP (mean 75.25, SD 5.88 mm Hg; P=.03), serum low-density
lipoprotein cholesterol (mean 2.50, SD 0.61 mmol/L; P=.006), and total cholesterol (mean 4.01, SD 0.83 mmol/L; P=.02) in the
TangPlan and WeChat group were all significantly lower, whereas serum high-density lipoprotein cholesterol (mean 1.20, SD
0.25 mmol/L; P=.01) was remarkably higher than in those in the control group. Compared with the baseline data, significance
was found in the mean change in FBG (95% CI −0.83 to −0.20; P=.002), HbA1c (95% CI −1.92 to −1.28; P<.001), body weight
(95% CI −3.13 to −1.68; P<.001), BMI (95% CI −1.10 to −0.60; P<.001), systolic BP (95% CI −7.37 to −3.94; P<.001), diastolic
BP (95% CI −4.52 to −2.33; P<.001), triglycerides (95% CI −0.16 to −0.03; P=.004), serum low-density lipoprotein cholesterol
(95% CI −0.54 to −0.30; P<.001), and total cholesterol (95% CI −0.60 to −0.34; P<.001) in the TangPlan and WeChat group but
not in the control group (P=.08-.88).
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Conclusions: Compared with usual care for patients with T2DM, the combination of TangPlan and WeChat was effective in
improving glycemic control (decrease in HbA1c and BG levels) and serum lipid profiles as well as reducing body weight in
patients with T2DM after 6 months.

Trial Registration: Chinese Clinical Trial Registry ChiCTR2000028843; https://tinyurl.com/559kuve6

(JMIR Mhealth Uhealth 2022;10(3):e30571)   doi:10.2196/30571

KEYWORDS

type 2 diabetes; glucose control; TangPlan; WeChat; self-management

Introduction

Background
In recent years, diabetes mellitus (DM) has gradually become
an epidemic worldwide. China is the epicenter of the diabetes
epidemic worldwide with an estimated 114.4 million people
with diabetes in 2017 [1], mainly type 2 DM (T2DM). In a
nationally representative cross-sectional survey conducted in
2013 in mainland China, the estimated overall prevalence of
diabetes and prediabetes was 10.9% and 35.7%, respectively
[2]. It has been suggested that medical management of diabetes
alone before complications already accounts for 8.5% of national
health expenditure in China, which puts heavy financial burdens
on the country and patients [3]. Despite the development of
therapeutic drugs and advanced techniques, the blood glucose
(BG) levels of patients with DM are still poorly controlled [4],
leading to various complications [5]. Self-management is
considered the most critical factor in ensuring well-controlled
BG levels, thereby preventing DM complications [6,7].
Self-management includes tracking BG trends, adhering to
medication, monitoring nutrition, and increasing physical
activity based on good diabetes health education [8]. Continuous
DM care needs effective self-management education and support
for both patients and family members.

Previous studies have found that increasing communication
with health care professionals and enhancing diabetes
management are beneficial for glycemic control [9]. However,
Chinese physicians are usually very busy at work; patients only
have a few minutes to consult physicians and fail to gain detailed
DM self-management knowledge in a limited time. Furthermore,
acute diabetic conditions and related chronic conditions force
physicians to solve at least two symptomatic problems during
the visit rather than the more time-consuming management of
diabetes [10]. Only 20% of physicians consider they have the
necessary resources to effectively manage patients with diabetes
[11] and, during a visit, diabetes-specific assessments such as
BG monitoring trends, history of hypoglycemia, foot
examination, and blood pressure (BP) are not always performed.
In addition, few patients have diabetes diaries, which prevents
physicians from providing effective treatment guidance [12].

Growing evidence suggests that emerging telemedicine may
further improve diabetes self-management and clinical outcomes
via the establishment of an active interaction between patients
and health care professionals. Apps are feasible tools to improve
self-management of T2DM [13,14], resulting in positive
self-management behaviors such as appropriate diet, enhanced
physical activity, and BG monitoring [15]. However, despite

these positive outcomes, the reality is that only a small
proportion of patients use apps for diabetes self-management
in China. In particular, older adults with diabetes, who account
for 80.8% of the total number of patients with diabetes [16],
are unable to use all kinds of professional apps well, resulting
in poor use of apps for diabetes self-management. Moreover,
most of the apps are completely new, which is not easy for
middle-aged and older Chinese adults to use. Even in
high-income countries, diabetes app use rate is still low. In
Australia, only 8% of patients with diabetes use apps to support
diabetes self-management [17]. Furthermore, owing to the lack
of interconnected internetworking systems in different hospitals
across China, it is very difficult for health care professionals to
obtain the patient’s diagnosis and treatment records from other
hospitals and continuous follow-up information on patients.

With the development of mobile health, the ways of acquiring
medical consultations have changed. WeChat is an extremely
popular social app in China, and it is also simple for older adults
to operate. Many researchers have reported the effectiveness of
WeChat in chronic disease management, including diabetes,
hypertension, cancer, obesity, stable coronary artery disease,
and chronic obstructive pulmonary disease [18-21]. However,
it is also challenging for health care professionals to give
patients with diabetes detailed self-management advice based
only on WeChat, including diet and exercise advice. Therefore,
we designed a diabetes management software for health care
professionals, TangPlan, which is based on Chinese culture and
can be used in conjunction with WeChat to provide detailed
diabetes self-management advice.

Objective
The primary objective of this study is to estimate the impact of
the combination of TangPlan and WeChat on BG, glycated
hemoglobin (HbA1c), body weight, BP, and lipid profiles in
patients with T2DM for a 6-month period.

Methods

Study Design
This study was designed as a 6-month, nonblinded randomized
controlled trial (ChiCTR2000028843) between April 1, 2020,
and October 31, 2020, to examine the efficacy and feasibility
of the combination of the web-based TangPlan and WeChat on
BG control in patients with T2DM. Potential participants
registered in the community who received the notification calls
about the trial and came for clinic visits were identified by
trained health workers in a community health care center in
Wuxi, China. These participants had established a health record
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in the community health care center before January 2020. The
CONSORT-EHEALTH (Consolidated Standards of Reporting
Trials of Electronic and Mobile Health Applications and Online
Telehealth) checklist is presented in Multimedia Appendix 1.

Ethics Approval
This study was approved by the Jiangnan University Medical
Ethics Committee (JNU20200312IRB04). The study was
conducted in accordance with the CONSORT (Consolidated
Standards of Reporting Trials) ethical guidelines and the
CONSORT-EHEALTH checklist [22]. All researchers involved
had been trained uniformly before the trial started to ensure that
they were familiar with the trial procedures and methods.

Participants
All participants confirmed their willingness to participate in
face-to-face screening interviews to assess their eligibility. Our
health care professionals recorded the participants’ relevant
information, such as the type of disease, cognitive function,
literacy capacity, surgery history in the past 6 months, planned
residence time in the city, and mobile phone operation ability.
After that, based on the inclusion and exclusion criteria, our
health care professionals selected eligible participants for
enrollment.

The criteria for inclusion in the study were as follows: (1)
patients diagnosed with T2DM who met the 1999 World Health
Organization diagnostic criteria; (2) participants with normal
cognitive function who could read and write and voluntarily
participated in the study; (3) no history of major surgery during
the past 6 months, no major surgery plan in the next 6 months,
and absence of any medication condition that could prevent the
patients from walking for 15 to 30 minutes a day; (4) participants
who had lived in Wuxi for more than half a year and were
willing to participate in regular follow-ups; and (5) participants
or family members living with them who could use WeChat
proficiently, including sending and receiving messages, voice
calls, and video calls.

The exclusion criteria for enrollment were as follows: (1)
diagnosis of type 1 DM, gestational DM, maturity-onset diabetes
of the young, or any other type of diabetes; (2) patients
undergoing hemodialysis for chronic kidney disease; (3) history
of any serious heart-related events (such as heart attack or

stroke) in the past year; (4) pregnant patients or patients planning
for a pregnancy in the next 6 months; (5) patients with
disturbance of consciousness and mental disorders; and (6)
patients participating in other intervention studies.

The participants received no compensation but were enrolled
in the program for free. Before participating in the program,
informed consent was obtained from each participant to use
their data for clinical research.

Sample Size
The sample size was calculated based on a completely random
design using the sample size formula for the comparison of the
mean of 2 independent samples. The trial was designed for
analysis using 2-tailed tests, with type I and II error rates set at
0.05 and 0.1, respectively. We used the difference in the mean
HbA1c (0.91%) between the intervention and control groups
along with the SD (1.14 for the intervention group and 1.61 for
the control group) from a study on diabetes education and SMS
text messaging reminders on metabolic control and disease
management in patients with T2DM [23]. The latter study was
similar to our trial as both were randomized controlled trials
with primary outcomes of HbA1c. The calculations indicated
that the total sample size required for each group was 50.
Considering a dropout rate of up to 20%, the final sample size
was determined to be ≥60 cases in each group.

Program

Diabetes Self-management Education Team
Our multidisciplinary team comprised health care professionals,
including the general physician from the community health care
center, a diabetes specialist nurse, physicians from the
department of endocrinology, physicians from the department
of rehabilitation, a dietitian, and trained diabetes health
educators.

TangPlan Software
The diabetes management software TangPlan (Figure 1) was
designed by our multidisciplinary team using the focus group
method, and technical support was provided by Wuxi Wutong
Leaf Technology Co, Ltd. TangPlan includes 6 functional
modules (Textbox 1).
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Figure 1. TangPlan website.

Textbox 1. The 6 functional modules included in TangPlan.

1. Patient list module: Each patient’s information includes name, sex, date of birth, health insurance card number, mobile phone number, education
level, food allergy, religious beliefs, normal exercise type and duration, body height, body weight, BMI, physical activity (intensity grades include
very light, light, middle, and heavy), type 2 diabetes mellitus (T2DM) duration in years, glycated hemoglobin (HbA1c), systolic blood pressure,
diastolic blood pressure, fasting blood glucose (BG), 2-hour postload BG, serum triglycerides, high-density lipoprotein cholesterol, low-density
lipoprotein cholesterol, total cholesterol, medication (oral hypoglycemic agents, insulin, or both), and comorbidity (including hypertension,
hyperlipidemia, coronary heart disease, cerebral infarction, and myocardial infarction).

2. BG monitoring module: The patient’s BG level is recorded in this module, and a dynamic BG chart is generated.

3. Personalized nutrition customization module: In the food management submodule, all ingredients are divided into six categories: cereals, vegetables,
fruits, beans and bean products, meat and fish, and oil. Each ingredient has an exact nutritive value, including water; protein; fat; dietary fiber;
carbohydrates; and vitamins, calories, sodium, calcium, iron, glycemic index, and glycemic load. In the recipe design submodule, based on the
patient’s personalized information from the patient list module and BG monitoring module, the calorie requirement and the dietary recipe are
automatically designed for each patient by a general physician, a physician from the department of endocrinology, or a dietitian. The software
can automatically generate a weekly recipe and does not use ingredients with a higher glycemic index and load, and some ingredients can be
adjusted based on the patient’s willingness.

4. Physical activity module: Physical activity includes aerobic and resistance exercises. Aerobic exercises include walking, jogging, long-distance
swimming, cycling, tai chi, and fitness dance. Resistance exercises include push-ups, sit-ups, squats, barbell curls, upright lifts, bend lifts, bench
presses, and overhead presses. According to the participant’s previous exercise experience, physicians from the department of endocrinology
and rehabilitation select the appropriate physical activity and ascertain the exercise time after careful assessment.

5. Medication guidance module: According to the patient’s economic and medical conditions combined with the patient’s medication history, the
patient’s medication situation can be recorded. In addition, a physician from the department of endocrinology provides reasonable medication
guidance.

6. Health education module: The T2DM-related knowledge misunderstandings of each patient are recorded so that our team members, especially
the diabetes specialist nurse and trained diabetes health educators, can correct them during diabetes health education.
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Allocation
After the participants were finally determined to be eligible to
participate in this research, they were notified to go to the
community health care center at a designated time and digitally
randomized in a 1:1 allocation ratio either to the combination
of TangPlan and WeChat group or usual care alone (control)
group. After the results of the grouping were released, the
participants were not allowed to switch groups.

Intervention and Control Groups

Diabetes Usual Care (Control Group)
Participants in the control group went to the diabetes clinic of
the community health care center and received usual care,
including medication adjustment, guidance on a healthy and
reasonable diet, suggestions on BG self-monitoring, and physical
activity.

Combination of TangPlan and WeChat Care (TangPlan
and WeChat Group)
Our team members collected all the information needed of each
TangPlan and WeChat group participant in the TangPlan patient
list module before the program started. During the first visit of
the TangPlan and WeChat participants, we added them as
WeChat friends, created a WeChat group, and ensured that the
participants could use it proficiently. The program coached the
participants in five areas: improving BG self-monitoring, healthy
eating, active physical exercise, increasing medication
compliance, and health education (Figure 2).

In terms of BG self-monitoring, we asked the participants about
the frequency of BG monitoring at home and evaluated the
effects of medication, diet, and physical activity on BG control.
We then gave recommendations on the BG monitoring time
and frequencies of the participants with T2DM. We also told
the participants that, once they tested their BG at home, they

should send the data to us via WeChat, and then we could record
it in TangPlan and provide personalized recommendations.

Next, we used TangPlan to automatically design a personalized
weekly diet plan, adjusted some ingredients based on the
participant’s willingness, and finally printed the dietary recipe
for the participant (Multimedia Appendix 2). We formulated
the various ingredients that the participants needed every day,
and the combination of ingredients and cooking methods was
determined by the participants themselves. The participants
generally thought that they could accept the dietary recipes. We
encouraged the participants to keep a diet diary and bring it
during follow-ups.

Physical activity was carried out under the guidance of
physicians from the departments of endocrinology and
rehabilitation. They performed medical assessments of
cardiopulmonary and exercise function before physical activity.
For general patients with T2DM, the goal was to exercise ≥5
days a week with 30 minutes of aerobic exercise each time,
including tai chi and walking. If the participant had no
contraindications, resistance exercise should be performed 2-3
times a week at intervals of >48 hours. The participants were
asked to keep posting in the WeChat group upon completion
of the exercises. If the participant’s BG fluctuated greatly or
had acute metabolic complications, the participant needed to
wait until the condition was stabilized before gradually returning
to exercise. We regularly evaluated whether the exercise
program was suitable for the participant and made corresponding
adjustments.

To reduce or avoid missed medications, the participants were
also required to keep posting in the WeChat group after taking
medications, and team members were responsible for the
statistics. For participants who had not kept posting, they were
notified by us on WeChat.

Figure 2. The general framework of the program.
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Wed-based health education was conducted between team
members and participants. First, before the program was
launched, our team members evaluated the participants’
knowledge of diabetes, medication use, insulin injection, BG
monitoring, and diet and exercise. Second, we held T2DM
self-management lectures regularly. Physicians, dietitians,
diabetes specialist nurses, and trained diabetes health care
educators in our team explained the T2DM-related knowledge,
including pathogenesis; inducements; and the importance of
regular BG monitoring, reasonable diet, medication
administration, exercise, and correct BG monitoring methods.
We reserved time during each lecture to encourage the
participants to ask questions, and the team members answered
patiently. After that, we held a T2DM health knowledge
competition and encouraged the participants to interact with
others. We gave rewards to the participants with outstanding
performances. Finally, we conducted web-based health
education through the WeChat group. We reminded the
participants to take part in the interaction on time by sending
messages and making phone calls, guided the participants to
express their thoughts and experiences in the WeChat group,
praised them for the right approach, and pointed out their
mistakes. The focus was to guide the participants to realize the
importance of regular medication, reasonable diet, proper
exercise, and BG monitoring for glycemic control and to
enhance the participants’health awareness and self-management
capabilities.

The participants were asked to record self-management data,
including BG, meals, physical activity, and medication
administration, and they sent this information to the team via
WeChat. We reviewed the participants’ data daily, provided
dietary recipes once a week, responded to participants’ and
family members’ queries, and provided personalized feedback
during each interaction. We also provided weekly and monthly
summaries to the participants during follow-ups or through
WeChat voice calls during the program.

Outcome Measures

Overview
Outcome data were collected at baseline and 6 months after the
intervention began. All participants were told to go to the
community health care center for follow-up at the specified
follow-up time and keep a fasting state. The primary outcome
measure of the study was the change in fasting BG (FBG) and
HbA1c levels in the control and TangPlan and WeChat groups
before and after the intervention. The main secondary outcomes
included changes in body weight, BMI, BP, and serum lipid
profiles. The above indicators were all determined by the
laboratory department of the community health care center and
by research assistants who did not know the grouping.

Anthropometric Parameters
When the participants arrived at the community health care
center in a fasting state, their body weight and height were
measured. Height was determined to the nearest 0.5 cm using
a standard height gauge. BMI was calculated as weight

(kg)/height (m)2.

Blood Test and BP
The nurses took venous blood samples for FBG, HbA1c, and
serum lipid profile measurement. After distributing breakfast
and instructing the participants to eat, blood was drawn again
2 hours later to measure 2-hour postload BG. During the waiting
interval of the participants, their BP was measured after ensuring
that the participants had been resting for at least 30 minutes.

Statistical Analyses
Statistical analyses were performed using SPSS (version 22.0;
IBM Corp). The Kolmogorov–Smirnov test or Q–Q plot was
used to evaluate the normal distribution. Descriptive data are
presented as mean and SD for continuous variables and
frequency, with proportions for categorical variables. The
2-tailed independent sample t test and Mann–Whitney U test
were used to assess the differences between groups of normally
and nonnormally distributed data, respectively. The paired t test
and Wilcoxon test were used to test the differences before and
after the intervention for normally and nonnormally distributed
data, respectively. According to the Guidelines for the
Prevention and Treatment of Type 2 Diabetes in China proposed
by the Chinese Diabetes Society in 2017, a reasonable HbA1c

control target is <7%. In treatment, HbA1c ≥7% can be used as
an important criterion for the initiation of clinical treatment of
T2DM or the need to adjust the treatment plan. Accordingly,
we divided the HbA1c levels of the patients into two categories:
HbA1c <7% (normal) and HbA1c ≥7% (abnormal). The
McNemar test was used to determine the impact of the
intervention on the HbA1c levels of the control and TangPlan
and WeChat groups before and after the intervention. P<.05
was considered statistically significant.

Results

Overview
A total of 343 participants with T2DM were assessed for
eligibility, of whom 187 (54.5%) were excluded (Figure 3). In
total, 52 participants declined to take part because they were
not interested in the program (18/52, 35%), did not want to pay
much attention to diabetes (14/52, 27%), thought they did not
need help (15/52, 29%), or had no reason (5/52, 10%). A total
of 156 participants were randomized into the TangPlan and
WeChat group (78/156, 50%) or the control group (78/156,
50%). Of these, 120 participants (TangPlan and WeChat: 64/120,
53.3%; control: 56/120, 46.7%) completed the follow-up
assessments, yielding a retention rate of 76.9% (120/156).
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Figure 3. Participant flow diagram. HbA1c: glycated hemoglobin.

Baseline Characteristics of the Participants
The baseline characteristics of the participants are presented in
Multimedia Appendix 3. Approximately 64% (36/56) male and
36% (20/56) female participants completed the trial in the
control group, whereas 63% (40/64) male and 38% (24/64)
female participants completed the trial in the TangPlan and
WeChat group. No statistically significant differences in baseline
characteristics, including age (P=.09), education level (P=.65),
family monthly income (P=.49), T2DM duration in years
(P=.66), body weight (P=.13), BMI (P=.10), HbA1c (P=.84),
FBG (P=.35), 2-hour postload BG (P=.36), serum lipid profiles,
medication (P=.61), and presence of comorbidities (P=.76),
were found between the control and TangPlan and WeChat
groups.

Changes in FBG and HbA1c

After 6 months, the FBG (mean 6.51, SD 1.66 mmol/L) and
HbA1c (mean 6.87%, SD 1.11%) levels of the TangPlan and
WeChat group were both significantly lower than those of the
control group (FBG: mean 7.71, SD 2.70 mmol/L; HbA1c: mean
8.42%, SD 1.83%; Figure 4A and B). Compared with the
baseline data, the mean change in FBG and HbA1c in the control
group was −0.21 mmol/L (SD 0.87 mmol/L; 95% CI −0.02 to
0.44 mmol/L; P=.08; Figure 4C) and −0.11% (SD 0.55%; 95%
CI −0.26% to 0.04%; P=.15; Figure 4E), respectively, whereas

the mean change in FBG and HbA1c in the TangPlan and
WeChat group was 0.51 mmol/L (SD 1.24 mmol/L; 95% CI
−0.83 to −0.20 mmol/L; P=.002; Figure 4D) and −1.6% (SD
1.28%; 95% CI −1.92% to −1.28%; P<.001; Figure 4F),
respectively.

In this trial, 23% (13/56) of participants had normal HbA1c

levels, and 77% (43/56) of participants had abnormal HbA1c

levels in the control group (Table 1). After 6 months of
follow-up, there was no change in the number of abnormal and
normal HbA1c levels, but 15% (2/13) of the participants with
normal HbA1c levels demonstrated abnormal HbA1c levels, and
5% (2/43) of the participants with abnormal HbA1c levels had
normal HbA1c levels. The McNemar test revealed that there
was no statistical difference in the proportion of participants
with normal HbA1c levels before and after the intervention
(P=.99). In the TangPlan and WeChat group, 27% (17/64) of
participants had normal HbA1c levels, and 73% (47/64) of
participants had abnormal HbA1c levels before the intervention.
After 6 months, 58% (37/64) of participants showed normal
HbA1c levels, and 42% (27/64) of participants had abnormal
HbA1c levels. Among them, 74% (20/27) of the participants
with abnormal HbA1c levels had normal HbA1c levels. There
was a significant difference in the proportion of participants
with normal HbA1c levels before and after the intervention
(P<.001).
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Figure 4. Comparison of fasting blood glucose and glycated hemoglobin (HbA1c) levels. (A) Fasting blood glucose difference between the control and
TangPlan and WeChat groups after 6 months, (B) HbA1c difference between the control and TangPlan and WeChat groups after 6 months, (C) fasting
blood glucose changes in the control group at baseline and 6 months, (D) fasting blood glucose changes in the TangPlan and WeChat group at baseline
and 6 months, (E) HbA1c changes in the control group at baseline and 6 months, and (F) HbA1c changes in the TangPlan and WeChat group at baseline
and 6 months. In (A) and (B), data are shown as mean and SD.
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Table 1. Distribution of HbA1c levels before and after the intervention (N=120).

P valueAfter the intervention, n (%)Before the intervention

HbA1c≥7%HbA1c
a<7%

.99Control group (n=56)

2 (4)11 (19)HbA1c<7%

41 (73)2 (4)HbA1c ≥7%

<.001TangPlan and WeChat group (n=64)

0 (0)17 (27)HbA1c<7%

27 (42)20 (31)HbA1c ≥7%

aHbA1c: glycated hemoglobin.

Changes in Body Weight, BMI, BP, and Serum Lipid
Profiles
The body weight, BP, and serum lipid profiles of the participants
at the end of the study are shown in Table 2. The body weight
(mean 66.50, SD 9.51 kg) of the TangPlan and WeChat group
was significantly lower than that of the control group (mean
71.91, SD 11.36 kg; P=.006), but no significant difference in
BMI was observed (P=.10). Compared with the control group,
the serum high-density lipoprotein cholesterol (HDL-C) level
of the TangPlan and WeChat group (mean 1.20, SD 0.25

mmol/L) was significantly higher (P=.01), whereas systolic and
diastolic BP (systolic BP: mean 127.03, SD 8.00 mm Hg and
P=.005; diastolic BP: mean 75.25, SD 5.88 mm Hg and P=.03),
serum low-density lipoprotein cholesterol (LDL-C; mean 2.50,
SD 0.61 mmol/L; P=.006), and total cholesterol (TC; mean
4.01, SD 0.83 mmol/L; P=.02) levels in the TangPlan and
WeChat group were significantly lower. In addition, the
proportion of participants with HbA1c <7% in the TangPlan and
WeChat group was significantly higher than that in the control
group (P<.001).

Table 2. Differences in body weight, BMI, blood pressure, and serum lipid profiles after 6 months (N=120).

P valueTangPlan and WeChat group (n=64)Control group (n=56)OverallCharacteristic

.00666.50 (9.51)71.91 (11.36)69.02 (10.72)Body weight (kg), mean (SD)

.1022.92 (4.86)24.53 (5.74)23.67 (5.32)BMI (kg/m2), mean (SD)

.005b127.03 (8.00)132.96 (11.56)129.80 (10.22)SBPa (mm Hg), mean (SD)

.03b75.25 (5.88)77.96 (7.64)76.52 (6.87)DBPc (mm Hg), mean (SD)

Serum lipid profiles (mmol/L), mean (SD)

.33b1.43 (0.40)1.78 (1.10)1.59 (0.83)TGd

.011.20 (0.25)1.08 (0.25)1.15 (0.26)HDL-Ce

.006b2.50 (0.61)2.96 (0.84)2.71 (0.76)LDL-Cf

.024.01 (0.83)4.42 (1.00)4.22 (0.95)TCg

<.001HbA1c
h distribution, n (%)

37 (57.8)13 (23.2)50 (41.7)HbA1c <7%

27 (42.2)43 (76.8)70 (58.3)HbA1c ≥7%

aSBP: systolic blood pressure.
bMann–Whitney U test was used.
cDBP: diastolic blood pressure.
dTG: triglycerides.
eHDL-C: high-density lipoprotein cholesterol.
fLDL-C: low-density lipoprotein cholesterol.
gTC: total cholesterol.
hHbA1c: glycated hemoglobin.

The mean changes in body weight, BP, and serum lipid profiles
during the 6-month follow-up are illustrated in Table 3.

Compared with the baseline data, the mean changes in body
weight (P<.001), BMI (P<.001), systolic BP (P<.001), diastolic
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BP (P<.001), triglycerides (TG; P=.004), HDL-C (P=.001),
LDL-C (P<.001), and TC (P<.001) in the TangPlan and WeChat

group were significantly improved after the intervention, which
was not observed in the control group.

Table 3. Changes in body weight, BMI, blood pressure, and serum lipid profiles during the 6-month follow-up (N=120).

TangPlan and WeChat group (n=64)Control group (n=56)Characteristic

P valueMean (SD; 95% CI)P valueMean (SD; 95% CI)a

<.001−2.40 (2.84; −3.13 to −1.68).19b−0.17 (0.91; −0.42 to 0.08)Body weight (kg)

<.001b−0.85 (0.99; −1.10 to −0.60).09b−0.06 (0.33; −0.15 to 0.03)BMI (kg/m2)

<.001−5.66 (6.87; −7.37 to −3.94).84−0.16 (5.99; −1.76 to 1.44)SBPc (mm Hg)

<.001−3.38 (4.57; −4.52 to −2.33).26−0.66 (4.36; −1.83 to 0.51)DBPd (mm Hg)

Serum lipid profiles (mmol/L)

.004−0.09 (0.24; −0.16 to −0.03).530.01 (0.11; −0.02 to 0.04)TGe

.0010.05 (0.10; 0.02 to 0.07).16−0.02 (0.95; −0.05 to 0.01)HDL-Cf

<.001−0.42 (0.46; −0.54 to −0.30).88−0.01 (0.45; −0.13 to 0.11)LDL-Cg

<.001−0.47 (0.51; −0.60 to −0.34).68−0.03 (0.48; −0.16 to 0.11)TCh

aMean was obtained by calculating the average of the values derived from the value after the intervention minus the value before the intervention for
the same individual.
bWilcoxon test was used.
cSBP: systolic blood pressure.
dDBP: diastolic blood pressure.
eTG: triglycerides.
fHDL-C: high-density lipoprotein cholesterol.
gLDL-C: low-density lipoprotein cholesterol.
hTC: total cholesterol.

Discussion

Principal Findings
This study assessed the effectiveness of the combination of the
web-based TangPlan software and WeChat app in improving
glycemic control (decrease in HbA1c and BG levels) and serum
lipid profiles (decline in TG, LDL-C, and TC and increase in
HDL-C) as well as reducing body weight in patients with T2DM
after 6 months of the program. Patients who used the TangPlan
and WeChat–based intervention for 6 months reduced their
HbA1c levels by 1.6%, FBG levels by 0.51 mmol/L, body weight

by 2.40 kg, BMI by 0.85 kg/m2, TG levels by 0.09 mmol/L,
LDL-C levels by 0.42 mmol/L, and TC levels by 0.47 mmol/L
and increased their HDL-C levels by 0.05 mmol/L.

Although many well-established methods of patient care have
improved the clinical profile and complications associated with
diabetes, the BG control rate is still at a low level. Owing to
poor health education, the proportion of patients with diabetes
who have optimal glycemic control (HbA1c <7%) in China is
<40%, and the rate is much lower in older adults [24,25]. With
the inability to achieve control of BG, diabetes symptoms, and
diabetes-related comorbidities through routine follow-up and
patient self-management, interventions using mobile technology
may improve the treatment effects of diabetes. As an adjuvant
to standard self-management, some diabetes apps lead to a
clinically remarkable reduction in HbA1c levels [20], whereas

some apps fail to improve HbA1c levels [26]. However, although
many diabetes apps have been developed in China, their use
rate is only 15.44%. Use is higher among patients with type 1
diabetes than among patients with T2DM. The reasons why
patients discontinue the use of an app include limited time
(29.9%), complicated operations (25.4%), ineffectiveness for
glycemic control (24.4%), and cost (19.3%) [27]. It has been
reported that older patients have increased difficulty navigating
and engaging with diabetes apps and are less likely to benefit
from diabetes apps than younger patients [13].

WeChat is an extremely popular social app in China, and it is
also easy to operate and can offer multiple functions, including
texting and voice messages, free voice and video calls, group
chats, and subscribing to public accounts. The value of WeChat
in chronic disease management in China lies in that it can
effectively overcome current difficulties such as time conflicts,
geographic distance, and economic problems. This research in
Henan Province, China, showed that offering health education
through the WeChat platform for patients with diabetes by
sending and explaining diabetes-related knowledge improved
glycemic control [28]. Patients with diabetes who intervened
through WeChat could receive a better education on BG
self-monitoring, reasonable diet, exercise prescription,
compliance with prescribed drugs, management of hypoglycemia
and hyperglycemia, and weight control through communicating
with nurses on WeChat. The frequency of communication
between nurses and patients was 3 to 5 times in the first week,
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2 to 4 times in the second week, and only once from the third
week to the end. In the sixth month, the HbA1c levels of the
patients in the WeChat group were lower than those with usual
care [29]. Another study with 2 years of follow-up demonstrated
that WeChat could contribute to the establishment of a
systematic health education model. Similar to what we did in
this study, patients were also encouraged to monitor their BG,
communicate regularly with the health education team via
WeChat, and bring a record book to appointments, leading to
lower HbA1c levels and increasing compliance with the control
criteria [30]. However, Chinese health care professionals are
busy, and it is difficult for them to spend a lot of time giving
patients with diabetes timely and complete self-management
guidance only through WeChat. In this study, we designed a
software named TangPlan for health care professionals, which
contains multiple modules for diabetes management, especially
the time-saving personalized nutrition customization module.
TangPlan can help health care professionals take a short time
to manage patients with diabetes, including automatically
generating weekly personalized dietary recipes and recording
BG monitoring values and exercise. In Chinese patients with
poorly controlled diabetes, it was not easy to achieve long-term
effective glucose improvement using app self-management
alone, but combining it with wed-based management can help
achieve rapid and sustained glycemic control [29]. The
combination of WeChat and TangPlan in this trial brought
benefits to patients with T2DM, which is suggested through
improved HbA1c levels, FBG levels, BP, and lipid profiles.
However, we also need to enhance the interaction with patients
to ensure timely tracking and feedback of the patients’ data.

The effectiveness of the intervention was evaluated through a
significant reduction in HbA1c levels. Studies have shown that
a 0.5% to 1% reduction in HbA1c levels is considered clinically
significant and can reduce the risk of complications [31]. Even
the Food and Drug Administration in the United States requires
a 0.4% decline in HbA1c levels for drug evaluation [32]. The
results of the UK Prospective Diabetes Study showed that a
0.9% reduction in HbA1c levels was related to a 25% decrease
in microvascular complications, a 10% decrease in
diabetes-related mortality, and a 6% reduction in all-cause
mortality [33,34]. According to the evidence-based practice
guidelines for diabetes in the United States, only 37% of persons
with diabetes meet the HbA1c target of <7%, and only 7% meet
the combined glycemic, lipid, and BP goals [35]. We found that
the combination of TangPlan and WeChat increased the
proportion of patients with diabetes who met the HbA1c target
in the TangPlan and WeChat group from 27% (17/64) to 58%
(37/64) after the intervention. This did not change in the control
group. We believe that the average decline of 1.6% in HbA1c

levels in the TangPlan and WeChat group was significant in
reducing the risk of diabetes-related complications and mortality.

FBG is another indicator of glycemic control and correlates
with HbA1c levels. A study showed that FBG levels >5.6
mmol/L but not of 3.9 to 5.6 mmol/L were associated with death
[36]. Evidence indicates that a chronic hyperglycemic state is
associated with impaired immunity [37], and FBG levels ≥7.0
mmol/L at admission are an independent predictor for 28-day

mortality in patients with COVID-19 without a previous
diagnosis of diabetes [38]. Hyperglycemia is also a risk factor
for cardiovascular disease in T2DM [39]. The combination of
TangPlan and WeChat remarkably decreased FBG levels, which
indicated an additional benefit of reduction in cardiovascular
risk among these patients.

Weight loss is one of the goals in the management of diabetes
and is associated with improvements in HbA1c levels [40]. The
prospective Swedish Obese Subjects study revealed that weight
reduction through gastric surgery performed on patients with
obesity had a dramatic effect on the 8-year incidence of diabetes
but no effect on the 8-year incidence of hypertension [41]. Each

5 kg/m2 decrease in BMI will prevent approximately 30%
overall mortality in the population with diabetes [42]. The

significant decrease in weight (2.40 kg) and BMI (0.85 kg/m2)
among the TangPlan and WeChat group after 6 months of the
program highlights the importance of weight reduction in
ameliorating HbA1c levels.

A variety of studies suggest that glucose alone is not responsible
for diabetic complications, especially in individuals with T2DM
[43,44]. Rather, the responsibility lies in a cluster of factors,
including dyslipidemia, obesity, and hypertension, which have
an impact on the adipose tissue fatty acid metabolism that
underlines the onset and progression of diabetic complications
[45]. The combination of TangPlan and WeChat exerted a
beneficial effect on serum lipid profiles, illustrated by TG, TC,
and LDL-C reduction and HDL-C elevation, further confirming
the possibility of the TangPlan and WeChat intervention to
reduce the incidence of diabetic complications.

To our knowledge, this study is one of the first to report the
effectiveness of the combination of a self-designed diabetes
management software and WeChat on glycemic control and
other metabolic indicators. During the intervention process,
whether it was during the follow-up, diabetes education lectures,
or web-based communication via WeChat, there were frequent
interactions between health care professionals and patients with
diabetes, which might help promote a more harmonious
relationship. However, one of the limitations of this trial was
that the occurrence and progression of diabetes complications
were not evaluated after the intervention. In addition, the
program was performed for a short duration, and we did not
independently quantify the influence of other behaviors and
lifestyles on glycemic control. The loss of data during follow-up
also limited the scope of this study. Future studies with a larger
sample and better control will be able to further determine the
effectiveness of the program.

Conclusions
The combination of TangPlan and WeChat demonstrated an
incremental decline in HbA1c and FBG levels, body weight, and
BP as well as improvements in serum lipid profiles during the
6-month program, indicating the feasibility, acceptance, and
value of using a novel method for diabetes management. The
results of this study can be further explored to assess the
long-term acceptability, cost-effectiveness, and durability of
the principal findings as well as the feasibility of the program
in a larger population.
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Abstract

Background: Low-carbohydrate ketogenic diets are a viable method to lose weight that have regained popularity in recent
years. Technology in the form of mobile health (mHealth) apps allows for scalable and remote delivery of such dietary interventions
and are increasingly being used by the general population without direct medical supervision. However, it is currently unknown
which factors related to app use and user behavior are associated with successful weight loss.

Objective: First, to describe and characterize user behavior, we aim to examine characteristics and user behaviors over time of
participants who were enrolled in a remotely delivered clinical weight loss trial that tested an mHealth ketogenic diet app paired
with a breath acetone biofeedback device. Second, to identify variables of importance to weight loss at 12 weeks that may offer
insight for future development of dietary mHealth interventions, we aim to explore which app- and adherence-related user
behaviors characterized successful weight loss.

Methods: We analyzed app use and self-reported questionnaire data from 75 adults with overweight or obesity who participated
in the intervention arm of a previous weight loss study. We examined data patterns over time through linear mixed models and
performed correlation, linear regression, and causal mediation analyses to characterize diet-, weight-, and app-related user behavior
associated with weight loss.

Results: In the context of a low-carbohydrate ketogenic diet intervention delivered remotely through an mHealth app paired
with a breath acetone biofeedback device, self-reported dietary adherence seemed to be the most important factor to predict weight
loss (β=–.31; t54=–2.366; P=.02). Furthermore, self-reported adherence mediated the relationship between greater app engagement
(from c=–0.008, 95% CI –0.014 to –0.0019 to c’=–0.0035, 95% CI –0.0094 to 0.0024) or higher breath acetone levels (from
c=–1.34, 95% CI –2.28 to –0.40 to c’=–0.40, 95% CI –1.42 to 0.62) and greater weight loss, explaining a total of 27.8% and
28.8% of the variance in weight loss, respectively. User behavior (compliance with weight measurements and app engagement)
and adherence-related aspects (breath acetone values and self-reported dietary adherence) over time differed between individuals
who achieved a clinically significant weight loss of >5% and those who did not.

Conclusions: Our in-depth examination of app- and adherence-related user behaviors offers insight into factors associated with
successful weight loss in the context of mHealth interventions. In particular, our finding that self-reported dietary adherence was
the most important metric predicting weight loss may aid in the development of future mHealth dietary interventions.
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Introduction

Background
Overweight and obesity are strongly associated with a number
of chronic health conditions, including cardiovascular disease
and type 2 diabetes [1]. Approximately 39% and 13% of adults
worldwide are living with overweight and obesity, respectively
[2], and it is estimated that 40% of adults living in the United
States are attempting a weight loss diet every year [3]. Although
various diets can be used to achieve a reduction in body weight,
successful weight loss requires a sustained decrease in caloric
intake that necessitates behavior modification for long-term
dietary adherence. For example, self-monitoring of dietary intake
and body weight has been shown to aid in achieving weight
loss [4]. Mobile technology, such as smartphone mobile health
(mHealth) apps, now offers a platform for innovative and highly
scalable interventions to be delivered to a broad audience. Apps
can offer dietary guidance and assist in implementing behavior
changes; for example, through interaction-enabled (eg, tracking)
features, notification reminders, and educational content.

A low-carbohydrate, high-fat ketogenic diet is a popular weight
loss diet that has robust impacts on metabolism [5]. A ketogenic
diet aims to restrict carbohydrate intake to enable the liver to
produce ketone bodies (acetoacetate, acetone, and
beta-hydroxybutyrate) from free fatty acids, which can be used
as an alternative fuel source and which give the diet its name.
Although such diets have been shown to be a viable method to
successfully lose weight [6], they require knowledge on the part
of the dieter related to the macronutrient composition of foods
to restrict carbohydrate intake appropriately to achieve ketosis.
The diet’s complex nature may present a burden of entry to
people trying to lose weight by means of a ketogenic diet
because it can be difficult for people wishing to lose weight to
know which foods to eat to maintain a state of ketosis.

Keyto App
Keyto Inc (Keyto) is a company offering an app that provides a
Mediterranean-based ketogenic diet intervention. With in-app
resources such as recipes, meal plans, and informative articles,
the program guides users to follow a low-carbohydrate diet with
a focus on fats that fit the Mediterranean guidelines [7] to
promote ketosis while counteracting detrimental blood lipid
changes known to commonly arise with ketogenic diets high in
saturated fat [8]. The app is paired with a hand-held device that
measures acetone levels in the breath and serves as a
noninvasive biofeedback measure of ketosis, while allowing
for self-monitoring of dietary compliance and providing insight
into how different foods affect fat burning and ketosis. In a
previous randomized clinical trial, the app was shown to be
effective for inducing weight loss and improving

cardiometabolic health (ie, markers of glycemic control and
liver damage) without worsening blood lipid profiles [9].
However, it is currently unknown how adults who are seeking
to lose weight engage with the app and what might predict
success of such a weight loss intervention. The purpose of this
study is therefore to examine user behavior of adults using the
Keyto weight loss app in a real-world setting and to identify
intervention-specific (ie, app use– and adherence-related)
behaviors that would predict successful weight loss.

Methods

Design
This study is a secondary analysis of app use and outcome data
from the intervention group of a previous mHealth-based
randomized clinical trial [9]. The original trial examined weight
loss and cardiometabolic risk between participants receiving
the Keyto app paired with a breath acetone biofeedback device
and those receiving WW International Inc’s WW app (formerly
Weight Watchers International Inc is now WW International
Inc) as an active comparator group over the course of 12
(primary end point) and 24 (secondary end point) weeks, as per
registration on ClinicalTrials.gov (NCT04165707) and the
published protocol (DERR1-10.2196/19053) [10]. The trial was
conducted remotely out of Canada with participating individuals
living in California. This paper aims to (1) examine
characteristics and behaviors of users in this trial as they relate
to dietary adherence and app use and (2) identify predictors of
weight loss.

Ethics Approval
This study was approved by the University of British Columbia’s
clinical research ethics board (H19-01341) and all participants
provided written informed consent digitally prior to data
collection.

Participant Recruitment and Study Flow
As described previously [9,10], participants were recruited
through web-based advertisements and an email listserv.
Interested participants completed a web-based questionnaire to
determine eligibility and, if deemed eligible, scheduled a phone
call with a research team member to confirm eligibility and
clarify any remaining questions. After the phone call,
participants provided informed consent and, if randomized to
the Keyto intervention, downloaded the app using a
study-provided username and password to access the
intervention and ensure anonymity. In addition, participants
were sent a Bluetooth scale (iHealth Lina) that transmitted
weight data to a cloud-based server to be accessed by the
research team. The primary intervention phase was 12 weeks,
with a secondary end point at 24 weeks, during which
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participants were asked to follow the dietary intervention based
on guidance through the app.

Mobile Weight Loss Intervention
The mobile intervention program was delivered entirely
remotely through the app and without in-person interaction with
the research team. The app provided to the intervention group
was developed by a multidisciplinary team, including a
cardiologist, an engineer, and a physician, and is commercially
available. Details of the intervention have been previously
described [9,10], but briefly, users are encouraged to follow a
low-carbohydrate ketogenic diet with a focus on consuming
fats from plant- (eg, olive oil and avocado) and fish-based (eg,
salmon) sources that fit the Mediterranean diet pattern [7]. Users
are not required to track their food intake but are encouraged
to stick to recommended portion sizes and eat until satiety.
In-app articles provide meal ideas, suggested shopping lists,
advice to avoid common pitfalls, and background information
about the ketogenic diet. Users can also join support groups to
engage with other users.

An accompanying biofeedback device that pairs with the app
measures acetone in the breath as a biomarker of ketosis [11].
The pen-sized device contains a nanostructured gas sensor with
a semiconducting metal oxide core selective to acetone and each
sensor is individually stabilized and calibrated during the
production process. Upon breathing into the device, users
receive a Keyto Level ranging from 0 (lowest) to 6+ (highest)
as an indicator of the degree of ketosis and as a surrogate for
fat loss [12]. In case of a lower score (0-3), participants are
instructed to further restrict carbohydrate intake and prioritize
high-fat foods, whereas in case of a higher score (≥4),
participants are encouraged to continue with their current dietary
habits. Participants in this trial were asked to use the
accompanying breath acetone biofeedback device 3 times daily
(first thing in the morning and before lunch and dinner).

Measures

Weight Loss Data
Participants were asked to weigh themselves daily on the
study-provided Bluetooth scale. As described previously [9,10],
baseline weight was considered the first weight measurement
on the start day of the trial or, if no weight was recorded on that
date, the weight measurement closest to 8 AM of the start date.
The follow-up weight measurement was calculated as the
average (mean) weight recorded across the final (ie, 12th and
24th) week of the intervention period to minimize the influence
of daily weight fluctuations. Change in body weight and
percentage of baseline body weight lost were calculated daily,
at the primary end point after 12 weeks, and at the secondary
end point after 24 weeks.

Adherence
Adherence to the intervention was quantified through the
following metrics: (1) compliance with daily weight
measurements expressed as the number of days with a weight
measurement divided by the total number of days across the
intervention period and (2) self-reported dietary adherence
assessed weekly through a web-based survey as the response

to the question: “To what extent were you able to stick to your
diet in the past week?” on a 5-point Likert scale ranging from
0 (not at all) to 4 (completely). Anonymized scale data and
questionnaire responses were exported at the end of the trial
and summed at weekly intervals to generate adherence metrics
for each participant across the intervention period.

Engagement With Dietary Intervention
Further to the aforementioned adherence metrics, engagement
with the dietary intervention was assessed through (1) Keyto
Levels obtained through use of the breath acetone biofeedback
device and (2) the number of engagements with the Keyto app.

Questionnaires
Participants were sent a baseline questionnaire upon enrollment
in the trial and weekly and monthly questionnaires throughout
the intervention period. The baseline questionnaire assessed
socioeconomic demographics. Weekly questionnaires assessed
self-reported adherence and asked about cravings, mood, and
energy (Multimedia Appendix 1). These questionnaires were
designed for the purpose of this study by the research team in
collaboration with the Keyto medical director to provide simple
measures of manipulation fidelity and self-reported dietary
adherence. Monthly questionnaires collected dietary intake data
through the Automated Self-Administered 24-Hour Dietary
Recall tool [13]. At the end of the primary intervention phase
at 12 weeks, participants were asked about the impact of the
COVID-19 pandemic on their dietary habits. This questionnaire
was self-designed because at the time of study development,
COVID-19 had not been anticipated.

Statistical Analysis
All statistical analyses were performed using R software (version
3.6.2; R Foundation for Statistical Computing), except for the
mediation analysis, which was performed using SPSS software
(version 25.0; IBM Corp).

Our first aim is to describe characteristics and adherence- and
app use–related behaviors of users in this trial across the entire
primary (12 weeks) and secondary (24 weeks) intervention
periods. Baseline characteristics and questionnaire responses
were summarized as mean (SD) for continuous data and n (%)
for categorical data, unless otherwise stated. To investigate
time-based data patterns of weight loss, participants were
divided into 3 groups according to percentage baseline weight
lost at 12 weeks (ie, <5%, >5% to <10%, and >10%).

Our second aim is to identify predictors of weight loss. Because
of the complexity of the involved analyses, the greater data
availability for the primary 12-week intervention period, and
the primary outcome of the trial being weight loss at 12 weeks,
we focused our investigation on the predictors of weight loss
across 12 weeks. To explore data patterns over time of the
adherence metrics, participants were divided into 2 groups
according to whether or not clinically significant weight loss
(defined as >5% of baseline weight) [14] was achieved at 12
weeks. Z-scores for each predictor variable over time were
calculated as the mean of the sample subtracted from the
observed value divided by the SD of the sample for that variable
at each time point. A linear mixed model was used to evaluate
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the effect of successful group membership (ie, whether or not
the participant achieved >5% weight loss) and the interaction
of the effect over time on adherence metrics; the model included
time (week and month), success (>5% weight loss or <5%
weight loss), and the interaction of time and success as fixed
factors and participant as a random factor. Effect estimates (ie,
estimated difference in z-scores) for simple effects of success
group (in the case of a significant effect of success) or
differences in slopes of time for success averaged over the entire
intervention period (in the case of a significant interaction effect)
with a 95% CI were calculated.

Potential predictor variables (ie, variables of potential relevance
in predicting weight loss) related to app use and dietary
adherence were explored in a pairwise Spearman rank
correlation matrix and included in a multiple linear regression
model. Group means of weight loss were compared across
tertiles of significant predictor variables of interest using a 1-way
analysis of variance. All assumptions were met, and a post hoc
Tukey Honestly Significant Difference test was conducted to
correct for multiple comparisons.

Similarly, potential predictors of weight loss were further
explored through a mediation analysis between app-specific
features (ie, average Keyto Level and total number of app
engagements across the 12-week intervention period) and weight
loss to explore causal mechanisms and investigate potential
explanatory pathways. The PROCESS macro (version 3.3) for

SPSS was used to estimate the hypothesized mediating effects
of weight loss using direct and indirect effects based on 5000
bootstrapping samples at 95% bias-corrected CIs [15]; CIs that
do not cross zero (either all positive or negative) suggest that
the true effect is not zero and that the null hypothesis can be
rejected. 

Results

Participants
A total of 77 participants were randomized to the ketogenic diet
mobile app group within the larger remote randomized clinical
trial, as previously described [9]. Of the 77 participants, 1 (1%)
was deemed ineligible after enrollment and 1 (1%) did not start;
during the primary 12-week intervention phase, 3 (4%)
discontinued the intervention, 10 (13%) were lost to follow-up,
and 2 (3%) did not log a follow-up weight. The remaining
participants (n=60) were included in weight-related analyses
for the primary intervention phase, and partial data from all
participants was used for any other analyses as available. At the
secondary 24-week end point, weight data from 55% (42/77)
of the participants were available. Available data from all
participants were included in analyses related to adherence and
user behavior. Self-reported baseline characteristics of
participants assessed through a questionnaire before the
intervention are presented in Table 1.

Table 1. Baseline characteristics of participants (N=75).

NonbinaryMaleFemaleTotalCharacteristics

2 (2)20 (27)53 (71)75 (100)Participants, n (%)

33 (9)43 (13)41 (10)42 (11)Age (years), mean (SD)

106.1 (18.8)104.2 (14.3)90.7 (16.7)94.7 (17.1)Weight (kg), mean (SD)

34.4 (4.7)33.1 (4.5)33.5 (4.9)33.5 (4.7)BMI, mean (SD)

Change in Body Weight
Mean weight loss at 12 weeks was –5.6 (SD 4.5) kg, which
equated to –5.8% (SD 4.5%) of initial body weight. Of the

participants logging a follow-up weight, 53% (32/60) lost >5%
and 18% (11/60) lost >10% of baseline body weight (Table 2).
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Table 2. Weight loss outcomes.

NonbinaryMaleFemaleTotalOutcome measure

Primary intervention end point at 12 weeks (N=60)

2 (3)16 (27)42 (70)60 (100)Participants, n (%)

–7.1 (3.0)–6.9 (5.3)–5.1 (4.1)–5.6 (4.5)Change in body weight (kg), mean (SD)

–6.5 (1.6)–6.5 (4.4)–5.5 (4.7)–5.8 (4.5)Change in body weight (%BBWa), mean (SD)

–2.3 (0.9)–2.1 (1.6)–1.9 (1.5)–1.9 (1.5)Change in BMI, mean (SD)

2 (100)9 (56)21 (50)32 (53)Lost >5% initial body weight, n (%)

0 (0)5 (31)6 (14)11 (18)Lost >10% initial body weight, n (%)

Secondary intervention end point at 24 weeks (N=42)

1 (3)11 (26)30 (71)42 (100)Participants, n (%)

–9.6 (—b)–9.1 (7.1)–8.3 (6.4)–8.5 (6.4)Change in body weight (kg), mean (SD)

–8.1 (—)–8.4 (5.6)–8.9 (7.5)–8.7 (6.9)Change in body weight (%BBW), mean (SD)

–3.0 (—)–2.7 (2.0)–3.0 (2.5)–3.0 (2.3)Change in BMI, mean (SD)

1 (100)5 (45)18 (60)24 (57)Lost >5% initial body weight, n (%)

0 (0)4 (36)11 (37)15 (36)Lost >10% initial body weight, n (%)

a%BBW: percentage of baseline body weight.
bNot available.

Daily change in body weight (expressed as a percentage of
baseline body weight) across the 12 weeks separated by weight
loss groups (ie, weight loss of <5%, >5% to <10%, and >10%)
is shown in Figure 1. Body weight decreased over time in all
groups; however, the slope of the decrease was steepest (ie, the
change was greatest) in the group of participants who lost >10%
of their initial body weight and the magnitude of change was

smallest in the group of participants who lost <5% of their
starting weight, suggesting overall consistency of weight loss
success across the intervention period. Mean weight loss at the
secondary 24-week time point was –8.5 (SD 6.4) kg or –8.7%
(SD 6.9%) of initial body weight, indicating durability of the
observed decrease in body weight (Table 2).

Figure 1. Individual change in body weight (calculated as daily percentage change from baseline based on measurements recorded from an at-home
Bluetooth scale) are shown for each participant over time throughout the duration of the study. Daily mean values over time for each group based on
end-of-study weight loss at 12 weeks are represented in solid lines (dark orange, >10% weight loss; light orange, >5% to <10% weight loss; and yellow,
<5% weight loss).
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Aim 1: User Behavior and Adherence Over Time
Participants were instructed to use the app and accompanying
biofeedback device as dietary guidance throughout the
intervention and to report dietary adherence on a weekly basis
through a web-based questionnaire; self-reported adherence
across 12 weeks was moderately high, with an average score
of 2.6 (SD 0.2) on a 5-point Likert scale. The average number
of engagements with the app across the entire primary
intervention period was 123 (SD 91), or 1.5 (SD 0.6)
engagements daily, and the average Keyto Level was 3.9 (SD
0.3). On average, participants weighed themselves 4.7 (SD 1.2)

times per week. Across both the primary and secondary
intervention phases, the average self-reported adherence was
2.5 (SD 0.3), Keyto Levels were 4.0 (SD 0.2), number of weekly
weight measurements was 3.7 (SD 1.4), and the number of
engagements with the app was 171 (SD 155), or approximately
once per day (Figure 2).

To further assess how different factors might affect self-reported
dietary adherence, we asked participants how strongly a given
situation would affect their ability to stick to their diet on a scale
of 1 (not at all) to 4 (every day). Descriptive data from these
questionnaires are presented in Figure 3.

Figure 2. App use metrics (yellow, average Keyto Level obtained through breath acetone biofeedback device; dark orange, average daily number of
engagements with the Keyto app), self-reported dietary adherence (light orange), and average number of weekly weight measurements (brown) averaged
across all participants throughout the intervention. Mean values are shown.
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Figure 3. Aggregated responses to questionnaires sent through email, asking participants, “How does the following affect your ability to stick to your
diet?” on a 4-point Likert scale, ranging from “Not at all” to “Every day.”.

Aim 2: Predictors of Weight Loss at 12 Weeks

Correlation of Potential Predictor Variables
A correlation matrix of the assessed app use–, adherence-, and
diet-related variables averaged across the primary 12-week
intervention period (average Keyto Level, app engagement,
self-reported caloric intake, carbohydrate intake as percentage
of daily energy intake, compliance with daily weigh-ins, and

self-reported dietary adherence), baseline body weight, and
weight loss as a percentage of baseline body weight lost is
shown in Figure 4. The strongest negative correlations were
observed between weight loss and compliance with daily weight
measurements (ρ=–0.57; P<.001), self-reported dietary
adherence (ρ=–0.48; P<.001), and app engagement (ρ=–0.42;
P=.001), suggesting that participants who weighed themselves
more regularly, reported greater dietary adherence, and engaged
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more often with the app also achieved greater weight loss. In
addition, average Keyto Levels were significantly correlated
with weight loss (ρ=–0.32; P=.02), indicating greater weight
loss with higher Keyto Levels. The strongest positive
correlations were observed between average Keyto Levels and
engagement with the Keyto app (ρ=0.53; P<.001), suggesting

that participants who engaged more with the app also achieved
higher Keyto Levels, and between self-reported dietary
adherence and compliance with daily weight measurements
(ρ=0.50; P<.001), indicating high agreement between these 2
adherence measures.

Figure 4. Pairwise Spearman rank correlation matrix of adherence-, app use–, and diet-related variables. %BBW: percentage of baseline body weight;
%EI: percentage of energy intake.

Time-Based Data Patterns
To investigate more detailed patterns of assessed variables
across time (as opposed to values averaged over the entire
intervention period), we plotted the average z-scores (a measure
of deviation from the average value at each time point) of
adherence-, diet-, and app use–related variable means between
the group of participants who achieved clinically significant
weight loss of >5% initial body weight (termed as successful
participants) and the group of participants who did not (ie,
participants who lost <5% initial body weight). Variable trends
are shown in Figure 5. As expected, there was a significant
interaction between success and time for body weight (Figure
5A), with the slope for the successful group decreasing
significantly more over time (–0.03, 95% CI –0.034 to –0.027;
P<.001). Likewise, there was a significant interaction for
self-reported dietary adherence (Figure 5B), app engagement

(Figure 5C), and compliance with daily weight measurements
(Figure 5D): self-reported dietary adherence (0.07, 95% CI
0.04-0.10; P<.001), engagement with the Keyto app (0.03, 95%
CI 0.01-0.05; P=.005), and compliance with daily weight
measurements (0.06, 95% CI 0.03-0.08; P<.001) were higher
over time in the successful group of participants. Furthermore,
there was a significant effect of success group for these
variables: successful participants reported higher dietary
adherence (0.47, 95% CI 0.13-0.81; P=.007), engaged with the
app more often (0.62, 95% CI 0.28-0.97; P<.001), and weighed
themselves more consistently (0.55, 95% CI 0.25-0.86; P<.001).
A significant interaction effect was detected for average Keyto
Levels (Figure 5E): participants in the successful group had
higher Keyto Levels over time (0.08, 95% CI 0.05-0.10; P<.001).
No significant interaction or main effect was observed for caloric
intake (Figure 5F).
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Figure 5. Average z-scores (the mean of the sample subtracted from the observed value divided by the SD of the sample at each time point) comparing
time-series patterns of variable means between participants who lost >5% of initial body weight (light orange) and those who lost <5% of baseline body
weight (dark orange). Mean values (bold lines) and SD (shaded lines) are shown for (A) body weight, (B) self-reported dietary adherence, (C) app
engagement, (D) compliance with daily weight measurements, (E) average Keyto Levels, and (F) self-reported caloric intake.

Regression Model
Following up on the aforementioned correlative analyses, we
next sought to identify what process variables might be
associated with (or be predictive of) weight change; to this end,

we built a regression model that included the adherence- and
app use–related variables, namely (1) compliance with weight
measurements, (2) average self-reported dietary adherence, (3)
total number of app engagements, (4) average Keyto Levels,
and (5) baseline body weight (Table 3).
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Table 3. Regression model identifying potential predictor variables of weight loss.

P valuet test (df)Values, β (SE)aPredictor variable

.12–1.580 (54)–.20 (0.13)Compliance with daily weight measurements

.02–2.366 (54)–.31 (0.13)Self-reported dietary adherence

.29–1.069 (54)–.14 (0.13)Total number of app engagements

.64–0.469 (54)–.06 (0.13)Average Keyto levels

.001–3.420 (54)–.36 (0.11)Baseline body weight

aStandardized coefficient.

The model (adjusted R2=0.40; F5,54=8.937; P<.001) identified
self-reported dietary adherence (β=–.31; t54=–2.366; P=.02)
and baseline body weight (β=–.36; t54=–3.420; P=.001) as
significant predictors. Compliance with daily weight
measurements (β=–.20; t54=–1.580; P=.12) was near statistical
significance, whereas engagement with the Keyto app (β=–.14;
t54=–1.069; P=.29) and average Keyto Levels (β=–.06;
t54=–0.469; P=.64) were not identified as statistically significant
predictors.

To further evaluate the relationship of weight loss with
self-reported dietary adherence as a significant predictor
variable, we split participants into tertiles based on low versus
medium versus high average self-reported dietary adherence
and compared weight loss among these groups (Figure 6).
Weight loss was significantly different among the tertiles
(F2,57=8.586; P<.001); post hoc testing revealed a statistically
significant difference in weight loss between the participants
who reported lowest dietary adherence and those who reported
highest dietary adherence (P<.001).

Figure 6. Mean weight loss at the primary intervention end point of 12 weeks of participants in the lowest (left), medium (center), or highest (right)
tertile of average self-reported dietary adherence assessed weekly through a questionnaire. One-way analysis of variance with Tukey post hoc tests
comparing the differences in group means was conducted. Mean (dark orange) and SD (light orange) are shown. %BBW: percentage of baseline body
weight.

Mediation Analysis
Finally, because we were interested in the effect of features
specific to the Keyto app, we set out to further examine
explanatory pathways of the relationship between average Keyto
Levels or overall engagement with the app, weight loss, and the
previously identified predictor, that is, self-reported adherence
to the dietary intervention. Figure 7 depicts the results of these
2 mediation analyses. Self-reported dietary adherence fully
mediated the relationship between average Keyto Level and
weight loss at 12 weeks (Figure 7A). When self-reported dietary
adherence was added to the model, the direct relationship
between average Keyto Level and 12-week weight loss became

nonsignificant (see change from c to c’). Average Keyto Level
accounted for 12.3% of the variance in weight loss when
included on its own, and 27.8% was explained when dietary
adherence was included in the mediation model. Similarly,
self-reported dietary adherence fully mediated the relationship
between the overall engagement with the Keyto app and 12-week
weight loss (Figure 7B). When self-reported dietary adherence
was added to the model, the direct relationship between app
engagement and 12-week weight loss became nonsignificant
(see change from c to c’). On its own, app engagement
accounted for 10.7% of the variance in weight loss, whereas
28.8% of the variance was explained when dietary adherence
was included in the mediation model.
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Figure 7. Unstandardized effects with 95% CIs of the direct and indirect mediation effects of self-reported dietary adherence on (A) average Keyto
Levels and (B) total engagement with the Keyto app on body weight loss at the end of the primary intervention phase at 12 weeks.

Higher average Keyto Levels and greater engagement with the
Keyto app were associated with greater ability to adhere to the
dietary intervention, which in turn was associated with 12-week
weight loss. These findings suggest that using the Keyto app
more frequently and achieving higher Keyto Levels caused
individuals to better adhere to the dietary intervention, which
resulted in greater weight loss.

Impact of COVID-19
Although the study was designed before the COVID-19
pandemic, most of the components of the trial were conducted
during the pandemic. Therefore, at the end of the primary
intervention phase, we asked participants to report how the
COVID-19 pandemic had influenced their ability to stick to

their diet on a scale of –5 (more difficult) to +5 (less difficult).
The average response to this question was 0.2 (SD 3.1),
suggesting a generally minor impact of the pandemic; however,
the large variability indicates that some participants experienced
significantly greater challenges because of the pandemic (Figure
8A). Regression analysis revealed that the self-reported impact
of COVID-19 on participants’ ability to stick to their diet
explained 22.1% of the variance in self-reported dietary
adherence (F1,43=13.45; P<.001).

Figure 8B shows aggregated responses to the question of how
the listed scenarios affected the participants’ ability to stick to
their diet; in particular, stress eating, boredom eating, and
snacking more frequently were identified as posing the greatest
challenges to sticking to the diet during the pandemic.
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Figure 8. Response to the questionnaires sent through email, asking participants how (A) the COVID-19 pandemic has influenced their ability to stick
to their diet on a scale of –5 (more difficult) to +5 (less difficult) and (B) how the listed items affected their ability to stick to their diet with respect to
the COVID-19 pandemic on a 5-point Likert scale ranging from “None of the time” to “All of the time.”.

Discussion

Study Overview
In this secondary analysis of a previous randomized clinical
trial [9], we showed that a smartphone-based mHealth app
promoting a low-carbohydrate ketogenic diet high in mono-
and polyunsaturated fatty acids was effective at reducing body
weight over the course of 12 and 24 weeks. Furthermore, we
characterized real-world user behavior with the app and the
accompanying breath acetone biofeedback device over the
course of the intervention period and investigated differences
between the participants who achieved clinically significant
weight loss and those who did not. Finally, we identified
predictor variables of weight loss and showed that self-reported
adherence to the dietary intervention seemed to be the most
important factor in predicting weight loss success. This suggests
that a relatively simple measure of self-reported adherence could
be used to help predict who will be successful with an mHealth
app-based dietary weight loss intervention, which could allow
for greater individualization of future interventions.

Relevance of Findings
The weight loss observed in the intervention group in this trial
compared favorably with other weight loss–promoting mHealth
apps [16] and previous weight reduction trials that used a
low-carbohydrate ketogenic diet using more traditional and
hands-on (ie, nutritional counseling and in-person group
meetings) designs [17]. This suggests that an app paired with
a biofeedback device that guides users to follow a
low-carbohydrate ketogenic diet is a feasible and effective
approach for promoting weight loss in a pragmatic real-world
setting that is highly scalable and presents low burden of entry.

To our knowledge, this is the first study evaluating user behavior
of a smartphone-based weight loss app using a low-carbohydrate
ketogenic diet. Because of the nature of the diet, substantial
knowledge is required to identify suitable food items that fit
this dietary plan. In addition, a ketogenic diet offers the

opportunity for self-monitoring of a fat loss biomarker (ie, breath
acetone) other than, or in addition to, the weight scale, which
is unique to this dietary pattern. The breath acetone biofeedback
device used in this study is of particular interest because most
available methods of measuring ketone bodies are invasive (eg,
measuring beta-hydroxybutyrate through finger pricks) or offer
only a rough proxy of ketosis (eg, measuring acetoacetate
through urine sticks). Our study therefore adds valuable insight
into how users interact with an app promoting such a diet
without direct in-person supervision and which behaviors lead
to successful weight loss.

Similar to previous studies investigating mobile weight loss
interventions [18], we found that the measures of dietary
adherence and intervention fidelity (ie, engagement with the
app and body weight measurements) decreased over time.
However, importantly, we showed that this decrease was less
pronounced in participants who achieved clinically significant
weight loss (ie, >5% baseline body weight) compared with those
who did not. Upon further investigation of data patterns over
time, we found that this difference in behaviors between
successful and unsuccessful participants was apparent right from
the beginning of the intervention, with successful participants
reporting greater levels of dietary adherence, weighing
themselves more regularly, and engaging more often with the
app. Moving from correlative to more causative associations,
our mediation analysis further suggests that self-reported dietary
adherence was a mechanism through which engagement with
the Keyto app and higher Keyto Levels affected weight loss
during the primary intervention period of 12 weeks.
Interestingly, the average Keyto Level as a direct measure of
ketosis and an indirect measure of dietary adherence did not
seem to decrease over time; this would suggest that for
participants to maintain a state of ketosis, persistent engagement
with the app (which, in contrast, did decrease over time) was
not required after an initial familiarization period. However, it
is important to note that the metric of average Keyto Levels in
our study is upwardly biased because of response bias (ie, only
participants who actively use their breath acetone device will
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record a Keyto Level) and therefore a measure of people who
are at least somewhat engaged with the dietary intervention,
whereas engagement with the app is representative of all
participants regardless of their engagement with the study (ie,
a meaningful zero exists for number of app engagements).

Overall, our data support the importance of adherence to the
intervention (more so than absolute carbohydrate restriction or
level of ketosis) to achieve meaningful weight loss. Although
the different measures used to evaluate adherence showed high
correlation, indicating a large degree of concordance among
them (ie, participants who weighed themselves more regularly
generally engaged with the app more often and so on), more
detailed analysis implied that different measures of adherence
(ie, daily weight measurements, engagement with the app, and
self-reported adherence) were differentially associated with
weight loss success, supporting the notion of adherence as a
multifaceted construct. In particular, our results suggest that
self-reported dietary adherence—a subjective assessment
provided by participants through weekly questionnaires—was
the most important predictor of successful weight loss; future
investigations should therefore aim to determine the extent to
which objective adherence to the dietary intervention and
self-reported dietary adherence are in agreement and which
factors influence self-reported adherence, which may in turn
inform the design of future dietary app-based interventions. The
finding that a relatively simple self-reported assessment of
dietary adherence seemed to be the most powerful predictor of
successful weight loss also has practical value that could help
inform future trials and knowledge translation for the design of
app-based interventions. We speculate that evaluating
self-reported adherence could help to determine early on in the
trial which participants might need extra support (eg, through
SMS text messages, push notifications, and phone calls) to
maximize weight loss success.

Limitations
Importantly, our trial design was unable to separate the effect
of individual intervention components (eg, breath acetone
device, app engagement, and recording of weight
measurements); although we attempted to statistically tease
apart variables of predictive power, our study may inspire future
research with other trial designs (eg, Multiphase Optimization
Strategy–based [19]) to further investigate the independent
importance of intervention constituents.

Furthermore, our trial was conducted in a real-world setting.
Although this pragmatic trial design was chosen on purpose to
evaluate the effect of the app-based intervention in a realistic
setting, we were therefore limited, for the most part, to
self-reported data entries; in particular, we relied on dietary
self-report for measures of caloric intake, which can be biased

and provide inaccurate estimates [20], and we asked users to
report dietary adherence by means of a weekly questionnaire,
which represents a subjective estimate of adherence to the
intervention as opposed to an objective assessment. Similarly,
body weight was not measured by a trained researcher in a
laboratory setting but instead self-administered on an at-home
Bluetooth scale by the participants, which could potentially
introduce bias.

In addition, our findings on user behavior and its change over
time are limited to the variables collected within the framework
of this trial. It is likely that other variables, including baseline
characteristics and other behaviors related to dieting and
self-monitoring that were not assessed in this study, are of
importance to the success that an individual sees with a given
weight loss program. Similarly, our findings are constrained to
the evaluated mHealth app promoting a ketogenic diet and may
not be as relevant to other dietary interventions.

Notably, our study was conducted throughout the COVID-19
pandemic. Although most participants reported minor effects
of the pandemic on their eating plan, some of our psychological
measures may have been affected by it. For example, we
assessed how going out to a restaurant or a social event affected
participants’ ability to stick to their diet; however, because of
the statewide shelter-in-place order during the trial, which
affected many participants and prohibited restaurant visits or
social gatherings, this measure may not accurately reflect the
challenges that adults trying to lose weight may encounter under
normal conditions. Likewise, the greater emotional burden
throughout the pandemic [21] may have altered participants’
responses to questions about stress eating or boredom eating.

Finally, our study investigated user behavior and success
predictors primarily over a time period of 12 weeks. This
represents the effects of a short-term weight loss intervention;
therefore, no conclusions can be drawn about the observed
relationships on continued weight loss in the context of
longer-term dietary interventions or sustained weight
maintenance.

Conclusions
This study adds to the available literature on the use of mHealth
technology in assisting self-guided weight loss attempts and
supports the notion that even in the contexts of a
low-carbohydrate ketogenic diet and mHealth technology,
dietary adherence is of crucial importance to achieve the desired
reduction in weight. Therefore, our study may inspire future
research into how self-reported dietary adherence can be used
or enhanced for long-term weight loss and maintenance and
inform the design of low-carbohydrate ketogenic dietary
mHealth interventions.
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Abstract

Background: Fewer than half of older German adults engage in the recommended levels of endurance training.

Objective: The study aim is to compare the acceptance and effectiveness of two interventions for physical activity (PA) promotion
among initially inactive community-dwelling older adults ≥60 years in a 9-month, crossover randomized trial.

Methods: Participants were recruited in person and randomized to one of the following interventions for self-monitoring PA:
a print-based intervention (PRINT: 113/242, 46.7%) or a web-based intervention (WEB: 129/242, 53.3%). Furthermore, 29.5%
(38/129) of those in the web-based intervention group received a PA tracker in addition to WEB (WEB+). After randomization,
the participants and researchers were not blinded. The participants’baseline intervention preferences were retrospectively assessed.
All the intervention groups were offered 10 weekly face-to-face group sessions. Afterward, participants could choose to stay in
their group or cross over to one of the other groups, and group sessions were continued monthly for another 6 months. 3D
accelerometers to assess PA and sedentary behavior (SB) at baseline (T0), 3-month follow-up (T1), and 9-month follow-up (T2)
were used. Adherence to PA recommendations, attendance of group sessions, and intervention acceptance were assessed using
self-administered paper-based questionnaires. Linear mixed models were used to calculate differences in moderate to vigorous
PA (MVPA) and SB between time points and intervention groups.

Results: Of the 242 initially recruited participants, 91 (37.6%) were randomized to the WEB group; 38 (15.7%) to the WEB+
group; and 113 (46.7%) to the PRINT group. Overall, 80.6% (195/242) of the participants completed T1. Only 0.4% (1/242) of
the participants changed from the WEB group to the PRINT group and 6.2% (15/242) moved from the PRINT group to the WEB
group (WEB-WEB: 103/249, (41.4%); PRINT-PRINT: 76/249, 30.5%) when offered to cross over at T1. Furthermore, 66.1%
(160/242) of participants completed T2. MVPA in minutes per day increased between baseline and T1, but these within-group
changes disappeared after adjusting for covariates. MVPA decreased by 9 minutes per day between baseline and T2 (βtime=−9.37,
95% CI −18.58 to −0.16), regardless of the intervention group (WEB vs PRINT: βgroup*time=−3.76, 95% CI −13.33 to 5.82, WEB+
vs PRINT: βgroup*time=1.40, 95% CI −11.04 to 13.83). Of the participants, 18.6% (38/204) met the PA recommendations at T0,
16.4% (26/159) at T1, and 20.3% (28/138) at T2. For SB, there were no significant group differences or group-by-time interactions
at T1 or T2. Intervention acceptance was generally high. The use of intervention material was high to moderate at T1 and decreased
by T2.

Conclusions: There was little movement between intervention groups at T1 when given the choice, and participation was not
associated with increases in PA or decreases in SB over time.
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Introduction

Background
Engaging in an active lifestyle with regular physical activity
(PA) [1] is associated with higher physical, cognitive, and
functional health across the life course [1,2], and web-based
support can help individuals to adopt and maintain PA [3]. At
the time of study conception, the World Health Organization
(WHO) and the American College of Sports Medicine
recommended that adults aged 18-64 years, as well as those
aged ≥65 years, should perform moderate to vigorous endurance
training for at least 150 minutes per week (in 10-minute bouts)
[4]. Furthermore, performing flexibility, strength, and balance
exercises twice per week is recommended [5,6]. The 2020
update of the recommendations included several modifications.
For example, the authors of the update state that “all adults
should undertake 150-300 min of moderate-intensity, or 75-150
min of vigorous-intensity physical activity, or some equivalent
combination of moderate-intensity and vigorous-intensity
aerobic physical activity, per week” [7]. An additional change
is that 10-minute bouts of PA are no longer deemed relevant.
Instead, bouts of moderate to vigorous PA (MVPA) of any
duration count, taking new evidence into account, which
suggests that the total PA volume is more important than bouts.
Furthermore, high-certainty evidence summarized for the
development of the new guidelines indicates that balance and
functional exercises are relevant for maintaining physical
function and reducing falls [7]. Hence, in the update for the age
group of ≥65 years, the recommendation is to incorporate these
types of exercises at moderate or greater intensity on 3 or more
days per week in existing routines [7].

Less than half of the German adults aged ≥65 years meet the
former recommendations for endurance training (42%), and
only one-third meet the strength training recommendations [6].
However, compared with the European Union average of adults
in this age segment (26.2% of women and 35.7% of men reach
the recommendation of 150 minutes of MVPA per week),
German men and women display slightly higher proportions of
adults reaching the recommendations (45.5% and 51.2% for
women and men, respectively) [8]. Furthermore, results based
on the European Health Interview Survey and the Survey of
Health Aging and Retirement in Europe examined associations
between the proportion of European adults >65 years, reaching
the recommendation of >150 minutes of PA per week and the
proportion of prefrail or frail individuals suggests a negative
association [9]. To prevent frailty in older adults, Haider et al
[9] called for “community-based approaches aimed at achieving
PA recommendations” at the population level and the creation
of built environments enabling PA [9]. Previous research

conducted in Germany indicated that population-based
approaches to increase PA, such as mass media campaigns,
community-based multicomponent interventions, and
environmental approaches, can be effective in the general
population [10]. In addition, individual-level interventions
provide opportunities to further increase the effect of such
population-level approaches [1,11-13]. However, the role of
different modalities in delivering these intervention approaches
to older adults remains unclear.

The results of several systematic reviews indicate that
participation in interventions providing information on PA
face-to-face or via printed materials leads to increased PA levels
in older adults [14-16]. Engagement in web-based PA
interventions is also associated with increased MVPA, walking,
and a higher daily step count in the intervention group than in
the control group [17,18]. Furthermore, the results of a
systematic review evaluating the effectiveness of eHealth
interventions compared with non-eHealth interventions or no
intervention in adults ≥55 years suggest that eHealth
interventions can effectively promote PA in the short term [13],
but there is still a lack of evidence regarding long-term effects.
Recent evidence from a review examining the effects and
characteristics of PA promotion interventions aimed at
community-dwelling adults >50 years indicates that increases
in PA can be sustained for up to 12 months [19]. In conclusion,
it is still unclear whether eHealth interventions have a greater
impact on PA behavior than non-eHealth (eg, print-based)
interventions in adults who are ≥60 years and whether increased
levels of PA can be maintained over longer periods.

Furthermore, the influence of individual preferences for
intervention modality and variances in the impact on
intervention outcomes is still not well understood [20,21].
Previous studies suggest that preferences may vary by age, sex,
BMI, or social or living environment [15,22,23]. For example,
preference for a web-based intervention was positively related
to younger age [22,23] and high internet use and was negatively
associated with the female sex. Conversely, older women with
obesity were more likely to choose print-based interventions
[22]. These variations in sociodemographic characteristics may
also explain the differences in the use of PA trackers [24]. To
increase the impact of this tool that has already been shown to
be effective [25], the use of trackers in PA interventions should
be aligned with preferences of different target groups [15]. Both
retention in intervention studies and adherence to intervention
components may improve if individual preferences for
interventions are considered [12,15]. Hence, in this study, a
crossover design was used to examine the role of personal
preferences for different delivery modes in intervention
effectiveness.
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This study (PROMOTE II) was funded by the Federal Ministry
of Education and Research (Bundesministerium für Bildung
und Forschung), as part of the Physical Activity and Health
Equity: Primary Prevention for Healthy Aging research network
[26]. It builds on the results of a previous study embedded in
the network (PROMOTE I; [27-29]), which tested the
effectiveness of 2 tailored web-based interventions for the
promotion of a physically active lifestyle in adults aged 65-75
years in a community-based intervention trial against a
delayed-intervention control group. In a previous study, we
found relatively high baseline PA levels in the intervention
participants. On the basis of this observation, individuals who
had been physically active regularly for at least 2.5 hours per
week for >1 year were excluded from this study. Furthermore,
study dropout was higher in the group assigned to use PA
trackers in addition to a website than in the website-only group,
indicating that randomization to a modality that was not a
preference led to participants deciding to quit the intervention
[27-29].

Objectives
On the basis of these results gathered in the preceding study,
this study included the following four aims:

1. To adapt and simplify the web-based intervention of a
previous study to further improve usability and develop a
simple print-based intervention that initially inactive
participants with little affinity to technology find easy to
use.

2. To investigate the acceptance and use of two interventions
(web- vs print-based) and changes in PA among older adults
(≥60 years) in a crossover randomized trial over the course
of 9 months.

3. To examine the role of personal preferences for different
delivery modes in intervention effectiveness.

4. To explore the associations between changes in PA and
possible changes in physical fitness and cognitive capacity
in a pooled sample of participants in both PROMOTE I and
II trials.

In this paper, we report the results of the first 3 study aims. The
results addressing the last aim will be reported in a subsequent
paper. We hypothesized that both interventions would
significantly increase MVPA and decrease sedentary behavior
(SB) at the first and second follow-ups [30].

Methods

Participants and Procedures

Recruitment
A random sample of 3492 adults aged ≥60 years from 14
districts in Bremen, Germany, were invited to participate in the
study via mail. The names and addresses were provided by the
residents’ registration offices. This included individuals who
resided in districts that met the following requirements:

1. Districts that were not part of the municipalities targeted
in PROMOTE I

2. Districts that were in close proximity to the two study
centers (one in the Northwest and one in the Northeast of
the city of Bremen, Germany)

3. Districts where the project team had already established
previous liaisons, including contacts with stakeholders
facilitating community involvement during the
implementation of the intervention

Reminders were sent out after 2 weeks in cases of no response.
The study was also publicized in local newspaper articles and
mentioned during talks of the research staff, sparking the interest
of 168 individuals who called up the research team directly and
were consequently screened for eligibility. Eligibility for study
participation was determined through computer-assisted
telephone interviews with trained study nurses following the
inclusion and exclusion criteria outlined below. The sample
size and power calculations are described in detail in a
previously published study protocol [30].

Ethical Approval and Informed Consent
The study obtained ethical approval from the Medical
Association of Bremen, Germany, on July 3, 2018 (RA/RE-635).
The study was registered at the German Clinical Trials Register
on January 10, 2019 (DRKS00016073). Potential participants
were informed of the study during the initial telephone
interviews and were fully informed during an introductory
face-to-face briefing session and were requested to provide
informed consent. They were also told that they would be
randomized to one of the intervention groups and knew about
their existence. At the end of the introductory session, all
participants were fully informed of the study and provided
informed consent. The participants, research staff conducting
the study, or statistician analyzing the data were not blinded to
the intervention.

Inclusion and Exclusion Criteria
Briefly, individuals were included in the study if they were aged
≥60 years, lived independently, and provided informed consent.
Individuals were excluded from the study if they reported that
they had been physically active regularly for at least 2.5 hours
per week for >1 year. Furthermore, having participated in the
previous trial, a planned vacation during the intervention period
exceeding 2 weeks, a medical condition or diagnosis prohibiting
PA, severe visual or other impairments, implanted cardiac
devices, or occasional syncopal episodes led to exclusion (see
the study protocol by Pischke et al [30] for further details).
Cognitive state was measured using the Mini-Mental State
Examination 2–brief version (MMSE-2-BV) [31], and the
exclusion criterion was initially set to an MMSE-2-BV score
of ≤14. As the manual for the MMSE-2-BV does not define a
cutoff value for the determination of cognitive impairment, the
initially chosen cutoff value was re-evaluated during the study
and was found to be too conservative. On the basis of previous
studies [32,33], the cutoff value was adapted, and individuals
with an MMSE-2-BV score <13 were excluded.

Randomization and Allocation
Of the 3660 older adults invited, 823 (22.49%) individuals were
assessed for eligibility during computer-assisted telephone
interviews (Figure 1). In total, 70.6% (581/823) of the potential
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participants were excluded. After determination of eligibility,
29.4% (242/823) of the study participants were randomized to
one of two groups by the study nurse applying an allocation
ratio of 1 to 1: (1) a print intervention with subjective PA
self-monitoring via printed PA-pyramid (PRINT: 113/242,
46.7%) and (2) a web-based intervention with subjective PA
self-monitoring via a web-based PA-pyramid (WEB: 129/242,
53.3%). Furthermore, 29.5% (38/129) of those in the web-based
intervention group were randomly selected and received a PA

tracker (objective PA self-monitoring) in addition (WEB+
group). Weekly time slots were randomly assigned to the 3
intervention groups. The first 30% of the timeslots reserved for
the WEB group received Fitbit devices (WEB+). Participants
were blinded to the intervention group during randomization
(ie, they were free to choose from available time slots during
the telephone interview with the study nurse, without knowing
which intervention group they were assigned to).

Figure 1. Participant flow. MMSE: Mini-Mental State Examination; T0: baseline assessment; T1: 3-month follow-up; T2: 9-month follow-up.

Interventions
The design process of the interventions and their contents are
described elsewhere [30]. They were designed based on the
state-of-the-art research on PA and the results of focus group
discussions conducted with the target group. The intervention

content was based on self-regulation theory and various behavior
change techniques facilitating regular self-monitoring of PA
[34,35]. Participants in both groups received PA
recommendations according to the WHO, and brochures (web
based and in print) were provided outlining exercises for
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different difficulty levels, showing pictures of male versus
female older adults modeling these exercises [30]; they
additionally received a diary to track their PA. Depending on
the group assignment, all intervention materials were either
provided as printed materials or made available on the website.
The smartphone app additionally provided access to the
exercises and PA diary for individuals in the WEB and WEB+.
On the website, in the Android web app, as well as in the printed

diary, weekly feedback regarding whether PA goals were
reached was provided (Figure 2), the number of minutes or units
exercised and the units required to reach the goal were displayed.
The WEB+ group used a PA tracker (Fitbit Zip, Fitbit Inc) in
addition to the website or app, and the daily step count tracked
with the device was synchronized with the website. No prompts
or reminders were used on the website or in the app.

Figure 2. Intervention material (PRINT).

In tandem with the 10-week PRINT or WEB and WEB+
interventions, all 3 intervention groups were offered weekly
face-to-face group sessions (facilitated by trained student
assistants) with up to 25 participants per group, who were
encouraged to attend the sessions. The 90-minute group sessions
included performing the exercises in groups and going for joint
walks and discussing weekly health education topics, and the
participants were encouraged to ask open questions regarding
the exercises (also see the study protocol by Pischke et al [30]).
During their first weekly group meeting, participants received
the necessary equipment (printed material or access information
for the website and a Fitbit device) and a comprehensive
introduction on how to use the equipment and materials. After
10 weeks, group meetings were continued monthly for another
6 months. After the last weekly group sessions, participants
chose to continue using the material from their intervention
group or to start using material from one of the other groups
(Figure 1).

Outcomes and Measures

Data Collection
Two weeks before the intervention started, at the introductory
event, participants received the questionnaires for the baseline
assessment (T0) and were instructed on how and when to wear
the accelerometer to measure their baseline PA behavior. They
were asked to bring this data collection material to their first
weekly group session, where they completed a short version of
the MMSE-2-BV, which was conducted individually in a
separate room by research staff [31]. During the first sessions
of the 3- and 9-month follow-ups (T1 and T2), study participants
received the data collection material in person from the research
staff and were asked to send it back within 1 week via mail.

Sociodemographic and Baseline Variables
Table 1 presents the outcome measures, validated instruments,
and assessment times. Sociodemographic information (eg, age,
sex, family status, and employment) was collected via
self-administered questionnaires at baseline as summarized in
Table 1. Need-weighted household income per capita was

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e32212 | p.112https://mhealth.jmir.org/2022/3/e32212
(page number not for citation purposes)

Pischke et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


derived from the number of individuals living in the household
and the monthly household income according to the German
Microcensus [36]. The variable was then classified into low-,
middle-, and high-income households. Education level was
coded using the 2011 version of the International Standard
Classification of Education (ISCED). Individuals with higher
educational status received higher scores (range 1-8) [37]. The
variable was dichotomized into low or medium level of
education (ISCED score 1-4) and high level of education
(ISCED score 5-8). BMI was calculated based on the
self-reporting of height (T0) and weight (assessed at all time

points) and dichotomized into underweight or normal weight
and overweight or obese according to the WHO BMI
classification for adults aged ≥20 years [38]. In addition,
neighborhood, subjective general health (excellent or very good,
good, less good, or poor), activity-related social support by
family and friends, technology readiness (technology
acceptance), technology competence beliefs (consisting of
acceptance, competence belief, technology control belief, and
technology willingness or readiness), and ownership and
frequency of use of digital devices were measured.

Table 1. Selected measures in the self-administered study questionnaire used in the analysis for this study.

Time of assessmentInstrument or scaleaOutcome measure

T0bGerman Health Interview and Examination Survey for Adults,
questionnaire for assessing seniors’ demographic and so-
ciostructural data in Germany

Sociodemographic information (sex, age, education, family
status, employment status, and household income)

T0Self-generated itemsHeight and weight

T0Physical activity neighborhood environment scalePhysical activity and neighborhood environment

T0Neighborhood Scales, walking environment, 1 Item (activity
friendly score)

Walking environment

T0, T1,c T2dActivity-related support by family and friends (modified) and
activity-related social support

Social support for engaging in physical activity

T0, T1, T2Short-Form–12, 1 itemSubjective health status

T0, T1, T2Technology commitment scaleTechnology commitment

T0, T1, T2Self-generated itemsTechnology use and experience

T1, T2Self-generated itemsUse and acceptance of various components of the interventions
(website and printed material), attendance of the offered group
sessions, and overall satisfaction with the interventions

T2Self-generated itemsPreference regarding intervention material at baseline (retrospec-
tive)

T2Self-generated itemsReasons for crossing over or not crossing over after 3 months

aReferences for the instruments can be found in the study protocol [30].
bT0: baseline assessment.
cT1: 3-month follow-up.
dT2: 9-month follow-up.

PA and SB Outcomes
The main outcomes were MVPA and SB in minutes per day
assessed at T0, T1, and T2 using triaxial accelerometers (GT3x+
[ActiGraph]). Participants were instructed to wear the
accelerometer at the right hip over a course of 7 days for 24
hours. Accelerometer data were processed using the Actilife
6.8.0 software (ActiGraph) and R (version 3.6.1; R Foundation
for Statistical Computing) [39] was used to identify nonwear
times and classify PA levels into the categories described below.

Valid wear time was derived using the wear- and nonwear time
classification algorithm by Choi et al [40], using a 90-minute
window of consecutive zeros allowing a 2-minute interval of
nonzero counts, and valid days were defined as having at least
8 hours (480 minutes) of valid wear time. There had to be at
least three valid days available for each participant, including
1 weekend day, for the analysis. Using 1-second epochs, counts
were categorized into SB (0-99 counts per minute [cpm]), as

well as light (0-2690 cpm), moderate (2691-6166 cpm), vigorous
(6167-9642 cpm), moderate to vigorous (2691-9642 cpm), and
highly vigorous (>9642 cpm) PA, according to Sasaki et al [41],
considering the vector magnitude.

The daily minutes for MVPA and SB were determined by
dividing the total minutes by the number of days the
accelerometer was worn. SB was additionally calculated in
bouts of at least 30 minutes, and time spent with MVPA was
calculated in bouts of at least 10 minutes. Minutes per week for
MVPA and SB in the mentioned bouts were derived by
multiplying the daily average minutes in 10-minute or 30-minute
bouts, respectively, by 7. Furthermore, minutes of MVPA per
week in bouts of 10 minutes was dichotomized as meeting the
WHO recommendation (≥150 minutes per week of MVPA in
bouts of at least 10 minutes) or not meeting them. The season
during the accelerometer measurement was derived from the
date of examination and categorized into autumn or winter for
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the months of October to February and spring or summer for
the months of March to September.

Adherence, Use, and Acceptance
Information on acceptance of the group sessions and intervention
material was assessed with self-generated items (eg, frequency
of general use, use of different components [on a 5-point Likert
scale ranging from never to daily], and perceived helpfulness
of intervention components [on 5-point Likert scales ranging
from not helpful at all to very helpful]). The reasons for dropping
out of the study and for crossing or not crossing over to the
other intervention groups and preferences for intervention
material were also assessed (Table 1).

Statistical Analyses
Descriptive statistics, that is, mean, SD, range, or proportion,
were calculated to describe the study characteristics across
intervention groups and surveys. The effects of time, group,
and time by group on MVPA and SB, either in average minutes
per day or minutes in bouts per week, were examined using
multivariate linear mixed models that can handle unbalanced
longitudinal data with varying numbers of repeated
measurements per participant [42]. Analyses were adjusted for
sex, age, BMI classification, level of education, family status,
employment status, household income, subjective health status,
built environment, activity-related support, preference, season,
and valid wear time. Model diagnostics, such as residual plots
and Q–Q plots, were used to check the assumptions of the linear
mixed models. No violation of the assumptions of the linear
mixed models was observed. In addition, outliers were checked
and found to be unproblematic.

As cell counts for crossover groups were very small, linear
mixed models were not run for the potential crossover
combinations at the 3-month follow-up. The analyses regarding
the intervention groups in this study were calculated using the
group allocation at baseline as the indicator of the intervention
group (ie, all analyses were conducted using the originally
assigned groups). Only the numbers and proportions of
individuals in the crossover combinations were reported
descriptively. In addition, information assessed at follow-up
(eg, preferences and reasons for crossing over or not crossing
over to the other mode of delivery) and indicators of intervention
adherence and acceptance were calculated. All statistical
analyses were performed using SPSS 26 (IBM) [43] and SAS
9.4 [44], where the GLIMMIX procedure was used particularly
for linear mixed modeling.

Results

Participant Flow and Baseline Characteristics
Of the 3660 older adults invited, 823 (22.49%) individuals were
assessed for eligibility during computer-assisted telephone
interviews (Figure 1). Of the 242 initially recruited participants,
91 (37.6%) were randomized to the WEB group; 38 (15.7%),
to the WEB+ group; and 113 (46.7%), to the PRINT group.
After 3 months, 80.6% (195/242) of the participants completed
T1 (from the original group allocation; WEB: 74/91, 81%;
WEB+: 30/36, 83%; and PRINT: 91/113, 80.5%). After T1,
91.8% (179/195) of the participants chose to remain in their

previous intervention group, and 8.2% (16/195) decided to
crossover to the other group. Finally, 66.1% (160/242) of
participants completed T2 (from the original group allocation;
WEB: 59/91, 65%; WEB+: 22/38, 58%; and PRINT: 79/113,
69.9%). Attrition rates from baseline to T2 were 33.9% across
the groups (WEB: 35.2%, WEB+: 42.1%, and PRINT: 30.1%).

Observations from participants (T0, T1, and T2) were excluded
from the analysis if they were missing information on BMI
(14/501, 2.8%), subjective health, family status, or education
(34/501, 6.8%), and if the MMSE-2-BV score was <13 (51/501,
10.2%). In total, 501 observations from 204 participants were
included in the analysis (PRINT: 90/204, 44.1%; WEB: 78/204,
38.2%; and WEB+: 36/204, 17.7%). For follow-up samples,
the exclusion criteria reduced the sample sizes to 159 at T1 and
138 at T2.

The baseline demographic characteristics of the participants
included in the analysis are shown in Multimedia Appendix 1.
Overall, the mean age was 68.7 (SD 5.4, range 60-82) years,
with a slightly higher average age in the WEB+ group (70.5,
SD 6.0 years). Fewer than half of the participants (87/204,
42.6%) had a BMI in the underweight or normal weight range
according to the WHO standards. Across all groups, except for
the WEB+ group, women were overrepresented. The proportion
of female participants slightly differed among the study groups
(PRINT: 75%, WEB: 64%, and WEB+: 47%). In the total
sample of 204 participants, 112 (54.9%) had a high level of
education, 110 (53.9%) were married, and 136 (66.7%) and 30
(14.7%) reported good and very good health, respectively.
Participants rated their acceptance as average (mean 2.7, SD
0.83), and their competence beliefs (mean 3.9, SD 0.83), control
beliefs (mean 3.9, SD 0.77), and overall willingness to deal with
new technologies (mean 3.5, SD 0.63) with stronger agreement.
The recommended level of MVPA was 12% (11/90) of the
participants in the PRINT group, 23.1% (18/78) of the
participants in the WEB group, and 25% (9/36) of the
participants in the WEB+ group. Baseline differences were
accounted for by including relevant variables as covariates in
linear mixed models.

We analyzed potential selectivity by calculating Cohen d using
the mean difference and pooled SD between the recruited and
analyzed samples for continuous baseline characteristics. Cohen
h was calculated based on the proportions of categorical baseline
characteristics [45]. The analysis sample (n=204) did not differ
from the recruited sample (n=242) in baseline characteristics
as the effect sizes (Cohen d and h, respectively) were all <0.20.
The only exception was the cognitive state: the analysis sample
had a slightly higher MMSE-2-BV mean score compared with
the recruited sample (Cohen d=0.22). This was expected because
of the exclusion criteria (Figure 1).

PA and SB Outcomes
Overall, the proportion of individuals reaching the MVPA
recommendation did not change over time; 18.6% (38/204) of
them reached the WHO recommendation at baseline: 16.3%
(26/159) at T1 and 20.2% (28/138) at T2 (Multimedia Appendix
2). In all 3 intervention groups, MVPA in minutes per day
seemed to increase between baseline and T1: from 84.4 (SD
33.0) to 92.3 (SD 31.5) minutes in WEB, from 84.4 (SD 39.7)
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to 95.5 (SD 37.7) minutes in WEB+, and from 82.8 (SD 29.2)
to 84.3 (SD 26.1) minutes in PRINT (Table 2). When adjusting
for covariates, the least squares mean differences in time
between baseline and T1 within the intervention groups were
not significant. There was a significant decrease between
baseline and T2 in the whole study sample by 9 minutes of
MVPA per day (βtime=−9.37, 95% CI −18.58 to −0.16). Within
the groups, the least squares mean decrease between baseline
and T2 was significant for WEB (mean difference −13.12, 95%

CI −23.40 to −2.84) and PRINT (mean difference −9.37, 95%
CI −18.58 to −0.16; Table 2). Compared with PRINT, there
were no significant group differences and group-by-time
interactions at T1 or T2 (Table 2). Compared with PRINT and
baseline, the WEB group at T2 was approximately 4 minutes
per day less active in MVPA (βgroup*time=3.76, 95% CI −13.33
to 5.82) and the WEB+ group at T2 was approximately 1 minute
per day more active in MVPA (βgroup*time=1.40, 95% CI −11.04
to 13.83).

Table 2. Results of the linear mixed models (time, group, intervention effects, and comparison of intervention effects) for moderate to vigorous physical

activity (MVPA; minutes per day and 10-minute bouts).a

Group-by-time interaction
(reference PRINT at T0),
β (95% CI)

Group differ-
ence (refer-
ence PRINT),
β (95% CI)

Time difference (refer-
ence T0), β (95% CI)

Difference in time within

group (reference T0b), least
squares mean (95% CI)

Indicators per time point, mean
(SD)

Characteristics

T2T1T2T1T2T1T2dT1cT0

MVPA (minutes per day)

−3.76
(−13.33 to
5.82)

4.13 (−4.69
to 12.96)

4.90 (−4.49 to
14.30)

−9.37
(−18.58
to −0.16)

−1.46
(−9.87 to
6.95)

−13.12
(−23.40 to
−2.84)

2.68 (−6.43
to 11.78)

81.3
(31.6)

92.3
(31.5)

84.4
(33.0)

WEB

1.40 (−11.04
to 13.83)

3.44 (−7.74
to 14.62)

8.73 (−3.44 to
20.89)

N/AN/Ae−7.97 (−20.26
to 4.32)

1.98 (−9.90
to 13.87)

90.0
(36.7)

95.5
(37.7)

84.4
(39.7)

WEB+

N/AN/AN/AN/AN/A−9.37 (−18.58
to −0.16)

−1.46
(−9.87 to
6.95)

80.8
(28.8)

84.3
(26.1)

82.8
(29.2)

PRINT

MVPA in 10-minute bouts (minutes per week)

−11.94
(−55.96 to
32.08)

−14.78
(−55.32 to
25.77)

18.51 (−16.50
to 53.52)

−37.7
(−78.87
to 3.48)

−2.28
(−40.18 to
35.62)

−49.64
(−95.83 to
−3.45)

−17.06
(−57.94 to
23.83)

78.2
(108.4)

79.1
(106.6)

89.1
(121.2)

WEB

−15.78
(−72.90 to
41.34)

18.04
(−33.38 to
69.45)

24.54 (−20.81
to 69.89)

N/AN/A−53.48
(−109.47 to
2.51)

15.76
(−38.31 to
69.83)

86.2
(130.0)

119.8
(165.3)

98.3
(139.5)

WEB+

N/AN/AN/AN/AN/A−37.7 (−78.87
to 3.48)

−2.28
(−40.18 to
35.62)

73.3
(81.0)

70.0
(87.1)

76.9
(108.9)

PRINT

aThe linear mixed model was adjusted for age, sex, BMI, level of education, family status, employment status, household income, subjective health
status, built environment, activity-related support, preference, season, and valid wear time.
bT0: baseline assessment.
cT1: 3-month follow-up.
dT2: 9-month follow-up.
eN/A: not applicable.

With regard to MVPA in 10-minute bouts in minutes per week,
only the WEB+ group seemed to be more active at T1 with
mean 119.8 (SD 165.3) minutes compared with baseline with
mean 98.3 (SD 139.5) minutes (Table 2). However, the
estimated difference in time within WEB+ was not significant
(least squares mean difference 15.76, 95% CI −38.48 to 69.83).
At T2, there was a significant estimated mean decrease in
minutes of MVPA in 10-minute bouts per week within the WEB
(least squares mean difference −49.64, 95% CI −95.83 to −3.45).
Compared with PRINT, there were no significant group
differences and group-by-time interactions at T1 or T2 (Table
2).

For sedentary time in 30-minute bouts in minutes per week,
there was a significant estimated decrease at T1 within the WEB
group (mean difference −212.00, 95% CI −422.14 to −3.84).
However, the CI was very wide and the effect was not
maintained until T2 (Table 3). Compared with the PRINT group,
there were no significant group differences and group-by-time
interactions at T1 or T2 (Table 3). At T2, there were no
significant intergroup differences over time.

At all 3 time points, the mean sedentary time per day was
between 600 and 700 minutes, that is, between 10 and 11.5
hours (minimum 420 minutes, maximum 1200 minutes). There
were no significant within-group differences at T1 and T2 with
regard to sedentary time in minutes per day after adjusting for
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covariates. There were no significant group differences or
group-by-time interactions at T1 or T2 (Table 3). There were
no significant within-group differences over time at T2
(βtime=5.29, 95% CI −9.12 to 19.69). Compared with PRINT
and baseline groups, the WEB group at T2 spent approximately

10 more minutes per day with sitting (βgroup*time=10.41, 95%
CI −4.49 to 25.31) and the WEB+ group at T2 spent
approximately the same minutes per day with sitting
(βgroup*time=−0.13, 95% CI −19.49 to 19.22; Table 3).

Table 3. Results of the linear mixed regression models (time, group, intervention effects, and comparison of intervention effects) for sedentary behavior

(minutes per day and 30-minute bouts).a

Group-by-time interaction
(reference PRINT at T0),
β (95% CI)

Group differ-
ence (refer-
ence PRINT),
β (95% CI)

Time difference (refer-
ence T0), β (95% CI)

Difference in time within

group (reference T0b), least
squares mean (95% CI)

Indicators per time point, mean
(SD)

Characteristics

T2T1T2T1T2T1T2dT1cT0

Sedentary time (minutes per day)

10.41 (−4.49
to 25.31)

−6.24
(−19.98 to
7.49)

−5.88 (−21.14
to 9.39)

5.29
(−9.12 to
19.69)

1.04
(−12.09 to
14.17)

15.7 (−0.36 to
31.76)

−5.20
(−19.43 to
9.02)

638.1
(88.2)

633.2
(90.9)

630.2
(102.2)

WEB

−0.13
(−19.49 to
19.22)

−11.88
(−29.27 to
5.52)

−2.53 (−22.31
to 17.25)

N/AN/Ae5.15 (−14.00
to 24.31)

−10.83
(−29.36 to
7.69)

628.9
(94.1)

642.6
(79.0)

637.7
(74.5)

WEB+

N/AN/AN/AN/AN/A5.29 (−9.12 to
19.69)

1.04
(−12.09 to
14.17)

646.8
(120.6)

649.9
(128.5)

639.0
(78.3)

PRINT

Sedentary time in 30-minute bouts (minutes per week)

106.94
(−112.63 to
326.51)

−194.16
(−396.46 to
8.14)

−107.81
(−327.33 to
111.70)

72.31
(−139.36
to
283.98)

−18.83
(−211.94 to
174.29)

179.25
(−56.85 to
415.35)

−212.99
(−422.14 to
−3.84)

2348.2
(731.5)

2098.7
(851.1)

2228.1
(905.2)

WEB

0.34
(−284.79 to
285.46)

−141.37
(−397.69 to
114.96)

−16.37
(−300.69 to
267.95)

N/AN/A72.65
(−209.29 to
354.59)

−160.20
(−432.82 to
112.43)

2402.2
(701.7)

2336.5
(785.7)

2368.4
(839.3)

WEB+

N/AN/AN/AN/AN/A72.31
(−139.36 to
283.98)

−18.83
(−211.94 to
174.29)

2402.1
(900.5)

2371.8
(960.6)

2301.3
(798.9)

PRINT

aThe linear mixed model was adjusted for age, sex, BMI, level of education, family status, employment status, household income, subjective health
status, built environment, activity-related support, preference, season, and valid wear time.
bT0: baseline assessment.
cT1: 3-month follow-up.
dT2: 9-month follow-up.
eN/A: not applicable.

Attendance, Use, and Acceptance of Intervention
Components
Overall, attendance of the face-to-face components of the
intervention was high, with an average of 8/10 weekly group
sessions attended and 2/3 monthly group sessions attended
(Multimedia Appendix 3). Regarding the use of the PA diary,
there were no marked differences among the intervention groups
at T1. The exercise brochure was used at least once per week
or daily by 68% (50/73), 48% (29/60), and 38% (10/26) of the
PRINT, WEB, and WEB+ groups, respectively. The overall use
of intervention material was high to moderate at T1 (the PA
diary was used by between 65% (17/26) and 78% (47/60) of
the participants at least once per week or daily) and declined
by T2. At T2, approximately 44% (24/55) of the participants in
the PRINT group, 49% (23/47) in the WEB group, and 58%
(19/36) in the WEB+ group still used the PA diary at least once

per week or daily. The use of the smartphone app was very low
in the WEB group but higher in the WEB+ group.

Acceptance of the interventions was generally high;
approximately half of the participants agreed that the program
was at least somewhat helpful for being physically active (T1),
and stated that they would recommend it to others (T1;
Multimedia Appendix 3). Retrospectively, between 73% (49/55)
and 78% (39/47) of the participants in each group stated that
their random allocation matched their initial preference (T2;
Multimedia Appendix 1). The most commonly reported reasons
for crossing over were “wanted to try something new,” “liked
the website and wanted to use the fitness tracker in addition,”
and “high affinity to technology.” The reason for not crossing
over reported most often was “completely satisfied with the
current material.” Further reasons listed included “did not want
to lose contact to the previous group members,” “printed version
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seemed impractical,” or “not technology-affine and wanted to
keep the printed version.” No unintended effects were reported
by the participants.

Discussion

Principal Findings
In summary, no intervention effects on MVPA were detected
in this study, including 242 community-dwelling older adults
aged ≥60 years who participated in a 9-month crossover
randomized trial. MVPA did not increase but decreased over
time, regardless of which group the participants were
randomized to. The proportion of participants meeting the WHO
recommendations for MVPA remained relatively stable, with
approximately one-fifth of the participants meeting the
recommendations at all 3 assessment points. The use of the
intervention materials decreased slightly over time. Regarding
SB, all 3 intervention groups displayed a decreasing trend in
this risk behavior over time. However, no significant intergroup
differences were observed in this regard. Interestingly, however,
there was an indication that the reduction was most pronounced
in the WEB group, which had decreased sedentary time in
30-minute bouts in minutes per week from baseline to T1.
However, this effect was not maintained at follow-up, and no
significant time-by-group interactions were observed. This study
adds to the current knowledge that the mode of delivery (PRINT
vs WEB) did not appear to affect the acceptance and
effectiveness of the intervention content. Both were comparable
across the groups. Unfortunately, however, none of the
intervention conditions displayed increases in PA over the
course of 9 months (for a comparison with previous research,
see the following section).

It is conceivable that the intervention effects in certain subgroups
were masked in the primary analyses. In an exploratory analysis,
the presence of unobserved subgroups was investigated with
regard to the latent change trajectories of MVPA and SB [46].
Regarding MVPA, latent change trajectory analysis revealed
an initially sufficiently active and an initially insufficiently
active subgroup, both of which remained constant over time.
Regarding SB, an initially highly sedentary subgroup and
moderately sedentary subgroup were identified. Although the
moderately sedentary subgroup experienced slight increases in
sitting time, the initially highly sedentary subgroup experienced
significant decreases in SB and significant increases in PA levels
[46]. This may suggest that our interventions were particularly
useful for older adults with high initial SB levels.

Second, we found that despite having had the opportunity to
try out another condition at the 6-month follow-up, very few
participants took advantage of it. In total, only approximately
7.8% (16/204) switched conditions at follow-up (1/17, 6% from
WEB [including WEB+] to PRINT; 15/17, 88% from PRINT
to WEB). Two-thirds of participants in each condition stated at
follow-up that their random allocation had matched their initial
preference, suggesting that intervention participants felt content
with the condition (and use of materials) to which they were
assigned. In addition, feeling part of a group during the sessions
and not wanting to leave the group may have played a role.
Furthermore, 10.3% (21/204) of the participants stated that they

did not want to lose contact with their groups. In fact, overall
satisfaction with the group sessions and attendance rates were
very high and did not differ among the modes of delivery. To
conclude, these results suggest that the participants did not see
any reason for switching to another mode of delivery. However,
another explanation for the lack of movement between
conditions at T1 could be that study participants who were
randomized to a specific condition either refused to participate
in the study or possibly dropped out of the study early, because
they felt dissatisfied with using the intervention materials
assigned to them in the condition that they were randomized to.
Future pragmatic trials combining a randomized controlled trial
with 2 different intervention arms in which participants can
self-select will be necessary to further investigate the questions
regarding the role of individual preferences raised in this study.

Strengths and Limitations
Despite the advantages of the study design applied in this project
and the objective measurement of MVPA using accelerometers,
this study had several limitations. First, there was no untreated
or placebo control group. Second, the preference for a certain
intervention delivery mode at baseline was only assessed
retrospectively, which may have led to a recall bias. However,
we chose to assess preferences retrospectively because we
anticipated disappointment (and possibly study dropout); if an
individual was not randomized to the intervention group that
they preferred to be in at baseline. Another question that remains
is whether the recruitment channel that participants were
recruited via (ie, print media vs mailed invitations) played a
role when deciding for or against an intervention condition at
the 6-month follow-up. This will be the topic of a future study.
Finally, we were unable to recruit the number of study
participants to the study that we had aimed for [30], and
loss-to-follow-up was relatively high. As we did not meet the
intended goal regarding the sample size, our analyses were
underpowered. This problem was addressed using linear mixed
modeling. Another limitation of our study is that the primary
outcome defined in this study was not a state-of-the-art
recommendation at the time of study completion. Thus,
participants may not have been sufficiently motivated to engage
in activities amounting to >10 minutes because, on the website
or using PRINT materials for self-monitoring PA, they could
only complete the PA diary if the activities leveled up to
10-minute bouts. In addition, we were unable to quantify the
individual intervention effects of the group sessions on PA.
Finally, neither participants nor researchers were blinded to the
conditions, design, and aim of the study.

Several issues potentially causing selection bias and high
attrition were identified in our study. One of the exclusion
criteria was that participants had to own a PC with internet
access. It is possible that individuals without this equipment
were disadvantaged because we could not provide the equipment
to participate in the study to them. Another selection bias may
be the appointments made available to them. In particular,
individuals who were still employed found it difficult to keep
the appointments assigned to them and may have dropped out
consequently. Furthermore, as discussed previously, despite the
exclusion criteria already meeting the recommendation of 150
minutes per week, we found that many participants had higher
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levels of PA than were reported while entering the study and
did not feel sufficiently challenged by our intervention. All of
these issues have been previously discussed in the context of
individual studies and meta-analyses conducted on the topics
of selection, retention, and dropout in behavior change trials
[47-49].

Comparison With Previous Work
Compared with previous research suggesting that eHealth
interventions can effectively promote PA in older adults in the
short term [1,11-13,50-53], we were not able to demonstrate
intervention effects for participants in the WEB and WEB+
conditions, neither in the short term at 3 months nor in the longer
term at 9 months. This is puzzling, as several recently published
systematic reviews and meta-analyses [50-53] demonstrate the
effectiveness of eHealth interventions, including mobile
interventions [52], for improving PA levels (eg, mean steps per
day and minutes of daily MVPA, weekly PA, and MVPA [50])
in predominantly healthy older adults. Similar to our study,
acceptance of eHealth intervention approaches was high in the
studies included in these systematic reviews and meta-analyses
[50]; however, contrary to our attrition rate, studies included in
[50] predominantly reported attrition below 20% [50].

Looking at the evidence for the lack of effectiveness of eHealth
interventions only, Elavsky et al [52] reported that 12 out of 29
randomized controlled trials and 8 out of 21 trials reporting
pre-post changes in PA did not find any significant increases
in PA. However, most studies that did not demonstrate effects
did not include print-based conditions as a comparison group
but control groups not receiving an intervention [52]. Hence,
they could not be compared with the results of our study.
Furthermore, in our study, we did not observe any differential
effects of the intervention modality (WEB or WEB+ vs PRINT).
A systematic review conducted by Muellmann et al [13]
included several studies comparing print- and web-based
intervention arms with contradictory results. Two studies by
Peels et al [54,55] revealed that print- and web-based
interventions were equally effective in promoting PA at the
6-month follow-up, but at the 12-month follow-up, only
participation in the print-based interventions was associated
with significant changes in PA. Van Stralen et al [56-58]
compared a web-based intervention to a no-intervention control
group and print-based intervention. Contrary to the findings by
Peels et al [54,55], participants receiving the print-based
intervention did not display any increases in PA at the 12-month
follow-up, whereas participants who received the web-based
intervention did. The contents of both WEB and PRINT
interventions in our study were very similar and according to
the evidence described above, could or could not have resulted
in an intervention effect. The fact that participants in all
intervention arms also received regular sessions in groups may
have served as an equalizer, but it cannot explain the lack of an
overall intervention effect. A possible reason for the lack of an
effect may be that, despite the exclusion criterion “already
meeting the WHO recommendations for one year preceding
baseline,” potential participants may have underreported MVPA
to be able to participate in the study. This may have led to higher

baseline PA levels than intended and feelings of frustration with
intervention messages and materials targeting primarily inactive
adults and possibly dropping out of the study. It is also
conceivable that potential participants may have overreported
PA because of social desirability and may have been excluded,
leading to a lack of representation of physically inactive adults
in the sample. However, both of these potential explanations
are rather speculative. Nevertheless, we conclude that more
sensitive strategies are needed to address social desirability
concerning the self-reporting of PA during recruitment to better
reach initially inactive adults. Owing to the reasons explained
above, the results of our study are not generalizable to the
general population in this age bracket, and external validity is
limited.

Furthermore, previous research has shown that preferences for
intervention modality may vary by age, sex, BMI, or social or
living environment [15,22,23]. Younger individuals seem to
prefer eHealth to print-based interventions [22,23], whereas
older or female individuals or those with an adverse weight
status appear to be more likely to favor print-based interventions
[22]. Unfortunately, in our study, we were not able to investigate
variations by sociodemographic characteristics because only
7% of the sample changed groups at follow-up, and preference
was not assessed at baseline, but only retrospectively. However,
we did not find any group differences in terms of technology
readiness. Levels of acceptance were average across groups and
competence and control beliefs, as well as willingness to deal
with new technologies, were high across groups, suggesting no
variations that may have affected decisions for WEB versus
PRINT conditions later on in the study.

Implications for Practice and Research
The great heterogeneity among older adults >60 years (eg, in
employment status, chronic disease status, or functional
capability) is a key concern and needs to be addressed in future
interventions, including differing motivations to participate in
the study or to engage in interventions (eg, maintaining
functional status). Interventions should include more tailoring
in the future, including tailored messages addressing the aspects
raised above. One lesson learned in this study was that group
sessions paralleling eHealth intervention components contribute
to acceptance in this target group and may prevent study
dropout. Face-to-face contact with the PA instructor and fellow
participants and a sense of structure because of regular weekly
meetings were well received by participants in our study. More
than two-thirds (131/159, 82.4%) of the participants across
groups stated at T1 and T2 that they found the group sessions
very or somewhat helpful.

Conclusions
In conclusion, we successfully adapted and simplified the
interventions developed in a previous study. Despite the high
acceptance and use of these interventions, no intervention effect
was observed for MVPA. Owing to a lack of movement between
groups at T1, the role of personal preferences for different
delivery modes could not be investigated in full depth.
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Abstract

Background: Although the health benefits of physical activity are well established, it remains challenging for people to adopt
a more active lifestyle. Mobile health (mHealth) interventions can be effective tools to promote physical activity and reduce
sedentary behavior. Promising results have been obtained by using gamification techniques as behavior change strategies, especially
when they were tailored toward an individual’s preferences and goals; yet, it remains unclear how goals could be personalized
to effectively promote health behaviors.

Objective: In this study, we aim to evaluate the impact of personalized goal setting in the context of gamified mHealth
interventions. We hypothesize that interventions suggesting health goals that are tailored based on end users’ (self-reported)
current and desired capabilities will be more engaging than interventions with generic goals.

Methods: The study was designed as a 2-arm randomized intervention trial. Participants were recruited among staff members
of 7 governmental organizations. They participated in an 8-week digital health promotion campaign that was especially designed
to promote walks, bike rides, and sports sessions. Using an mHealth app, participants could track their performance on two social
leaderboards: a leaderboard displaying the individual scores of participants and a leaderboard displaying the average scores per
organizational department. The mHealth app also provided a news feed that showed when other participants had scored points.
Points could be collected by performing any of the 6 assigned tasks (eg, walk for at least 2000 m). The level of complexity of 3
of these 6 tasks was updated every 2 weeks by changing either the suggested task intensity or the suggested frequency of the task.
The 2 intervention arms—with participants randomly assigned—consisted of a personalized treatment that tailored the complexity
parameters based on participants’ self-reported capabilities and goals and a control treatment where the complexity parameters
were set generically based on national guidelines. Measures were collected from the mHealth app as well as from intake and
posttest surveys and analyzed using hierarchical linear models.

Results: The results indicated that engagement with the program inevitably dropped over time. However, engagement was
higher for participants who had set themselves a goal in the intake survey. The impact of personalization was especially observed
for frequency parameters because the personalization of sports session frequency did foster higher engagement levels, especially
when participants set a goal to improve their capabilities. In addition, the personalization of suggested ride duration had a positive
effect on self-perceived biking performance.

Conclusions: Personalization seems particularly promising for promoting the frequency of physical activity (eg, promoting the
number of suggested sports sessions per week), as opposed to the intensity of the physical activity (eg, distance or duration).
Replications and variations of our study setup are critical for consolidating and explaining (or refuting) these effects.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e28801 | p.123https://mhealth.jmir.org/2022/3/e28801
(page number not for citation purposes)

Nuijten et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mailto:r.c.y.nuijten@tue.nl
http://www.w3.org/Style/XSL
http://www.renderx.com/


Trial Registration: ClinicalTrials.gov NCT05264155; https://clinicaltrials.gov/ct2/show/NCT05264155

(JMIR Mhealth Uhealth 2022;10(3):e28801)   doi:10.2196/28801
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Introduction

Research Case
Nowadays, sedentary behavior is highly pervasive. Sedentary
behavior, as distinct from physical activity, encompasses a broad
range of behaviors that involve sitting or lying down and do not
increase energy expenditure substantially during waking hours
[1,2]. On average, adults in Western countries spend between
7 and 11 hours per day sitting [3-6]. Adults sitting >10 hours a
day are expected to see their all-cause mortality rates increase
[7]. Conversely, adults who participate in at least 150 minutes
of moderate-intensity activity per week—an equivalent of 20
to 30 minutes per day—are expected to decrease their mortality
rate significantly [8]. However, even when an adult meets these
guidelines, sitting for prolonged periods can compromise health
[9]. Hence, frequently interrupting periods of sitting with (short)
bouts of physical activity is also essential to remain healthy [9].

Although the benefits of an active lifestyle for health are well
established, it remains hard for people to engage more often in
physical activity and reduce sedentary behaviors, with inactivity
accounting for 9% of the premature mortality globally [10].
Mobile health (mHealth) interventions can be used to promote
physical activity and reduce sedentary behavior, particularly if
these tools use evidence-based behavior change strategies (eg,
goal setting) [11].

Promising results have been obtained by using gamification
techniques as behavior change strategies [11-13]. Gamification
is a set of motivational techniques that use game mechanics
outside game contexts to foster participation, engagement, and
loyalty [14,15]. Gamification techniques are especially effective
when they are tailored toward an individual’s particular
preferences and needs (ie, personalized) [12] because behavior
change techniques that motivate one person may not appeal to
someone else [16]. For example, it has been demonstrated that
there are significant associations between specific personality
traits and the types of motivational techniques that individuals
prefer [17,18], as well as the type of motivational messages that
they appreciate more [19]. Furthermore, it has been suggested
that interventions that take into account users’ individual
capabilities when setting intervention goals are better at
sustaining user engagement [20,21]. Similarly, a review of
behavior change strategies to promote physical activity using
mHealth interventions concluded that (adaptively) tailored goals
seem to be more effective than static generic goals [22].

In this study, we aim to replicate these findings and focus on
adaptively tailoring our gamified mHealth program to the
capabilities of individual end users. On the basis of the findings
by Sporrel et al [22], we hypothesized that an intervention that
suggests health goals to its users based on the users’ capabilities
and preferences will be more engaging (ie, resulting in lower

dropout rates as well as higher adoption rates of healthy
routines) than an intervention that does not tailor its goals. Note
that in mHealth tools, capabilities are always relative to other
daily routines. Specifically, the researcher is typically not
interested in the participant’s actual peak capabilities for certain
sports activities. Instead, a researcher typically considers the
participant’s capability to perform a healthy activity in
accordance with the participant’s professional and personal
duties. When also considering that mHealth interventions aim
to be scalable, researchers typically rely on participants’
self-reported capabilities rather than inviting all participants for
an endurance test.

We aim to extend existing literature with suggestions on how
goals are most effectively tailored in digital health promotion
settings. Although it has already been suggested that
assigned—but personalized—goals may be more effective than
having users set their goals themselves [22], it remains unclear
what exact strategies are most effective in setting tailored goals
in a digital health promotion setting. Of course, different
strategies for tailoring goals in a digital health promotion setting
exist. For example, promising results have been obtained by
personalizing goals based on (1) task complexity (eg, by
personalizing daily step goals [23]), (2) context (eg, by setting
context-aware goals [24]), or (3) the user’s autonomy to set
goals (eg, by recommending goals individually instead of having
users select goals from a predefined list [25]). However, the
relationship between the goal target behavior (eg, to go for a
walk or a run) and the impact of the goal on user engagement
levels remains unclear. Hence, in this study we aim to
investigate the relationship between the goal target behavior
and the goal’s impact on user engagement by setting
personalized goals for different types of health-related activities
(ie, walking, biking, and engaging in sports).

In the following sections, we first survey the literature to
examine the relationship between an individual’s capability and
(suggested) goals as well as the impact of goals on behavior.
Then, we detail our intervention, treatments, and study design.
Subsequently, we present the results we obtained. Finally, we
discuss the implications of our results and the weaknesses of
this study as well as directions for future research.

Theoretical Background
Several behavioral theories (eg, the COM-B [Capability,
Opportunity, and Motivation Model of Behavior] System [26]
and the Fogg Behavior Model [27]) argue that, for a certain
(target) behavior to occur, an individual must have the capability
and opportunity to engage in the (target) behavior; in addition,
the strength of motivation to engage in it must be greater than
for any competing behaviors. The concept of capability entails
a person’s physical and psychological capacity to perform a
target behavior [26]. Besides a person’s actual capabilities,
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motivation is key. Several motivational theories highlight that
besides actual capabilities, the perceived ease or difficulty of
performing a target behavior is an important motivating factor
(ie, a concept that has been referred to as self-efficacy by
Bandura [28] and was included as well in the Theory of Planned
Behavior [29] and in Self-Determination Theory [30]).

Hence, a dilemma arises when assigning someone a behavior
to perform. In particular, if the target behavior is too hard for
an individual, they may feel anxious and may therefore not
(continue to) engage in the behavior. In contrast, if the target
behavior is too easy for them, they may feel bored and therefore
may not (continue to) engage in the behavior either. Hence, an
individual’s level of skill and the level of complexity (ie,
challenge) of a target behavior have to be in harmony. This
trade-off is very well described by Flow Theory, which was
formulated by Buchanan and Csikszentmihalyi [31]. This theory
has inspired the design of several (gamified) mHealth tools such
as Nike+, Zombies, Run!, Fitocracy, and Runkeeper [32], all
of which aim at promoting physical activity through the
“provision of optimally difficult challenges and feedback” [32].
The trade-off between a person’s skill and the level of
complexity of a suggested behavior is also described in
Goal-Setting Theory, which proposes that task performance can
be moderated by a number of factors, including task complexity
and levels of self-efficacy [33]. Especially, from Goal-Setting
Theory, it is known that task complexity should generally be at
the verge of an individual’s capabilities to foster engagement
because difficult—but specific and still attainable—tasks
generally result in better performance [33].

To summarize, although tasks that are too simple lead to dropout
due to boredom and tasks that are too complex trigger dropout
due to anxiety (or frustration), tasks that are difficult—but
specific and still attainable—generally yield the highest levels
of engagement. To adhere to this principle, we designed a
procedure in this study that takes into account participants’
self-reported capabilities and desired health goals in setting the
tasks for them to perform.

Finally, Flow Theory points out that a person’s (perception of
their) capability changes over time because their skill increases
whenever they complete more challenging tasks [31]. Hence,
to engage individuals in a task over a longer period time, the
tasks’ complexity should be adaptively tailored in accordance
with the skill they possess. For example, a recent review of
behavior change strategies to promote physical activity using
mHealth interventions concluded that increasing goal complexity
by 20%-100% generally yields increased goal performance [22].
To adhere to this principle, we designed a procedure in this
study that increased task complexity every 2 weeks to account
for participants’ increased skill levels and prevent dropout due
to boredom.

Methods

Recruitment
Participants were recruited among staff members of 7
governmental organizations (ie, 6 municipalities and 1 provincial
organization) in the region of Antwerp, Belgium, in October

2019. The study was introduced to these staff members as a
health promotion campaign to promote physical activity and
reduce sedentary behaviors. Participants were enrolled only
after they gave their explicit consent, which was collected upon
registration for the campaign.

Participants were recruited by representatives of the sports
departments of the participating organizations. These
representatives were organized in a regional committee, with
the aim to promote employee health. This committee had also
called for this scientific study to be conducted. Different
methods for recruiting participants were used within different
organizations (ie, the means of recruiting participants were not
prescribed in a study protocol). Some organizations relied on
word of mouth to promote the campaign, whereas others used
email advertising or printed advertisement posters. Promotional
wristbands had been made available for distribution by all
committee members, but we did not supervise the distribution.
This approach was adopted to respect organizational differences.

Ethical Approval
All operational procedures were approved by the ethical
committee of Eindhoven University of Technology (experiment
ID ERB2019IEIS5). The ethical review committee concluded
that the potential benefits of this study outweighed its potential
risks.

Intervention Context
To test our hypothesis, we used the mHealth tool GameBus.
GameBus was especially designed for health promotion and
provides a highly configurable gamification engine that is used
for sustaining participant engagement. According to the
classification of gamification elements by Hamari et al [13],
GameBus implements the gamification mechanisms of
challenges, points, goals, progress visualizations, leaderboards,
and rewards. In addition, it allows configuring of these
mechanisms for testing scientific hypotheses. The tool supports
hosting multiple experimental designs on a single platform,
ensuring that user experience remains similar across these
different designs. Moreover, the platform enables researchers
to gather rich data in a manner that is compliant with European
(privacy) legislations.

Using GameBus, a health promotion campaign was especially
designed to promote walks, bike rides, and sports sessions. The
campaign had a duration of 8 weeks and was split into 2-week
periods (so-called waves).

To foster awareness of the campaign and stimulate word of
mouth, participants could track their performance on 2 social
leaderboards: a leaderboard displaying the individual scores of
participants within a certain organization and a leaderboard
displaying the average scores of participants within a certain
municipal department. At the commencement of each wave,
both leaderboards were reset (ie, scores were set back to zero).
The actual implementation of both leaderboards in our mHealth
tool is presented in Figure 1.

To score points on these 2 leaderboards, a participant was given
a set of tasks that, upon completion, were rewarded with points.
At the commencement of each wave, a participant received a
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set of 6 tasks (Figure 2). The first three tasks were the same
across all waves: (1) go for a short walk of at least 250 m, (2)
go for a short bike ride of at least 1 km, and (3) share your
healthiest moment of the week. These tasks were included to
provide participants with a sense of gratification relatively easily
and make them feel that all their physical efforts were awarded.

The other three tasks were dynamic (ie, updated at the
commencement of each wave) and arguably more difficult to
perform: (1) go for a longer walk of at least X km, (2) go for a
longer bike ride of at least X km, and (3) go for a sports session
lasting at least 30 minutes X times per week. In this study, these
3 dynamic tasks were either updated generically (ie, for the
control group) or personalized based on the user’s current
self-reported capabilities and health goals (ie, for the treatment
group). Specific details on how these tasks were set for the
different treatment groups are presented in the Study Design
section.

Users could either manually or automatically prove their
engagement with a certain task. By means of the mobile app,
users could manually register that they had performed a certain

task. Alternatively, users could use an activity tracker to
automatically track their efforts. The activity trackers that were
supported included Google Fit, Strava, and a GPS-based activity
tracker that was built into the native version of the GameBus
app (available for both Android and iOS devices).

To prevent users from repeating a single task over and over, we
set a maximum number of points that could be obtained per task
per week, as well as a maximum number of times a task was
rewarded per week with points (Table 1). Note that the sports
session is rewarded X times per week, where X depends on the
actual campaign wave. Note that therefore the number of points
awarded per sports session needs to be calculated for a given
wave by dividing 40 (the maximum number of points awarded
per week) by X. Figure 2 displays the exemplar sets of tasks
that users in the control or treatment groups could be assigned
through GameBus.

Finally, GameBus provided a set of features for social support:
a newsfeed showed when other participants had scored points,
and participants could like and comment on each other’s healthy
achievements as well as chat with each other.

Figure 1. Display of social leaderboards.
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Figure 2. Display of the different sets of tasks per treatment.

Table 1. Maximum number of points that could be obtained per suggested activity.

Points per activityMaximum number of times rewarded per weekMaximum number of points per weekTask

21428Short walk

8756Longer walk

4728Short bike ride

8756Longer bike ride

40/XX40Sports session

10110Healthy moment

Study Design

Overview of Study Arms
The study was designed as a 2-arm randomized intervention
trial. The experimental setup was centered around setting the
complexity parameters (ie, the X values) of the 3 dynamic tasks.
In particular, the parameters to determine were as follows: (1)
the minimum distance of a longer walk, (2) the minimum
distance of a longer bike ride, and (3) the maximum number of
rewarded sports sessions (and consequently the number of
rewarded points per sports session). For the control group, these
parameters were based on Belgian physical activity guidelines,
whereas for the personalization group, these parameters were
tailored to the users’ self-reported capabilities and health goals.

Control Group: Tasks Based on Guidelines
For the control group, the parameter values of the dynamic tasks
were based on national guidelines. The Belgian guidelines for
physical activity are based on the Australian activity guidelines
[34]. These guidelines recommend a minimum of 150 minutes
(ie, in line with the study by Long et al [8]) of moderate-intensity
activity per week, with each activity episode lasting at least 10
minutes. In addition, these guidelines suggest regularly
interrupting periods of sitting with (short) bouts of physical
activity (ie, in line with the study by Owen et al [9]).

On the basis of these guidelines, it was agreed with the
organizing committee to suggest tasks with a duration of 10 to
30 minutes, giving participants ample opportunity to engage in
at least 150 minutes of moderate-intensity activity per week. In
addition, as described in Table 2, we increased the minimum
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durations of tasks throughout the waves by 20%-42% because
it was found that increasing goal complexity (by 20%-40%)

generally yields increased goal performance [35].

Table 2. Estimated time needed to complete a dynamic task per activity type, as suggested to the control group.

Wave 4Wave 3Wave 2Wave 1Parameter

30 (2500)27.5 (2250)25 (2000)17.5 (1500)Minimum duration of the longer walk, minutes (distance; m)

17.5 (4500)16 (4250)15 (4000)12.5 (3500)Minimum duration of the longer bike ride, minutes (distance; m)

30 (5)30 (5)30 (4)30 (4)Minimum duration of the sports session, minutes (maximum times; n)

Treatment Group: Personalized Tasks
To set a value for the complexity parameters of the dynamic
tasks for the treatment group, it was necessary to have some
insight into the users’ current capabilities and health goals. We
obtained self-reports of the users’ capabilities and goals by
means of a short intake survey. Note that all participants (ie,
even control participants) were asked to complete this intake
survey to avoid introducing a bias because just the act of
declaring one’s goals may already foster motivation for the task
at hand [33]. As an incentive to fill out this short survey, a
donation of €0.25 (US $0.28) was made to charity for every
completed survey.

In the intake survey, participants were asked to provide an
estimation of (1) the number of steps they walked on a daily
basis, (2) the number of kilometers they biked on a weekly basis,
and (3) the number of sports sessions in which they participated
on a weekly basis. Note that the participants’ capabilities were
explicitly evaluated in accordance with their existing
professional and personal duties because we aimed to promote
health-related activities that the participants could fit in their
daily routines.

Furthermore, participants were asked whether they wanted to
improve on any of these (estimated) numbers. If they wanted
to improve their capabilities, they were asked to express
(depending on the dimension they aimed to improve) the
following: (1) the number of steps they wanted to walk on a
daily basis, (2) the number of kilometers they wanted to bike
on a weekly basis, and (3) the number of sports sessions they
wanted to attend on a weekly basis.

Subsequently, the data on participants’ capabilities and goals
for walks and bike rides was transformed to fit the description
templates of tasks (eg, a task has the form of go for a longer
walk of at least X kilometers, not the form of walk X steps per
day). The number of steps one could, and wanted to, walk per
day was multiplied by 0.73 (ie, average stride length) and
divided by 3 to obtain a minimum trip length (eg, to reach a
goal of walking 7000 steps per day, we would suggest regularly
going for a walk of at least 7000 × 0.73/3 = 1703 m). The
number of kilometers one could, and wanted to, bike per week
was divided by 5 (eg, to reach a goal of biking 10 km per week,
we would suggest regularly going for a bike ride of at least 10/5
= 2 km).

Now we could calculate the difference between a user’s current
and preferred level of capability. We would update a user’s task
complexity at the commencement of each wave to linearly grow
toward their goal. Hence, to personalize each parameter, we

have used the formula that is displayed below, where i is a
reference to the individual participant for whom the parameter
value is calculated, t is the type of parameter (eg, walking
distance, biking distance, or number of sports sessions), W is
the total number of waves of the campaign (ie, 4), and w is the
wave number of a given wave:

In addition, the value for capability was set by participants
themselves (ie, by means of the intake survey). If a participant
had not completed the intake survey, their capability was
estimated to be their last performance for a particular activity
type t. In case a participant had no recorded history on the
activity type t, their capability was defined as the average
performance of all other users on the activity type t. Note that
in case there was no history of any participant on the activity
type t yet, that capability was defined as a fixed value (eg, 1
km for t with regard to walking, 2 km for t with regard to biking,
and 2 sessions for t with regard to engaging in sports).

Furthermore, a participant’s goal was also defined by the
participants themselves, again by means of the intake survey.
However, if a participant had not completed the intake survey,
their goal was derived by multiplying their capability with a
fixed value of 1.1 for t equals walks and bike rides (ie, indicating
a 10% improvement) or by increasing their capability with a
fixed value of 1 for t equals sports sessions.

Finally, the different parameter values were capped by a
predetermined minimum and maximum. The minimum and
maximum for walking distance were 1 km and 10 km,
respectively; the minimum and maximum for the distance of a
bike ride were 2 km and 17.5 km, respectively; and the number
of sports sessions that were rewarded per week was capped
between 2 and 10. For instance, if the aforementioned formula
would suggest to reward 0 sports sessions, this final check would
override that value, and instead allow a participant to claim
points for their sports sessions twice per week.

Treatment Allocation
Users were allowed to join (and drop out) at any moment
throughout the campaign. Whenever a user joined the campaign,
they would always be given a default set of tasks until the end
of the then-active wave (ie, the default set of tasks was displayed
as the control treatment; Figure 2). After the wave had ended
(and at the start of a new wave), a user would be allocated to
either the control group or the treatment group and receive a
new set of tasks accordingly.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e28801 | p.128https://mhealth.jmir.org/2022/3/e28801
(page number not for citation purposes)

Nuijten et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


The control and treatment samples were stratified such that each
sample included the same number of people who had set a goal
to improve their current capabilities (eg, new participants were
immediately requested to express their current capabilities and
goals through the intake survey). Obviously, the intention to
improve one’s current capabilities is an important covariate
because people who have a certain goal in mind are likely more
motivated to engage with the campaign because this desire may
influence their engagement and performance levels [33]. By
stratifying our samples, the control and treatment groups were
likely to be comparable.

Study Procedures
Throughout the campaign we sent some email notifications to
participants. In particular, upon registration, participants
received a welcome email with a request to complete the intake
survey. In addition, a campaign email was sent at the start of
each wave. These campaign emails included participation
instructions as well as directions for obtaining (technical)
support. Finally, at the end of the campaign, a closing email
with a request to fill out the posttest survey was sent. As an
incentive to fill out this posttest survey, a donation of €1 (US
$1.13) was made to charity for every completed survey. After
4 days, we sent out a reminder to fill out the posttest survey.

Finally, some of the 7 organizations expressed some additional
requests. In particular, 1 organization (ie, the municipality of
Wuustwezel) expressed the need for some additional tasks (eg,
ones that were more specific than the catch-all task Share your
healthiest moment of the week). Furthermore, the municipality
of Essen requested waves with a duration of 4 weeks each
(instead of a duration of 2 weeks each). For them, the social
leaderboards were reset every 4 weeks (ie, twice over the entire
campaign). However, note that—and this applied to the
participants from Essen too—the personal set of healthy tasks
was still updated every 2 weeks.

Measurements
In mHealth, engagement is most commonly captured by means
of measures of app use [36]. Using the GameBus platform, the
engagement of participants was repeatedly measured as follows:
(1) the number of days a participant visited the app (ie, the
distinct days the participant opened the mobile app) and (2) the
number of activities a participant registered. These variables
complement each other because the former may be limited to
passive engagement, whereas the latter requires active
participation (ie, performing the suggested tasks).

Both measurements were recorded per participant per wave. In
addition, for each record, the wave number relative to the
participant’s participation date was recorded. Hence, a record
for a particular participant who joined the campaign only in the
fourth wave would have a relative wave number of zero for that
record. This relative wave number was used to model time in
this study to ensure that time effects (eg, novelty effects) were
equal among participants.

In addition, the type of goal that the participants set in the intake
survey was recorded. A participant’s goal was either unknown
(ie, if they did not complete the intake survey), maintain (ie, if
they did not want to improve their current capabilities on any

dimension), or improve (ie, if they expressed an intention to
improve their current capabilities on at least one dimension).

Finally, participants filled out a posttest survey (presented in
Multimedia Appendix 1) in which we especially assessed the
perceived impact of the campaign on their walking, biking, and
sports performance, as well as their perception of their capability
to perform the prescribed tasks (ie, self-efficacy).

Statistical Analysis
The first set of statistical analyses focused on the evaluation of
dropouts. A participant was labeled as a (provisional) dropout
if they had not visited the app during a specific wave and was
therefore assumed to have lost interest (ie, dropped out) during
the previous wave. Several multiple regression models were fit
to determine whether the number of dropouts changed over time
and were different per treatment. In particular, we tested for
significant second-order interaction effects of time (ie, the wave
number) and treatment.

The second set of analyses focused on the evaluation of
engagement levels of the participants. To evaluate treatment
differences, further analyses were performed on participants
who actually had an opportunity to receive exposure to the
treatment. Hence, from the entire data set, a subset was derived
preserving the combination of a particular participant and wave
only if they had ever checked the app during that wave and if
they had participated for a duration of at least two waves because
during the wave in which a participant signed up, they were not
actually receiving a treatment yet. Subsequently, several
hierarchical linear models were estimated for the 2 outcome
variables (ie, the number of days a participant visited the app
and the number of activities a participant had registered) using
time (ie, the relative wave number), participant’s goal, and
treatment as predictors. We tested whether significant
second-order interaction effects existed among these variables.
In all models we allowed random intercepts for both individuals
and the governmental organizations they were part of. The final
model was selected based on the Akaike information criterion
[37]. The Akaike information criterion estimates the relative
quality of statistical models for a given set of data. The measure
rewards goodness of fit and includes a penalty for increasing
the number of predictors (ie, to prevent overfitting because
increasing the number of predictors generally improves the
goodness of the fit).

In addition, a third set of analyses zoomed in on the
experimentally controlled tasks (ie, the longer walk, the longer
bike ride, and the sports sessions) to evaluate treatment
differences at the level of individual activity types. Specifically,
for each activity type, a hierarchical linear model was built to
predict the number of times a participant registered a task for
that particular activity type. Again, these models included time
(ie, the relative wave number), participant’s goal, and treatment
as predictors. In addition, we tested whether significant
second-order interaction effects existed among these variables.
In all models we allowed random intercepts for both individuals
and the governmental organizations they were part of. The final
model was again selected based on the Akaike information
criterion [37].
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Finally, the fourth set of analyses focused on the evaluation of
subjective measures that were derived from a posttest survey.
This final set of analyses was performed on a subset of the data
set that only included participants who filled out the posttest
survey and were using the mHealth app in more than one wave.
A set of 3 separate linear models was used to estimate the
perceived impact of the campaign on walking performance,
biking performance, and sports performance. An additional
linear model was used to estimate participants’ perception of
their capability to perform the tasks they were prescribed (ie,
self-efficacy). Again, in all 4 models, time (ie, the total number
of waves a participant had been visiting the app), participant’s
goal, and treatment were used as predictors, and we tested
whether significant second-order interaction effects existed
among these variables. To obtain the final models, a backward
elimination selection procedure was used [38]. Backward
elimination starts with all predictors included in the model, with
variables subsequently being eliminated one at a time. At each
step, the predictor with the highest P>.05 is deleted [38]. This
method of deletion continues until all predictors are significant
(ie, P<.05).

Ethics Approval
All operational procedures were approved by the ethical
committee of Eindhoven University of Technology (experiment
ID ERB2019IEIS5). The ethical review committee concluded
that the potential benefits of this study outweighed its potential
risks.

Results

User Statistics
In total, 176 unique participants joined the study, and they were
randomly assigned to a treatment: 82 (46.6%) were assigned to
the control treatment and 84 (47.7%) were assigned to the
personalized treatment, whereas 10 (5.7%) were not assigned
to a treatment at all because they only signed up during the last
wave and therefore only experienced the default set of tasks.
Of the 176 participants, 83 (47.2%) completed the intake survey
(26/83, 31%, set themselves a maintenance goal and 57/83,
69%, set themselves an improvement goal), whereas 93 (52.8%)
did not complete the intake survey and hence their goal was
unknown. These data are summarized in Figure 3, which
displays a cohort diagram that details the number of participants
engaged in different study phases.

Figure 3. Cohort diagram that details the number of participants engaged in different study phases.

Table 3 displays sample demographics based on the results of
the posttest survey, which was filled out by 26.1% (46/176) of
the participants. Gender, age group, and personality scores are
displayed for the entire sample as well as per treatment. The
demographic characteristics in the control group and treatment

group are distributed similarly. Hence, it is assumed that these
groups were comparable at baseline.

Figure 4 displays the decrease in the number of participants
who visited the mobile app during a given wave. The number
of participants who joined the campaign for the first time during
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a given wave are displayed in green. The number of participants
who dropped out during a specific wave are displayed in red.
The number of participants who checked the mobile app during
a specific wave, although they dropped out during an earlier
wave (ie, reclaimed users) are displayed in yellow. Using
multiple regression analysis, it was found that participants
tended to drop out over time (ie, the wave number is a significant

factor for predicting dropouts at P=.03; Table S1 in Multimedia
Appendix 2). No significant differences in dropout rates between
treatments could be detected. In addition, no significant
interaction effect between time (ie, the wave number) and
treatment was detected. Hence, it is assumed that dropouts were
spread equally over treatments.

Table 3. Sample demographics (N=46).

No treatment, n (%)Treatment group, n (%)Control group, n (%)Sample, n (%)Characteristic

Gender (n=46)

1 (8)5 (38)7 (54)13 (28)Male

0 (0)18 (55)15 (45)33 (72)Female

Age group (years; n=44)

1 (8)5 (42)6 (50)12 (27)21-30

0 (0)9 (56)7 (44)16 (36)31-40

0 (0)1 (33)2 (67)3 (7)41-50

0 (0)4 (50)4 (50)8 (18)51-60

0 (0)4 (80)1 (20)5 (11)61-70

Personality scores (n=41), μ , σ

—a2.643, 0.7232.500, 0.4732.573, 0.610Openness

—2.405, 0.6542.250, 0.5792.329, 0.616Conscientiousness

—2.798, 0.7012.763, 0.5992.780, 0.645Extraversion

—2.036, 0.4631.975, 0.4992.006, 0.476Agreeableness

—3.238, 0.7483.362, 0.6813.299, 0.710Neuroticism

aPosttest personality scores were not available for the participant who was not assigned a treatment.

Figure 4. Number of participants who visited the app at least once per wave.
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Descriptive Statistics of Complexity Parameters
The complexity parameters of the dynamic tasks that the control
participants were assigned are presented in Table 2. However,
the complexity parameters for the treatment group were different

for each individual in that group and were only determined at
the start of a new wave. The mean (SD), minimum, and
maximum values of the 3 complexity parameters are displayed
per wave in Table 4.

Table 4. Mean (SD), minimum, and maximum values of the complexity parameters per dynamic task as presented to the treatment group.

Wave 4Wave 3Wave 2Wave 1Parameter

Minimum distance of the longer walk (m)

2054 (526)2091 (488)2025 (500)1777 (600)Mean (SD)

1004100010001000Minimum

4684457844714365Maximum

Minimum distance of the longer bike ride (m)

9127 (3728)7718 (3386)7439 (3194)7822 (3704)Mean (SD)

2000200020002000Minimum

17,50017,50017,50017,500Maximum

Suggested sports sessions

3.09 (0.93)3.67 (0.85)2.97 (0.83)2.41 (1.02)Mean (SD)

2222Minimum

8777Maximum

Evaluation Outcomes

Evaluation of Engagement Levels

Description of the Data Set

Of the 176 participants, 10 (5.7%) only joined the study during
the last wave; hence, they were not assigned a treatment and
were therefore excluded from further statistical analysis, leaving
166 (94.3%) participants in the data set. In addition, of these
166 participants, 55 (33.1%) only visited the app at their
registration (ie, during their first wave) and hence were also
excluded from further statistical analysis, leaving a total of 111
(66.9%) participants in the data set for evaluation of engagement
levels (ie, 51/111, 45.9%, assigned to the control treatment and
60/111, 54.1%, assigned to the personalized treatment).

Impact on Passive Engagement Levels

Figure 5 displays the number of days participants visited the
app on average per wave per treatment. Figure 6 displays the

number of days participants visited the app on average per type
of goal they set.

From the second set of statistical analyses, it was found that the
number of days participants visited the app dropped over time
(ie, –1.174 days per relative wave; P<.001; Figure 5 and Table
S2 in Multimedia Appendix 2). No significant difference
between treatments was detected, although it did matter whether
participants completed the intake survey. In particular,
participants who completed the intake survey—and hence set
themselves a goal to either maintain or improve their current
capabilities—visited the app on more distinct days than those
who did not set themselves a goal (ie, +2.176 days for
participants with a maintenance goal; P<.001; and +1.625 days
for participants with an improvement goal; P=.005; Figure 6).
Finally, no significant interaction effects were detected; all
treatments were affected equally by the impact of time.
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Figure 5. Mean plot of the number of days participants visited the app per wave, per treatment.

Figure 6. Mean plot of the number of days participants visited the app per their ambition to improve their current capabilities, per treatment.

Impact on Active Engagement Levels

Figure 7 displays the average number of activities participants
registered per treatment. Figure 8 displays the average number
of activities participants registered per type of goal they set.

Multimedia Appendix 3 displays an overview of the number of
times a particular suggested task was registered per organization.

Moreover, from the second set of statistical analyses, it was
found that the number of activities participants registered
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decreased over time (ie, –0.080 activities per wave; P<.001;
Figure 7 and Table S3 in Multimedia Appendix 2). No
significant difference between treatments was detected, although
it did matter whether participants completed the intake survey.
In particular, participants who set themselves a maintenance
goal registered more activities than those who did not set

themselves a goal (ie, +1.535 activities; P=.03; Figure 8).
Moreover, participants who set themselves an improvement
goal registered even more activities (ie, +3.258 activities;
P<.001; Figure 8). Finally, no significant interaction effects
were detected; again, all treatments were affected equally by
the impact of time (ie, relative wave number).

Figure 7. Mean plot of the number of activities participants registered per wave, per treatment.

Figure 8. Mean plot of the number of activities participants (per treatment) registered after they were grouped based on their ambition to improve their
current capabilities.
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Impact on the Execution of Particular Activities

The third set of analyses zoomed in on the experimentally
controlled tasks (ie, the longer walk, the longer bike ride, and
the sport sessions) to evaluate treatment differences at the level
of individual activity types (Figure 9). For each activity type,
a hierarchical linear model was built to predict the number or
times a participant registered a task for that particular activity
type. No significant predictors were found for estimating the
number of longer bike rides a participant registered. However,

the number of longer walks a participant registered depended
particularly on the goal they had set (ie, +0.261 walks for
maintenance goals; P=.53; and +0.917 walks for improvement
goals; P=.004; Table S4 in Multimedia Appendix 2). Moreover,
the number of sports sessions a participant registered was
dependent not only on the goal they had set (ie, +0.405 sports
sessions for maintenance goals; P=.05; and +0.318 sports
sessions for improvement goals; P=.04), but also on the
treatment they had been assigned to (ie, +0.276 sports sessions
if personalized; P=.05; Table S5 in Multimedia Appendix 2).

Figure 9. Mean plots of the number of longer walks, longer bike rides, and sports sessions participants registered per ambition to improve their current
capabilities, per treatment.

Perception Analysis

Description of the Data Set

Finally, we analyzed the participants’ perception of their
performance as well as capability to complete the program’s
suggested tasks (ie, self-efficacy). This fourth set of analyses
was performed on a subset of the data set that only included
participants who (1) filled out the posttest survey and (2) were
using the mHealth app in >1 wave. This resulted in a data set
of 38 participants (ie, 20, 53%, assigned to the control treatment
and 18, 47%, assigned to the personalized treatment).

Perceived Impact on Performance

When zooming in on the perceived impact on performance of
individual activity types (ie, walks, bike rides, and sports

sessions), no significant predictors were found for estimating
the perceived impact on walk performance (Figure 10).
Nevertheless, the perceived impact on bike performance
depended particularly on the treatment a participant received
(ie, +0.047 if personalized; P=.04; Table S6 in Multimedia
Appendix 2). In addition, the perceived impact on sports
performance was dependent on a significant interaction effect
between the treatment a participant received and the goal they
had set (ie, +0.500 if personalized and a goal to maintain their
current capabilities and –0.227 if personalized and a goal to
improve their performance; P=.04; Table S7 in Multimedia
Appendix 2).
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Figure 10. Mean plots of the perceived impact on walk, bike, and sports performance per participants’ ambition to improve their current capabilities,
per treatment.

Impact on Perception of Capability

Finally, the fourth set of analyses yielded a linear model to
estimate the participants’ perception of their capability to
perform the prescribed activities (ie, self-efficacy; Figure 11).
The treatment did not have a significant impact on the

participants’ perception of their capability. Nevertheless, for
both the control and treatment groups, the perception of
capability diminished over time (ie, –0.329; Table S8 in
Multimedia Appendix 2) because the parameter measuring the
total number of waves in which a participant had been visiting
the app was reported significant at P=.001.

Figure 11. Mean plots of the perception of capability (ie, self-efficacy) per treatment. The chart on the left groups participants based on their ambitions
to improve their current capabilities, and the chart on the right groups participants based on the number of waves during which they remained active.

Discussion

Principal Findings
The aim of this study is to evaluate the impact of personalized
goal setting in a gamified health promotion program on
participant engagement levels. Our results show that engagement

with the program inevitably dropped over time, both in the
personalized condition and in the control condition. Although
this pattern is common in digital health promotion programs
[39], several factors may be relevant for explaining this tendency
in this particular context. First, it must be noted that only a
limited number of participants had explicitly set a goal to
maintain or improve their current capabilities (ie, 83/176, 47%).
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According to the Transtheoretical Model of Behavior Change,
there are 5 sequential Stages of Change that characterize one’s
readiness for change [40]. Hence, a great proportion of our
sample seemed to be still in the precontemplation or
contemplation phase, phases in which they were actually not
(yet) planning for a more active lifestyle. Second, it must be
noted that the participants’ autonomy was limited during this
program (eg, they were not rewarded for improving their dietary
intake but instead only received suggestions for improving their
levels of physical activity), which—according to
Self-Determination Theory—may have harmed their intrinsic
motivation levels [30].

Still, the participants who had set themselves a goal (ie, by
completing the intake survey) were more engaged than those
who had not. In particular, these participants visited the app
more frequently and also registered more of the healthy tasks
they were prescribed. Hence—as proposed by Goal-Setting
Theory—setting a goal is in itself a motivating task [33].
Nevertheless, improvement goals—which are arguably more
difficult to achieve than maintenance goals—did not seem to
be significantly more motivating in general than maintenance
goals. This finding seems to contradict both Flow Theory and
Goal-Setting Theory, which propose that difficult—but still
attainable—goals are more engaging than easier goals [31,33].
Then again, it should be noted that the descriptive means were
mostly in the expected direction (ie, improvement goals were
more engaging than maintenance goals) and the impact of
improvement goals was actually significantly larger for
promoting sports sessions: if a participant explicitly expressed
a need to improve their current performance, they perceived
their sports performance to be improved significantly.

Finally, the impact of the personalized treatment on engagement
levels seemed to be generally limited. However, descriptive
means were mostly in the expected direction (ie, personalized
goals were more engaging than generically suggested goals).
The seemingly limited impact of personalized goal setting may
be explained by the actual strategy for personalizing the set of
tasks. Moreover, we found that personalizing the suggested
minimum number of sports sessions did stimulate participants
to perform significantly more sports sessions, as well as
significantly improved their perception of their sports
performance. Upon close examination of this complexity
parameter, we found that it can be characterized as a frequency
parameter, whereas the parameters for personalizing walks and
bike rides are typically characterized as intensity parameters.
A frequency parameter defines how many times a particular
activity should be performed in a given time frame, whereas an
intensity parameter defines how a particular activity should be
executed (eg, for how long and how far). We are unaware of
context-specific factors that could have influenced this effect.
However, we cannot claim generalizability yet either.

Finally, it must be noted that the treatment group participants
did not feel more capable of completing the program’s tasks
than the participants in the control group. Although no
significant differences between the treatment groups could be
detected with respect to the participants’perception of capability
to complete the program’s tasks (ie, self-efficacy), the treatment
group participants who set themselves a goal reported the lowest

levels of self-efficacy on average among all participants. Hence,
our personalization strategy may have suggested tasks that were
perceived as too difficult or too easy by our target users, thereby
potentially compromising self-efficacy and engagement with
the program [30,31].

Limitations
The execution of this study was subject to several limitations.
First, participants could take part without completing the intake
survey. As a result, it was unknown in the case of some
participants whether they explicitly choose not to set goals for
themselves or whether they actually did aim to maintain or
improve their current capability levels.

Second, participants may have felt that the number of points
they were awarded for their activities, which affected their
position on the social leaderboard, was unfair. By nature of the
personalized treatment, each participant’s intervention program
was unique (ie, the intervention program was tailored to
participants’ individual capabilities and goals). Although,
objectively speaking, this tailoring strategy makes the whole
competition actually more fair, we received reports from several
participants perceiving it as unfair that they had to (seemingly)
expend more effort than their colleagues to be awarded the same
number of points.

Third, an additional design choice that participants may have
perceived as unfair was the decision to reward walks and bike
rides on a per-trip basis, instead of, for example, on a daily
aggregate basis. As a result, participants who went out for
multiple shorter walks may not have been sufficiently rewarded
for their effort. Then again, our aim was to promote activities
with a minimum duration of 10 minutes, but perhaps it is
worthwhile exploring this trade-off in more depth.

Fourth, the study outcomes were largely based on self-reported
measures. Although participants could automatically (ie,
objectively) prove their engagement with a certain task using
Google Fit, Strava, or a built-in GPS-based activity tracker,
they were also allowed to manually (ie, subjectively) claim that
they had engaged in a certain task. This design choice could
have introduced fraudulent activity registrations.

Fifth, the posttest survey suffered from low response rates (ie,
46/176, 26%). This low response rate on the posttest survey
may have introduced a selection bias in the fourth set of analyses
of subjective measures.

Finally, this study evaluated the impact of our intervention on
a particular target group (ie, government staff) within a specific
context (ie, the work environment). It is likely that the results
will be generalizable to other audiences and contexts—because
both Flow Theory [31] and Goal-Setting Theory are universal
theories [33]—but it remains unclear what the intervention’s
exact impact on health behavior would be in different settings.

Future Work
A follow-up study should better control how participants set
goals for themselves (ie, by means of the intake survey). For
example, participants could be required to complete the intake
survey before they are allowed to engage in the (gamified)
program. Moreover, the intake survey could be extended to also
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assess participants’ Stage of Change according to the
Transtheoretical Model of Behavior Change [40]. It seems
natural to set different goals for participants who are in the
precontemplation or contemplation phase (ie, the phase in which
participants are not [yet] planning for a more active lifestyle)
and for participants who are already actively improving their
lifestyle (ie, participants in the action phase). Perhaps these 2
groups need to be assigned a different (gamified) program
altogether.

In addition, future work should focus on evaluating different
strategies for personalizing goal parameters. A particular
opportunity is exploring in more detail the potential impact of
personalizing the frequency parameters, rather than the intensity
parameters. Focusing on promoting activity frequency
particularly satisfies physical activity guidelines, which suggest
that frequently interrupting periods of sitting with (short) bouts
of physical activity is essential to remain healthy because sitting
for prolonged periods can in itself compromise health [9]. Does
personalization based on frequency parameters also have a larger
impact on engagement levels in general? And if so, why?
Finally, future work could explore the impact of allowing
participants to add personalized goals for other types of activities
too (eg, healthy dietary intake).

Recommendations
Although we have not yet been able to generalize our findings
to support the claim that personalizing activity frequency fosters
engagement levels better than personalizing activity intensity,
we still suggest that practitioners focus on setting personalized
goals based on activity frequency, in particular, because focusing
on activity frequency implies performing physical activity more
often (instead of for longer duration or performing more intense
physical activity). This focus adheres especially well to physical
activity guidelines, which suggest that frequently interrupting
periods of sitting with (short) bouts of physical activity is
essential to remaining healthy because sitting for prolonged
periods can in itself compromise health [9]. Meanwhile, we

encourage scholars to replicate our study setup to gain a deeper
understanding of the potential impact of different strategies for
tailoring health goals. To this end, we recommend that scholars
(also) apply Goal-Setting Theory [33] and Flow Theory [31]
when designing their studies. Similarly, we encourage scholars
to evaluate the relationship between strategies of adaptive goal
setting and contextual factors (eg, whether outcomes can be
replicated with other target audiences).

Conclusions
In this study, we evaluated a gamified program that was
designed to promote engagement in physical activity with
sedentary government staff. Our aim is to investigate the impact
of adaptive goal-setting strategies on end-user engagement levels
with the program. In particular, through the program, study
participants were stimulated to engage in a set of health-related
activities (eg, to go for a walk, run, or sports session). Of these
activities, we tailored the suggested intensity (ie, the minimum
walking or biking distance) and frequency (ie, for sports
sessions) based on the end users’ self-reported current capability
(eg, current walking capability) and desired capability (eg,
desired walking capability). Our results indicated that end-user
engagement with the program inevitably decreased over time.
However, compared with a control group, it was found that
tailoring the frequency of suggested activities (ie, as opposed
to tailoring the intensity of activities) does promote engagement
in that activity (ie, engaging in sports sessions). This effect was
reported to be especially strong in participants who expressed
an intention to improve their health-related capabilities at the
beginning of the program. In fact, engagement was generally
higher in participants who expressed an intention to improve
their capabilities on at least one health dimension. Hence, when
designing a gamified health promotion program, end-user
engagement levels may be fostered by having end users
explicitly state their current and desired capabilities and by
setting health goals that tailor the suggested frequency of
engaging in activities that constitute these goals.
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Abstract

Background: There has been a steady rise in the availability of health wearables and built-in smartphone sensors that can be
used to collect health data reliably and conveniently from end users. Given the feature overlaps and user tendency to use several
apps, these are important factors impacting user experience. However, there is limited work on analyzing the data collection
aspect of mobile health (mHealth) apps.

Objective: This study aims to analyze what data mHealth apps across different categories usually collect from end users and
how these data are collected. This information is important to guide the development of a common data model from current
widely adopted apps. This will also inform what built-in sensors and wearables, a comprehensive mHealth platform should
support.

Methods: In our empirical investigation of mHealth apps, we identified app categories listed in a curated mHealth app library,
which was then used to explore the Google Play Store for health and medical apps that were then filtered using our selection
criteria. We downloaded these apps from a mirror site hosting Android apps and analyzed them using a script that we developed
around the popular AndroGuard tool. We analyzed the use of Bluetooth peripherals and built-in sensors to understand how a
given app collects health data.

Results: We retrieved 3251 apps meeting our criteria, and our analysis showed that 10.74% (349/3251) of these apps requested
Bluetooth access. We found that 50.9% (259/509) of the Bluetooth service universally unique identifiers to be known in these
apps, with the remainder being vendor specific. The most common health-related Bluetooth Low Energy services using known
universally unique identifiers were Heart Rate, Glucose, and Body Composition. App permissions showed the most used device
module or sensor to be the camera (669/3251, 20.57%), closely followed by location (598/3251, 18.39%), with the highest
occurrence in the staying healthy app category.

Conclusions: We found that not many health apps used built-in sensors or peripherals for collecting health data. The small
number of the apps using Bluetooth, with an even smaller number of apps using standard Bluetooth Low Energy services, indicates
a wider use of proprietary algorithms and custom services, which restrict the device use. The use of standard profiles could open
this ecosystem further and could provide end users more options for apps. The relatively small proportion of apps using built-in
sensors along with a high reliance on manual data entry suggests the need for more research into using sensors for data collection
in health and fitness apps, which may be more desirable and improve end user experience.

(JMIR Mhealth Uhealth 2022;10(3):e30468)   doi:10.2196/30468
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Introduction

Background
Mobile health (mHealth) apps support health delivery by the
use of mobile devices such as mobile phones, wearables, and
other wireless devices [1]. Several mHealth systems have been
created for various apps, such as drug dosage reference [2,3],
weight management [4], and monitoring cardiac health using
wearable devices [5]. These mobile apps collect or generate
health insights from three sources: external devices (Bluetooth
or Wi-Fi-based sensors), built-in smartphone sensors, and
manual data entry.

By 2017, it was estimated that more than 300,000 health apps
were available in app stores, with a market growth of 25% each
year [6,7]. The use of mobile apps along with wearables and
external sensors has enabled self-monitoring of one’s health.
They unobtrusively collect physiological data to provide better
health outcomes and can also play an important role for patients
living in remote areas with limited access to health care [4].
mHealth apps have been classified either as active or passive
[8]—the former generate or derive health data using sensors,
whereas the latter rely on manual user input.

The mHealth domain has seen a steady rise in smart wearable
and fixed devices [9] that can be used to gather more detailed
and accurate insights into people’s health [10]. According to
Forbes, by 2022, their demand is expected to grow annually by
approximately 20% [11]. This introduction of sensors has also
opened up new avenues for health care where these devices can
continuously monitor one’s health without manual interference.
This constant monitoring can also help detect anomalies that
may not manifest during a visit to a health care professional
and can permit caregivers to remotely monitor their patients
[12-14]. Several wearables have been developed for specific
support in the mHealth domain and are augmented by novel
solutions, such as virtual reality implemented on mobile devices
[15]. Built-in sensors such as inertial measurement units (IMUs),
microphones, cameras, and GPS modules can also provide
insights into one’s health and have been previously used for
managing conditions such as sleep apnea [16]. Bluetooth Low
Energy (BLE) has been widely adopted for transferring data,
and several apps have been developed that pair BLE devices
with smartphones for fetching health insights. The popularity
of BLE and the availability of low-cost BLE devices has opened
up new avenues for continuous health monitoring in a more
user-friendly manner [12]. Such sensors provide an effective
platform for collecting real time metrics conveniently and less
intrusively, which may be useful in medical research [17].
Recently, they have also been suggested for use in low-cost
mHealth systems such as those for diagnosing pneumonia [18].
Similar suggestions have also been made for physiological
measurements such as heart and respiration rates, blood oxygen
saturation, and blood pressure for application in health
interventions [19]. Recent studies in this area include the use
of BLE devices for managing diseases ranging from asthma
[20] to tissue pain and mobility issues [21]. Several studies have
reviewed mHealth apps and explored them from various
perspectives, such as their impact on health outcomes [22],

usability [23], and even the use of integrated smartphone sensors
for monitoring health conditions [16]. Despite limitations around
the accuracy of the apps and peripheral such as measurement
errors caused by darker skin tones and higher BMI [24] and
poor energy expenditure estimations by apps [25], they remain
mostly well received [26].

A study by Wisniewski et al [27] researched around the
attributes of health apps where they selected 120 top-rated apps
from Google and Apple app stores in different categories and
evaluated them manually. Their study revealed that most apps
fell under the category of self-monitoring of health or diagnostic
data by client apps (World Health Organization classification
1.4.2) [1], indicating a higher interest in, and availability of,
self-monitoring apps.

The Use of Built-in and External Sensors

Overview
Most smartphones host several built-in sensors such as IMUs
and GPS modules and support different wireless communication
technologies such as Bluetooth and Wi-Fi. Many mHealth apps
provide features such as workout tracking, medication
reminders, and general health monitoring using external or
built-in smartphone sensors, whereas others offer other features
that may require manual data entry and include apps such as
meal trackers and weight loss coaches.

Built-in Sensors
A recent assessment of health apps from curated health app
libraries indicated that cameras were the most frequently used
sensors where they were used for assessing one’s heart rate and
even for automated skin cancer diagnosis [16]. Similarly, the
use of microphones has been used in apps that provide
respiratory therapy [28,29]. Algorithms have also been
developed for processing IMU readings to monitor movement
and activity levels in a noninvasive manner and are now widely
used for applications in fall detection and gait analysis to track
the progression of diseases such as Parkinson disease [30].
These algorithms and functions have been integrated with other
data collection mechanisms described below to create complex
and robust health apps, with a common example being popular
fitness trackers that use external heart rate sensors along with
the onboard IMUs and GPS modules.

BLE Standard
BLE standard was originally designed with a focus on low cost,
bandwidth, power consumption, and complexity and has allowed
developers to design products that are more affordable than
other wireless technologies such as Wi-Fi and Zigbee [31]. BLE
uses profiles to define its functionality, which can cover
operation procedures such as the Generic Attribute (GATT)
profile, which describes procedures for exchanging data between
devices and defines data models for the same. As several
implementations can be made using GATT to exchange different
types of data, the Bluetooth Special Interest Group (SIG) has
defined a set of use cases and specific profiles that cover the
required procedures and data structures. These have been defined
using GATT services and characteristics and include profiles
for securely transferring health-related metrics [32] such as
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heart rate and blood pressure. Given that predefined profiles
may not completely cover all apps, the Bluetooth SIG also
permits device manufacturers to create their own vendor-specific
profiles.

GATT provides a framework for data transfer and device
operations, and apps based on BLE are required to comply with
its specifications [31]. Data are exchanged between devices
using the smallest addressable data units described by

GATT—attributes. These are identified by 128-bit universally
unique identifiers (UUIDs), which can also be represented using
16- (uuid16) or 32-bit (uuid32) shortened versions, with all
currently SIG-assigned UUIDs being the uuid16 type [33]. The
attributes are organized into nested blocks—services, which
may contain 0 or more related characteristics, which, in turn,
may also contain 0 or more descriptors [31]. As an example,
Figure 1 describes the Bluetooth SIG-defined heart rate service
specification [34].

Figure 1. Hierarchy of Bluetooth Low Energy heart rate service with uuid16 attribute representation (adapted from Bluetooth Specification—Heart
Rate Service [34]).

As the GATT structure is strictly enforced for all
BLE-compatible devices, any client app that intends to exchange
data with them needs to either discover each exposed service
or be aware of relevant services and characteristics. For specific
use cases, apps would require UUID descriptions in their code
for connecting with peripherals and identifying the services and
subsequently reading exposed characteristics. Thus, an analysis
of Android packages to extract these UUIDs would help us to
identify not only those apps using peripherals to collect health
metrics but also the use of standard and vendor-specific services.
Apps have been previously analyzed to identify the use of BLE
peripherals; however, the focus of existing works in the domain
has been around security assessment and identification of
vulnerabilities [35]. Tools such as BLEScope [35] and
BLECryptracer [36] have been created for the same; however,
they have not been used to identify the types of services
supported by health apps.

Objectives
Recent exploration of the domain has also revealed
interconnectivity and convenience as 2 factors impacting user
experience [37]. This is even more important today, given the

thousands of health apps with overlapping features and the user
tendency to use more than one app [2]. Although they are mostly
data driven, there is limited work around the analysis of existing
mHealth apps to identify what data are collected and how, an
understanding of which can help develop better health apps and
eventually improve technology adoption. Therefore, our
objective is to analyze a set of free mHealth apps to investigate
the use of peripherals along with built-in sensors as an indicator
of the collected data and provided features.

Methods

Overview
The Google Play Store is the official hub for downloading
Android apps and offers over 100,000 mHealth apps [38]. Given
the availability of several curated health app repositories, we
explored the app categories described in one major curated app
list—MyHealthApps [39]. Through a search on the Play Store
using terms identified from this library, we identified apps that
we then downloaded and analyzed. Figure 2 shows a high-level
overview of the methodology, which is discussed in detail later.
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Figure 2. Data collection methodology. mHealth: mobile health; UUID: universally unique identifier.

Identifying and Collecting mHealth Apps
We referred to the categories and subcategories of mHealth
apps defined by the MyHealthApps library to guide our search,
and we identified 15 categories with their respective
subcategories listed in Table 1. We wrote a script around a Play
Store scraper [40] that returned apps from the United States
with English as the default language and gave us detailed
information about the apps, and the results indicated that not
all apps matching the search terms were related to health but
included other genres also such as News & Magazines and Tools.
Although several apps of interest fell under the Health & Fitness
or Medical categories, many were classified under other groups
and were excluded from our list. For example, the search term
Blood Pressure returned a set of 250 apps with 113 health and
fitness apps and 89 medical apps (as of November 2020). Our
selection criteria for the apps had the following four key
conditions to include a large set of more popular, accessible,

and quality mHealth apps: free apps, rating >3.5, number of
installs >5000, and health and fitness or medical apps

However, as we also wanted to include comparatively new apps
along with well-established ones, we did not consider a
minimum number of ratings.

After filtering the list and removing duplicates, the remaining
apps were downloaded to our test machine from a mirror site
[41], following which files except those with the .apk extension
were discarded. We investigated the use of built-in sensors such
as accelerometers, gyroscopes, GPS modules, and even the
smartphone’s camera modules in the identified apps. By
analyzing app permissions, it is possible to infer to some extent
what features these apps provide and how data are gathered.
We were particularly interested in the use of GPS (coarse and
fine locations), Bluetooth, Camera, Body Sensors, Microphones,
and Activity Recognition permissions.
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Table 1. App categories, the number of subcategories, and the total number of apps in each category (November 2020).

Apps (N=38,780), n (%)Search terms (subcategories; n=157), nApp category

2745 (7.08)11Bones and muscles

1493 (3.85)6Breathing and lungs

3237 (8.35)13Cancer

1247 (3.21)5Diabetes

499 (1.29)2Endocrine

3238 (8.35)13Heart, circulation, and blood

249 (0.64)1HIV

250 (0.64)1Kidneys

749 (1.93)3Medication

3991 (10.29)16Mental health

5469 (14.1)22Nervous system and brain

748 (1.93)3Skin

5744 (14.81)23Staying healthy

3493 (9.01)14Stomach, bowel, and continence

5728 (14.77)24Senses, mobility, and learning

Data Extraction From mHealth Apps

App Data Set
Our query fetched a list of 38,130 apps (as of November 2020),
which were then filtered to remove duplicates in each app set
and those not meeting the inclusion criteria, giving us a much
smaller list of apps for analysis [42] (N=3330). Of the 3330
apps, 12 (0.36%) apps were not found on the mirror site and 67
(2.01%) returned zip files that were discarded.

Extracting UUIDs From Packages
To analyze the downloaded apps, we used a popular static
analysis tool—AndroGuard [43], which allowed us to decompile
Android packages to extract relevant details. These apps need
to be aware of the relevant services, characteristics, and
descriptors to connect with peripherals. However, apart from
statically defined UUID strings, apps can also construct them
from a base ID and a shortened version at runtime. Although
tracking these IDs may be necessary to identify all the possible
uses of standard services, not all apps follow this approach.
Analyzing the downloaded packages with AndroGuard helped
us identify the following:

• The set of permissions and hardware features requested by
the apps (to help understand how data are collected by the
apps)

• Apps requesting Bluetooth permission (for identifying apps
that may use external peripherals)

• Statically defined UUIDs for apps using Bluetooth (for
understanding the use of predefined or vendor-specified
profiles)

The Use of Internal Sensors
As access to device hardware and other features may have
security implications, Android restricts access by mandating
the use of permissions declared in the app’s manifest file [44].

AndroGuard was used to identify built-in sensors accessed by
mHealth apps through the declared permissions. Although the
Android developer documentation recommends only using
permissions necessary for the app to work as one of the best
practices [45], some developers may request access to extra
sensors and hardware without actually using them—a sign of
a poorly developed app. However, such edge cases were not
considered in this study.

iOS Apps
Although iOS apps also contribute to the mHealth app numbers,
we limited our search to Android because of technical limitations
around downloading these apps and the lack of open tools for
decompiling and analyzing them. However, permission checks
could be performed to indicate the types of hardware features
used by these apps. We randomly selected 30 apps from the list
of Android apps and searched for them on the iOS app store.
Of these 30 apps, 25 (83%) were available on iOS, which were
downloaded using Apple’s Configurator tool and unpacked to
identify the hardware features used in the apps based on the app
permissions.

Overall, in each step of the exploratory analysis, custom tools
were built and used to automate app downloads, static analysis,
data manipulation, and management. Data were then manually
checked to ensure accuracy.

Results

The Use of Internal Sensors
From the analyzed set of 3251 apps, we found several apps
using the coarse (ACCESS_COARSE_LOCATION) and fine
(ACCESS_FINE_LOCATION) locations, suggesting the use of
distance tracking as a possible feature. Similarly, several
instances of activity recognition for tracking step counts
(ACTIVITY_RECOGNITION) and a few for body sensors
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(BODY_SENSORS) were found. Smartphone cameras have also
been widely used, as indicated by the presence of over 600 apps
that requested the appropriate permission (CAMERA). Table 2
lists the number of apps using these permissions. Figure 3 shows
the use of different sensors in each subset. We found that the

camera being more popular across most search categories with
GPS following closely, with the highest use seen in the Staying
Healthy category. The high use of cameras is consistent with
previous app reviews [16] and is discussed in the next section.

Table 2. Apps and requested permissions (N=3251).

Apps, n (%)Permissions (simplified)

557 (17.13)Coarse location

598 (18.39)Fine location

669 (20.57)Camera

36 (1.11)Body sensors

123 (3.78)Activity recognition

340 (10.45)Audio recording
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Figure 3. Built-in sensors used in apps across different categories.

The Use of Bluetooth Peripherals
Apps need to know the UUIDs of the services exposed by BLE
peripherals to communicate with them and transfer data, and
we found that 10.74% (349/3251) of the apps requested
Bluetooth access. Table 3 lists the percentage of apps in each
search category using Bluetooth. The Bluetooth SIG permits
the use of vendor-specific UUIDs for different use cases, and
50.9% (259/509) of the discovered UUIDs were known and

include service, characteristic, and descriptor identifiers. The
unknown IDs include vendor-specific UUIDs along with those
not related to Bluetooth operations; as these are not available
publicly, further separation of this set was not possible.

We mapped the known UUIDs to the apps that used them, which
allowed us to identify the most commonly used UUIDs and
therefore, services. Client Characteristic Configuration
(00002902-0000-1000-8000-00805f9b34fb) was found to be
the most common, with 116 apps using the same UUID.
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However, not many standard health-related services were
identified, and we note that only the Heart Rate Measurement
(41/3251, 1.26%) and the Heart Rate Service (40/3251, 1.23%)
UUIDs were found in the top 10, with 1.2% (30/3251) of the
analyzed apps using these services (Table 4).

We analyzed the permissions requested in the 25 iOS app
versions of the selected Android apps. Given that the apps
provided the same features, the permissions were not expected
to differ and were mostly identical in the main categories of

interest—Bluetooth, Camera, Microphone, Activity Recognition,
and Location (Multimedia Appendix 1). A few minor deviations
were observed on both platforms where some permissions did
not match (eg, 2 Android variants requested near-field
communication, which was not available on iOS). We could
not analyze the BLE UUIDs in the apps because of the lack of
open tools such as AndroGuard on iOS. However, given that
both iOS and Android versions of an app are connected to
similar hardware, the UUIDs are expected to be the same for
the same group of apps.

Table 3. Percentage of apps in each category using Bluetooth.

Percentage of apps using Bluetooth, n/N (%)App category

16/216 (7.4)Bones and muscles

29/188 (15.4)Breathing and lungs

23/326 (7.1)Cancer

59/374 (15.8)Diabetes

12/91 (13.2)Endocrine

72/495 (14.5)Heart, circulation, and blood

14/71 (19.7)HIV

4/67 (6)Kidneys

16/258 (6.2)Medication

53/505 (10.5)Mental health

80/649 (12.3)Nervous system and brain

4/67 (6)Skin

145/1340 (10.8)Staying healthy

58/454 (12.8)Stomach, bowel, and continence

49/391 (12.5)Senses, mobility, and learning

Table 4. Services and the number of apps using them (N=3251).

Apps, n (%)Generic Attribute service

41 (1.26)Heart rate measurement

26 (0.79)Glucose measurement

14 (0.43)Running speed and cadence

13 (0.39)Cycling speed and cadence

13 (0.39)Blood-pressure measurement

12 (0.36)Body composition measurement

10 (0.3)Weight measurement

Discussion

Overview
End users tend to deal with multiple mHealth apps to manage
their health and well-being, with even health care providers
referring to more than one app as one may not provide all the
details they need [2]. These apps do not share a consistent user
interface, sensors, or a common mHealth data model, leading
to poor overall user experience. To address this problem, there
is a need for a comprehensive mHealth data collection model
and catalog of sensors to develop robust app development

guidelines and frameworks. This study represents the first step
in this road map. We reviewed data collection in 3251 mHealth
apps to understand what health data are collected and how apps
collect them with a focus on built-in and external
Bluetooth-based sensors.

Data Collection
Our findings indicate that although there is an increasing use
of smart wearables and the increasing popularity of peripherals,
not many apps use them to collect health data. Similarly, not
many apps were found to use built-in smartphone sensors. Our
results are consistent with a recent study by Wisniewski et al
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[27], where most apps relied on manual entry with limited
support for any wearables. Their reliance on manual reviews
limited their study to 120 apps for mental health, which we were
able to extend by automating the app review process. However,
one drawback of our approach is that we cannot conclusively
determine where the data were being used or what they were
used for.

Our results show 20.57% (669/3251) and 18.39% (598/3251)
of the apps used the camera and GPS modules, respectively,
which are also the most used sensors across each app category,
with the highest occurrence in the Staying Healthy set. This was
expected as this category includes apps around diet and exercise
where images and location data may be used for tracking meals
and physical outdoor activities. We also expected a similar trend
favoring cameras in the Heart, Circulation and Blood category.
We were also surprised by the relatively high use of location
and images in Nervous System and Brain apps, which may
indicate the increasing acceptance of these data types in different
apps. This can be an indication of useful features, such as
scanning an item (eg, medication) or tracking movement.
However, it may also indicate poor app design where access to
sensors is requested without actually using them. Unsurprisingly,
the lowest occurrence of these sensors was found in more
medical apps as opposed to health and fitness apps, where
categories such as HIV and Kidneys may not have any use of
currently available built-in sensors at all. Apps were also found
to use the microphone with the highest occurrence in the Staying
Healthy category where its use can range from call features to
speech analysis to tracking one’s sleep.

Given the popularity of health wearables and peripherals, we
expected to find a significant number of apps supporting them
for passive data collection. However, our results indicated the
opposite. We found 10.74% (349/3251) of the apps requesting
Bluetooth access, of which only about half of the discovered
UUIDs were found to be the standard Bluetooth services with
the remaining unknown. Apart from unrelated IDs, this also
indicates that most devices and apps used proprietary algorithms,
limiting their compatibility and use [46]. However, of those that
were known, very few were related to health, with the highest
occurrence being the Heart Rate Measurement service in 40
apps (1.2%). Vendor-specific IDs (almost 50% of the reported
apps using Bluetooth, n=250, 49.1%) may be used for any
purpose, as defined by device manufacturers, making it difficult
to identify the data transferred through those services. Besides
the possibility of the UUIDs not being detected, this suggests
that despite the growing popularity of wearables, they are
restricted to a few manufacturers with limited apps using
proprietary services and formats.

As we rejected apps with low ratings and downloads, we may
also have skipped several bespoke apps used for specific cases
or by small groups. These can include apps developed for
research studies and specialized devices that may not be widely
available. Similarly, as Google restricts search results to 250
items per search term, we were also limited in our app search.
The analyzed data also indicated the presence of other known
health-related services in a smaller number and showed the use
of Heart Rate, Glucose, and Body Composition as the more
common services provided by peripheral devices.

Data Sharing
mHealth devices and apps have been found to be useful for
collecting clinical insights [47], which shows their potential not
only in personal use but also in clinical apps where integration
with electronic health records can help improve health outcomes.
Newer apps integrate with frameworks such as Apple Health
or Google Fit that allow data aggregation and sharing; however,
they also require installation of more than one app—a challenge
that deters end users. Here, a platform integrating a diverse set
of apps, health records, and sensors could improve this aspect
of mHealth apps with functionality and usability blending in
seamlessly, potentially improving health outcomes.

Tools and Data Set
In addition to app analysis, our contribution also includes the
raw data set, including collected app details along with the
extracted data comprising app permissions and identified
UUIDs. Our tool for downloading and analyzing apps is also
included in our repository, which is available on GitHub [48],
and would be beneficial for future studies related to mHealth
app analysis.

Overall, our results suggest a more common use of manual entry
(where automated data collection is possible), which, apart from
being less reliable, also degrades user experience, leading to
more users abandoning health apps [49]. Although usability is
subjective, limited support for passive data collection with
internal and external sensors can have a negative impact on app
experience, which can lead to reduced adoption by end
users—sidestepping any benefits the apps could offer. Therefore,
it is critical to understand the importance of peripherals and
built-in sensors in modern health solutions and integrating them
in a clinically acceptable manner with health apps.

However, the main limitation of our work arises from automated
data extraction, where we could not capture more nuanced
details such as where the data from these sensors are being used
and requires further investigation. Many valid health apps such
as reference apps, management apps (weight and diet), and
calculators (body composition, drug dosage, etc) may also be
classified under other categories such as Education and Books
& Reference and were rejected. Similarly, because of the
difference in app numbers in each category, a comparison
between them may be biased.

Given the presence of over 300,000 apps in app stores, analyzing
all of them was not feasible and using a curated app list was a
better approach for identifying different apps as they would be
closer to the domain than manually searching through thousands
of apps. As more health apps are widely available today for
managing one’s health, we believe that our results are relevant
where accuracy of health data and wider integration would be
important for better health care delivery. Although app analysis
can be performed manually, we chose to automate the process,
which ignored possible data sources such as developer
descriptions and user reviews. Similarly, our results are based
on limited app categories where the use of sensors and wearables
may not be feasible (eg, Medication or Mental Health), and we
acknowledge that these results may not be generalizable to the
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entire domain. Therefore, there is also a need to explore new
apps of current sensors in these areas to improve data collection.

Given the potential of mHealth apps to improve an end user’s
health, adherence to regular use is essential, which can only be
ensured if such apps are intuitive and convenient to use. In the
larger context of a connected, Internet of thing–enabled
ecosystem, apps would play an important role as an interface.
This indicates a need to integrate more peripherals with health
apps to collect user data, which, along with built-in sensors,
could ultimately help improve health outcomes. To that end,
we envision a connected ecosystem of mini health apps, sensors,
and health records as a key mHealth technology of the future.
We plan to use these results to develop a single mHealth
platform for aggregating several wearables and health apps as
mini health services, which we believe would provide a much
better experience to end users. We have built a prototype of
such a platform with health micro-mHealth apps [50], an
introduction to which is planned in our upcoming work followed
by a study to understand its impact on user experience and
technology adoption.

Conclusions
Given that user studies on app experience have highlighted
convenience and data interconnectivity and aggregation as
important factors, automating data collection can improve user
experience, especially in apps requiring access to health metrics.

However, a limited number of apps in our search were found
to do so, indicating the need for more focus on integrating more
peripherals and built-in sensors for health apps.

Our analysis of 3251 apps indicates that <10.74% (n=349) of
the apps use smart devices and wearables to gather health
metrics from users. In this set, extracted UUIDs show that very
few apps used standard health-related Bluetooth services, with
the most popular service being Heart Rate Measurement. Several
apps have been found to use custom services that affect the
interoperability of devices with different apps. Here, using
standard profiles may be beneficial, as more apps would be able
to interact with these devices, giving end users more options.
Similarly, several apps were found to request access to device
hardware features, such as GPS and camera, indicating the
increasing acceptance of these devices. However, their numbers
remain small, indicating the need for more research into using
them in health apps.

Although manual entry may be inevitable for some apps, a
significant number of apps requiring manual data entry were
found in our set, highlighting the need to focus more on
developing mHealth apps that automate health data collection.
As several apps for research and health studies have been
published, a better approach for developing and consuming
mHealth apps is required. Overall, our findings can guide the
design of future mHealth apps and has a positive impact on
improving mHealth data collection in these apps.
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Abstract

Background: The global burden of disease attributes 20% of deaths to poor nutrition. Although hundreds of nutrition-related
mobile apps have been created, and these have been downloaded by millions of users, the effectiveness of these technologies on
the adoption of healthy eating has had mixed

Objective: The aim of this study was to review which nutrition-related mobile apps are currently available on the French market
and assess their quality.

Methods: We screened apps on the Google Play Store and the French Apple App Store, from March 10 to 17, 2021, to identify
those related to nutritional health. A shortlist of 15 apps was identified, and each was assessed using the French version of the
Mobile App Rating Scale: 8 dietitians and nutritionists assessed 7 apps, and the remaining apps were randomly allocated to ensure
4 assessments per app. Intraclass correlation was used to evaluate interrater agreement. Means and standard deviations of scores
for each section and each item were calculated.

Results: The top scores for overall quality were obtained by Yazio - Régime et Calories (mean 3.84, SD 0.32), FeelEat (mean
3.71, SD 0.47), and Bonne App (mean 3.65, SD 0.09). Engagement scores ranged from a mean of 1.95 (SD 0.5) for iEatBetter:
Journal alimentaire to a mean of 3.85 (SD 0.44) for FeelEat. Functionality scores ranged from a mean of 2.25 (SD 0.54) for Naor
to a mean of 4.25 (SD 0.46) for Yazio. Aesthetics scores ranged from a mean of 2.17 (SD 0.34) for Naor to a mean of 3.88 (SD
0.47) for Yazio. Information scores ranged from a mean of 2.38 (SD 0.60) for iEatBetter to a mean of 3.73 (SD 0.29) for Yazio.
Subjective quality scores ranged from a mean of 1.13 (SD 0.25) for iEatBetter to a mean of 2.28 (SD 0.88) for Compteur de
calories FatSecret. Specificity scores ranged from a mean of 1.38 (SD 0.64) for iEatBetter to a mean of 3.50 (SD 0.91) for FeelEat.
The app-specific score was always lower than the subjective quality score, which was always lower than the quality score, which
was lower than the rating from the iOS or Android app stores.

Conclusions: Although prevention and information messages in apps regarding nutritional habits are not scientifically verified
before marketing, we found that app quality was good. Subjective quality and specificity were associated with lower ratings.
Further investigations are needed to assess whether information from these apps is consistent with recommendations and to
determine the long-term impacts of these apps on users.

(JMIR Mhealth Uhealth 2022;10(3):e35879)   doi:10.2196/35879
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Introduction

Worldwide, the burden of noncommunicable diseases continues
to rise [1]. The Global Burden of Disease study [2] found that
1 in 5 deaths was due to poor diet; thus, dietary factors were
responsible for 11 million deaths per year, which was more than
those from any other risk factor included in the study. Several
forms of malnutrition, including obesity and undernutrition, can
coexist in the same population and have a significant impact on
health systems. Primary health care services and lifestyle
behavior improvement based on education and behavior change
have great potential to decrease the global burden of
noncommunicable diseases, improve health throughout the life
course, and enhance well-being [3]. Thus, counseling on healthy
diets and proper nutrition are among the most important
nutritional interventions for promotion, prevention, treatment,
and rehabilitation [4].

Mobile health is defined by the World Health Organization’s
Global Observatory for eHealth as “medical and public health
practice supported by mobile devices, such as mobile phones,
patient monitoring devices, personal digital assistants, and other
wireless devices [5].” In recent years, the number of web-based
mobile health apps has increased exponentially. Currently, there
are more than 325,000 mobile health apps available on major
app stores. These apps are in addition to web-based health apps
available on other platforms such as websites, PC software, and
game consoles [6].

Furthermore, the number of apps for improving nutrition and
fitness continues to grow [7]. Hundreds of nutrition-related
mobile apps have been created and downloaded by millions of
users over the past few years [8]. The fact that some of these
apps have been downloaded numerous times indicates that
people want to monitor and control their diet [9]. Access to
these mobile health apps is primarily via smartphones [10].
However, it has been shown that web and mobile technologies
related to nutrition have a greater impact if combined with
personalized advice from a dietitian [11]. Although other
prevention approaches are required, the development of effective
and equitable nutrition programs is a prerequisite [12]. Since
the number of apps is growing exponentially every year, it is
essential to update them regularly [13]. The main industry-wide
challenge is to provide credible evidence for these apps [14].
To date, little usability testing of these apps has been conducted
[6]. Only a small number of English-language digital health
apps have reported their usability evaluation results [6].
Although the usefulness of technologies has been demonstrated,
results on the effectiveness of technology integration on the
adoption of healthy eating habits are conflicting [15]. In 2018,
French was spoken in 29 countries on all continents, by
approximately 300 million people; 235 million people use it
daily, and 90 million people are native speakers [16]; however,
no overall evaluation of French-language nutrition apps has
been identified in the literature.

The aim of this study was to review which nutrition-related
mobile apps were available on French App stores and to evaluate
their quality.

Methods

Selection of the French Mobile Health Apps
Two academic researchers searched for nutritional health–related
apps from March 10-17, 2021 on the French Apple App Store
(for iOS) and the French Google Play Store (for Android) using
the following search terms: “nutrition” (nutrition), “diététique”
(dietetics), “alimentation” (food intake), “régime alimentaire”
(diet), and “manger sain” (healthy eating). Because the use of
truncation and logic operators (such as AND, OR, and NOT)
were not possible in the App Store and Google Play Store, each
search term was provided separately.

The 2 researchers individually eliminated duplicate apps by
cross-checking name of the app and the developer before
comparing their respective lists. The download pages of the
remaining apps were screened, and then, apps were downloaded
for in-depth screening using the inclusion criteria: (1) French
language, (2) targeting adult users, (3) nutrition, diet or eating
habits as subject matter, (4) self-personalized programs, and (5)
free (or free for at least 14 days). Mobile health apps focusing
on the following topics were excluded: sports, shopping, water
alert notifications only, special diet (diabetic, baby, pregnancy,
vegan, religious, abstain from eating, weight gain), recipes, apps
created specifically for nutritionists’ patients, meal delivery,
pollution trackers, allergy and intolerance trackers, and barcode
scanners.

Selection of a Standardized Rating Scale for Mobile
Apps
We used the French version of the Mobile App Rating Scale
(MARS-F). The MARS-F includes 19 objective items rated
with a 5-point Likert scale that are divided into 4 sections
[17-21]: the engagement section (5 items) evaluates if the app
is fun, interesting, customizable, and interactive (eg, sends alerts,
messages, reminders, feedback, or allows sharing); the
functionality section (4 items) focuses on app operation, easy
to learn, navigation, flow logic, and gestural design of the app;
the aesthetics section (3 items) evaluates the graphic design,
the overall visual appeal, the color scheme, and the stylistic
consistency; and the information quality section (7 items)
determines if the app contains high-quality information (eg,
text, feedback, measurements, and references) from a credible
source. The mean scores and distributions for each section were
calculated. The overall MARS-F mean score was the mean score
of the engagement, functionality, aesthetics, and information
quality sections. Additionally, there is a subjective quality
section (4 items), which evaluates the user’s interest for the app,
and a specificity section, which assesses perceived effect on the
user’s knowledge, attitudes, and intentions to change as well as
likelihood of changing the identified targeted behaviors (we
used daily habits).

Evaluation

Training the Raters for Evaluation
We asked 8 dieticians and nutritionists (Multimedia Appendix
1) to rate the apps. All raters viewed a training video in French
(available upon request to the corresponding author) developed
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for the MARS-F [22], adapted from the English-language
training video [20]. To train, all raters evaluated 2 apps that had
been excluded. For this, the raters downloaded and tested each
app for at least 15 minutes and fulfilled the questionnaire of
MARS-F. When an individual item’s rating score differed by
at least 2 points, raters discussed until consensus was reached
to ensure similar understanding of the item.

App Selection
Among the 15 apps that were included, we randomly selected
7 apps for evaluation by all raters (Compteur de calories
FatSecret, Yazio - Régime et Calories, MyFitnessPal, Macros
- Compteur de calories, Foodvisor, Lose It! - Compteur de
calories, and Compteur de calories), and the remaining 8 apps
were assigned to 4 raters (Lifesum: Compteur de calories, Naor,
iEatBetter: Journal alimentaire, Le secret du poids, Compteur
de calories ScanFood, FeelEat, Kalipi, and Bonne App).

The evaluation process took place from April to May 2021. The
raters independently used each app for 15 minutes, and then
immediately evaluated the app using a web-based MARS-F
questionnaire.

Statistical Analysis
To evaluate the interrater reliability, intraclass correlations
(2-way random, average measures, absolute agreement) [23,24]

and their 95% confidence intervals were calculated for the 7
common apps (for each item, section, and overall). The mean
values and standard deviations were calculated for each item
and for each section. Item 19 was excluded from all analyses
due to missing values.

Scatter plots were used to compare differences between the
quality of the apps (for each item and for each section).

The correlation between the overall quality mean and subjective
item 23 (“What is your overall star rating of the app?”) was
evaluated through the Pearson correlation coefficient.

Statistical analyses were performed using Stata (version 15;
StataCorp LLC) and using dplyr (version 1.0.8) and ggplot2
(version 3.3.5) packages with R software (version 4.1.1; The R
Project for Statistical Computing).

Results

Selection of Mobile Apps
A total of 226 apps in the Apple App Store and 971 apps in the
Google Play Store were identified (Figure 1), with 78 apps
available on both systems. After screening, 18 apps were
preliminarily identified. After downloading, 15 apps were
included.

Figure 1. Selection flowchart.

Characteristics of Mobile Apps
No common developer was identified for the 15 apps
(Multimedia Appendix 2). Only 2 apps were fully free of charge;
1 app was free for 30 days, and the others required in-app

purchases to function completely. MyFitnessPal was the most
downloaded app (n=26,804 in the Apple App store and
n=2,397,052 downloads in the Android App store), followed
by Yazio (n=51,674 in the Apple App store and n=373,162
downloads in the Android App store) and FatSecret (n=3711
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in the Apple App store and n=394,958 downloads in the Android
App store).

All 15 apps targeted behavior change, goal setting, and physical
health (Table 1). Most apps (10/15, 67%) focused on increasing
happiness and well-being. The theoretical background and

strategies used were (1) information and education, (2)
monitoring and tracking, and (3) goal setting. The apps were
designed for adults (15/15, 100%), young adults (15/15, 100%),
adolescents (13/15, 87%), and children under 12 years (11/15,
73%). All 15 apps (100%) sent reminders, and 10 apps (10/15,
67%) required internet access to function.

Table 1. Characteristics of the 15 nutrition mobile apps.

App (n=15), n (%)aCharacteristic

Focus or target

10 (67)Increase happiness or well-being

3 (20)Mindfulness, meditation, or relaxation

3 (20)Anxiety or stress

15 (100)Behavior change

15 (100)Goal setting

1 (7)Relationships

15 (100)Physical health

Theoretical background or strategies

10 (67)Assessment

10 (67)Feedback

15 (100)Information or education

15 (100)Monitoring or tracking

15 (100)Goal setting

9 (60)Advice, tips, strategies, and skills training

5 (33)Cognitive behavioral therapy - Behavioral (positive events)

5 (33)Cognitive behavioral therapy - Cognitive (thought challenging)

4 (27)Acceptance commitment therapy

1 (7)Mindfulness or meditation

1 (7)Relaxation

0 (0)Gratitude

6 (40)Strengths based

0 (0)Other

Age group

11 (73)Children (under 12 years)

13 (87)Adolescents (13-17 years)

15 (100)Young adults (18-25 years)

15 (100)Adults

Technical aspects of app

4 (27)Allows sharing (Facebook, Twitter, etc)

5 (33)Has an app community

9 (60)Allows password-protection

2 (13)Requires log-in

15 (100)Sends reminders

10 (67)Needs web access to function

aMore than one could be applicable; therefore, percentages do not add to 100%.
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Reliability of the Evaluation
The reliability of the evaluations of the 7 common apps was
considered good for overall quality (ICC 0.89, 95% CI
0.70-0.98) and for engagement (ICC 0.83, 95% CI 0.57-0.96),
functionality (ICC 0.77, 95% CI 0.45-0.95), and aesthetics (ICC
0.83, 95% CI 0.57-0.97) sections individually. The reliability
was excellent for the information quality section (ICC 0.92,
95% CI 0.78-0.98).

Quality of the Content of the Nutrition-Related Mobile
Apps
The best quality scores (Figure 2; Multimedia Appendix 3) were
obtained by Yazio (mean 3.84, SD 0.32), FeelEat (mean 3.71,
SD 0.47), and Bonne App (mean 3.65, SD 09); whereas, the
worst quality scores were obtained by Naor (mean 2.34, SD
0.39), iEatBetter (mean 2.59, SD 0.40), and Lose It! (mean 2.79,
SD 0.29).

Figure 2. Qualitative evaluation of nutrition-related apps. Section A: Engagement; Section B: Functionality; Section C: Aesthetics; Section D:
Information; Section E: Quality.

The engagement scores ranged from a mean of 1.95 (SD 0.5)
for iEatBetter to a mean of 3.85 (SD 0.44) for FeelEat. The
functionality scores ranged from a mean of 2.25 (SD 0.54) for
Naor to a mean of4.25 (SD 0.46) for Yazio. The aesthetics
scores ranged from a mean of 2.17 (SD 0.34) for Naor to a mean
of 3.88 (SD 0.47) for Yazio. The information quality scores
ranged from a mean of 2.38 (SD 0.60) for iEatBetter to a mean
of 3.73 (SD 0.29) for Yazio. For all apps, except Naor, the

functionality mean score was always higher than the engagement
mean score.

The subjective quality scores (Figure 3) ranged from a mean of
1.13 (SD 0.25) for iEatBetter to a mean of 2.28 (SD 0.88) for
FatSecret. The best subjective quality scores were obtained by
FatSecret (mean 2.28, SD 0.88), FeelEat (mean 2.13, SD 0.48),
and ScanFood (mean 2.13, SD 0.92); whereas, the worst quality
scores were obtained by iEatBetter (mean 1.13, SD 0.26), Naor
(mean 1.13, SD 0.25), and Lose It! (mean 1.41, SD 0.48).
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Figure 3. Subjective qualitative evaluation of nutrition-related apps (Section E).

Specificity of the Content of the Nutrition-Related
Mobile Apps
Scores for specificity of the content of the apps (Figure 4) ranged
from a mean of 1.38 (SD 0.64) for iEatBetter to a mean of 3.50
(SD 0.91) for FeelEat. The best subjective quality scores were

obtained by iEatBetter (mean 1.38, SD 0.64), Compteur de
calories (mean 2.92, SD 0.79), Foodvisor (mean 2.83, SD 0.62),
and ScanFood (mean 2.83, SD 1.25); whereas, the worst quality
scores were obtained by Lifesum (mean 1.88, SD 1.18), Lose
It! (mean 1.79, SD 0.48), and iEatBetter (mean 1.38, SD 0.64).

Figure 4. App-specific scores (Section F).

Strengths and Weaknesses of Each App
The app-specific score was always lower than the subjective
quality score, which was always lower than the quality score.
This score was lower than the rating score from the iOS or
Android app stores (Multimedia Appendix 2; Table S1 in
Multimedia Appendix 3).

Low overall quality scores (Figure 5) were due to the
information quality scores, for all apps except FatSecret,

iEatBetter, Naor, and Yazio. In the information quality section,
the worst score was observed for the item regarding the
credibility of the app for all apps except for Bonne App, which
obtained the worst score for goals and quality of information
items, and Lifesum, which obtained the worst score for the goals
item. In the subjective quality section, low scores were the result
of the item indicating whether people be willing to pay for this
app. The specificity scores were very close between items for
the same app.
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Figure 5. Heatmap of the average scores per item and per app, from yellow (1: worst score) to green (5: best score).

Correlation Between MARS and Stars Ratings
The correlation between the quality mean and the subjective
item 23 (“What is your overall star rating of the app?”) was
considered to be good (r=0.67, P<.001) and indicated that the
quality score (overall) was generally higher than that of
subjective item 23.

Correlation analysis between overall MARS-F scores of the
apps and their respective store ratings was limited by the
availability of store ratings and the discrepancies among the
number of raters. The store ratings were higher than overall
MARS-F mean scores. Store ratings ranged from 3.0 (Le secret
du poids) to 4.9 (ScanFood) for the iOS store and from 3.0
(ScanFood) to 4.7 (FatSecret) for the Android store.

Discussion

Principal Findings
The increasing public consciousness and high comorbidity
burden related to unhealthy nutrition has highlighted the
necessity of a healthy diet [25]. Nutrition behaviors can be
improved by using mobile health apps, which have become very
popular [26]. For diabetes [27], renal disease [28], weight loss
[29], and age-related macular degeneration [30], health and
nutrition professionals have used mobile health apps to monitor
and encourage better lifestyle and dietary choices. The use of

mobile health apps has also been found to increase adherence
to dietary monitoring [29,31].

Screening of nutrition-related apps available in the French Apple
App and Google Play App stores yielded 15 apps. In another
study, screening of the Korean Apple app and Google Play
stores yielded 29 nutrition-related apps [32]; the study [32] used
2 criteria—including only apps rated 4 stars or higher and the
top 100 most reviewed apps. Another study, screening of the
US Google Play Store yielded 86 apps, but the criterion for
inclusion (only apps rated 4 stars or higher) was less restrictive
[33].

All 15 apps targeted behavior change, physical health, and goal
setting via information and education and monitoring and
tracking. A previous study [34] showed that diet monitoring
and education were the most frequently used functions in diet
and nutrition apps [34]. All ages were targeted for 73.3% (11/15)
of the apps; this finding is consistent with that from another
study [33], which found that 94% of diet and nutrition apps
appealed to users of all ages.

Ratings in the iOS and Android stores were higher than the
MARS-F quality scores. Star ratings and user comments are
valuable to users because they provide insight into the
effectiveness and popularity of apps [33], but star ratings do
not provide objective assessment of quality. In contrast to other
studies [32,33], our study did not used star ratings as an
inclusion criteria; however, for the 15 apps included (except
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Bonne App for which the number of raters or downloads was
not sufficient) the star score was greater than 4.

Quality scores were greater than 2.5, except for Naor (mean
2.34, SD 0.39). Functionality was the strength for all apps,
except for Naor. The high scores could be explained by the
inclusion of scroll and zoom features to increase readability.
The maximum score of 5 was obtained for the ease of use,
navigation, and gestural design (FeelEat, iEatBetter, Yazio, and
FatSecret). In contrast, Naor navigation was rated low (mean
2, SD 0.82), which could be explained by difficulty in accessing
the menu, the amount of data, and the design. The weakness of
all the apps, except FatSecret, iEatBetter, Naor, and Yazio, was
information quality. The worst score in the information quality
section was typically for credibility of the app. This
corresponded to the fact that the source of information was
identified, but the source’s validity or reliability was
questionable (eg, commercial enterprise with vested interest).
Moreover, the level of scientific evidence was difficult to
evaluate. The evaluators selected “N/A The app has not been
tested” in most cases; therefore, this item was not included in
the statistical analysis. To the best of our knowledge, only 5 of
the 15 apps (FatSecret [8,35-38], Lifesum [8,35,38],
MyFitnessPal [8,35-45], Yazio [35,36,38], and Lose It!
[8,35,37]) are indexed in PubMed. On the other hand, the
information contained in these nutrition-related apps may have
errors. For example, FatSecret, Lifesum, MyFitnessPal, and
Yazio tended to underestimate total energy intake [38].

The subjective quality score were always lower than the star
rating scores from the iOS and Android stores. This can be
explained because the evaluations in the stores are made by all
the users; whereas, in our study, dieticians or nutritionists
assessed the apps using the MARS-F. Indeed, the use of user
version of MARS can show different results [21].

Moreover, subjective quality scores were also lower than quality
scores. This indicates that even if engagement, functionality,
aesthetics, and information quality for an app were good,
professionals did not think that they would use the app often in
the next 12 months, and they would not be willing to pay for
the app. This finding can be compared with the results of an
international survey of health care professionals’ opinions on
nutrition and diet apps [46]. Among 1001 health care
professionals questioned, only 45.5% recommended these types
apps to their patients. Surprisingly, 22.5% of people who had
not yet recommended the use of these types of apps did not
know of their existence. Health care professionals who have
recommended apps may have used them as supplementary tools
to broaden their daily practice, engage patients, enhance care,
and possibly contribute to the reduction in health care costs
[47]. Additionally, patients living with diseases such as diabetes
or obesity may use apps for self-monitoring of their diet and
physical activity [48].

Generally, raters shared a common negative opinion on the
potential impact of the nutrition-related apps on the behavior
change (macro micronutrients intakes), even if these apps have
already demonstrated positive results in with respect to the
prevention of being overweight or other chronic disease
[34,49-51].

Limitations
This study has several limitations. First, only nutrition-related
apps available on both Apple and Android French stores, were
included. Other stores, such as the Huawei store, the Samsung
store, the Windows phone store, or BlackBerry, could have been
investigated. Second, we chose to use the French version of the
MARS because this scale is the most commonly used in
scientific literature for mobile health app evaluation to date
[52-57]. However, other scales, such as ENLIGHT or
Application Quality Evaluation, which was initially specifically
developed for the evaluation of mobile health app linked to
nutrition purpose [58], could have been used. Third, the
assessment was conducted by dieticians and nutritionists;
whereas mobile health apps are intended for the general public.
In further investigations, a comparison between ratings with
the user version of MARS [21] and those from our study could
be interesting.

Perspectives
In a recent study [48], clinicians mentioned that nutrition apps
may improve patient outcomes when compared to traditional
methods of monitoring dietary and physical activity behaviors
[48]. Nutrition-related apps are appealing to users, based on the
high number of downloads, which supports the fact that diet
intake monitoring and recommendations could be managed
through these tools [8,59,60]. Thus, the findings of our study
could help French users of mobile apps and professionals to
select the best nutrition-related apps in terms of quality and to
choose the most appropriate health literacy elements.
Furthermore, when used as part of an empowerment strategy,
the app must adapt to the user's chronic disease.

The implementation of new therapeutic programs that integrate
mobile apps associated with follow-up with health professionals
could be a key element in changing behavior. On one hand, it
is important to remain vigilant with respect to the ethical issues
surrounding the use of health data and the development of apps
for commercial purposes. On the other hand, the discrepancy
between scores obtained for the subjective quality section and
for those for the specificity of the apps demonstrated that,
although nutrition-related apps could be a key element in
modifying the nutritional behavior of patients, for this, it is
necessary to integrate the nutrition-related apps in professional
practice. It would be interesting to conduct randomized clinical
trials or longitudinal studies, using the 15 nutrition-related
mobile apps identified in this study, to analyze nutritional
behavioral modification from use of the apps and impacts on
noncommunicable diseases.
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Abstract

Background: Pelvic floor muscle training (PFMT) is one of the first-line treatments for stress urinary incontinence among
pregnant women. Mobile health (mHealth) technology is potentially effective for delivering PFMT to pregnant women. Persuasive
technology in the development of such mobile apps may facilitate behavior change by improving adherence to the exercises. The
Capability, Opportunity, and Motivation–Behavior (COM-B) model is potentially useful in selecting the appropriate interventions
to be incorporated into the apps.

Objective: This review of mHealth apps for PFMT aims to describe the principles of persuasion used for each app and to propose
mHealth app design features based on the COM-B model.

Methods: A systematic literature search was conducted to answer three main research questions: what are the available mHealth
apps for PFMT in the published literature, what persuasive strategies were used in their studies how were they mapped to the
COM-B model, and how effective were the selected persuasive strategies for PFMT adherence? We searched PubMed, CINAHL,
Web of Science, Scopus, and local Malaysian databases such as MyCite and MyMedR for articles reporting mHealth apps used
for the delivery of PFMT. We included original articles reporting experimental and cross-sectional studies, including pilot or
feasibility trials. Systematic and narrative reviews were excluded. Narrative and thematic syntheses were conducted on the eligible
articles based on the research questions. The Cochrane risk of bias tool and the Risk of Bias Assessment Tool for Non-randomized
Studies were used to assess study bias.

Results: Of the 169 records from the initial search, 10 (5.9%) articles meeting the selection criteria were included in this review.
There were 8 mHealth apps designed for the delivery of PFMT. The Tät, which used 3 categories of persuasive system design,
improved PFMT adherence and was cost-effective. Only 1 app, the iBall app, used all categories of persuasive system design,
by including social support such as "competition" in its design. The Diário Saúde app was the only app developed using operant
conditioning. All apps incorporated Tailoring and Expertise as part of their PSD strategies. Only 3 apps, the Diário Saúde, Tät,
and Pen Yi Kang demonstrated improved PFMT adherence.

Conclusions: Persuasive technology used in mobile apps may target desired behavior change more effectively. The persuasive
system design can be mapped to the COM-B model to explain its effectiveness on behaviour change outcomes.
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Introduction

Background
Urinary incontinence (UI) is defined as involuntary urinary
leakage or inability to control urine. Various physiological
changes during pregnancy, including collagen changes,
hormonal changes, and increased uterine and fetal weight,
contribute to the weakening of the pelvic floor muscles (PFMs)
during pregnancy [1]. Approximately 42% of women experience
their first UI during pregnancy, and up to 31% of parous women
have UI [2]. Women with persistent UI after delivery may
continue to experience UI for another 12 years [3]. Therefore,
UI during pregnancy may be an essential risk factor for
subsequent UI among women.

UI is troublesome, particularly during pregnancy, and affects
women’s quality of life physically, emotionally, spiritually, and
financially [4-6]. Those who experience it may resort to various
methods to deal with the problem, including using pads or
incontinence diapers and avoiding social situations because of
embarrassment. However, many pregnant women do not seek
help despite having UI symptoms because of the perception of
UI as a normal pregnancy change or embarrassment to initiate
a discussion about UI with their health care provider [7,8]. Some
are unaware of treatment availability, such as PFM training
(PFMT), whereas others feel they should not disturb their health
care provider as UI is a temporary issue [4].

PFMT is a repetitive, voluntary contraction and relaxation of
specific PFMs that is recommended for managing and
preventing UI during pregnancy and after delivery [9,10].
Focused PFMT is useful for strengthening the PFMs and
reducing UI [11]. PFMT is low-cost and noninvasive and has
benefits for the prevention and treatment of UI among pregnant
women [9].

However, PFMT requires adherence and correct technique to
work. Lack of knowledge and skills for PFMT is a barrier to
successful management of UI [12,13]. Women report lack of
self-confidence, difficulty remembering, and time constraints
[7,14-16] as barriers to performing PFMT. This results in the
underuse of PFMT by those who experience UI.

Antenatal health care providers need training on how to teach
PFMT, and some have difficulties in allocating time for teaching
PFMT to pregnant women [7]. In addition, no standard national
guidelines for PFMT are available to guide health care providers
regarding the appropriate frequency of PFMT and other
technical details [4,7]. Therefore, efforts to develop mobile
health (mHealth) apps to deliver PFMT have been made to
address these challenges.

mHealth is defined as “the use of wireless communication
devices to support public health and clinical practice” [17].
mHealth apps are software apps used by health care
professionals and patients for conveying health knowledge,
research to improve health treatments, and public health [18].
mHealth apps can be classified based on the target users: health
care professionals and patients. mHealth apps for patients can
be further divided into five subcategories: (1) educational health
apps, (2) apps to contact health care professionals, (3) apps to
check personal health records, (4) personal care apps, and (5)
social networking apps [18].

mHealth apps for PFMT are personal care apps that assist users
in training their PFMs, akin to a personal trainer. The apps aim
to modify negative attitudes among users to successfully produce
behavior change. Developing a positive attitude is essential to
enable people to change their behavior successfully [19]. The
use of persuasive technology (PT) in mHealth apps may support
attitude and behavior change in users to adopt PFMT as part of
their lifestyle.

PT in App Design
PT is defined as “interactive computing systems designed to
aid and motivate people to alter their attitude and behaviours”
[20]. PT can be categorized according to its functional roles,
which are tools, media, or social actors [20]. Tools help users
perform a target behavior by making the task easier or
restructuring the task. Media represents the content that supports
users in repeating a behavior or providing emotional support
that facilitates the target behavior. Social actors are cues for
social responses that promote the target behavior. These
functions can be incorporated into the design of an mHealth
app for behavior change.

Oinas-Kukkonan [21] defined persuasive systems as
“computerized software or information systems designed to
reinforce, change or shape attitudes or behaviors or both without
using coercion or deception.” Adopting a persuasive system
design (PSD) may provide effective persuasion [22]. There are
three potential successful outcomes for a persuasive system:
voluntary reinforcement and change or shaping of attitudes or
behaviors. PSD for PFMT apps can be divided into four main
categories—primary task support, dialogue support, credibility
support, and social support—as seen in Table 1.

App designers need to translate theoretical determinants of
behavior into technology design items [23]. Identifying suitable
PT elements for the design of PFMT mHealth apps should suit
the context of pregnant women who wish to adopt PFMT and
the evolving physiological changes of pregnancy.
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Table 1. Persuasive system design (PSD) and suggestions for the pelvic floor muscle training (PFMT) apps.

Suggestions for PFMT app featuresPSD category and subcategories

Primary task support

The app lists effective intervention for UIa.Reduction

The app provides PFMT information according to the target user characteristics.Tailoring

The app provides personalized content according to the individual user.Personalization

Users are able to monitor their progress.Self-monitoring

Dialogue support

A trophy is given after the user has completed PFMT schedule.Rewards

This is a crucial feature because PFMT needs to be done daily.Reminders

Likable minimalist design with user’s choice of colorsLiking

Use of a virtual physiotherapistSocial role

Credibility support

The app provides unbiased information regarding PFMT.Trustworthiness

The app provides the professional background and expertise of the content developers.Expertise

The app appears professional.Surface credibility

The app bears the logo of the developer’s institution.Authority

The app includes endorsing statements from relevant professionals such as physiotherapists

or urogynecologists.

Third-party endorsements

Social support

The app allows users to see the deidentified general performance of all users.Social learning

The app also allows users to share their achievements with other users.Social comparison

The app normalizes the experience of UI and learning PFMT by connecting a user with other similar
users.

Normative influence

aUI: urinary incontinence.

The Capability, Opportunity, and
Motivation–Behavior Model
The Capability, Opportunity, and Motivation–Behavior
(COM-B) model has great potential as a theory to guide the
selection of persuasive design elements for app development
[24]. It is a simple, validated model derived from combining
various behavior change theories.

The Capability domain in COM-B proposes that a person must
acquire correct knowledge, skills, and abilities to allow them
to perform a targeted behavior. In the context of pregnant
women and PFMT, capability can be classified into two
subcategories: (1) physical capability (referring to the woman’s
physical skills) and (2) psychological capability (referring to
the woman’s understanding of PFMT and ability to remember
to practice PFMT). Both capabilities are required to affect
behavior change. Pregnant women in primary care settings lack
the necessary knowledge about PFMT, whereas those with good
PFMT knowledge may still have poor practices as a result of
poor physical capability [12]. Hence, improving PFMT
knowledge and skills is a crucial aspect of intervention, which
can be addressed through training such as via an educational
video or a group intervention session with a physiotherapist.

The Opportunity domain in COM-B refers to external factors
that influence the targeted behavior. Again, in the context of
pregnant women and PFMT, opportunity may consist of (1)
physical opportunity (availability of environmental, nonliving
elements that support PFMT, such as a private location to learn
and perform PFMT) and (2) social opportunity (related to the
opportunities afforded by people around the pregnant women,
eg, cultural and social norms related to PFMT). The opportunity
to learn PFMT in their own comfort and privacy is a form of
physical opportunity that can be created by mHealth apps.
Having health care providers promote the use of apps to learn
PFMT can be a form of social opportunity. Incorporating a
function in which users can post questions or communicate with
experts regarding UI improves accessibility to knowledge and
may also represent the creation of social opportunity for
pregnant women [25].

The Motivation domain refers to an internal process that
influences the decision to change and adopt the targeted
behavior. Motivation is divided into (1) reflective motivation
(referring to reflective thought processes that improve
motivation, eg, identifying solutions to schedule PFMT thrice
daily in their daily activities) and (2) automatic motivation
(emotional or habitual processes that improve motivation, eg,
reinforcing their PFMT routine through reminders and rewards).
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The development of effective evidence-based behavioral
interventions should incorporate suitable health behavior
theories with qualitative and quantitative evidence [26,27].
Previous PFMT interventions have been designed based on
various health behavior theories such as the social cognitive
theory and the theory of planned behavior [28]. Social cognitive
theory is limited by its focus on social influences and
self-efficacy, whereas the theory of planned behavior focuses
on motivation for PFMT adherence. Therefore, a more
comprehensive behavior change theoretical framework that
encompasses major theories is desirable [24,29]. The strength
of the COM-B model lies in its simplicity in identifying the key
components that affect a person’s motivation and behavior.

The aim of this review is to (1) list the mHealth apps designed
for PFMT, (2) determine the PSD used, and (3) suggest PSD
features for new mHealth apps that incorporate the COM-B
model.

Methods

Overview
We conducted a systematic literature search for published
articles on mHealth apps for PFMT among women in December
2020. For the purpose of this paper, mHealth app is defined as
an app developed for delivery via a mobile device, including a
tablet device, for health care purposes [30]. This definition
excludes email, websites, telemedicine, and telehealth.

This literature search aimed to answer three main research
questions: (1) What are the available mHealth apps for PFMT

in the published literature? (2) How effective were the selected
persuasive strategies for PFMT adherence? and (3) What
persuasive strategies were used in their studies and how did
they map to the COM-B model?

The search was conducted in the PubMed, CINAHL, Web of
Science, and Scopus databases, which are reference databases
in biomedicine and rehabilitation and comprise the largest
general scientific databases [31]. We also searched the
Malaysian databases MyCite and MyMedR using the following
search keywords: (pelvic floor muscle training OR pelvic floor
muscle exercise OR Kegel exercise) AND (women) AND (digital
health OR mhealth OR mobile health OR mobile application
OR smartphone OR mobile app OR smartphone app). The initial
intent of this review was to look at the persuasive strategies
used by mobile apps for PFMT in pregnant women. However,
because of the extremely limited number of published articles
specifically on pregnant women, we expanded the population
to include women in general.

Selection Criteria
The selection criteria for this review are listed in Textbox 1.

Titles, abstracts, and full-text articles were further assessed and
discussed by 2 reviewers (AJ and CET). Consensus for article
inclusion was achieved through discussion with a third reviewer
(SMS). Further discussion focusing on persuasion was
undertaken with NA, who is the expert in the area. In addition,
a manual search was conducted using reference lists of selected
articles to identify any additional suitable records that were not
included in the database search results.

Textbox 1. Selection criteria for the literature search.

Inclusion criteria

• Population: mobile health (mHealth) apps for pelvic floor muscle training (PFMT) for women

• Intervention: any mHealth app intervention in an educational or training context for patients or a targeted population that enables improvement
in knowledge, self-efficacy, and adherence. All types of mHealth apps (eg, synchronous [connected with the health care providers] or asynchronous
[stand-alone]) will be included.

• Comparison: usual care

• Outcome: PFMT adherence and usability

• Type of study design: all types of randomized controlled trials, cross-sectional studies, case–control studies, and feasibility studies

• Publication type: published primary or secondary data in a peer-reviewed journal

• Language: English and Malay

• Publication year: only articles published between 2010 and 2020. A preliminary search conducted before this review found that most of the
articles regarding PFMT mHealth apps were published after 2010.

Exclusion criteria

• Population: mixed users (men and women) of mHealth apps for urinary incontinence education or other pelvic disorders without PFMT information

• Intervention: reminder system via email, SMS text message, or WhatsApp

• Type of study design: study protocol and validation study

• Publication type: reviews, systematic reviews, conference proceedings, abstract only, book chapter reviews, letters, and editorials

• Language: other than English and Malay
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Data Extraction
Both reviewers extracted data from eligible articles and entered
them into a Microsoft Excel spreadsheet, including data on
study characteristics (year of publication, design, sample size,
and duration of follow-up), participant characteristics (sex, age,
and type of illness), the intervention (persuasive strategies,
behavior change theories, features of the technology, and
biofeedback), and results (outcomes of PFMT and adherence).
Both reviewers compared and discussed the extracted results
to achieve a consensus. The third reviewer (SMS) was called
to discuss in the event of any unresolved discrepancies.

Data Synthesis
We conducted a narrative synthesis to answer the first 2 research
questions, which aimed to list available apps for PFMT among
women and their effectiveness. A full meta-analysis was not
feasible owing to the heterogeneity of the studies and insufficient
studies with an experimental design. A thematic synthesis was
conducted to answer the third research question, which was to
determine the persuasive design strategies used by the apps.
The findings were then mapped to the COM-B model.

Quality Appraisal
The quality of eligible randomized controlled trials was assessed
by AJ and CET using the Cochrane risk of bias tool,
concentrating on sequence generation, allocation concealment,
blinding, attrition bias, completeness of outcome data, and other
sources of bias [32]. For nonrandomized studies, the Risk of
Bias Assessment Tool for Non-randomized Studies was used,
which has demonstrated its validity to assess the bias specific
to observational studies [33]. Any conflicts were resolved
through discussion with a third person.

Results

Search Results and Study Characteristics
From the 169 records screened for titles and abstracts, 54 (32%)
full texts were reviewed, and 10 (5.9%) articles met our selection
criteria and were included in the review (Figure 1) [34-43].
These 10 articles were published between 2015 and 2020. Of
the 10 articles, 3 (30%) referred to the same app, Tät [35,39,42].

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

Available mHealth Apps for PFMT
There was a total of 8 mHealth apps developed for PFMT (Table
2). Of the 10 studies, 3 (30%) investigated the effectiveness of
stand-alone apps [35,39,42], and 1 (10%) used an audio

guidance app [43]. Another study (1/10, 10%) evaluated an app
that uses Bluetooth technology to link data from biofeedback
[36]. Of the 8 apps, except for 1 (13%) [40], all mHealth apps
(n=7, 88%) provided asynchronous PFMT—there was no live
communication with a trainer.
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Table 2. Details of the primary studies identified and reviewed.

OutcomesParticipant

characteristics

Study

participants

Study designPlatformYear
launched

CountryPFMTa mHealthb

app

80% carried out
their PFMT at least
3 days a week.

Mixture of bladder
problem and healthy
men and women

464—38% preg-
nant women; mean
age unavailable

Cross-sectional
survey

iOS2013United King-
dom

Squeezy App
[41]

41% (25/61) per-
formed PFMT dai-
ly

Stress urinary incon-
tinence

123 nonpregnant
women; mean age
(intervention
group): 44.8 (SD

Randomized con-
trolled trial

iOS and An-
droid

2013SwedenTät [35]

9.7) years; mean
age (control
group): 44.7 (SD
9.1) years

Use of inconti-
nence protection

Stress urinary incon-
tinence

123 nonpregnant
women; mean age:
44.2 (SD 10.3)
years

Randomized con-
trolled trial (2-year
follow-up)

iOS and An-
droid

2013SwedenTät [39]

decreased signifi-
cantly (P=.04);
31/46 (67.4%;
P<.001) could con-
tract their pelvic
muscles correctly

The extra cost per
quality-adjusted

Stress urinary incon-
tinence

123 nonpregnant
women; mean age
(intervention

Randomized con-
trolled trial (cost-
utility study)

iOS and An-
droid

2013SwedenTät [42]

life year for the
app group rangedgroup): 44.8 (SD
from −€2425.709.7) years; mean
(US $2718.60) toage (control
€14,870.60 (US
$16,666.20)

group): 44.7 (SD
9.1) years

Adherence was
higher in the app

Stress urinary incon-
tinence

31 nonpregnant
women; mean age
(intervention

Randomized con-
trolled trial

N/Ac2016BrazilDiário Saúde [34]

group at 1 and 2
months after
PFMT (P<.001)

group): 47.2 (SD
10.6) years; mean
age (control
group): 53.3 (SD
13.2) years

483 postpartum
women had a rela-

Pelvic floor muscle
weakness

1982 postpartum
women aged >18
years

Cross-sectional
study

iOS and An-
droid

2017ChinaPenyikang app
[40] (syn-
chronous app) tively high degree

of participation (15
times)

There was no statis-
tically significant

Not specified23 postpartum
women; mean age

Pilot randomized
controlled feasibili-
ty study

N/A2017CanadaiBall app [36] (an
external device
connected via
Bluetooth)

difference between
the groups for
change scores

(intervention
group): 31 (SD
2.7) years; mean
age (control
group): 34 (SD
2.2) years

97% adherence
rate to the daily
sessions

Urinary inconti-
nence

29 nonpregnant
women; mean age:
54.4 (SD 10.4)
years

Pilot single-group,
quasi-experimental
study

N/A2017United
States

MyHealtheBlad-
der app [37]

No adherence out-
come

Not specified47 patients and 22
providers (pregnan-
cy status not avail-

Cross-sectional
survey

N/A2017United
States

Bwom app [38]

able); age 20-50
years
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OutcomesParticipant

characteristics

Study

participants

Study designPlatformYear
launched

CountryPFMTa mHealthb

app

Greater self-effica-
cy with a mean dif-
ference of 8.9
points at 6 months
after delivery

Stress urinary incon-
tinence

108 primipara
women; mean age
(intervention
group): 29.2 (SD
2.6) years; mean
age (control
group): 29.1 (SD
2.9) years

2-arm parallel ran-
domized controlled
clinical trial

iOS and An-
droid

2018ChinaPen Yi Kang [43]
(audio guidance
app)

aPFMT: pelvic floor muscle training.
bmHealth: mobile health.
cN/A: not applicable.

Study Quality Assessment Results
For randomized controlled trials, the detailed quality assessment
results are summarized in Figure S1, Multimedia Appendix 1
[34-43]. In general, all trials (4/4, 100%) included in this review
showed an acceptable risk of bias. The randomization sequence
was adequately generated in 50% (2/4) of the trials, and all trials
(4/4, 100%) adequately concealed the allocation of the
participants. Blinding of the participants and personnel was not
possible in these trials. Therefore, the risk of performance bias
in all studies was classified as low. All articles reported an
intention-to-treat analysis except for Araujo et al [34], who
conducted a per-protocol analysis.

For nonrandomized studies, the detailed results of the quality
assessment are summarized in Figure S2, Multimedia Appendix
1. In general, none of the 4 studies reported a strategy for
minimizing selection bias and controlling methods for the
confounders. More than half of the studies (3/4, 75%) had low
response rates (<50%), and only 25% (1/4) of the studies
reported the point estimates of the results.

Persuasive Strategies and COM-B Model in the PFMT
Apps
Only the iBall app (1/8, 13%) used all 4 categories of PSD
(Table 3) [36].

Table 3. Details of the primary studies identified with their persuasive system design (PSD) categories.

PSD categoryPFMTa mHealthb app

Social supportCredibility supportDialogue supportPrimary task

N/AcExpertiseRemindersTailoring, personalization, and
self-monitoring

Squeezy App [41]

N/AExpertiseRemindersTailoring, tunneling, and self-
monitoring

Tät [35]

CompetitionExpertiseRewardsTailoring, personalization, and
self-monitoring

iBall app (an external device

connected via Bluetooth) [35]

N/ATrustworthiness, expertise, sur-
face credibility, and third-party
endorsements

Social roleTailoring, personalization, and
self-monitoring

Bwom app [38]

N/AExpertiseRemindersTailoring, personalization, and
self-monitoring

Diário Saúded [34]

N/AExpertiseN/ATailoringPenyikang app [40]

N/AExpertiseRewards and re-
minders

Tailoring, personalization, and
self-monitoring

MyHealtheBladder app [37]

N/AExpertiseRemindersTailoring, personalization, and
self-monitoring

Pen Yi Kang [43]

aPFMT: pelvic floor muscle training.
bmHealth: mobile health.
cN/A: not applicable.
dOperant conditioning.

Of the 8 mHealth apps to improve PFMT adherence, only the
Diário Saúde app (n=1, 13%) [34] was developed using operant
conditioning. Operant conditioning occurs by providing
reinforcement to a certain behavior immediately when the

behavior is performed [44]. This helps increase the likelihood
that the behavior will be performed again by the user. In the
intervention involving the Diário Saúde app, the study
participants underwent surface electromyography (sEMG) and
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PFM examination by a single physiotherapist during PFMT.
All the study participants were given immediate feedback on
whether they had performed PFMT correctly and were able to
observe the sEMG feedback for themselves. Their sEMG graph
was then displayed in the app to assist their PFMT at home [34].
This represented an incentive or reinforcement for correctly
performing PFMT with the aid of the app.

All the apps (8/8, 100%) incorporated Tailoring (under the
Primary Task category) and Expertise (under the System
Credibility category) as part of their PSD strategies. Tailoring
is defined as “any of a number of methods for creating
communications individualized for their receivers, with the
expectation that this individualization will lead to larger intended
effects of these communications” [45]. All the apps (8/8, 100%)
tailored the intervention by matching the content to the user
groups. For Expertise, the apps portrayed the credibility and
competence of their content by highlighting the expertise of

educators in the field of PFMT, such as physiotherapists or
physicians.

Although the Bwom app [38] incorporated the most persuasive
strategies from the System Credibility category, the study did
not report the effectiveness of the app. Instead, it was a
cross-sectional study aimed at surveying the usefulness of the
app for PFMT. The assessment showed that both the
understandability and actionability of the app were >90%. These
high scores may support the value of the app design among
women with incontinence.

All the apps (8/8, 100%) had persuasive strategies that could
be mapped to the Opportunity and Motivation domains of the
COM-B model to influence and improve the behavior, which
is PFMT (Table 4). Most apps (7/8, 88%) also allowed users to
perform self-monitoring. This could be mapped to the Capability
domain of the COM-B model.

Table 4. Details of the primary studies identified with the Capability, Opportunity, Motivation–Behavior (COM-B) model domains.

COM-B modelPFMTa mHealthb app

MotivationOpportunityCapability

AutomaticReflexiveSocialPhysicalPhysicalPsychological

RemindersSnoozeNot availableOverall design of
the app (look and
feel)

Visual aidInformation and
links

Squeezy App [41]

RemindersStatistic func-
tion and goals

Not availableAbility to use the
app

PFMT skill train-
ing

Information on the
pelvic floor, stress

UIc, and lifestyle

Tät [35]

RewardsNot availableGamification—rank-
ing score (web com-
munity for original
version)

N/AdPFMT skills via
gamification

Not availableiBall app [36] (an external
device connected via
Bluetooth)

Not availableNot availableCulturally relevantAbility to use the

app (PEMATe)

Provides list of
PFMT exercise
plans

Educational videos
on PFMT

Bwom app [38]

RemindersStatistic func-
tion and goals

Not availableAbility to use the
app

The visual compo-

nent of sEMGf
Not availableDiário Saúde [34]

N/ANot availableAbility to consult with
the physicians (syn-
chronous app)

Participation us-
ing the app

Self-managementFacilitate PFDg in-
formation

Penyikang app [40]

Rewards and re-
minders

A story-based
behavioral pro-
gram

N/AAbility to use the
app

PFMT strategiesA story‐based be-
havioral program

MyHealtheBladder app
[37] (web-based informa-
tion)

RemindersN/AN/AAbility to use the
app

PFMT guid-
ance—audio

N/APen Yi Kang [43]

aPFMT: pelvic floor muscle training.
bmHealth: mobile health.
cUI: urinary incontinence.
dN/A: not applicable.
ePEMAT: Patient Education Materials Assessment Tool.
fsEMG: surface electromyography.
gPFD: pelvic floor dysfunction.
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The Effect of the Selected Persuasive Strategies
Diário Saúde, Tät, and Pen Yi Kang [34,35,43] demonstrated
improved PFMT adherence. For Tät, 41% of the participants
performed PFMT daily, and 42.6% performed PFMT weekly
after 12 weeks of using the app [35]. For Pen Yi Kang,
self-efficacy for adherence to PFMT was measured as its
outcome. The app resulted in a mean difference of 8.9 points
for self-efficacy at 6 months after delivery when compared with
the control group (conventional home-based PFMT) [43]. This
suggests that the audio guidance was beneficial for improving
users’ self-efficacy and maintaining PFMT adherence. Hence,
the incorporation of persuasive strategies in mHealth apps
resulted in an improvement in PFMT adherence.

PFMT adherence among users of the MyHealtheBladder [37]
and Squeezy apps [41] was good. However, the adherence to
these apps was determined using cross-sectional or
quasi-experimental study designs. Therefore, the effectiveness
of the apps on adherence needs to be interpreted with caution
as there was no control group for an objective comparison.

Meanwhile, the iBall app was unable to demonstrate improved
adherence owing to technical difficulties and discomfort faced
by study participants because of the external device [36].
Although the iBall app had various sophisticated persuasive
features such as an interesting user interface, Bluetooth
connection with an external device, and gamification, these
features were not sufficient to overcome the problems with user
acceptance of the external device. Thus, the potential
effectiveness of the app itself in supporting adherence was
hampered by the low acceptability of the external device.

Discussion

Persuasive Design in mHealth Apps
The search found 8 eligible PFMT mHealth apps with mixed
findings. Diário de Saúde, which used operant conditioning,
showed a significant improvement in adherence rate [34].
Expertise and Authority were the most commonly chosen
persuasive strategies in mHealth apps for PFMT.

Persuasive strategies are essential for attracting the target users’
attention or interest in the app. The background of health care
professionals and researchers who recommend the app and its
advantages to target users is important in attracting their interest.
This approach was explained in detail by Squeezy App as
follows: “...has been curated by a specialist women’s health
physiotherapist, peer-reviewed and endorsed by the National
Health Service (NHS)” [41]. This statement was important to
convince users that the app was a genuine product developed
from trusted sources and compliant with the Data Protection
Act [41].

Recommendation by a specialist or expert provides a sense of
trust for potential users regarding the importance and safety of
the app. This motivates users to continue using the app, improve
their adherence, and gradually form habits for the desired target
behavior. Squeezy App was designed to be used with or without
physiotherapist guidance. Therefore, the credibility of the app
is important as users may not have the opportunity to meet the
physiotherapist in person for PFMT. Evaluation of the app by

physiotherapists and their endorsement of the app increased
users’ confidence in it [41].

Operant conditioning, which is an important concept in behavior
change theories, was used by the Diário de Saúde app [34].
Displaying the biofeedback chart through the app provided users
with feedback that reinforced their PFMT exercises [34]. This
illustrates a successful use of behavior change theories to
improve adherence to PFMT. The Tät app has been recently
proven effective in reducing incontinence for urge UI and mixed
UI after a 15-week intervention [46] and a 12-week intervention
for UI self-management based on a prospective cohort study
[47]. However, most studies did not include pregnant women.
More studies are needed to determine the effectiveness of
mHealth solutions for pregnant women who experience urinary
incontinence. A future study has been planned to determine a
mobile app’s effectiveness in reducing incontinence among
pregnant women [48].

Applying the COM-B Model
The COM-B model can be applied to address barriers to PFMT
and identify potential behavior change techniques or persuasive
strategies to be incorporated into mHealth app design. For
example, barriers to PFMT may include being unaware of the
need to perform PFMT, inability to understand how to perform
PFMT, and lack of self-efficacy [4,7,12,14]. Performing PFMT
can be challenging as the PFMs are not visible [13]. Thus, health
care providers need to explain clearly and guide pregnant women
to visualize the contraction of the correct muscles [7]. This
represents the creation of psychological capability in the COM-B
model. Therefore, an app that provides training with gradually
increasing levels of difficulty would be helpful in improving
the psychological capability of users. The reminder function in
the app also assists users in remembering when to perform the
behavior. The ability to self-monitor their performance,
including the provision of rewards for achieving continuous
adherence to PFMT, is a persuasive strategy that could provide
additional support for the psychological capability component
of the COM-B model.

Other barriers to PFMT include limited access to PFMT
information and lack of time [4,13]. Providing PFMT
information through mHealth apps that can be accessed at one’s
own convenience is a form of physical opportunity in the
COM-B model. Social barriers to PFMT may include a lack of
positive role models for performing PFMT, embarrassment,
and the social norms among friends and colleagues that hinder
a person from performing PFMT [4,13]. Creating a community
of app users (eg, an app that includes a Kegel exercise support
group) may provide the social opportunity to keep the users
motivated to perform PFMT.

Motivating a person to change their behavior is challenging.
Reflective motivation based on the COM-B model may be
helpful. This may be in the form of guiding app users to evaluate
and plan for specific behavior, such as setting the time for
PFMT. Consciously reflecting on personal barriers to performing
the target behavior and solving them can help motivate a person.
This could be incorporated into apps through guided reflections.
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This review was limited to mHealth for delivering PFMT to
women. There may be other PSD and behavior change theories
used in other PFMT apps designed for men. The focus of this
review was only on the COM-B model. Other widely used
theories, such as the Health Belief Model and Social Cognitive
Theory were not discussed in this review.

Conclusions
There have been 8 mHealth apps designed for PFMT among
women worldwide in the past decade. Physical capability can

be improved by using PFMT skill training and system credibility
(expertise) as persuasive strategies. Physical opportunity for
PFMT is supported by the app’s usability (personalization),
whereas the users’ motivation can be improved using goals and
reminders. The persuasive strategies in these apps were mainly
mapped to the Capability and Motivation components of the
COM-B model. Tailoring and self-monitoring were the most
commonly used persuasive strategies in the design of PFMT
apps.
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Abstract

Background: As the prevalence of electronic cigarette (e-cigarette) use, or vaping, continues to grow, particularly among young
people, so does the need for research and interventions to address vaping.

Objective: This study examines the quality of free vaping cessation apps, their contents and features, popularity among users,
and adherence to evidence-based principles.

Methods: A systematic search of existing apps for vaping cessation was conducted in December 2020. Eligible apps were free,
in English, and included features specifically targeting vaping cessation. Each app included in the analysis was used daily for at
least seven consecutive days, assessed using the Mobile App Rating Scale, and rated by at least two authors (AK, EL, or SS)
based on adherence to evidence-based practices. Intraclass correlation coefficient (ICC) estimates were computed to assess
interrater reliability (excellent agreement; ICC 0.92; 95% CI 0.78-0.98).

Results: A total of 8 apps were included in the quality assessment and content analysis: 3 were developed specifically for vaping
cessation and 5 focused on smoking cessation while also claiming to address vaping cessation. The mean of app quality total
scores was 3.66 out of 5. Existing vaping cessation apps employ similar approaches to smoking cessation apps. However, they
are very low in number and have limited features developed specifically for vaping cessation.

Conclusions: Given the lack of vaping cessation interventions at a time when they are urgently needed, smartphone apps are
potentially valuable tools. Therefore, it is recommended that these apps apply evidence-based practices and undergo rigorous
evaluations that can assess their quality, contents and features, and popularity among users. Through this process, we can improve
our understanding of how apps can be effective in helping users quit vaping.

(JMIR Mhealth Uhealth 2022;10(3):e31309)   doi:10.2196/31309
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Introduction

In 2020, the US Surgeon General’s Report on Smoking
Cessation identified the development of interventions to address
vaping, or electronic cigarette (e-cigarette) use, particularly
among young people, as a research priority [1]. There is
“substantial evidence” [2] that vaping can lead to nicotine
dependence and growing evidence that dependence symptoms
are increasing among young people [3-8]. Several studies have
shown that many youth are making attempts to quit, which are
often unsuccessful due to the difficulty of quitting unassisted
[5-9]. Help-seeking youth need access to tools and services that
can aid them in their quitting journey. However, the availability
of vaping cessation interventions remains limited in huge part
because our understanding of the process of vaping cessation
is extremely limited and evidence-based guidelines and
interventions have yet to be developed.

Mobile software apps are highly accessible and cost-effective
platforms for interventions that can be customized by the user
and provide real-time support. The use of apps to provide
support for addressing substance use, such as alcohol and
tobacco, is well-documented in the literature [10-16]. Among
young people who are the top smartphone users [17] globally
and a high-risk group for the public health consequences of
e-cigarettes [2,18], smartphone apps are a potential way to offer
support and promote successful quit attempts among
help-seeking e-cigarette users, or vapers. Informal searches
revealed a handful of apps for vaping cessation currently
available. However, little is known about their quality and the
degree to which their contents reflect the current state of
evidence [9]. Accordingly, this study examined the quality of
free vaping cessation apps, their contents and features,
popularity among users, and adherence to evidence-based
practices. To our knowledge, this study was the first systematic
analysis of free apps for vaping cessation. We focused on apps
that were in English and free to download. We also decided to
only include apps that were available in both the Apple App
Store and Google Play Store at the time of the review. There
are 2 key reasons for this. First, at the time, a study in the
Journal of Medical Internet Research found that 87% of
vaping-related apps in the Google Play Store were aimed at
assisting users to sustain their vaping and improve their
experience of vaping, including informational apps with
“recipes” for vapers who want to mix their own vape liquids,
retail apps for ordering vaping paraphernalia online, or
navigation apps for locating vape stores nearby. The same study
found that only 3% had features to help users quit [19]. By
contrast, Apple implemented a ban on apps promoting
recreational vaping from its online market in response to a recent
outbreak of vaping-related lung injuries [20]. Second, compared
with Google, Apple has a more rigorous and transparent review
process for apps, which is described in a designated developer
web page. We decided to use these resources to our advantage
in conducting this review.

Methods

Search Strategy
Using the terms vaping, vaping cessation, quit vaping, stop
vaping, and no vaping, we searched for smartphone apps
targeting vaping cessation on the Canadian Apple and Google
online stores in December 2020. Preliminary searches on the
Apple App Store website and the embedded App Store app in
iPhones showed drastically different sets of results. Whereas
the phone search yielded more than 185 apps, the website search
using the same strategy showed between 6 and 10 apps. For
consistency with the average user experience, we decided to
conduct the formal searches using the phone app instead of the
website.

Eligibility Criteria
Apps that were not in English and not free to download were
excluded in the preliminary screening. As previously noted,
apps that were not available in both the Google Play Store and
the Apple App Store were excluded. Based on informal searches
conducted prior to the review (AK, EL, and SS), we expected
our search terms to yield a large number of apps for smoking
cessation. Our approach to these apps was to check the
descriptions and profiles of popular smoking cessation apps to
confirm whether they also addressed vaping cessation. Those
that did not were excluded at this stage. Three authors (AK, EL,
and SS) independently reviewed the remaining eligible apps
(n=39) through a 2-pronged screening approach: first, we
examined their profiles on the online app stores; then, if the
information was available, we did an ancestry search of
developer websites, profiles, and overall online presence. From
this, those that were confirmed to have no association with
vaping cessation were excluded at this stage. A total of 9 apps
were downloaded as part of the final sample.

Assessment of Quality, Contents and Features, and
Popularity Among Users
Each app was used daily for at least seven consecutive days,
which informed the assessment of quality, analysis of app
contents and features, and classification of apps. To estimate
popularity among users, number of downloads was used as an
indicator. Given that information on app downloads is only
available for the apps in the Google Play Store, user ratings and
number of reviews were used as a secondary measure of
popularity.

The quality of each app was assessed using the Mobile App
Rating Scale (MARS), a multidimensional measure for rating
the quality of mobile health apps [21]. The MARS consists of
5 categories—engagement, functionality, aesthetics, information
quality, and subjective quality—with 23 collective items rated
using a 5-point scale. An option of “N/A” or “not applicable”
is available for items that cannot be adequately assessed.
Subjective quality is an optional category; thus, it was excluded
from our scoring. Mean scores for each of the 4 objective
categories were calculated to identify strengths and weaknesses
of each app, while the sum of all 4 scores provided an overall
quality score for each app. Given the variability found among
health-related apps, MARS itself does not prescribe a defined
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threshold for the type of scores a high-quality app should obtain
on the scale [21]. However, a previous study [15] that assessed
the quality and content of smoking cessation apps identified a
MARS total mean score of 3 as the cut-off for apps with
acceptable quality.

Based on our analysis of app contents and features, each app
was classified according to its primary approach to supporting
vaping cessation. We followed Abroms et al’s [11,12] categories
for smoking cessation apps, which included “calculators”
tracking money saved and health benefits gained since quitting;
“calendars” monitoring number of days before or after the quit
date; and “informational content” providing general information
on quitting. Informational content on each app was
cross-referenced with the current state of evidence on the health
consequences of vaping [2].

Adherence to Evidence-Based Practices
To assess clinical quality, previous studies of a similar design
evaluated apps based on their level of adherence to clinical
practice guidelines [11-15]. In this study, we developed a
14-item Adherence Index based on a modified version of the
Canadian Smoking Cessation Clinical Practice Guideline [22]
with the support of an experienced clinician who led the
development of the guideline on smoking cessation (PS). These
14 items are shown in Table 1. The items are written in plain
language. Most of the content remained the same, with 1 key
change—because there is currently no strong evidence
supporting use of nicotine replacement therapy for vaping
cessation, endorsement of medication was omitted. The process
of modifying the guidelines was further informed by earlier
studies in identifying key differences between smoking and
vaping based on the experiences of help-seeking youth and
young adult vapers [8,23]. Each item on the Adherence Index
was coded present or not present.
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Table 1. Characteristics of vaping cessation apps and summary of quality scores.

SmoklerAerisSmoke
Watchers

Quit GeniusEscape the
Vape

Quit Vaping Addic-
tion Calendar

Quit Vaping -
For Good

KwitCharacteristics

OtherTrackerOtherTrackerTrackerTrackerTrackerTrackerApp classification

Popularity

0 (0)2.3 (3)0 (0)4.3 (472)3.4 (5)0 (0)4 (4)4.5 (1100)Ratings on Apple App

Storea

4.7 (45)3.9 (84)3.7 (39)4.3 (2000)3.8 (6)0 (0)3.7 (248)4.5 (3000)Ratings on Google Play

Storea

1000+5000+5000+100,000+100+100+10,000+100,000+Number of Google Play
Store downloads

MARSb scores

2.32.62.93.13.533.43.84.1Engagement

4.884.53.894.124.674.754.674.9Functionality

3.53.674.173.8344.544.83Aesthetics

22.362.643.213.12.863.13.14Information

3.173.283.43.573.823.883.894.24MARS total mean scores

Adherence to Canadian clinical guidelines

✓✓✓✓✓✓✓Ask about e-cigarettec use
status

✓✓✓✓✓✓✓✓Advise user to quit

✓✓✓✓✓Assess willingness to quit

✓✓✓Assess nicotine depen-
dence

✓✓✓✓✓✓Assist—discuss the bene-
fits of quitting

✓✓✓✓✓✓✓✓Assist—offer tools and re-
sources for quitting

✓✓✓✓✓✓Assist—enhance motiva-
tion to quit

✓Assist—explore doubts
about quitting

✓✓✓Assist—explore barriers to
quitting

✓✓✓✓✓✓✓Assist—affirm and encour-
age decision to quit

✓Assist—form a quit plan

✓✓✓✓✓Assist—discuss relapse
prevention

✓Assist—refer to a quitline

✓✓✓✓Arrange for follow-up

31071079812Adherence Index score (0-
14)

aNumber of stars out of 5 (number of reviews).
bMARS: Mobile App Rating Scale.
ce-cigarette: electronic cigarette.
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Data Extraction and Quality Assessment
Prior to assessing the full sample of apps, 3 raters (AK, EL, and
SS) tested the MARS and Adherence Index with a randomly
selected app. Results from the test app showed substantial
agreement with minor differences (≤2 points) that were
discussed and resolved. The remaining apps were rated
independently by at least two authors. Intraclass correlation
coefficient (ICC) estimates were computed to assess interrater
reliability for the remaining apps. Results based on a mean
rating (k=3), absolute agreement, and 2-way mixed effects
model showed excellent agreement (ICC 0.92; 95% CI
0.78-0.98) [24].

Results

Overview
A total of 9 apps for vaping cessation were identified. Once the
apps were downloaded, we discovered that 1 app (Quuit) was
faulty and could not be examined past the sign-up page. Multiple
attempts to reach the developers to resolve the issue were
unsuccessful. At this point, we decided to exclude Quuit. The
app selection process is shown in Figure 1. Figure 2 provides
a visual overview of the remaining 8 apps included in the
analysis. Characteristics and quality scores of each app are
presented in Table 1.

Figure 1. Flow diagram of the app selection process.
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Figure 2. Visual overview of the 8 apps included in the analysis.

Assessment of Quality, Contents and Features, and
Popularity Among Users
Among the 8 apps, the overall mean of the MARS total mean
scores in Table 1 was 3.66, indicating acceptable quality. The
mean rating for each of the 4 objective categories among the
included apps is as follows: functionality was scored highest
(4.54), followed by aesthetics (4.06) and engagement (3.22),
while information had the lowest mean score (2.8).
Cross-referencing the informational content on the apps with
the current state of evidence on the health consequences of
vaping [2], we found that some, but not all, informational text
was supported by scientific evidence. A few other apps shared
links to resources, which often pointed users to news headlines
or anecdotal stories.

Of the 8 apps, 3 specifically targeted vaping cessation (Escape
the Vape, Quit Vaping Addiction Calendar, and Quit Vaping –
For Good) and 5 were focused on smoking cessation while also
claiming to address vaping cessation. Although the remaining
5 apps claimed to address vaping, they were primarily developed
for smoking cessation and many features were not fully adapted
to vaping cessation. This is evident when users are asked to

provide information on the number of cigarettes smoked and
cost of a pack of cigarettes during the sign-up process. Even
among the 3 apps developed primarily for vaping cessation, it
was common to see the terms “vaping” and “smoking” used
interchangeably. None of the apps asked users to enter
information on basic demographics or vape flavor preferences.
Some apps included valuable features such as a designated quit
plan page that we later learned were available only with paid
subscriptions ranging from US $5.99 to US $27.99. In total, 6
apps offered in-app purchases.

Of the included apps, 3 had a built-in community forum where
users can anonymously share their experiences; 2 of these had
features that allowed users to interact with others’ posts.
However, 1 (Smoke Watchers) was entirely in French. A fourth
app (Kwit) offered users the option to join a private support
group on Facebook with a membership of 1800. Another app
(Quit Genius) offered a community feature and access to a quit
coach to premium users for US $27.99 per month.

Trackers, characterized as a combination of calculators and
calendar apps, were the most common type of vaping cessation
apps. As many as 6 of the 8 apps applied a tracker approach to

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e31309 | p.185https://mhealth.jmir.org/2022/3/e31309
(page number not for citation purposes)

Sanchez et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


vaping cessation, documenting money saved over time and
number of days since quitting. A total of 4 tracker apps also
provided a measure of health gains since quitting, while 2
presented estimations of “nicotine avoided” either in milligrams,
number of pods, or both. These valuations, except for health
gains, were based on information provided by users during the
sign-up process. In addition to money spent on vaping and
frequency of vaping, Quit Vaping – For Good asked users to
indicate the type of vape device used, nicotine concentration
preferred, number of pods in a pack, and amount of e-liquid
content for each pod. It also tracked “total e-juice avoided.” All
tracker apps, except Aeris, conferred awards corresponding to
milestones achieved based on money saved and time vape free,
as well as nicotine avoided and community engagement for
those apps that had those features. Three of the tracker apps
also kept a record of frequency and intensity of cravings that
users can enter spontaneously within the app. Of these 3 apps,
2 presented users with a daily check-in: Quit Genius asked “Did
you vape?” while Kwit asked users to provide a scale rating of
their emotions and confidence in quitting.

Compared with the tracker apps, Smoke Watchers and Smokler
implemented unique approaches. As the name indicates, Smoke
Watchers connected vapers with watchers who may be vapers
or nonvapers interested in supporting a vaper in their quitting
process. Users can invite friends to be their watcher or select 1
from a community of watchers provided by the app. Smoke
Watchers required vapers to connect Bluetooth-enabled vape
devices directly to the app for real-time monitoring without an
option for a user to manually enter their own data.
Unfortunately, as none of the authors owned a vape device, this
was not a feature that was fully explored. By contrast, Smokler’s
primary approach to vaping cessation was implementing a
vaping schedule. Users start a timer, then vape when the timer
ends. There are varying levels of difficulty based on how long
the timer is set for, and the interval between each vaping
occasion increases according to the user’s preference.

All apps were developed commercially and most of them
typically focused on abstinence with only 2 apps (Smoke
Watchers and Smokler) offering users the option to modify their
goals toward reduction or rationing. In terms of substances,
nicotine was the primary focus in all 8 apps. Quit Genius was
the only app linked to an efficacy trial published in the scientific
literature [25], which concluded it to be a “superior treatment”
compared with “very brief advice.” Notably, the authors
disclosed that the study was funded by the company that
developed Quit Genius and 8 of the 10 authors received a salary
from or owned equity in the company.

Lastly, popularity among users was estimated using relative
frequency of downloads, user ratings, and number of reviews.
As shown in Table 1, the 3 most frequently downloaded apps
(Kwit, Quit Genius, and Quit Vaping – For Good) were also
those that were most highly rated and had the greatest number
of user reviews, which suggests strong engagement among users.
However, this association was not consistently present among
the 5 remaining apps. To illustrate, Aeris (3.9 stars) had more
user downloads and reviews compared with Smokler. However,
Smokler (4.7 stars) had a higher user rating. In one of our
searches using the search term quit vaping, Aeris was among

the top 20 results in the Apple App Store, but Smokler was not.
Interestingly, there were several apps with no reviews or user
ratings that were included in the top 20 results. Overall, we
found that a higher user rating was not associated with the order
an app shows up in the list of results—a finding that is consistent
with previous studies of a similar design [11,12].

Adherence to Evidence-Based Practices
As shown in Table 1, the most commonly represented items on
the Adherence Index were advising users to quit and assisting
users by offering tools and resources for quitting. By contrast,
the least common items were assisting users by exploring doubts
about quitting, forming a quit plan, and referring them to a
quitline. Each of these were only identified once among the
apps included in the analysis. The Kwit app had the highest
MARS total score, while also having the most Adherence Index
items present. It also had the highest user rating based on data
from the Apple App Store and the Google Play Store.
Meanwhile, Smokler had the lowest MARS total score and also
had the fewest Adherence Index items present. Aeris was the
only app that recommended calling a quitline and the only one
with a designated feature for setting up a quit plan.

Discussion

Principal Findings
This study identified 8 apps available for vaping cessation.
Generally, these existing vaping cessation apps appear to employ
similar approaches to smoking cessation apps that have been
previously examined [11-15]. However, relative to smoking,
apps that aid in quitting vaping are very low in number and are
limited in features developed specifically for vaping cessation.

Although we found that the highest- and lowest-rated apps on
the MARS tool received parallel scores on the Adherence Index,
there was no association between the scores for the remaining
apps. Similarly, there was no association between quality scores
and app popularity based on user ratings and number of
downloads. Previous studies with a comparable study design
reported mixed results in this area: for example, Abroms and
colleagues [12] concluded that user ratings were positively
associated with Adherence Index scores, whereas Ubhi and
team [13] found no such association. Consistent with findings
in previous studies, we found that (1) the most common strategy
employed to promote vaping cessation was tracking and
monitoring [11,12,15]; (2) few apps included the behavior
change techniques proposed to aid in quitting [13,14]; (3) the
apps had little evidence-based informational content [13,14];
and (4) referrals to a quitline were absent [11-15]. As with these
previous studies, we also found that the apps in our sample
scored better in design and usability components over clinically
relevant criteria. MARS items on quality of information and
credibility of sources consistently received the lowest marks.
These findings suggest that the development team may have
been more focused on making the apps user-friendly than
incorporating evidence-based content.

Overall, we found that using an app quality assessment tool and
Adherence Index was a feasible approach to evaluating vaping
cessation apps. Nonetheless, we discourage readers from
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interpreting these results to mean that some apps are more
effective than others in promoting vaping cessation. We learned
from this process that some apps are inherently different from
others and it is not always appropriate, possible, or desirable to
incorporate all of the items on the Adherence Index in any one
app. The same issue arises in assessing apps based on the
prevalence of behavior change techniques that have been
positively associated with higher success rates for quitting
smoking in face-to-face behavioral interventions [26]. This
challenge was one that we encountered repeatedly in discussions
about how items on the clinical guideline might be translated
within the context of an app. For example, in this study,
arranging for follow-up was translated to receiving push
notifications from an app. However, several factors will
influence the effectiveness of push notifications. Did the user
enable notifications? Are there any consequences if a user
ignores push notifications? What is the conversion rate between
push notifications and interaction with the app? Do users
experience desensitization to push notifications over time,
thereby diminishing their usefulness? Similar questions were
asked for other items on the guidelines and what they might
look like in an app, although these were more straightforward
compared with the example described here. Perhaps for this
reason, an increasing number of studies are exploring the use
of SMS text messaging or email services in promoting user
engagement within an app [13,14] or as its own form of
intervention [27]. Relative to vaping cessation, the best example
of this is Truth Initiative’s This is Quitting program—a free and
anonymous SMS text messaging service designed to help young
people quit vaping, with preliminary results showing high levels
of engagement among the target age group [7,28].

A reviewer of an earlier draft of this paper suggested that a
qualitative analysis of user comments could shed more light on
what features or characteristics users might find helpful and
why. This is a potential way to identify features that future apps
could incorporate to help support vaping cessation among users.
The same reviewer inquired after possible approaches for
addressing concurrent nicotine and cannabis use (or co-use)
among users in light of emerging evidence of high rates of
co-use and its implications for vaping cessation [29-32]. At the
time of our review, we found no evidence of approaches for
addressing co-use in our final sample of apps for vaping
cessation. Certainly, apps for quitting cannabis use are available
in both the Apple App Store and the Google Play Store and we
encountered several of them during our searches. However, the
degree to which these apps adhere to evidence-based practices
warrants investigation. A review conducted in 2015 [33] that
focused on the top 20 cannabis apps available online found that
“no apps addressed abuse, addiction, or treatment.” As in ours,
the 2015 review also showed that the majority of freely available
apps were geared toward supporting recreational use.

Another possibility worth exploring is an “ecosystem of apps”
to promote vaping cessation where users are free to choose the
app (or set of apps) most appropriate for them based on their
level of motivation, the stage of change they find themselves
in, or simply personal preference. Ideally, this would be curated
and maintained based on a similar process employed in this

study and conducted by a group external to the app development
team.

Limitations
This study has several limitations. The evaluation of apps
developed for health behavior change is a relatively new
practice, and more guidance and resources are needed [34,35].
We acknowledge that app development occurs at a rapid pace
and new apps are added regularly that were not available when
we conducted our searches, and thus, would not be included
here. Paid features offered as in-app purchases within apps that
were free to download were also beyond the scope of this
review. However, considering that free apps and features have
been shown to increase accessibility and user engagement [36],
our approach can be justified. Although our searches were
conducted in the Canadian online app stores, it is likely that
there is significant overlap in the online app market relative to
the availability of vaping cessation apps. Finally, we were not
able to assess the potential impact of these apps for different
cultures and ethnicities.

Strengths
This study also has noteworthy strengths. It is the first systematic
analysis of apps for vaping cessation. As previous studies of a
similar design have proven to be useful in areas such as alcohol
and tobacco use [10-16], we recognize the value in assessing
the quality and content of apps for vaping or e-cigarette use in
informing research and practice moving forward. Based on our
findings, we proposed several recommendations for the
improvement of existing and future apps for supporting vaping
cessation relative to the current state of evidence. Notably, we
propose that researchers pay more attention to the unique
qualities of vaping relative to smoking [8,23] and how these
can be appropriately incorporated into apps focused on vaping
cessation. Industry actors, such as the Apple App Store and the
Google Play Store, might also have a role to play in improving
accessibility to evidence-informed apps. For example, app stores
could provide more transparency with regard to the algorithm
behind their search results. One step further to this would be to
explore the possibility of including clinical quality as a factor
in the algorithm, in addition to the number of downloads and
user ratings. The Apple App Store’s 2020 ban on recreational
vaping apps [19] could be considered as a precedence for this
kind of initiative. As vaping research evolves, there are plenty
of opportunities to explore these recommendations and their
potential for helping improve our understanding of how
technology-based interventions, such as apps and SMS text
messaging services, can be effective in helping users quit vaping.
Finally, a key component to these recommendations is
forthcoming research from 2 of the authors in this paper (AK
and PS) offering clinical guidance for vaping cessation based
on a systematic review. Beyond vaping research, this study also
contributes to important and ongoing discussions over the role
of mobile health apps in our health system, particularly in the
field of substance use and addictions [37-40].

Conclusions
Given the lack of vaping cessation interventions at a time when
they are urgently needed, vaping cessation apps are potentially
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valuable tools. Therefore, it is recommended that these apps
apply evidence-based practices and undergo rigorous evaluations
that can assess their quality, contents and features, and

popularity among users. Through this process, we can improve
our understanding of how apps can be effective in helping users
quit vaping.
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Abstract

Background: Over 11 million care partners in the United States who provide care to people living with Alzheimer disease and
related dementias (ADRD) cite persistent and pervasive unmet needs related to their caregiving role. The proliferation of mobile
apps for care partners has the potential to meet care partners’ needs, but the quality of apps is unknown.

Objective: This study aims to evaluate the quality of publicly available apps for care partners of people living with ADRD and
identify design features of low- and high-quality apps to guide future research and user-centered app development.

Methods: We searched the US Apple App and Google Play stores with the criteria that included apps needed to be available
in the US Google Play or Apple App stores, accessible to users out of the box, and primarily intended for use by an informal
(family or friend) care partner of a person living with ADRD. We classified and tabulated app functionalities. The included apps
were then evaluated using the Mobile App Rating Scale (MARS) using 23 items across 5 dimensions: engagement, functionality,
aesthetics, information, and subjective quality. We computed descriptive statistics for each rating. To identify recommendations
for future research and app development, we categorized rater comments on score-driving factors for each MARS rating item
and what the app could have done to improve the item score.

Results: We evaluated 17 apps. We found that, on average, apps are of minimally acceptable quality. Functionalities supported
by apps included education (12/17, 71%), interactive training (3/17, 18%), documentation (3/17, 18%), tracking symptoms (2/17,
12%), care partner community (3/17, 18%), interaction with clinical experts (1/17, 6%), care coordination (2/17, 12%), and
activities for the person living with ADRD (2/17, 12%). Of the 17 apps, 8 (47%) had only 1 feature, 6 (35%) had 2 features, and
3 (18%) had 3 features. The MARS quality mean score across apps was 3.08 (SD 0.83) on the 5-point rating scale (1=inadequate
to 5=excellent), with apps scoring highest on average on functionality (mean 3.37, SD 0.99) and aesthetics (mean 3.24, SD 0.92)
and lowest on average on information (mean 2.95, SD 0.95) and engagement (mean 2.76, SD 0.89). The MARS subjective quality
mean score across apps was 2.26 (SD 1.02).

Conclusions: We identified apps whose mean scores were more than 1 point below minimally acceptable quality, whereas some
were more than 1 point above. Many apps had broken features and were rated as below acceptable for engagement and information.
Minimally acceptable quality is likely to be insufficient to meet care partner needs. Future research should establish minimum
quality standards across dimensions for care partner mobile apps. Design features of high-quality apps identified in this study
can provide the foundation for benchmarking these standards.

(JMIR Mhealth Uhealth 2022;10(3):e33863)   doi:10.2196/33863
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Introduction

Background
Over 11 million care partners in the United States who provide
care to people living with Alzheimer disease and related
dementias (ADRD) are often untrained, underresourced, and
unsupported to manage the cognitive, behavioral, and physical
changes that characterize ADRD progression [1-3]. Therefore,
care partners cite persistent and pervasive unmet needs related
to all aspects of their caregiving role, including support for daily
care, managing behavioral symptoms of dementia, self-care,
resources and support services, health information management,
care coordination and communication, and financial and legal
planning [4-6]. The ability to address the unmet needs of care
partners is a critical health challenge, as these unmet needs are
associated with suboptimal psychological and physical outcomes
for the care partner and the person living with ADRD [7-10].

National experts call for technologies to be powerful and novel
interventions to support care partners [11]. For example, experts
from the 2015 Alzheimer Disease Research Summit
recommended to “develop new technologies that enhance the
delivery of clinical care, care partner support, and in-home
monitoring” and “test the use of technology to overcome the
workforce limitations in the care of older adults with dementia
as well as providing care partner support and education” [11].
The 2018 Research Summit called for “innovative digital data
collection platforms” and “pervasive computing assessment
methods” [12].

Mobile apps can answer these calls by enabling unique data
capture and visualization, multichannel communication, and
integration of powerful decision support on increasingly
ubiquitous and scalable devices (eg, smartphones). Advancing
technological capabilities also increase the potential of mobile
apps to provide much-needed individualized, just-in-time
support that can adapt to changing needs across the course of
the disease [13]. Reviews of mobile apps for care partners report
that they are a feasible and acceptable intervention [14] and can
reduce ADRD care partner stress and burden [15].

The mere availability of apps is not sufficient to improve health
outcomes; these apps must be designed to support and
accommodate user needs and abilities, a process called
user-centered design (UCD). More formally, UCD is:

an approach to interactive systems development that
aims to make systems usable and useful by focusing
on the users, their needs and requirements, and by
applying human factors/ergonomics, usability
knowledge, and techniques. This approach enhances
effectiveness and efficiency, improves human
well-being, user satisfaction, accessibility and
sustainability, and counteracts possible adverse
effects of use on human health, safety and
performance. [16]

UCD provides a scientifically sound, practice-based mechanism
for developing mobile apps for care partners of people living
with ADRD that are highly feasible and more likely to improve
care partner outcomes [17]. Conversely, if apps are not designed
using UCD, they are more likely to be of low quality, cause
more harm than good, incur avoidable waste of financial and
human resources, not provide the needed support, and compound
the existing burden on care partners [13,16,18-21].

Despite the potential of mobile apps to meet care partners’needs
and improve outcomes using UCD and other industry-standard
design practices, the actual quality of mobile apps for care
partners—that is, how usable, engaging, valid, acceptable,
accessible, aesthetically pleasing, and useful they are to the
user—is currently unknown. A recent study by Choi et al [22]
used the Mobile App Rating Scale (MARS) to assess app quality
across ADRD-related apps focused on self-care management
for people living with ADRD. They found that, on average, the
evaluated apps met the MARS criteria for minimally acceptable
quality, quality scores were higher for those developed by health
care–related versus non–health care–related developers, and
apps scored lower on average regarding how engaging they
were to the user [22]. Although this study included some apps
with care partners as the intended primary user, the inclusion
and exclusion criteria focused on the person living with ADRD,
which limited the inclusion of apps targeted at care partners as
the intended end user.

It is critical to evaluate the quality of mobile apps for ADRD
care partners for several reasons [17]. First, quality assessment
ensures that mobile apps produce benefits and do not have
unintended health consequences for care partners or persons
living with ADRD; for example, they do not increase care
partner stress and burden. Second, quality evaluation can provide
insights into whether mobile apps will be used and whether use
will withstand the test of time; that is, they will not be
abandoned. Third, quality evaluation is important to ensure that
research-based mobile apps are sustainable outside academic
research settings, meaning they can achieve commercial success
among competitors. Fourth, quality evaluation can safeguard
against commercial products that may not deliver on their
advertised potential.

Objectives
Thus, the aim of this study is to (1) evaluate the quality of
publicly available apps for care partners of people living with
ADRD and (2) identify the design features of low- and
high-quality apps to guide future research and user-centered
app development.

Methods

Design
We conducted a multirater evaluation of the quality of mobile
apps for caregivers of people living with ADRD available on
the US market by applying the MARS [23]. The MARS was
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created to be an easy-to-use and objective tool for researchers
and developers to evaluate the quality of mobile apps across
multiple dimensions. We chose to use the MARS because it is
a validated rating scale for mobile app quality, includes a
multicomponent evaluation of quality, has clear instructions
and a uniform scale, and has been used successfully across
multiple health domains, including pain management and ADRD
[22,24,25].

Data Collection

App Identification and Selection
We searched the US Apple App and Google Play stores in
March 2021 using multiple variations of the terms “caregiver,”
“carer,” “care,” “caretaker,” “dementia,” and “Alzheimer
disease.” To be included in the analysis, an app needed to be
(1) available in US Google Play or Apple App stores; (2) directly
accessible to users out of the box (ie, without a separate
agreement with an insurer, health care delivery organization,
and enrolling in a clinical trial); and (3) primarily intended for
use by an informal (family or friend) care partner or care
partners of a person with dementia of any severity, stage, or
etiology. Four members of the research team independently
searched both app stores to identify eligible apps based on the
app name and brief description and identified 50 unique apps.
Next, 3 members of the research team applied the inclusion
criteria to the compiled list of apps by reviewing the full app
description and downloading and exploring the app components.
One research team member served as the arbiter by reviewing
each app for inclusion and documenting the reason for inclusion
or exclusion. The arbiter presented their inclusion decisions to
the full research team for a consensus. Primary reasons for app
exclusion were not having the caregiver as the primary user (eg,
apps for the person living with ADRD), needing to sign up for
a clinical trial or be part of a specific health system to access
the app, and not being specific to ADRD care (eg, targeted for
caregivers of people with any condition). We identified 17
unique apps that met our inclusion criteria, 8 (47%) of which
were available in both the iOS and Android versions. For apps
that were available on both iOS and Android, we randomly
selected whether we would evaluate the iOS or Android version.
An expert rater also reviewed the version that was not selected
to assess quality differences, and no quality differences were
identified between platforms for any of the apps.

App Classification
For each included app, we captured descriptive and technical
information, such as name, ratings, version history, language,
and functionality. We classified the app’s purpose and
functionality based on the app store description and available
functionality within the app.

MARS Evaluation
The MARS includes 23 items across 5 dimensions: engagement,
functionality, aesthetics, information, and subjective quality
[23]. Each item was scored on a 5-point scale, from inadequate
(score=1) to excellent (score=5) or not applicable.

Our MARS evaluation team included 7 research team members:
3 experts in UCD and ADRD caregiving and 4 trainees in these

areas. The MARS training process began with the full team
independently reviewing the published MARS guide, including
instructions, definitions, and rating scales. Next, we conducted
3 team-based training sessions to improve consensus on the
MARS ratings. During the training sessions, we evaluated each
app as a team, item by item, with a discussion of each item
rating to build consensus on how to interpret the items and the
criteria for each score within an item. During the team rating
sessions, we discussed score anchors and annotated the MARS
rating sheet based on consensus anchors. Between team training
sessions, team members practiced applying the ratings discussed
in the previous session and created additional annotations based
on the team consensus discussion, which were then shared with
the full team at the subsequent meeting.

Next, each app was rated using the MARS by at least 2
independent raters. To apply the MARS, each trained rater
downloaded the app to a testing phone, paid fees, and tested the
app to ensure that all components of the app were used. The
rater then completed the 23 MARS rating items in order, app
by app. In addition to the required MARS rating procedures,
raters also documented for each item the score-driving factors
for that item and what the app could have done to improve the
score. This was done to support our aim of guiding future
research and app development.

Two members of the research team reviewed all the scores and
identified the items for which the original 2 raters had
disagreements in their scores. For items with a disagreement
score, an expert rater (JCB, RJH, or NEW) was used as the
tiebreaker. The goal of the expert rater as a tiebreaker was to
determine which of the scores they agreed with are based on
the MARS training and their expertise in evaluating health
information technologies. However, if the expert rater disagreed
with both scores, the tie-breaking score could be different from
the original 2 raters with clear justification. Expert raters were
senior members of the research team with doctoral training in
UCD, a combined 6 years designing and evaluating dementia
caregiving technologies, and a combined 13 years evaluating
health information technologies. We calculated the percentage
agreement for each rating dyad and the overall agreement rate.

Data Analysis
The ratings were entered into a cloud-based Microsoft Excel
spreadsheet, and descriptive statistics were computed for each
rating. First, we computed the mean score for each of the quality
dimensions (engagement, functionality, aesthetics, information,
and subjective quality) for each individual app as the sum of
the item scores in each dimension divided by the items in the
dimension. Next, we calculated the app quality mean score for
each app as the sum of the dimension mean scores divided by
the number of dimensions. We calculated the total mean score
for each dimension across all apps as the sum of each app’s
dimension mean score divided by the total number of apps. We
computed the overall app subjective mean score as the sum of
the mean scores divided by the total number of apps.

To identify recommendations for future research and app
development, 2 expert members of the research team categorized
rater comments on the score-driving factors for each item and
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what the app could have done to improve the score for that item.
They then met to discuss the categories and reach a consensus.

Ethics Approval
This study did not involve human subjects.

Results

App Classification
We evaluated 17 apps (n=7, 41%, iOS only; n=2, 12%, Android
only; and n=8, 47%, both iOS and Android). Before the
expert-based score reconciliation process, across 6 rating dyads,
the raters provided the exact same rating on a 1 to 5 scale in
43% of ratings; rater dyads agreed within 1 point in 83% of
cases (detailed agreement and disagreement rates of each rating
dyad are given in Multimedia Appendix 1). All apps except one
were available at no cost for the most basic version, and no apps
required an additional cost to upgrade to advanced features or
additional content. Apps had affiliations with commercial
companies 47% (8/17), universities 24% (4/17), health systems
18% (3/17), governments 12% (2/17), and nongovernmental
organizations 6% (1/17). Of the 17 apps evaluated, 14 (82%)
were available in English only; 1 (6%) was available in English,
Korean, and Spanish; 1 (6%) was available in English and

Japanese; and 1 (6%) was available in English and Portuguese.
Full descriptions and technical details of the apps are provided
in Table 1.

We identified 8 general feature categories supported by the apps
(Table 2). These categories included the ability of the app to
provide the following: (1) education—the provision of relevant,
appropriate content that increases care partner knowledge and
self-efficacy to perform their role and make informed decisions
(12/17, 71%); (2) interactive training—reciprocal exchange of
information for care partner development and learning (3/17,
18%); (3) documentation—storage or recording of information
for later retrieval (3/17, 18%); (4) tracking of symptoms (2/17,
12%); (5) care partner community—a platform or feature created
for the exchange of social support among care partners (3/17,
18%); (6) interaction with clinical experts (1/17, 6%); (7) care
coordination—the organization and distribution of patient care
activities among all involved participants (2/17, 12%); and (8)
activities for the person living with ADRD (2/17, 12%). Of the
17 apps, 8 (47%) had only 1 feature, 6 (35%) had 2 features,
and 3 (18%) had 3 features. Most apps (12/17, 71%) provided
information, and for 29% (5/17) of apps, providing information
was the only feature. Of the 17 apps, some features such as
interaction with clinicians or tracking symptoms were offered
by only 1 (6%) or 2 (12%) apps.
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Table 1. Apps evaluated in the study and their descriptive and technical details.

AffiliationsPurposeLanguageCountryYear of
last up-
date

DeveloperCategoryPlatformApp name

CommercialProvide valuable infor-
mation

EnglishUnited
States

N/AaACHGLOBAL, IncHealth and
fitness

iOSAccessible
Alzheimer's and
Dementia Care

CommercialProvide informationEnglishUnited
States

2019Accessible home
health care

Health and
fitness

AndroidAlzheimer's and
Dementia Care

CommercialBuild care partner confi-
dence

EnglishUnited
States

2013Home Instead Senior
Care

LifestyleiOSb An-
droid

Alzheimer’s Daily
Companion

CommercialTrack and monitorEnglishUnited
States

2021Point of Care LLCHealth and
fitness

iOSAlzheimer’s Man-
ager

UniversityProvide informationEnglishAustraliaN/AUniv of New South
Wales

MedicaliOSCare4Dementia

Government
Health System

Provide information
and support

EnglishUnited
States

2021Northern Health and
Social Care Trust

MedicaliOS An-
droid

Clear Dementia
Care

Commercial
University

Improve quality of lifeEnglish,
Japanese

United
Kingdom

2021CongniHealth LtdHealth and
fitness

iOSb An-
droid

CogniCare

Government
Health System

Improve communica-
tion

EnglishCanada2019Sinai Health SystemHealth and
fitness

iOSb An-
droid

Dementia Advisor

CommercialProvide expert adviceEnglishCanada2016Lorenzo GentileHealthiOScDementia Caregiv-
er Solutions

UniversityEducate and empowerEnglish,
Korean,
Spanish

United
States

2020University of IllinoisEducationiOSb An-
droid

Dementia Guide
Expert

CommercialHelp learn characteris-
tics and care of GEMS
stages

EnglishUnited
States

2020Positive Approach,
LLC

EducationiOSb An-
droid

Dementia Stages
Ability Model

Health SystemTrack and monitorEnglishUnited
States

2019Sinai Health Sys-
tem- Reitman Centre

Health and
fitness

iOSDementia Talk

UniversityProvide insightsEnglishUnited
States

2015Baylor Scott and
White Health

MedicalAndroidDementiAssist

NGOdProvide care partner
connections

EnglishUnited
Kingdom

2020Nightingales Medi-
cal Trust

MedicaliOSb An-
droid

DemKonnect

N/ACreate safe supportive
community

EnglishUnited
States

2020Inspo LabsSocial net-
working

iOSb An-
droid

Inspo-Alzheimer’s
Caregiving

N/AShare care responsibili-
ty

English,
Portuguese

United
States

2020Daniel LealProductivityiOSRemember Me-
Caregiver

CommercialProvide activities for

people with ADRDe
EnglishUnited

States
2021ADC initiatives LLCHealth and

fitness
iOSRespite Mobile

aN/A: not available.
bIndicates platform reviewed.
cIndicates cost of use.
dNGO: nongovernmental organization.
eADRD: Alzheimer disease and related dementias.
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Table 2. Feature categories of the evaluated apps (N=17).

Activities for
person with
dementia
(n=2, 12%)

Care coordination
(n=2, 12%)

Interaction with
clinical expert
(n=1, 6%)

Care partner
community
(n=3, 18%)

Tracking
symptoms
(n=2, 12%)

Documentation
(n=3, 18%)

Interactive
training
(n=3, 18%)

Education
(n=12, 71%)

Apps

✓Accessible
Alzheimer's and
Dementia Care

✓✓Alzheimer's and
Dementia Care

✓Alzheimer's Daily
Companion

✓✓Alzheimer's Manag-
er

✓Care4Dementia

✓✓✓Clear Dementia
Care

✓✓CogniCare

✓Dementia Advisor

✓Dementia Caregiv-
er Solutions

✓Dementia Guide
Expert

✓✓Dementia Stages
Ability Model

✓✓✓Dementia Talk

✓DementiAssist

✓✓✓DemKonnect

✓✓Inspo-Alzheimer’s
Caregiving

✓Remember Me-
Caregiver

✓Respite Mobile

MARS Evaluation
The MARS app quality mean score across all apps was 3.08
(SD 0.83) on the 5-point rating scale (from 1=inadequate to

5=excellent), with apps scoring highest on average on
functionality (mean 3.37, SD 0.99) and aesthetics (mean 3.24,
SD 0.92) and lowest on average on information (mean 2.95, SD
0.95) and engagement (mean 2.76, SD 0.89; Table 3).
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Table 3. Mean scores on the Mobile App Rating Scale (MARS) rating categories with category definitions and subjective evaluation data, including
app store number of ratings, app store average ratings, and the MARS subjective quality score.

App store aver-
age rating (out
of 5 stars)

App store num-
ber ratings

Subjective
quality score,
mean

Information,
mean

Aesthetics,
mean

Functionality,
mean

Engagement,
mean

Quality
mean score,
mean

Apps

511.001.331.001.501.201.26Accessible
Alzheimer’s and De-
mentia Care

NRNRa1.002.502.672.002.002.29Alzheimer’s and De-
mentia Care

4.6161.252.502.673.251.602.50Alzheimer’s Daily
Companion

312.672.833.003.502.602.98Alzheimer’s Manager

512.503.833.003.752.203.20Care4Dementia

513.254.003.334.253.803.85Clear Dementia Care

NRNR2.503.174.004.003.803.74CogniCare

4.364.504.173.335.004.204.18Dementia Advisor

512.003.333.003.502.603.11Dementia Caregiver
Solutions

513.253.172.332.752.402.66Dementia Guide Ex-
pert

5153.254.334.674.753.304.26Dementia Stages
Ability Model

111.253.174.003.003.003.29Dementia Talk

4.172.002.333.333.252.802.93DementiAssist

NRNR1.752.173.672.003.002.71DemKonnect-

NRNR3.254.004.674.004.004.17Inspo-Alzheimer’s
Caregiving

NRNR1.001.172.332.501.501.88Remember Me-Care-
giver

5102.002.174.004.253.003.35Respite Mobile

N/AN/Ab2.26 (1.02)2.95 (0.95)3.24 (0.92)3.37 (0.99)2.76 (0.89)3.08 (0.83)Overall, mean (SD)

aNR: not rated.
bN/A: not applicable.

The MARS subjective quality mean score across all apps was
2.26 (SD 1.02), with mean scores ranging from 1 to 4.5. The
mean score for the question, “Would you recommend the app
to people who might benefit from it?” was 2.59 (SD 1.42).

The MARS app quality mean score of 2.94 (SD 0.93) for apps
with a commercial affiliation was slightly below the minimally
acceptable quality and slightly above the minimally acceptable
quality 3.26 (SD 0.57) for apps with noncommercial affiliations
(ie, universities, governments, health systems, and
nongovernmental organizations). The MARS subjective quality
mean score (SD) was below the minimally acceptable quality
for apps with both commercial affiliation (mean 1.96, SD 0.83)
and noncommercial affiliations (mean 2.64, SD 1.11).

Table 3 provides the mean scores on the MARS quality rating
dimensions and subjective evaluation data, including the MARS
subjective quality score, app store number of ratings, and app
store average ratings for all evaluated apps.

Score-Driving Factors
Table 4 lists the most frequently identified design qualities that
led to low or high MARS scores for each MARS dimension.
Among factors contributing to low scores, a common one was
broken functionality, leading to crashes, error messages, and
unresponsiveness, noted in 59% (10/17) of the apps. Among
factors contributing to high scores, a common quality included
aesthetics where adequate use of multimedia for content
presentation, clear and consistent user interface layouts, and
high-quality graphics were noted in 53% (9/17) of the apps.
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Table 4. Mobile App Rating Scale (MARS) dimensions, categories within those dimensions, and examples of design features that were score drivers
for low and high scores.

Examples of high-score driversExamples of low-score driversMARS dimension and categories

Engagement

Use of multimedia (eg, combination of text, video,
audio, images, and animations)

Entertaining content such as games, chat, videos, and fo-
rums that do not function; extensive and overwhelming
content; and very little content

Entertainment

Variety of content, features, and color throughout the
app

Text only with no images, large blocks of text, frequent
system failure, constantly linking to outside website, and
no ability to customize experience

Interest

Variety of customization options (eg, privacy settings,
preference selection, notifications, and favorites)

Limited, inoperable, or missing customization featuresCustomization

Feedback systems (eg, confirmations, error messages,
and validations) and variety of data visualization with
charts, in-app messaging, and features for community
building

Interactive content such chat, graphs, and forums does not
function; must click what you need every time (the app
does not retain information); and community forum but no
active users

Interactivity

Content relevance and usefulness of informationSmall font, no ability to zoom, provides only general infor-
mation, and no privacy settings

Target group

Functionality

Responsiveness and efficient transitions throughout
the app

Frequent error messages and crashes, frequently unrespon-
sive or slow, and includes inactive hyperlinks

Performance

Clarity and intuitiveness of app functions and learnabil-
ity, operability, and app instructions

Takes a lot of time to figure out how to use, functions dif-
ficult to learn to use the complicated app architecture, and
no instructions provided

Ease of use

Logic, consistency, and visual cues matched users’
expectations; external sources within the app; and
minimalist design

Menu options change within the app, clicking a link takes
you to the incorrect function, consistently sending to an
outside website with broken links, no back button provided,
and the Menu options do not function

Navigation

Logical, consistent, anticipated gestures, links, and
buttons

Gestures differ from expectation in terms of phone gesturesGestural design

Aesthetics

Clear and simple user interface layoutBlocks of text and inconsistent layout across pagesLayout

Quality, high-resolution graphicsLow quality (blurry) and no graphicsGraphics

Creative, impactful, and thoughtful use of colorNo color, no graphics, no multimedia, and inconsistent text
sizes and colors

Visual appeal

Information

Features and functions aligned with the app descriptionDescribes content that does not function or is not availableAccuracy of app description

Goals stated explicitly with measurable or trackable
metrics

Goals not stated, goals not achievable because app functions
are broken or unresponsive, and no ability to measure goal
attainment

Goals

Information provided from trusted, cited sources; lan-
guage used written with end users or target demograph-
ic in mind; and information relevant to users

Sources not cited, sources cited are questionable, links
provided to sources are broken, and information disorga-
nized or difficult to locate

Quality of information

Sufficient and comprehensive range of informationExtensive and overwhelming amount of information and
very little information

Quantity of information

Logical use of videos, multimedia, and helpful images
to provide clarity

No visual information availableVisual information

Created by a legitimate, verified entity, including
hospital, center, government, university, or council

No sources cited and commercial entity selling other
products

Credibility

N/AbNot tested for effectiveness in improving person living with

ADRDa or care partner outcomes

Evidence base

aADRD: Alzheimer disease and related dementias.
bN/A: not available.
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Discussion

Principal Findings
The objectives of our study were to (1) evaluate the quality of
publicly available apps for care partners of people living with
ADRD and (2) identify the design features of low- and
high-quality apps to guide future research and app development.
Our findings show that across all apps, the average MARS
quality rating was just above the minimally acceptable cut-off
of 3.00 (mean 3.08, SD 0.83; range 1.26-4.26), and the average
MARS subjective quality rating of all the apps was less than
acceptable (mean 2.26, SD 1.02; range 1.00-4.50). We also
identified apps whose individual mean scores were more than
1 point below the minimal acceptable quality, whereas some
were more than 1 point above. Furthermore, most of the apps
we assessed had broken features and were rated as below
acceptable quality for the MARS dimensions of engagement
and information quality.

Of the 17 mobile apps, our analysis identified 3 (18%) with a
rating of good or higher quality (MARS quality mean score >4).
Furthermore, Dementia Advisor scored greater than 4 (ie,
indicating good quality) on both the MARS quality mean score
and the subjective quality mean score. In contrast to most apps
that focus on providing education through text and videos,
Dementia Advisor provides interactive training on a wide variety
of scenarios with feedback to improve learning. The app was
simple and intuitive, without the need for instructions or
significant time to learn to use the app features. All features of
the app were functional, and the progress through the training
scenarios was tracked by the app.

We found that most apps focused on passively delivering
educational content. Providing education is important, as care
partners report persistent unmet needs related to understanding
ADRD as a disease process, including diagnosis, prognosis,
and disease progression; long-term care and financial and legal
planning; and management of cognitive and behavioral
symptoms [4,5,26,27]. However, the extent of the effectiveness
of passive learning content (eg, reading an article or watching
a video) provided by these apps is unknown and may be limited
as opposed to engaged active learning approaches that foster
information retention [28-30]. In addition, care partners also
reported the need for training, support for coordination across
the caregiving network, connection to relevant resources, and
social support [4,5,27,31-33]. Some apps did attempt to address
care partners’ need for social support by offering forums, chats,
and community features. However, we found that these features
were often not functional or did not have active participation
from users, limiting the app’s ability to fulfill their promise of
social support. Furthermore, the apps were limited in
functionality to support coordination across the caregiving
network, with only 2 apps supporting coordination with other
care partners and only 1 connecting care partners with clinicians.
Overall, the limited functionality provided across most apps
raises questions about their potential to improve care partner
outcomes, as several recent systematic reviews and
meta-analyses suggested that effective care partner interventions
provide multiple components and social support [34-44].

Overall, the apps scored higher on functionality and aesthetics
than on engagement and information quality. The apps, on
average, scored just above minimally acceptable for
functionality (mean 3.37, SD 0.99), which includes app
performance, ease of use, navigation, and gestural design.
Functionality is important for care partners because it reflects
the potential of the app to meet basic care partner needs in terms
of app usability. This score is a point lower than that indicated
in the MARS rating reported in a 2020 study by Choi et al [22],
which used the MARS to assess the quality of all ADRD-related
apps, including those focused on care partners and those focused
on the person living with ADRD. It is possible that the higher
scores found by Choi et al [22] reflect a higher quality of apps
designed for people living with ADRD, as a recent study by
Guo et al [45] on rating mobile apps for people living with
ADRD reported a similarly high functionality score.

On average, the apps scored as just above minimally acceptable
for aesthetics (mean 3.24), including layout, graphics, and visual
appeal. This is similar to the aesthetic scores reported by Choi
et al [22] and lower than the average aesthetics score reported
by Guo et al [45]. Aesthetics is an important dimension of
quality that allows apps to stand out in the marketplace.
Aesthetics can also facilitate emotionally positive experiences,
which can improve user perceptions of the app [46,47].

However, on average, engagement, which included
entertainment, customization, interactivity, and fit to the target
group, was slightly below acceptable quality (mean 2.76).
Similarly, the findings of both Choi et al [22] and Guo et al [45]
reported that apps scored lowest on engagement, reporting
just-below minimally acceptable quality and above minimally
acceptable quality, respectively. These findings further confirm
previous research that evaluated 8 commercially available apps
for ADRD care partners and found that the majority provided
mostly text-based information [48]. Below acceptable
engagement scores are concerning, as engagement issues can
lead to technology abandonment, reduced acceptance, or failure
to use the app to its full potential [49,50]. For care partners,
engagement may be critical, as they often experience high levels
of demands associated with their caregiver role [31,51,52]. As
demonstrated in other populations with chronic health conditions
[53,54], engagement is important to sustain care partners’
attention when their attention is drawn to the many other
demands they experience daily.

Information quality, which included information quantity, visual
information, credibility, goals, and app description, also scored,
on average, slightly lower than minimally acceptable (mean
2.95, SD 0.95). This is a point lower than the information quality
score reported by Choi et al [22]. It is possible that this score
difference could be because of information quality differences
of the apps designed for people living with ADRD as their target
users, which is further supported by a similar high score reported
by Guo et al [45]. Information is a critical component to meeting
care partners’ unmet needs, and low information quality may
increase the likelihood of technology abandonment [55]. For
example, recent research found that when care partners search
for information and cannot meet the information need at that
time, they often abandon the information behavior [18].
Furthermore, low-quality information is likely to reduce
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perceived usefulness, which has been shown to be a key factor
influencing caregivers’ intention to adopt mobile health apps
[56]. Lower scores on information are also concerning, as this
score reflects that apps are often not tested for effectiveness in
improving people living with ADRD or care partner outcomes,
reducing the ability to safeguard against products that may not
deliver on their advertised potential. Specifically, of the 17 apps,
7 (41%) had a mean information quality score that ranged from
1.17 to 2.50 and 11 had a mean subjective quality score that
ranged from 1.00 to 2.50. The scoring of both dimensions
indicates inadequate quality, which potentially heightens the
risk of technology abandonment and loss of the intended impact
for target users. Furthermore, apps often state goals without any
way to measure or track goal attainment; therefore, there are no
clear pathways provided to evaluate whether the stated goals
are achievable.

Although most apps met the MARS requirement for minimal
acceptability, it may not be sufficient to meet the needs of care
partners of people living with dementia. Research on older
adults’ technology acceptance indicates that they have a higher
standard for technology acceptance [57,58]. As many care
partners are older adults, raising the bar for acceptable mobile
app quality may be critical to sustained care partner use.
Furthermore, care partners experience high demands related to
their caregiving role and managing complex symptoms and
progressive decline and often experience suboptimal health
outcomes such as high levels of burden, depression, and anxiety.
Therefore, mobile apps may confer some level of risk and need
to be held at a high standard so that they do not add burden or
increase the risk of suboptimal health outcomes. In addition, an
average score at the level of minimal acceptability may mask
serious quality violations on one dimension that are
counterbalanced by higher-than-average scores on other
dimensions. For example, the above average–rated app Respite
Mobile (mean MARS quality score 3.35) had a low information
quality score (2.27) counterbalanced by particularly high scores
on aesthetics (4.0) and functionality (4.25). Thus, minimum
standards across dimensions may need to be imposed to avoid
harm from counterbalanced weaknesses.

Overall, our ratings of the apps mirror some of those produced
from a similar study by Choi et al [22], who also found app
engagement scores to be lower than acceptable quality and
further highlighted that their scoring differed based on the types
of developers (ie, health care–related vs non–health care–related)
and intended purpose (ie, awareness, assessment, and disease
management). We lacked an appropriate sample to statistically
compare differences between developer types. However, we
similarly found that for overall mean scores, those developed
by commercial entities were just below the minimally acceptable
quality, whereas those developed by noncommercial entities
were just above the minimally acceptable quality. This
comparison further confirms our suggestion to establish higher
standardized criteria for health information technology to meet
the needs of the care partners of people living with dementia.

Considering the variability in app quality and the failure of
many apps to attain acceptable overall and dimension-specific
quality ratings, there is a need to adopt quality-focused design
and development approaches. One such approach is UCD,

introduced earlier and characterized by design driven by a
foundational understanding of user needs, direct or indirect
input from end users in the design process, and rigorous testing
with representative samples of intended end users [16]. In
participatory forms of UCD, sometimes called co-design, care
partners can also actively contribute to design, leading to a
higher likelihood that user needs and abilities are supported and
accommodated [59]. UCD approaches can also be used to
facilitate engagement through gamification and persuasive
design. Furthermore, UCD-based emotional design can increase
the quality of aesthetics and functionality [46,47].

Limitations
The results of this study should be considered in light of certain
limitations. Not all the raters in our study were experts in
technology design. However, we had 3 expert raters who
conducted training and acted as arbiters for inclusion decisions
and MARS rating. In addition, as per the MARS approach, the
raters were not users themselves. To enhance our understanding
of the quality of mobile apps for care partners of people living
with dementia, future studies should include user testing, such
as usability testing and other user tests, alongside expert ratings.
Furthermore, we did not rate apps that were available only to
study participants. However, the apps we rated are currently
available on the market to all users and not limited to the study
inclusion and exclusion criteria and participation timelines.
Related to this, we were able to rate only what we could access.
This means that apps that malfunctioned during log-ins or were
only available to customers of a specific health system were
not reviewed.

We also identified the limitations of the MARS that should be
considered. First, the MARS assumes a typical user and does
not address diverse personas, such as users with diverse ages,
physical and cognitive abilities, race, ethnicities, and urbanicity
or rurality. Second, applying the MARS item definitions is
somewhat subjective, and the definitions are not connected to
norms, such as a database of prior MARS evaluations. We
addressed this limitation through training by reconciling
differences in the interpretation of definitions through
discussions and consensus building. Third, the MARS does not
include certain aspects of design that contribute to app quality,
such as security, the design process used, data standards, and
accessibility compliance.

Conclusions
In evaluating the quality of publicly available apps for care
partners of people living with ADRD, we found that apps, on
average, are of minimally acceptable quality. Although we
identified apps both above and below the minimally acceptable
quality, many apps had broken features and were rated as below
acceptable quality for engagement and information quality.
Minimally acceptable quality is likely insufficient to meet the
needs of care partners without potentially causing harm by
increasing burden and stress. Future research should establish
minimum quality standards across dimensions for mobile apps
for care partners. The design features of high-quality apps
identified in this study can provide the foundation for
benchmarking these standards.
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Abstract

Background: eHealth interventions can help people change behavior (eg, quit smoking). Reminders sent via SMS text messaging
or email may improve the adherence to web-based programs and increase the probability of successful behavior change; however,
it is unclear whether their efficiency is affected by the modality of the communication channel.

Objective: A 2-armed randomized control trial was conducted to compare the effect of providing reminders via SMS text
messaging versus email on the adherence to an eHealth program for smoking cessation and on the probability to initiate a quit
attempt.

Methods: Smokers were recruited via an internet-based advertisement. A total of 591 participants who diverted from intended
use of the program (ie, failed to log on to a session) were automatically randomized to the experimental (SMS text messaging
reminder, n=304) or the active comparator (email reminder, n=287) group.

Results: Unexpectedly, we found that the mode of reminder delivery did not significantly affect either the adherence, namely
the number of completed program sessions, with the SMS text messaging reminder group showing a mean of 4.30 (SD 3.24) and
the email reminder group showing a mean of 4.36 (SD 3.27) (t586=0.197, P=.84, and Cohen d=0.016), or the outcome, namely

the quit smoking attempt rate (34.2% in the SMS text messaging group vs 31.7% in the email group; χ2
1=0.4, P=.52). Secondary

analyses showed that age, gender, and education had significant effects on program adherence and education on the outcome.
Moreover, we found a significant interaction effect between the mode of reminder delivery and gender on program adherence,
suggesting that the effectiveness of SMS text message reminders might be different for females and males. However, this particular
finding should be treated with care as it was based on post hoc subgroup analysis.

Conclusions: This study indicates that the modality of user reminders to log on increased neither the program adherence nor
the probability of quitting smoking. This suggests that program developers may save costs using emails instead of SMS text
messaging reminders.

Trial Registration: ClinicalTrials.gov NCT03276767; https://clinicaltrials.gov/ct2/show/ NCT03276767

(JMIR Mhealth Uhealth 2022;10(3):e31040)   doi:10.2196/31040
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Introduction

Interventions delivered through the internet may provide people
with tailored and real-time suggestions [1] and allow targeting
and attracting large populations [2-4]. Web-based interventions
can help people change health behavior [5], including quitting
tobacco smoking [6,7], which is still one of the leading causes
of avoidable mortality and morbidity worldwide [8,9]. Although
we know that web-based interventions for smoking cessation
may improve quitting rates, there is a need for research into
factors that may increase the efficacy of such interventions [10].

The efficacy of web-based interventions is closely associated
with users’ adherence to them [11], making it pertinent for
program designers to find ways of increasing adherence to the
programs they design. One way of increasing program adherence
is through digital triggers that are external stimuli “designed to
make an individual focus on a desired goal by prompting an
internal or external reaction at the appropriate time” [12]. Such
triggers can be integrated in an otherwise web-based program
as notifications when new program content is made available
and as reminders for logging on once the user fails to log on as
expected. However, developing digital triggers involves a range
of design choices, including “who” (ie, sender), “how” (ie,
medium), “when” (ie, triggered by what), “how much” (ie, how
often), and “what” (ie, content) [12]. Optimizing these design
choices in the best manner is an empirical question; however,
the evidence on how to design effective triggers is mixed due
to insufficient reporting of design choices and heterogeneity in
studies [12]. This study seeks to contribute to this knowledge
base by specifying the best choice of the delivery mode (the
“how”) for digital triggers designed to increase adherence of
users who fail to log on as expected. Different options exist,
but 2 commonly used alternatives are SMS text messaging and
emails, with each having different advantages and disadvantages
[12]. For example, SMS text messaging (compared to email) is
more salient to the receiver [3] and linked to higher open and
click rates [12], but there is a higher cost associated with SMS
text messaging (ie, the cost of sending as well as that for
development and maintenance of the system). A meta-study of
web-based interventions found that using additional methods
of communicating with participants, like email or SMS text
messaging, were associated with larger effects on behavior
change, and more specifically, this effect was reported to be
large for SMS text messaging and small for email [10].
However, a limitation of this meta-study is that these
conclusions were based on comparing the effect sizes in studies
with no reminders or email reminders to studies using SMS text
messaging reminders. Several direct comparisons of modalities
across arms within a randomized trial, and across various
contexts, is needed to address this issue. Nevertheless, these
studies appear to indicate that regarding reminders to log on to
a web-based program, SMS text messaging reminders would
be superior to email reminders. Addressing this matter is
significant for program designers, as adding an SMS text

messaging component will usually entail additional costs to
program development and should thus be worth the money.

Therefore, the purpose of this study was to determine whether
SMS text messaging would indeed be more effective in
reminding the users to log onto the web application once they
fail to log on as expected. Our point of departure was a
web-based smoking cessation program (described below) that
uses email invitations to notify the user of the release of new
program modules. If the user does not log on as expected, the
program will send out a reminder to prompt the user to log on.
We conducted a randomized controlled trial (RCT) in which
participants were randomized to receive these reminders either
by SMS text messaging or email. We hypothesized that SMS
text messaging reminders would have users logging onto the
web application frequently (ie, adherence) and possibly lead to
an increased likelihood of an initiated attempt to quit smoking
(due to increased program use).

Methods

Study Design
A 2-armed RCT was conducted. The 2 arms of the RCT differed
only in the modality (SMS text messaging versus email) of the
reminders that were issued to remind the smoker about the
missed session (module). There were 4 different versions of
this message, so that each user would never receive the same
message twice in a row. The messages were very similar in
content and form, for example, “Hi (name of user) I haven’t
seen you for a while. You may have been busy? Hope to see
you soon! (smart link to the web application) Best Andy (Andy
is the English name of the intervention).” The study protocol
was registered at ClinicalTrials.gov (trial registration number:
NCT03276767).

Participants
The study sample consisted of Czech and Norwegian tobacco
smokers using Andy, an eHealth smoking cessation program
(described below). Czech participants were recruited through
internet-based advertisements (webpages focused on smoking
cessation, social media platforms, and internet-based
newspapers). Norwegian participants were recruited through
internet-based advertisements (Facebook, Google, blogposts,
and newspapers) as well as through Healthy Life Centers.
Participants needed to be over 18 years old, current tobacco
smokers, willing to quit smoking, provide a valid email address
and mobile phone number, provide consent to participation,
complete the baseline questionnaire, and open the first session
of the program. Additionally, only persons who qualified as
nonadherers were included; nonadherence was defined as failing
to log on to the program by noon on the day after a new session
(module) was released. Overall, 584 of the 1175 recruited
participants (49.7%) did not meet the inclusion criteria, resulting
in a total of 591 participants. Figure 1 shows the participant
selection process.
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Figure 1. Flow diagram of participant selection.

Data Collection
Baseline characteristics were collected through a web-based
questionnaire, whereas program use information was recorded
automatically. Program use information included the start and
completion of a session, issuing of SMS text messaging/email
reminders, and user-reported initiation of a quit attempt.

Intervention and Randomization
The eHealth intervention named “Andy” is a fully automated
web-based smoking cessation program that first prepares the
user for quitting (preparation phase) and follows up once the
user confirms having initiated a quit attempt (follow-up phase);
however, this study focuses only on the preparation phase.
During the preparation phase, the program releases 1 new
session per day. The recommended/default length of the
preparation phase is 11 days (which is the designated quit day),
but users are free to advance or postpone at their own rate within
certain limits. When a new session is released, an email
invitation is sent to the user to prompt login (this happens at 5
AM). A reminder is due when a user fails to log onto an assigned
session by noon on the next day. In this study, a simple
randomization procedure automatically took place when the
first reminder was due, following which participants were
randomized to either the SMS text messaging or the email
condition. More information about the intervention program,
how it is used, and its usability can be obtained elsewhere
[13-16].

Measures

Demographics
Participants were asked about their age, gender, place of
residence (urban or rural area), education, employment, and
income.

Baseline Smoking
Participant also reported their average consumption of cigarettes
(self-reported number of cigarettes smoked per day). Following
a standard procedure [17], we then categorized participants as

a mild (<10 cigarettes/day), moderate (11-19 cigarettes/day),
or intensive (>20 cigarettes/day) smokers.

Primary Outcome: Initiation of Quit Attempt
The main outcome was whether the participants had initiated a
quit attempt. Upon logging on to the program on the quit day,
participants are asked whether they have in fact initiated a quit
attempt as planned. Those who answer “no” are encouraged to
quit the next day and will be asked the same question the day
after (and on any subsequent day if they keep logging on to the
program). Those who answer “yes” will be transferred to the
follow-up phase of the program. Participants who dropped out
from the program before they reached their quit day were
considered treatment failures (ie, smokers). Participants who
continued to log on to the program until their quit day (or
beyond) but did not report to have initiated a quit attempt within
6 weeks after accessing the first session of the program were
also considered treatment failures.

Secondary Outcome: Number of Completed Sessions
Program adherence was measured as the number of eHealth
program sessions that participant had completed. It was possible
to complete 0 to 10 sessions during the preparation phase of the
eHealth program. A higher number of completed sessions
indicated higher adherence to the eHealth program.

Statistical Analysis
Statistical analyses were conducted in multiple steps. First, we
aimed to assess randomization by confirming the absence of
significant differences in background variables between the
experimental group (SMS text messaging reminders) and the
active control group (email reminders). Second, we used the
Welch 2-tailed t test for unequal variance to analyze the effect
of SMS text messaging reminders on program adherence,
namely the number of completed program sessions (secondary

outcome). Next, we used the χ2 test of association for assessing
the effect of SMS text messaging reminders on the initiation of
a quit attempt (primary outcome). Moreover, 2 regression
analyses were conducted to assess the effects of SMS text
messaging reminders when controlling for the effects of all
background variables (shown in Table 1) on the primary and
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secondary outcomes. Post hoc analyses of the relationship
between the background and outcome variables were also
conducted. Analyses were conducted with the statistical software
R [18,19].

Ethics
The study was approved by the Ethics Committee of the General
University Hospital in Prague (no. 7/17GrantGACR-1.LFUK)
and by the Norwegian Center for Research Data (no. 52874).

Results

Baseline Characteristics
Background characteristics of each group are reported in Table
1. Participants (program users) had a mean age of 39.5 (SD

12.8) years, and 52% of the 591 participants (n=308) were Czech
and 48% (n=288) were Norwegian. Additionally, 61% (n=361)
were female, 60% (n=355) were full-time employees, and 56%
(n=330) reported high school as their highest completed
education. The mean consumption of tobacco among participants
at baseline was 18 cigarettes per day, and 43% (n=254) reported
consuming more than 20 cigarettes per day. There were no
statistically significant differences found between the SMS text
messaging and email groups, except for the nationality
distribution (Table 1).
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Table 1. Baseline characteristics of the experimental (SMS text messaging) group and active control (email) arm of the randomized controlled trial

(N=591)a.

t/χ2(df)Email (n=287, 48.6%)SMS text messaging (n=304, 51.4%)Characteristic

t (587)=1.1238.8 (12.8)40.0 (12.9)Age in years (range 18-77), mean (SD)

χ2 (1)=8.3Nationality, n (%)

167 (54.2)141 (45.8)Czech

120 (42.4)163 (57.6)Norwegian

χ2 (1)=0.5Gender, n (%)

171 (47.4)190 (52.6)Female

116 (50.4)114 (49.6)Male

χ2 (3)=3.8Residence, n (%)

55 (53.9)47 (46.1)<1000 inhabitants

71 (43)94 (57)1000-20,000 inhabitants

85 (48)92 (52)20,000-100,000 inhabitants

76 (51.7)71 (48.3)>100,000 inhabitants

χ2 (3)=1.7Education, n (%)

29 (52.7)26 (47.3)<HSb graduate

161 (48.8)169 (51.2)HS graduate

58 (44.3)73 (55.7)University (BAc degree)

39 (52)36 (48)University (MAd degree or higher)

χ2 (5)=1.0Employment, n (%)

31 (47)35 (53)Freelancer

177 (49.9)178 (50.1)Employed

33 (44.6)41 (55.4)Unemployed

25 (50)25 (50)Student

10 (47.6)11 (52.4)Retired

11 (44)14 (56)Other

χ2 (4)=7.4Income, n (%)

31 (43.1)41 (56.9)Very low

56 (40.6)82 (59.4)Low

71 (55)58 (45)Middle

95 (50.8)92 (49.2)High

22 (53.7)19 (46.3)Very high

χ2 (2)=0.1Smoking, n (%)

72 (47.7)79 (52.3)<10 cigarettes/day

90 (48.4)96 (51.6)11-19 cigarettes/day

125 (49.2)129 (50.8)>20 cigarettes/day

t (589)=0.272.56 (1.09)2.58 (1.17)Reminders (range 1-8)

aP values for all variables were not significant except Nationality (P<.001).
bHS: high school.
cBA: Bachelor of Arts.
dMA: Master of Arts.
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Effectiveness of SMS Text Messaging Versus Email
Reminders on Program Adherence – The Number of
Completed Sessions (Secondary Outcome)
The number of completed sessions among all participants ranged
from 0 to 10 (mean 4.33, SD 3.26). Contrary to our expectations,
we did not find any statistically significant difference in the
number of completed sessions between participants receiving
SMS text messaging reminders (mean 4.30, SD 3.24) and those
receiving email reminders (mean 4.36, SD 3.27); Welch
t586=0.197, P=.84, and Cohen d=0.02. Given the difference in
the Czech/Norwegian participant ratio between the SMS text
messaging and email groups, we conducted a regression analysis
where we controlled for nationality (and other background
variables) with the same result. Receiving SMS text messaging
reminders (as compared with receiving email reminders) did
not lead to a significantly higher number of completed sessions
(P=.98). Table 2 presents the regression analysis results.

Some background characteristics were found to be significant
predictors of the number of completed sessions, namely age,
nationality, gender, and education. Using separate analyses for
each of these predictors, we found that higher age was positively
associated with adherence (r=0.17, P<.001) and female
participants showed a significantly higher number of completed
sessions (mean 4.64, SD 3.32) compared to male participants

(mean 3.84, SD 3.09); Welch t513=2.98, P=.003, and Cohen
d=0.25. Furthermore, participants with a university degree,
namely Bachelor of Arts or Master of Arts, completed more
sessions compared to those without high school graduation; the
omnibus difference was significant (F3,166=3.87, P=.01) with
Games-Howell post hoc t tests proving significant for
differences between those without high school graduation and
those with BA (P=.02) and MA (or higher) degrees (P=.02).
The difference in the number of completed sessions between
Czech (mean 4.17, SD 3.14) and Norwegian (mean 4.51, SD
3.37) participants was not significant (P=.27).

Although we found no significant main effect of the reminder
delivery mode on adherence, post hoc analyses revealed a
significant interaction with gender; F1,587=4.10 and P=.04. The
finding suggests that the effect of replacing email reminders
with SMS text messaging reminders is more beneficial for
males, relative to females, in terms of improved program
adherence. The average number of completed sessions for
female users receiving SMS text messaging reminders (n=190)
was 4.40 (SD 3.40), whereas for male users receiving SMS text
messaging reminders (n=114), it was 4.14 (SD 2.98); further,
for female users receiving email reminders (n=171), the average
number of completed sessions was 4.91 (SD 3.22), and for male
users receiving email reminders (n=116), it was 3.54 (SD 3.19)
(Figure 2).
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Table 2. Summary of linear regression analysis for variables predicting the number of completed sessions (N=591, R2=0.0796)a.

Regression analysis variablesPredictor

95% CIβPtSE BB

Reminder

–0.162 to 0.166.002.980.0250.27250.007SMS text messaging

0.081 to 0.320.200.0013.2880.01580.052Age

Nationality

0.014 to 0.569.292.042.0640.46080.951Czech

Gender

0.044 to 0.428.236.022.4190.31870.771Female

Residence

–0.194 to 0.313.060.640.4640.42080.1951000-20,000 inhabitants

–0.310 to 0.187–.061.63–0.4850.4133–0.20020,000-100,000 inhabitants

–0.383 to 0.154–0.114.4–0.8380.4455–0.373>100,000 inhabitants

Education

–0.046 to 0.565.259.11.6680.50690.846HSb graduate

0.020 to 0.714.367.042.0780.57631.197University (BAc degree)

–0.010 to 0.757.373.061.9120.63701.218University (MAd degree or higher)

Employment

–0.110 to 0.439.165.241.1780.45580.537Employed

–0.459 to 0.317–.071.72–0.3580.6446–0.231Unemployed

–0.616 to 0.335–.140.56–0.5800.7891–0.458Student

–0.600 to 0.500–.052.85–0.1870.9076–0.170Retired

–0.834 to 0.165–.334.19–1.3160.8291–1.091Other

Income

–0.484 to 0.128–.178.25–1.1420.5079–0.580Low

–0.440 to 0.261–.088.62–0.4940.5792–0.286Middle

–0.546 to 0.244–.151.45–0.7510.6555–0.492High

–0.805 to 0.172–.316.2–1.2720.8109–1.031Very high

Smoking

–0.201 to 0.243.021.850.1850.36910.06811-19 cigarettes/day

–0.300 to 0.140–.080.48–0.7130.3643–0.260>20 cigarettes/day

aB represents the log odds of quit attempt=1 versus quit attempt. represents standardized estimates. “Email” is the reference category for Reminder.
“Norwegian” is the reference category for Nationality. “Female” is the reference category for Gender. “<1000 inhabitants” is the reference category for
Residence. “<HS graduate” is the reference category for Education. “Freelancer” is the reference category for Employment. “Very low” is the reference
category for Income. “<10 cigarettes/day” is the reference category for Smoking.
bHS: high school.
cBA: Bachelor of Arts.
dMA: Master of Arts.
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Figure 2. Effects of randomized condition (SMS text messaging versus email reminders) and gender on the electronic health program adherence (the
number of completed sessions). Estimated marginal means with 95% CIs are shown.

Effectiveness of the SMS Text Messaging and Email
Reminders on the Initiation of Quit Attempt (Primary
Outcome)
In the whole sample comprising 591 participants, 195 (33%)
participants initiated a quit attempt. Contrary to our hypothesis,
there was no significant difference between the 2 randomized

groups in initiating a quit attempt (χ2
1=0.4, P=.52). The

frequency of quit attempts in the SMS text messaging group
was 104 (34.2%) whereas it was 91 (31.7%) in the email group.
We did not find any significant interaction between education,
receiving SMS text message versus email reminders, and quit
attempts. Regression analysis in which background variables
were controlled for also showed that receiving SMS text

messaging reminders instead of email reminders was not a
significant predictor of initiating a quit attempt (Table 3). From
all analyzed sociodemographic variables, only education was
a significant predictor of initiating a quit attempt (Table 3).
Participants with an education lower than high school (ie,
elementary or practical education) reported initiating a quit
attempt in 9 (16.4%) cases, showing a 2 times lower prevalence
than in the whole sample. In comparison, 106 (32.1%) of the
high school–graduated participants, 49 (37.4%) of the
college-graduated participants with a bachelor’s degree, and 31
(41.3%) of the college-graduated participants with a master’s
degree reported having initiated an attempt to quit smoking

(χ2
3=10.5, P=.02).
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Table 3. Summary of logistic regression analysis for variables predicting quit attempt in electronic health program users (N=591, R2=0.034)a.

Regression analysis variablesPredictor

Odds ratio, 95% CIPZbSE BB

Reminder

1.150, 0.7997-1.653.450.75300.18520.1394SMS text messaging

1.016, 0.9954-1.038.131.52730.01070.0163Age

Nationality

1.159, 0.6250-2.150.640.46860.31520.1477Czech

Gender

0.986, 0.6468-1.504.95–0.06320.2153–0.0136Female

Residence

0.913, 0.5231-1.594.75–0.31970.2843–0.09091000-20,000 inhabitants

0.849, 0.4906-1.468.56–0.58740.2795–0.164220,000-100,000 inhabitants

0.872, 0.4834-1.573.65–0.45530.3010–0.1370>100,000 inhabitants

Education

2.438, 1.0792-5.508.032.14330.41580.8912HSc graduate

2.503, 1.0277-6.096.042.02020.45420.9175University (BAd degree)

3.169, 1.2235-8.206.022.37550.48551.1533University (MAe degree or higher)

Employment

1.334, 0.7167-2.482.360.90870.31680.2879Employed

1.105, 0.4647-2.627.820.22590.44190.0998Unemployed

1.061, 0.3576-3.150.920.10720.55510.0595Student

0.568, 0.1637-1.969.37–0.89230.6345–0.5661Retired

0.686, 0.2065-2.278.54–0.61600.6125–0.3773Other

Income

0.882, 0.4425-1.760.72–0.35520.3522–0.1251Low

1.119, 0.5154-2.432.780.28510.39580.1129Middle

0.983, 0.4081-2.367.97–0.03860.4484–0.0173High

0.553, 0.1816-1.685.3–1.04180.5684–0.5921Very high

Smoking

1.141, 0.7085-1.836.590.54140.24290.131511-19 cigarettes/day

0.737, 0.4540-1.198.22–1.23040.2475–0.3045>20 cigarettes/day

aB represents the log odds of quit attempt=1 versus quit attempt. “Email” is the reference category for Reminder. “Norwegian” is the reference category
for Nationality. “Female” is the reference category for Gender. “<1000 inhabitants” is the reference category for Residence. “<HS graduate” is the
reference category for Education. “Freelancer” is the reference category for Employment. “Very low” is the reference category for Income. “<10
cigarettes/day” is the reference category for Smoking.
bZ: regression coefficient divided by the standard error.
cHS: high school.
dBA: Bachelor of Arts.
eMA: Master of Arts.

Discussion

Principal Results
This RCT tested the hypothesis that receiving SMS text
messaging reminders (compared to receiving email reminders)

increased (1) the adherence to the eHealth program for smoking
cessation and (2) the initiation of an attempt to quit smoking.
Randomization took place after the first sign of nonadherence
to the eHealth program (ie, when a user failed to log on to the
program as expected and was due to receive the first reminder).
There were no significant differences between the 2 groups in
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terms of their background characteristics, except for nationality.
Norwegian participants were more often randomized to the SMS
text messaging group as compared to Czech participants. The
adherence to the eHealth program was measured as the number
of completed sessions and the desired outcome was measured
as self-reported initiation of a quit attempt. Surprisingly, we did
not find any significant differences in the number of completed
sessions between participants receiving SMS text messaging
reminders (completed 4.30 sessions on average) and those
receiving email reminders (completed 4.36 sessions on average),
when tested separately (P=.84) or when controlled for all the
background variables listed in Table 1 (P=.98). Similarly, we
did not find differences in the proportion of reported quit
attempts between SMS text messaging (quit attempt reported
by 34.2% participants) and email (quit attempt reported by
31.7% participants) groups, either when measured separately
(P=.52) or when controlled for all background variables (P=.45).

Additional post hoc analyses revealed significant effects of
some sociodemographic variables on program adherence (age,
gender, and education) and the initiation of a quit attempt
(education). None of these effects interacted significantly with
the reminder modality (SMS text messaging versus email),
except for gender, which is attributable to the modality
interaction effect on program adherence (P=.04). In other words,
the effect of replacing email reminders with SMS text messaging
reminders on program adherence is heterogenous across genders.
This effect suggests that SMS text messaging reminders are
more beneficial for men, relative to women, in terms of program
adherence (see Figure 2). (Note that we did not find any
interaction between the modality and gender on quit attempts,
or between the modality and any other background variable.)

In summary, post hoc subgroup analyses revealed that the choice
of the optimal modality may depend on gender. SMS text
messaging is more beneficial for males relative to females
regarding program adherence. We did not find overall
improvement in program adherence on receiving SMS text
messaging reminders when compared to email reminders. More
importantly, we found that the reminder modality did not affect
the main outcome, namely smoking cessation.

Comparison With Prior Work
Prior work has shown that external triggers, such as reminders,
may improve adherence to eHealth programs and thus the
outcomes of these interventions [12]. The evidence of how to
design effective triggers is mixed due to insufficient reporting
of design choices and heterogeneity in studies [12]. This study
focused on the mode of delivery of triggers (reminders), for
which SMS text messages and emails are 2 popular options
considered by designers. Compared to an email, an SMS text
message is more salient to the receiver [3], linked to higher
open and click rates [12], and associated with larger effects on
eHealth-supported behavioral change [10]. These previous
findings suggest that SMS text messaging is superior to email
for reminding users to log on to an eHealth web program, thus
increasing adherence and the probability of desired outcomes,
and is therefore worth the additional cost. However, contrary
to our expectations, we did not find evidence supporting this
superiority of SMS text messaging over email reminders either

with respect to the program adherence or to the outcomes of
this specific eHealth program (ie, the initiation of a quit attempt).
However, the effect of the reminder delivery mode on program
adherence may be affected by gender; in our study, female
participants were found to be generally more adherent to the
eHealth program (completed more sessions) and the difference
was particularly strong in the condition of email reminders.
Although there is some evidence that women are more compliant
with eHealth interventions in general [20], to our best
knowledge, there is no study available that has analyzed the
relationships between gender, eHealth adherence, and different
modes of delivering reminders. Our results suggested that SMS
text messaging reminders (compared to email reminders) might
help reduce the gender-based difference in adherence. This
would be an interesting area for further research. It should be
noted that many other factors might be influencing the efficiency
of the reminders, such as content, frequency, time of delivery,
type of the intervention program (eg, web-based or mobile app,
frequency and number of session releases, etc), or even the
phase of the intervention (eg, reminders might affect users
differently when received at the beginning as opposed to the
later phase).

Strengths and Limitations
This study has several strengths, including a heterogenous
sample with participants belonging to a wide spectrum of
sociodemographic groups (Table 1) from the Czech Republic
and Norway, 2 countries with different levels of smoking
prevalence and tobacco use patterns. The other strength is that
the 2 groups differed only in the mode of communication for
reminders to log on to the program, whereas the content and
number of reminders as well as the content of the program in
general were the same for both groups. Therefore, we could
assess the direct effect of the reminder delivery mode on
program adherence and the desired outcome of the intervention.
Generally, SMS text messaging reminders are often used within
health care but RCTs assessing their effect are lacking [21]. In
addition, the use of automatically collected eHealth data reduced
selection bias and the risk of recall bias (although the initiation
of a quit attempt was self-reported).

One limitation of the study is that the preparation phase of the
program was fairly short (maximum 11 days), resulting in a
short period for assessing the adherence. Moreover, the study
focused on a smoking cessation eHealth program and may not
be generalized for other types of eHealth interventions. Findings
concerning the interaction between SMS text messaging
reminders and gender are based on post hoc subgroup analysis,
and as such, it should be treated with care [22]. Further, a
question that our study did not address was that individual
differences might influence the effect of the reminder modality.
Further research might inquire into the potential of tailoring
reminder modalities to individual preferences.

Conclusions
In conclusion, and contrary to available literature, our data
suggested that when it comes to reminding nonadherent eHealth
users to log on to a web-based program, SMS text messaging
reminders were not superior to email reminders, neither with
respect to increasing program adherence nor in supporting a
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desired outcome (ie, the initiation of a quit attempt). However,
there may be gender differences affecting the preferred modality
(with email reminders being more effective for female users)
that may be useful to pursue in further research. The results for
both outcomes taken together suggest that there is very little to
gain, if anything at all, by choosing SMS text messaging over

email reminders for web-based behavior change interventions.
Thus, our finding is important for developers and providers of
eHealth interventions who may not need to allocate additional
costs related to SMS text messaging reminders to enhance
program adherence or outcomes, as reminders delivered via
email seem to be equally effective.
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Abstract

Background: Increasing use of emergency departments (EDs) by patients with low urgency, combined with limited availability
of medical staff, results in extended waiting times and delayed care. Technological approaches could possibly increase efficiency
by providing urgency advice and symptom assessments.

Objective: The purpose of this study is to evaluate the safety of urgency advice provided by a symptom assessment app, Ada,
in an ED.

Methods: The study was conducted at the interdisciplinary ED of Marburg University Hospital, with data collection performed
between August 2019 and March 2020. This study had a single-center cross-sectional prospective observational design and
included 378 patients. The app’s urgency recommendation was compared with an established triage concept (Manchester Triage
System [MTS]), including patients from the lower 3 MTS categories only. For all patients who were undertriaged, an expert
physician panel assessed the case to detect potential avoidable hazardous situations (AHSs).

Results: Of 378 participants, 344 (91%) were triaged the same or more conservatively and 34 (8.9%) were undertriaged by the
app. Of the 378 patients, 14 (3.7%) had received safe advice determined by the expert panel and 20 (5.3%) were considered to
be potential AHS. Therefore, the assessment could be considered safe in 94.7% (358/378) of the patients when compared with
the MTS assessment. From the 3 lowest MTS categories, 43.4% (164/378) of patients were not considered as emergency cases
by the app, but could have been safely treated by a general practitioner or would not have required a physician consultation at
all.

Conclusions: The app provided urgency advice after patient self-triage that has a high rate of safety, a rate of undertriage, and
a rate of triage with potential to be an AHS, equivalent to telephone triage by health care professionals while still being more
conservative than direct ED triage. A large proportion of patients in the ED were not considered as emergency cases, which could
possibly relieve ED burden if used at home. Further research should be conducted in the at-home setting to evaluate this hypothesis.

Trial Registration: German Clinical Trial Registration DRKS00024909; https://www.drks.de/drks_web/navigate.do?
navigationId=trial.HTML&TRIAL_ID=DRKS00024909
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Introduction

Background
The need for acute medical care in emergency departments
(EDs) and primary care clinics has become increasingly
important from medical and health policy perspectives [1-3].
Partially owing to an aging population and difficulty in accessing
other care options, an increasing number of patients with chronic
conditions and people with general medical illnesses present in
EDs [4]. More than 50% of patients attending an ED stated that
they considered their level of treatment urgency as low [5], and
studies have shown how challenging it is for patients to assess
their own medical urgency level [6-9]. Apart from extended
waiting times and patient dissatisfaction, crowded EDs are
associated with several risks such as delayed care, persisting
pain, poor outcomes, and increased mortality [10]. Timely
assessment is increasingly a major problem in terms of staffing
and organization in both large and small hospitals. An additional
digital system could be of much help here. To address this, we
explored whether a digital patient triage solution could provide
meaningful assistance to the patient in pretriaging their current
health problem, guiding patients with urgency to the ED and
others to alternative appropriate care providers including urgent
care centers, general practitioners (GPs), or even pharmacies
or self-care.

Currently, in an international context, there is no established
system of remote pretriage or urgency advice, which patients
can use before visiting an ED, although a number of solutions
have been proposed including telephone triage and
video-assisted triage through health care apps [11-13].

The symptom assessment class of home-use health care apps
(sometimes known as symptom checkers) [14] has the potential
to provide useful information for patients on disposition (ie, the
urgency of care-seeking and indicating the appropriate type of
health care provider to contact) and to increase the efficiency
of the medical workflow through hand over of information on
symptoms, history, and risk factors. Individual apps within this
class differ in their intended purpose; for example, some can
only be used for a narrow range of conditions, age groups, or
health care settings [15-20]. One of these symptom assessment
apps (SAAs) is Ada, an app designed to be used at home, in
which patients enter their risk factors and most troubling
symptoms. On the basis of this information, an adaptive question
flow is generated using a large medical knowledge database
and complex Bayesian networks. A report lists the denied and
affirmed symptoms, up to 5 suggestions on conditions including
their probability, and an overall urgency assessment to provide
the user with information about possible causes for their
symptoms and the next steps to consider.

Although vignette studies testing SAAs have been conducted
[21-24], not many studies have explored them in a prospective
ED setting, which is another area of interest for such apps

besides the at-home setting. Barriga et al [25] compared ED
physicians’ diagnoses with those from an app; however, they
excluded the patient from their analysis if the physician’s
diagnosis was not modeled in the app’s system. In addition, a
retrospective study explored triage and diagnostic accuracy of
5 SAAs for patients presenting in the ED with HIV or hepatitis
C [16]. A further study has examined triage acuity of a
web-based SAA in a prehospital setting, but without comparing
the data with a gold standard [26]. A recently published study
compared the National Health Systems 111 telephone triage
system with ED triage (for those patients attending the ED) and
showed a high proportion of mistriaged cases [27].

Objectives
The aim of this study is to prospectively evaluate the urgency
advice provided by an SAA (Ada) to examine its extensibility
to the ED waiting room triage.

In an observational approach, the safety of the app’s urgency
advice in a large German university hospital ED is assessed by
comparing the app’s urgency advice levels with the assignments
by a trained health care professional (HCP) using a validated
triage algorithm (Manchester Triage System [MTS]). An expert
physician panel evaluated all the cases of the app’s undertriaged
advice. We investigated the hypothesis that the urgency advice
provided by the app to patients in the ED waiting room would
be similar to triage by HCPs in terms of safety of advice.

Methods

Study Population, Setting, and Procedure
The study was conducted at the interdisciplinary ED of Marburg
University Hospital, which is attended by approximately 48,000
patients per year, with data collection performed between August
2019 and March 2020. The completed Strengthening the
Reporting of Observational Studies in Epidemiology checklist
is included in (Table S1 in Multimedia Appendix 1). Written
informed consent was obtained from all patients before entering
the study. Sample size calculation was performed by the
Coordinating Centre for Clinical Trials, Marburg.

Patients were triaged by a triage nurse, following the usual
workflow and using the MTS implemented through a
computerized decision support system. MTS maps the patient’s
presenting complaint to one of 52 flowchart diagrams. After
checking the key discriminators for each of these flowcharts,
the MTS groups patients into one of 5 urgency categories [28].
Each category has been assigned a maximum time in which the
patient has to be examined by a physician, ranging from red (0
minutes waiting time) to blue (120 minutes waiting time in the
German version of MTS). Patients grouped into the two highest
triage levels, red and orange (maximum of 10 minutes waiting
time), were excluded from the study because in this initial
observational study, we did not consider it safe and feasible for
these patients, who are not the current target population of the
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app, to complete enrollment and conduct a self-assessment in
their available waiting time.

All German-speaking walk-in patients aged ≥18 years attending
the ED and triaged yellow, green, or blue were eligible to be
included in the study. No department was excluded from the
study. All patients who met these criteria were enrolled during
the working hours of the assistant in charge of the study. Patients
who were already called for examination before being
approached or who had left the ED before being examined by
medical staff were excluded from the study. The recruitment
was performed by the study assistant in the waiting room after
ED staff triage. After consent was obtained, patients participated
in an assessment on a study iPad prepared with an adapted
version of the app (study ID was used instead of a name; report
was not shown to the patient after use as the study had an

observational design, and to be compatible with this, to prevent
information from the report from being passed on to the
attending physician and potentially influencing the physicians’
decision and patient outcomes). The study assistant did not offer
any content-related assistance, for example, explanations of
terms, but only helped with the technical operation. The
assessment report was accessible to study staff only.

The patients entered factors such as sex, age, and specific risk
factors (hypertension, diabetes, smoking, and pregnancy),
followed by their most troubling symptoms, which were the
reasons for their ED visit. The app then proceeded through an
adaptive question flow, asking the essential next questions to
lead to the optimal condition suggestions and urgency advice
(on an 8-level scale; Table 1). Then, the patients proceeded to
usual care without seeing the app output.

Table 1. App grading of urgency recommendations.

Recommended next stepsShort description of advice levelUrgency assessment
level

May require emergency care; if the patient considers this to be an emergency, calling an
ambulance is advised.

Call ambulance1

May require emergency care; if the patient considers this to be an emergency, they should
immediately visit an emergency department.

Emergency care2

May require urgent medical care; the patient is advised to see a primary care physician
within the next 4 hours.

Primary care within 4 hours3

May require prompt medical care; the patient is advised to see a primary care physician,
ideally on the same day.

Primary care within same day4

No urgent medical care is required; the patient is advised to see a primary care physician,
ideally in the next couple of days.

Primary care within 2-3 days5

No urgent medical care is required; the patient is advised to see a primary care physician
in a routine appointment.

Primary care within 2-3 weeks6

No medical consultation is needed; the patient can probably manage symptoms safely at
home, and possibly, it could be helpful to consult a pharmacist.

Self-care or pharmacy7

No medical consultation is needed; the patient can probably manage symptoms safely at
home.

Self-care8

Ethics Approval
This study was approved by the Philipps University Marburg
Ethics Committee for the Department of Medicine (133/18).

Study Design
This study had a single-center cross-sectional prospective
observational design to evaluate the safety of urgency advice
given by the app. To assess safety and identify all cases where
a less conservative advice level could have the potential to harm
the patient’s health, we used the approach reported by Meer et
al [9] via a physician panel who adjudicated on potential
avoidable hazardous situations (AHSs). An AHS is defined as
a health-damaging situation that is preventable through timely
medical intervention.

The MTS score given by the triage nurse in the ED was
compared with the advice level given by the SAA. This
comparison was conducted using a predefined mapping (Table
S2 in Multimedia Appendix 1), which has three categories: (1)
exact match of the recommendations, (2) higher triage
recommendation than MTS, and (3) lower urgency than MTS.

Patients whose advice level from the SAA was higher than or
matching with the MTS score were considered to have been
safely triaged. For other patients whose advice level was lower
than the MTS score, all case information was collected and
reviewed by a panel of physicians. The panel members had no
connection to the study center or study team and had a minimum
of 9 years of clinical experience and different specialties: a GP
and active emergency physician, a specialist in internal
medicine, and the chief physician of the ED at a large hospital.
The panel considered all the clinical information included in
the physicians’ reports and collected by the SAA. Each panel
physician individually checked all the cases, assessed the
urgency, and, from his point of view, selected the most
appropriate advice level without being made aware of the MTS
score or the app’s advice level. This was later compared with
the actual urgency advice provided by the app for an additional
blinded comparison.

Then, each panel physician saw the MTS score and the app’s
advice level to adjudicate whether the app’s advice would have
been health-damaging if the patient had used the app at home
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and followed the provided advice (categories: unlikely, rather
unlikely, rather likely, and likely health-damaging). The panel
members were asked to record a brief justification for each of
their decisions (Table S3 in Multimedia Appendix 1). In a
videoconference, the panel members discussed all the cases in
which at least one of them chose the categories likely or rather
likely health-damaging. A panel decision for these cases was
reached by majority voting (ie, potential to be an AHS).

Data Collection and Analysis
All data entered by the participants were stored electronically
and on paper and entered manually by a study staff member
into a database created and managed by the Coordinating Centre
for Clinical Trials in Marburg. Clinical data were obtained from
the hospital information system (Dedalus ORBIS).

To determine the correspondence of the urgency assessment of
the app and the triage nurse, Cohen κ coefficient [29,30],
including the weighted, prevalence, and bias-adjusted Cohen κ
coefficient [31], was calculated using R (version 3.6.1; R
Foundation for Statistical Computing). This is a classical
matching measure but designed for quadratic contingency tables.
Therefore, the app’s categories were combined into 3 categories
according to content (Table S2 in Multimedia Appendix 1) and
assigned to the 3 MTS categories, respectively. In this analysis,
the MTS triage was regarded as the reference standard. To assess
the advice’s safety, we estimated the probability that the urgency
assessment of the app was less conservative than the reference
standard. We calculated Fleiss κ to assess the interrater
agreement.

In addition, the chi-square test was performed to determine
whether the distribution of the assessments of urgency differs

between the ED medical departments [32]. Missing data were
described per analysis, and participants were not excluded for
missing data.

Results

Patient Selection
In this single-center cross-sectional prospective observational
study, patients were enrolled between August 2019 and March
2020. A total of 544 patients were estimated to be enrolled using
Cohen κ with a 2-sided 95% CI and a width of 0.1 units
(p0=0.80; Cohen κ=0.70). Owing to the COVID-19 pandemic,
the study had to be terminated prematurely before reaching the
calculated 554 patients. Early in the pandemic, additional staff,
including clinical study personnel, were not permitted to work
in the ED to prevent further endangerment of patients and
clinical staff.

During the study period, 1640 patients who met the eligibility
criteria used the facility. Owing to staff availability, only 24.21%
(397/1640) of them could be approached, and all of them agreed
to participate. Of the 397 patients, 4 (1%) were excluded because
informed consent was not complete and 8 (2%) were excluded
because of technical problems (report was not sent from the app
to the study email address). Therefore, 96.9% (385/397) of the
patients were included in the study, of whom 98.2% (378/385)
provided enough information to analyze the primary endpoint.
For the 1.8% (7/385) excluded patients, either the MTS or the
app’s triage level was missing. See Figure 1 for the flowchart
of patient recruitment and Table 2 for patient characteristics.
The raw data are available in Multimedia Appendix 2.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e32340 | p.220https://mhealth.jmir.org/2022/3/e32340
(page number not for citation purposes)

Cotte et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. Flowchart of patient recruitment. AHS: avoidable hazardous situation; MTS: Manchester Triage System.
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Table 2. Patient characteristics.

Value, n (%)Characteristic

Age (years; n=377)

93 (24.7)18-29

59 (15.6)30-39

58 (15.4)40-49

77 (20.4)50-59

55 (14.6)60-69

28 (7.4)70-79

6 (1.6)80-89

1 (0.3)90-99

Sex (n=377)

215 (57)Men

162 (43)Women

Location of presenting symptom (N=378)

6 (1.6)Infection or feeling generally unwell

9 (2.4)Pathological laboratory results

25 (6.6)Paresthesia

47 (12.4)Digestive

30 (7.9)Chest, heart, or lungs

40 (10.6)Face: eye, ear, nose, throat, or teeth problem

44 (11.6)Head

59 (15.6)Upper extremity

77 (20.4)Lower extremity

6 (1.6)Genitourinary problems

18 (4.8)Neck or back

5 (1.3)Skin

5 (1.3)Other

7 (1.9)Missing

Departments (N=378)

164 (43.4)Orthopedics and trauma

102 (26.9)Internal medicine

72 (19)Neurology

40 (10.6)Other

Patient Characteristics
The mean age of participants was 46 (SD 17.54; median 46)
years. In all, 43.4% (164/378) of the patients were aged ≥50
years and 57% (215/377) of the patients were men. The most
common presenting symptom was extremity pain (136/378,
35.9%) followed by gastrointestinal symptoms such as
abdominal pain, nausea, or change of bowel movement (47/378,
12.4%). Of the 378 participants, 44 (11.6%) participants
presented at the ED with headache or vertigo. Of all participants,
43.4% (164/378) were allocated to the orthopedics and trauma
department, 26.9% (102/378) to internal medicine department,
and 19% (72/378) to neurology department. Totally, 10.6%

(40/378) of included patients were examined at and treated by
other departments. When comparing the data from this study
with data from a study focusing on patient characteristics in an
ED of a German university hospital over the period of a year
in 2019, we could see that the mean age of their patient
population was 47 (SD 24; median 47, range 0-106) years, which
was similar to that reported in this study (mean 46, SD 17.54
years; range 18-94 years) [33]. This study reported fewer female
patients (162/377, 43%) than the previous study (48%). When
only considering the lower 3 MTS categories, the study reported
39.8% of patients classified as MTS 3, 41.4% of patients as
MTS 4, and 4% of patients as MTS 5. Although that study
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showed a higher proportion of patients in MTS 3 than that in
this study, the low proportion of patients in MTS 5 was similar.

Results of Ada and MTS
All patients were recruited from the ED waiting room, and the
app provided advice to 56.3% (213/378) of cases to seek
emergency treatment, as seen in Table 3. The app advised 39.4%
(149/378) of the patients to see a GP and 4.2% (16/378) of the
patients to make no physician appointment at all. The triage
nurse assigned 19.8% (75/378) of patients as urgent (MTS 3;
to be examined within 30 minutes), 75.9% (287/378) of the
patients as standard (MTS 4; up to 90 minutes waiting time),
and 4.2% (16/378) of patients as nonurgent (MTS 5; up to 120
minutes waiting time). To determine the safety of the app’s
urgency assessment, the 2 systems were compared in Tables 3
and 4. Totally 91% (344/378) of patients were triaged the same
or more conservatively when compared with the stand-alone
MTS assessment, whereas 8.9% (34/378) of the patients were

undertriaged. The chi-square test showed that the app’s urgency
assessments’distribution was equal in all examined departments
(Cohen d=4.97; P=.05). Cohen κ calculated based on the merged
comparison table showed low agreement between MTS and the
app’s advice level (Cohen κ=0.033, 95% CI –0.023 to 0.089;
weighted Cohen κ=0.035, 95% CI –0.630 to 0.700;
prevalence-adjusted and bias-adjusted Cohen κ=–0.002, 95%
CI –0.056 to 0.053; Table S4 in Multimedia Appendix 1).

Of 8.9% (34/378) of the undertriaged cases, 15% (5/34) were
considered to be accurately triaged by all 3 panel physicians.
The panel judged that for 26% (9/34) of the participants, the
app’s urgency assessment could have posed a particular risk to
the patient’s health when only considering the information the
patient presented with, but when considering the whole case
retrospectively, there was no risk. Of the 9 patients, 4 (44%)
were considered to have received accurate advice by at least
one physician.

Table 3. Overview of the urgency assessments by the two systems (rater 1: MTSa; rater 2: Ada; N=378) grouped in categories.

Total, n (%)MTS 5 (blue), n (%)MTS 4 (green), n (%)MTS 3 (yellow), n (%)

96 (25.4)5 (1.3)b68 (17.9)b23 (6.1)bCall ambulance

117 (30.9)4 (1.1)b91 (24.1)b22 (5.8)cEmergency care

32 (8.5)2 (0.5)b20 (5.3)b10 (2.6)cPrimary care within 4 hours

73 (19.3)3 (0.8)b60 (15.9)c10 (2.6)dPrimary care within same day

42 (11.1)2 (0.5)c34 (8.9)c6 (1.6)dPrimary care within 2 to 3 days

2 (0.5)0 (0)c0 (0)d2 (0.5)dPrimary care within 2 to 3 weeks

13 (3.4)0 (0)c11 (2.9)d2 (0.5)dSelf-care or pharmacy

3 (0.8)0 (0)c3 (0.8)d0 (0)dSelf-care

378 (100)16 (4.2)287 (75.9)75 (19.8)Total

aMTS: Manchester Triage System.
bOvertriage.
cMatch.
dUndertriage.

Table 4. Urgency assessment results (N=378).

Value, n (%)Description

128 (33.9)App’s urgency assessments that matched with MTSa

216 (57.1)App’s urgency assessments that were overtriaged in comparison with MTS

34 (8.9)App’s urgency assessments that were undertriaged in comparison with MTS

5 (1.3)App’s urgency assessments that were undertriaged in comparison with MTS but considered accurate by all panel physicians

9 (2.4)App’s urgency assessments that were retrospectively not considered as an AHSb

4 (1.1)Of the app’s urgency assessments that were retrospectively not considered as an AHS, the advices considered accurate by at least
one physician

20 (5.3)App’s urgency assessments that were considered as a potential AHS

358 (94.7)Advice considered safe (all patients who were not considered to be in a potential AHS)

aMTS: Manchester Triage System.
bAHS: avoidable hazardous situation.
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Describing Potential AHS
In 5.3% (20/378) of the cases, at least one physician considered
the app’s advice as potentially health-damaging if followed by
the patient after considering all the case information. Of the 20
patients, 5 (25%) patients were admitted as inpatients, 10 (50%)
patients were treated in the ED and subsequently discharged
for further outpatient treatment, and 5 (25%) patients were
discharged without treatment. The most common reason for
attending the ED for these patients were wounds that needed to
be stitched (5/20, 25%), followed by fractures (3/20, 15%), and
infections (3/20, 15%). The list of potential AHS characteristics
is presented in Table S5 in Multimedia Appendix 1. Fleiss κ,
interpanel physician reliability of agreement when evaluating
the likelihood of health risk, was Fleiss κ=0.0533 (95% CI
–0.2267 to 0.3333), indicating slight agreement, following the
interpretive guidelines reported by Fleiss et al [30].

Discussion

Principal Findings
Compared with usual hospital triage, 91% (344/378) of the
participants were triaged identically or more conservatively by
the app, and there was a total undertriage of 8.9% (34/378) of
the participants, of which 59% (20/34) were potential AHSs.
The app provided safe advice for 94.7% (358/378) of the patients
when compared with the stand-alone MTS assessment, which
served as the gold standard in this study. This includes identical
or more conservative advice (344/378, 91%) and cases defined
as safe by the physician panel (14/378, 3.7% no potential AHS).
Of the 378 participants, 164 (43.4%) were not considered as
emergency cases by the app.

Degree of App Undertriage
The app’s rate of undertriage and rate of leading to a potential
AHS are similar to those reported for telephone triage by HCPs.
Placing this in context with the literature on triage, Meer et al
[11] reported 4.6% (7/153) potential AHS triage (95% CI
1.85%-9.20%), Morreel et al [34] reported 17.01% (175/1029)
undertriage for computer-assisted telephone triage, and Rørtveit
et al [35] reported 10.8% (26/240) undertriage. In addition,
Graversen et al [36] reported 17.7% (75/423) undertriage and
specified 7.3% (31/423) clinically relevant undertriage. The
urgency advice safety of the app is similar to or better than that
reported in vignette studies of HCPs in a GP clinic setting, with
19.6% (69/352 vignette assessments) [37] and 17.1% (166/973
vignette assessments) undertriage for GP assistants [38]. In a
recent vignettes study, GPs were compared with 8 SAAs, leading
to a rate of undertriage of 13.74% (169/1230 vignette
assessments) for GPs, with 2.92% (36/1230) of advice
considered potentially unsafe [22]. This was compared with
SAAs, including the Ada app, which reported a rate of 15%
(30/200 vignette assessments) undertriage, with a 1.5% (3/200)
rate of potentially unsafe advice (range for all SAAs 2.2%-20%).

Of the few studies reporting app-based self-assessment triage,
a study reported 11.1% (14/126) undertriage [13] and another
reported 5.2% (8/154) [39]. The latter was performed in a
student health care center, exploring a different population with
likely different presenting problems.

Examination of all collected information in this study enabled
the identification of the reason for undertriage. Most commonly,
the relevant condition was not modeled by the app; for example,
25% (5/20) of potential AHSs were related to
non–life-threatening skin wounds, which must be examined and
treated. Adapting the app to provide these scenarios would be
a simple improvement. Potential AHSs also resulted from
limitations in gathering information on previous injuries, a
common reason for ED visits, as mild pain symptoms reported
for the pre-existing injury site were not accompanied with
descriptions of the injury itself, and therefore, received lower
triage than appropriate after an accident. This can be resolved
through an initial question about accidents. Multimorbidity also
led to triage inaccuracy, as patients intermixed old and new
symptoms and conditions.

Degree of App Overtriage
The number of the apps total overtriage compared with nurse
MTS triage was 57.1% (216/378), which compares with 42.1%
(101/240) for intuitive triage of patients in ED by GPs [27],
19.3% (188/973 contacts) of patients in GP clinic by triage
nurses studied through vignettes [38], 23.5% (101/430) for
computerized triage decision support assisted nurses [36], and
55.8% (86/154) of patients for a prototype self-assessment triage
system [39]. In the binary approach (call a physician or do not
call a physician) of Verzantvorrt et al [13], a rate of 11.1%
(14/126 home user) overtriage was reported, which is not
comparable with an 8-point classification used in this study, in
which the total overtriage includes even the most minor
overtriage. The patient populations in the studies listed above
partly differ from that in this study owing to a pretriage setting,
making a direct comparison moderately difficult.

The total overtriage in this study was relatively high, as the app
advises appropriately for the home setting. Although
acknowledging that very conservative advice is undesirable,
the approach of app manufacturers has been to reflect a
safety-first approach [22,24,40]. This approach can be seen in
a recently published comparison study of urgency assessments
of 15 SAAs with those of laypersons, stating that SAAs
classified a high number of low-urgency cases as emergencies
(43/174, 24.7% vignettes), whereas true emergencies were
detected in 80.6% (SD 17.9%) of cases [41]. The calculated
ratio of overtriage to undertriage errors for SAAs was 3.5:1,
showing the strong risk aversion of those apps with a number
of overtriaged vignettes of 34.2% (182/532) and a range of
accurate triage from 9% to 32%. This study falls in line with
the studies mentioned above, showing the difficulty of
web-based triage, and although a degree of overcautiousness is
appropriate for safety, a balance should be maintained.

Study Limitations and Strengths
A significant strength of this study is the variety of medical
specialties included, as this provides a good representation of
the average patient population in ED, in contrast to previous
ED triage studies [42,43]. In addition, in contrast to vignette
studies, the evaluation was directed prospectively, and patients
performed the assessment by entering their data independently
on their own. Moreover, unlike in previous studies [25], patients
were included in the analysis of this study irrespective of
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whether the app’s medical knowledge modeled their diagnosed
conditions.

To ensure that there was no delay in the treatment of patients
with life-threatening conditions, the 2 highest categories of MTS
were excluded. This also partially applies to patients who were
triaged as yellow by MTS, who were often called by a nurse or
student physician before recruitment, resulting in smaller
proportion of these patients in the study.

A recognized challenge in comparison with triage methodologies
is defining a reference standard [11]. Comparison of an
innovative system against an established system is the most
apparent validation approach; however, there are challenges.
The MTS was created for patients in need of emergency
treatment, who should all be examined by a physician within
the same day, within a maximum waiting time of 120 minutes
(German MTS) or 240 minutes (international MTS), even though
not all patients who are presenting can be considered as patients
with emergency [44,45]. However, the app was created for
at-home use and has a broad spectrum of urgency advice
gradations from call ambulance to self-care. Therefore, when
creating the matching table between the MTS and the app,
several app categories were equated with those of the MTS.
Therefore, analysis using the widely used Cohen κ statistic
could only be applied after merging the app’s urgency advice
categories, where a low agreement between the raters was
observed partly owing to the reasons listed above. For future
studies, another statistical approach to measure the agreement
between 2 raters (ie, triage approaches) should be developed.

In addition, the MTS, which was the system used as a gold
standard in this study, has been shown in previous studies to
have deficiencies affecting its overall safety and performance
[46,47]. Specifically, it has been shown that the MTS has a high
tendency to undertriage (range 11%-25%) and a low sensitivity
for patients with high urgency; these were data that led to
questioning the safety of the system. The rates for overtriage
in the systemic review ranged from 7.6% to 54%, indicating
potentially unnecessary resource use [46]. As only the
undertriaged cases were individually assessed by the physician
panel, all other results can only be considered as safe as the
MTS itself. This underlines the importance of a good assessment
and matching of urgency advice in future studies.

In the interpretation of these results, it should be considered
that some of the authors of this paper were also affiliated with
the company that developed the app.

In addition, the reported total overtriage is relatively high owing
to a limitation in the study methodology. This could be resolved
by having the appropriateness of all the app advices assessed
by a panel instead of assessing only the patients who were
undertriaged. Every patient in the ED, irrespective of whether
he or she required ED treatment, received an MTS level
requiring ED consultation. Studies have shown that the condition
of 32%-37% of patients in the ED waiting room cannot be
considered as urgent [37,38]. Therefore, we specified the
matching criteria in the study planning phase, such that only
MTS categories 1 to 3 were considered appropriate for patients
in the ED. This led to the limitation that all patients categorized
as MTS 4, who were advised by the app to see a GP within 4

hours or to go to the ED, were already considered as overtriaged
according to the analysis plan. This included 47.4% (179/378)
of patients, many of whom were likely appropriately triaged by
the app and only classified as not matching owing to a limitation
of the matching design in the analysis plan. However, it is
recognized that owing to study design, as per definition, all
patients who were classified as patients with emergency by the
app could not be undertriaged as the MTS categories 1 and 2
were excluded from the study for reasons of safety and
feasibility.

Implications for Clinicians and Policy Makers and
Future Research
It has been proposed that self-assessment triage apps could
reduce unnecessary ED visits [18]. Of those patients who were
assigned urgency advice in the lowest 3 MTS categories, only
slightly more than half were considered as patients with
emergency by the app, with 39.4% (149/378) of the patients
being referred to a GP and 4.2% (16/378) of the patients being
advised to not see a physician at all. This is a substantial number
of patients who, by their own assessment, considered themselves
as patients with emergency, but from what they stated in the
app, possibly would have been comfortable with outpatient care.
If these 43.4% (164/378) of patients could be redirected before
their visit to the ED, this could lead to a substantial decrease in
the number of patients in EDs.

The relatively high number of overtriaged cases in this study
was, to a large degree, a result of the limitations of the study
matching design, in which patients already waiting to seeing a
GP in the next 4 hours were counted as overtriage. However,
overtriage error of the app was detected in the context of this
study. Pretriage has high potential to reduce the burden on EDs
and to support the patient’s decision-making regarding where
and when to best seek medical care before they visit the ED. It
is important that developers of SAAs address the degree of
overtriage by systems, while still ensuring that their system
provides safe advice.

Further research in this area is needed to measure not only
appropriate and safe advice in the at-home setting but also the
willingness of patients to follow this. Studies should also address
in more detail the appropriateness of advice of SAAs for users
who require emergency treatment. We have identified several
usability optimizations and recommendations for additions and
optimizations of some ED-relevant presentations. These were
incorporated into Ada’s product development process after
reporting the study; for example, revising the advice level for
ED cases that showed a high rate of overtriage.

Conclusions
This observational study addressed an underresearched SAA
triage topic in the ED [18]. We showed that the app provides
urgency advice after patient self-triage that can be considered
safe in 94.7% (358/378) of assessments when compared with
the stand-alone MTS assessment, has a rate of undertriage and
a rate of triage with potential to be an AHS equivalent to those
of telephone triage by HCPs, and still, is a more conservative
approach than direct ED triage by HCPs. In all, 43.4% (164/378)
of patients who considered themselves as emergency cases were
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not considered so, indicating a possible relieve on EDs if the
app was used at home. Continuous app optimization, followed

by future research, should be conducted specifically in the
at-home setting to investigate this hypothesis.
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Abstract

Background: Concomitant psychological and cognitive impairments modulate nociceptive processing and contribute to chronic
low back pain (CLBP) maintenance, poorly correlated with radiological findings. Clinical practice guidelines recommend
self-management and multidisciplinary educational and exercise-based interventions. However, these recommendations are based
on self-reported measurements, which lack evidence of related electrophysiological changes. Furthermore, current mobile health
(mHealth) tools for self-management are of low quality and scarce evidence. Thus, it is necessary to increase knowledge on
mHealth and electrophysiological changes elicited by current evidence-based interventions.

Objective: The aim of this study is to investigate changes elicited by a self-managed educational and exercise-based 4-week
mHealth intervention (BackFit app) in electroencephalographic and electrocardiographic activity, pressure pain thresholds (PPTs),
pain, disability, and psychological and cognitive functioning in CLBP versus the same intervention in a face-to-face modality.

Methods: A 2-arm parallel nonrandomized clinical trial was conducted at the University of the Balearic Islands (Palma, Spain).
A total of 50 patients with nonspecific CLBP were assigned to a self-managed group (23/50, 46%; mean age 45.00, SD 9.13
years; 10/23, 43% men) or a face-to-face group (27/50, 54%; mean age 48.63, SD 7.54 years; 7/27, 26% men). The primary
outcomes were electroencephalographic activity (at rest and during a modified version of the Eriksen flanker task) and heart rate
variability (at rest), PPTs, and pressure pain intensity ratings. The secondary outcomes were pain, disability, psychological
functioning (mood, anxiety, kinesiophobia, pain catastrophizing, and fear-avoidance beliefs), and cognitive performance (percentage
of hits and reaction times).

Results: After the intervention, frequency analysis of electroencephalographic resting-state data showed increased beta-2 (16-23
Hz; 0.0020 vs 0.0024; P=.02) and beta-3 (23-30 Hz; 0.0013 vs 0.0018; P=.03) activity. In addition, source analyses revealed
higher power density of beta (16-30 Hz) at the anterior cingulate cortex and alpha (8-12 Hz) at the postcentral gyrus and lower
power density of delta (2-4 Hz) at the cuneus and precuneus. Both groups also improved depression (7.74 vs 5.15; P=.01),
kinesiophobia (22.91 vs 20.87; P=.002), activity avoidance (14.49 vs 12.86; P<.001), helplessness (6.38 vs 4.74; P=.02),
fear-avoidance beliefs (35 vs 29.11; P=.03), and avoidance of physical activity (12.07 vs 9.28; P=.01) scores, but there was an
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increase in the disability score (6.08 vs 7.5; P=.01). No significant differences between the groups or sessions were found in heart
rate variability resting-state data, electroencephalographic data from the Eriksen flanker task, PPTs, subjective ratings, or cognitive
performance.

Conclusions: Both intervention modalities increased mainly beta activity at rest and improved psychological functioning. Given
the limitations of our study, conclusions must be drawn carefully and further research will be needed. Nevertheless, to the best
of our knowledge, this is the first study reporting electroencephalographic changes in patients with CLBP after an mHealth
intervention.

Trial Registration: ClinicalTrials.gov NCT04576611; https://clinicaltrials.gov/ct2/show/NCT04576611

(JMIR Mhealth Uhealth 2022;10(3):e29171)   doi:10.2196/29171

KEYWORDS

low back pain; chronic pain; mobile apps; education; exercise; brain; cognition; depression; pain threshold; mHealth; mobile
phone

Introduction

Background
Low back pain (LBP) is a highly experienced symptom in the
general population and the main cause of disability in
industrialized countries [1]. Although its origin is usually
unknown and multicausal, numerous factors such as age,
sedentary lifestyle and excess weight, psychosocial factors [2],
and brain changes related to pain processing [3] favor its
maintenance. In addition, symptoms, pathology, and radiological
findings are poorly correlated [1], and, consequently,
approximately 90%-95% have a nonspecific origin [4].
Moreover, 24%-87% will be recurrent and 50%-70% will be
considered chronic LBP (CLBP; symptoms experienced for
>12 weeks) [1]. Therefore, effective treatments to prevent and
reduce public health expenditure in care and labor concepts [1]
and alleviate the symptoms of patients are needed.

Evidence-based clinical guidelines consider physical exercise
a key component among the nonpharmacological interventions
for patients with LBP, and education has traditionally been used
as an integral part of the multidisciplinary treatment, with its
importance highlighted in recent decades [5-8]. Specifically,
the combination of pain neurophysiology education and
therapeutic exercise has shown improvements in pain and
functioning in patients with nonspecific CLBP [5-7]. Education
must be adapted to individual needs to provide skills to
self-manage pain coping [9], include information on the origin
and nature of the impairment, and encourage patients to continue
with daily life activities [10]. It could be done in person or
through brochures, webpages, and mobile apps [11].
Accordingly, the so-called mobile health (mHealth) tools are
presented as a cost-effective option for continuously recording
type, quantity, and quality of patients’ daily activities using
discrete wireless sensors, providing rapid feedback to users and
clinicians, supporting telerehabilitation efforts, and decreasing
clinic visits [12]. Studies to date using mHealth apps have also
shown moderate-quality evidence of reductions in pain and
disability in patients with CLBP [13,14].

Regarding physical exercise, a systematic review showed that
stretching and strengthening exercises delivered with supervision
may improve pain and function, respectively, in patients with
CLBP [15]. However, stability exercises seem to be more

effective than general exercise and as effective as manual
therapy in reducing pain and improving functionality in patients
with LBP [16]. Motor control exercises further reduce pain and
improve mobility compared with general exercises [17].
Moreover, the performance of hip exercises by patients with
CLBP and lumbar instability is more effective than conventional
therapy at reducing LBP and levels of disability [18].
Consequently, it seems that trunk stability and resistance
exercises are known to be effective interventions to improve
the stabilization of the spine [19], but most studies are focused
on changes in pain and disability. However, other
exercise‐induced changes such as psychological factors (eg,
reduced fear, anxiety, and catastrophizing, as well as increased
pain self‐efficacy), exercise‐induced analgesia, and functional
and structural brain adaptations need to be explored [20].

Therefore, current interventions are inadequate because they
are often based on a biomedical model, sidelining the
well-documented impairments in central nociceptive processing
mechanisms [21]. Evidence of enhanced central sensitization
to external painful stimuli is reported in patients with CLBP,
manifested by increased subjective pain sensitivity and
pain-related structural, functional, and metabolic brain changes,
even at rest [22]. A recent review stated that chronic pain mostly
changes theta and beta oscillations, particularly in the frontal
brain areas [23]. These electrophysiological changes have been
recently used as markers for therapeutic efficacy, showing a
significant association between pain decrease and a peak
theta-alpha frequency increase [24]. Likewise, heart rate
variability (HRV) is also postulated as an index of how strongly
top-down appraisals, mediated by brain areas (eg, amygdala
and medial prefrontal cortex) shape brainstem activity that
regulate the heart, providing information about the capacity of
an organism to function effectively in a complex environment
[25]. A meta-analysis evidenced lower parasympathetic
activation in chronic pain, especially in fibromyalgia, compared
with healthy controls [26]. Moreover, some studies showed a
negative correlation between low-frequency beta rhythms (13-20
Hz), as an index of activity of the somatomotor cortex, and the
low-frequency component (0.04-0.15 Hz) of the HRV spectrum,
as an index of sympathetic activity [27].

Therefore, it is necessary to clarify the usefulness of these
physiological measures in patients with CLBP and the
relationship of these measures to concomitant psychological
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(eg, pain beliefs, catastrophizing, and depression) and cognitive
(eg, processing speed, memory, and executive function)
alterations that may contribute to the mechanisms of central
sensitization [28,29]. Some studies showed that structural brain
abnormalities and the cognitive impact of CLBP could be
reversed by effective treatments (eg, cognitive behavioral
therapy and multidisciplinary pain therapy) [30,31]. However,
a recent study revealed significant clinical improvements after
pain neuroscience education combined with cognition-targeted
motor control training in pain, disability, pressure pain
thresholds (PPTs), and physical and mental health without
substantial changes in brain gray matter morphologic features
[6]. Accordingly, a recent systematic review stated that the
effect of exercise therapy on pain and pain modulatory
substances (eg, serotonin, norepinephrine, and opioids) or their
effects on altering pain-related brain activity areas in patients
with musculoskeletal pain remains unclear [32].

Goal of This Study
The goal of this study is to investigate whether a self-managed
program based on education and exercise using a mobile app
(BackFit app), compared with the same program in a supervised
face-to-face modality, produces changes in brain activity, HRV,
and pain sensitivity (as primary outcomes) and in self-reported
measures of clinical pain, disability, and psychological and
cognitive functioning (as secondary outcomes) among patients
with nonspecific CLBP. We also explore the relationship
between electrophysiological changes in pain sensibility, clinical
pain, and disability data and psychological and cognitive
functioning.

Methods

Study Design
This 2-arm parallel design nonrandomized clinical trial was
submitted to ClinicalTrials.gov (NCT04576611). This study is
also reported according to the CONSORT-EHEALTH
(Consolidated Standards of Reporting Trials of Electronic and
Mobile Health Applications and Online Telehealth) statement
[33] (Multimedia Appendix 1).

Participants and Procedure

Recruitment
A total of 59 patients with nonspecific CLBP initially
participated in this study. First, participants were contacted
through email or telephone using a database from a previous
study [34]. In addition, information about the study was spread
by institutional emailing as well as social media, posters, and
leaflets at the University of the Balearic Islands and Sant Joan
de Déu Hospital (Palma, Balearic Islands). Potential participants
were informed about the aim and development of the study, and
if they agreed to participate, they were asked about possible

contraindications and exclusion criteria. If participants met the
inclusion criteria, they were interviewed at the Research Institute
of Health Sciences to collect preintervention data (see Outcomes
section). Before data collection, participants were given an
information sheet, and they signed the informed consent paper
form to indicate agreement to participate.

Inclusion and Exclusion Criteria
The inclusion criteria were as follows: participants aged 18-59
years with nonspecific CLBP lasting for >12 weeks, of which
they have experienced at least three episodes of LBP (lasting
for >1 week) [35] during the year before the study, and with
access to a smartphone with internet access. The exclusion
criteria [36] were as follows: high functional impairment
compromising activities such as walking, sitting, or getting up
from a chair; pain exacerbated by movement; presence of
irradiated pain (sciatic type) or referred pain (pain perceived at
a location remote from the site of origin) at lower extremities
comprising sensitive or motor alterations; history of spine
surgery or spinal or pelvic fracture; hospitalization for serious
trauma or injuries due to traffic accidents; history of
osteoarthritis in the lower extremities; and history of any
systemic diseases with involvement of the locomotor system.

Sample Size, Randomization, and Blinding
The sample size was calculated using GRANMO-IMIM [37].
Accepting an α risk of .05 and a β risk of .20, assuming an
estimated common SD of 2.5, and anticipating a dropout rate
of 10% in a 2-sided test, 28 participants were needed in each
group to recognize as statistically significant a minimum
difference of 2 units (in pain intensity measured using a
numerical rating scale as an indicator of the therapeutic outcome
[38]) between groups, assuming that 2 groups exist.

After compliance to the treatment sessions was checked through
the BackFit app, of the 59 participants, we excluded 6 (10%)
from the analysis for having undergone fewer than 7 sessions,
1 (2%) because intensity of use was <10 minutes per session in
more than one session, 1 (2%) because data were lost (server
error), and 1 (2%) for a nonreported previous traffic injury; the
remaining 50 (85%) participants were nonrandomly distributed
(ie, considering their preferences to promote treatment
adherence) into two groups of a 4-week educational and exercise
program (total of 8 sessions of approximately 50 minutes’
duration; Figure 1): (1) face-to-face group, supervised by a
trained professional (with a degree in physiotherapy and science
in physical activity and sport) in small groups (maximum of 4
participants) or individually (as an exception), or (2)
self-managed at home using the BackFit app (version 1.0.7 for
iOS and version 1.1.5 for Android). The researchers tasked with
analyzing data were not involved in the intervention protocol
administration, and they were also blinded to treatment
allocation.
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Figure 1. CONSORT (Consolidated Standards of Reporting Trials) flow diagram of the progress of enrollment, intervention allocation, and data
analysis.

Intervention

Protocol
All participants had to perform the same intervention protocol
twice a week for 4 consecutive weeks, completing up to 8
sessions. Each session consisted of the following: (1) viewing
a pain education video <4 minutes in duration [39] (which
included information about the neurophysiology of pain; the
relationship among pain, exercise, and emotions; causes; risk
factors; treatments for LBP [physical activity, cognitive
behavioral therapy, and self-massage]; health habits; and
self-management for chronic pain); (2) answering a question
about the video to ensure that participants have watched it; and
(3) performing an approximately 50-minute exercise session
based on the recommendations of the American College of
Sports Medicine [40], the European guidelines for the
management of nonspecific CLBP [41], and some previous
studies [42,43], which consisted of muscle strength exercises,
motor control, relaxation routines, flexibility, and self-massage,
guided by the supervisor or supported by a video showing the
exercises and a detailed written description of how to perform
them correctly (Figure 2). All participants also rated their actual
clinical pain using a slider (0-10) before and after each session
and their perceived exertion using a Borg Rating of Perceived

Exertion Scale (0-10) after each exercise. The researchers
provided a user account (email) and a password to all
participants and helped them to configure the BackFit app on
their own mobile device. All participants were informed in
advance about the weekday on which the session was scheduled
(and they were also reminded through notifications from the
app or WhatsApp messages delivered to their mobile phone).
If a participant could not perform the session on the assigned
day, it was rescheduled for another day, always keeping in mind
a rest period of 1-4 days between sessions. If participants were
in the face-to-face intervention group, they met with the
supervisor twice a week at the University of the Balearic Islands
(in a room equipped for physical exercise). If participants were
in the self-managed intervention group, they received the

material (a rubber massage ball [60 kg/cm2 in density and 6 cm

in diameter] and a foam roller (60 kg/cm2 in density, 90 cm in
length, and 10 cm in diameter]) for use when performing the
exercises at home. After the 4-week intervention, participants
returned the material and met with the researchers again to
enable collection of the outcome measures described in the
Sociodemographic and Clinical Data section (after the
intervention). The BackFit app had been previously tested
among the researchers and by a regulatory agency (the
Andalusian Agency for Healthcare Quality) [44], to
acknowledge its quality and safety.
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Figure 2. Screenshots from the BackFit app showing examples of the intervention protocol (ie, session, pain rating scale, educational video, and
exercise).

Sociodemographic and Clinical Data
Sociodemographic and clinical data (using a semistructured
interview, height and weight measuring scales, and a digital
tensiometer [OMRON M3; OMRON Healthcare]), as well as
clinical pain intensity ratings (using a digital slider integrated
into the BackFit app) were collected.

Outcomes
All outcome measures, whether primary or secondary, were
collected before and after the intervention.

Primary Outcomes

Electrophysiological Data Acquisition, Preprocessing, and
Analysis

Electroencephalographic signals were continuously recorded
for 5 minutes in the eyes-open resting state and during the
performance of a cognitive task in an acoustically attenuated
room using a QuickAmp amplifier (Brain Products GmbH) at
1000 Hz sampling rate from 29 silver or silver chloride scalp
electrodes placed according to the 10-20 System of Electrode
Placement. Active electrodes were recorded against an average
reference. A ground electrode was located at the AFz position.
An electro-oculogram channel was obtained by placing an
electrode above the left eye and another below the same eye.
An electrocardiogram (ECG) channel was also obtained by
placing an electrode at both wrists. Electrode impedances were
kept below 10 kΩ.

During electroencephalography (EEG) data preprocessing
performed with BrainVision Analyzer software (version 1.05;
Brain Products GmbH), signals were segmented in epochs of
1000 ms (for resting-state data) or in epochs of 600 ms (−100
to 500 ms, relative to the stimulus onset for cognitive task data)
and digitally filtered (high-pass filter at 0.10 Hz, low-pass filter
at 30 Hz, and notch filter at 50 Hz). We corrected eye movement
artifacts using the Gratton and Coles algorithm [45]. Next, an
artifact rejection protocol with the following criteria was
applied: maximal allowed voltage step per sampling point=100

mV, minimal allowed amplitude=−100 mV, maximal allowed
amplitude=100 mV, and maximal allowed absolute difference
in the epoch=100 mV.

Regarding EEG resting-state data, frequency power densities
at delta (2-4 Hz), theta (4-8 Hz), alpha (8-12 Hz), beta-1 (12-16
Hz), beta-2 (16-23 Hz), and beta-3 (23-30 Hz) were computed
by using the fast Fourier transformation obtained from each
artifact-free EEG epoch. A source localization of the frequency
bands was also performed by using low-resolution
electromagnetic tomography analysis [46]. Electrode coordinates
were based on an extended 10-20 system template and expressed
as Talairach space coordinates. Subsequently, current source
densities of all frequency bands during the resting state were
estimated. To reduce interparticipant variability, spectra values
were normalized at each voxel. Furthermore, a statistical
nonparametric mapping randomization test was used to correct
critical probability threshold values for multiple comparisons.
A total of 5000 permutations were used to determine the
significance of each randomization test. Subsequently, the
standardized low-resolution electromagnetic tomography
analysis images at each frequency band were generated by
comparing the current density after the intervention with that
before the intervention for all participants (paired sample
2-tailed t tests) and by comparing the current density in the
face-to-face group with that in the self-managed group for each
session separately (independent sample 2-tailed t tests). Voxels
with significant session or group differences (P<.05) were
located using the Montreal Neurological Institute and Hospital
coordinates and Brodmann areas (BAs).

Regarding the ECG data, resting-state raw signals were offline
filtered (bandpass filter 0.5-30 Hz) and hand corrected for
artifacts such as missed, erroneous, or ectopic beats by using
QRSTool software [47]. Next, interbeat interval values were
extracted and several HRV metrics of the time and frequency
domain were computed using Kubios HRV Standard software
(version 3.3.1) [48]. In the time domain, mean heart rate (HR),
SD of the normal-to-normal (R-R) intervals (SDNN), and the
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root mean square of the successive differences (RMSSD) were

calculated. In the frequency domain, the power in ms2 of the
very low frequency (VLF; 0-0.04 Hz), the low frequency (LF;
0.04-0.15 Hz), and the high frequency (HF; 0.15-0.4 Hz) were
calculated. All these metrics, except for the mean HR, were
transformed using a Napierian logarithm scale before the
statistical analyses.

Regarding EEG registration during the cognitive task data, a
nonparametric cluster-based permutation test (CBPT), which
allows for testing group differences in high-dimensional neural
data while it deals with the multiple-comparison problem [49],
was performed by using FieldTrip toolbox [50] running in
MATLAB R2018b. We used the data recorded by the 29 scalp
electrodes and a time window from 0 to 500 ms after the
congruent and incongruent stimulus presentations for CBPT.
For every sample (electrode×millisecond), the face-to-face and
self-managed groups were compared in each condition and
session by means of an independent sample t test (2-tailed). In
addition, pre- and postintervention data were compared
separately for each group and in each condition by means of a
dependent sample t test (2-tailed). Samples with t values higher
than the critical level (P<.05) were selected and clustered by
temporal and spatial adjacency. Next, t values within each
cluster were summed to calculate the cluster-level statistics.
These observed cluster-level statistics were evaluated through
a nonparametric permutation test. The permutations were created
by randomly assigning labels and running the test 1000 times,
retrieving the maximum cluster statistic every time. Only if the
observed cluster-level statistics from the real data were >95%
of the maximum cluster statistics in the permutation distribution
(Monte Carlo significance probability) were they considered
significant.

Pain Sensitivity

To assess PPTs, we used a digital algometer (FPIX 50; Wagner
Instruments) at an individual unilateral low back location (spinal
erector muscle, 2 cm from the spine at the most painful point)
and at the forefinger (control) 3 consecutive times in

counterbalanced order (maximum pressure of 5 kg/cm2).
Subjective pressure pain intensity ratings were measured using
a visual analog scale (0-10). The average of 3 measurements of
both variables was used for the statistical analysis. Algometry
was always conducted by the same researcher (OVR).

Secondary Outcomes

Self-reported Data

Handedness, physical disability, mood, anxiety, fear of
movement, pain catastrophizing, and fear-avoidance beliefs
were self-assessed on paper using the Spanish versions of the
Edinburgh Handedness Inventory [51], the Oswestry Disability
Index (ODI) [52], the Profile of Mood States (POMS) [53], the
State–Trait Anxiety Inventory [54], the Tampa Scale for
Kinesiophobia (TSK-11) [55], the Pain Catastrophizing Scale
(PCS) [56], and the Fear-Avoidance Beliefs Questionnaire
(FABQ) [57], respectively.

Cognitive Performance

A modified computerized version of the Eriksen flanker task
[58], frequently and successfully used as a measure of
interference control, was used. It included 288 trials, presented
in 6 blocks of 48 stimuli (ie, 5 arrows) with an intertrial interval
of 600-800 ms. Half of the trials were congruent (ie, the middle
arrow points in the same direction as the flankers) and the other
half were incongruent (ie, the middle arrow points in a direction
opposite to that of the flankers). At each trial, participants were
asked to indicate the direction of the middle arrow as quickly
and as accurately as possible by pressing the left or right button
on a 2-key device. We analyzed cognitive performance as
accuracy (percentage of hits) and reaction times (RTs; in ms).

Statistical Analysis

Effects of the Intervention
To investigate the effects of the intervention and the group
differences, 2-way analyses of variance with repeated measures
were performed using group (face-to-face group and
self-managed group) as the between-participant factor and
session (before and after the intervention) as the
within-participant factor in sociodemographic, clinical, and
self-reported data; in PPTs and pressure pain ratings in both
body locations (spinal erector muscle and forefinger); and in
each HRV metric in the time (HR, SDNN, and RMSSD) and
frequency domain (VLF, LF, and HF), with condition (congruent
and incongruent) as the within-participant factor in cognitive
performance (percentage of hits and RTs) and channels (29
electrodes) in each frequency band (delta, theta, alpha, beta-1,
beta-2, and beta-3). The chi-square test was used for testing the
groups’ gender distribution.

We also calculated pre–post differences in each group and ran
a bivariate Pearson correlation analysis only among the variables
that showed significant differences in the previous analysis.

All significant results are presented with the original df, the P

values, and the partial eta squared (ηp
2) parameters. Except for

the CBPT and source localization analysis, all statistical analyses
were performed using SPSS for Mac (version 25.0; IBM Corp).

Data Exclusion
In all, 10 and 13 outlier values (>3 times the IQR) were excluded
from the self-reported (ODI, POMS, PCS, and TSK-11) data
analysis and accuracy data analysis, respectively.

Ethics Approval
This study was conducted according to the Declaration of
Helsinki and approved by the research ethics committee of the
Balearic Islands (IB 3186/16 PI).

Results

Sociodemographic and Clinical Data
As shown in Table 1, both groups were comparable in terms of
gender, age, anthropometrics (BMI, waist-to-height ratio, and
waist-to-hip ratio), blood pressure (systolic and diastolic), pain
duration, handedness, and anxiety (state and trait). Both groups
were also comparable in all preintervention measures.
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Table 1. Sociodemographic, clinical, and self-reported data of participants (N=50).

P valueAfter the interventionBefore the interventionCharacteristics

Self-managed group
(n=23)

Face-to-face group
(n=27)

Self-managed group
(n=23)

Face-to-face group
(n=27)

.19bN/AN/Aa10 (43)7 (26)Sex (male), n (%)

.13cN/AN/A45.00 (9.13)48.63 (7.54)Age (years), mean (SD)

.62cN/AN/A0.41 (0.07)0.43 (0.09)BMI, mean (SD)

.43cN/AN/A0.53 (0.06)0.55 (0.08)WHtRd, mean (SD)

.60cN/AN/A1.14 (0.11)1.12 (0.12)WHRe, mean (SD)

.16cN/AN/A8.06 (8.74)11.81 (7.47)Pain duration (years), mean (SD)

.91cN/AN/A18.22 (3.83)18.05 (5.06)EHIf (10-50), mean (SD)

.12cN/AN/A115.30 (14.79)112.67 (12.58)Systolic BPg, mean (SD)

.92cN/AN/A76.16 (9.74)77.61 (8.62)Diastolic BP, mean (SD)

.933.83 (2.20)2.67 (2.36)3.57 (2.50)2.87 (2.27)Pain intensity (0-10), mean (SD)

.01i7.15 (5.66)7.85 (6.22)6.01 (3.92)6.15 (5.35)ODIh (0-100, %), mean (SD)

POMSj, mean (SD)

.068.00 (5.89)7.46 (3.67)8.83 (5.94)9.96 (7.47)Tension or anxiety (0-36)

.108.78 (5.29)7.96 (4.66)9.11 (7.32)11.46 (8.48)Anger or hostility (0-48)

.0916.33 (4.52)16.04 (4.75)14.28 (5.13)15.87 (4.66)Vigor or activity (0-32)

.128.94 (5.71)8.03 (5.91)10.15 (7.14)9.38 (7.93)Fatigue or inertia (0-28)

.01i5.17 (5.68)5.12 (5.95)6.22 (6.65)9.26 (11.10)Depression or dejection (0-60)

.235.06 (3.57)5.04 (4.39)5.00 (4.51)6.28 (5.18)Confusion or bewilderment (0-28)

STAIk, mean (SD)

.5314.96 (10.12)15.49 (8.07)13.75 (7.29)15.51 (8.76)State (0-30)

.84cN/AN/A20.15 (8.83)19.68 (8.02)Trait (0-30)

.002i21.32 (3.50)20.41 (3.45)22.68 (3.59)23.14 (3.61)TSK-11l (11-44), mean (SD)

<.001i13.05 (2.39)12.67 (2.21)13.89 (2.31)15.09 (2.27)Activity avoidance (7-28)

.218.26 (1.52)7.74 (1.68)8.79 (1.84)8.06 (1.69)Harm (4-16)

.1911.05 (6.74)12.29 (10.33)15.35 (8.53)12.21 (8.96)PCSm (0-52), mean (SD)

.984.05 (3.39)4.29 (3.69)4.57 (3.20)3.75 (3.77)Rumination (0-16)

.02i4.55 (3.10)4.92 (4.60)6.92 (4.14)5.83 (4.36)Helplessness (0-24)

.392.45 (1.64)3.08 (2.60)3.55 (2.33)2.62 (1.64)Magnification (0-18)

.03i26.25 (14.54)31.96 (19.72)35.25 (21.33)34.75 (24.08)FABQn (0-96), mean (SD)

.01i6.85 (4.44)11.71 (6.52)12.10 (6.36)12.04 (4.93)Avoidance of physical activity (0-24)

.1013.65 (9.25)13.96 (10.77)16.90 (11.72)15.79 (12.25)Avoidance of work (0-42)

aN/A: not applicable.
bChi-square test.
cBoth groups were comparable in terms of gender, age, anthropometrics (BMI, waist-to-height ratio, and waist-to-hip ratio), systolic and diastolic blood
pressure, pain duration, handedness, and anxiety trait.
dWHtR: waist-to-height ratio.
eWHR: waist-to-hip ratio.
fEHI: Edinburgh Handedness Inventory.
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gBP: blood pressure.
hODI: Oswestry Disability Index.
iBoth groups showed decreased depression, kinesiophobia (and activity avoidance), helplessness, and fear-avoidance beliefs (and avoidance of physical
activity), as well as increased disability after the intervention. No significant differences between the groups were found in any of these data.
jPOMS: Profile of Mood States.
kSTAI: State–Trait Anxiety Inventory.
lTSK-11: Tampa Scale for Kinesiophobia.
mPCS: Pain Catastrophizing Scale.
nFABQ: Fear-Avoidance Beliefs Questionnaire.

Primary Outcomes

EEG and ECG Resting-State Data
Regarding the frequency power density of the EEG resting-state
data analysis, no differences between the groups were found at
delta, theta, alpha, beta-1, beta-2, or beta-3 (results not shown).
We only found main effect of session at beta-2 (F1,47=5.178;

P=.02; ηp
2=0.099) and at beta-3 (F1,47=4.701; P=.03;

ηp
2=0.091), showing increased beta-2 (mean 0.0020, SD 0.0013

µV2/Hz vs mean 0.0024, SD 0.0017 µV2/Hz) and beta-3 (mean

0.0013, SD 0.0010 µV2/Hz vs mean 0.0018, SD 0.0019 µV2/Hz)
after the intervention in comparison with before the intervention.

Differences between before and after the intervention on
statistical maps of source analyses in all participants are
displayed in Table 2 and Figure 3. These analyses (paired sample
2-tailed t tests) revealed a significant lower current density of

delta activity after the intervention compared with before the
intervention in the occipital lobe areas at the cuneus (BA30 and
BA18) and the middle occipital gyrus (BA18), as well as in the
parietal lobe areas at the precuneus (BA7). Moreover, a
significant higher current density of alpha activity after the
intervention compared with before the intervention was found
at the postcentral gyrus (BA2, BA3, BA5, and BA7). Finally,
a significant higher current density of beta-2 and beta-3 activity
after the intervention compared with before the intervention
was found at the anterior cingulate cortex (ACC; BA32 and
BA24) and at the medial frontal gyrus (BA10, BA9, BA8, and
BA6). No significant differences between the groups before and
after the intervention (independent sample 2-tailed t tests) were
found.

Regarding ECG data, no differences between the groups or
sessions were found in HR, SDNN, or RMSSD. No differences
between the groups or sessions were found in VLF, LF, or HF
(Multimedia Appendix 1).
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Table 2. Summary of significant resultsa from whole-brain standardized low-resolution electromagnetic tomography analysis comparisons between
before the intervention and after the intervention for delta, alpha, beta-2, and beta-3 frequency bands in all participants.

ZcYcXcBAbLobe and region

Delta (after the intervention<before the intervention)

Occipital

5–70–530Cuneus

10–75018Cuneus

15–902518Middle occipital gyrus

Parietal

55–6007Precuneus

Alpha ( after the intervention > before the intervention )

Parietal

70–40–252Postcentral gyrus

70–40–203Postcentral gyrus

70–45–255Postcentral gyrus

65–6557Postcentral gyrus

Beta-2 (after the intervention > before the intervention)

Limbic

2035032Anterior cingulate

Frontal

1550–510Medial frontal gyrus

205059Medial frontal gyrus

Beta-3 (after the intervention > before the intervention)

Limbic

3520032Anterior cingulate

2530024Anterior cingulate

Frontal

502008Medial frontal gyrus

5015–56Medial frontal gyrus

aSignificant (P<.05) regions are indicated with the name of Brodmann area and Montreal Neurological Institute and Hospital coordinates of the higher
statistical 2-tailed threshold voxel.
bBA: Brodmann area.
cMontreal Neurological Institute and Hospital coordinates.
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Figure 3. Standardized low-resolution electromagnetic tomography analysis (sLORETA) results for 3 orthogonal brain slices (horizontal, sagittal, and
coronal) of delta, alpha, beta-2, and beta-3 frequency bands in all participants. Yellow-red voxels represent increased (P<.05) current density after the
session compared with before the session. Blue voxels represent decreased (P<.05) current density after the session compared with before the session.

EEG Flanker Task Data
The CBPT revealed no differences between the groups or
sessions in the EEG response to the congruent or incongruent
conditions (results not shown).

Pain Sensitivity
No significant differences between the groups or sessions were
found in PPTs either in pressure pain intensity ratings at the
spinal erector muscle or the forefinger (Multimedia Appendix
1).

Secondary Outcomes

Self-reported Data
Both groups showed decreased depression, kinesiophobia (and
activity avoidance), helplessness, and fear-avoidance beliefs
(and physical activity avoidance), as well as increased disability
after the intervention (Table 1). However, most of our
participants showed a minimal disability at baseline (48/50,
96% showed a score of 0-20 measured using the ODI) and did
not show a minimal clinical difference after the intervention
(45/50, 91% showed a score difference between before the
intervention and after the intervention of <10 points).

Cognitive Performance
The Eriksen flanker task involved a low level of difficulty (mean
overall hit rate 98.93%, SD 0.14%), and no significant main
effects in the percentage of hits among the groups, sessions,
conditions, or interaction effects were found (results not shown).
No significant main effects in RTs among the groups, sessions,
or interaction effects were found (results not shown). We only
found an expected significant main effect of condition

(F1,47=47.255; P<.001; ηp
2=0.501), showing slower RTs in the

incongruent trials than in the congruent trials (mean 495.28, SD
76.11 ms vs mean 481.08, SD 84.67 ms).

Correlational Data
We only computed a bivariate Pearson correlation analysis of
the pre–post differences in psychological outcomes (ODI, POMS
depression and dejection scale, TSK-11 total, TSK-11 activity
avoidance scale, PCS helplessness scale, FABQ total, and FABQ
avoidance of physical activity scale) and EEG resting-state data
(delta at the cuneus [BA30], alpha at the postcentral gyrus
[BA2], and beta-2 and beta-3 at the ACC [BA32]) in all
participants. After applying multiple comparison corrections,
no significant correlations were found among these variables.
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Discussion

Principal Findings
Both groups showed an increase in beta-2 and beta-3 in EEG
resting-state data after the intervention. Source localization data
analysis also showed a significant higher current density of
beta-2 and beta-3 mainly located at the ACC after the
intervention, as well as a higher current density of alpha mainly
located at the postcentral gyrus and a significant lower current
density of delta frequency located at the cuneus and precuneus.
Several studies demonstrate that alpha and beta oscillations are
related to feedback (top-down) brain signaling or contextual
(ie, cognitive, emotional, or motivational) processing of pain
[23]. Moreover, changes in brain activation and connectivity
during rest in patients with chronic pain are often circumscribed
to brain regions related to pain perception [22,59], which would
involve the brain regions showing changes in our study (ie,
postcentral gyrus and ACC). In this regard, beta band activity
in somatosensory areas is increased during motor planning or
during maintenance of steady posture, reflecting top-down
control of behavior [60]. In contrast, the amplitude of alpha
oscillations (before a phasic painful stimulation) over the
sensorimotor cortex is negatively correlated with pain perception
[23]. Furthermore, patients with chronic pain are characterized
by a general trend toward increased power at lower EEG
frequencies [61]. Indeed, delta oscillations seem to increase in
states of motivational urges triggered by biological rewards and
danger (eg, sustained pain) [62], and our intervention has
succeeded in reducing the current density of this frequency
band. Therefore, our study suggests that both intervention
modalities, based on education and exercise, were able to induce
neurophysiological changes, mainly in beta-2 and beta-3
frequency bands located at the ACC in patients with CLBP.
However, these results should be interpreted carefully because
the absence of a control group does not allow establishing a
cause-and-effect relationship because some confounding
variables (eg, regression to the mean) may be influencing these
postintervention effects.

Nevertheless, no significant differences between the groups or
sessions in HRV resting-state measures were found. Previous
research stated that self-reported pain and RMSSD were
inversely associated in healthy individuals but not in chronic
pain, concluding that this vagal tone measure is disturbed [63].
Another study conducted on patients with CLBP showed a
negative correlation between HRV and physical disability but
not with pain [64]. A previous study conducted on patients with
CLBP showed that a 3-month yoga intervention decreased
self-reported worst pain in the past 2 weeks, LF-HRV, and rate
of respiration and increased HF-HRV and PNN50 (indicating
parasympathetic activity; PNN50 is the proportion of NN50
divided by the total number of normal-to-normal [R-R] intervals,
and NN50 is the number of times successive heartbeat intervals
exceed 50 ms) compared with standard medical care [65]. Thus,
perhaps the duration of the intervention program or the intensity
of the exercises was not sufficient to elicit significant changes
in HRV resting-state data.

In addition, the self-managed intervention was as effective as
the face-to-face intervention in improving depression,
kinesiophobia (plus activity avoidance), helplessness, and
fear-avoidance beliefs (plus physical activity avoidance).
However, both modalities failed to reduce pain and disability
and increase PPTs. In this regard, a previous study found
improvements not only in health-related quality of life (mental
and physical well-being), kinesiophobia, and hypervigilance,
but also in pain sensitivity and disability in patients with CLBP
after a 12-week intervention combining pain neuroscience
education and cognition-targeted motor control training [6].
However, pain-reducing effect sizes were small to medium (ie,
an increase in PPTs of >15% and a decrease in pain scores
measured using a numerical rating scale) and failed to find brain
morphologic changes. In contrast, we found psychological
improvements accompanied by changes in EEG resting-state
data, but we failed to find enhancements in pain and disability
self-reported scores. Notably, our intervention was of shorter
duration and the baseline pain and disability scores of our
participants were clearly lower than those reported in previous
studies, hindering the possibility of finding significant changes
after the intervention and compromising the external validity
of our study. Similarly, a 4-week program with 8 sessions, using
a self-managed website (including cognitive behavioral therapy
as well as motivational and wellness activity advice), evidenced
clinically significant decreases in depression, anxiety, and stress,
as well as greater use of positive coping strategies but no
improvements in self-efficacy, self-reported pain, or physical
functioning versus the control group [66]. Thus, it is possible
that the duration of the intervention was not sufficient to elicit
self-reported changes in pain and disability scores. Nevertheless,
the presence of significant electrophysiological changes without
improvements in self-reported pain and disability scores
challenges the clinical relevance of our results. In addition, the
inconsistences found between our research and previously
reported studies highlight the need for further research in this
field.

Regarding the modality of the intervention, a recent
meta-analysis concluded that mHealth-based self-managed
programs revealed better immediate effects on pain and
disability than web-health–based programs, with better
immediate effects on pain but not on disability for programs
with durations of ≤8 weeks [13]. High-quality clinical practice
guidelines for the noninvasive management of CLBP
recommend pain education and physical exercise, considering
patient preferences, with a maximum frequency and duration
of 8 sessions over 12 weeks [67]. Updated evidence on
rehabilitation for chronic pain showed that all exercise
modalities seem to be effective compared with minimal, passive,
or conservative exercise modalities or no intervention; therefore,
there is no evidence indicating which duration, intensity, and
training parameters are the most effective [68]. Although we
tried to accommodate patient preferences by allowing them to
choose the intervention modality (face-to-face group vs
self-managed group with the BackFit app), the duration and
intensity of our intervention seem insufficient to produce
significant changes.
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Furthermore, no significant differences between the groups or
sessions in performance in terms of EEG activity during the
Eriksen flanker task were found. Regarding cognitive
performance, we found expected slower RTs in the incongruent
trials, which confirmed the validity of this task to measure
interference control, with greater cognitive resources needed to
process stimuli in the incongruent condition. As the mean overall
hit rate of this task was 98.93% (SD 0.14%), perhaps it was too
effortless and not sensitive enough to observe changes produced
by our educational and exercise-based intervention. Although
current evidence backs cognitive improvements after aerobic
exercise, we focused on a nonaerobic exercise–based
intervention (including muscle strength exercises, motor control,
relaxation, flexibility, and self-massage) to add novel evidence.
In this regard, a previous study showed that a single session of
aerobic exercise had no effect either on RTs or on brain
activation in the Eriksen flanker task, but an explorative analysis
revealed that RTs improved in both conditions after
high-intensity exercise [69]. There is robust evidence in the
literature of aerobic exercise being associated with structural
and functional neuroplastic changes, partly mediated by
epigenetic mechanisms, and improvements in cognitive
functions and well-being [70]. It seems that in physical or
metabolic training (eg, aerobic and strength), it is the intensity
of training that enhances neuroplasticity (eg, reducing
task-related activation of the superior and middle frontal cortex)
and consequently improves cognition in a more global manner.
Otherwise, in motor or neuromuscular training (eg, balance and
coordination), it is the motor complexity that produces
neuroplastic changes (eg, increasing activation in the inferior
frontal gyrus and the superior parietal cortex, as well as in
subcortical structures such as the thalamus and caudate body)
and specific cognition improvements (eg, improving perceptual
speed). Thus, according to current evidence, both intensity and
motor complexity are important parameters to consider in the
design of exercise interventions, which might have influenced
our results.

Limitations
Although the results are novel and interesting, there are several
limitations in the design of this study that should be considered.

The main limitation was not having a passive control group to
compare both interventions. As mentioned previously, clinical
practice guidelines recommend accommodating patient
preferences in the design of such interventions. Therefore, to
promote treatment adherence, participants were not randomly
distributed; as a result, a risk of selection bias must be assumed.
Because of the nature of the intervention, blinding of both
researchers and participants was practically unattainable;
however, this is also a bias that could compromise the internal
validity of the study. Because of the exclusion of the data of
15% (9/59) of the participants, the study did not reach the
planned sample size to achieve an adequate statistical power.
Finally, we did not control for the use of caffeine before data
collection and we did not restrict the use of medications, but
there were no differences between the groups (Multimedia
Appendix 2).

Conclusions
Both intervention modalities (face-to-face group and
self-managed group with the BackFit app) were equally effective
at increasing beta activity at rest and located at the ACC, as
well as at improving psychological functioning among patients
with nonspecific CLBP. However, these results should be
interpreted carefully because of the aforementioned limitations,
which could compromise both internal and external validity of
our study. The baseline pain and disability scores of our
participants were clearly lower than those reported in previous
studies; thus, they cannot be a representative sample of the
population being studied. These limitations notwithstanding, to
the best of our knowledge, this is the first study reporting brain
changes in patients with CLBP after an mHealth intervention.
Double-blinded randomized controlled studies with larger
sample sizes are needed to increase the evidence for the efficacy
of mHealth interventions in clinical practice for CLBP care.
Furthermore, there is still conflicting evidence regarding the
most adequate parameters for exercise prescription in chronic
pain management, which must be considered in the design of
novel exercise-based programs.
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Abstract

Background: The silent transmission of COVID-19 has led to an exponential growth of fatal infections. With over 4 million
deaths worldwide, the need to control and stem transmission has never been more critical. New COVID-19 vaccines offer hope.
However, administration timelines, long-term protection, and effectiveness against potential variants are still unknown. In this
context, contact tracing and digital contact tracing apps (CTAs) continue to offer a mechanism to help contain transmission, keep
people safe, and help kickstart economies. However, CTAs must address a wide range of often conflicting concerns, which make
their development/evolution complex. For example, the app must preserve citizens’ privacy while gleaning their close contacts
and as much epidemiological information as possible.

Objective: In this study, we derived a compare-and-contrast evaluative framework for CTAs that integrates and expands upon
existing works in this domain, with a particular focus on citizen adoption; we call this framework the Citizen-Focused

Compare-and-Contrast Evaluation Framework (C3EF) for CTAs.

Methods: The framework was derived using an iterative approach. First, we reviewed the literature on CTAs and mobile health
app evaluations, from which we derived a preliminary set of attributes and organizing pillars. These attributes and the probing
questions that we formulated were iteratively validated, augmented, and refined by applying the provisional framework against
a selection of CTAs. Each framework pillar was then subjected to internal cross-team scrutiny, where domain experts cross-checked
sufficiency, relevancy, specificity, and nonredundancy of the attributes, and their organization in pillars. The consolidated

framework was further validated on the selected CTAs to create a finalized version of C3EF for CTAs, which we offer in this
paper.

Results: The final framework presents seven pillars exploring issues related to CTA design, adoption, and use: (General)
Characteristics, Usability, Data Protection, Effectiveness, Transparency, Technical Performance, and Citizen Autonomy. The
pillars encompass attributes, subattributes, and a set of illustrative questions (with associated example answers) to support app
design, evaluation, and evolution. An online version of the framework has been made available to developers, health authorities,
and others interested in assessing CTAs.

Conclusions: Our CTA framework provides a holistic compare-and-contrast tool that supports the work of decision-makers in
the development and evolution of CTAs for citizens. This framework supports reflection on design decisions to better understand
and optimize the design compromises in play when evolving current CTAs for increased public adoption. We intend this framework
to serve as a foundation for other researchers to build on and extend as the technology matures and new CTAs become available.
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Introduction

The global coronavirus pandemic (COVID-19) calls for rapid
measures to monitor and control the spread of the virus. Contact
tracing is one of the measures adopted by health authorities.
This approach has already been used with a certain level of
success for other dangerous illnesses such as tuberculosis [1]
and Ebola [2]. As part of the contact tracing effort in the
COVID-19 pandemic, the deployment of mobile apps, and their
potential in collecting, storing, and sharing citizens’ contact
tracing data have been examined, with early studies showing
favorable results [3,4]. These studies have contributed to the
impetus for using digital contact tracing apps (CTAs), and many
CTAs have been developed for nations’ use to facilitate
community-based disease surveillance [5].

The application of CTAs in real-world settings has provoked
numerous discussions regarding their design [6-9], concerns
about the security and privacy of CTA data, and the barriers for
their widespread acceptance and adoption by citizens [10,11].
Reflecting these discussions, CTA evaluation frameworks have
emerged that specifically focus on different aspects such as the
assessment of contact tracing architectures [12], sociotechnical
issues [13], privacy [14,15], ethical and legal challenges [16],
feasibility and effectiveness [17], usability [18], and essential
attributes [19,20].

In the context of such fragmentation, a legitimate concern is for
a more comprehensive evaluation framework that would
encompass a variety of different aspects of CTAs, pertinent to
the adopting citizens, and which would enable decision-makers
(eg, developers, health authorities) to assess and possibly
improve their designs. This concern drives our research question:
how to devise and organize a framework to enable a more
comprehensive assessment of current CTAs, supporting the
work of decision-makers (eg, developers, health authorities) in
the development and evolution of CTAs, potentially increasing
adoption? In this paper, we address this question by proposing
a Citizen-Focused Compare-and-Contrast Evaluation Framework

for CTAs (C3EF), which we derived by holistically bringing
together existing works on the evaluation of CTAs and mobile

health (mHealth) apps, and iteratively grounding and
stress-testing our derivations with a number of current CTAs.

The framework proposed here is focused more on the apps
themselves than on the apps’ embedding in national health
systems (as another important perspective [21]). The framework
is organized to help in the assessment and improvement of
existing CTA solutions through a taxonomy of 7 pillars that
focus on clustered attributes: (General) Characteristics,
Usability, Data Protection, Effectiveness, Transparency,
Technical Performance, and Citizen Autonomy. This article

introduces the C3EF and presents its derivation over several
iterations. As we present the framework, we will illustrate the
framework’s application to a selection of existing CTAs,
showing how the framework can be used to assess and possibly
improve aspects of CTA design.

The next section presents an overview of how we developed
our framework. This is followed by an overview and discussion

of the C3EF framework itself. Our Discussion presents a
summary of our contributions, limitations of this study, and
future work.

Methods

Review and Framework Derivation
To accommodate the high-complexity and multidisciplinary
nature of CTAs evaluation for wide societal adoption, we used
an iterative approach combining a literature review and expert
opinions with an empirical application of the derived attributes,
and their associated questions, to the evaluation of actual CTAs.
Within this approach, the multidisciplinary nature of the
framework was specifically handled by a progressive
“segmentation,” where 10 domain experts within the research
team were allocated responsibility for individual parts of the
framework.

This methodology is portrayed in Figure 1, which shows the
three main phases over the period of 8 months, starting in June
2020. Phase 1 focused on initial derivation (for months 1 and
2), phase 2 focused on concretization and critique of the
prototype framework derived in phase 1 (months 3 and 4), and
phase 3 focused on final refinements (months 5 to 8).
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Figure 1. Phases and deliverables in the development of our Citizen-Focused Compare-and-Contrast Evaluation Framework (C3EF) for contact tracing
apps (CTAs). mHealth: mobile health.

Phase 1: Derivation

Literature Review
This phase was based on a “critical (literature) review” [22] of
relevant areas. Here, iterative refinement/evaluation is used to
focus in on more optimal search parameters, search databases,
the search string, and inclusion/exclusion criteria based on the
initial research question. Ultimately, to obtain a holistic
perspective, this resulted in us focusing on:

1. CTAs: these included peer-reviewed literature on existing
evaluation frameworks, grey publications discussing design
characteristics and functionality, and design guidelines/EU
regulations for development of effective/appropriate digital
CTAs.

2. Mobile apps: this included the most recent evaluation
frameworks for mobile apps, evaluation frameworks for
mHealth apps, accessibility principles for mobile apps,
universal design (UD) for the apps, and taxonomies of
usability.

To reflect this broad focus, the search sources employed were:

1. Electronic databases to search academic texts: Google
Scholar, Elsevier, ACM Digital Library, Sage, IEEE Xplore,
and Springer.

2. Searches of web-based grey literature (using Google).
3. Consulting the reference lists of the selected articles to

identify further relevant studies, following the systematic
“backward snowballing” protocol proposed by Wohlin et
al [23]. This allowed us to use the original sources to
recursively increase our existing set of articles. “Forward
snowballing” [23] was not used, based on the relatively
recent appearance of CTA-specific literature.

The search string derived from the critical review was
“evaluation frameworks” AND “digital contact tracing
applications” AND “COVID-19” OR “mobile applications”
OR “mHealth applications” OR “accessibility” OR “universal
design” OR “usability” OR “taxonomies” OR “Data protection”
OR “GDPR” OR “security threats.” Articles written in English
and published between 2010 and 2020 were reviewed. Articles
offering evaluation frameworks were selected as well as articles
discussing particular aspects, qualities, or characteristics of
CTAs/mHealth apps. Inclusion was assessed by reading the
abstract, and, in cases where the abstract was insufficient, by
reading their introduction and conclusion. All 10 researchers

from the team were involved in the search and selection of the
sources, with marginal papers being discussed for relevance in
dedicated group meetings.

With this search strategy, we identified 44 relevant sources (a
full list is available in Multimedia Appendix 1
[6,7,9,13-17,24-59]). Twenty-one of these were distinct
frameworks focusing on particular aspects of CTAs, 13 provided
regulations and guidelines for the design or evaluation of CTAs
or mHealth apps, and 10 others described important
characteristics for CTAs. From these sources, one of the
researchers extracted an initial set of 111 attributes, representing
a pool of attributes to be used for the derivation of the first
iteration of the framework. Again, these were reviewed in a
group meeting, where more marginal attributes were debated,
but all ultimately persisted.

We performed a cluster analysis of this initial attribute list,
which was aimed at identifying overlaps and affinities, and at
grouping them into thematic areas. That is, we focused on
constructing an “information architecture” of categories, but
not a “navigation structure” between categories, as described
by Righi et al [60]. We then juxtaposed our identified areas with
those explicitly provided in the papers directed at frameworks
and taxonomies for CTAs [13,14,17,24-31,58,59], and we ended
up identifying 6 evaluation areas, which we call pillars:
Usability, Data Protection, Effectiveness, Transparency,
Technical Performance, and the degree of Autonomy the app
provides to downloading citizens. To uniquely identify an app
and report on its nonevaluative characteristics, “General
Characteristics” was also added. Multimedia Appendix 1 offers
a full list of the included papers, a table of the extracted
attributes and categories from the selected papers, and how we
grouped them into our resulting 6 pillars. At this stage, the
project team was divided into domain expert subgroups, one
for each pillar, working on their specific development and
further refinement. Overall, these subgroups reflected a range
of competencies such as software engineering, human-computer
interaction, security, and data protection.

Usability
Usability refers to the ability of the CTAs to be easy to use and
understood. We prioritized concerns of usability as the project
centered around increasing adoption by citizens, and therefore
understanding its usability for target audiences was essential.
We derived the initial attributes after a review of CTA
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evaluation frameworks [14-17,58], and from the usability
frameworks for mobile apps/mHealth apps, accessibility, and
UD literature [27,29,31,44-50]. Other sources that informed our
deliberations were those discussing usability standards [61-63]
in general and EU design requirements [55]. Accessibility was
included as a high-level attribute under usability, and was mostly
derived from the EU directive Accessibility EN 301 549 [30],
from where we took initial requirements and checked them
against the Web Content Accessibility Guidelines [56] to
formulate probing questions attached to our identified attributes.
Frameworks for designing touchscreen interfaces for children
[52], evaluating apps for children [53], and General Data
Protection Regulations (GDPR) regulation for minors [54] were
also consulted. An early report of the work in this pillar is
available [64].

Data Protection
Data Protection was chosen to accommodate societal concerns
of privacy and security inspired by similar attributes in related
works [28]. Although it has been noted for its complexity [65],
we selected GDPR as our reference for the development of the
Data Protection pillar: the GDPR of the European Union [66]
is currently considered the foremost data protection legislation
worldwide for protecting the rights of the individual. We
retrieved the initial attributes and preliminary questions from
national legal interpretations [67,68] for data-focused concerns.
Since this approach excludes wider organizational attributes
(now found, for example, within our Transparency pillar) and
system-oriented goals such as information security, we
developed a novel risk-based approach to compare the system
security of CTAs, based on a review of the related literature in
mobile app GDPR evaluation [65,69-76].

Effectiveness
Effectiveness measures how successful an app is in terms of
the accuracy of its contact tracing, the COVID-restraining
impact of the app over a jurisdiction, and the app’s popularity
with citizens. Concerns include detecting and sharing close
contacts, providing relevant information to citizens, and
assessing their reactions to that information. This pillar was
informed by drawing and expanding on the definition of
effectiveness in CTAs, provided by Lueks et al [77], and by
considering Vokinger et al’s [58] framework, which also
explicitly tackles this concern.

Transparency
While transparency is officially a subset of GDPR, a separate
Transparency pillar was created in the framework to consider
wider aspects of transparency not specifically related to
functionality. For example, while the GDPR approach to
transparency considers specific data stores (such as locally
stored contact information), transparency concerns such as the
availability of a privacy policy or the open-sourcing of the
source code would not fit into that approach. In other words,
“transparency” in this context concerns how open the developing
organization is with respect to its internal processes and artifacts.
The initial attributes and their questions were formulated by
extending our interpretation of GDPR [66], and considering
already existing taxonomies [25,28].

Technical Performance
The Technical Performance pillar captures the efficiency of the
contact tracing. Particularly, the Technical Performance pillar
focuses on system resource utilization and execution speed, as
these aspects impact use. The relevance of this pillar can be
seen in how, for example, battery issues with the Exposure
Notification Service provided by Google [78] and incorporated
into the national Contact Tracker app in Ireland, caused battery
issues over only one weekend and caused a large fall-off in app
retention by the public [79]. The attributes for the Technical
Performance pillar can be divided into resource
utilization–related performance (eg, CPU/disk/memory usage)
and efficiency-related performance (eg, response time). Because
COVID-19 tracing apps are usually complex software systems
(with dedicated front-end and back-end subsystems), the
attributes can be applied to both subsystems respectively. The
initial attributes for this pillar were derived from the
“Performance Efficiency” category of ISO/IEC 25010, a
software engineering quality model. The model is a standard
for assessing characteristics of software systems and is widely
applicable in software engineering.

Citizen Autonomy
Citizen Autonomy focuses on the citizen’s ability to consent
and the voluntary nature of the app. Its inclusion was inspired
by the work of Gasser et al [16] studying a digital tool’s ethical
challenges. It was also based on the “User
control/self-determination” domain in Vokinger et al’s [58]
assessment framework for (COVID-19) CTAs and the
“autonomy” category in the checklist proposed by van Haasteren
et al [28]. In these works, the authors focused on users’
(existing) “data protection” concerns, which are mostly handled
by our Data Protection pillar, but we wanted to extend the scope
to specifically cover initial data access. Hence, this pillar focuses
on a series of specific attributes that assess citizens’ control
over the app’s access to phone functionalities such as the
camera, microphone, and GPS.

(General) Characteristics
“General Characteristics” refers to characteristics that are
nonevaluative, but serve to distinguish the app from others and
other versions of the app. Thus, the static information captured
by the Characteristics pillar acts as a necessary first step to
conducting the more in-depth compare-and-contrast evaluation
found in the other pillars. An initial set of distinguishing
characteristics was derived by examining three CTAs:
SwissCovid (Switzerland) [80], Apturi Covid (Latvia) [81], and
Immuni (Italy) [82], and related data retrieved from their
AppStore, Google Play, and app home websites. Next, we
analyzed the Google and Apple Exposure Notification (GAEN)
application programming interface (API)/framework [78] made
available for use on Apple and Android devices, and the
Decentralized Privacy Preserving Proximity Tracing (DP-3T)
protocol [83,84] that inspired Google’s API. We expanded our
list of attributes further through a review of contact tracing
protocols and frameworks listed on the Wikipedia COVID-19
Apps page [85]. Finally, we incorporated the literature review
of app/mHealth app evaluations (see the grey literature in
Multimedia Appendix 1 [32-39]).
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At the end of the work described above, our initial list of 111
attributes had grown to 139 organized under 7 pillars.

Phase 2: Concretization and Critique

Test of the Framework Against Five CTAs
In the second phase of development, our provisional framework
was tested against five CTAs that could be downloaded and
activated in Ireland: Health Service Executive (HSE) COVID
Tracker app (Ireland) [86], PathCheck SafePlaces
(Massachusetts Institute of Technology [MIT], United States)
[87], NOVID (United States) [88], Corona-Warn (Germany)
[89], and Aman (Jordan) [90].

The two core considerations were to assess if the attributes could
produce useful evaluation information on the CTA and how
that information could be feasibly obtained. In this phase,
feasibility concerns were sometimes overridden by the perceived
importance of the information provided when probing a specific
attribute. For example, the “number of people alerted-early to
their close contact status, who then go for testing,” seems like
one of the core “Effectiveness” measures for CTAs. However,
identifying this number involves a much wider
information-gathering and reporting effort than is normally
available from the app itself, and so could be quite difficult to
assess [21] (ie, members of the public would need to inform
authorities when they turn up for testing that they have done so
based on an alert issued to them by the app, and that would need
to be recorded on a national health system that ideally integrates
back with the CTA).

The selected five apps reflected a broad range of approaches,
as illustrated by their different lead bodies, and the different
data protection philosophies underpinning them. In terms of
“broad range,” the Republic of Ireland’s app has provided the
basis for apps in other jurisdictions, both in Europe and the
United States [79]. In terms of “lead bodies,” these apps come
predominantly from national health services, but PathCheck
SafePlaces is an MIT-led initiative [91] and NOVID is
crowd-sourced, originating from Carnegie Mellon University
[88]. In terms of data protection philosophies, two of these apps

originate in GDPR jurisdictions, but two originate from the
United States, and one originates from Jordan.

The process followed in this phase was that the domain experts
would apply their pillar to the five chosen apps to stress-test
the ability of the framework to identify criticalities and key
differences among apps. For each of the identified attributes,
they formulated appropriate questions, and assessed the answers
obtained to see if the attributes and the related questions had
evaluative merit. Attributes were added where necessary,
sometimes merged or reorganized. For example, in General
Characteristics, the version number was identified in this phase
as an important identifier, as CTAs, like other apps, tend to
receive regular updates. Likewise, in Effectiveness, the
effort/speed with which close contacts are alerted by CTAs was
also identified as important. In contrast, Usability made sure
that “accessibility” aspects were treated specifically and
separately from more general usability and interaction aspects,
which resulted in reorganizing some of the subattributes.

This concretization was sometimes complemented and
reinforced with further, targeted reviews of the literature where
deemed necessary.

Devil’s Advocates Sessions
As the pillars were developed independently, a series of
meetings across the expert subgroups were held to retain a wider
perspective. Specifically, the meetings were organized so that
domain experts, who were testing and refining a specific pillar,
presented and defended their work to the other team members
(see Table 1) who dissected the pillar and questioned its
attributes under the headings of:

• Relevance and Sufficiency, where the team was encouraged
to ask questions such as “why is this important?” and “what
else might be important?”;

• Specificity, where domain experts were encouraged to
hypothetically answer each of the associated questions in
the pillar and to (thus) probe it for any ambiguity; and

• Cross-checking with their own pillars to identify possible
overlaps in the framework.

Table 1. Distribution of team members as pillar owners and devil’s advocates in phase 2.

Devil’s advocate(s)Pillar owner(s)Pillar name

JBIO and SB(General) Characteristics

IO and JBCS, IR, and DTUsability and Accessibility

KRTWData Protection

DTAREffectiveness

KRMCTechnical Performance

MCKRTransparency

IRJBCitizen Autonomy

These meetings were in the form of “devil’s advocate” sessions
(7 in total), where 1 participant actively tried to
identify/exaggerate flaws in the current attributes. This is
because such an approach has been shown to increase the
“accuracy of group solutions” [92]. The activity highlighted a
number of changes mostly concerned with clarifying potential

overlaps or redundancies, clarifying terminology and questions,
and improving organization. At the end of the grounding and
critiquing exercises, we ended up with a total of 163 “grounded”
attributes and an initial formulation of 199 related questions.
Additionally, we identified some cases to be discussed by the
entire team during the third and final phase of our development.
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Phase 3: Refinement and Finalization
To support the refinement work of the entire team (especially
in consideration of the remote work environment demanded by
COVID-19), we created a cross-pillar analysis matrix
(Multimedia Appendix 2), which listed the ordered attributes
and subattributes for each of the 7 pillars, assigning a unique
identifier to each attribute (eg, the first General Characteristic
attribute was assigned the identifier C01) and a color code to
each pillar. To further support understanding of the attributes
and to clarify their evaluative merit, we decided to also add
sample answers (based on our grounding analysis of the five
apps). We discussed the difficult cases identified in the previous
phase and noted further (relevancy, sufficiency, specificity, and
redundancy) issues for each attribute over a total of 15
refinement sessions around this cross-pillar matrix. The
identified changes were progressively included in the
framework, and 9 of the 10 authors were involved. For instance,
the framework probes Citizen Autonomy in terms of whether
there is an official discussion forum for citizens using the app
and whether that forum can be used to prompt change (CA01,
CA02; see Multimedia Appendix 2). It was noted that these
overlap with attribute C16, a Characteristic attribute that probed
the form of technical support, and U73, a Usability attribute
probing the existence of interactive assistance for technical
support or any other mechanism to submit feedback on technical
issues, bugs, and errors detected. A reorganization was proposed,
deleting CA11 (redundant with CA01 and CA02); changing
C16 from “Does the app offer technical support?” into “What
form of technical support is available for the users, to include
synchronous and asynchronous support?”; and simplifying
CA02 by removing its reference to any other mechanism (to
obtain technical support), as this was covered by the new
phrasing of C16.

At the end of our 15 sessions, the refined pillars were applied
to the newest versions of two of the five apps employed in the
“grounding” phase (HSE’s COVID Tracker [86] and NOVID
[88]) to systematically double-check all attributes, questions,
and answers so that we could either confirm or implement final
edits. The main goal was to make sure the questions were clear
and understandable. A number of other apps were also assessed
less systematically to the same end.

At the end of this last test, our consolidated framework was
restructured to 161 attributes and 180 related questions (with

sample answers), which now had internal consistency and no
overlap. Graphical visualizations of the refined pillars and their
structures were also generated (Multimedia Appendix 3).

The consolidated framework (with 7 pillars and 161 attributes)
was presented for feedback to medical researchers and
practitioners from the wider “COVIGILANT” group, the (Irish)
Department of Health, and the (Irish) HSE’s “App Advisory
Group,” which included representative from Nearform, the
company charged with creating the Irish national CTA.
Likewise, informal discussions were held around the
Effectiveness pillar with the European Centre for Disease
Control (CDC), all serving to suggest a number of minor edits

and tweaks to create the final version of the C3EF for CTAs, as
presented here.

At this stage, we also created a web-based application [93] to
make our framework available in the form of an online survey.
This acts as a demonstrator of our framework, but it has been
devised to possibly assist relevant stakeholders of CTAs in
independently evaluating their work and/or to share any
feedback with us. This online tool offers visual overviews of
the framework and gives access to the entire framework. With

the depth and range of questions included in our C3EF, the
evaluation process may appear daunting and time-consuming.
Consequently, we decided to provide access to individual pillars
to enable breaking down the assessment, and allow stakeholders
to select and prioritize their own assessment focus.

Results

Overview of the C3EF Framework
In this description of our final framework, we define each pillar
and provide an overview of its specific attributes, subattributes,
and questions. We then offer a selection of sample questions
and answers to illustrate how we used the framework to evaluate,
compare, and contrast CTAs, and how this could be conductive
of possible improvements in the apps, as questions often probe
the desirable or best practice options. Table 2 offers a top-level
view of the 7 pillars and the high-level attributes. (General)
Characteristics is presented first, as it provides important
contextualization/identification information for the other six
pillars.
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Table 2. The 7 pillars with their first- and second-level attributes (only).

Second-level attributesFirst-level attributes

Characteristics Pillar

1. General characteristics

Name of app

Country

Current versions

Language support

Age of users

2. Availability

Internet connectivity: app (other)

Platform dependency

3. Organizational reputation

App status

Development

4. App content

Processing overview

Sensor employed

App running state

Contact tracing definition

App data

App permissions

Notification method

Diagnosis status

Usability Pillar

1. Subjective satisfaction

Rating

Motivations for high/low scores

2. Universality

Accessibility

Cultural universality

3. Design effectiveness

Completeness

Configurability

User interface

Helpfulness

4. User interaction

Efficiency

Robustness

Clarity of interaction with elements

Consistency of interaction with elements

Alerts and notifications messages

Frequency of upgrade5. Ongoing app evaluation
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Second-level attributesFirst-level attributes

Data Protection Pillar

1. Security

STRIDEa taxonomy/vulnerabilities

CTb-specific threats

Software architecture security

SDLCc and security

2. GDPRd

Preliminaries

GDPR principles

Rights

Effectiveness Pillar

1. Effective reporting

Detecting close contacts

Reporting positive close contacts

Reporting all close contacts

Reporting hotspots

2. Effective results

Users who share their data

Number of (additional) contacts/week found

Number of those contacts found positive

Relative effort per contact found versus manual CT

3. Effective engagement

Population uptake

Population retention

Population engagement

Transparency Pillar

1. App transparency

App purpose

App permission

App participation knowledge2. User participation

3. Data transparency

Minimization, gathering, storing, accessibility, etc

GDPR applicability

Life cycle

Technical Performance Pillar

Response time (frontend)1. Speed

Response time2. Efficiency

3. Consumption

Battery

Disk space

4. Resource/troubleshooting and trust

CPU/memory usage
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Second-level attributesFirst-level attributes

Bandwidth usage

Throughput (backend)

Citizen Autonomy Pillar

1. App discussion authority

Official discussion forums

Empowered moderators

2. Phone functionality

GPS access

Bluetooth

ENSe access

Notifications

Microphone

3. Data control

Data upload authority

Uploaded data location visibility

aSTRIDE: Spoofing, Tampering, Repudiation, Information Disclosure, Denial of Service, and Elevation of Privilege.
bCT: contact tracing.
cSDLC: Software Development Life Cycle.
dGDPR: General Data Protection Regulation.
eENS: Enhanced Network Selection.

Characteristics
Characteristics captures nonjudgmental criteria and factual
information that are important to identify and differentiate a
given app and its main functionalities. The App Characteristics
pillar is organized according to four headings: General
Characteristics, Availability, Organizational Reputation, and
App Content (Table 2). Under these headings, there are a total
of 25 specific questions that elaborate upon these app
characteristics, all of which can be answered by direct inspection
of the working app, through the information available on Google
Play and Apple Store, or through the developer website.

General Characteristics captures four high-level app attributes,
including the name of the app and the country. Availability looks
at connectivity and platform dependency. The first aspect of
availability questions whether an internet connection is needed
to use the app, as some apps appear to require an internet
connection even if they do not use the internet or location-based
information for their contact tracing (eg, the Jordanian app
AMAN [90]). The second questions are related to what
platforms (Android/iOS) are supported and the download size.

Organizational Reputation looks at the status of the app,
including whether the app is national and what official
documentation is available. It also considers the organization
that developed the app and whether any third-party or partners
are involved in its development. This attribute examines the
history of development, through an examination of the
developers’ prior experience of developing data-sensitive apps,
along with evidence of updates, enhancements, and maintenance
of the actual product. Even if we are aware that questions

concerning organizational reputation (such as history) may
disadvantage apps from new startups, we believe that this
attribute captures an aspect that contributes to the confidence
users will have in app adoption. Finally, the ability for users to
ask questions and seek technical support is also probed.

App Content refers to what the app includes in terms of
functionality and management of information. Definitions of
contact tracing are queried, and information is given as to when
and how contact tracing notifications are managed, since this
may vary from country to country, or even from app to app.
This is where key distinctions can be made between apps that
use a different approach to contact tracing and notification. For
instance, the HSE’s app [86] states that the close-contact
notifications will be activated when there is “direct exposure”
to a positive case, where “direct exposure” refers to “within two
meters for 15 minutes or more.” In contrast, NOVID [88]
notifies users when other NOVID users close in their social
network are positive cases. The former, a more common
approach, supports health authorities in warning citizens that
they have been in contact with a positive case, while the latter
notifies when the infection is close and aims at warning the
citizens ahead of being in contact with the virus. NOVID
classifies physical proximity as “near” or “far,” with 6 feet (2
meters) or under being “near” and 12 feet (4 meters) or over
being “far.” Definitions of physical proximity in both systems
(the HSE’s app and NOVID) are based on parameters for
proximity classification that can change in updated versions of
the apps, depending on variants and infection events. However,
at their core, these apps offer a different benefit to users. NOVID
(which is not a national app and thus might be difficult to reach
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the required critical mass of citizens adopting the system to help
it perform at its best) seems to have an obvious advantage from
the perspective of citizens’ adoption. However, it would raise
some issues under our Data Protection pillar because, even
though this approach captures no personalized citizens’ data
and so users can be entirely anonymous, the social network data
would need to be centrally collected and aggregated, providing
indirect, yet not impossible, opportunities to deanonymize the
information. We note that while such widely differing
approaches make the application of any framework difficult,
this attribute highlights the divergence at an elevated level, and
many of the attributes proved resilient to this (NOVID’s)
different paradigm [94], though not all.

Usability
Five high-level attributes have been identified under Usability:
Subjective Satisfaction, Universality, Design Effectiveness, User
Interaction, and Ongoing App Evaluation (Table 2). Together,
they offer the opportunity to ask 86 specific questions about
usability aspects of CTAs.

Subjective Satisfaction looks at the perceived level of comfort
experienced in using the app. As user retention is important in
CTAs, this attribute captures how citizens rate their experience
in using the app. It includes a rating attribute (1 to 5), and two
attributes looking at motivations for high or low scores. To
inform our answers to these questions, we typically look at the
rating and reviews available on Google Play and Apple Store,
although satisfaction could be better captured with longitudinal
surveys.

Universality addresses population penetration, which is also
key in the successful implementation of a CTA strategy.
Specifically, universality aims to capture the ability of the app
to be used by a variety of different users: users with potential
impairments (physical or mental), but also users with different
cultures/levels of education or of different ages. The first is
captured by the subattribute Accessibility, and the latter is
captured by Cultural Universality. Accessibility refers to the
quality of being “easy to reach and use,” and it mostly refers to
users who might have a form of disability, impairment, or
limitation (either mental or physical). We covered three aspects
related to Accessibility: Functional Performance, User Interface
Elements, and Accessible Interactions. The first two look at the
interface and how its elements adhere to general accessibility
guidelines and EU regulations [6,29,30,45,46,56]. Questions
can be used as a checklist to make sure the app meets basic
accessibility requirements. Accessible Interaction, the last
subattribute under Accessibility, covers aspects such as
onboarding (ie, features helping new users understand what the
app does and learning how to use it) and the design of interactive
elements to support low physical effort (eg, completing a task
without scrolling, one-hand use, radio buttons). Cultural
Universality helps to assess the extent to which the system can
be used by different users regardless of their cultural background
and beliefs. We developed attributes and questions to cover
aspects such as (1) availability of different languages; (2)
meanings that are evoked by the name of the app; (3)
information on the age groups that the app targets, usually
described in the “Terms and Conditions” (see Figure 2, Example

1); and (4) design elements such as logos, colors, national flags,
and symbols for expressing cultural conventions.

Design Effectiveness covers several aspects concerning the
capacity of the system, user interface, and interaction design to
provide citizens with the necessary functionalities, options,
commands, and supports. This attribute includes four dimensions
that are found to be key in conveying the correct utilization of
the system and its adaptation to different contexts of use and
user preferences: Completeness, Configurability, User Interface,
and Helpfulness. Completeness was formulated to identify both
essential and optional functionalities offered by the app and
those features that are not included in the app, but that users
(eg, as voiced on online reviews) would like to have.
Identification of core and optional functionalities help to identify
user tasks that can be carried out by the user in interacting with
the CTA interface, and this forms the basis for task-specific
questions in our framework, which will come later. The
identification of optional and emerging new functionalities is
important as CTAs continue to evolve and offer new uses
beyond contact tracing (eg, check-in, digital vaccination
certificates, travel passes), and our question about optional
functionalities allows our framework to incorporate them in the
assessment. However, there is a tradeoff is in play here, which
our framework can help to capture: offering a number of
different functionalities could potentially increase the
attractiveness of a CTA, thus resulting in higher adoption and
satisfaction, while accommodating more functionalities within
the same app might compromise usability (in our case resulting
in potential issues identified under our accessibility, design
effectiveness, and user interaction attributes). The next attribute
(Configurability) looks at a variety of aspects concerning the
capacity of the system to be personalized in terms of the
technology in use (eg, allowing independent activation or
deactivation of GPS, Bluetooth, and other technologies) or its
design (eg, allowing personalization of visual, acoustic, and
haptic feedback). User Interface deals with the assessment of
the design elements used in the user interface with its Aesthetic
and Attractiveness (concerned with the look and feel, color
palette, and name of the app), Responsiveness (concerned with
the ability to adapt to different phone models, screen sizes, and
operating systems), and Clarity and Consistency of the design
elements. These two last attributes offer element-specific
subattributes, in that they refer to and evaluate specific elements
of the interface and not the app as a whole. An element can vary
from a button to a menu, a slider, or a table (see [95] for a full
list and glossary of user interface elements).

Our questions explore the apps’ perceptual and conceptual
clarity, looking at their visibility, understandability (Figure 2,
Example 2), and consistency (again both in terms of how they
look and that their meaning is consistent throughout the app).
In this sense, we intend for the framework to help to find
potential flaws, hindering satisfaction, use, and adoption.
However, both Clarity and Consistency also apply to structures
of elements (eg, a button-bar containing buttons) in terms of
how elements are logically grouped and whether these
logic-based groupings are consistent. The last subattribute of
Design Effectiveness is Helpfulness, looking at the suitability
of documentation available to use and understand the app, and
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whether interactive assistance is available. Subattributes look
at the availability of supportive information such as definitions
of the terms used (eg, what counts as a contact), descriptions
(see Figure 2, Example 3), examples (eg, tutorial, walk-through
or explanatory videos showing how to use the app), and the
availability of interactive assistance for troubleshooting (eg,
chatbots).

User Interaction helps to assess the user’s interaction with the
app interface in the execution of specific tasks, which are
identified under the above-mentioned Completeness attribute.
Similar to Design Effectiveness, User Interaction is important
to ensure correct use of the CTA and lessening user frustration;
however, in contrast to design effectiveness that considers what
the interface statically offers, looks, and conveys (eg, affords),
user interaction considers how the interface behaves when users
interact with it (eg, feedback). It includes five subattributes:
Efficiency, Robustness, Clarity of Interaction with Elements,
Consistency of Interaction with Elements, and Alerts and
Notification Messages. Most of the selected subattributes and
their related questions are task-specific: similar to
element-specific attributes, task-specific attributes and questions
are specific to users carrying out one specific task from
beginning to end (eg, activating/deactivating the contact tracing
functionality). Therefore, to answer task-specific questions, app
inspection is needed. Efficiency explores the capacity of the
system to produce appropriate results in return for the resources
that are invested. Here, we considered three elements: Human
Effort, as the number of steps that are needed to carry out a core
task; Time, which is the time needed to perform that task; and
the Tied-up Resources, representing the potential need for
external resources (eg, power or internet) to perform the task.
Robustness deals with the capacity of the system to adapt to
different user preferences and contexts of use but also its ability
to deal with user errors. With our attributes, we look at:
landscape/portrait mode, multitasking when using technologies
such as Bluetooth or GPS for more than one app/task (eg, while
using Bluetooth earphones), and the availability of multiple
ways to achieve task execution (eg, shortcuts). Adaptability
looks at supporting task execution in different environments
(eg, in the dark), while Errors looks at error messages available
in the app as a result of inappropriate interaction and the

availability of error recovery options (eg, undo, redo) or the
reversibility of user actions. Clarity of Interaction with Elements
is concerned with the clarity of what can be done with the
elements available in the app interface (namely their
affordances) and what happens when users interact with these
elements (eg, with respect to clarity/confusion of app feedback).
Consistency of Interaction with Elements is next, which looks
at potential consistencies of Actions across the elements, the
Inconsistency of Feedback, and the use of Design Constraints
(if any) to prevent human errors/guide users toward correct use
(Figure 2, Example 4). In our analysis, we realized the
importance of feedback on the contact tracing functionalities,
as we noted a number of apps, especially in their early versions,
that failed to offer clear feedback to the users after the contact
tracing functionality was enabled. In most cases, users had to
exit the app to enable, for instance, Bluetooth, and this can
create confusion for the user. In some of these cases (Figure 3,
Example 5), the button enabling contact tracing did not allow
reversing the action (eg, click again to disable contact tracing)
that could only be reversed by disabling Bluetooth from phone
settings (not from within the app), which is also problematic in
terms of users felling in control of the app.

Alerts and Notification Messages is the last subattribute of the
User Interaction attribute, which refers to the alert messages
and notifications used in the app. We included attributes and
questions to assess various types of Alert Messages used in the
app and to assess the availability of Notification Controls,
particularly for built-in notification settings in the app and for
Notification Messages that alert users who have been in close
contact with someone that reported a positive COVID-19 test.
This part closes with a question concerning the ability of the
user to access and perhaps even manipulate or visualize the
generated contact tracing data (eg, number of contacts in a day,
week, etc).

Ongoing App Evaluation refers to the app’s maintenance and
upgrading, as these are important to maintain retention while
also targeting new emerging needs. It includes only one
subattribute looking at the Frequency of Upgrade: this can be
found in Google Play and App Store, where the app can be
downloaded and installed.
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Figure 2. Example 1, PathCheck SafePlaces (United States) [87]: age in "Terms of Use." Example 2, Corona-Warn (Germany) [89]: understandability
of interface elements. Example 3, NOVID app (United States) [88]: descriptions offered. Example 4, COVID Tracker app (Ireland) [86]: constraints
for preventing errors.
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Figure 3. Example 5, COVID Tracker app (Ireland) [86]: inconsistency of feedback when clicking on the button “Enable”.

Data Protection
The Data Protection pillar consists of two subcategories:
Security and GDPR. The GDPR category focuses upon the
rights of the individual citizens, while the security category
takes a more data-centric view (Table 2).

Security consists of 4 criteria, which center around contract
tracing–specific security threats and vulnerabilities. They are
scoped to ensure that CTAs are compared fairly, such that
security vulnerabilities related to software or system components
that cannot be changed by the CTA development are not
considered; for example, those related to the system security of
third-party providers (third-party vendors are noted in “General
Characteristics,” under “development partners,” so that an
indirect warning flag is retained). These attributes incorporate
a novel approach to CTA evaluation that was developed to
ensure a lightweight comparison using the potentially incomplete
data available for each app: analyzing vulnerabilities of distinct
app functionalities against a common threat assessment model
[96]. Attributes under Security (namely, STRIDE [Spoofing,
Tampering, Repudiation, Information Disclosure, Denial of
Service, and Elevation of Privilege] taxonomy/vulnerabilities,
contact tracing–specific threats, software architecture security,
and Software Development Life Cycle [SDLC] and Security)
are designed to indicate whether these vulnerabilities are bugs
in the code, which can be fixed or would require a redesign of
the architecture to address. For example, when we used this
approach to compare the security of two CTAs (Corona-Warn
[89] and MyTrace [97]), we first used automated tools to identify
Common Weakness Enumerators (CWEs; a categorized
“encyclopedia” of over 600 types of software weaknesses), and
then we manually confirmed them using in-house security
expertise. We compared the identified enumerators for both
apps (Table 3) and then against the predefined common threat
assessment model (Table 4), providing an answer to our Security

questions. Our analysis showed that while both apps may suffer
from similar concerns related to information disclosure and
deanonymization, the CWEs that enable these are different,
with our questions under SDLC and Security allowing us to
capture if the identified vulnerabilities can easily be
patched/fixed or would be more difficult to correct.

GDPR considerations are important because they speak to the
essential user concern of data privacy. The GDPR attribute has
three subattributes, including Preliminaries, GDPR Principles,
and Rights. Preliminaries involves information required for
evaluation of the individual data stored later: Data Stored, Data
Type, and Basis for Processing. It also includes Withdrawal
and whether the organization declared consent and has a legal
requirement as their basis for processing the data. For instance,
applying question DP06 (Data Stored): “What personal data are
collected?” to the COVID Tracker App [86] will generate the
following list: phone number, date of last exposure, sex, age
range, county, town, symptoms, diagnosis keys, date of symptom
onset, app metrics, IP address, and app security tokens. GDPR
Principles refer to the key principles of GDPR (such as
Minimization, Fairness, and Storage Limitation), which are not

under scrutiny in other dimensions of our C3EF framework. It
consists of 5 attributes that are evaluated across the stored data
retrieved from the question on Data Stored. Most of these criteria
require details from the data controller, and must rely on those
details being truthful and accurate. Our final attribute under
GDPR is Rights, which refer to the rights of the individual that
must be upheld if they are the subject to data processing by an
organization. Therefore, they refer to the availability of
organizational procedures to ensure these rights. We have 5
attributes under GDPR Rights: Access; Object to Reuse;
Portability; Automated Processing Rejection; and Rectified,
Restricted, or Erased (data). This is where a key distinction can
be captured between CTAs that notify direct exposure to positive
cases and the NOVID approach, which we discussed under
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Characteristics above. The way data are aggregated in NOVID
creates a conflict with an individual’s right under the GDPR,
as exercising a right that results in removal or change of these
data (eg, the right to withdraw) will affect the wider data set.
Additionally, such a data model would create conflicts with
core GDPR principles such as data minimization, and avoidance

of user may result in reidentification, through the combination
of multiple data sources. Similarly, the AMAN app [90], which
is not based in an EU state and, as such, is only required to
adhere to the GDPR if it is used by EU citizens, had a distinct
lack of documentation to support GDPR rights, as is to be
expected.

Table 3. Comparison of Common Weakness Enumerators (CWEs) in the Corona-Warn [89] and MyTrace [97] apps.

MyTraceCorona-WarnCWE

Local SQL injection possible and data not en-
crypted

Local SQL injection possible but data encrypted89: A (SQLa) Command

Permissions for tasks, Bluetooth administration,
and external storage

N/Ab276: Incorrect Default Permissions

N/AVulnerable to SSLc MITMd attack295: Improper Certificate Validation

Excessive information loggedSensitive information is encrypted532: Insertion of Sensitive Information into Log
File

N/AWeak hash function in SSL327: Use of a Broken or Risky Cryptographic
Algorithm

aSQL: Structured Query Language.
bN/A: not applicable.
cSSL: Secure Socket Layer.
dMITM: man in the middle.

Table 4. Comparison of threats to Corona-Warn [89] and MyTrace [97] using the Common Weakness Enumerators (CWEs) listed in Table 3 (with a
severity rating: H=high, M=medium, and L=low) against the common threat assessment model.

MyTrace Matched CWEsCorona-Warn Matched CWEsThreat

CWE-327-HN/AaFake alert injection

N/ACWE-295-H, CWE-327-LFalse report

CWE-89-HN/AProximity beacons altered

N/ACWE-295-HUser can deny or retract infection report or contact
details

CWE-89-H, CWE-276-HCWE-327-L, CWE295-HPersonal information disclosed

CWE-89-H, CWE-276-H, CWE-532-HCWE327-L, CWE295-HUser deanonymized and tracked

CWE-276-HN/AEnergy resource drain attack

CWE276-HN/ASystem resource contention

aN/A: not applicable.

Effectiveness
The Effectiveness pillar refers to the degree to which the app is
successful in its core aims: accurately detecting close contacts
and thus providing “notification to other app users with potential
exposure risks to an infected app user” [98]. It contains three
high-level attributes (see Table 2), the first of which (Effective
Reporting) refers to concerns related to accurate detection, and
the second of which (Effective Results) refers to providing
notification to other app users with potential exposure risks, a
concern provisionally referred to as “performance” by other
commentators in the field [77]. The third attribute (Effective
Engagement) refers to the “other app users” and “infected app
users” in the definition, specifically focusing on the level of
app adoption by citizens.

Effective Reporting focuses on the ability of the app to report
accurately on close contacts and the location of virus hotspots
to individual users. It first assesses the accuracy of close contact
detection: often, this will have to be reported at the protocol
level, for example, stating that the app reports at GAEN-level
accuracy [78]. The framework then breaks down the reporting
of close contacts into two categories: reporting on
COVID-19–positive close contacts and reporting on a user’s
total number of close contacts over time periods. This latter
category is sometimes reported in an effort to highlight and
refine users’ behavior, as in the case of PathCheck SafePlaces
[87]. Finally, several of the apps report on prevalence
information by locale to let users know areas where the virus
is more (or less) prevalent. This is a form of hotspot
identification for users (see Figure 4 for an example from the
HSE’s COVID Tracker app [86]). The final question in this
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section probes the availability/granularity of this hotspot facility
(“electoral division” in the case of Figure 4).

Effective Results focuses on the ability of the app to meet its
wider objectives across the jurisdiction. Hence, it concentrates
on the (total) number of users who choose to share their data
after being told of their positive status and the number of
additional close contacts that are informed, based on that
sharing. It then looks at the number of those contacts who were
subsequently identified as positive. Finally, it aims to assess

the relative time and effort in identifying a close contact via the
app, as opposed to via the manual-tracing effort.

Effective Engagement focuses on the population’s adoption of
the app, probing the uptake of the app across the population;
citizens’ retention of the app over time; and, in cases where the
app contains interactive features, the population’s engagement
with the app, as possibly measured by their usage of these
interactive features. This is important because digital contact
tracing is very dependent on the proportion of the population
who upload the associated app and retain it over time.

Figure 4. Electoral district–level COVID-19 statistics on the Health Service Executive's COVID Tracker app (Ireland) [86].

Transparency
Transparency is discussed here as an independent pillar, despite
the obvious overlap with GDPR. This is because here it
addresses the transparency of the processes and artifacts
utilized/formed during development of the app specifically. In
this context, transparency is an important aspect from the
perspective of adopting citizens’confidence. The pillar has been
divided into categories looking at App Transparency, User
Participation, and Data Transparency (Table 2).

App Transparency includes App Purpose and App Permission.
App Purpose offers the attributes (1) App-Purpose Knowledge,
which refers to the purpose of the app being made accurately
and accessibly explicit to the adopting citizen; (2) App
Participation Knowledge, which looks at whether the citizens
receive a clear explanation of the voluntary nature of
participation; (3) App Development Knowledge, which looks
at the mechanisms employed to guarantee community feedback;

and (4) Open Source Repository to assess if the source code is
made available (eg, on GitHub), as this too shows transparency
at a high level. App Permission investigates all the permissions
that are being asked for by the app, such as permission to access
Bluetooth/the camera, in terms of how transparent the app is
about these phone functionalities accessed. Modus Operandi
probes the CTA’s transparency regarding the permissions
required for its functionality, and looks at the time period over
which the services are being used as well as the contact tracing
accuracy claimed by the developers (eg, with questions such as
“Is the app being transparent about the contact tracing accuracy
that they are achieving?”).

User Participation consists of only one question, ensuring user
consent: “Does the app indicate and explain to the end user
about the voluntary nature of participation?”

Data Transparency focuses on whether the app has been
designed following a privacy-by-design principle (under Data
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Capture Knowledge), as this will heighten confidence as to its
data privacy nature. It assesses if the users are made accurately
and accessibly aware of the data accessible to other bodies, both
in terms of the data and the accessing bodies (Data-Access
Knowledge). It probes if the users are made explicitly aware of
where and for how long their data are stored. “Privacy policy
knowledge” is also of concern here, looking at if, how, and
when the citizen is informed about the data being collected in
a Data Protection Impact Assessment. Two more attributes look
at the “minimality” of the collected personal data and at Data
Protection, which focuses exclusively on the transparency
section of data encryption and data anonymity. It has several
questions that assess the anonymity, encryption protocol, and
the end-of-life conditions for the data.

Technical Performance
Technical Performance defines how efficiently a software
system operates (in contrast to effectiveness), and it includes
attributes and questions that help to capture this operational
efficiency. The main attributes populating the Technical
Performance pillar are: Speed, Efficiency, Consumption, and
Resource/Troubleshooting and Trust.

The Speed subattribute captures how quickly a software system’s
frontend app responds to a user’s requests, as delays may cause
user frustration. This subattribute probes two issues. The first
queries how fast the app responds to a user’s interaction. The
response here is measured in time units (eg, milliseconds), and
can be influenced by several aspects such as third-party apps
(including an operating system’s libraries and API), hardware
and its configurations, various components of the app, and how
they work together.

The second Efficiency question focuses on the algorithms of
the app that are responsible for answering a user’s requests.

Consumption and Resources/Troubleshooting and Trust capture
how efficiently a software system consumes available hardware
resources, including efficiency of battery usage, disk usage,
CPU and memory usage, and bandwidth consumption. These
attributes are particularly important with respect to retention if
users perceive a battery/storage/CPU drain on their device [79]
and so should probably be assessed as above or below according
to some sort of “noticeable-threshold” level.

Citizen Autonomy
The Citizen Autonomy pillar refers to the degree to which a
user has the ability to define their own control levels in terms
of the rights and accesses they grant the app. Additionally, it is
concerned with the user’s ability to influence the evolution of
the app going forward: an important element of autonomy, given
that jurisdictions are asking users to retain the app for the
duration of the emergency.

The pillar has three high-level attributes: App Discussion
Authority, Phone Functionality, and Data Control (see Table
2). Cumulatively, these three categories consist of 9 questions.

App Discussion Authority focuses on the ability of the user to
influence the future direction of the app and thus feel a sense
of ownership. It first checks if there is a discussion forum where
users are free to leave opinions and requests for change (most
apps have at least a review section on Google Play or Apple’s
App Store by default). An important consideration then is
whether the available review sites are curated or moderated by
representatives of the app development team. For example, the
HSE’s COVID Tracker app [86] has reviews on Google Play
and Apple Store, but it also has a GitHub repository [99] where
users can leave their push requests for developers, as illustrated
in Figure 5.

Figure 5. The "pull requests" GitHub page [99] for the Health Service Executive's COVID Tracker app [86].

Phone Functionality focuses on the ability of the user to control
the app’s access to phone services. Typically, these are relevant
services such as GPS, GAEN [78], Bluetooth, and notifications,
where their role in the app’s functioning is apparent. However,

occasionally, additional services may be required. For example,
NOVID [88] uses ultrasound in an attempt to make close-contact
detection more accurate and, as a result, requires access to the
phone’s microphone.
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Data Control focuses primarily on the data that are uploaded
from the user’s app, typically in an instance of a positive
diagnosis for the virus. It checks if the user is explicitly asked
their permission for the upload of these sensitive data to happen
and if the user is made aware of where the resultant data are
stored (and by whom).

Discussion

Significance of the Framework
The research question of this study revolved around devising
and organizing a framework to enable a more comprehensive
assessment of current CTAs, thus supporting the work of
decision-makers (eg, developers, health authorities) in the
development and evolution of CTAs, and potentially increasing
citizens’ adoption. While evaluation frameworks exist, they
tend to focus on specific aspects of CTAs, and we wanted to
enable a more holistic assessment that could help to compare
and improve the design of CTAs across a series of dimensions
important for citizen adoption. For this purpose, we also wanted
to assess what is available in the literature and ground what we
derived with empirical and iterative tests run using a selection
of CTAs. In doing this, we formulated and added probing
questions (and sample answers) to the attributes derived for our
framework, which we consider another key contribution, in
terms of its application by interested stakeholders.

Open-Ended Nature of C3EF

Questions in C3EF were mainly formulated to assess the
essential functionality of the CTAs (ie, the contact-tracing
function). Nonetheless, one important consideration at this stage

concerns the open-ended nature of C3EF. Their iterative
derivation and refinement make particularly apparent how CTAs
are constantly changing and evolving. Not only are CTAs (more
or less) frequently updated to fix issues and improve
functionalities, but they also operate in a changing scenario,
which offers new requirements and design opportunities over
time. For instance, at the beginning of our project, vaccines
were not available. However, at the time of writing, a number
of vaccines are being administered, which opened up new needs
(digital vaccine passports, interoperability between systems
when traveling abroad) that might extend the scope of current
CTAs as we know and evaluate them now. We do not see this
as a limitation of our work, but rather as an invitation to progress
research on this topic and to extend the framework. Moreover,
pillars such as Usability, Data Protection, Citizen Autonomy,
and Transparency offer several questions that are agnostic to
the types of functionalities under scrutiny, and can be easily
applied to nonessential functionalities such as check-in
functions, statistic dashboards, displaying tests, and vaccine
certificates, among others. In this sense, our framework can
support assessment of mHealth apps that are not necessarily
focused on contact tracing, although a number of questions
remain specific to CTAs and are not necessarily applicable
outside this domain.

Reporting transparently on our methodology, while also sharing
a supporting website that offers interested stakeholders public
access to the framework and the ability to send us feedback

[93], represent strategies to facilitate adoption of our framework
and adapting it to new emerging questions and needs. In this
sense, we hope that researchers will engage, criticize, and
improve on those attributes to support improved and expanded
CTAs over time, but we also hope that stakeholders can use the
included evaluation concerns as guidance when designing,
evolving, or evaluating CTAs.

Use of the Framework
The examples we share in our Results section (Figures 2-5,
Tables 3 and 4) are meant to illustrate how the framework can
be used to assess or compare apps. The adding of
attribute-related questions, sample answers from our own tests,
visual representations of the structure of our taxonomy, and,
once again, a website that allows others to use the framework
in the form of a survey (with the opportunity to leave feedback
on the application of the framework) are all devices that we
devised to support potential stakeholders (eg, developers and
health authorities) in using our framework to develop, evolve,
and improve the design of CTAs with an eye on citizen adoption.

Although the questions tend to be descriptive in nature, the
framework can also be used as a checklist of important elements
to be considered. In this sense, the framework is prescriptive,
as it helps developers appreciate either desirable qualities (eg,
asking if there is a forum for citizens’ feedback also implies
that it would be desirable for CTAs to offer such a forum to
citizens). Likewise, it can inform them of design tradeoffs. For
example, while more functionalities and actionable information
might make the CTAs more attractive, these might also make
them more difficult to use. Another example is the alternative
(CTA) approach that warns users in a social network prior to
exposure to a positive case (as implemented in NOVID). This
could be more appealing to citizens, but it is potentially more
vulnerable to data deanonymization.

Most of our questions are devised to be answered via app
inspection, inspection of the app website, or inspection of the
page in the app stores (eg, Characteristic, Transparency,
Usability, and Citizens’ Autonomy pillars). We assume that
interested stakeholders possess the required skills to
independently answer the questions of these pillars. In some
other cases, answering questions could be more difficult in terms
of feasibility but also in terms of required competences. For
example, the security section of the Data Protection pillar
analyzes vulnerabilities of distinct app functionalities against
a common threat assessment model [96], and this requires
technical skills and familiarity with system security tools.
Similarly, Technical Performance assessment assumes a user
with a background in software engineering.

In terms of feasibility, we often noted a tension between the
importance of an attribute and the feasibility of getting the
information to answer the attribute’s question. A good example
is presented under Effectiveness, where the number of users
tested early in response to an app notification is considered a
core measure. However, this is difficult to ascertain without
significant buy-in from and integration with the national health
authority working to capture and make such data available.
However, we believe that the framework should ultimately
contain important attributes, even when it is difficult to obtain
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an answer, as they often highlight the core criteria that should
be used to assess the apps, and thus reflect a need for wider
buy-in by the associated health authority and/or citizens.

General CTA Design Considerations
As part of our derivation and consolidation phase, we had to
apply our framework (its early, iterated, and finalized versions)
to the 5 apps, and this put us in a position to appreciate a number
of issues we found across all CTAs and that further confirm the
ability of our framework to capture critical aspects. For instance,
some of the questions to assess Universality and Accessibility
(under Usability) revealed that most apps do not support minors
as users under parental/legal guardian consent, and that
interfaces and functions do not seem to be designed to
accommodate use by children under the age of 13 years. We
consider this to be an issue given that the vaccination campaign
for individuals under 13 is still not clear and they are a large
cohort in most national populations.

As mentioned above, we also found that most apps lack clear
and actionable feedback, which can sometimes be conducive
to confusion (eg, is my contact tracing active?) and lack of sense
of control. Similarly, we found an overall scarcity of information
push and synchronous interactive features, including that of
synchronous assistance (only offered by Corona-Warn in
Germany). This lack of synchronous, interactive features has
the potential to negatively affect adoption because the perceived
benefits of CTAs are not made sufficiently apparent. In a related
work, we argued how feedback and providing more diverse and
actionable information to citizens (eg, number of daily contacts,
proximity buzz, hotspots) was seen as key to maintain
engagement in CTAs.

Finally, we also note that, in terms of security, individual CWE
issues are not standard across CTAs. Even so, individual security
issues seem to arise in CTAs, based on individual CWE issues
specific to the CTAs reviewed. Exacerbating this concern is the
fact that the framework does not assess the complete CTA,
ignoring third-party components with respect to security.

Conclusions
Our stated research question was “how to devise and organize
a framework to enable a more comprehensive assessment of
current CTAs, supporting the work of decision-makers (eg,
developers, health authorities) in the development and evolution
of CTAs, potentially increasing adoption?” While the “how”
part of this question is largely addressed in our Methods section,
the resultant citizen-focused CTA framework provides a holistic
compare-and-contrast tool that supports the work of
decision-makers in this sphere. It aims to support reflection on
developers’ design decisions so as to better understand and
optimize the design compromises in play. As such, we see it as
a vital tool for designers designing and evolving current CTAs
for increased public adoption. However, it can also be used by
commentators in the assessment of CTAs, more generally, across
jurisdictions to identify more optimal alternatives and prevalent,
problematic issues. Such commentaries can be an important
tool when governments are looking for CTA solutions to adopt
or mimic.

For these purposes, it is important that we continue to assess
existing and new CTAs against the framework, and document
the results. As a prerequisite, we must also develop
“best-practice” guidelines for performing app evaluations when
using the framework. Both of these agendas are areas of ongoing
concern for us in the “COVIGILANT” project. Ideally, this
work will result in an openly accessible protocol and a database
of framework application results, where CTA
designers/developers will also have the right to reply (to
heighten traceability), and these facilities would act as a single
resource where designers could go to obtain a broad comparison
over the CTAs available.

Nevertheless, there are still issues to address: the example
discussed earlier assumes, for instance, that data about the
number of citizens alerted of their COVID-19 positivity and
the number who decide to get tested because of a CTA
notification exist, and that these numbers are monitored. This
is only possible if certain procedures are established by health
authorities (such as keeping records of individuals who ask for
a test because of a notification from their CTAs). Our framework
focuses on the app itself; however, to have a significant impact
on the spread of the virus, CTAs need to be integrated as part
of the pandemic response through an ecosystem of
organizational, political, and social entities, which goes well
beyond the scope of our framework. The temporary failure of
health systems in dealing with digital contact tracing has been
well documented [21], and this means that scoring well on our

C3EF does not necessarily guarantee that the CTAs will have
an evaluable impact on containing the spread of the virus.

Another limitation is that target users were not directly involved

in the initial derivation of our C3EF. The project was run during
the first lockdown in Europe and, despite the team having
connections with CTA developers in Ireland, the Irish health
authorities, and the European CDC, we acknowledge that the
interactions held with these bodies were informal sessions
toward the end of the derivation process. In those sessions, they
provided feedback to us on the framework and, in the case of
the CDC, we contributed to their effectiveness framework [100]
using the insights obtained to identify small refinements in our
own framework. We desisted from detailing these interactions
in our Methods section based on their lack of formality, and
acknowledge that more should have been done to incorporate
these central stakeholders in the derivation. To partially address
this, we have made our framework publicly available and offer
the opportunity for users to leave feedback in an attempt to
support future engagement with stakeholders. We appreciate
that this is unlikely to happen without further directed work,
and this too is an area of future work for us.

A final potential limitation of this work is the methodology
employed. While the differing approaches employed can be
considered a form of data triangulation, and thus a positive
attribute [101,102], the data were nonindependent, with earlier
data being used as the foundation for later data
generation/refinement. In addition, the protocol we used for the
first part of phase 2 (applying the provisional framework to 5
CTAs) and phase 3 of the analysis (Refinement and Finalization)
were derived specifically for this study, and not based on any
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established method. However, this was because of the specific
goals of these analysis phases: determining relevancy,
sufficiency, specificity, and redundancy issues in the framework.
In addition, the extensive, immersive, and targeted nature of

the application/refinement sessions, along with the final
evaluation of the resultant framework against existing CTAs
suggest a level of rigor in these phases that is defensible.
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Abstract

Background: Hearing loss limits communication and social activity, and hearing aids (HAs) are an efficient rehabilitative
option for improving oral communication and speech comprehension, as well as the psychosocial comfort of people with hearing
loss. To overcome this problem, over-the-counter amplification devices including personal sound amplification products and
wearable augmented reality devices (WARDs) have been introduced.

Objective: This study aimed to evaluate the clinical effectiveness of WARDs for patients with mild to moderate hearing loss.

Methods: A total of 40 patients (18 men and 22 women) with mild to moderate hearing loss were enrolled prospectively in this
study. All participants were instructed to wear a WARD, Galaxy Buds Pro (Samsung Electronics), at least 4 hours a day for 2
weeks, for amplifying ambient sounds. Questionnaires including the Korean version of the abbreviated profile of hearing aid
benefit (K-APHAB) and the Korean adaptation of the international outcome inventory for hearing aids (K-IOI-HA) were used
to assess personal satisfaction in all participants. Audiologic tests, including sound field audiometry, sound field word recognition
score (WRS), and the Korean version of hearing in noise test (K-HINT), were administered to 14 of 40 patients. The tests were
performed under two conditions: unaided and aided with WARDs.

Results: The mean age of the participants was 55.4 (SD 10.7) years. After 2 weeks of the field trial, participants demonstrated
a benefit of WARDs on the K-APHAB. Scores of 3 subscales of ease of communication, reverberation, and background noise
were improved significantly (P<.001). However, scores regarding aversiveness were worse under the aided condition (P<.001).
K-IOI-HA findings indicated high user satisfaction after the 2-week field trial. On audiologic evaluation, the K-HINT did not
show significant differences between unaided and aided conditions (P=.97). However, the hearing threshold on sound field
audiometry (P=.001) and the WRS (P=.002) showed significant improvements under the aided condition.

Conclusions: WARDs can be beneficial for patients with mild to moderate hearing loss as a cost-effective alternative to
conventional hearing aids.

(JMIR Mhealth Uhealth 2022;10(3):e33476)   doi:10.2196/33476
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Introduction

Background
Hearing loss limits communication and social activity, leading
to disorders in language and cognitive impairment [1].
According to the World Health Organization, approximately
5% of the world’s population has hearing loss, and the number
is anticipated to increase to one in every four people by 2050
because of rapidly aging populations [2]. Oral communication
is crucial for contact with other people, but people with hearing
loss have reduced speech understanding compared to people
with normal hearing. Therefore, active hearing rehabilitation is
needed for people with hearing loss [3].

Hearing aids (HAs) are an efficient rehabilitative option for
improving oral communication and speech comprehension as
well as the psychosocial comfort of people with hearing loss
[4]. Although the benefits of HAs have been well documented,
the uptake rate of HAs remains relatively low [5]. Furthermore,
only 0.47% of individuals with minimal hearing loss use HAs
even when experiencing subjective hearing difficulty [6]. One
of the main reasons for low uptake of HAs is high cost. The
average set of HAs costs from US $1000-$5000, which can
inflict a financial burden on many individuals with hearing loss
[7]. According to the MarkeTrack VIII survey, some consumers
with mild to moderate hearing loss said that they would adopt
HAs if the price did not exceed a certain level or if they were
covered by insurance [8].

To overcome this problem, over-the-counter (OTC)
amplification devices including personal sound amplification
products (PSAPs) have been introduced. PSAPs are defined by
the US Food and Drug Administration as wearable electronic
products for customers with hearing loss to amplify sounds in
certain environments. In general, PSAPs are less expensive and
simpler sound amplification devices with fewer features and
less functionality than digital HAs. However, some studies have
suggested some kinds of PSAPs as alternative devices for those
with mild to moderate hearing loss [9]. In addition, we reported
that wearable augmented reality devices (WARDs) with a broad
spectrum of “hearable” have the potential to be beneficial for
individuals with hearing loss. WARDs are a combination of
smartphone apps and earbuds, providing a personalized listening
experience. For example, the Samsung Galaxy Buds Pro has its
own smartphone app called Galaxy Wearable. Users can take
advantage of a feature called ambient sound. Similar to PSAPs,
individuals can manage the level of sounds in their surroundings
such as crowded restaurant or sidewalk with many cars. They
can also reduce background noise and listen to music on the
street or subway. WARDs helped people with mild to moderate
hearing loss to understand conversations in quiet environments
[10].

Objectives
Although most previous studies evaluated clinical effectiveness
of PSAPs compared to conventional HAs, there are insufficient

data on the WARD’s ability to help people with hearing loss.
To the best of our knowledge, no clinical field trial assessing
the effectiveness of WARDs in the daily lives of
hearing-impaired people has been conducted. Thus, the aims of
this study were to investigate the hearing outcomes in patients
with mild to moderate hearing loss aided with WARDs and to
quantify the patient’s subjective outcomes using the Korean
version of the abbreviated profile of hearing aid benefit
(K-APHAB) and the Korean adaptation of the international
outcome inventory for hearing aids (K-IOI-HA) questionnaires
in 2-week field trials. Furthermore, we attempted to assess the
correlation between personal satisfaction and audiologic
performance with WARDs.

Methods

Participants
The sample size was determined on the basis of previous
research determining the effect of a web-based intervention
program on positive changes in hearing aid use [11]. The
resulting sample size was 21, using G*Power 3.1.9.7 for power
set at 0.95 and α set at .05. A total of 40 individuals with mild
to moderate hearing loss were enrolled in the study. A
prospective study was conducted with subjects who visited the
outpatient clinic of the department of otolaryngology for hearing
loss from February to May 2021. The subjects who met the
following appropriateness criteria were included: patients
between 18 and 70 years of age who had bilateral mild to
moderate hearing loss (26-55 dB hearing level [HL]; pure tone
average 500-4000 Hz) and who were determined to have no
abnormalities in the eardrum on otoscopy. The exclusion criteria
were difficulty of communication or inspection and inability to
handle the device.

Ethical Considerations
This study was approved by the institutional review board of
Samsung Medical Center in Seoul, South Korea (2020-05-052,
2020-10-163), and conducted in accordance with the Declaration
of Helsinki. Informed consent was obtained from all participants.

Intervention
Galaxy Buds Pro (SM-R175, Samsung Electronics) was used
for hearing rehabilitation in this study. Galaxy Buds Pro has its
own smartphone app, Galaxy Wearable. Users can use the
Ambient Sound feature with the app for sound amplification.
Similar to PSAPs or HAs, users can control the level of sound
in their surroundings using Galaxy Buds Pro. The Galaxy
wearable device consists of 4 levels, of which only level 4
provided sound amplification. Therefore, the level was set at 4
in this study.

Each participant was provided with a pair of Galaxy Buds Pro
for this field trial and taught how to use the device. Participants
were required to use the device when having difficulties in
communication or listening and for more than 4 hours a day for
2 weeks. They wore the device during daily activity such as
conversation, TV watching, or driving.
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We also recommended to stop wearing the devices when if the
participants feel any pain or have any other troubles in their
ears. Before the beginning of the field trial, participants filled
out the K-APHAB questionnaire as a baseline [12].

After 2 weeks, participants returned the device and filled out
the K-APHAB and the K-IOI-HA questionnaires to assess the
benefit of using the device [13]. The APHAB is one of the most
commonly used questionnaires to assess the benefit of HAs and
often is cited for its ease of understanding and delivery [14].
The K-APHAB consists of 24 questions divided into 4 subscales
that measure hearing loss in everyday situations. The ease of
communication (EC) subscale examines basic hearing situations
without ambient noise in a quiet environment, the background
noise (BN) subscale examines hearing situations with
background noise, the reverberation (RV) subscale investigates
hearing situations in large spaces with echoes, and the
aversiveness (AV) subscale measures the perception of loud
sound events [15]. Global scores are calculated as the average
of the EC, BN, and RV subscale scores [16]. Higher scores
reflect a greater rate of problems. In general, HA benefit as
indicated by K-APHAB is calculated as unaided scores minus
aided scores and is represented by a positive value. We utilized
the K-APHAB for evaluating Galaxy Buds Pro benefits. The

IOI-HA was designed to formulate a standardized and
internationally useful self-report measurement. A self-report
measurement is necessary to acquire quantifiable data on the
effects of HAs in users’daily lives [17]. Similar to the APHAB,
the IOI-HA has been utilized to investigate an aspect of the
personal impact of hearing rehabilitation devices [18]. The
K-IOI-HA contains seven questions used to subjectively evaluate
HA performance using these parameters: (1) duration of HA
use (USE), (2) benefit (BEN), (3) residual limitation in daily
life activities (RAL), (4) satisfaction (SAT), (5) residual
restrictions to participation (RPR), (6) impact on other people
(IO), and (7) quality of life (QOL). Patients select one of five
responses. Therefore, each question can be scored from 1 to 5
points, and the total score ranges from 7 to 35 points, with a
high score indicating a positive HA effect. Furthermore, we
divided two subscales (Factors 1 and 2) within the K-IOI-HA
when performing a principal component analysis. Factor 1
included USE, BEN, SAT, and QOL; Factor 2 included RAL,
RPR, and IO. Factor 1 described the overall benefit with WARD,
and Factor 2 described the residual limitations after WARD
fitting [19]. We utilized the K-IOI-HA for evaluating an
outcome with Galaxy Buds Pro. A flowchart of the 2-week field
study is presented in Figure 1.

Figure 1. Flowchart of the 2-week field study. Subjects were required to use the WARD more than 4 hours a day for 2 weeks. At the second visit,
questionnaires were completed by all subjects. K-APHAB: Korean version of abbreviated profile of hearing aid benefit, K-IOI-HA: Korean adaptation
of the international outcome inventory for hearing aids, WARD: wearable augmented reality device.

Audiologic Evaluation
Three audiologic test batteries were administered in this study:
(1) sound field audiometry, (2) sound-field word recognition
score (WRS), and (3) the Korean version of hearing in noise
test (K-HINT). The associated measurements were conducted
with 14 subjects who agreed to participate in accordance with
institutional review board approval.

Unaided and aided thresholds were obtained in sound field
audiometry. Warble tones of 0.25, 0.5, 1, 2, 3, 4, and 6 kHz
were presented through a loudspeaker located 1 m from the
participant. The participant wore the WARD in both ears to
mimic how the device would be used in his/her daily life. Speech
perception with and without the WARD was evaluated through
sound-field WRS. In total, 25 monosyllabic words from the
Korean standard monosyllabic word list (KS-MWL-A) were
presented at 50 dB HL through a loudspeaker located 1 m from
the participant [20]. The participant was asked to repeat the
word back to the tester. The percentage of correct scores was

calculated. Last, K-HINT was performed to assess speech
recognition in the presence of noise. The participant sat on a
chair in the center of the sound field, facing a loudspeaker that
was located approximately 1 m away at the 0˚ azimuth. The
target sentences in the K-HINT and speech-shaped noise were
presented by the loudspeaker at a fixed level of 65 dBA. The
presentation level of the target speech was adjusted to measure
a signal-to-noise ratio (SNR) at which the participant recognized
the sentences 50% of the time.

Statistical Analysis
All statistical analyses were completed using SPSS (version 26;
IBM Corp). The paired 2-tailed t test was conducted to compare
the scores of questionnaires before and after intervention. The
paired t test also was used to compare the variables of
audiological measurements between unaided and aided
conditions. In addition, Pearson correlation coefficients were
calculated to further investigate relationships between scores
on the questionnaires and laboratory assessments. A significance
level of P=.05 was applied to determine statistical significance.
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Results

Demographics
A total of 40 participants (18 male and 22 female; mean age
55.4, SD 10.73, range 28-67 years) with mild to moderate
hearing loss were enrolled. The mean hearing threshold in

pure-tone average was 40.75 (SD 6.63) dB on the right side and
41.16 (SD 7.93) dB on the left side (Figure 2).

The demographic characteristics of the enrolled patients are
summarized in Table 1. If previous usage durations of HAs or
PSAPs in each ear were different, the average usage duration
of the 2 ears was calculated.

Figure 2. Audiogram representing the mean hearing threshold of all participants (N=40). Hearing threshold is the minimum volume of sound that
participant can hear at a specific frequency, indicated by red “O” (right ear) or blue “X” (left ear). HL: hearing level.
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Table 1. Demographic information of all participants (N=40).

ValueVariable

55.4 (10.73)Age (years), mean (SD)

Sex, n (%)

18 (45)Male

22 (55)Female

Hearing threshold (dB hearing level), mean (SD)

40.75 (6.63)Right

41.16 (7.93)Left

Previous hearing aid users

3:4Direction (Unilateral:Bilateral), n

2:2:1:1:1Type (invisible in canal:receiver in canal:in the canal:receiver in ear:complete in canal), n

8.57 (9.07)Usage duration (months), mean (SD)

Previous personal sound amplification product user, n

2:0Direction (Unilateral:Bilateral), n

1:1Type (complete in canal:receiver in canal), n

2.25 (1.77)Usage duration (months), mean (SD)

Questionnaires
The K-APHAB results for all 40 subjects under unaided and
aided conditions are shown in Figure 3. The EC subscale under
unaided (Pre EC) and aided conditions (Post EC) was 42.30
points (SD 21.04) and 20.15 points (SD 14.56), respectively.
The EC subscale was significantly decreased with the WARD
(P<.001). The RV subscale before using the WARD (Pre RV)
was 51.58 points (SD 20.49). Under the aided condition, the
RV subscale (Post RV) was 27.35 (SD 13.97) points, which
was significantly improved (P<.001). There was a significant
difference between the BN subscale under unaided (Pre BN)
and aided conditions (Post BN) (P<.001). Pre BN score was
48.28 (SD 18.75) points, while the Post BN score was 35.17

(SD 18.18) points. Additionally, the global score (average of
EC, RV, and BN subscales) showed significant improvement
under the aided condition compared with the unaided condition
(P<.001). In contrast, the AV subscale score in the aided
condition (Post AV) was worse than that in the unaided
condition (Pre AV). There was a significant difference between
Pre AV points and Post AV points (P<.001).

The resulting scores on the K-IOI-HA for the 40 subjects were
3.3 (SD 0.5) points for daily USE, 3.0 (SD 0.9) points for BEN,
3.6 (SD 0.9) points for RAL, 3.0 (SD 1.0) points for SAT with
devices and services, 3.7 (SD 0.9) points for RPR, 4.2 (SD 0.9)
points for IO, and 3.0 (SD 0.7) points for QOL. In addition, the
mean K-IOI-HA Factor 2 score was significantly higher than
the Factor 1 score (P<.001; Figure 4).
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Figure 3. The results of the K-APHAB. There were significant reductions in the subscales of EC, RV, and BN (P<.001). In contrast, significant increase
in the subscale of AV was observed in the aided condition as compared to the unaided condition (P<.001). AV: aversiveness, BN: background noise,
EC: ease of communication, K-APHAB: Korean version of abbreviated profile of hearing aid benefit, Post: aided, Pre: unaided, RV: reverberation.

Figure 4. The comparison of the mean score on K-IOI-HA Factor 1 and Factor 2. There was a significant difference between the mean score of Factor
1 (total score of USE, BEN, SAT, and QOL) and the mean score of Factor 2 (total score of RAL, RPR, and IO) (P<.001). BEN: benefit, Factor 1: sum
score of the USE (daily use), Factor 2: sum score of the RAL (residual activity limitations), IO: impact on others, K-IOI-HA: Korean adaptation of the
international outcome inventory for hearing aids; QOL: quality of life, RPR: residual participation restriction, SAT: satisfaction (with the device and
services).

Audiologic Measurements
For 14 participants, the average threshold of sound field
audiometry under the unaided condition was 43.45 (SD 6.62)
dB HL; this was significantly decreased under the aided
condition to 40.48 (SD 6.99) dB HL (P=.001). Sound field WRS

significantly improved in the aided condition from 55.43% (SD
21.45%; responded to ~14 of 25 test questions) to 67.71% (SD
16.11%; responded to ~17 of 25 test questions) (P=.002).
However, there was no significant differences in the K-HINT
score between the unaided and aided conditions (Table 2).
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Table 2. Results of audiologic measurements (N=14).

P valueUsing the Galaxy Buds Pro wear-
able augmented reality device

Unaided conditionAudiologic measurements

.00140.48 (6.99)43.45 (6.62)Sound field audiometry thresholda (dB hearing level), mean (SD)

.00267.71 (16.11)55.43 (21.45)Word recognition score (%), mean (SD)

.97–0.68 (2.10)–0.65 (1.77)Korean version of hearing in noise test (dB signal-to-noise ratio), mean
(SD)

aAverage of hearing thresholds at six frequencies: 0.5, 1, 1, 2, 2, and 4 kHz.

Correlations Between Audiologic Measurements and
Patient-Reported Outcome Measurements
Correlation analysis between scores from questionnaire and
audiologic evaluation was performed (Figure 5). The EC benefit
on the K-APHAB questionnaire showed a significant correlation
with dB SNR improvement on the K-HINT (P<.05). BN benefit

also showed a significant correlation with WRS improvement
(P<.05). However, EC benefit did not show a significant
correlation with WRS improvement (P=.99), and BN benefit
did not show a significant correlation with dB SNR improvement
on the K-HINT (P=.20). No additional correlations were found
between the parameters.

Figure 5. Correlation between audiologic parameters and personal satisfaction. BN and EC benefit on the K-APHAB each a showed significant
correlation with WRS improvement and SNR improvement on the K-HINT. WRS improvement: aided WRS – unaided WRS. BN benefit: aided BN –
unaided BN. EC benefit: aided EC – unaided EC. BN: background noise, EC: ease of communication, K-APHAB: Korean version of abbreviated profile
of hearing aid benefit, K-HINT: Korean version of hearing in noise test, SNR: signal-to-noise ratio, WRS: word recognition score.

Discussion

Principal Findings
This study investigated personal satisfaction with the WARD
among patients with mild to moderate hearing loss. Furthermore,
the performance of the WARD was evaluated through audiologic
tests including sound field audiometry, WRS, and the K-HINT.
The results revealed significantly increased subjective
satisfaction with the WARD. Furthermore, sound field
audiometry and WRS also showed significant improvement
under the aided condition.

In this study, significant improvements were shown in EC, RV,
and BN subscales under aid with a WARD. These results
indicated that if patients use a WARD, their difficulties in
listening were improved in various situations including quiet
or easy conversation, loud sounds or sound at a distance, and
in the presence of ambient noise. However, the AV subscale
was significantly increased under the aided condition: loud and
noisy sounds were amplified with a WARD with a resulting
increase in discomfort.

Worse scores on the AV subscale occur commonly, even in HA
users. Johnson et al [21] reported that AV benefit decreased

under both conditions, aided with linear processing type HAs
and wide dynamic processing compression HAs. In another
study, the AV subscale score was increased under the aided
condition with all types of HAs, including those completely in
the canal, in the canal, and behind the ear [22]. Ideally, patients
with hearing impairment would show increased EC, RV, BN,
and AV benefit when wearing HAs. However, various studies
have shown that AV benefit is difficult to achieve even with
high-quality HAs [23]. In addition to amplifying environmental
noise, lack of acclimatization or individual fine fitting can be
reasons for this unsatisfactory result [24]. WARDs cannot be
tuned individually, which is a limitation of the device. Therefore,
further technical development such as individual fitting or
advanced artificial intelligence system would be needed to
overcome those problems.

In this study, the average of all question scores was 3.0 points
or higher. In particular, the IO score was higher than 4 points,
indicating decreased inconvenience to others owing to hearing
difficulty when using the WARD. Compared with previously
published IOI-HA norms, the distribution characteristics of the
mean scores were consistent with the normative data [25]. The
comparison also indicated that our scores were slightly higher
than the normative data for IO score.
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The average threshold of sound field audiometry was
significantly improved with WARDs in this study. Sound field
WRS was increased while wearing a WARD. Thus,
hearing-impaired people can receive listening benefit from
WARDs under quiet conditions. However, speech recognition
in a noisy environment was worse under the aided condition.
Reed at al [26] reported that PSAPs improved speech recognition
in a noisy environment for those with mild to moderate hearing
loss. However, the results of this study were insufficient to
demonstrate the benefit of a WARD for improvement of speech
intelligibility in a noisy environment. Clarifying the reason for
the difference of these results is difficult, and the effectiveness
of WARDs in the noisy environment remains uncertain.

Interpreting the correlation between objective and subjective
results requires caution. We analyzed the correlation between
benefits from K-APHAB scores and parameters from audiologic
measurements in this study. These were not significantly
correlated, but there were some weak correlations between
personal satisfaction and audiologic performance. We confirmed
that the improvement in dB SNR on the K-APHAB and the EC
benefit on the K-APHAB and that between the BN benefit and
the WRS on the K-APHAB had significant correlations (P<.05).
We expected the WRS improvement and EC benefit to have a
significant correlation because both were derived in a quiet
environment. We also expected that dB SNR improvement and
BN benefit would have a significant correlation because both
results were derived in a noisy environment. However, some
results in this study did not agree with our expectations. The
group with high satisfaction in a quiet environment showed dB
SNR improvement, and the group with high satisfaction in a
noisy environment had WRS improvement.

The reason for this correlation analysis can be considered to be
due to the difference in the test conditions. First, as mentioned
in previous studies, the laboratory-based evaluation method is
a static, limited, and 1-way communication method, whereas
the evaluation method experienced by patients in everyday life
is a dynamic and expanded interactive communication method
[27]. Second, the difference between sound and noise should
be considered. In the test room, subjects heard the voice of one
speaker at a certain volume of speech spectrum noise. However,
in everyday life, subjects hear the voices of one or more speakers
with a variety of noises. Third, in everyday life, various visual
stimuli can be referenced for sound recognition; this was not
the case under our test conditions. As such, difficulty arises in

considering various factors that can affect the evaluation results
in a laboratory environment. Therefore, a number of studies is
being conducted to consider various conditions in daily life via
VR technology [27,28].

Overall satisfaction with a WARD in daily life was high in this
study, and we speculate that this high satisfaction might be
influenced by the current COVID-19 pandemic. All Koreans
must wear face masks when outdoors. Personal protective
equipment such as the facial mask creates difficulty in
understanding and communication in hearing impaired patients;
these patients cannot read the speaker’s lips, and sound clarity
is decreased [29]. In this pandemic situation, WARDs could
foster conversations.

Limitations
This study has some limitations. The first limitation is the lack
of generalizability to the WARDs market. Only one kind of
WARD, Galaxy Buds Pro, was used in this study. Even though
availability of hearing devices is limited, WARDs vary
considerably in style, quality, and technology. Therefore, further
research using a variety of hearable devices is needed to
generalize the feasibility of WARDs. Second, we did not take
into consideration certain subject demographics including the
duration of hearing loss, education, income, and perceived social
support, which play an important role in determining personal
satisfaction. Future large-scale research should consider the
contribution of these factors to audiologic outcomes and
personal satisfaction related to WARD benefit. Finally, we did
not take into account the shape and size of the ear canal. Since
the shape and size of human ear canal are very diverse, it might
be possible that there were some participants who had WARDs
that were either too large or too small [30]. Even though there
was no participant who complained about it, the shape and size
of WARDs would also be a problem worth investigating.

Conclusions
Our results indicate that WARDs could be helpful for individuals
with mild to moderate hearing loss, especially under quiet
conditions. Owing to high price and poor accessibility of HAs,
OTC hearing devices such as WARDs could be an alternative
partial solution for hearing loss. In the near future, WARDs will
have greater potential as technology develops and government
regulation changes. Further large-scale comparative research
regarding the clinical effectiveness of WARDs is necessary.
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Abstract

Background: It has been widely recognized that mastication behaviors are related to the health of the whole body and to
lifestyle-related diseases. However, many studies were based on subjective questionnaires or were limited to small-scale research
in the laboratory due to the lack of a device for measuring mastication behaviors during the daily meal objectively. Recently, a
small wearable masticatory counter device, called bitescan (Sharp Co), for measuring masticatory behavior was developed. This
wearable device is designed to assess objective masticatory behavior by being worn on the ear in daily life.

Objective: This study aimed to investigate the relation between mastication behaviors in the laboratory and in daily meals and
to clarify the difference in mastication behaviors between those with metabolic syndrome (MetS) and those without (non-MetS)
measured using a wearable device.

Methods: A total of 99 healthy volunteers (50 men and 49 women, mean age 36.4 [SD 11.7] years) participated in this study.
The mastication behaviors (ie, number of chews and bites, number of chews per bite, and chewing rate) were measured using a
wearable ear-hung device. Mastication behaviors while eating a rice ball (100 g) in the laboratory and during usual meals for an
entire day were monitored, and the daily energy intake was calculated. Participants’ abdominal circumference, fasting glucose
concentration, blood pressure, and serum lipids were also measured. Mastication behaviors in the laboratory and during meals
for 1 entire day were compared. The participants were divided into 2 groups using the Japanese criteria for MetS (positive/negative
for MetS or each MetS component), and mastication behaviors were compared.

Results: Mastication behaviors in the laboratory and during daily meals were significantly correlated (number of chews r=0.36;
P<.001; number of bites r=0.49; P<.001; number of chews per bite r=0.33; P=.001; and chewing rate r=0.51; P<.001). Although
a positive correlation was observed between the number of chews during the 1-day meals and energy intake (r=0.26, P=.009),
the number of chews per calorie ingested was negatively correlated with energy intake (r=–0.32, P=.002). Of the 99 participants,
8 fit the criteria for MetS and 14 for pre-MetS. The number of chews and bites for a rice ball in the pre-MetS(+) group was
significantly lower than the pre-MetS(–) group (P=.02 and P=.04, respectively). Additionally, scores for the positive abdominal
circumference and hypertension subgroups were also less than the counterpart groups (P=.004 and P=.01 for chews, P=.006 and
P=.02 for bites, respectively). The number of chews and bites for an entire day in the hypertension subgroup were significantly
lower than in the other groups (P=.02 and P=.006). Furthermore, the positive abdominal circumference and hypertension subgroups
showed lower numbers of chews per calorie ingested for 1-day meals (P=.03 and P=.02, respectively).

Conclusions: These results suggest a relationship between masticatory behaviors in the laboratory and those during daily meals
and that masticatory behaviors are associated with MetS and MetS components.
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Trial Registration: University Hospital Medical Information Network Clinical Trials Registry R000034453;
https://tinyurl.com/mwzrhrua

(JMIR Mhealth Uhealth 2022;10(3):e30789)   doi:10.2196/30789
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Introduction

Recent studies in various fields have revealed that mastication
affects various functions in the body, such as obesity prevention
[1,2], immune cell differentiation [3,4], and dementia prevention
[5]. Among these health effects of mastication, research attention
has focused particularly on obesity [6] and diabetes [7,8].
Furthermore, many studies have reported a relationship between
chewing frequency, eating speed, and metabolic syndrome
(MetS) [9-13]. In these studies, masticatory behavior was also
thought to be associated with energy intake. Indeed,
Borvornparadorn et al [14] reported that increased number of
chews per bite could reduce energy intake.

The relationship between eating behavior, especially fast eating,
and MetS or obesity has long been a focus of attention. Some
large-scale epidemiological studies also suggested a link
between eating speed and obesity and MetS [1,2]. In particular,
studies have shown that slower eating speed can reduce energy
intake [10,14-18] and that prolonged chewing of food can reduce
meal intake [19]. However, most studies were limited to
self-administered questionnaires. It is difficult to exactly
recognize our own eating behavior (ie, eating fast or slow and
less or more chewing). Additionally, assessing mastication
behaviors lacks objectivity because of the lack of devices for
measuring mastication behaviors during daily meals.

In previous studies, chewing frequency was assessed using
dedicated jaw movement measuring devices [20], muscular
activity measuring devices (electromyography) [21],
videorecordings [22-24], or wearable chewing counting devices
[25-27]. However, most of these devices were not developed
past the prototype stage, and participants might not eat naturally
with these large devices since the requirement for special devices
often hinders the evaluation of masticatory movement.
Additionally, masticatory behaviors when eating meals while
being videorecorded might be different from those during a
usual meal.

A simple and accurate mastication measuring device called
bitescan (Sharp Co) [28] was developed. The bitescan is a
wearable ear hook–type device that monitors daily mastication
behavior without disturbing the wearer. Furthermore, this
revolutionary device can accurately monitor mastication

behavior, namely the number of chews, number of bites, and
chewing rate, making it possible to obtain these measurements
in the laboratory as well as at home. We have previously
confirmed the validity of this mastication measuring device
[28].

The aim of this study was to investigate whether masticatory
behavior in laboratory had a relationship to that in daily meals
and to clarify the relationship between masticatory behavior
and MetS by more objectively and accurately monitoring
masticatory behavior using the bitescan. We hypothesized that
masticatory behaviors in different environments had a
relationship and that the presence or absence of MetS was
related to masticatory behaviors.

Methods

Participants
The participants were 50 healthy men and 49 healthy women,
with a mean age of 36.4 (SD 11.7) years, who volunteered for
the study. Participants were recruited for the study using
advertisements, flyers, and personal communications. We
excluded participants who had dysphagia, dental pain,
periodontal problems, temporomandibular joint dysfunction
syndrome, and those who were receiving dental treatment or
medication for lifestyle-related diseases, such as diabetes,
hypertension, and hyperlipidemia. These exclusion criteria were
confirmed verbally. We explained the purpose of our study, and
those who agreed to participate provided written informed
consent, which was documented before they entered the study.

Sample size was estimated based on the number of chews while
consuming a rice ball in MetS and non-MetS groups. Results
from our preliminarily study (MetS group: mean 167, SD 67;
non-MetS group: mean 222, SD 79) provided the effect size as
0.75. The prevalence of metabolic syndrome in Japanese was
approximately 20% [29]. Therefore, 94 participants were
required for 80% power with a 2-sided   =.05 for Mann-Whitney
U test (G*Power 3.1.9.7, Heinrich-Heine-Universität). A total
of 102 people applied to this study, 1 was excluded using the
exclusion criteria, and 2 people with missing data were
excluded; 99 participants were included in the final analysis
(Figure 1).

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e30789 | p.283https://mhealth.jmir.org/2022/3/e30789
(page number not for citation purposes)

Uehara et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.2196/30789
http://www.w3.org/Style/XSL
http://www.renderx.com/


Figure 1. Flow diagram of participant assessment through the trial.

Ethics Approval
The study conformed to the standards of the Declaration of
Helsinki and was approved by the institutional review board of
Niigata University (approval number: 2017-0230). The study
was registered at the University Hospital Medical Information
Network Clinical Trials Registry [R000034453].

Bitescan Device to Measure Masticatory Behaviors
The number of chews, number of chews per bite, number of
bites, and chewing rate were measured with the bitescan device
[28] (Figure 2). This wearable device has an infrared distance

sensor and accelerometer and scans the morphological change
in the skin surface at 20 Hz on the posterior side of the pinna
during mastication. This device is designed to be worn on the
right side and has an adjustable ear hook. Three different ear
hook sizes (small, medium, and large) were prepared; therefore,
we could adjust the device and use the ear hook best suited to
each participant’s pinna (Figure 1). Before the measurement,
we fit the participants with the bitescan to ensure that the sensor
was correctly located on the back of the pinna. The bitescan
was then connected to a smartphone (SHM05, Sharp Co) via
Bluetooth, and the data were collected with a dedicated
smartphone app (Figure 3).
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Figure 2. The bitescan: (A) main body and (B) in position.

Figure 3. Screenshot of bitescan app: (A) during measurement and (B) showing results of mastication behavior.

Data Collection

Mastication Behaviors
A rice ball (100 g, Maho Cold Foods Co Ltd) was prepared as
the prescribed test food. Each participant was instructed to sit
in a chair and relax while the properly sized bitescan was
adjusted and we confirmed that it worked properly. Participants
were then instructed to consume the rice ball freely, as usual.
There were no limitations and no special instructions for
participants when consuming the test food regarding the number
of chews, chewing rate, or the timing of swallowing; they were
asked only to eat the test food as they normally would.

The measurements of the participant chewing the rice ball were
taken twice. All participants were also asked to record their
masticatory behaviors during all meals for 1 entire day. The 2
rice ball measurements and the 1-day measurement were
performed on different days.

Energy Intake
All participants completed dietary records accompanied by
photographs during the 1-day measurement. Using the
photographs, a registered dietitian identified foods and estimated
their portion sizes. Energy intake was calculated in accordance
with the Standard Tables of Food Composition in Japan 2015
(Seventh Revised Edition) [30].

Anthropometric Measurement
The anthropometric measurements were blood pressure (BP)
and abdominal circumference (AC), which were measured by
the medical staff on the first visit day before measuring
masticatory behavior. Blood pressure was measured using a
sphygmomanometer (HBP-9020, Omron Corp) with the right
arm with participant in the supine position. Abdominal
circumference was measured at the midpoint between the iliac
crest and rib cage on the midaxillary line using a tape measure.
All measurements were performed with participants dressed in
light clothing and barefoot.
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We also collected blood samples after a 12-hour overnight fast.
Fasting glucose concentration (GLU) and serum lipids (SL;
low-density lipoprotein cholesterol, high-density lipoprotein
cholesterol [HDL-c], and triglycerides) were measured using
an automated analyzer.

Diagnosis of MetS
We used the Japanese diagnosis of MetS, which is made
according to the following criteria [31]:

1. AC: men: ≥0.85 m; women: ≥0.90 m
2. SL: hypertriglyceridemia: ≥1.69 mmol/L or low HDL-c

<1.04 mmol/L
3. BP: systolic pressure ≥130 mm Hg or diastolic pressure

≥85 mm Hg
4. GLU: ≥6.1 mmol/L

We divided the participants into the following groups:

• MetS(+) versus MetS(–) groups: criterion 1 and more than
two of criteria 2, 3, and 4

• pre-MetS(+) versus pre-MetS(–) groups: criterion 1 and
more than one of criteria 2, 3, and 4

• possible MetS(+) versus possible MetS(–) groups: more
than one of criteria 1, 2, 3, and 4

Furthermore, in accordance with the above diagnostic criteria
for MetS, we also divided participants into the following groups:

• AC(+) versus AC(–) groups according to criterion 1
• SL(+) versus SL(–) groups according to criterion 2
• BP(+) versus BP(–) groups according to criterion 3
• GLU(+) versus GLU(–) groups according to criterion 4

Statistical Analysis
We analyzed the number of chews, number of bites, number of
chews per bite, and chewing rate while participants consumed
a rice ball and during the 1-day meals. When recording the data
during ingestion of the rice balls, we used the average of the 2
measurements as the representative value. We then calculated
the number of chews per calorie ingested for the 1-day
measurements.

To compare masticatory behaviors in different environments,
the relationship of masticatory behaviors between consuming

a rice ball and ingesting all meals for the 1-day measurement
was calculated using a Spearman correlation. The masticatory
behaviors between the 2 groups were compared using the
Mann-Whitney U test. Statistical analyses were conducted using
SPSS (version 23.0 for Windows, IBM Corp), and the level of
significance was set at P=.05.

Results

Masticatory Behaviors Under Different Conditions
The Spearman correlation coefficients between consuming a
rice ball and ingesting the 1-day meals were 0.36 (P<.001), 0.49
(P<.001), 0.33 (P=.001), and 0.51 (P<.001) for the number of
chews, number of bites, number of chews per bite, and chewing
rate, respectively, and significant correlations were observed
(Table 1). A positive correlation was observed between the
number of chews during the 1-day meals and energy intake
(r=0.26, P=.009). However, the number of chews per calorie
ingested was negatively correlated with energy intake for the
1-day meals (r=–0.32, P=.002). Furthermore, the number of
chews per calorie in the 1-day meals showed significant positive
correlations with the number of chews, number of chews per
bite, number of bites, and the chewing rate while eating a rice
ball (r=0.48, P<.001; r=0.20; P=.04; r=0.32; P=.001; and
r=0.24; P=.02, respectively).

The mean number of chews for a rice ball and the 1-day meals
were 215 (SD 85) and 2306 (SD 1123), respectively (Table 2
and Multimedia Appendix 1). The number of bites for a rice
ball and the 1-day meals were 19.5 (SD 8.0) and 210 (SD 135),
respectively (Table 2 and Multimedia Appendix 1). The number
of chews per bite (11.7, SD 4.3) and the chewing rate (70.8, SD
7.1) when eating a rice ball were similar to the number of chews
per bite (12.4, SD 5.7) and the chewing rate (71.4, SD 7.6)
during the 1-day meals.

Female participants had higher numbers of chews (P=.009),
numbers of bites (P<.001) for a rice ball, and numbers of chews
per calorie (P=.045), a smaller number of chews per bite (P=.01
for rice ball, P=.02 for 1-day meals), and a slower chewing rate
(P=.008 for rice ball, P=.02 for 1-day meals).

Table 1. Relationship between masticatory behaviors in the laboratory and during meals ingested for 1 entire day (n=99).

Caloric intake
for 1 entire day,
r (P value)

Eating a rice ball in the laboratory

Chewing rate, r
(P value)

Number of bites, r
(P value)

Number of chews
per bite, r (P value)

Number of chews, r
(P value)

.262 (.009).328 (.001).126 (.21).282 (.005).360 (<.001)Number of chews

.062 (.54).448 (<.001)–.281 (.005).493 (<.001).122 (.23)Number of chews per bite

.151 (.14)–.038 (.71).334 (.001)–.104 (.30).205 (.04)Number of bites

.047 (.65).512 (<.001)–.222 (.03).519 (<.001).185 (.07)Chewing rate

—a.179 (.08)–.357 (<.001).164 (.11)–.172 (.09)Caloric intake for 1 entire day

–.315 (.002).235 (.02).324 (.001).203 (.04).484 (<.001)Number of chews per calorie ingested

aNot applicable.
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Masticatory Behaviors and MetS
Of the participants, 8% (8/99) fulfilled the diagnostic criteria
for MetS. There was no significant difference in mastication
behaviors between the MetS(+) group and MetS(–) groups.

A total of 14% (14/99) of participants fulfilled the diagnostic
criteria for pre-MetS. The numbers of chews (P=.02) and bites
(P=.04) of a rice ball for the pre-MetS(+) group were
significantly lower than for those in the pre-MetS(–) group.

However, the 1-day mastication behaviors were not significantly
different between the pre-MetS(+) and pre-MetS(–) groups.

A total of 53% (52/99) met one or more criteria for a MetS
diagnosis. The possible MetS(+) group showed significantly
lower numbers of chews and bites for both the rice ball (P<.001,
P=.001) and 1-day meals (P=.007, P=.008) and a lower number
of chews per calorie ingested (P=.005) than the possible MetS(–)
group.

Table 2. Masticatory behavior while eating a rice ball in the laboratory.

Chewing rate
(/min)

Number of bitesNumber of
chews per
bite

Number of
chews

n

P val-
ue

median (IQR)P val-
ue

median (IQR)P valuemedian
(IQR)

P val-
ue

median
(IQR)

—70.7 (8.6)—18.0 (7.5)—10.7 (5.1)—a192 (106)99All

.008—<.001—.01—.009——Sex

—72.3 (10.2)—15.0 (7.5)—11.7 (7.6)—172 (106)50Men

—70.1 (9.3)—21.0 (9.0)—10.1 (3.6)—208 (106)49Women

.25—.39—.83—.24——MetSb

—72.9 (12.9)—16.5 (5.8)—11.6 (7.7)—171 (67)8Yes

—70.4 (9.2)—18.5 (8.0)—10.7 (5.1)—199 (110)91No

.39—.04—.92—.02——pre-MetS

—71.7 (10.7)—15.0 (8.5)—11.6 (7.2)—162 (56)14Yes

—70.4 (8.8)—19.0 (9.0)—10.7 (5.0)—202 (114)85No

.92—.001—.74—<.001——possible MetS

—71.4 (9.9)—16.3 (7.3)—10.6 (5.8)—174 (84)52Yes

—70.3 (8.6)—20.5 (9.5)—10.8 (4.6)—214 (114)47No

.86—.006—.90—.004——Abdominal circumference (m)

—71.2 (10.5)—15.0 (7.5)—10.9 (7.1)—166 (80)24ACc(+)

—70.4 (8.5)—20.0 (10.5)—10.7 (4.8)—206 (118)75AC(–)

.73—.15—.87—.04——Serum lipid (mmol/L)

—71.3 (14.1)—17.0 (9.5)—11.7 (7.9)—161 (48)13SLd(+)

—70.5 (8.4)—18.5 (8.6)—10.7 (4.9)—203 (113)86SL(–)

.91—.02—.91—.01——Blood pressure (mm Hg)

—71.4 (9.9)—16.3 (6.4)—10.9 (5.6)—168 (84)36BPe(+)

—70.4 (8.5)—20.0 (10.0)—10.7 (4.9)—206 (113)63BP(–)

.40—.65—.76—.77——Fasting glucose (mmol/L)

—73.4 (6.5)—17.0 (11.0)—11.5 (5.2)—208 (90)7GLUf(+)

—70.4 (9.4)—18.3 (7.9)—10.7 (5.2)—191 (110)92GLU(–)

aNot applicable.
bMetS: metabolic syndrome.
cAC: abdominal circumference (men ≥0.85 m, women ≥0.90 m).
dSL: serum lipids (triglyceride ≥1.69 mmol/L or HDL cholesterol <1.04 mmol/L).
eBP: blood pressure (systolic pressure ≥130 mm Hg or diastolic pressure ≥85 mm Hg).
fGLU: fasting glucose concentration (≥6.1 mmol/L).
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For abdominal circumference, 24% (24/99) of participants
exceeded the criteria. The AC(+) group showed significantly
lower numbers of chews (P=.004) and bites (P=.006) when
ingesting a rice ball and a lower number of chews per calorie
(P=.03) ingested than the AC(–) group.

For serum lipids, 13% (13/99) of participants exceeded the
criteria. The number of chews of a rice ball in the SL(+) group
was significantly lower than in the SL(–) group (P=.04).

For blood pressure, 36% (36/99) of participants exceeded the
criteria. The BP(+) group showed significantly lower numbers
of chews (P=.01, P=.02) and bites (P=.02, P=.006) for both a
rice ball and 1-day meals and a significantly lower number of
chews per calorie (P=.02) ingested than the BP(–) group.

For blood glucose concentration, 7% (7/99) of participants
exceeded the criteria. There was no significant difference in the
masticatory behaviors between the GLU(+) and GLU(–) groups
except for the number of bites for the 1-day meals.

Discussion

Principal Findings
In this study using a wearable mastication monitoring device,
we identified baseline mastication behaviors, which have not
been determined previously. To our knowledge, there are no
studies investigating the relationship between mastication
behaviors eating usual meals and eating in the laboratory. This
was also the first time that this many participants were
objectively evaluated regarding their eating behavior, including
the numbers of chews and bites, and the first time a relationship
between masticatory behaviors and MetS has been examined.
Therefore, we believe that this study monitoring daily dietary
mastication behaviors using wearing device can be considered
innovative research.

Mastication Behaviors and Environment
In most studies evaluating the number of chews, participants
consumed only a prescribed meal in the laboratory, which was
considered different from usual meals or eating behaviors.
Additionally, masticatory behaviors when eating meals while
being videorecorded might be different from those during a
usual meal.

Although Zhang et al [32] measured mastication behavior in
the lab and home environment for assessment of detection of
mastication, they did not investigate the relationship. Petty et
al [33] found that self-reported eating rate aligned with the
eating rate measured in laboratory but not with free-living meals.
For these reasons, we compared the masticatory behavior in the
laboratory environment with that in the normal environment.
We found the number of chews per bite (rice ball: 11.7, SD 4.3;
1-day meals: 12.4, SD 5.7) and chewing rate (rice ball: 70.8,
SD 7.1; 1-day meals: 71.4, SD 7.6) had significant correlation
and were almost the same. In our study, the contents of daily
meals were not regulated, and the participants ingested as usual.
The amount and physical characteristics of food affect
mastication behavior, and mastication behavior varies greatly
among individuals. However, even when comparing the results
for each individual, the correlation between the number of chews

per bite and the chewing rate between the laboratory
environment and the usual daily environment was approximately
0.50, a moderate-intensity correlation.

Accordingly, the masticatory behavior in the laboratory had
significant correlation with the participants’ usual masticatory
behaviors, suggesting that the chewing behavior in daily life
can be inferred from the chewing behavior of rice balls in the
laboratory.

We confirmed that our ear hook–type device hangs only on the
pinna and has little effect on eating behavior; however, it is
difficult to make comparisons of eating behavior with no device.
Additionally, participants’ awareness of masticatory behavior
monitoring might affect outcomes. To avoid this, long-term
measurements should be performed to allow participants to
become accustomed to the device. However, similarly, the
effects of attaching electrodes to the masseter and temporalis
muscles and eating while being videorecorded have not been
investigated.

In our study, the mean number of chews per day was 2306 (SD
1123). To our knowledge, few studies have measured and
reported the number of chews during usual meals or within 1
entire day. This result is an indicator of the masticatory
behaviors of Japanese people eating their daily diet.

The correlation between the number of chews while eating a
rice ball and the 1-day meals was 0.36, and the correlation
coefficient of the number of bites was 0.33, which indicated a
weak correlation. In other words, generally, the number of chews
and the number of bites when eating usual meals did not change
even when eating a rice ball in the laboratory. However, we
should also consider the amount of dietary intake.

As a result of investigating nutritional intake, we found those
who chewed more tended to have a large energy intake. In other
words, we expected that people who ate a large amount of food
in a day would chew a lot. Borvornparadorn et al [14] measured
energy intake using regulated food in a laboratory and
investigated the relationship between the amount of mastication
and calorie intake. However, as far as we know, no studies have
measured both the energy intake of daily meals and mastication
behaviors. The amount of food was considered to have a great
influence on masticatory behavior. However, it was difficult to
measure the volume and weight of meals in this study. Petty et
al [33] reported eating rate calculated in calories per minute but
not volume or weight. Due to differences in the amount of food
people eat, we decided to calculate the number of chews per
calorie ingested. As a result, a moderate correlation coefficient
of 0.48 was obtained for the number of chews of a rice ball.
Furthermore, the number of chews per calorie ingested showed
a significant correlation with the other items measured when
participants ingested rice balls. Therefore, the investigation of
the number of chews per calorie intake appears to be meaningful.

In this research, we chose rice balls as the test food after
consideration that preference and tableware [34] might affect
masticatory behaviors. Rice balls have long been popular as a
convenient food for Japanese people, although they may not be
a familiar food internationally. We also chose rice balls because
these were easily accepted by the Japanese and could be used
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as a prescribed amount of test food. Asian people generally use
chopsticks for eating, but rice balls are usually ingested using
the hands.

Relationship Between MetS and Masticatory Behavior
A significant relationship between MetS and eating speed
[1,2,35,36] has been reported previously. However, most of
these studies were limited to participant self-reported assessment
of eating behavior. Regarding self-reported eating behavior,
Woodward et al [37] reported a discrepancy between
self-reporting and objective observation on eating rate.
Furthermore, masticatory performance was reported to be
associated with the prevalence of MetS [38,39]. These previous
reports suggested that mastication was associated with MetS
through nutrition and feeling full. On the other hand, our results
showed no significant difference in the number of chews
between the MetS(+) and MetS(–) groups. One of the reasons
is that the percentage of participants in our study with MetS
(8%) was much lower than the Japanese prevalence of MetS
[29]. However, we found a difference in the numbers of chews
and bites of a rice ball between the pre-MetS(+) group and
pre-MetS(–) group. Furthermore, the possible MetS(+) group
showed significantly lower numbers of chews and bites for both
the rice ball and 1-day meals and a lower number of chews per
calorie ingested than the possible MetS(–) group. MetS arises
from a combination of factors that result in obesity,
hypertension, serological abnormalities, and abdominal obesity.
It is impossible to explain such complicated pathological
conditions with one component (chewing), but we suspect that
masticatory behavior may have an effect on lifestyle-related
diseases.

Abdominal circumference is an indicator associated with obesity
and is the most important factor in MetS. One study reported
that it was difficult to obtain a feeling of fullness during meals
if the number of chews was low or when participants ate faster
[14]. As a result, daily energy intake increased significantly,
which was thought to cause obesity [40]. Some studies reported
that the amount of food and snack intake decreased significantly
with an increase in the number of chews and the chewing time
[19,41]. In our study, the number of chews while consuming a
rice ball was significantly lower in the AC(+) group. In addition,
although no significant difference was observed, the number of
chews per day was less in the AC(+) group and the daily energy
intake was higher, which may support the above consideration.
Differences in the number of chews of rice balls and the number
of chews per calorie ingested in the 1-day meals suggested that
the number of chews per unit amount might be associated with
obesity.

In contrast, no significant difference in the number of chews
per bite was observed in this study. In Japan, enlightenment
activities with an emphasis on the number of chews per bite
such as “chew 30 times per bite” have been recommended.
However, considering the results of our study, the number of
chews per bite may not be directly related to obesity. In addition,
from our results, the number of bites in the AC(+) group was
significantly lower. This suggested that the AC(+) group
ingested large bites (ie, we considered that the number of chews
decreased as a result of taking a large amount into the oral cavity

and eating it with a modest number of chews). From these
findings, the instruction not only to increase the number of
chews but also to reduce the amount taken in one bite might be
effective. According to a report by Fukuda et al [40], the number
of chews per bite did not change even if the amount per bite
increased; therefore, if the amount per bite was large, the total
mealtime duration would be shorter and the total number of
chews would be lower when eating the same amount of food.
In addition, some studies reported that a reduction in the size
of the bite helped prevent obesity [42,43].

In our study, there was no difference between the GLU(+) group
and the GLU(–) group except for the number of bites in the
1-day meals. In our study, the GLU(+) group constituted only
7 participants (7%). However, some reports suggested a
relationship between diabetes and mastication. Masticatory
movement promotes glucagon-like peptide-1 secretion, which
leads to rapid insulin secretion and may also affect dietary sugar
absorption [44,45]. In addition, Read et al [46] suggested that
the easiest way to avoid raising the blood sugar level even after
eating was to swallow without chewing. Although it was
impossible to swallow without chewing for all of the usual
meals, in the study by Ranawana et al [47], which compared
15 and 30 chews during a rice meal, fewer chews resulted in a
lower postprandial total blood and glycemic index. In contrast,
Sato et al [48] reported that frequent chews suppressed the rise
in postprandial blood glucose concentration and promoted
insulin secretion. As described above, there are many conflicting
reports regarding mastication and blood glucose concentration.
Furthermore, obesity, diabetes, and postprandial blood glucose
responses vary greatly depending on race and sex [49]. Because
many complex factors might be involved, further research is
required.

In our study, blood pressure was the second factor most
associated with mastication after obesity. Studies report that
slower and more thorough chewing and eating could increase
eating-induced heat production, which could increase systemic
metabolism [50]. In our study, the BP(+) group showed
significantly lower numbers of chews and bites when ingesting
rice balls, lower numbers of chews and bites per day, and a
lower number of chews per calorie ingested.

A lower number of chews could affect taste perception because
the food is not sufficiently crushed and exposure time of the
food in the oral cavity is short. Bolhuis et al [51] reported a
relationship between saltiness and appetite using two types of
soup with different salinity and density. According to the study,
longer exposure times to the oral sensation led to lower soup
intake. The authors also reported that the exposure time to the
oral sensation had a greater effect than salinity. Increasing the
exposure to taste buds per food unit might be effective in
reducing food intake. Therefore, it is possible that a participant
who chewed less and had a short exposure time in the oral cavity
regarding the taste stimulus of the food might have ingested
more food. One of the major reasons for increased blood
pressure is excessive salt intake; therefore, low masticatory
behavior might be related to blood pressure.

Diabetes, hyperlipidemia, and hypertension may have multiple
forms related to obesity and arteriosclerosis. Furthermore, MetS
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is related to lifestyle issues, such as diet, exercise, drinking,
smoking, and stress. It is known that negative emotions such
as anger, fear, and sadness have been associated with increased
impulsive eating and consumption of unhealthy foods [52]. In
this study, we investigated only masticatory behaviors and
dietary energy intake, and multivariate analysis including these
factors is needed. Nevertheless, mastication behavior is a
lifestyle issue, and it should receive attention not only regarding
the amount and kind of food eaten, but also regarding the way
of eating. Our results suggested that masticatory behavior when
eating a test meal in the laboratory as well as in the participants’
usual daily diet was associated with MetS. This was a
cross-sectional study, and a longitudinal study is necessary to
examine whether people with poor masticatory behaviors are
more likely to develop MetS or whether better masticatory
behaviors are useful for preventing MetS. Furthermore, it is
necessary to consider whether masticatory behavior can be
transformed by certain interventions.

Although this was a cross-sectional study and other MetS-related
factors should be considered, our results suggested that
mastication behavior might be related to MetS and MetS
components. These results help clarify the relationship between
masticatory behaviors, metabolic syndrome, and energy intake.
We will perform multivariate analysis for each item related to
MetS in the future. The wearable chewing counter that we
developed was useful for monitoring masticatory behavior in
daily meals. In addition, the smartphone app connected to this

device can be equipped with a masticatory behavior change
algorithm. Masticatory behavior targets selected for each
participant and wearable devices that are easy to wear should
lower the hurdles for intervention studies and could contribute
to the evidence of a relationship between masticatory behavior
and health and the effects of masticatory behavior change.
Furthermore, the mastication data measured by this wearable
device can send the user’s information to medical personnel by
using the internet environment. Medical personnel could provide
support for improving daily life, such as sending advice based
on this information. The usefulness of mastication could be
examined using the big data collected in this way. We believe
that this device and app could be used in the future as an
approach to monitor and change daily masticatory habits.

Conclusions
In this study, we investigated mastication behaviors (ie, number
of chews and bites, number of chews per bite, and chewing rate)
measured using a wearable ear-hung device. We found a
significant correlation between mastication behaviors in the
laboratory and in daily meals, which are different environments.
Furthermore, a significant correlation was observed between
the number of chews during the 1-day meals and energy intake
and between the number of chews per calorie ingested and
energy intake. Neither the pre-MetS obesity nor the hypertension
group had a lower number of chews, bites, and chews per
calorie. These results suggest that masticatory behaviors are
related to MetS and MetS components.
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In “Social, Organizational, and Technological Factors Impacting
Clinicians’ Adoption of Mobile Health Tools: Systematic
Literature Review” (JMIR Mhealth Uhealth 2020;8(2):e15935),
one error was noted.

In the originally published manuscript, Table 4 was incorrectly
displayed as an identical copy of Table 3. The complete,
corrected version of Table 4 has now been included in the
corrected version of the manuscript.

The full corrected table is included below.

The correction will appear in the online version of the paper on
the JMIR Publications website on March 10, 2022, together
with the publication of this correction notice. Because this was
made after submission to PubMed, PubMed Central, and other
full-text repositories, the corrected article has also been
resubmitted to those repositories.
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Table 4. Patient-related factors and their occurrence, with references.

ReferencesSubthemesFactor

[1-3,5,9,10,34,36-40,42-44,47-49,52-57,61-
64,66,69,72,75,78,80,83,86,88,89,92,93, 100,103,107-
109,114,115,120,122,125,127,130,131,137,140,146,157,159,
160,162,165,166,168,169,174,175,180,182-186,188,190,194,196]

Examples: treatment outcomes, clinical de-
livery, patient monitoring, and treatment
compliance

Quality and efficiency of
care (n=77)

[3,5,9,10,34,36,41,43,46,47,49,50,52,55,58,59,66,67,72,73,75,77,78,80-
82, 84-86,88-
91,103,115,122,127,128,150,156,160,163,172,174,175,180,182,185,189,
190,194,195]

Quality and ease of communication between
patients and the care team

Provider-patient communica-
tion (n=53)

[1-5,8,34,39,43,47,54,55,60,62,64,67,73,75,78,81,82,91,93,96,99,102,
123,129,130,156,159,162,169,174,178,180,182,184,187,189,190, 194,195]

Enhancing patients’ access to care and
reaching the underserved

Access to care (n=41)

[1-3,9,39,43,49,52,53,60,61,66,79,86,90,104,122,123,132,153,163,
174,176,180,184,185,191,192,194,195]

Comfort with technology, personal prefer-
ences, and the ease of getting an informed
consent from the patients

Patient consent, comfort,
and preference (n=30)

[9,41,57,61,62,66,68,71,73,75,79,81,86,88-
91,103,104,108,162,182,185,189]

The suitability of patients on the basis of
their needs and characteristics

Applicability and appropri-
ateness (n=22)

[5,34,41,48,62,70,71,73,77,78,88,89,115,120,128,157,162,166,175,180,190]Opportunity to empower and reassure pa-
tients and increase their engagement in
managing their condition

Empowerment and engage-
ment (n=21)

[10,44,63,66,72,78,81,86,103,109,140,147,155,176,179,188-190,195]Patient safety and the safety of clinical
practice

Safety (n=19)

[49,53,55,60,62,73,75,79,81,84,120,123,138,185,191]Age, living standard, and access to technol-
ogy

Digital divide (n=15)

[52,53,60,75,81,86,88,162,164,168,183,190]Better patient education and awarenessEducation (n=12)

[3,41,62,77,78,156,169,182]Patient overdependence on practitioner
support

Service abuse, overreliance
(n=8)

[46,62,78,128,140,190]Worries and anxiety related to the under-
standing and interpretation of data, or the
feeling of being observed

Data and surveillance–relat-
ed anxiety (n=6)

[5,167,169]Long-term commitment and useSustainability (n=3)

[97,180]Protective or paternalistic attitudes of the
care team

Gate keeping by clinicians
(n=2)
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Abstract

Background: For adolescents living with type 1 diabetes (T1D), completion of multiple daily self-management tasks, such as
monitoring blood glucose and administering insulin, can be challenging because of psychosocial and contextual barriers. These
barriers are hard to assess accurately and specifically by using traditional retrospective recall. Ecological momentary assessment
(EMA) uses mobile technologies to assess the contexts, subjective experiences, and psychosocial processes that surround
self-management decision-making in daily life. However, the rich data generated via EMA have not been frequently examined
in T1D or integrated with machine learning analytic approaches.

Objective: The goal of this study is to develop a machine learning algorithm to predict the risk of missed self-management in
young adults with T1D. To achieve this goal, we train and compare a number of machine learning models through a learned
filtering architecture to explore the extent to which EMA data were associated with the completion of two self-management
behaviors: mealtime self-monitoring of blood glucose (SMBG) and insulin administration.

Methods: We analyzed data from a randomized controlled pilot study using machine learning–based filtering architecture to
investigate whether novel information related to contextual, psychosocial, and time-related factors (ie, time of day) relate to
self-management. We combined EMA-collected contextual and insulin variables via the MyDay mobile app with Bluetooth blood
glucose data to construct machine learning classifiers that predicted the 2 self-management behaviors of interest.

Results: With 1231 day-level SMBG frequency counts for 45 participants, demographic variables and time-related variables
were able to predict whether daily SMBG was below the clinical threshold of 4 times a day. Using the 1869 data points derived
from app-based EMA data of 31 participants, our learned filtering architecture method was able to infer nonadherence events
with high accuracy and precision. Although the recall score is low, there is high confidence that the nonadherence events identified
by the model are truly nonadherent.

Conclusions: Combining EMA data with machine learning methods showed promise in the relationship with risk for nonadherence.
The next steps include collecting larger data sets that would more effectively power a classifier that can be deployed to infer
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individual behavior. Improvements in individual self-management insights, behavioral risk predictions, enhanced clinical
decision-making, and just-in-time patient support in diabetes could result from this type of approach.

(JMIR Mhealth Uhealth 2022;10(3):e21959)   doi:10.2196/21959

KEYWORDS

machine learning; type 1 diabetes; psychosocial; self-management; adolescents; behavioral medicine; ecological momentary
assessment; informatics; mobile phone

Introduction

Background
Type 1 diabetes (T1D) is a prevalent chronic illness, with
increasing incidence rates reported worldwide [1,2]. It is an
autoimmune disorder in which the body does not produce insulin
and requires patients to perform critical self-management tasks
multiple times per day [3]. Two key self-management tasks in
T1D are frequent monitoring of blood glucose (BG) and
administration of insulin. These tasks help manage glycemic
control to avoid or delay serious short- and long-term
consequences, such as retinopathy, neuropathy, and mortality
[4-6]. Mealtime is a critical time for diabetes self-management.

Adolescents and young adults have the worst glycemic control
of any age group [4]. For young people with diabetes, living
successfully with T1D is particularly hard because of many
potential psychosocial and contextual barriers to
self-management [7-9]. A recommended approach to improve
self-management involves promoting and supporting
problem-solving skills to reduce barriers [10]. To identify
problems related to self-management, patients, caregivers, and
clinicians must rely on BG and insulin administration data from
devices along with a patient recall of behavioral, emotional,
and contextual events that could pose barriers to
self-management. However, using retrospective memory or
recall for events that are days or weeks in the past has been
identified as generally unreliable and potentially biased in nature
[11]. Unreliable recall of events in diabetes problem-solving
could result in incorrect modifications to the insulin regimen.

To address the limitations of human recall and bias in health
behavior research, ecological momentary assessment (EMA)
methods have been developed and successfully used in a range
of health conditions. In contrast to traditional assessment
methods, EMA uses more frequent and in vivo ambulatory
assessments of factors that affect health behaviors and
decision-making. EMA methods provide a more proximal, and
often more accurate, technology-mediated method to monitor
and assess the contexts, subjective experiences, and processes
that surround health decisions in daily life [12,13]. In particular,
EMA methods provide more relevant and frequent observations
per person and generate rich data to assess correlates of health
behavior more accurately and identify novel correlates for
intervention [14].

Many studies in the EMA literature typically use mixed effects
or hierarchical linear modeling [15,16]. This analytic approach
does not provide a means to automate analyses or use learning
algorithms that improve and integrate incoming data over time.
A promising approach for identifying such a model involves

integrating EMA with techniques and tools associated with
machine learning, which is a data analysis method that
automates statistical model building by identifying patterns and
making decisions with minimal human intervention [17,18].
Machine learning has been used with wearable sensor data and
may also be useful in analyzing intensive self-report data, such
as EMA. Machine learning techniques provide a viable means
of examining both big and small data by providing automated
classification and prediction for more feasible behavioral
interventions.

Objective
The objective of our study is to develop a machine learning
algorithm to predict the risk of missed self-management. We
seek to identify the momentary psychosocial and contextual
factors that have an impact on T1D self-management, as
assessed by EMA. To achieve these objectives, we train and
compare a number of machine learning models through a learned
filtering architecture (LFA) to explore the extent to which EMA
data could predict the completion of two self-management
behaviors: insulin administration and self-monitoring of blood
glucose (SMBG). By integrating these two strategies (EMA
and machine learning), we aim to provide researchers with not
only a better understanding of what may hinder or promote
adolescents’ adherence to their T1D regimen from a behavioral
perspective but also an efficient and adaptive analytic
computational method.

Methods

Study Design and Setting
These subanalyses analyzed data from a feasibility trial of the
mobile EMA and feedback app called MyDay, which is a
self-management feedback and problem-solving tool designed
for adolescent patients with T1D [19]. Youth from the
Vanderbilt Eskind Pediatrics Diabetes Clinic were invited to
participate in a 30-day assessment period if (1) they were aged
between 13 and 19 years, (2) had been diagnosed with T1D for
at least 6 months, (3) owned either an Android or iPhone
smartphone, (4) understood and spoke English, and (5) were
willing to use a Bluetooth BG meter during the study [1]. The
study was reviewed and approved by the Vanderbilt University
institutional review board (IRB #150685). All parents provided
consent before the adolescents provided assent. Both consent
and assent were obtained before the study procedures
commenced.

Participants
A total of 48 participants were recruited for the pilot study. Of
the 48 participants, 3 (6%) dropped out of the study, noting
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competing demands, leaving 45 (94%) for our analyses.
Participants were randomized in a 2:1 ratio to the MyDay app
+ Bluetooth BG (meter group 31/45, 69%) and a control group
(14/45, 31%). The control group provided SMBG data only
using Bluetooth BG meters but did not use the MyDay app.
Design processes, engagement, and momentary relationship
results for MyDay have been published previously [19-21].

Momentary Assessments and Glucose Meter Data
All SMBG data were objectively assessed using iHealth [22]
glucometers. The iHealth glucometers are commercially
available Bluetooth low-energy meters that can upload data
automatically to the iHealth secure cloud server via their open
application programming interface. Of the 45 participants,
31(69%) participants were instructed to use the MyDay app at
each mealtime and bedtime to answer questions that focused
on factors likely to affect diabetes self-management.

MyDay provided notifications to complete the EMA assessment
personalized to typical mealtimes identified by participants.
Time stamps were associated with all data entries. Only
mealtime EMA was used in analyses. Variables analyzed in
relation to self-management outcomes were organized into
subsets. The first two domains of variables were collected for
all participants: (1) demographics obtained at baseline (ie,
gender, age, father’s education, mother’s education, family
income, and race) and (2) time variables that were coded using
the original time stamps of the collected data entries (eg,
weekday, weekend, and mealtime [breakfast, lunch, and
dinner]).

The next three domains of EMA data were available only for
the 31 participants using the MyDay app: (3) social context
related to who was with the youth at the time of
self-management (ie, parent, sibling, alone, casual friend, close
friend, other family, other person, strangers, and boyfriend or
girlfriend) and where the youth was at the time of
self-management (ie, home, school, work, restaurant, friends’
house, or on the road); (4) stress, fatigue, and mood levels at
the reported self-management event, scored as 0 to 100, with
higher scores indicating greater stress, more fatigue, and worse
negative mood; and (5) selected situational barriers at the time
of self-management event (ie, participant was rushing, feeling
sick, on the road, hungry, wanting privacy, busy, without
supplies, or having fun). Details of the EMA data collection
process can be found in the study by Zhang et al [20].

Outcomes
We examined three self-management behavioral outcomes:

1. Daily SMBG frequency of <4 or ≥4 times a day; 4 glucose
checks per day are generally considered as the minimum
recommended [23]

2. Missed SMBG at mealtimes
3. Insulin administration at mealtimes

Data from all 45 participants were available for analyses
examining the daily number of SMBG from meters. The data
available for all participants were demographic and time
variables. Analyses for outcomes 2 and 3 examined data from
participants who used the MyDay EMA app (31/45, 69%),
which obtained mealtimes.

LFA Approach
To extract domains of variables to predict insulin administration
and SMBG self-management behaviors via the training of a
series of models, an LFA was created in this study as a
byproduct, and a similar process was used in the study by Zhang
et al [24] but not formally constructed. For this study, the LFA
created and compared four machine learning models: k-nearest
neighbors (KNN), logistic regression, random forest (RF), and
support vector machines. These models performed binary
classification for each behavioral outcome observed in this
study.

KNN classifies each sample by finding its K-most similar
instances in the training set and chooses the class to which most
neighboring instances belong [25]. The value of k is determined
by running KNN models with varying k values iteratively and
selecting the k value that produces the most optimal model.
Logistic regression is a statistical model that classifies a sample
by predicting the probability of an output using the maximum
likelihood estimation method and using a probability threshold
(P=.50 was used in our study as the threshold such that an output
with a probability of P≥.50 was classified as true and false
otherwise) to separate the 2 classes [26]. RF is a popular
ensemble learning method that trains multiple decision trees on
different parts of the data set and then averages the results to
improve classification accuracy [27]. The number of trees, or
estimators, is determined by running a number of RF models
with varying estimator values, such as 10, 50, and 100, and
selecting the value that produced the most performant model.
Support vector machines work by finding an optimal hyperplane
in the feature space that optimally separates the data points into
different classes [28].

Figure 1 presents the workflow of this LFA and shows that the
SMBG data and EMA data collected from the MyDay app were
integrated as a complete data set fed into the LFA (steps 1 and
2). The LFA then performed specified data preprocessing, such
as normalizing numeric values, removing entries that were
empty or had many missing features, and one-hot encoding
based on the type of each column (step 3). After step 3, a data
filtering process began, where subsets of variables were
extracted from the cleaned data either based on configurable
user input, such as the names of columns that would be grouped
to create a clinically meaningful, or to-be-observed, feature
subset. The features were grouped as described above to create
multiple data subsets. Owing to the small sample size of the
data available, the data subsets were each split further for
evaluating each classification model using cross-validation
(steps 4a and 4b).
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Figure 1. Iterative process of the learned filtering architecture. BG: blood glucose; ML: machine learning.

The LFA calculates the distribution of the target variables of
each data set. If the data set is balanced, it evaluates each model
using k-fold cross-validation that further splits the data into
training and validation sets k times and produces mean values
of the performance metrics. Otherwise, if the classes are
unevenly distributed, it uses the stratified k-fold cross-validation
to create k (k=7) splits, with each split of training and validation
sets maintaining the original class distributions. The
performance metrics are averaged across the results from the k
different splits. The process is then repeated for each of the
specified machine learning models (step 6).

Specifically, we used the following metrics to assess the models:
(1) accuracy, which is the percentage of correct predictions; (2)
precision, which is the ratio of true positives and all predicted
positives that evaluates what proportion of predicted positives
was actually correct; (3) recall, which is the ratio of true
positives and all actual positives and calculates what proportion
of actual positives was predicted correctly; (4) F1 score, which
evenly weighs precision and recall; and (5) for imbalanced
classification tasks, the Brier score, which is a continuous
scoring loss function that evaluates the goodness of predicted
probabilities in a classification task—a lower number
corresponds to a stronger model and vice versa.

The classification results were then used by the filter component
to compare them across all feature subsets (step 7). The filter
component had a configurable tolerance value that was used to
select feature subsets with relatively good classification results
compared with the best-performing models. Next, the LFA
checked whether additional feature groups remained to be
processed (step 8). If so, feature selection was repeated to create
the next data subset (step 9). Otherwise, the filtering process
would terminate and output the filtered results; that is, variable
groups with relatively strong predictive power of the outcomes
(step 10).

The classification results were filtered to extract the best
predictor groups for the target class variable. For example, if
the overall performance metrics exceeded the specified threshold
values (such as 15% compared with the performance metrics

of the model trained with all features together), the predictor
group was added to the final output queue. When all variable
groups were evaluated, LFA returned the final insights obtained
from the input; that is, feature groups that had significant
predictive power for the outcomes observed in this study.

Although the number of observations per participant was
substantial (average number of observations 60), the overall
number of participants was relatively small (n=45). Thus, the
collected data had some imbalance in the distribution of the
outcomes, with missed mealtime insulin being a relatively less
frequent event. Classification models constructed using
imbalanced data sets may result in the minority class being
neglected [29]. Techniques such as Synthetic Minority
Oversampling Technique [30] and Tomek link [31] have been
used in the literature for training imbalanced data, especially
for small data sets [32-35]. However, given the small size of
the population in this study, using such sampling methods would
risk introducing bias and misleading results. Therefore, in this
study, we used a stratified K-fold (k=7) cross-validation [36]
evaluation method instead of random oversampling or
introducing synthetic samples based on the existing data.

In stratified K-fold cross-validation, the original data set was
randomly split into k folds. Each fold was further split into
separate training and testing sets that are used to generate the
evaluation metrics of a model. The distributions of the majority
and minority classes within each training and testing set follow
the distribution of the majority and minority classes in the
original data set. After the model was trained and tested against
all k folds, the results were averaged to represent the overall
classification performance.

In addition to the machine learning methods previously
described, we also used a Bayesian hierarchical regression model
for the entire EMA data set that has a large number of features
but a small sample size. This approach was applied to confirm
the inferential power of the collected EMA data rather than
focusing on which specific category was the most predictive of
the outcomes.
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Hierarchical modeling can capture the similarities of multiple
participants within a data set while allowing estimations of
individual parameters for data containing multiple participants.
With the Bayesian approach, the entire data set is considered
known information that is used to derive the distributions of
unknown parameters of the model. It is a probabilistic model
that intends to estimate the expected values or density.

In our analysis, we applied Markov chain Monte Carlo methods
[37] to assist with the model formation and sampling process.
Monte Carlo is a method for randomly sampling a probability
distribution to approximate the desired target function. Markov
chain is a sampling technique that can generate a sequence of
random samples where the current sample is drawn based on

the prior sample. The goal of the Markov chain Monte Carlo is
to construct a Markov chain that eventually stabilizes on the
desired quantity to be inferred. Specifically, we created a
noncentered Bayesian hierarchical model to estimate the
likelihoods of SMBG and insulin administration.

Results

Overview
This section first reports findings from our initial statistical
analysis and then analyzes the results obtained from the LFA
constructed in accordance with the methods described in the
previous sections. Table 1 shows the characteristics of the
sample.
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Table 1. Characteristics of the sample (N=45).

ValuesVariable

13.3 (1.7)Age (years), mean (SD)

24 (53)Female, n (%)

Race or ethnicity, n (%)

38 (84)White

4 (10)African American

1 (2)Asian

1 (2)Hispanic

0 (0)Other

Father’s education, n (%)

1 (2)Less than high school

13 (29)High school or GEDa

7 (16)2-year college

15 (33)4-year college

5 (11)Graduate degree

4 (9)N/Ab

Mother’s education, n (%)

0 (0)Less than high school

10 (22)High school or GED

12 (27)2-year college

17 (38)4-year college

2 (4)Graduate degree

12 (27)N/A

Household income (US $), n (%)

2 (4)<25,000

3 (7)25,001-35,000

7 (16)35,001-75,000

14 (31)75,001-100,000

3 (7)>100,000

4 (9)N/A

5.5 (3.7)Duration of diabetes (years), mean (SD)

9.0 (1.9)HbA1c
c, mean (SD)

26 (58)Use insulin pump (yes), n (%)

aGED: General Educational Development.
bN/A: missing values.
cHbA1c: hemoglobin A1c.

Statistical Analysis
The data set was preprocessed using statistical approaches. First,
it was observed that the data set contained missing values in
demographic features: 9% (5/45) missing for both father’s
education and household income categories and 27% (12/45)
missing for mother’s education category (the percentage of
missing values in each category is denoted as “N/A” entry in

our report). In this study, the missing values of a feature were
imputed using the mode value for features of mother’s education
and father’s education and the median value for the feature of
family income. Ordinal categorical variables whose order of
the values were significant, such as parent education and family
income level, were each transformed into a single feature with
numeric values, whereas nominal variables whose significance
could be assumed, such as participant race and day of the week,
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were converted to numeric values using one-hot encoding. Each
feature was normalized using the minimum–maximum scaler
such that all the final values of that feature were between 0 and
1. The source code for data preprocessing is included in
Multimedia Appendix 1.

Tables 2-4 display the summary statistics of features that have
P<.05 (ranked in ascending order) for the target feature (or
dependent variable) of daily SMBG frequency, missed glucose,
and insulin not administered categories, respectively. P value

is an initial indicator that the corresponding features are
statistically significant in our analysis: (1) for daily SMBG
frequency, most features reported in Table 2 belong to the
demographic group; (2) for SMBG, variables from the
demographics, social context, barriers, and stress or mood or
energy feature groups are reported in Table 3; (3) for insulin
administration, variables from groups of demographics, time
variables, stress or mood or energy, and barriers are reported
in Table 4.

Table 2. Summary statistics of features with statistical significance on daily self-monitoring of blood glucose frequency.

P valueSECoefficientFeature

<.0010.0620.5221Mother’s education

<.0010.057−0.2494Age

<.0010.0320.2721Male

.010.066−0.1691Father’s education

Table 3. Summary statistics of features with statistical significance on self-monitoring of blood glucose.

P valueSECoefficientFeature

<.0010.0410.1706Busy

<.0010.0890.7417No supplies

<.0010.0380.1436Other family

<.0010.019−0.1543Gender

<.0010.033−0.1835Mother’s education

<.0010.039−0.2569Income

<.0010.026−0.0785Parent

.010.038−0.1064Black race

.010.031−0.084Casual

.010.0350.0906Father’s education

.010.020.0522With sibling

.020.106−0.2582In restaurant

.040.021−0.0436Hungry

.0450.108−0.2177Other place

.0470.4660.9274Stress+energy
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Table 4. Summary statistics of features with statistical significance on insulin administration.

P valueSECoefficientFeature

<.0010.021−0.0958Hungry

<.0010.0910.3703No supplies

<.0010.0210.1134Breakfast

<.0010.034−0.145Mother’s education

<.0010.039−0.1637Black race

<.0010.0470.1495Diabetes burnout

<.0010.077−0.2369Third day of week

<.0010.0220.0695Lunch

<.0010.0430.1219Busy

.010.077−0.216Second day of week

.010.077−0.2146Fourth day of week

.010.078−0.1999Weekend

.010.020.0508Fatigue

.020.077−0.1765Fifth day of week

.030.0390.0849Low blood glucose

.030.02−0.0425Gender

.030.043−0.0919Mood

.040.077−0.1602Sixth day of week

Daily SMBG Frequency
The average age of all participants was 13 (SD 1.7) years; 53%
(24/45) were female, 84% (37/45) were White, 58% (26/45)
used an insulin pump, and participants had a mean hemoglobin
A1c (indicating overall glycemic control) of 9.03% (SD 1.91).
Additional characteristics of the sample are summarized in Table
4.

A total of 4475 BG measurements were obtained from the
iHealth Bluetooth meters used by all participants (n=45). For
this analysis, the demographic and time variables were studied
to identify if they had any impact on the outcome of SMBG
frequency per day. The measurements were aggregated on a
daily basis to obtain a new data set of 1231 entries, with each
entry per participant being the total number of measurements
an individual had each day during the study period. SMBG
frequency ranged from 1 to 12 measurements per day. If a
participant did not report an entry on a particular day, the entry

for that day was not assumed to have an SMBG daily frequency
of 0, and hence, the entry for the participant on that day was
not created.

Several distributions of daily SMBG frequencies were observed.
There were 591 entries with <4 frequency and 640 entries with
≥4 or. Of all the classifiers trained with the same training data,
RF was the best performing model based on the overall
classification metrics using the same test data. The mean and
SD values of the evaluation results from the best-performing
RF model are shown in Table 5 for SMBG frequencies <4 (the
source code comparing the performance of all machine learning
models is included in Multimedia Appendix 1). The filter then
compared the benchmark value with the outcome classification
results obtained from each variable group. A tolerance value of
15% was configured for the filter to select subsets with
significant predictive power. As shown in Table 5, the
demographic variable group for SMBG frequency resulted in
a better performance than time variables and all variables.

Table 5. Self-monitoring of blood glucose <4 classification results.

F1 score, mean (SD)Recall, mean (SD)Precision, mean (SD)Accuracy, mean (SD)Feature group

74% (0.06)72% (0.07)75% (0.08)75% (0.04)Demographics

28% (0.12)21% (0.14)46% (0.06)49% (0.04)Time variables

67% (0.03)68% (0.06)67% (0.06)68% (0.03)All

Missed Mealtime SMBG and Insulin Administration
From the app group (31/45, 69%), a total of 1869 entries were
associated with breakfast, lunch, or dinner and used to analyze
factors that could affect SMBG and insulin administration.

Missed insulin administration had a distribution of 1:5.72 for
true (missed) versus false (administered) outcomes. In contrast,
the outcome missed SMBG had a class distribution of 1:5.44
for true (missed) versus false (checked). LFA created
classification models for each variable group (ie, demographic,
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time, social context, and psychosocial) using the stratified K-fold
approach, as discussed previously. Similar to the previous
experiment, the RF model resulted in the best classification
performance in all metrics compared with other models (the
source code comparing the performance of all machine learning
models is included in Multimedia Appendix 2).

Tables 6 and 7 present the classification results of missed SMBG
and missed insulin administration, respectively. The results
showed mixed sentiments on the predictive power of individual
groups of indicators on self-management behavior; however,
their combined effect can be used to infer when the lack of
SMBG or insulin administration occurred with high accuracy
and high precision.

Table 6. Missing mealtime blood glucose measurement classification results.

Brier test (%)F1 score (%)Recall (%)Precision (%)Accuracy (%)Feature group

2247623878Demographics

5120421350Time variables

2530552161Social context

3325292274Stress, fatigue, and mood

2533443373Barriers

1248357888All

1338257887All (MCMCa)

aMCMC: Markov chain Monte Carlo.

Table 7. Missing mealtime insulin administration classification results.

Brier test (%)F1 score (%)Recall (%)Precision (%)Accuracy (%)Feature group

3636652565Demographics

4132642159Time variables

5125591649Social context

3225282274Stress, fatigue, and mood

2732442673Barriers

1423146186All

1524155485All (MCMCa)

aMCMC: Markov chain Monte Carlo.

Discussion

Principal Findings
To better understand the factors affecting the self-management
behavior of adolescents with T1D, this study applied machine
learning analyses to construct an LFA using demographic, BG,
and momentary psychosocial and self-management data. The
relative association of the 5 domains of variables for the
predictability of self-management behaviors was compared
using all the variables collectively as the benchmark.

For the demographic data, the results indicated that
demographics were most associated with average daily SMBG
frequency. These results highlight the value of social
determinants of health, as defined by demographics. Although
demographic factors are generally not modifiable, social
determinants of health are increasingly used to adapt care to
those who are most vulnerable and may not receive the full
benefit of current approaches to health care [36,37].

The EMA data were able to infer nonadherence to SMBG and
insulin with high accuracy and precision. Although the recall
score was low, there was high confidence that the nonadherence

events identified by the model are truly nonadherent. A reason
for the lower recall score has to do with the small data sets that
have disparities in the frequencies of observed classes or
outcomes. Nonetheless, this study shows promise in the
collection of larger data sets that would more effectively power
a classifier that is deployable in the real world. These results
also concord with our reported results from the initial statistical
analysis in that (1) demographic features are correlated with
daily SMBG frequencies; (2) features from each group, except
for time points, have a statistically significant impact on SMBG;
and (3) features from each group, except for social context, have
statistically significant inferential power on insulin
administration.

These results support the feasibility and value of integrating
EMA and machine learning to improve behavioral assessment
and automate behavioral pattern recognition in health care
[18,38]. Our learned models show promise in quantifying the
impact of psychosocial factors on self-management. In diabetes,
stress and mood are modifiable factors that may be positively
influenced by coping and problem-solving interventions [39,40].
The use of machine learning and EMA was also seen in a recent
study on tinnitus (the phantom perception of sounds), where an
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RF classifier was applied on EMA data collected from the
TrackYourTinnitus mobile app across devices to predict the
mobile operating system used [41].

Social context also provided a framework for understanding
risk and may be modified by interventions focused on social
competence and problem solving [39]. In previous studies
[42,43], behavioral observations were used to identify patterns
of hand hygiene compliance monitoring, from which we
obtained useful initial insights into which domains of variables
had the most impact on compliance behavior.

Moving forward, the use of primarily intensive self-reported
and passive psychosocial and behavioral data streams combined
with machine learning could provide the basis for
population-based monitoring systems to help guide automated
pattern detection for clinical risk management. For example,
experimental unobtrusive indicators of mealtimes are in
development [44], and insulin administration is available via
pumps [44]. If successful, additional passive data streams would
greatly improve our methodological rigor and reach [45].

The LFA machine learning methods used here should be applied
to a large, diverse sample of patients to confirm and expand the
results reported in this paper. Although passive methods are
increasingly used to infer behavior and psychosocial status
[46,47], there are important subjective experiences, such as
mood, which may continue to require self-reporting. For the
foreseeable future, both self-reported real-time data and passive
data, such as social networking [48], may be integrated to
optimize insights for health care.

Prior research using traditional retrospective questionnaire
methods has focused largely on identifying psychosocial
correlates and predictors of self-management in chronic illness
in general and specifically in diabetes [9]. With a few
exceptions, little research using EMA has been conducted on
diabetes. The few studies conducted have uniquely identified
time-based factors, such as time of day and momentary negative
mood, as related to self-management behaviors [49-51].

Machine learning analyses have been applied in various studies,
focusing largely on the improvement of diabetes management
and control. Earlier studies have constructed and fine-tuned
different machine learning models to predict future BG levels
based on historical physiological data [52-54], detect incorrect
BG measurements [55], predict hypoglycemia [56,57], and
manage insulin dosing [58] and applied it to provide lifestyle

support integrating food recognition and energy expenditure
[59,60]. The study results reported here advance the assessment
and analysis of factors previously associated with
self-management, including stress [49], mood [61,62], stigma
[9,63], and social contexts [8,12]. Our study also uniquely
assesses novel factors not previously studied in the T1D
population, such as fatigue [64], location [65], social contexts
[8], and contextual factors, such as rushing and traveling. The
collected EMA data have a promising ability to infer the 2
diabetes self-management behaviors under study.

Limitations
This study had several limitations. First, although intensive
assessment resulted in a substantial number of observations per
participant, the number of participants was relatively small.
Although the inferential ability of this data was identified during
our empirical analysis, a larger sample size in future iterations
will help produce higher quality results. Second, some of the
data collected here using momentary self-report, such as stress,
may eventually become available as feasible passive data
streams. This could reduce the burden of momentary assessment
for participants and enhance the accuracy and reliability of the
data. Consideration of burden should influence behavioral
sampling strategies and research designs using momentary
assessment. Finally, this study used a self-report of insulin
administration. Moving forward, integration of insulin pumps
or automated insulin administration systems will be necessary
to infer insulin dosing and timing accurately.

Conclusions
On the basis of the current findings, psychosocial context may
be successfully assessed using momentary assessment, combined
with physiological data, and analyzed using machine learning
to optimize, and ultimately automate, health behavior insights.
Similar experiments are needed with larger samples to prioritize
multiple potential domains of influence on health behaviors and
advance the assessment and analytic approaches used here.
Future work validating self-reporting with sensor data will
enhance our ability to use passive indicators of health-related
behaviors. For example, experimental unobtrusive indicators
of mealtimes are in development and, if successful, would
greatly enhance our methodological approach [45]. The LFA
machine learning methods used here will be applied to a large,
diverse sample of patients to confirm and expand the results
reported in this paper.
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Multimedia Appendix 1
Source code for comparing models of daily self-monitoring of blood glucose frequency.
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Multimedia Appendix 2
Source code for comparing models of self-monitoring of blood glucose and insulin administration.
[DOCX File , 8530 KB - mhealth_v10i3e21959_app2.docx ]

References
1. Borchers AT, Uibo R, Gershwin M. The geoepidemiology of type 1 diabetes. Autoimmun Rev 2010 Mar;9(5):A355-A365.

[doi: 10.1016/j.autrev.2009.12.003] [Medline: 19969107]
2. Dabelea D, Mayer-Davis EJ, Saydah S, Imperatore G, Linder B, Divers J, SEARCH for Diabetes in Youth Study. Prevalence

of type 1 and type 2 diabetes among children and adolescents from 2001 to 2009. JAMA 2014 May 07;311(17):1778-1786
[FREE Full text] [doi: 10.1001/jama.2014.3201] [Medline: 24794371]

3. Wen L, Ley RE, Volchkov PY, Stranges PB, Avanesyan L, Stonebraker AC, et al. Innate immunity and intestinal microbiota
in the development of type 1 diabetes. Nature 2008 Oct 23;455(7216):1109-1113 [FREE Full text] [doi: 10.1038/nature07336]
[Medline: 18806780]

4. Wood JR, Miller KM, Maahs DM, Beck RW, DiMeglio LA, Libman IM, T1D Exchange Clinic Network. Most youth with
type 1 diabetes in the T1D Exchange Clinic Registry do not meet American Diabetes Association or International Society
for Pediatric and Adolescent Diabetes clinical guidelines. Diabetes Care 2013 Jul;36(7):2035-2037 [FREE Full text] [doi:
10.2337/dc12-1959] [Medline: 23340893]

5. White NH, Cleary PA, Dahms W, Goldstein D, Malone J, Tamborlane WV, Diabetes ControlComplications Trial
(DCCT)/Epidemiology of Diabetes InterventionsComplications (EDIC) Research Group. Beneficial effects of intensive
therapy of diabetes during adolescence: outcomes after the conclusion of the Diabetes Control and Complications Trial
(DCCT). J Pediatr 2001 Dec;139(6):804-812. [doi: 10.1067/mpd.2001.118887] [Medline: 11743505]

6. Diabetes ControlComplications Trial Research Group, Nathan DM, Genuth S, Lachin J, Cleary P, Crofford O, et al. The
effect of intensive treatment of diabetes on the development and progression of long-term complications in insulin-dependent
diabetes mellitus. N Engl J Med 1993 Sep 30;329(14):977-986. [doi: 10.1056/NEJM199309303291401] [Medline: 8366922]

7. Hilliard ME, De Wit M, Wasserman RM, Butler AM, Evans M, Weissberg-Benchell J, et al. Screening and support for
emotional burdens of youth with type 1 diabetes: strategies for diabetes care providers. Pediatr Diabetes 2018
May;19(3):534-543 [FREE Full text] [doi: 10.1111/pedi.12575] [Medline: 28940936]

8. Wiebe DJ, Helgeson V, Berg CA. The social context of managing diabetes across the life span. Am Psychol 2016
Oct;71(7):526-538 [FREE Full text] [doi: 10.1037/a0040355] [Medline: 27690482]

9. Mulvaney SA, Hood KK, Schlundt DG, Osborn CY, Johnson KB, Rothman RL, et al. Development and initial validation
of the barriers to diabetes adherence measure for adolescents. Diabetes Res Clin Pract 2011 Oct;94(1):77-83 [FREE Full
text] [doi: 10.1016/j.diabres.2011.06.010] [Medline: 21737172]

10. Fitzpatrick SL, Schumann KP, Hill-Briggs F. Problem solving interventions for diabetes self-management and control: a
systematic review of the literature. Diabetes Res Clin Pract 2013 May;100(2):145-161 [FREE Full text] [doi:
10.1016/j.diabres.2012.12.016] [Medline: 23312614]

11. Shiffman S, Stone AA, Hufford MR. Ecological momentary assessment. Annu Rev Clin Psychol 2008;4:1-32. [doi:
10.1146/annurev.clinpsy.3.022806.091415] [Medline: 18509902]

12. Dunton G, Dzubur E, Li M, Huh J, Intille S, McConnell R. Momentary assessment of psychosocial stressors, context, and
asthma symptoms in hispanic adolescents. Behav Modif 2016 Jan;40(1-2):257-280 [FREE Full text] [doi:
10.1177/0145445515608145] [Medline: 26438664]

13. Linas BS, Genz A, Westergaard RP, Chang LW, Bollinger RC, Latkin C, et al. Ecological momentary assessment of illicit
drug use compared to biological and self-reported methods. JMIR Mhealth Uhealth 2016 Mar 15;4(1):e27 [FREE Full text]
[doi: 10.2196/mhealth.4470] [Medline: 26980400]

14. Brannon EE, Cushing CC, Crick CJ, Mitchell TB. The promise of wearable sensors and ecological momentary assessment
measures for dynamical systems modeling in adolescents: a feasibility and acceptability study. Transl Behav Med 2016
Dec;6(4):558-565 [FREE Full text] [doi: 10.1007/s13142-016-0442-4] [Medline: 27678501]

15. Myers TC, Wonderlich SA, Crosby R, Mitchell JE, Steffen KJ, Smyth J, et al. Is multi-impulsive bulimia a distinct type
of bulimia nervosa: psychopathology and EMA findings. Int J Eat Disord 2006 Dec;39(8):655-661. [doi: 10.1002/eat.20324]
[Medline: 16927382]

16. Hedeker D, Mermelstein RJ, Demirtas H. Modeling between-subject and within-subject variances in ecological momentary
assessment data using mixed-effects location scale models. Stat Med 2012 Nov 30;31(27):3328-3336 [FREE Full text]
[doi: 10.1002/sim.5338] [Medline: 22419604]

17. Bishop C. Pattern Recognition and Machine Learning: All "Just the Facts 101" Material. India: Springer; 2013.
18. Kim H, Lee S, Lee S, Hong S, Kang H, Kim N. Depression prediction by using ecological momentary assessment, Actiwatch

data, and machine learning: observational study on older adults living alone. JMIR Mhealth Uhealth 2019 Oct 16;7(10):e14149
[FREE Full text] [doi: 10.2196/14149] [Medline: 31621642]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e21959 | p.306https://mhealth.jmir.org/2022/3/e21959
(page number not for citation purposes)

Zhang et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

https://jmir.org/api/download?alt_name=mhealth_v10i3e21959_app1.docx&filename=bf5665cfcdb011b9b6e96718e77541ba.docx
https://jmir.org/api/download?alt_name=mhealth_v10i3e21959_app1.docx&filename=bf5665cfcdb011b9b6e96718e77541ba.docx
https://jmir.org/api/download?alt_name=mhealth_v10i3e21959_app2.docx&filename=72d5ca3af3428f20367be34d6a0f0a84.docx
https://jmir.org/api/download?alt_name=mhealth_v10i3e21959_app2.docx&filename=72d5ca3af3428f20367be34d6a0f0a84.docx
http://dx.doi.org/10.1016/j.autrev.2009.12.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19969107&dopt=Abstract
http://europepmc.org/abstract/MED/24794371
http://dx.doi.org/10.1001/jama.2014.3201
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24794371&dopt=Abstract
http://europepmc.org/abstract/MED/18806780
http://dx.doi.org/10.1038/nature07336
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18806780&dopt=Abstract
http://europepmc.org/abstract/MED/23340893
http://dx.doi.org/10.2337/dc12-1959
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23340893&dopt=Abstract
http://dx.doi.org/10.1067/mpd.2001.118887
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=11743505&dopt=Abstract
http://dx.doi.org/10.1056/NEJM199309303291401
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=8366922&dopt=Abstract
http://europepmc.org/abstract/MED/28940936
http://dx.doi.org/10.1111/pedi.12575
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28940936&dopt=Abstract
http://europepmc.org/abstract/MED/27690482
http://dx.doi.org/10.1037/a0040355
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27690482&dopt=Abstract
http://europepmc.org/abstract/MED/21737172
http://europepmc.org/abstract/MED/21737172
http://dx.doi.org/10.1016/j.diabres.2011.06.010
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21737172&dopt=Abstract
http://europepmc.org/abstract/MED/23312614
http://dx.doi.org/10.1016/j.diabres.2012.12.016
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23312614&dopt=Abstract
http://dx.doi.org/10.1146/annurev.clinpsy.3.022806.091415
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18509902&dopt=Abstract
http://europepmc.org/abstract/MED/26438664
http://dx.doi.org/10.1177/0145445515608145
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26438664&dopt=Abstract
https://mhealth.jmir.org/2016/1/e27/
http://dx.doi.org/10.2196/mhealth.4470
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26980400&dopt=Abstract
http://europepmc.org/abstract/MED/27678501
http://dx.doi.org/10.1007/s13142-016-0442-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27678501&dopt=Abstract
http://dx.doi.org/10.1002/eat.20324
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16927382&dopt=Abstract
http://europepmc.org/abstract/MED/22419604
http://dx.doi.org/10.1002/sim.5338
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22419604&dopt=Abstract
https://mhealth.jmir.org/2019/10/e14149/
http://dx.doi.org/10.2196/14149
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31621642&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


19. Mulvaney SA, Vaala S, Hood KK, Lybarger C, Carroll R, Williams L, et al. Mobile momentary assessment and biobehavioral
feedback for adolescents with type 1 diabetes: feasibility and engagement patterns. Diabetes Technol Ther 2018
Jul;20(7):465-474 [FREE Full text] [doi: 10.1089/dia.2018.0064] [Medline: 29882677]

20. Zhang P, Schmidt D, White J, Mulvaney S. Towards precision behavioral medicine with the internet of things (IoT): iterative
design and optimization of a self-management tool for type 1 diabetes. In: Proceedings of the 2018 IEEE International
Conference on Healthcare Informatics (ICHI). 2018 Presented at: IEEE International Conference on Healthcare Informatics
(ICHI); Jun 4-7, 2018; New York, USA. [doi: 10.1109/ichi.2018.00015]

21. Mulvaney SA, Vaala SE, Carroll RB, Williams LK, Lybarger CK, Schmidt DC, et al. A mobile app identifies momentary
psychosocial and contextual factors related to mealtime self-management in adolescents with type 1 diabetes. J Am Med
Inform Assoc 2019 Dec 01;26(12):1627-1631 [FREE Full text] [doi: 10.1093/jamia/ocz147] [Medline: 31529065]

22. iHealth COVID-19 antigen rapid test. iHealth. URL: https://ihealthlabs.com [accessed 2022-01-28]
23. Miller KM, Foster NC, Beck RW, Bergenstal RM, DuBose SN, DiMeglio LA, T1D Exchange Clinic Network. Current

state of type 1 diabetes treatment in the U.S.: updated data from the T1D Exchange clinic registry. Diabetes Care 2015
Jun;38(6):971-978. [doi: 10.2337/dc15-0078] [Medline: 25998289]

24. Zhang P, White J, Schmidt D. Architectures and patterns for leveraging high-frequency, low-fidelity data in the healthcare
domain. In: Proceedings of the 2018 IEEE International Conference on Healthcare Informatics (ICHI). 2018 Presented at:
2018 IEEE International Conference on Healthcare Informatics (ICHI); Jun 4-7, 2018; New York, USA. [doi:
10.1109/ichi.2018.00104]

25. Dudani SA. The distance-weighted k-nearest-neighbor rule. IEEE Trans Syst Man Cybern 1976 Apr;SMC-6(4):325-327.
[doi: 10.1109/TSMC.1976.5408784]

26. Seber G, Lee A. Linear Regression Analysis, Second Edition. Hoboken, New Jersey, United States: Wiley; 2003.
27. Liaw A, Wiener M. Classification and regression by randomForest. R News 2002 Dec;2/3:18-22.
28. Suykens J, Vandewalle J. Least squares support vector machine classifiers. Neural Process Lett 1999;9(3):293-300. [doi:

10.1023/A:1018628609742]
29. Chawla NV, Japkowicz N, Kotcz A. Editorial: special issue on learning from imbalanced data sets. ACM SIGKDD

Explorations Newsletter 2004 Jun;6(1):1-6. [doi: 10.1145/1007730.1007733]
30. Chawla NV, Bowyer KW, Hall LO, Kegelmeyer WP. SMOTE: Synthetic Minority Over-sampling Technique. J Artif Intell

Res 2002 Jun 01;16:321-357. [doi: 10.1613/jair.953]
31. -. An experiment with the edited nearest-neighbor rule. IEEE Trans Syst Man Cybern 1976 Jun;SMC-6(6):448-452. [doi:

10.1109/tsmc.1976.4309523]
32. Blagus R, Lusa L. Evaluation of SMOTE for high-dimensional class-imbalanced microarray data. In: Proceedings of the

2012 11th International Conference on Machine Learning and Applications. 2012 Presented at: 2012 11th International
Conference on Machine Learning and Applications; Dec 12-15, 2012; Boca Raton, FL, USA. [doi: 10.1109/icmla.2012.183]

33. Elhassan AT, Aljourf M, Al-Mohanna F, Shoukri M. Classification of Imbalance Data using Tomek Link (T-Link) combined
with Random Under-sampling (RUS) as a data reduction method. Global J Technol Optim 2016;01(S1). [doi:
10.4172/2229-8711.s1111]

34. Thai-Nghe N, Schmidt-Thieme L. Learning optimal threshold on resampling data to deal with class imbalance. In: Proceedings
of the IEEE RIVF International Conference on Computing and Telecommunication Technologies. 2010 Presented at: IEEE
RIVF International Conference on Computing and Telecommunication Technologies; Nov 1-4, 2010; Hanoi, Vietnam.

35. Kotsiantis S, Kanellopoulos D, Pintelas P. Handling imbalanced datasets: a review. GESTS Int Transactions Comput Sci
Eng 2006;30(1):36 [FREE Full text]

36. Zeng X, Martinez TR. Distribution-balanced stratified cross-validation for accuracy estimation. J Exper Theor Artificial
Intell 2000 Jan;12(1):1-12. [doi: 10.1080/095281300146272]

37. Qian SS, Stow CA, Borsuk ME. On Monte Carlo methods for Bayesian inference. Ecological Modelling 2003
Jan;159(2-3):269-277. [doi: 10.1016/s0304-3800(02)00299-5]

38. Diez Roux AV, Katz M, Crews DC, Ross D, Adler N. Social and behavioral information in electronic health records: new
opportunities for medicine and public health. Am J Prev Med 2015 Dec;49(6):980-983. [doi: 10.1016/j.amepre.2015.08.027]
[Medline: 26590943]

39. Whittemore R, Jaser SS, Jeon S, Liberti L, Delamater A, Murphy K, et al. An internet coping skills training program for
youth with type 1 diabetes. Nursing Res 2012;61(6):395-404. [doi: 10.1097/nnr.0b013e3182690a29]

40. Kumah-Crystal YA, Hood KK, Ho Y, Lybarger CK, O'Connor BH, Rothman RL, et al. Technology use for diabetes problem
solving in adolescents with type 1 diabetes: relationship to glycemic control. Diabetes Technol Ther 2015 Jul;17(7):449-454
[FREE Full text] [doi: 10.1089/dia.2014.0422] [Medline: 25826706]

41. Probst T, Pryss R, Langguth B, Schlee W. Emotional states as mediators between tinnitus loudness and tinnitus distress in
daily life: results from the "TrackYourTinnitus" application. Sci Rep 2016 Feb 08;6:20382 [FREE Full text] [doi:
10.1038/srep20382] [Medline: 26853815]

42. Zhang P, Rodriguez-Cancio M, Schmidt D, White J, Dennis T. Discussions of a preliminary hand hygiene compliance
monitoring application-as-a-service. In: Proceedings of the HEALTHINF. 2017 Presented at: HEALTHINF; Feb 21-23,
2017; Porto, Portugal. [doi: 10.5220/0006293705370544]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e21959 | p.307https://mhealth.jmir.org/2022/3/e21959
(page number not for citation purposes)

Zhang et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://europepmc.org/abstract/MED/29882677
http://dx.doi.org/10.1089/dia.2018.0064
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29882677&dopt=Abstract
http://dx.doi.org/10.1109/ichi.2018.00015
http://europepmc.org/abstract/MED/31529065
http://dx.doi.org/10.1093/jamia/ocz147
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31529065&dopt=Abstract
https://ihealthlabs.com
http://dx.doi.org/10.2337/dc15-0078
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25998289&dopt=Abstract
http://dx.doi.org/10.1109/ichi.2018.00104
http://dx.doi.org/10.1109/TSMC.1976.5408784
http://dx.doi.org/10.1023/A:1018628609742
http://dx.doi.org/10.1145/1007730.1007733
http://dx.doi.org/10.1613/jair.953
http://dx.doi.org/10.1109/tsmc.1976.4309523
http://dx.doi.org/10.1109/icmla.2012.183
http://dx.doi.org/10.4172/2229-8711.s1111
https://www.researchgate.net/publication/228084509_Handling_imbalanced_datasets_A_review
http://dx.doi.org/10.1080/095281300146272
http://dx.doi.org/10.1016/s0304-3800(02)00299-5
http://dx.doi.org/10.1016/j.amepre.2015.08.027
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26590943&dopt=Abstract
http://dx.doi.org/10.1097/nnr.0b013e3182690a29
http://europepmc.org/abstract/MED/25826706
http://dx.doi.org/10.1089/dia.2014.0422
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25826706&dopt=Abstract
https://doi.org/10.1038/srep20382
http://dx.doi.org/10.1038/srep20382
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26853815&dopt=Abstract
http://dx.doi.org/10.5220/0006293705370544
http://www.w3.org/Style/XSL
http://www.renderx.com/


43. Zhang P, White J, Schmidt D, Dennis T. Applying machine learning methods to predict hand hygiene compliance
characteristics. In: Proceedings of the 2017 IEEE EMBS International Conference on Biomedical & Health Informatics
(BHI). 2017 Presented at: 2017 IEEE EMBS International Conference on Biomedical & Health Informatics (BHI); Feb
16-19, 2017; Orlando, FL, USA. [doi: 10.1109/bhi.2017.7897278]

44. Farooq M, Sazonov E. Accelerometer-based detection of food intake in free-living individuals. IEEE Sens J 2018 May
01;18(9):3752-3758 [FREE Full text] [doi: 10.1109/JSEN.2018.2813996] [Medline: 30364677]

45. Samadi S, Rashid M, Turksoy K, Feng J, Hajizadeh I, Hobbs N, et al. Automatic detection and estimation of unannounced
meals for multivariable artificial pancreas system. Diabetes Technol Ther 2018 Mar;20(3):235-246 [FREE Full text] [doi:
10.1089/dia.2017.0364] [Medline: 29406789]

46. Gimpel H, Regal C, Schmidt M. myStress: unobtrusive smartphone-based stress detection. In: Proceedings of the European
Conference on Information Systems. 2015 Presented at: European Conference on Information Systems; May 26-29, 2015;
Münster, Germany.

47. Asselbergs J, Ruwaard J, Ejdys M, Schrader N, Sijbrandij M, Riper H. Mobile phone-based unobtrusive ecological momentary
assessment of day-to-day mood: an explorative study. J Med Internet Res 2016 Mar 29;18(3):e72 [FREE Full text] [doi:
10.2196/jmir.5505] [Medline: 27025287]

48. Laranjo L, Arguel A, Neves AL, Gallagher AM, Kaplan R, Mortimer N, et al. The influence of social networking sites on
health behavior change: a systematic review and meta-analysis. J Am Med Inform Assoc 2015 Jan;22(1):243-256 [FREE
Full text] [doi: 10.1136/amiajnl-2014-002841] [Medline: 25005606]

49. Merwin RM, Dmitrieva NO, Honeycutt LK, Moskovich AA, Lane JD, Zucker NL, et al. Momentary predictors of insulin
restriction among adults with type 1 diabetes and eating disorder symptomatology. Diabetes Care 2015 Nov;38(11):2025-2032
[FREE Full text] [doi: 10.2337/dc15-0753] [Medline: 26384389]

50. Mulvaney SA, Rothman RL, Dietrich MS, Wallston KA, Grove E, Elasy TA, et al. Using mobile phones to measure
adolescent diabetes adherence. Health Psychol 2012 Jan;31(1):43-50 [FREE Full text] [doi: 10.1037/a0025543] [Medline:
21967662]

51. Merwin RM, Moskovich AA, Honeycutt LK, Lane JD, Feinglos M, Surwit RS, et al. Time of day when type 1 diabetes
patients with eating disorder symptoms most commonly restrict insulin. Psychosom Med 2018;80(2):222-229. [doi:
10.1097/psy.0000000000000550]

52. Georga E, Protopappas V, Fotiadis D. Glucose prediction in type 1 and type 2 diabetic patients using data driven techniques.
In: Knowledge-Oriented Applications in Data Mining. London, United Kingdom: IntechOpen; 2011.

53. Wang Y, Wu X, Mo X. A novel adaptive-weighted-average framework for blood glucose prediction. Diabetes Technol
Ther 2013 Oct;15(10):792-801 [FREE Full text] [doi: 10.1089/dia.2013.0104] [Medline: 23883406]

54. Ståhl F. Diabetes mellitus glucose prediction by linear and Bayesian ensemble modeling. Lund University. 2012. URL:
https://portal.research.lu.se/en/publications/diabetes-mellitus-glucose-prediction-by-linear-and-bayesian-ensem [accessed
2022-01-31]

55. Bondia J, Tarín C, García-Gabin W, Esteve E, Fernández-Real JM, Ricart W, et al. Using support vector machines to detect
therapeutically incorrect measurements by the MiniMed CGMS. J Diabetes Sci Technol 2008 Jul;2(4):622-629 [FREE Full
text] [doi: 10.1177/193229680800200413] [Medline: 19885238]

56. Sudharsan B, Peeples M, Shomali M. Hypoglycemia prediction using machine learning models for patients with type 2
diabetes. J Diabetes Sci Technol 2015 Jan;9(1):86-90 [FREE Full text] [doi: 10.1177/1932296814554260] [Medline:
25316712]

57. Biester T, Kordonouri O, Holder M, Remus K, Kieninger-Baum D, Wadien T, et al. "Let the algorithm do the work":
reduction of hypoglycemia using sensor-augmented pump therapy with predictive insulin suspension (SmartGuard) in
pediatric type 1 diabetes patients. Diabetes Technol Ther 2017 Mar;19(3):173-182 [FREE Full text] [doi:
10.1089/dia.2016.0349] [Medline: 28099035]

58. Bastani M. Model-free intelligent diabetes management using machine learning. University of Alberta. URL: https://era.
library.ualberta.ca/items/fee1e7a7-1993-43f6-8d93-1d93855f6275 [accessed 2022-01-31]

59. Kawano Y, Yanai K. Real-time mobile food recognition system. In: Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition Workshops. 2013 Presented at: Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition Workshops; Jun 23 - 28, 2013; Portland, Oregon. [doi: 10.1109/cvprw.2013.5]

60. Ellis K, Kerr J, Godbole S, Lanckriet G, Wing D, Marshall S. A random forest classifier for the prediction of energy
expenditure and type of physical activity from wrist and hip accelerometers. Physiol Meas 2014 Nov;35(11):2191-2203
[FREE Full text] [doi: 10.1088/0967-3334/35/11/2191] [Medline: 25340969]

61. Lansing AH, Berg CA, Butner J, Wiebe DJ. Self-control, daily negative affect, and blood glucose control in adolescents
with type 1 diabetes. Health Psychol 2016 Mar 25:10.1037/hea0000325 (forthcoming) [FREE Full text] [doi:
10.1037/hea0000325] [Medline: 26914647]

62. Pugach O, Hedeker D, Richmond M, Sokolovsky A, Mermelstein R. Modeling mood variation and covariation among
adolescent smokers: application of a bivariate location-scale mixed-effects model. Nicotine Tob Res 2014 May;16 Suppl
2:S151-S158 [FREE Full text] [doi: 10.1093/ntr/ntt143] [Medline: 24052502]

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e21959 | p.308https://mhealth.jmir.org/2022/3/e21959
(page number not for citation purposes)

Zhang et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1109/bhi.2017.7897278
http://europepmc.org/abstract/MED/30364677
http://dx.doi.org/10.1109/JSEN.2018.2813996
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30364677&dopt=Abstract
http://europepmc.org/abstract/MED/29406789
http://dx.doi.org/10.1089/dia.2017.0364
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29406789&dopt=Abstract
https://www.jmir.org/2016/3/e72/
http://dx.doi.org/10.2196/jmir.5505
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27025287&dopt=Abstract
http://europepmc.org/abstract/MED/25005606
http://europepmc.org/abstract/MED/25005606
http://dx.doi.org/10.1136/amiajnl-2014-002841
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25005606&dopt=Abstract
http://europepmc.org/abstract/MED/26384389
http://dx.doi.org/10.2337/dc15-0753
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26384389&dopt=Abstract
http://europepmc.org/abstract/MED/21967662
http://dx.doi.org/10.1037/a0025543
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21967662&dopt=Abstract
http://dx.doi.org/10.1097/psy.0000000000000550
http://europepmc.org/abstract/MED/23883406
http://dx.doi.org/10.1089/dia.2013.0104
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23883406&dopt=Abstract
https://portal.research.lu.se/en/publications/diabetes-mellitus-glucose-prediction-by-linear-and-bayesian-ensem
http://europepmc.org/abstract/MED/19885238
http://europepmc.org/abstract/MED/19885238
http://dx.doi.org/10.1177/193229680800200413
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19885238&dopt=Abstract
http://europepmc.org/abstract/MED/25316712
http://dx.doi.org/10.1177/1932296814554260
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25316712&dopt=Abstract
http://europepmc.org/abstract/MED/28099035
http://dx.doi.org/10.1089/dia.2016.0349
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28099035&dopt=Abstract
https://era.library.ualberta.ca/items/fee1e7a7-1993-43f6-8d93-1d93855f6275
https://era.library.ualberta.ca/items/fee1e7a7-1993-43f6-8d93-1d93855f6275
http://dx.doi.org/10.1109/cvprw.2013.5
http://europepmc.org/abstract/MED/25340969
http://dx.doi.org/10.1088/0967-3334/35/11/2191
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25340969&dopt=Abstract
http://europepmc.org/abstract/MED/26914647
http://dx.doi.org/10.1037/hea0000325
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26914647&dopt=Abstract
http://europepmc.org/abstract/MED/24052502
http://dx.doi.org/10.1093/ntr/ntt143
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24052502&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


63. Schabert J, Browne JL, Mosely K, Speight J. Social stigma in diabetes : a framework to understand a growing problem for
an increasing epidemic. Patient 2013;6(1):1-10. [doi: 10.1007/s40271-012-0001-0] [Medline: 23322536]

64. Cai RA, Beste D, Chaplin H, Varakliotis S, Suffield L, Josephs F, et al. Developing and evaluating JIApp: acceptability
and usability of a smartphone app system to improve self-management in young people with juvenile idiopathic arthritis.
JMIR Mhealth Uhealth 2017 Aug 15;5(8):e121 [FREE Full text] [doi: 10.2196/mhealth.7229] [Medline: 28811270]

65. Li T, Lin G. Examining the role of location-specific associations between ambient air pollutants and adult asthma in the
United States. Health Place 2014 Jan;25:26-33. [doi: 10.1016/j.healthplace.2013.10.007] [Medline: 24216026]

Abbreviations
BG: blood glucose
EMA: ecologic momentary assessment
KNN: k-nearest neighbors
LFA: learned filtering architectureRF: random forestSMBG: self-monitoring of blood glucose
T1D: type 1 diabetes

Edited by L Buis; submitted 29.06.20; peer-reviewed by S Rostam Niakan Kalhori, H Suominen, J Chen; comments to author 21.10.20;
revised version received 16.07.21; accepted 15.12.21; published 03.03.22.

Please cite as:
Zhang P, Fonnesbeck C, Schmidt DC, White J, Kleinberg S, Mulvaney SA
Using Momentary Assessment and Machine Learning to Identify Barriers to Self-management in Type 1 Diabetes: Observational
Study
JMIR Mhealth Uhealth 2022;10(3):e21959
URL: https://mhealth.jmir.org/2022/3/e21959 
doi:10.2196/21959
PMID:35238791

©Peng Zhang, Christopher Fonnesbeck, Douglas C Schmidt, Jules White, Samantha Kleinberg, Shelagh A Mulvaney. Originally
published in JMIR mHealth and uHealth (https://mhealth.jmir.org), 03.03.2022. 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 JMIR mHealth and uHealth, is
properly cited. The complete bibliographic information, a link to the original publication on https://mhealth.jmir.org/, as well as
this copyright and license information must be included.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e21959 | p.309https://mhealth.jmir.org/2022/3/e21959
(page number not for citation purposes)

Zhang et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1007/s40271-012-0001-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23322536&dopt=Abstract
https://mhealth.jmir.org/2017/8/e121/
http://dx.doi.org/10.2196/mhealth.7229
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28811270&dopt=Abstract
http://dx.doi.org/10.1016/j.healthplace.2013.10.007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24216026&dopt=Abstract
https://mhealth.jmir.org/2022/3/e21959
http://dx.doi.org/10.2196/21959
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35238791&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Viewpoint

Leveraging Polio Geographic Information System Platforms in the
African Region for Mitigating COVID-19 Contact Tracing and
Surveillance Challenges: Viewpoint

Godwin Ubong Akpan1, BEng, MSc, PhD; Isah Mohammed Bello1, BSc, MSc; Kebba Touray1, BSc, MSc; Reuben

Ngofa1, BSc, MSc; Daniel Rasheed Oyaole2, MSc; Sylvester Maleghemi3, MD, MSc; Marie Babona1, BSc, MSc;

Chanda Chikwanda1, BSc, MPH; Alain Poy1, BSc, MSc; Franck Mboussou1, MD, MPH; Opeayo Ogundiran1, MD,

MPH; Benido Impouma1, MD, MPH; Richard Mihigo1, MD, MPH; Nda Konan Michel Yao1, MD, MPH; Johnson

Muluh Ticha1, MD, MPH; Jude Tuma4, MSc, PhD; Hani Farouk A Mohamed1, BEng, MSc, DBA; Kehinde Kanmodi5,

BDS; Nonso Ephraim Ejiofor1, MD, MBA; John Kapoi Kipterer1, BSc, MSc; Casimir Manengu1, MD, MPH; Francis

Kasolo1, MD, PhD; Vincent Seaman6, PhD; Pascal Mkanda1, MD, MPH
1Regional Office of Africa, World Health Organization, Brazzaville, Congo
2World Health Organization, Abuja, Nigeria
3World Health Organization, Juba, South Sudan
4World Health Organization, Geneva, Switzerland
5School of Health and Life Sciences, Teesside University, Middlesbrough, United Kingdom
6Bill and Melinda Gates Foundation, Seattle, WA, United States

Corresponding Author:
Godwin Ubong Akpan, BEng, MSc, PhD
Regional Office of Africa
World Health Organization
World Health Organization,Regional Office for Africa
Cite Du Djoue
Brazzaville, 500101
Congo
Phone: 242 055736476
Email: akpang@who.int

Abstract

Background: The ongoing COVID-19 pandemic in Africa is an urgent public health crisis. Estimated models projected over
150,000 deaths and 4,600,000 hospitalizations in the first year of the disease in the absence of adequate interventions. Therefore,
electronic contact tracing and surveillance have critical roles in decreasing COVID-19 transmission; yet, if not conducted properly,
these methods can rapidly become a bottleneck for synchronized data collection, case detection, and case management. While
the continent is currently reporting relatively low COVID-19 cases, digitized contact tracing mechanisms and surveillance reporting
are necessary for standardizing real-time reporting of new chains of infection in order to quickly reverse growing trends and halt
the pandemic.

Objective: This paper aims to describe a COVID-19 contact tracing smartphone app that includes health facility surveillance
with a real-time visualization platform. The app was developed by the AFRO (African Regional Office) GIS (geographic
information system) Center, in collaboration with the World Health Organization (WHO) emergency preparedness and response
team. The app was developed through the expertise and experience gained from numerous digital apps that had been developed
for polio surveillance and immunization via the WHO’s polio program in the African region.

Methods: We repurposed the GIS infrastructures of the polio program and the database structure that relies on mobile data
collection that is built on the Open Data Kit. We harnessed the technology for visualization of real-time COVID-19 data using
dynamic dashboards built on Power BI, ArcGIS Online, and Tableau. The contact tracing app was developed with the pragmatic
considerations of COVID-19 peculiarities. The app underwent testing by field surveillance colleagues to meet the requirements
of linking contacts to cases and monitoring chains of transmission. The health facility surveillance app was developed from the
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knowledge and assessment of models of surveillance at the health facility level for other diseases of public health importance.
The Integrated Supportive Supervision app was added as an appendage to the pre-existing paper-based surveillance form. These
two mobile apps collected information on cases and contact tracing, alongside alert information on COVID-19 reports at the
health facility level; the information was linked to visualization platforms in order to enable actionable insights.

Results: The contact tracing app and platform were piloted between April and June 2020; they were then put to use in Zimbabwe,
Benin, Cameroon, Uganda, Nigeria, and South Sudan, and their use has generated some palpable successes with respect to
COVID-19 surveillance. However, the COVID-19 health facility–based surveillance app has been used more extensively, as it
has been used in 27 countries in the region.

Conclusions: In light of the above information, this paper was written to give an overview of the app and visualization platform
development, app and platform deployment, ease of replicability, and preliminary outcome evaluation of their use in the field.
From a regional perspective, integration of contact tracing and surveillance data into one platform provides the AFRO with a
more accurate method of monitoring countries’ efforts in their response to COVID-19, while guiding public health decisions and
the assessment of risk of COVID-19.

(JMIR Mhealth Uhealth 2022;10(3):e22544)   doi:10.2196/22544

KEYWORDS

contact tracing; GIS; COVID-19; surveillance

Introduction

Since the confirmation of COVID-19 in Wuhan, China, in late
December 2019 [1], the disease continues to spread globally.
The African region has not been spared [2]. As of July 5, 2020,
the continent has recorded 466,300 cases and 11,121 deaths
across all countries. Currently, the African continent, which
makes up about 16.7% of the world’s population, accounts for
4% of the global cases [3]. Existing evidence shows that
countries that have implemented public health measures,
including rapid case identification, testing, isolation, contact
tracing, and quarantine of contacts, at the onset of outbreaks
have suppressed the spread of COVID-19 to low thresholds,
ones that do not overwhelm existing health systems. In those
countries, excess mortality has been prevented as they have
been able to deliver quality clinical care and minimize secondary
mortality due to other causes through the continuity of essential
health services [4]. With no available vaccine or therapeutics,
contact tracing, social distancing, and quarantine are the only
available strategies for controlling the pandemic. In Africa,
where testing capacity varies greatly and is very limited in most
of its member states, the importance of contact tracing in
stopping further progression of COVID-19 cannot be
overemphasized.

Contact tracing is a process that involves early case recognition,
isolation, and tracking of people who have been exposed to a
disease [5,6]. It is an essential public health tool (Textbox 1
[7-11]) for breaking human chains of transmission and has been
used extensively in the control of different types of infectious
disease outbreaks. Recent studies on COVID-19 surveillance
(Textbox 1) have used digital contact tracing combined with
other measures, such as social distancing and quarantine, to
demonstrate a greater effect on the reduction of new COVID-19
cases [12]. Pertinently, Wei et al [13] and Ng et al [14]
demonstrated the public health importance of contact tracing
on both asymptomatic and presymptomatic persons infected
with COVID-19; these are considered silent drivers of
COVID-19 infection.

The implementation of an efficient contact tracing system can
vary depending on the place and the type of disease. In the case
of COVID-19, for instance, controlling the epidemic with a
comprehensive contact tracing system guides the type of
intervention to be used (ie, self-monitored quarantine for
presymptomatic and asymptomatic contacts for the duration of
the incubation), whereas those with severe active disease may
be hospitalized. Additionally, in most scenarios, simple
traditional and manual contact tracing methods can be effective
at the beginning of outbreaks when the numbers are low;
however, large-scale epidemics and pandemics require newer
digital contact tracing methods. During highly infectious
pandemics, such as the current COVID-19 pandemic where
very large populations are affected, it is pertinent to use digital
solutions to effectively locate contacts who have been exposed
to people with the disease as well as to monitor them
consistently, especially those currently on home care and
self-isolation.

Numerous types of contact tracing methods have been
implemented during different pandemics and endemics, and
their effectiveness largely depends on the tools used [15].
Geographic information system (GIS) technology and big data
analytics are major tools used in contact tracing during large
outbreaks. GIS technology had been used successfully in the
past to identify the rate of transmission and corresponding
incidences of notorious airborne diseases [16]. Also, big data
analytics have been used successfully for real-time contact
tracing of disease outbreaks in livestock, as well as with other
highly contagious viral respiratory diseases, such as SARS and
fibromuscular dysplasia [17,18].

Over the years, scientific data collated by the World Health
Organization’s (WHO) emergency preparedness and response
(EPR) unit showed that most countries in Africa are struggling
to implement efficient contact tracing methods.This has greatly
increased the number of new community-transmitted COVID-19
cases; this is a very critical situation for the continent, as it has
been predicted to be the next hot spot for the coronavirus [19].
To effectively curb the problem of inefficient contact tracing
in Africa, the WHO has sought the support of the African
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Regional Office (AFRO) GIS to build a GIS-enabled tool for
contact tracing that is pertinent to the African continent. Since
2017, the AFRO GIS Center has put in place mobile-based
solutions to collect health information in near real time and,
thus, has access to health program implementation and can
measure the effectiveness of interventions. The tools provided
by the center contributed significantly to the successes recorded
with polio certification efforts [20]. In the course of proferring
a workable solution, the AFRO GIS Center developed an
application model (Textbox 1)—a GIS-enabled tool—for contact
tracing for COVID-19 surveillance. In this paper, we present a
robust and efficient contact tracing app that can be used across

Africa to effectively respond to the COVID-19 outbreak. This
app builds on effective tools, such as the Open Data Kit (ODK)
[21], to collect and manage data in a constrained environment,
combined with the AFRO Polio GIS platform (Textbox 1) [22],
in order to locate, identify, monitor, and track contacts during
the COVID-19 pandemic or any other large-scale pandemic.
However, before proceeding to the description of the app, it
will be of relevance to give an overview of a very important
COVID-19 surveillance problem in Africa: the problem of
contact tracing, in which the quest for solving this particular
problem led to the development, deployment, and use of the
app in Africa.

Textbox 1. Definition of selected terms.

Application: a program or group of programs designed for end users. Examples of an application include a word processor, a spreadsheet, an accounting
application, a web browser, an email client, a media player, a file viewer, a simulator, a console game, or a photo editor [7].

Platform: a computing platform or digital platform is the environment in which a piece of software is executed. It may be the hardware, the operating
system, a web browser and its associated application programming interfaces, or other underlying software, as long as the program code is executed
with it [8].

Module: a section of an application or app that focuses on a unique set of deliverables or assessments [9].

Surveillance: an epidemiological practice by which the spread of disease is monitored via data collection in order to establish patterns of progression.
The main role of disease surveillance is to predict, observe, and minimize the harm caused by outbreak, epidemic, and pandemic situations, as well
as to increase knowledge about which factors contribute to such circumstances. A key part of modern disease surveillance is the practice of disease
case reporting [10].

Tool: a programming tool or software development tool is a computer program that software developers use to create, debug, maintain, or otherwise
support other programs and applications [11].

Effective Contact Tracing: The African
Problem Regarding COVID-19
Surveillance

Contact tracing is a very serious limitation in disease
surveillance in Africa. As shown in Figure S1 in Multimedia
Appendix 1, the problems associated with contact tracing in
many African countries include an inadequate number of skilled
personnel who are already overstretched, suboptimal technology
and tools, underfunded health systems, and poor infrastructure
with associated myths, rumors, and communication barriers.

WHO AFRO–Recommended Solutions
for Contact Tracing in Africa: Key Points

Overview
The WHO’s AFRO GIS Center considered different scenarios
during preliminary discussions in March 2020, with the
COVID-19 incident management team managing the regional
response at WHO’s regional office. During these preliminary
discussions, it was highlighted that the best contact tracing
solution would leverage existing GIS platforms and would be
deployed to fill the current gaps known in COVID-19
surveillance and to help address existing challenges with contact
tracing (Figure S1 in Multimedia Appendix 1).

It was noted that while traditional contact tracing could still
work in places with few contacts, these approaches would be
constrained in countries with many contacts, coupled with the
impact of lockdowns on contact tracing [23]. Consequently, the

technical team that was tasked to review different possible
solutions to the problems associated with contact tracing in
Africa recommended the following:

1. The rapid development of a GIS-enabled COVID-19
self-reporting contact tracing app.

2. The rapid deployment of a contact registration and
follow-up app by COVID-19 surveillance teams in-country.

3. Visualization of field surveillance and reporting with
interactive and near real-time dashboards.

4. COVID-19 surveillance at the health facility level to assess
the preparedness and readiness of health systems to cope
with COVID-19 at this reporting level.

Following the review, Benin and Zimbabwe were selected based
on their indication of interest to immediately use some or all
aspects of the platform.

The Rapid Development of a GIS-Enabled COVID-19
Self-reporting Contact Tracing App

Overview
At the very early stage of the COVID-19 outbreak in Africa,
the AFRO GIS Center leveraged the success of its contribution
in the eradication of polio in the African region. Coupled with
its surveillance experience over the years [24] and in
collaboration with the WHO EPR team, the AFRO GIS Center
was able to develop some novel tools for immediate field
deployment to collect real-time data and monitor the COVID-19
pandemic in the field by surveillance personnel. Different
technologies were used to develop and integrate this rapid
intervention (ie, the COVID-19 app used by surveillance
personnel); these included the following: ODK technology [25]
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and stacks via Ona, which is an open-source tool. These tools
are housed and secured inside the WHO infrastructure, primarily
for real-time data collection in the field; these include the use
of external tools like ArcGIS Online [26], Power BI [27],
application programming interfaces (APIs), KoBoToolbox [28],
and DHIS2 (District Health Information Software 2) [29] for
contact tracing and visualization processes. ArcGIS Online and
Power BI are data visualization platforms that have different
use cases for real-time data visualization.

Shortly after the development and deployment of the
above-described application for COVID-19 surveillance
personnel, the AFRO GIS Center went ahead to develop a
GIS-enabled COVID-19 self-reporting contact tracing app for
registering and following up contacts by the surveillance teams
in-country, in accordance with the recommendations of the
COVID-19 incident management team of the WHO AFRO.
The developed app enables contacts in home-based care,
self-isolation, and in quarantine centers to provide daily updates
on their health condition. In addition, the app provides an
opportunity for these contacts to be able to identify the nearest
health facility to which they can quickly report if they develop
any symptoms of the disease. Importantly, the traditional
in-country contact tracing teams are also able to register and
follow up contacts and cases with the app or any other app that
the country may opt for. If the country opts for other apps, the
solution allows for interoperability of the toolbox, which enables

aggregating, analyzing, and visualizing of the data in the same
regional dashboards.

Figure S2 in Multimedia Appendix 1 depicts the architecture
of the COVID-19 self-reporting contact tracing app developed
by the AFRO GIS Center, in collaboration with the WHO EPR
team. The app has the following three components: (1) a data
collection component, (2) an API component, and (3) a polio
GIS toolbox and platform.

Data Collection Component

Overview

The architecture was structured to accommodate a wide range
of data collection tools, giving countries the liberty to use the
WHO data collection tool or any data collection tool that best
suits them, such as KoBoToolbox and DHIS2. These data
collection tools are then imported in real time into the polio GIS
platform for analysis and visualization. These tools are
summarized in the following sections.

COVID-19 Self-report Form

This form was structured to collect details and the daily status
of a case or contact under quarantine or being followed up for
the mandatory 14-day period. It enables the individual to
self-report his or her daily status and submit to the central
servers for monitoring and feedback (Figure 1).

Figure 1. An example of a self-report form for use with widespread contacts.

COVID-19 Case Investigation Form

This form was structured to collect the details and profiles of
confirmed, suspected, and probable cases. The form can also
collect the medical provider’s information, patient information,
clinical information, travel history, and final classification of
the case. It is important to note that this form is linked to the
contact listing form; as such, the case phone number or a
concatenation of the country, province, district, and case number
is used as a unique identifier for referencing and following up.
This form is used by health personnel at the health facility level
once a COVID-19 case is suspected.

Contact Listing and Follow-up Form

This form is divided into two components: the first component
is used to collect the contacts of a confirmed case (ie, contact
tracing form), and the second component is used to collect and
record the temperature reading of a case contact for 14 days (ie,
contact follow-up and self-reporting). This form references the
actual case for those contacts that could be linked to a
COVID-19 case.

Contact Registration Form

Every contact connected to a case is expected to be registered
in the COVID-19 database. A prompt is shown at the beginning
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of the form that allows for contact registration. The index case’s
ID number is required at this stage to link the contact to an
already-existing case in the database (ie, a new contact cannot
be recorded without a prerecorded index case in the database).
This displays the records of the index case for confirmation and
validation before registering the details of the new contact.

Contact Follow-up Form

After contact registration, the contacts are expected to have a
14-day record update of their temperature and medical condition.
There is a prompt at the beginning of the form that allows for
contact follow-up (ie, it prompts self-isolated contacts to submit
daily results for 14 days).

Traveler Health Questionnaire and Follow-up Form

This form is divided into two components: the first component
is used to collect general information about a traveler entering
into the country, and the second component is used to collect
and record the temperature reading of the traveler for 14 days
(ie, contact follow-up). Note that the follow-up component is
linked to the traveler health questionnaire and is referenced
using the case phone number of the traveler as the unique
identifier.

API Component
This component is responsible for the interoperability and
interaction of data between platforms. The APIs link the various
platforms together, facilitating data exchange in real time. This
allows for seamless operations and data exchange between the
data collection, hosting, analytics, and visualization tools within
the polio GIS toolbox and platform.

Polio GIS Toolbox and Platform
This comprises all the resources developed and deployed within
the WHO AFRO infrastructure. It comprises front-end data
collection tools on mobile devices and web interfaces, database
servers, data visualization tools, and platforms.

Rapid Deployment of the Self-reporting Contact
Tracing App
The AFRO GIS Center, in collaboration with the WHO EPR
team, went ahead to deploy the COVID-19 Emergency
Deployment Toolkit, using the ODK platform to support contact
tracing through self-reporting.

Contact Tracing Data Management

Overview
Data management is a very crucial aspect of surveillance,
particularly when it comes to data of relevance to contact
tracing. In the management of contact tracing data, database
linkages, performance monitoring, visualization, and analysis
are important factors to consider. How these factors were
managed are discussed below.

Database Linkages
The biggest challenge of contact tracing data management is
enrolling contacts and performance monitoring of the contact
tracing processes [23]. This was overcome by ensuring that each
case ID was matched to the contact ID and that the traveler ID
was listed in the contact database during the quarantine period
for ease of tracking if the traveler were to become a case. This
section describes the linkage system we used to connect the
identity management system of the cases to contacts and
travelers, while maintaining confidentiality and integrity of the
cases and our contacts database (Figure 2).

Figure 2. African Regional Office geographic information system architecture showing forms.

Linking the Dynamic Case and Contact Data via XML
Form to Populate the Case and Contact Database
This process hinges around specifying form data as a media file
for another form. Used in conjunction with the pulldata function

from the ODK, this allows the developer to pull data from other
dynamic data sets and surveys (ie, other forms in the Ona ODK
system that are still active and accepting submissions) in the
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same or different project, similar to pulling data from a
preloaded CSV file (Figure 3).

On clicking the button “Link Dataset,” the changes are saved
automatically. The linked data set appears in forms on the
Android device. After data set linkage to the form, data can be
effectively pulled from the linked data set into the form using

the pulldata function under the calculation column. The file
name of the linked data set entered above will be the file name
referenced in the pulldata function (ie, locations). See Figure
3 for an illustration of the pulldata function and considerations
for replicating this in another situation that warrants the use of
dynamically pulled data from one mobile form through a server
to another mobile form.

Figure 3. Linking dynamic data via XML files using pull functions.

Performance Monitoring
Evidence-based performance monitoring of contact tracing,
surveillance activities, and other health interventions by health
workers was a key consideration in the repurposing of polio
GIS platforms. A geotracking feature was added to our app to
provide geographic evidence of a team’s visits to specific
contacts. This also ensures that health workers conduct
surveillance and other health interventions with the knowledge
that their activities are being monitored for accountability.

Visualization and Analysis
A one-stop dashboard that brings data from participating
countries into a regional interface for COVID-19 activities was
developed using connectors from the databases to ArcGIS and
Power BI to develop the key performance indicators for the
pillars of the COVID-19 response. The dashboard allows the
incident management team to conduct an integrated and effective
response to the pandemic. An example is seen in Figure S3 in
Multimedia Appendix 1.

Health Facility–Based COVID-19 Surveillance
A module (Textbox 1) for reporting COVID-19 activities,
infection prevention and control (IPC) readiness assessment,
and recording of cases that fit the COVID-19 clinical definitions
in facility-based registers was developed and deployed for field
use by health workers that conduct surveillance at the facility
level. This module leveraged an existing intervention called the
Integrated Supportive Supervision (ISS) app. Thus, it was easy
to deploy, as the development was appended on top of the
existing app, which is in use by over 5000 health workers across
the region with supportive supervision visits that average
150,000 annual visits across the African region.

The module focused on the use of the ODK-based app (ie, the
ISS app) with the following COVID-19 assessment focuses:

1. Awareness of the existence of a COVID-19 surveillance
system.

2. Display of COVID-19 case definition posters.
3. Presence of a COVID-19 surveillance focal point.
4. Number of health workers in the facility who know the

definition of a suspect case.
5. Number of people who know the COVID-19 alerting

number and notification channel.
6. Appraisal of IPC awareness in terms of handwashing,

functioning of handwashing kits, availability of isolation
room, use of personal protective equipment, and availability
of a triage system in the health facility.

7. Recording of details of suspected cases that fit the clinical
system of COVID-19 and facilitating testing.

Field Use and Outcome Evaluation

Contact Tracing Use
The adoption of the solutions developed by the AFRO GIS
Center in collaboration with the WHO EPR team was piloted
in Zimbabwe and Benin in April 2020; the solutions were then
subsequently used in Nigeria, Uganda, Cameroon, and South
Sudan to conduct contact tracing or support other contact tracing
data collection expeditions. See Figure S4 in Multimedia
Appendix 1 for the status of deployments. Since most countries
in the region (98%) are familiar with the deployment of the
ODK tool from its use in polio eradication, the COVID-19
contact tracing app is quite easy for countries to deploy and use
without extensive training. In fact, several additional countries
have demonstrated interest following a conference call with the
AFRO GIS Center, in which 15 countries participated. Countries
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already using similar tools for contact tracing were encouraged
to share their APIs with AFRO to enable the GIS Center to pull
data into the regional platform. However, countries with a high
number of contacts have been encouraged to use the
self-reporting module for daily contact self-reporting.

Health Facility–Based COVID-19 Surveillance
A total of 27 countries in the region adopted this module, which
was developed to mitigate the gaps of COVID-19 surveillance
at the health facility level. Event-based surveillance is highly
optimized in low- and middle-income countries at the health
facility level [30,31] and could also be key to improved

COVID-19 surveillance. This module was easy to develop and
deploy, as there was no training necessary since other priority
disease surveillance was already ongoing at the health facility
level using the ODK-based ISS forms. Real-time interactive
visualization of the data from health facility–based surveillance
is available at the country level for all the key variables. Also,
geographic representation in maps for important accessories for
IPC and triaging by the health facility is accessible to decision
makers at all levels in-country. Figure 4 shows an example of
a map of a health facility with COVID-19 posters displayed
with definitions, which is an entry point for adequate
sensitization at that level of reporting.

Figure 4. Sample status of COVID-19 sensitization posters and displays from the health facility–based surveillance module for Sierra Leone.

Discussion

Strengths of the Polio GIS Platform for Contact
Tracing and Health Facility–Based Surveillance
The scope of leveraging the polio GIS platform in terms of apps
and visualization tools addresses the mitigation plans for contact
tracing and surveillance gaps in the region regarding the
following aspects:

1. During the COVID-19 pandemic, the platform was able to
support the identification of COVID-19 cases, contacts,
and database consolidation gaps (eg, matching contacts to
their index cases), helping to guide the response.

2. During outbreaks and routine contexts alike, the platform
was able to identify community transmissions that were not
detected by the traditional contact and case databases.

3. Health facility–based surveillance was built on an
already-existing ISS module and was, thus, quite

sustainable, as other active disease surveillance was already
being conducted with the app.

4. The chain of transmission and surveillance gaps were easily
seen on the interactive visualization made possible by the
real-time connection of data being submitted from the apps
into Power BI; thus, faster decision-making was possible
at all levels.

5. The platform allowed ease of use of the data entry modules;
there was little or no training, as surveillance teams at the
country level were already used to similar technologies as
a result of using mobile phones for other interventions.

6. The platform was developed with interoperability being
given the highest consideration so that other countries’
contact tracing efforts and facility-based surveillance
systems, such as DHIS2, KoBoTool, and SORMAS
(Surveillance Outbreak Response Management and Analysis
System), could be easily connected to share data.
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This platform offers an additional dimension to the existing
platforms that are being used in supporting the COVID-19
response [32,33], with features that make it more adaptive to
the local context. In the African region, 93% of the countries
are already using this platform for other health projects. The
AFRO GIS Center has been leveraging GIS technology to ensure
equitable access to essential health services, ranging from ISS
for the Expanded Programme on Immunization, support for
microplanning, effective coordination during the Ebola response,
and monitoring the cholera outbreak response, among others
[34,35], thereby making it easy to adapt and implement. The
tool has been shown to support polio vaccination activities in
complex humanitarian settings, including within refugee camps
and camps for internally displaced people [36].

The use of the GIS platform has been shown to provide adequate
support and promote care of individuals across different thematic
areas of health. Documented evidence exists that has
demonstrated its capability to identify high-priority areas that
require maternal care [37]. In addition, it has helped to identify
health trends, including tracking the spread of infectious
diseases, such as Ebola and measles. The use of the GIS platform
has been shown to help identify the problem, identify where it
exists, and equally support the provision and maintenance of
care for individuals through a more efficient and coherent
manner.

Trade-offs for Leveraging the Polio GIS Platform
Many questions with regard to information sensitivity and
privacy regarding COVID-19 cases and contacts have been
answered by the security features of the app and the platform.
However, there still exists the possibility of intrusion, careless
handling of passwords, and hacking that may lead to
compromised information if countries do not adequately manage
their access and control. Also, the app and platform deployment
involves users having phones for data entry and visualization;
thus, a lot of phones are required for implementation of all
aspects of surveillance and contact tracing.

How to Implement the Platform
The solutions outlined can easily be implemented with the
procedural steps that were enumerated and explained in the data
collection and visualization sections. The use of technology
stacks via ODK and Power BI to collect data and to visualize
them in real time can easily be replicated by technical users
who are familiar with these tools. However, it is important to
note that early engagement and meetings with all stakeholders
was crucial to ensure ownership, increase coordination, and
gain a better understanding of the existing surveillance landscape
[31]. Good linkage to the response was described as essential
for all systems, as every verified case and contact is documented.
In order to ensure timely reporting of cases found via health
facility–based reporting, health workers at the facility level
required training and supportive supervision by trained
district-level teams.

Conclusions
Health facility–based surveillance and effective contact tracing
management tools outlined here will provide valuable
information that can strengthen the use of data by national

surveillance systems during the pandemic. Evidence from the
global pandemic thus far clearly presents three challenges in
controlling COVID-19: its lasting pandemic potential, high
fatality due to its infectivity, and its ability to disrupt health
systems. Similarly, in the absence of vaccines and therapeutics,
the only available tools for control include contact tracing, social
distancing, and quarantine. The African region must, therefore,
adopt a variety of methods to minimize the above challenges
and adapt the response to the specific needs of each country as
the outbreak evolves.

Digital contact tracing and surveillance at the facility level will
be paramount at some point for every country to stay a step
ahead of the virus. The applications and apps that have been
developed for COVID-19 surveillance and contact tracing are
not standalone interventions but should be implemented together
with social distancing measures and quarantine, depending on
the size of the outbreak.

In the African region, COVID-19 testing capacity varies widely.
Countries with limited testing capacities and large outbreaks
will need more advanced comprehensive contact tracing
solutions, such as the one described herein, to suppress the virus
to lower transmission rates. However, those with smaller
outbreaks can use traditional methods with ODK or
KoBoCollect platforms and simply share their APIs with the
regional office to ensure that all data are available to the incident
management system.

As countries begin to relax public health lockdowns, traditional
and advanced contact tracing methods will be necessary to
highlight areas of ongoing transmission; these data will be
needed not only in their respective countries but also on a
regional level to enable a better understanding of the pandemic
and optimal decision-making in managing the risks and
responses.

If widely adopted in the region, this innovation, alongside
existing data collection tools (eg, KoBoCollect and DHIS2),
will help countries respond effectively and efficiently to the
pandemic. Other benefits to countries using this tool include
real-time monitoring of the epidemic and their response,
timeliness and completeness of contact tracing, and staff
accountability. These factors are the cornerstone of surveillance
during epidemics. During the Ebola outbreak in West Africa
from 2014 to 2016, it was well-documented that a major
contributor fueling the epidemic was the lack of standardized
and synchronized contact tracing. Once adopted and
implemented, a significant decrease in cases was observed across
the affected countries, even though, at the time, the solutions
were not as advanced as they are today.

With the high penetration rate of mobile phones across the
African region, mobile-based monitoring of COVID-19, from
traditional methods to voluntary self-reporting and remote
follow-up of contacts, will greatly improve the identification
of suspected cases and contacts; these are important resources
to help in the region’s fight against this debilitating disease.
Additionally, the use of this tool should reduce the burden on
health systems, allowing for the provision of essential health
services and minimizing mortalities from COVID-19 and
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neglected secondary diseases, which can result from a system
overwhelmed by the pandemic.

From a regional perspective, integration of contact tracing and
surveillance data into one platform provides the AFRO with a

more accurate method of monitoring country efforts in their
response to COVID-19, while guiding public health decisions
and the assessment of risk for COVID-19.
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