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Abstract

The COVID-19 pandemic has overwhelmed health care systemsworldwide, particularly in underresourced communities of color
with ahigh 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 eHeal th 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 devel opment 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):€30872) doi:10.2196/30872
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interact with social, cultural, and economic realities and with
social determinants of health to indirectly contribute to health
inequity.” Barriersto using eHealth technol ogiesin underserved

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

https://mhealth.jmir.org/2022/3/€30872

communities also include a lack of perceived value, limited
digital and health literacy, and alack 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 asthe client
or consumer of aparticular technology, platform, or serviceand
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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 goa 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
dollarsand should be responsiveto public health needs. In what
follows, we first present preliminary data on the proliferation
of state-sponsored COVID-19—elated 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

Idriset d

on trust and buy-in from community-based organizations and,
by extension, from communities disproportionately impacted
by health inequities. We aso 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 (MY1)
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.

414 Mobile Apps Identified 110 Duplicate Mobile Apps Google
Through Google Play (N=266) and —# Play (n=88) and Apple App Store
Apple App Store (N=148) (n=22) Excluded
Y
304 Mobile Apps Screened on 34 Apps Excluded From Google
Google Play (n=178) and —» Play (n=18) and Apple App Store
Apple App Store (n=126) (n=16) Based on Relevance
\d
270 Mobile Apps Assessed for 236 Apps Excluded From Google
Eligibility on Google Play (n=160) —# Play (h=138) and Apple App Store
and Apple App Store (n=110) (n=98) Based on Eligibility

’ Eligibility ‘ ‘ Screening ‘ ‘ Identiﬁcation‘

Y

34 Apps From Google Play (n=22)
and Apple App Store (n=12)
Included in Analysis

‘ Inclusion

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 usersto
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 answersto questions and revealsoptions
for next steps regarding the likelihood of COVID-19 infection.

https://mhealth.jmir.org/2022/3/€30872

Information dissemination functionality in eHealth appsfocuses
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~elated symptoms, 77% (n=26) included
functionality around contact tracing and exposure notification,
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functionality. Table 1 showsthe apps by category (eg, checking
symptoms, contact tracing/exposure notification, and
information dissemination) and Figure 2 providesavisualization
of the number of COVI1D-19 appsreleased by category between
February 2020 and December 2020.

and 50% (n=17) provided some information dissemination

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

Name of app Approximatedate  Operating system Contact tracingand ~ Symptom Information dis-
released exposure notification  checking semination

ABTrace Together 4/1/2020 i0S O

AlohaSafe Alert 11/10/2020 i0S O g

ArriveCAN 4/21/2020 i0S a

BC COVID-19 Support 5/21/2020 i0S ad g

CA Notify 12/11/2020 Android O

Canada COVID-19 (COVID Alert) 7/30/2020 i0S ad g

Carel9 Alert 8/10/2020 Both O

Carel9 Diary 4/19/2020 Android O O g

CO Exposure Notification 10/23/2020 Android O

CombatCOVID MDC 8/20/2020 Both O g

COVID Alert 7/28/2020 Both O

Covid Alert CT 10/30/2020 Android 0

Covid Alert DE 9/8/2020 Both O a

Covid Alert NJ 9/30/2020 Both O ad g

Covid Alert NY 9/30/2020 Both O a

Covid Alert PA 9/11/2020 Both O ad

Covid Trace Nevada 8/17/2020 Both O O

Covid View 12/29/2020 i0S

Covid Watch Arizona 08/17/2020 Both O

COVID-19 Virginia Resources 4/27/2020 Both g

Covid-19 Wisconsin Connect 5/14/2020 i0S O

Covidaware MN 11/16/2020 Both 0 O

CovidWise 8/7/2020 Both O g

Crush Covid RI 5/15/2020 Both O ad g

DC Can 10/23/2020 Android O

GuideSafe 8/11/2020 Both O ad

Healthy Together 4/1/2020 Both O O

MD Covid Alert 11/5/2020 Android 0

M1 Covid Alert 10/1/2020 Both O a

NJCOVID 19 3/31/2020 i0S g

SlowCovidNC 9/16/2020 Both O

Stronger than C19 4/25/2020 Both O g

WA Notify 11/25/2020 Android

WI Exposure Notification 12/20/2020 Android
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Figure 2. Count of apps released over time by category.
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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]. Thetechnology allows
usersto turn on exposure notifications and be al erted 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 siteswere not accessibletoNY C
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 NY C Test and Trace CAB was organized
to provide input on COVID-19—related effortsin NYC in May
2020. The CAB, which meetsweekly with city health officials,
was organized under the auspices of NY C Health + Hospitals

https://mhealth.jmir.org/2022/3/€30872
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Contact Tracing/Exposure Notification

and consisted of 71 members representing a broad range of
organizations across al 5 boroughs [17]. The CAB was
instrumental in directing wheretesting 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,
devel opment, 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 essentiadl 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 followsis more engagement with, usage of, and penetration
of government-led interventions.

As the epicenter of the pandemic in the United Statesin early
2020, NYC's response to the COVID-19 pandemic was
positioned to model community-engaged practicesthat combat
health disparities and promote health equity. Community-based
organizations and advocates on the CAB expressed concerns
around thedigital divide and trust in state-sponsored appswithin
communities of color early in the pandemic. It isimportant 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 applicationsfor 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 Hedth + Hospitals. Despite expressing
concernsaround privacy and confidentiality, the CAB wasgiven
an app that was devel oped 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
sharethe 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
impedimentsto 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 programsto 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 representativesin
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 communitiesin 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, devel opment, and deployment [24-28].
These principlesinclude 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. Thegoal of CBPR
isnot 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.

https://mhealth.jmir.org/2022/3/€30872
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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 inthe
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 devel opers 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 devel opers (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. Finaly, 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 a [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. Salehingjad 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]. Inlinewith
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—+elated 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 experienceillustrates, when affected communities are
not included, this can lead to alack of buy-in and trust, as well
asalack of community participation in the diffusion of eHealth
innovations among constituents of those communities [21].

Lopez et a [31] argue that to “harness its true potential and
make the greatest difference, [health information technol ogies]
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

Idriset d

user-centered design as a framework for incorporating
communities of color into the design, development, and
deployment of maobile 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 betested or provide tangibl e 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 resultsin alack 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: Engagementisessential for the effectiveness of digital behavior change interventions. Existing systematic reviews
examining hypertension self-management interventions via maobile apps have primarily focused on intervention efficacy and app
usability. Engagement in the prevention or management of hypertension islargely 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 studiesthat tested the relationship, increased engagement was associ ated 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 thetailoring 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 asthe 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 technol ogy.

(JMIR Mhealth Uhealth 2022;10(3):€29415) 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 digita 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 appsin blood pressure
(BP) control and self-management behavior change such as
medication adherence [6,9,10].

Existing systematic reviews examining the mHeath
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 changeinterventions only, such asintervention
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 betheresult 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 essentia 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 alower
rate of intervention success [14]. Subsequently, understanding
the determinants of engagement can help design effective
interventions. Theoretical frameworks [15,16] have proposed

https://mhealth.jmir.org/2022/3/e29415

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 haslargely focused only onthe
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 displaysto 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 usersto 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 tail ored 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 beliefsand needs. For instance, asystematic
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 theimportance 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 hasinteractivity 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, IMIR mHealth and uHealth) and the
reference lists of review articles about these interventions.

Study Selection

Included studies were those conducted among adults (aged 218
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 wasincluded (eg,
the study by Mao et a [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
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applied to patientswith 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 criteriaincluded 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 theinclusion criteria. Theremaining 37%
(8L/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 a [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 a [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 afollow-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] wasremoved becauseit focused more on thedesign
of the app. Furthermore, the studies by Moore et a [37] and
Thieset al [14] were based on the same app, and the studies by
Chandler et a [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 Thieset al [14] used
the same system, Moore et al [37] provided positive evidence
that the system was effective in hypertension management,
whereas Thies et a [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 sel ection process
first and then compared their results. Discrepancies were
resolved through oneround of discussion. Figure 1 presentsthe
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and Meta-Analyses) flowchart.

Figure1l. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart.
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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 qudlitative 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
coderswereresolved 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, theinvestigatorsrelied on thereporting 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.
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Excluded (n=4 [30,33-35]) because
of repetition

Results

Study Char acteristics

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 samplesizeranged 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/m?; [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 a [28]). Intermsof theintervention 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 technol ogy-supported apprenti ceship model
[37] werealso applied. No other studiesreported any theoretical
models. Table 1 presents a summary of the intervention
characteristics.
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Study Country Samplesize Participants demographicand Duration Outcomes Theory
hypertension characteristics
Bengtssonetal Sweden 50 Mean age 59.5 years; being 56 daysor 8weeks SBP and DBP, identification of sub- No
[31] currently treated for hyperten- sets or classes of patients who dif-
sion: mean SBP? 142, mean fered from each other with respect to
DBP 84 level of BP at baseline
géaj\ndler eta ;r;i[ted 54 (1G%=26; Ihmezr(; ;ge f’f‘é years, en- 9 months PO®: changein resting SBP from Sglf;eter—
€S  enhanced anced standard group mean . . . . ~f. Mmination
ergiard age 46.8 years; Hispanic or baa.ellnetotheﬁ mo time point; SO': theory
care=28) Latino participants; diagnosed resting DBP and MA®
with and prescribed medica-
tion(s) for essential hyperten-
sion; uncontrolled hypertension
Cieminset a United 1G=131; Mean age 60 years; patients 32 weeks Patients’ compliance with study pro- No
[49] States  cgh=353 with newly diagnosed or persis- tocol of taking 3 BPs per week
tently uncontrolled BP"
(1e2140/90 mm Hg)
Davidsoneta  United 38 (IG=18; | mean age47.5years, 47% 6 months Changesin clinic SBP and changes  Self-deter-
[39] States  CG=20) (18/38) African Americansand in clinic DBP; changesin SBPcon-  mination
53% (20/38) Hispanics; uncon- trol; changesin DBP control; recruit-  theory
trolled hypertension ment and retention rates; MA; BP
adherence
Duaneta [43] China 143 Aged >18 years, hypertension 2 months Patient compliancewith hypertension Health be-
diagnosiswith no other serious self-management lief model
complications and the
technology
acceptance
model
Gongeta [44] China 480 | mean age 58.2 years; Cmean 6 months PO: SBP and DBP changesin pa- No
(1G=225; age 59.27 years; patients aged tients; change in percentage of partic-
CG=218) 18 to 79 years diagnosed with ipantsin the 2 groups with controlled
primary hypertension BP. SO: MA
Hallberg et al Sweden 49 Female median age 58 years;, 8 weeks Understanding of the interplay be- No
[32] male median age 62.5 years; tween BP and daily life; motivation
femaleyearswith hypertension to follow treatment
median 8; male years with hy-
pertension median 6.6
Kang and Park  South 38 Mean age 56 years; patients 4 weeks MA, perceived usefulness, user satiss No
[25] Korea with hypertension who take faction
antihypertensive medications
(taking 1 or more antihyperten-
sive drugs)
Kaplan et al United 5115 Mean age 49 years, mean 22 weeks Use pattern (engagement), efficacy  No
[48] States SBP130 mm Hg; participants of the app in BP reduction
who recorded >2 BP measure-
ments were included in the
study
Maoetad [26] United 1G=763; | mean age 44.78 years; over-  First 4 monthsof ~ PO: weight lossat 4 monthsasde-  No
States  CG=73 weight (defined asBMI >25  intensive active fined by percent changein total body
kg/m?; 14.3% (109/763) partic-  ©0aching and 8 weight. SO: change in SBP after 4
ipants self-reported hyperten- ~ Months of mainte-  months of intensive health coaching,
sion nance coaching aswell asthe change in number of
participantsin each hypertensive cat-
egory from the beginning of enroll-
ment to after 4 months of coaching
Marquez Contr-  Spain 148 (IG=73; Mean age57.5years, patients 18 months(withan Pharmacologica adherenceand con- No
eraset a [45] CG=75) with mild to moderate arterial  inclusion period of trol of BPin patients with mild to
hypertension 6 monthsandafol- moderate arterial hypertension
low-up of 12
months)
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Study Country Samplesize Participants demographic and Duration Outcomes Theory
hypertension characteristics
McGillicuddy  United 1G=8; CG=9 | meanage42.44years,Cmean 12monthsafterthe SBP Self-deter-
et a [28] States age 57.89 years; rena trans- completion of a 3- mination
plant recipients with hyperten- month randomized theory
sion with documented medica- control trial
tion nonadherence
Mooreeta [37] United 42 (1G=20; Mean age50.0 years; patients 12 weeks PO: absolute decrease in SBP and A technolo-
States  CG=22) with essential hypertension DBP and the number of participants  gy-support-
(average BP=140/90 and who reached the BP goal of <130/80 ed appren-
<180/120) who were taking O mm Hg. SO: the number of partici-  ticeship
or 1 medications pants who reached the BP goal of
<140/90 mm Hg, the number of par-
ticipants who achieved >10 mm Hg
decreasesin SBP and >5 mm Hg de-
creasesin DBP, thechangein 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 timerequired
inthe care
Morawski etal  United  1G=209; | mean age51.7 years, Cage 12 weeks PO: changein self-reported MA and No
[27] States  CG=202 mean=52.4 years; patientswith SBP. SO: whether participants had
poorly controlled hypertension well-controlled BP, defined as 140/90
mm Hg or less
Ovbiageleeta United 24 (1G=8§; Patientswith hypertension after 3 months SBP; emergency department usere-  No
[47] States  CG=16) stroke duction
Patel et al [51] United 48 Mean age 53 years, African 12-week activation PO: MA; SO: MA, level of BPcon- No
States American 96% (46/48); estab-  (intervention) trol by clinic measures, pill phone
lished essential hypertension;  phase use, patient satisfaction, hypertension
prescribed at least two antihy- medication number and changes dur-
pertensive medications ing the study period, office visits,
emergency room visits, and hospital -
ization
Persell et al United 1G=144; | mean age 59.6 years; C mean 6 months PO: SBPat 6 months. SO: self-report- No
[36] States  CG=153 age 58.3 years, adults with un- ed antihypertensive MA, home moni-
controlled hypertension (de- toring and self-management practices,
fined as at least 145 mm Hg mesasures of self-efficacy associated
systolic or 95 mm Hg diastolic) with BP, weight, and health behaviors
Petrellaet a Canada 1G=67, | mean age 56.7 years, Cmean 52weeksincluding PO: SBP and other cardiometabolic  No
[46] CG=60 age 59.1 years; participants 12 weeks of inter-  risk factors. SO: DBP, waist circum-
with at least two metabolic vention ference, lipids (with the exception of
syndromerisk factors high-density lipoprotein cholesterol,
which was expected to increase) and
markersfor blood glucoseand inflam-
mation
Thiesetal [14] United 15outof 22 Mean age 50 years (22 partici- Trial suspended, Theoriginal aim of thisstudy wasto No
States  downloaded pants); 27% (6/22) of thepa  owingtolow en-  evaluate the effectiveness of acom-
the app tientswith diabetes, 18% (4/22) rollmentandincon- mercial mHealth app in improving
with hypertension, and 55% sistent use of the  clinical outcomes for adult patients
(12/22) with both app 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
Toro-Ramoset  United 50 Starters mean age 40.40 years;, 24 weeks Weight change, BMI change, DBP  No
a [50] States completers mean age 47.68 change, SBP change, hypertension

years; adultswith prehyperten-
sion or hypertension

category change
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Study Country Samplesize Participants demographic and Duration Outcomes Theory
hypertension characteristics
Weerahandi et United 17 Mean age 59 years, adultscur- 13 weeks or 120 Engagement and acceptability: the  No
a [52] States rently taking hypertension days number of blood pressure measure-
medication and had adiagnosis ments, weight measurements, and
of prehypertension or stage 1 daily steps were logged; the number
hypertension of coaching phone calls attempted and

completed, servings documented in
the dietary assessment, and goal s set
were also assessed. Physiological pa-
rameters. BP, heart rate, weight, and
steps changes

85BP; systolic blood pressure.
bDBP: diastolic blood pressure.
°BP: blood pressure.

4G: intervention group.

€PO: primary outcome.

fso: secondary outcome.

9MA: medi cation adherence.
hcG: control group.

Intervention Strategies

Overview

2 to 6, with a possible maximum of 8. Table 2 provides further

details.

All of the studies used at | east two strategiesto engage patients.
The number of strategies used in the interventions varied from
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Table 2. Engagement strategies used in the interventions.
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Study Providing Reminding  Motivational  Recording ~ Providingguid-  Enabling2-way Providingsup- Supporting be-
hedlth-related or aerting messagesor  and tracking ancebasedonin- communication portthrough  havior change
educational in-  users encourage- health infor- formationentered with clinicians  social net- through re-
formation ment mation by the user works wards

Bengtssonet  No Yes Yes Yes No No No No

al [31]

Chandleretal No Yes Yes Yes Yes No No No

[38]

Cieminseta Yes Unknown No Yes Yes No No No

[49]

Davidsonetad No Yes Yes No No No No No

[39]

Duan et a Yes Yes No Yes Yes No Yes(leader-  No

[43] board module,

version 4)

Gong et a No Yes No Yes Yes Yes No No

[44]

Hallbergetal No Yes Yes Yes No No No No

(32

Kangand Park  Yes Yes No Yes Yes No No No

[25]

Kaplan et a Yes Yes Yes Yes Yes No No Yes

(48]

Maoeta [26] Yes Yes Yes Yes Yes Yes No No

MarquezCon- No Yes No Yes No No No No

treras [45]

McGillicuddy No Yes No Yes Yes No No No

etal [28]

Mooreet a No No No Yes No Yes No No

[37]

Morawski ¢ No Yes No Yes No No Yes No

al [27]

Ovbiageleet No Yes Yes Yes Yes No No No

al [47]

Patel etal [51] Yes Yes No Yes No No No No

Persell et a Yes Yes Yes Yes Yes Artificid intelli-  No No

[36] gence coaching

Petrellaetal No No No Yes Yes No No No

[46]

Thieset a No No No Yes Yes Yes No No

[14]

Toro-Ramos  Yes Yes Yes Yes Yes Yes No No

et a [50]

Weerahandi et Yes No No Yes Yes Yes No No

a [52]

Providing Health-Related Educational I nformation

A total of 9 studies[25,26,36,43,48-52] provided health-rel ated
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 a [26], Toro-Ramos et a
[50], and Weerahandi et al [52]) including dietary approaches
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RenderX

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 I nformation

Some studies [14,25,27,28,31,32,36-38,43,44,47] included
featuresto 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 a [31] and Hallberg et
a [32]), symptom logging (eg, the studies by Bengtsson et al
[31], Hallberg et a [32], and Duan et a [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], userswere
able to designate a Medfriend, who was someone el se 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,
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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 additiona 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 al so 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 trandation into
cardiovascular risk [48]; providing strategiesto address behavior
change related to calorie reduction, diet improvement, nutrient
intake, physical activity increase, and sodium intake reduction
[50Q]; or providing tail ored recommendationsto 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 rel ated
to information entered by the users (eg, when abnorma 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 valueswere reported. I nteractivity waslimited
in the interventions; only 33% (7/21) of the studies provided
the possibility of interaction with health care providersor 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].
Userswere 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 asummary of interactivity,
please see Table 3.
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Table 3. Interactivity, tailoring, and engagement.
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Study Interactivity Tailoring Microlevel engagement Macrolevel engagement
Bengtsson et al [31] No Yes No No
Chandler et a [38] Yes Yes No No
Cieminset a [49] Yes No No No
Davidson et a [39] No Yes No No
Duan et a [43] Yes Yes No No
Gong et a [44] Yes Yes No No
Hallberg et a [32] No Yes No No
Kang and Park [25] No Yes No No
Kaplan et a [48] No Yes Yes No
Mao et al [26] Yes Yes Yes No
Marquez Contreras [45] No No No No
McGillicuddy et al [28] Yes Yes No No
Moore et al [37] Yes Yes No No
Morawski et a [27] No Yes No No
Ovbiageleet al [47] Yes Yes No No
Patel et al [51] No Yes No No
Persell et al [36] Yes Yes No No
Petrella et a [46] Yes Yes No No
Thieset a [14] Yes No No No
Toro-Ramos et a [50] Yes Yes Yes No
Weerahandi et a [52] Yes Yes Yes No

Tailoring, Customization, or Personalization

Some level of tailoring was achieved in many studies. All 21
studiesincluded 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 goas or individual preferences
[27,43,50,51], based on antihypertensive medi cation prescription
[31], and based on users' values and inputs [36].

Some studies [43,44,48] provided personalized feedback or
advicein 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
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studiesby Kang and Park [25] and Persdll et a [36]. In the study
by Moore et a [37], users could make shared decisions about
diet, exercise, stress management, and medication with the
coach. In some studies, the motivational messagesweretailored
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 communi cation model or channel
was customized so that patients were contacted viathe 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 asfrequency 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 BPfor lessthan 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, “ participantswho completed at |east
one lesson per week during the first month, as well as engaged
with the health coach (at |east once through in app one-on-one
messages or through phone calls)”), and completers (ie,
“participants who completed at least nine core lessons of 227).
Weerahandi et al [52] defined engagement as “Messages sent
to the coach per person, messages sent from the coach per
person,” “number of timesblood pressurewaslogged,” “number
of times weight was logged,” “number of times steps were
logged,” “logged food entries,” and “goals recorded.”

None of the studieswe 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 interviewsor 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-rel ated 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 medi cation 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], stepstaken [46,52], body weight logging [46,52],
frequency of users accessing their weekly BP report [48],
number of coaching consults[26], and |essons completed [50].

The Relationship Between Engagement and Biomedical
Outcomes

Of the 4 studiesthat 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
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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 a [36] did not test
engagement but tested the factor crucial to macrolevel
engagement or behavior change, sef-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 interventionsfor 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 othershad very
broad inclusion criteria. As participant characteristics (eg,
disease type and severity of disease) were quite diversein some
studies, more research is needed to explore the goals, needs,
and characteristics of users.

Design of I nterventions

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 appsare 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 alimited number of studies. Some
of these theories (eg, self-determination theory) have also been
applied to diabetes sel f-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.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 [e29415 | p.22
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

Optimal Combination of Engagement Strategies

Many studies have used acombination of featuresthat arelikely
to engage users. What specific combination of features works
best for engagement isyet to be determined, but should consider
patients characteristics. For instance, patient motivation for
self-management may be afactor to consider. Providing patient
education content in an app can be away of engaging patients,
especialy 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 a [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].

I nteractivity

Interactivity was limited in digita 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 hesalth care
professiona swere notified. On the basis of theresults, thelevels
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 regul ar
feedback and recommendations), along with other strategies or
app features. Focused interaction includes providing patient
coaching by aclinician or atrained coach, which isthe 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 am is
logging symptoms, especialy alarming symptoms, then
interactivity (eg, health care providers feedback) would be a
critical function. In addition, provider-related factors are aso
worth considering. Studies have demonstrated health care
providers barriers of using appsto 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 readingsare high [7]. Interaction with
health care professionalss, at |east during possible critical points
perceived by patients, can be an essential feature to provide
professional guidance and ease the concerns and promote
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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 hedth 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
dueto 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]) canimpact
medication adherence. For instance, higher perceived benefits
of herbs and lower perceived benefits of Western medications
were predictors of antihypertensive medication nonadherence
among Chineseimmigrants[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 betailored 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.
Thereareacouple of possible reasonswhy 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, athough the studies
arevaluableto the engagement literature, they might have some
risk of bias.

Although most studies did not define or focus on engagement
per se, their outcome variabl esreflected 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 crucia to macrolevel and microlevel
engagement or behavior change: self-efficacy or self-confidence
(eg, using the app, performing nonpharmacol ogic behaviorsto
control BP). In 1 study [7], researchers found that patientswith
hypertension have variouslevels 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].
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Our Patient-Centered Framework

Overdll, 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, Thieset a [14] concluded that their failed intervention
wasdueto 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 crucia to customization, interactivity, and
engagement.
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Figure 2. Patient-centered engagement framework for hypertension self-management using mobile health (mHealth) technology.

Patient-centered factors
« Disease factors (eg, disease type and disease stage and associated

risks, and medication list)

* Self-management factors (eg, motivation, experience on self-
efficacy and digital competence, disease cognition, and health

literacy)

+ Personal preferences (eg, goals, needs, and decision-making style)

* Cultural factors (eg, values and beliefs)

* Behaviors related to disease management (eg, medication
adherence rate, blood monitoring, and lifestyle)

Tailoring aspect
. Patient education

Interactivity level

+  Reminders Engagement »  None
*  Motivational messages *  Micro level versus *  Limifed
«  Feedback macro level *  Regular
5 Other . Short term versus o Focused
long term
Effectiveness of
mHealth interventions
in improving
biomedical outcomes
Limitations be important for engagement in the context of hypertension

Thereare somelimitations of thisreview. 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 studiesincluded inthereview, it ispossible
that there are other patient-centered factors (eg, outcome
expectation, asignificant factor of engagement [55]) that could
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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
technol ogiesfor medication adherence monitoring, asthey 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 criteriato
guide the assessment of medication adherence monitoring technologies for optimal adoption and use are lacking.

Objective: Thisstudy aimsto provide a narrative review of current medication adherence monitoring technol ogies and propose
a set of technology assessment criteria to support technology devel opment 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 medi cation adherence monitoring technology and its devel opment and use. The technological features,
data capture methods, and potential advantages and limitations of the identified technology applications were extracted. Methods
for using datafor adherence monitoring were also identified. Common recurring elementswere 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: devel opment
information, technol ogy features, adherenceto 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
medi cation adherence monitoring technologies. This collection of assessment criteriacan be auseful tool to guide the devel opment
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
criteriaand 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]. Thenotion
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]. Thereislimited
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
criteriain thisfield.

The advantages and limitations of the commonly used methods
for measuring medication adherence have been described in the
literature. For example, DOT alows 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 avariety of medication adherence
monitoring technologies. Thereisagrowing 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 hedth
information technology for monitoring medication adherence
also vary. From aclinical practice perspective, a user-friendly
interface and the accurate monitoring of adherence are
considered when sel ecting appropriate monitoring technologies
[1]. From the technol ogical devel opment perspective, although
system accuracy and data fidelity remain high priorities,
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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 isto summarize literature
reports on the current applications of medication adherence
monitoring technologies and identify potential assessment
criteriato support decisions related to technology devel opment
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 devel opment 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 technol ogies suited for pills. Medication
adherence monitoring technol ogies that suited nonpill forms of
medications, such as inhaers, eye drops, and injectable
medications, were excluded. Studies that did not provide
adequate descriptions of technology characteristics or used
technologiesthat 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 medi cation adherence monitoring technol ogies
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
theidentified technologies. Datadirectly 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 criteriawere discussed and eval uated among the team
members until aconsensuswasreached. Thefina criteriawere
organized into categories and subcategories and presented as a
matrix.

Results

Study Selection and Characteristics

A total of 3865 recordswereretrieved from the database search.
Of these 3865, the removal of duplicates left 3774 (97.65%)
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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%) articleswere
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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Figurel. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) diagram.
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Technology Typesand 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
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e Abstract did not align
with study purpose
(1=138)

e Medications not in pill
form (n=28)

e Did notuse
technology device to
gather adherence data
(n=13)

e No description of
device characteristics
(n=3)

pill bottles, ingestible sensors, blister pack technology,
electronic medication management systems, patient
self-report—-based technology, video-based technology, and
motion sensor technol ogy. Table 1 showsthe 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).

Mason et al

Technology type

Publications, n (%)

Electronic pill boxes or bags

Electronic pill bottles

Ingestible sensors

Electronic medication management systems
Patient self-report technology

Blister pack technology

Video-based technology

Motion sensor technology

32(33)
25 (26)
22(22)
12 (12)
12 (12)
10 (10)
7(7)

3(3)

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 manua download of the stored
patient medication adherence datafrom the MEM S cap into the
MEMS software through a small reader device [8-10,27,28].
Some newer versions of electronic pill bottletechnologies, such
as the GlowCap and AdhereTech devices, possess the ability
to wirelessdy transmit patient medication adherence data,
providing opportunitiesto 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 atime, 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 asfailing to
ingest removed medi cations, 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 compartmentswithin the device. Thesize
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 multi ple medications makes them better suited for complex
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multidrug regimens, this advantage is dependent on the device,
as they can vary drastically in size and pill storage capacity.
Thiswas 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 aweek’sworth of medication
[44]. However, larger-sized devices are often described as
obtrusive[10,40,48] and have increased risksto 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 applicationsidentified 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
serversand are often accessibleto HCPs, allowing for real-time
adherence monitoring [1,6,51-55]. Asthedesign of blister packs
stores the appropriate dose of medication in singular pockets,
each removed doseisregistered 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].

I ngestible 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 red-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
giventime, thereby improving the accuracy of measuring patient
medication adherence rates [60,61,65,103]. In addition, the
ingestion event detection accuracy of ingestible sensorsishigh,
with rates of 95% to 99.1% observed experimentaly
[3,58,65,103]. However, owing to the direct ingestion of
technological sensors, concerns over patient privacy and
autonomy are prominent because of theinvasive 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, al 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 adherenceintelligence 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 arelabeled with an RFID tag that storesthe medication’s
information, such as the medication name and appropriate dose
[67]. At ascheduled 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 HCPisaerted
[44,67]. An advantage of thissystemisthat 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].
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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 deviceisthe 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, MBM S devices use newly emerging technol ogies such
as the Internet of Things, deep learning, and artificial
intelligence [67]. The MBM S s 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
aset 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 MBM S
device to begin recording a video of the patient’s medication
behavior [67]. Once the device recognizes the patient’s act of
raising an armto drink water, theinternal pillbox that storesthe
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 convergesto zero [67]. HCPs receive weekly
adherence reports from the MBMS. Roh et a [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, theinahility 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 asynchronousvideo 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]. Thereisaso 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
technol ogiesthat we haveidentified are till under devel opment.
Three individua 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.
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Patient Self-report Technology

Similar to EMMS, patient self-report technologiesvary 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
adherenceisavailablein real timefor 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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Table2. Summary of the defining characteristics, data capture methods, and use of datafor patient medi cation adherence monitoring for each technology

category.

Technology category

Defining characteristics

Data capture methods

Use of datafor adherence monitor-
ing

Electronic pill bottles

Electronic pill boxes
and bags

Blister pack technolo-
gies

Ingestible sensors

EMMSP

Video-based monitor-
ing technology

Motion sensor technol-
ogy

Patient self-report
technology

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

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

Most of these devices are attachable ad-
hesivelabels containing amicrochip and
conductive wire pattern applied to stan-

dard blister packs?

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

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

are accessible?
Systemsthat used video camerasto cap-

ture patients’ medication ingestion
events

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

Devicesthat gather adherence datavia
patient reporting®

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

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

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

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

Systems dispense medications and record date-
and-time stamps of these events. For example,
using scales to detect differencesin the de-
vice'sweight and calculating the amount of

medication removed by the patient®

Video recording of medication-taking events
which are |later verified by reviewers

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

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

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

Recorded opening events act asa
proxy measure for medication in-
gestion

Recorded opening events act asa
proxy measure for medication in-
gestion

Direct measure of medication in-
gestion events

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

Substitute for DOT®

Physical motions of patients used
asaproxy for medication ingestion

Patient reports act as subjective
indicators of medicationingestion

mobile apps or web-based platforms?

events

3\iore examples and the full list of features and functionsis provided in Multimedia Appendix 2.

PEMMS: Electronic Medication Management System.
°DOT: directly observed therapy.

M edication Adherence Monitoring Technology
Assessment Criteria

Categories | dentified

During the data extraction process, common characteristics,
recurring el ements, and the reported advantages and limitations
of al medication adherence monitoring technologies were
synthesized and categorized into a set of adherence monitoring
technology assessment criteria. These assessment criteriawere
not categorized by technology type, as various potential
assessment criteria were commonly expressed across
technologies, suggesting the plausibility of general assessment
criteriafor al 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

https://mhealth.jmir.org/2022/3/€35157

brief description of each assessment category isprovided in the
following sections.

Development I nformation

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

Technology Features

They contain criteriadirectly 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
devicesize, 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 pertainsto methodsfor 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 obj ective data collection, proxy datacollection,
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.

https://mhealth.jmir.org/2022/3/€35157
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Feasibility and I mplementation

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 a so 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 devel opment
and adoption (Textbox 1).
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Textbox 1. Medication adherence monitoring technology assessment criteria.

Development information

. Developer

o  Development stage

«  Regulatory approval status

o Commercia availability

Technology features
«  Deviceor hardware
. Size
« Battery life
«  Storage capacity
« Installation or additional software needed

«  Wireless connection needed

o  System or software
«  Reminder and alert function
«  Accommodation for complex medication regimens

« Information technology support availability

Adherence data collection and management

« Datacollection
«  Subjective vs objective data collection
«  Proxy datacollection
«  Date-and-time stamps

. Dataentry error (eg, curiosity opening and sensor retention)

«  Data management
«  Datatransmission and upload methods
« Datadisplay and summary
«  Real-time monitoring
«  Dataaccessibility by health care providers

.  Datasecurity

Feasibility and implementation
. Cost efficiency

o  Interoperability with current clinical systems

Acceptability and usability

« Easeof learning

o Easeof use

o Portability

« Risksto patient privacy

« Risksto 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 characteristicsisvital. This narrative review provides
an overview of the technical features, data capture methods,
and advantages and limitations of current medi cation adherence
monitoring technologies reported in the literature and
synthesizes 28 technology assessment criteria that can be used
to guide the devel opment and sel ection 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 popul arity 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 technol ogical
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 technol ogies, such as motion sensor—based
technologies and ingestible sensors, is till relatively new and
ongoing[1,4,15,18,60,64,76]. Overall, technol ogies capabl e 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
medi cation adherence monitoring technol ogies 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 devicesrequire 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 devel opment of apatient medication adherence
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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 technologiesin clinical settings.

Medication Adherence Data Capture and Use

In additionto variancesin 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 dataaccuracy [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 datainto clinical practice hasrarely 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 medi cati on 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 theimplications 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 technol ogies to monitor patient
medication adherence. The proposed assessment criteriainclude
five major categories as follows. development information,
technology features, adherence to data collection and
management, feasibility and implementation, and acceptability
and usability. Theidentified criteriahighlight significant aspects
of medication adherence monitoring technol ogies 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 thesetechnologiesistheir 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 devicesrestrictstheir
adoptionin 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 challengeswithin
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technology acceptance or technology design features were also
addressed, such asrisksto 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 dataintegration
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 demonstratesits 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
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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 technol ogy 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
generalizableto all types of medication. It is noteworthy that a
large proportion of theidentified articleswere pilot or feasibility
studies. Consequently, our assessment domain of the criteria
may aso be limited to the early stages of technology
development.

Conclusions

Overdll, thisnarrative review presentsasummary of the current
technological features and data capture methods, reports the
advantages and limitations of medication adherence monitoring
technologiesfor pill form medications, and proposes apotential
technology assessment criteria. Our constructed assessment
criteria are crucial for the development and adoption of these
technologies. Specifically, further technological devel opment
is required to expand the interoperability of medication
adherence monitoring technology systemsin clinical settings.
The increased implementation of technologies that monitor
patient medi cation 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: Mobilehealth (mHealth) interventionsareincreasingly being designed to facilitate health-rel ated 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 beintegrated 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: Thisreview followed the Joanna Briggs I nstitute 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 IMIR by using search termsrelated 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 techniquesinto 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 beintegrated during mHealth design, future research is needed to identify the most effective design approaches.

(JMIR Mhealth Uhealth 2022;10(3):€35799) 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 managetheir 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 toimprovethereach
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 DBCls [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 (BCTSs) to support
macroengagement.

To design effective behavior change content, there is evidence
that mHealth interventions devel oped using the behavior change
theory and BCTs are more likely to be effective than those
without [ 7]. Behavioral scientists have been devel oping methods
to systematically transition from diagnosing a behaviora
problem to designing a behavior change intervention [8-11],
which can be referred to as Behaviora 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 theform 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 generaly 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.

https://mhealth.jmir.org/2022/3/e35799

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 improveintervention 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) isacommon 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 severa detailed examples of how different
usability principles can be implemented in application design
[20,21]. Overdl, DT can be executed in different ways but
generaly 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 seeif users’' needs are met. Despite
knowledge about what constitutes“ effective engagement” with
mHealth DBCIs, a recent scoping review of DBCIs devel oped
over the past 2 decades found that most design teams make
limited use of BCTsand 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 devel op guidance to support them
through this process [22]. This conclusion has been reiterated
acrossthe literature, with experts agreeing that methodol ogical
guidanceisrequired 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 linkagesto 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 isengaging
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 sol ution.
Both approaches also aim to ensure that the resulting solutions
are designed purposefully to achieve user engagement.
Amalgamating best practicesfrom DT and BD may be mutually
beneficial and help design teams develop more “effectively
engaging” DBCIs[24-26]. Thereis currently a knowledge gap
with respect to how best practices from DT and BD can be
integrated to develop “effectively engaging” mHealth DBCIs.
Specificaly, little is known about how DT and BD can be
blended throughout the mHealth DBCI design processto ensure
that microengagement and macroengagement needswill 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 beintegrated, thisreview aimed to provide
guidance on how mHealth DBCls can be designed to more
“effectively engage” patientsand the public. Thisscoping review
addressed the following questions: (1) what are the main
characteristics of the studiesthat 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 Ingtitute 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 journal s highly relevant to our research topic
(eg, Cochrane, IMIR 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 fina list of search terms was compiled, and a search of the
databasesMEDLINE, PsycINFO, EMBASE, and CINAHL was
completed on May 15, 2021. A handsearch of Journal of
Medical Internet Research was aso completed on May 15,
2021, asthiswas recognized as ajournal 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

https://mhealth.jmir.org/2022/3/e35799
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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. Studiesthat only used behavior changeinsights
to evaluate the mHeath 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 wirelessdevices’ [4]. The intervention must
also have been designed for use by patients or the public. If the
intervention was designed only for use by hedth care
professionals, it was excluded.

Evidence Selection

Studies from the database searches were handled using
Covidence (Veritas Hedth 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
criteriawere excluded. During level 2 screening, full-text papers
that passed level 1 were screened. Studiesthat met the eigibility
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
thereliability of the eligibility criteria. Interrater agreement for
study inclusion was cal culated 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 al 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 practicesfrom BD with DT over the course
of the mHealth DBCI design process, key chalenges in the
mHealth DBCl 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

Voorheis et al

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 diagramswere
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 paperswere 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].

Figurel. PRISMA-ScR (Preferred Reporting Items for Systematic Reviews and Meta-Analyses Extension for Scoping Reviews) flow diagram of the

study selection process.

Records identified (n=1903) — Duplicates removed (n=651)

s MEDLINE (n=552)

s Embase (n=659)

= Psychinfo (n=326)

= CINAHL (n=281)

g Journal of Medical Internet Research (n=85)

Records screened (n=1252) — Papers excluded (n=997)

. I

.E Full-text papers(ﬁfgess;ed for eligibility — Papers excluded (n=180)

3 - Did not clearly describe how behavioral design was

2 incorporated (n=69)
- Did not clearly describe the design thinking process (n=39)
- Was not a full paper (n=24)
- Framework proposal paper (n= 22)
- Mobile health was not the primary intervention (n=18)
- Duplicate (n=7)
- Patients or the public were not the primary end user (n=1)

o

]

s

© Papers included in Scoping Review

= (n=75)

Main Characteristics of the Included Papers

All 75 primary studieswere 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
(24/75, 19%), the United Kingdom (13/75, 17%), Austraia
(10/75, 13%), and Holland (9/75, 12%) were the most common
study locations. The target population of the mHealth DBCls

https://mhealth.jmir.org/2022/3/e35799

varied, with the most common being patientswith cardiovascular
issues (7/75, 9%), patientswith diabetes (5/75, 7%), adultswith
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 al so varied, with the most prominent being improved
physical activity (18/75, 24%), improved diet (17/75, 23%),
disease self-management (12/75, 16%), preventative heath
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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%). mHeath DBCI design teams
were multidisciplinary intheir membership. Membersincluded
researchers, patients, caregivers, community partners, clinicians,
technology developers, and experts in behavior change, health
psychology, health communications, health promotion, and
health informatics. Topic expertswere 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 mHeadlth intervention, athough it was
usualy 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 alarge
variation in timespan, ranging from less than 3 months to

Voorheis et al

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

Theories, Models, and Framewor ks Used During
Design

Studies used a variety of theories, models, and frameworks in
their mHealth DBCI design process. Theories, models, and
frameworkswere most often used to (1) guide the design process
itself, (2) conceptualize the behavior change problem, (3)
identify relevant BCTs, and (4) evauate ideas for their
applicability, feasibility, or potentia effectiveness. Figure 2
summarizesthe types of theories, models, and frameworks used
inthe mHealth DBCI design process, and Multimedia A ppendix
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.

Theories, Models, and Frameworks
used in mHealth DBCI design

Guide Conceptualize
Theories, models, and
frameworks that help guide
teams through the design
process of creating an
mHealth DBCI

Theories, models, and
frameworks that help teams
make sense of the behavior

DBCI has to solve

eg, Behavior Change Wheel,
Intervention Mapping,
IDEAS Framework,
User-Centred Design Process

eg, COM-B,
Social Cognitive Theory,
Theaoretical Domains Framework,
Theory of Planned Behavior

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 Behaviora Design
Thinking Approach: (1) empathize with users and their behavior
change needs, (2) define user and behavior change requirements,

https://mhealth.jmir.org/2022/3/e35799

change problem that the mHealth

Identify Evaluate

Theories, models, and
frameworks that help teams
evaluate ideas and solutions
for their feasibility, relevance,
and potential effectiveness

Theories, models, and
frameworks that help teams
select pertinent behavior
change techniques and
strategies for the mHealth DBCI

eg, BCT Taxonomy,
Gamification Principles,

Persuasive Design,

Nudging Thecries

eg, APEASE Criteria,

MoSCoW Methods,

PRECEDE-PROCEED,
ABACUS Tool

(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 . Acrossthese steps, studiesintegrated
DT and BD in different ways, often “driving” their mixing in
acertain direction. The3waysDT 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 equaly
(DT+BD), “define” by blending DT and BD equally (DT+BD),
“ideate” by driving the process by BD (BD - DT), “ prototype’
by driving the processby DT (DT - BD), and “test” by driving
theprocessby DT (DT - BD). These gpproachesare 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; Ul: user interface; UX: user experience.
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Behavioral Design Thinking Approach

Behavioral Design Thinking Step 1: Empathize With
Usersand Their Behavior Change Needs

Most studies described how they empathized with users while
simultaneously conceptualizing the behavior change problem
(66/75, 88%), blending conceptsfrom DT and BD harmoniously
(notation = DT+BD). To empathize with the users who would
perform atarget 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 behaviorsthat the users will perform,
studies examined applicabletarget health behaviors, behavioral
determinants, BCTs, and behaviora 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 dataanalyses, literature reviews, reviews of other
interventions, guidelines, practices) to empathize. Studies not
only involved patient and public end users during this step

https://mhealth.jmir.org/2022/3/e35799

(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 asinterview guides
informed by behavior change models and visual presentations
of appsto stimulate collaborative discussion.

Behavioral Design Thinking Step 2: Define User and
Behavior Change Requirements

Studies tended to analyze the empathy resultsin 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
preferencesinto 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 requirementsinto an amal gamated 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 requirementsinvolved (1) identifying the
requirementsthat met the project scope and objectives, (2) using
feasibility criteriato refine and select certain requirements, (3)
consulting experts and patient and public usersto 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: 1deate
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 rel evant behavior change determinantswith
BCTsby 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,
studieswould 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 al 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 trand ateideated content and featuresinto functional
solutions (28/75, 36%). Studiesthat described their prototyping
approach tended to drivetheir 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 methodsusually 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
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Nielsen’'s usability heuristics [19] and the Eight Golden Rules
[29]. Despite reliance on DT for prototyping, severa 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 BCTswere not lost in trandation
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 usersin 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%). Studiesthat 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%).
Despitereliance on DT for testing, some studies supplemented
these testing methods with BD considerations to evaluate the
solution for its behavior change potentia (24/57, 42%). For
instance, in addition to traditional DT heuristic evaluation, some
studies conducted aBCT evaluation to assess the final solution
for the presence of known BCTs. In addition to traditional DT
usability testing, some studies“tagged” BCT componentswithin
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 assessthe extent to which theintervention 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 experiencewith BCTS,
perceived potential of BCTs, and user engagement with BCTSs.

Design Challenges, | mplementation Consider ations,
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 summarizedin Textbox 1. Multimedia Appendix 7 expands
on these resultsin further detail.
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Textbox 1. Key design challenges, implementation considerations, and future directions.

Design challenges

content can be confusing.

Implementation consider ations

. Facilitate early stakeholder buy-in.
« Planfor theintegration of the mHealth DBCI into clinical systems.

. Usefeasibility criteriathroughout the entire design process.

Futuredirections

«  Guidance on the design process for mHealth DBCls.

«  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.

« Thetrandation of behavior change techniques into actual mobile health (mHealth) digital behavior change intervention (DBCI) features and

o  Thedesign processistime 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.

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

o Useanimplementation plan (marketing, dissemination, onboarding, adoption, usage, sustainability).

«  Guidance on how to operationalize behavioral change techniques within mHealth DBCls in auser-friendly way.
«  Guidance on how to meaningfully involve users and stakeholdersin 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. Thisreview addressed agap in the literature about how
mHealth interventions can be designed to integrate practices
from DT and BD. Although the number of mHealth DBCls
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 DBCls.
A new consolidated approach to mHealth DBCI design is
presented—the Behavioral Design Thinking Approach. A large
proportion of mHealth DBCls 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 alack of clarity
about how mHealth DBCI content and features were ideated
and operationalized. Severa studiesin thisreview struggled to
trandate BCTsinto user-friendly mHealth features. Studiesalso
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 thefield. 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
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to inform personalization will be essential. This further
exemplifiesthe need for the meaningful involvement of patients
and the public in mHeath 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 usersin 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 usersin the design processitself
[34-37].

Theories, Models, and Framewor ks Used During
Design

Regarding the theories, models, and frameworks that studies
used during mHealth DBCI design, design teams appeared to
face avast 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 DBCls 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 achallengefor teams. During the defining step, it wasclear
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 linkagesto 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
BCTsandthenusing DT to creatively integrate BCTs and other
requirementsinto 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 aso
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 studiesto assessthe solution’s potential to support
behavior change.

Design Challenges, | mplementation Consider ations,
and Future Directions

Finally, regarding key implementation considerations, design
challenges, and future directions, several cross-cutting themes
wereidentified. 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
wasjust asimportant for ensuring success. Using insights from
BD and DT may a so berelevant 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 issuesare 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 DBCls. 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.

Voorheis et al

Limitations

The most significant limitation of this scoping review was that
the inclusion criteria necessitated that each included paper had
to beafull-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 agray
literature search or areview 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 thisreview included
adatabase, reference list, and gray literature search to identify
available design frameworksthat 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 generaizable
internationally.

Implications

The Behavioral Design Thinking Approach offersaway forward
in the field of mHealth DBCI design. mHealth design teams
may consider using the insights presented in the Behavioral
Design Thinking Approach toinform their futurework. 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, aswell asthe key challenges they may face
along the way. The findings presented in this review may also
berelevant to researchersin thefields of behavioral scienceand
design science who are interested in interdisciplinary
collaboration. It is reasonable to assume that breaking down
silos between these 2 fiel ds 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
DBCls.

Conclusion

The number of mHealth interventions designed to support
behavior change is increasing. Integrating best practices from
BD and DT may allow for the devel opment of mHealth DBCls
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 DBCls are purposefully designed to address effective
engagement, itislikely that patients, the public, and health care
practitionerswill 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.
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Abstract

Background: In 2017, an estimated 17.3 million adults in the United States experienced at |east 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 PSY CHE-D (Prediction of Severity Change-Depression), a predictive model
devel oped using PGHD from more than 4000 individuals, which forecasts the long-term increase in depression severity. PSY CHE-D
uses a 2-phase approach. Thefirst phase supplements self-reports with intermediate generated labels, and the second phase predicts
changing status over a 3-month period, up to 2 monthsin advance. The 2 phases are implemented as asingle pipelinein 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 arandom 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 thiswork will serve as a basis for improved engagement and treatment
of individuals experiencing depression.

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

Major depressive disorder is a leading cause of disability
worldwide, impacting thelives of more than 264 million people
globally, according to the World Health Organization [1]. The
COVID-19 pandemic hasfurther 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 adultsin 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
accessto medical care, and barriersdueto cost [4]. Undiagnosed
and untreated depression has significant economic consegquences,
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.

Anincreasingly explored and promising way to accomplish this
isthrough 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 severa strong
associations (Z-scores up to 6.19) between seep features and
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self-reported depression [9]. Another study showed that activity
features collected for 23 participants could accurately (k=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 PSY CHE-D (Prediction of Severity
Change-Depression), a 2-phase prediction model that uses
PGHD to predict longitudinal changes in an individua’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 resultsfor the second phase
are aso 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. Thiswork
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
outcomesin 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 (LM C) survey datafrom the month
in which the Patient Health Questionnaire-9 (PHQ-9) label is generated, and data from consumer-grade wearabl es 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.

Timeline
(sample months)

LMC survey

Wearable PGHD

PHQ-9 category Cc

Depression decline

Methods

Data Collection

The data used in this work are part of the DiSCover (Digital
Signalsin Chronic Pain) Project (Clinical Trials.gov identifier:

https://mhealth.jmir.org/2022/3/e34148

0 1 2 3
Cc o Cc
Cc Cc
v ¥
G G
¥
G

NCT03421223). The DiSCover Projectisa 1-year longitudinal
study consisting of 10,036 individualsin the United States, who,
between January 2018 and January 2020, provided data from
consumer-grade wearabl e devices and compl eted surveys about
their mental health and lifestyle changes quarterly and monthly,
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respectively. Detailled design and baseline participant
characteristics are described in the report by Lee et a [12].

The data subset used in this work comprises the following:

1. Wearable PGHD: Step and sleep datafrom the participants
consumer-grade wearabl e 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, participantswere requested to complete the PHQ-9,
a 9-item questionnaire that has proven to be areliable and
valid measure of depression severity [15].

From these input sources, we defined arange of input features,
both static (defined once, remain constant for all samplesfrom
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a given participant throughout the study, eg, demographic
features) and dynamic (varying with time for agiven participant,
eg, behavioral features derived from consumer-grade wearabl es).
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 devel oping the phase 1¢ 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.

Figure2. lllustration of the participant filtering process. * Compl etion 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 Signalsin Chronic Pain.

Screened (n=25,508)

Enrolled in DiSCover (n=10,036)

Passed survey response quality control (n=9961)

Sufficient survey completion* (n=8582)

Dense activity data™ (n=4036)

1 sample
(n=929)

2 samples
(n=774)

3 samples

4 samples

(n=943)  (n=1390)

Combine to form 10,866 total independent
samples (n=4036)
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Data Set Construction

Initial data exploration showed that the evolution of PHQ-9
scores over 3-month intervalswas 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 “SMQ” (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
SMO0 and SM3, LMC survey responsesat SM3 (aswell asSM 1
and SM2, if available), and wearable PGHD for SM3 (as well
as SM1 and SM2, if available). The wearable PGHD included

Makhmutova et al

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 PSY CHE-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
valuesfor testing). Note: multiple circles represent multiple samples from the same participant. This procedureisrepeated 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 1¢c model was to predict participants
PHQ-9 score categories from sociodemographic, medical, and
wearable PGHD. Theinitia version of phase 1cisdescribed in
the report by Makhmutova et a [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 mode! of boosted regression
treeswith dropout, was chosen dueto 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 k [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 a5-fold cross-validation to reduce
the impact of overfitting. We reported the performance metrics
of the best tuned models with 95% Cls across 5 training runs
(5 outer shuffle splits). Further details on hyperparameters are
reported in Multimedia Appendix 1 and elsewhere[14]. Dueto
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 categoriesfor SM 1, 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 SMO, 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 LM C 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
SMO and SM3.

A similar model construction procedure was used for phase 2c
as for phase 1c. The feature selection procedure consisted of
reducing theinitial number of input featuresthrough 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], agreedy
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, asit has been
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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. Featureimportance
was assessed using a combination of the following 2 key
metrics: “gain” importance and “split” importance [24]. Gain
importance measurestheimprovement in accuracy that afeature
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 aso 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 modelsin 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 Ingtitutional 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,
wewanted to build the model in amanner representative of how
such amodel might be deployed “in the real world.” In such a
situation, atrained model (eg, as part of an app) would need to
make predictionsfor participantsthat the model isnaiveto, 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 generalizahility 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 reguires 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

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 [e34148 | p.64
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

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 ak 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

Makhmutova et al

inaconfusion 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 traumaor given birth,
or were diagnosed with a range of chronic conditions), LMC
(changesto medicationsor lifestyle), and sleep-rel ated 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 thefinal featuresand their relativeimportance
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.

Figure4. Confusion matrix showing the phase 1¢ model’s Patient Health Questionnaire-9 (PHQ-9) score category accuracy distribution across PHQ-9
severity groups. Darker blue represents higher accuracy. Performance overall isweak, but adjacent accuracy is high, and classification performance in
samplesfrom individualswith lower (minimal to mild) and higher (moderately severeto severe) severity isrelatively high, compared to the performance

seen for intermediate severity samples.
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Prediction of Longitudinal Change

Theintermediate generation of depression severity labelsmeans
that each sample consisted of the PHQ-9 depression severity at
SMO, 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 abinary problem asfollows: can
we predict increased depression severity? We defined increased
depression severity as that when a participant changed the
PHQ-9 category between SMO and SM3. From our 10,866
samples, 2252 (20.7%) were thus labeled as positive cases.
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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 arange of metricsto 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 asensitivity of 55.4% (95% Cl +0.8%), specificity
of 65.3% (95% Cl +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
sengitivity 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 sel ected features
to predict relative changes in depression were similar to the
features selected to predict absolute depressionin thefirst phase.

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

Makhmutova et al

most frequently selected as strong predictors of an increasein
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), aswell asreducing or stopping a cohol 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 beincluded
in the final model.

Figure5. Split featureimportance of the features selected in at least three of five train-test splitsin the best performing phase 2c model. Colors represent
thetypes of features (static screener features are blue, lifestyle and medication changes[L M C] features are orange, baseline Patient Heal th Questionnaire-9
[PHQ-9] features are green, and generated PHQ-9 features arered). The 95% Clsfor the split feature importance are also visualized. SM: sample month.
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Principal Findings

PGHD represent alow 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

https://mhealth.jmir.org/2022/3/€34148
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PHQ-9 category labels with additional recent wearable PGHD
and LM C 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. Theinformation we used asinput consists
of simple sdlf-reports and datafrom consumer-grade wearables.

Even though overal performance in phase 1c was not
particularly strong (k=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 fina 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 aso 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% Cl +4.2%), and AUPRC
of 0.31 (95% CI £0.024). In comparison, simulating random
gnment 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 fal se 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 aobserved that features from al 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 aso
saw features derived from wearable devices, including trends
in sleep onset time, percentage of sleep time spent awake, and
overal number of hypersomnia days. The most important
featureswerethose 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]). Wenoted that due to data sparsity, intermediate |abeling
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
valuesdid not pose problemsin the phase 2c model predictions,
highlighting that the approach described in our work isindeed
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,
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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 modéd 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
aternative 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
wearabl es that incorporate engagement, such as the Ouraring,
which alows participants to annotate days with a number of
tags like medication [38].

The performance of PSYCHE-D was below our initia
expectations, despite morethan triple sensitivity versusarandom
model, and was weaker than the initiad 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 aso plan to
perform further validation with independently generated data
[41]. The study design aso 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.

Wewill aso explorethe application of PSY CHE 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
deliveredin atimely manner, asthe 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 peopl e 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 SM S text messaging for patients and health
care providers for the management of NCDs as part of an implementation research in rural Tanzania.

Methods: Ninefocusgroup discussionswere 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 trandated into English. The focus group discussions consisted of the
following topics: (1) perceptions of the participants about the possible use of mobile devices and SM S text messages asan mHealth
platform in community health services; and (2) experiences of mobile device use in health activities or receiving health services
viaamobile phonein 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 SM S text messaging was seen in the patient group, asthey wondered
who would send health advice to them. Some patients expected services beyond what mHealth could do, such asaiding 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 CHWSs 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 NCDsin rural Tanzania. Although HPs and CHWs had experience using mobile devicesto provide health servicesin
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 patientsin
resource-scarce settings due to the fast-growing penetration
rates of mobile phonesin 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]. Theincreasein the numbersof 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
communicablediseases[8,9]. A national survey in 2012 showed
that the prevalence of DiabetesMellitus (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 alower ratio intherural areas[11].
The TanzaniaMinistry 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 awell-thought-out
NCD strategic plan, the already overburdened health systemis
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. Thisstudy isapart 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 (CHWSs) under an NCD program to overcome the lack
of resources and infrastructure for health service accessin the
rural Dodomadistricts. Our mHesalth system isaiming to support
the existing local health systems to help control and manage
patients with HT and DM. The objectives of this study wereto
obtain insights into perceptions of the concept of mHealth
among CHWSs, patients with NCDs, and heath care
professionals (HPs) in rural Tanzania, to assessthe possible use
of mobile devices and SMS text messaging as an mHealth
platform among CHWSs 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

https://mhealth.jmir.org/2022/3/€29407

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

Eligibility Criteria of the Participants

Quota sampling method was applied to recruit 3 participant
groups of CHWSs, patients with diabetes or hypertension, and
HPs at each district hospital, atotal of 9 groupswith 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 candidateswere listed
based on the following eligibility criteria: for all—no gender
guota; 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 3interview guidesfor CHWSs, for patientswith DM or HT,
and for HPswere prepared in Swahili by the study team through
aseries of discussionsamong 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 devicesand 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 viaamobile phonein the
past.

Qualitative Interview and Analysis

A facilitator and a notetaker, both native Swahili speakers,
moderated the FGD sessions. Prior to theinitiation 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 aroom
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, theinvestigatorsreferred
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to the original texts and interviewed the researcher members
who conducted theinterviews. 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 analysesto capture the participants’ perspectives.

Ethics

Ethical clearance certificate for conducting medical researchin
Tanzania was obtained from the National Institute for Medical
Research (HQ/R.8a/\Vol.1 X/3220). The study was al so 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 districtsin the Dodomaregion. The age
ranges of the participants were 24-61 years for CHWSs, 27-54
yearsfor HPs, and 55-68 yearsfor 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.

Per ceptions 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.
CHWSs supported the idea of using SMS text messaging to
contact patientsfor 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 usesfor NCD control
included providing health information, offering encouragement,
and sending reminders for clinical appointments and taking
medications.

| seethisisa simpleway 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 mgjority 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 participantswere confident about reading
SMS text messages and using mobile devices for
communication. Some patientswerewilling to follow treatment
guidelines if they were provided with one via mobile, while
others said that regular SM S text messages would make them
feel encouraged and supported.

https://mhealth.jmir.org/2022/3/€29407
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It's a good idea, everybody knows how to read a

message here. It is readable, and | think more

beautiful. [Patient, M pwapwal
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 devicesin 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 areduced 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.

| thinkit'sa 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 themdirectly. We can reach
them through their children and grandchildren and
explain things to them as they receive the text
message. [HP, Kondog]

Negative Perceptions

As CHWSs had already been using their mobile devicesto reach
out to patients for the current project, they were also aware of
the possible difficultiesthat 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 providesfundsto purchaseairtime
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 acloserelativeto whom
he/she trusts to share higher 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. Especialy in Mpwapwa, the concept of
mHealth was not easily grasped during the interview.

| seethe question... but maybe the question was, | did
not really understand, if | ever received any messages
on the phone about these diseases we are talking
about, diabetes and hypertension? | said | 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,

Mpwapwal

Really good advice, now how do they get my phone

number? And who will send me such a message? You

or someone else? He hasto, he doesn't have my phone

number, | don't know him, how will he serve me?

[Patient, M pwapwal
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 alot for those who have accessto 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 usethe cell phones; also, posterslikethat big
one at the bus terminal with a message “TB is
preventable” It can also bedonethrough TV because
many watch TV. [HP, Kondoa]

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

Recommendationsor Expectationsfor 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 possibleto 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 seeclinical outcomes such as decreased
blood pressure or aleviated complications after following the
obtained advice. Mot 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.

| 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, Kongwal

https://mhealth.jmir.org/2022/3/€29407
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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 messagesto patients, concrete advice such
as sending a series of short, well-written messages at least once
aweek (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 usein health
activities or receiving health services viaamobile phonein the
past. FGDs included participant critiques of using mobiles,
which are asfollows:

1. CHWSs reported that at least 5 organizations were using
some sort of communication tools, including those for
maternal and child hedth, 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. Pdtients 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 asthose for materna 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, messagesthat 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
unreglistically high expectations (eg, it may fix al 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. CHWsand 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 ol der population cannot read or do not have amabile
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]. Thisstudy 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 level s 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 CHWSs; this would
facilitate patients’ management of diseaseand 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

Miyashita et a

concernsthat atext-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 CHWSs 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 CHWSs 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 socialy tight
communities could be valuable to acquire community trust and
achieve effective communication with patients. Involving
experienced CHWSs 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 CHWSs have expressed
uncertainty regarding knowledge about NCDs, and if therewere
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 CHWSs.
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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: Thisstudy aimsto examine the effectiveness of the combination of the self-designed web-based T2DM management
software TangPlan and WeChat on fasting BG (FBG), glycated hemoglobin (HbA ), 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 professional's via WeChat to obtain timely and
effective guidance on diabetes salf-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), HbA ;. (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), HbA ;. (95% CI —1.92 to —-1.28; P<.001), body weight
(95% CI -3.13to0 -1.68; P<.001), BMI (95% CI —1.10to —0.60; P<.001), systolic BP (95% Cl —7.37 to —3.94; P<.001), diastolic
BP (95% Cl -4.52 to -2.33; P<.001), triglycerides (95% Cl -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 HbA . 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):€30571) 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. Chinais 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 accountsfor 8.5% of national
health expenditurein 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 sel f-management education and support
for both patients and family members.

Previous studies have found that increasing communication
with hedth care professionas and enhancing diabetes
management are beneficial for glycemic control [9]. However,
Chinese physicians are usually very busy at work; patients only
have afew minutesto consult physiciansand fail to gain detailed
DM salf-management knowledgein alimited 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 resourcesto 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
viathe establishment of an active interaction between patients
and health care professionals. Apps arefeasibletoolsto 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

https://mhealth.jmir.org/2022/3/€30571

these positive outcomes, the redlity 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 patientswith diabetes use appsto support
diabetes self-management [17]. Furthermore, owing to the lack
of interconnected internetworking systemsin different hospitals
across Ching, it is very difficult for health care professionalsto
obtain the patient’s diagnosis and treatment records from other
hospitals and continuous follow-up information on patients.

With the devel opment of mobile health, the ways of acquiring
medical consultations have changed. WeChat is an extremely
popular social appin China, anditisalso smplefor 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 aso chalenging 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 isbased 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 isto estimate the impact of
the combination of TangPlan and WeChat on BG, glycated
hemoglobin (HbA,.), 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 ahealth record
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in the community health care center before January 2020. The
CONSORT-EHEALTH (Consolidated Standards of Reporting
Triasof Electronic and Maobile 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 (JINU20200312IRB04). The study was
conducted in accordance with the CONSORT (Consolidated
Standards of Reporting Trials) ethical guidelines and the
CONSORT-EHEALTH checklist[22]. All researchersinvolved
had been trained uniformly beforethetrial started to ensurethat
they were familiar with the trial procedures and methods.

Participants

All participants confirmed their willingness to participate in
face-to-face screening interviewsto assesstheir 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
patientsfrom walking for 15 to 30 minutes aday; (4) participants
who had lived in Wuxi for more than half a year and were
willing to participatein 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)
diagnosisof type 1 DM, gestational DM, maturity-onset diabetes
of the young, or any other type of diabetes; (2) patients
undergoing hemodialysisfor chronic kidney disease; (3) history
of any serious heart-related events (such as heart attack or
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stroke) in the past year; (4) pregnant patientsor 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 datafor clinical research.

Sample Size

The sample size was cal culated based on a completely random
design using the sample size formulafor the comparison of the
mean of 2 independent samples. The trial was designed for
analysisusing 2-tailed tests, with type | and I error rates set at
0.05 and 0.1, respectively. We used the difference in the mean
HbA ;. (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 astudy 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 HbA .. 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).

JMIR Mhealth Uhealth 2022 | val. 10 | iss. 3 [e30571 | p.80
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH Xiaet d

Figure 1. TangPlan website.

Bl S8BT

FEE NEE SEE REE REE WEE

Textbox 1. The 6 functional modulesincluded in TangPlan.

1

Patient list module: Each patient’sinformation 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 gradesinclude
very light, light, middle, and heavy), type 2 diabetes mellitus (T2DM) duration in years, glycated hemoglobin (HbA ), 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).

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

Personalized nutrition customization module: In the food management submodule, all ingredientsare divided into six categories. cereds, 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.

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 exercisesinclude 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.

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.

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 adesignated 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
WecChat friends, created a WeChat group, and ensured that the
participants could useit proficiently. The program coached the
participantsin five areas. improving BG self-monitoring, healthy
eating, active physica exercise, increasing medication
compliance, and health education (Figure 2).

Intermsof 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

Figure 2. The genera framework of the program.

TangPlan: Diabetes
management sofiware
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should send the datato usviaWeChat, 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 aweek 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 suitablefor 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.
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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
educatorsin our team explained the T2DM-rel ated 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. Finaly, 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
enhancethe 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
WecChat voice calls during the program.

Outcome M easures

Overview

Outcome datawere 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
HbA . 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.

https://mhealth.jmir.org/2022/3/€30571
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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)>.

Blood Test and BP

The nurses took venous blood samples for FBG, HbA ., and
serum lipid profile measurement. After distributing breakfast
and instructing the participants to eat, blood was drawn again
2 hourslater 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 hormally
and nonnormally distributed data, respectively. Thepairedt test
and Wilcoxon test were used to test the differences before and
after theintervention for normally and nonnormally distributed
data, respectively. According to the Guidelines for the
Prevention and Treatment of Type 2 Diabetesin China proposed
by the Chinese Diabetes Society in 2017, a reasonable HbA ;.
control target is <7%. In treatment, HbA . =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,
wedivided the HbA ;. level s of the patientsinto two categories:
HbA,. <7% (normal) and HbA,. =7% (abnormal). The
McNemar test was used to determine the impact of the
intervention on the HbA . 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 aretention rate of 76.9% (120/156).
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Figure 3. Participant flow diagram. HbA 1: glycated hemoglobin.
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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 tria in the
control group, whereas 63% (40/64) male and 38% (24/64)
female participants completed the tria in the TangPlan and
WeChat group. No statistically significant differencesin basdline
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), HbA . (P=.84),
FBG (P=.35), 2-hour postload BG (P=.36), serumlipid profiles,
medication (P=.61), and presence of comorbidities (P=.76),
were found between the control and TangPlan and WeChat
groups.

Changesin FBG and HbA .

After 6 months, the FBG (mean 6.51, SD 1.66 mmol/L) and
HbA ;. (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; HbA ;.: mean
8.42%, SD 1.83%; Figure 4A and B). Compared with the
baseline data, the mean changein FBG and HbA . 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%
Cl —0.26% to 0.04%; P=.15; Figure 4E), respectively, whereas
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the mean change in FBG and HbA,. in the TangPlan and
WeChat group was 0.51 mmol/L (SD 1.24 mmol/L; 95% ClI
-0.83 to -0.20 mmol/L; P=.002; Figure 4D) and -1.6% (SD
1.28%; 95% Cl -1.92% to —-1.28%; P<.001; Figure 4F),
respectively.

In this trial, 23% (13/56) of participants had normal HbA
levels, and 77% (43/56) of participants had abnormal HbA ;.
levels in the control group (Table 1). After 6 months of

follow-up, there was no change in the number of abnormal and
norma HbA . levels, but 15% (2/13) of the participants with

normal HbA ;. levelsdemonstrated abnormal HbA ;. levels, and
5% (2/43) of the participants with abnormal HbA ;. levels had
norma HbA . levels. The McNemar test revealed that there
was no statistical difference in the proportion of participants
with normal HbA,. levels before and after the intervention
(P=.99). In the TangPlan and WeChat group, 27% (17/64) of
participants had normal HbA,. levels, and 73% (47/64) of
participants had abnormal HbA ;. levelsbeforetheintervention.
After 6 months, 58% (37/64) of participants showed normal
HbA . levels, and 42% (27/64) of participants had abnormal
HbA . levels. Among them, 74% (20/27) of the participants
with abnormal HbA ;. levels had normal HbA . levels. There
was a significant difference in the proportion of participants
with norma HbA,. levels before and after the intervention
(P<.001).
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Figure 4. Comparison of fasting blood glucose and glycated hemoglobin (HbA 1) levels. (A) Fasting blood glucose difference between the control and
TangPlan and WeChat groups after 6 months, (B) HbA 1 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) HbA ;. changesin the control group at baseline and 6 months, and (F) HbA 1 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 HbA 1 levels before and after the intervention (N=120).
Before the intervention After the intervention, n (%) P value
HbA 1.2<7% HbA 1:>7%
Control group (n=56) .99
HbA 1c<7% 11 (19) 2(4)
HbA 1 27% 2(4) 41 (73)
TangPlan and WeChat group (n=64) <.001
HbA 1.<7% 17 (27) 0(0)
HbA 1 27% 20 (31) 27 (42)

8HbA ¢ glycated hemoglobin.

Changesin Body Weight, BMI, BP, and Serum Lipid
Profiles

The body weight, BR, 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) wassignificantly 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 participantswith HbA ;. <7%in the TangPlan and
WeChat group was significantly higher than that in the control
group (P<.001).

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

Characteristic Overal Control group (n=56)  TangPlan and WeChat group (n=64) P vaue
Body weight (kg), mean (SD) 69.02 (10.72) 71.91(11.36) 66.50 (9.51) .006
BMI (kg/m?), mean (SD) 2367 (5.32) 24,53 (5.74) 22.92 (4.86) 10
SBP (mm Hg), mean (SD) 129.80(1022)  132.96(11.56) 127.03 (8.00) 00
DBP® (mm Hg), mean (SD) 76.52 (6.87) 77.96 (7.64) 75.25 (5.88) o3
Serum lipid profiles (mmol/L), mean (SD)

T 1.59 (0.83) 1.78 (1.10) 1.43 (0.40) 33°

HDL-CE 1.15(0.26) 1.08 (0.25) 1.20(0.25) 01

LDL-C 2.71(0.76) 2.96 (0.84) 2.50 (0.61) 00

TcY 4.22 (0.95) 4.42 (1.00) 4.01(0.83) 02
HbA " distribution, n (%) <.001

HbA 1¢ <7% 50 (41.7) 13(23.2) 37(57.9)

HbA 1 >7% 70 (58.3) 43 (76.8) 27 (42.2)

33BP: systolic blood pressure.

&Y ann-Whitney U test was used.

°DBP: diastolic blood pressure.

G triglycerides.

®HDL-C: high-density lipoprotein cholesterol.
fLDL-C: low-dens ty lipoprotein cholesterol.
9TC: total cholesterol.

PHbA 1: glycated hemoglobin.

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

Xiaet a

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

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

Characteristic Control group (n=56) TangPlan and WeChat group (n=64)
Mean (SD; 95% C1)2 P value Mean (SD; 95% Cl) P value

Body weight (kg) -0.17 (0.91; -0.42 t0 0.08) 19P -2.40 (2.84; -3.13t0 -1.68) <.001
BMI (kg/m?) -0.06 (0.33; —0.15 0 0.03) 09° -0.85 (0.99; -1.10 to -0.60) <001P
SBP® (mm H) -0.16 (5.99; —1.76 to 1.44) 84 -5.66 (6.87; —7.37 to —3.94) <.001
DBP (mm Hg) -0.66 (4.36; ~1.83 t0 0.51) 26 -3.38 (4.57; -4.52 10 -2.33) <.001
Serum lipid profiles (mmol/L)

TGE 0.01 (0.11; -0.02 to 0.04) .53 -0.09 (0.24; —0.16 to —0.03) .004

HDL-cf -0.02 (0.95; —0.05 to 0.01) .16 0.05 (0.10; 0.02 to 0.07) .001

LDL-CY -0.01 (0.45; -0.13t0 0.11) .88 -0.42 (0.46; —0.54 to -0.30) <.001

Tch -0.03 (0.48; -0.16 t0 0.11) 68 -0.47 (0.51; -0.60 to —0.34) <.001

3\lean 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.

Bywilcoxon test was used.

CSBP: systolic blood pressure.

dDBP: diastolic blood pressure.

®TG: triglycerides.

"HDL-C: high-density lipoprotein cholesterol.
9LDL-C: low-density lipoprotein cholesterol.
PTC: 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 (decreasein HbA ;. and BG levels) and serum
lipid profiles (decline in TG, LDL-C, and TC and increase in
HDL-C) aswell asreducing body weight in patientswith T2DM
after 6 months of the program. Patients who used the TangPlan
and WeChat—based intervention for 6 months reduced their
HDbA . levelsby 1.6%, FBG levelsby 0.51 mmol/L, body weight

by 2.40 kg, BMI by 0.85 kg/m?, TG levels by 0.09 mmol/L,
LDL-C levelsby 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 alow level. Owing to
poor health education, the proportion of patients with diabetes
who have optimal glycemic control (HbA,. <7%) in Chinais
<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 HbA ;. levels [20], whereas

https://mhealth.jmir.org/2022/3/€30571

some appsfail toimprove HbA . levels[26]. However, although
many diabetes apps have been developed in China, their use
rate isonly 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 socia 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 astime conflicts,
geographic distance, and economic problems. Thisresearch 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,
compliancewith 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 timesin 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 HbA . levels of the
patientsin 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 HbA ;. 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 modulesfor 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 achievelong-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 HbA,. levels, FBG levels, BP, and lipid profiles.
However, we al so 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 HbA ;. levels. Studies have shown that
a0.5%to 1% reduction in HbA ;. levelsis considered clinically
significant and can reduce the risk of complications[31]. Even
the Food and Drug Administration in the United Statesrequires
a 0.4% decline in HbA . levels for drug evaluation [32]. The
results of the UK Prospective Diabetes Study showed that a
0.9% reduction in HbA ;. 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
guidelinesfor diabetesin the United States, only 37% of persons
with diabetes meet the HbA ;. target of <7%, and only 7% meet
the combined glycemic, lipid, and BP goal s[35]. We found that
the combination of TangPlan and WeChat increased the
proportion of patients with diabetes who met the HbA ,; target
in the TangPlan and WeChat group from 27% (17/64) to 58%
(37/64) after theintervention. Thisdid not changein the control
group. We believe that the average decline of 1.6% in HbA .
levels in the TangPlan and WeChat group was significant in
reducing therisk of diabetes-related complicationsand mortality.

FBG is another indicator of glycemic control and correlates
with HbA . levels. A study showed that FBG levels >5.6
mmol/L but not of 3.9to 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
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mortality in patients with COVID-19 without a previous
diagnosis of diabetes [38]. Hyperglycemiais also arisk 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 improvementsin HbA . levels[40]. The
prospective Swedish Obese Subjects study reveal ed that weight
reduction through gastric surgery performed on patients with
obesity had adramatic effect on the 8-year incidence of diabetes
but no effect on the 8-year incidence of hypertension[41]. Each

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

significant decrease in weight (2.40 kg) and BM1 (0.85 kg/m?)
among the TangPlan and WeChat group after 6 months of the
program highlights the importance of weight reduction in
ameliorating HbA ;. levels.

A variety of studies suggest that glucose aloneisnot responsible
for diabetic complications, especialy inindividualswith 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
interacti ons between health care professionals and patientswith
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. Theloss of data during follow-up
also limited the scope of this study. Future studieswith alarger
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 declinein HbA ;. and FBG levels, body weight, and
BP as well asimprovementsin 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 alarger 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 aremotely delivered clinical weight losstrial 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 10ss.

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 analysesto characterize diet-, weight-, and app-related user behavior
associated with weight loss.

Results: In the context of alow-carbohydrate ketogenic diet intervention delivered remotely through an mHealth app paired
with abreath acetone biofeedback device, self-reported dietary adherence seemed to be the most important factor to predict weight
loss (3=-.31, t5,=—2.366; P=.02). Furthermore, self-reported adherence mediated the rel ationship between greater app engagement
(from ¢=—0.008, 95% CI —0.014 to —0.0019 to ¢'=—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 ¢'=-0.40, 95% Cl —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-rel ated aspects (breath acetone values and self-reported dietary adherence) over time differed between individuals
who achieved aclinicaly significant weight loss of >5% and those who did not.

Conclusions: Our in-depth examination of app- and adherence-related user behaviors offersinsight into factors associated with
successful weight lossin 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 aweight loss diet every year [3]. Although
various diets can be used to achieve areduction 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 offersaplatform for innovative and highly
scalableinterventionsto be delivered to abroad 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 isapopular weight
lossdiet 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 usersto follow alow-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 dietshighin
saturated fat [8]. The app is paired with ahand-held device that
measures acetone levels in the breath and serves as a
noninvasive bhiofeedback 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

https://mhealth.jmir.org/2022/3/€33940

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 aweight loss intervention. The purpose of this
study istherefore 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 isasecondary analysis of app use and outcome data
from the intervention group of a previous mHealth-based
randomized clinical trial [9]. Theoriginal 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]. Thetrial was
conducted remotely out of Canadawith participating individuals
living in California. This paper ams to (1) examine
characteristics and behaviors of usersin thistrial asthey 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 digitaly prior to data
collection.

Participant Recruitment and Study Flow

As described previoudy [9,10], participants were recruited
through web-based advertisements and an email listserv.
Interested participants compl eted 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 (iHeath 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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participantswere asked to follow the dietary intervention based
on guidance through the app.

Maobile Weight L oss I ntervention

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 aphysician, and iscommercialy
avalable. 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) sourcesthat 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
asemiconducting metal oxide core selectiveto 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 O (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 3timesdaily
(first thing in the morning and before lunch and dinner).

M easures

Weight Loss Data

Participants were asked to weigh themselves daily on the
study-provided Bluetooth scale. Asdescribed previoudly [9,10],
baseline weight was considered the first weight measurement
on the start day of thetrial 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 fina (ie, 12th and
24th) week of theintervention period to minimize theinfluence
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
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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
guestionnaire 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 | ntervention

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

Parti cipants 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 providesimple
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. Thisquestionnaire
was self-designed because at the time of study development,
COVID-19 had not been anticipated.

Statistical Analysis

All statigtical analyseswere 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 usersin thistrial acrossthe 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 aimisto 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 thetrial 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
caculated as the mean of the sample subtracted from the
observed value divided by the SD of the samplefor 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 arandom 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
differencesin dopes of timefor success averaged over theentire
intervention period (in the case of asignificant interaction effect)
with a95% 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 parwise 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 al-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

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

Falkenhain et al

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 Cls[15]; Clsthat
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 participantswere 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 partia data from all
participantswas 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.

Characteristics Total Female Male Nonbinary
Participants, n (%) 75 (100) 53 (71) 20 (27) 2(2)

Age (years), mean (SD) 42 (11) 41(10) 43(13) 33(9)
Weight (kg), mean (SD) 94.7 (17.1) 90.7 (16.7) 104.2 (14.3) 106.1 (18.8)
BMI, mean (SD) 335(4.7) 335(4.9) 33.1(4.5) 34.4(4.7)

Changein Body Weight

Mean weight loss at 12 weeks was —5.6 (SD 4.5) kg, which
equated to —5.8% (SD 4.5%) of initia body weight. Of the
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participants logging afollow-up weight, 53% (32/60) lost >5%
and 18% (11/60) lost >10% of baseline body weight (Table 2).

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 [€33940 | p.96
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH Falkenhain et a
Table 2. Weight loss outcomes.
Outcome measure Total Female Male Nonbinary
Primary intervention end point at 12 weeks (N=60)
Participants, n (%) 60 (100) 42 (70) 16 (27) 2(3)
Change in body weight (kg), mean (SD) —5.6 (4.5 -5.1(4.1) —6.9(5.3) -7.1(3.0)
Changein body weight (%BBW?3), mean (SD) —2-8 (4.5) -55(4.7) —6.5(4.4) —6.5(1.6)
Changein BMI, mean (SD) -1.9 (1.5) ~1.9 (1.5) —2.1(1.6) —2.3(0.9)
Lost >5% initial body weight, n (%) 32(53) 21 (50) 9 (56) 2 (100)
Lost >10% initial body weight, n (%) 11 (18) 6 (14) 5(31) 0(0)
Secondary intervention end point at 24 weeks (N=42)
Participants, n (%) 42 (100) 30 (71) 11 (26) 1(3)
Changein body weight (kg), mean (SD) -8.5(6.4) -8.3(6.4) -9.1(7.1) 96 (_b)
Change in body weight (%BBW), mean (SD) -8.7 (6.9) -8.9(7.5) -8.4(5.6) -8.1(—)
Change in BMI, mean (SD) -3.0(2.3) -3.0(25) —2.7(2.0) -3.0(—)
Lost >5% initial body weight, n (%) 24 (57) 18 (60) 5 (45) 1 (100)
Lost >10% initial body weight, n (%) 15 (36) 11(37) 4 (36) 0(0)

%6BBW: percentage of baseline body weight.
PNot available.

Daily change in body weight (expressed as a percentage of
baseline body weight) acrossthe 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 participantswho 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 changein 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 l0ss).
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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 aweekly 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)

Falkenhain et al

times per week. Across both the primary and secondary
intervention phases, the average self-reported adherence was
2.5(SD 0.3), Keyto Levelswere 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 ascale
of 1 (not at al) to 4 (every day). Descriptive data from these
guestionnaires 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
engagementswith 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 a4-point Likert scale, ranging from “Not at all” to “Every day.”.
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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
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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 negetive correlations were
observed between weight ossand compliance with daily weight
measurements  (p=—0.57; P<.001), self-reported dietary
adherence (p=—0.48; P<.001), and app engagement (p=—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 (p=-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 (p=0.53; P<.001), suggesting

Falkenhain et d

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
(p=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;

%EIl: percentage of energy intake.
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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 (ameasure
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 dope 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
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(Figure 5C), and compliance with daily weight measurements
(Figure 5D): self-reported dietary adherence (0.07, 95% ClI
0.04-0.10; P<.001), engagement with the Keyto app (0.03, 95%
Cl 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 Levelsover 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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Figure5. 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.
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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 thisend,
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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.

Predictor variable Values, B (SE)? t test (df) P value

Compliance with daily weight measurements -20(0.13) —-1.580 (54) 12

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

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

Average Keyto levels —-.06 (0.13) —0.469 (54) .64

Baseline body weight -36(0.11) —3.420 (54) .001

8standardized coefficient.

The model (adjusted R?=0.40; Fs554=8.937, P<.001) identified
self-reported dietary adherence (f=—.31; t5,=2.366; P=.02)
and baseline body weight (=—36; t5,=—3.420; P=.001) as
significant predictors. Compliance with daly weight
measurements (B=—20; t;,=—1.580; P=.12) was near statistical
significance, whereas engagement with the Keyto app (=—14;
t;,=—1.069; P=.29) and average Keyto Levels ($=-06;
t5,=—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
(F,5,=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 (Ieft), 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.
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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
Levelsor 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 lossat 12 weeks (Figure 7A). When sdlf-reported dietary
adherence was added to the model, the direct relationship
between average Keyto Level and 12-week weight |oss became
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RenderX

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 ¢'). 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% Cls of the direct and indirect mediation effects of self-reported dietary adherence on (A) average Keyto
Levelsand (B) total engagement with the Keyto app on body weight loss at the end of the primary intervention phase at 12 weeks.
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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
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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 agenerally minor impact of the pandemic; however,
thelarge 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 (F 4,3=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 hasinfluenced 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 thetime.”.
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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 oss success. Thissuggests
that arelatively smple 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 thistrial
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 hiofeedback 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, thisisthefirst study evaluating user behavior
of asmartphone-based weight | oss app using alow-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
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opportunity for self-monitoring of afat |ossbiomarker (ie, breath
acetone) other than, or in addition to, the weight scale, which
isuniqueto thisdietary pattern. The breath acetone biof eedback
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 analysisfurther suggeststhat 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
participantsto maintain astate 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 Levelsin
our study isupwardly 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,
ameaningful 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 eval uate 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 trial s and knowledge trandl ation for the design of
app-based interventions. We speculate that evaluating
self-reported adherence could help to determine early onin the
trial which participants might need extra support (eg, through
SMS text messages, push notifications, and phone calls) to
maximize weight 10ss 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 inspirefuture
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
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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 arelimited to the variables collected within the framework
of thistrial. It islikely 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 arestaurant or asocial 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
socia gatherings, this measure may not accurately reflect the
challengesthat adultstrying 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.

Finaly, 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 addsto the availableliterature 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 adherenceisof crucial importanceto achievethedesired
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 isto compare the acceptance and effectiveness of two interventionsfor 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:
aprint-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' baselineintervention 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. MV PA decreased by 9 minutes per day between baselineand T2 (B;;,e=—9.37,
95% Cl -18.58 t0 —0.16), regardless of theintervention group (WEB vs PRINT: By;q5+time=—3- 76, 95% Cl -13.33t0 5.82, WEB+
VS PRINT: Byroyprtime=1.40, 95% Cl -11.04 to 13.83). Of the participants, 18.6% (38/204) met the PA recommendations at TO,
16.4% (26/159) at T1, and 20.3% (28/138) at T2. For SB, there were no significant group differences or group-by-timeinteractions
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 increasesin PA or decreasesin 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 recommendationsincluded several modifications.
For example, the authors of the update state that “al 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
suggeststhat 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 isto 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 Hedlth 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 &
[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

https://mhealth.jmir.org/2022/3/€32212

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 genera
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 modalitiesin 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 viaprinted materialsleadsto increased PA levels
in older adults [14-16]. Engagement in web-based PA
interventionsis also associated with increased MV PA, 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 thereis still alack 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)
interventionsin adultswho 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 variationsin 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 trackersin 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 individua 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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Thisstudy (PROMOTE I1) was funded by the Federal Ministry
of Education and Research (Bundesministerium fiir 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
trackersin addition to awebsite 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 initialy inactive
participants with little affinity to technology find easy to
use.

2. Toinvestigate the acceptance and use of two interventions
(web- vsprint-based) and changesin PA among ol der adults
(=60 years) in acrossover randomized trial over the course
of 9 months.

3. To examine the role of persona preferences for different
delivery modesin intervention effectiveness.

4. To explore the associations between changes in PA and
possible changes in physical fitness and cognitive capacity
in apooled sample of participantsin both PROMOTE | and
Il 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 subsegquent
paper. We hypothesized that both interventions would
significantly increase MV PA 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
districtsin Bremen, Germany, were invited to participatein the
study viamail. The names and addresses were provided by the
residents’ registration offices. This included individuals who
resided in districts that met the following requirements:

1. Digtricts that were not part of the municipalities targeted
in PROMOTE |

https://mhealth.jmir.org/2022/3/€32212
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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 aready 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 theinterest
of 168 individualswho 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 I nformed Consent

The study obtained ethical approva from the Medica
Association of Bremen, Germany, on July 3, 2018 (RA/RE-635).
The study wasregistered at the German Clinical Trials Register
on January 10, 2019 (DRKS00016073). Potentia 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, individualswereincluded 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
previoustrial, aplanned vacation during the intervention period
exceeding 2 weeks, amedical 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 initialy set to an MM SE-2-BV score
of <14. Asthe manual for the MM SE-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 MM SE-2-BV score <13 were excluded.

Randomization and Allocation

Of the 3660 older adultsinvited, 823 (22.49%) individual swere
assessed for eligibility during computer-assisted telephone
interviews (Figure 1). Intotal, 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

Pischke et al

tracker (objective PA self-monitoring) in addition (WEB+
group). Weekly time slots were randomly assigned to the 3
intervention groups. Thefirst 30% of the timeslotsreserved 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; TO: baseline assessment; T1: 3-month follow-up; T2: 9-month follow-up.
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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
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content was based on self-regul ation 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 material s or made available on the website.
The smartphone app additionally provided access to the
exercises and PA diary for individualsin the WEB and WEB+.
Onthewebsite, in the Android web app, aswell asin the printed

Figure 2. Intervention material (PRINT).

Additional activities
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diary, weekly feedback regarding whether PA goas were
reached was provided (Figure 2), the number of minutesor 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 thewebsite. No prompts
or reminders were used on the website or in the app.
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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 exercisesin groups and going for joint
walks and discussing weekly health education topics, and the
participants were encouraged to ask open questions regarding
the exercises (al so see the study protocol by Pischke et a [30]).
During their first weekly group meeting, participants received
the necessary equipment (printed material or accessinformation
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).
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Outcomes and M easures

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 theresearch
staff and were asked to send it back within 1 week viamail.

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
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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 (TO) and weight (assessed at all time

Pischke et al

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.

Outcome measure Instrument or scale® Time of assessment
Sociodemographic information (sex, age, education, family German Health Interview and Examination Survey for Adults, 1P
status, employment status, and household income) questionnaire for ng seniors' demographic and so-
ciostructural datain Germany
Height and weight Self-generated items TO
Physical activity and neighborhood environment Physical activity neighborhood environment scale TO

Walking environment

Neighborhood Scales, walking environment, 1 Item (activity TO

friendly score)

Social support for engaging in physical activity Activity-related support by family and friends (modified) and To, T1° T2d
activity-related social support

Subjective health status Short-Form-12, 1 item TO, T1, T2

Technology commitment Technology commitment scale TO, T1, T2

Technology use and experience Self-generated items TO, T1, T2

Use and acceptance of various components of theinterventions  Self-generated items T1,T2

(website and printed material), attendance of the offered group

sessions, and overall satisfaction with the interventions

Preferenceregarding intervention material at baseline (retrospec-  Self-generated items T2

tive)

Reasons for crossing over or not crossing over after 3 months ~ Self-generated items T2

8References for the instruments can be found in the study protocol [30].
bT0: baseline assessment.

®T1: 3-month follow-up.

472: 9-month follow-up.

PA and SB Outcomes

The main outcomes were MVPA and SB in minutes per day
assessed at TO, 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
timesand classify PA levelsinto the categories described bel ow.

Valid wear time was derived using the wear- and nonwear time
classification algorithm by Choi et a [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
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well aslight (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 a [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 minutesin 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 sessionsand intervention
material was assessed with self-generated items (eg, frequency
of general use, use of different components[on a5-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 reasonsfor 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 MV PA 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
longitudina 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, househol d income, subjective health status,
built environment, activity-related support, preference, season,
and valid wear time. Model diagnostics, such asresidual 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 modelswas observed. In addition, outlierswere checked
and found to be unproblematic.

As cell counts for crossover groups were very small, linear
mixed models were not run for the potentia crossover
combinations at the 3-month follow-up. Theanalysesregarding
the intervention groups in this study were calculated using the
group allocation at baseline as the indicator of the intervention
group (ie, al 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], wherethe GLIMMIX procedure was used particularly
for linear mixed modeling.

Results

Participant Flow and Baseline Char acteristics

Of the 3660 older adultsinvited, 823 (22.49%) individual swere
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 alocation; 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
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previous intervention group, and 8.2% (16/195) decided to
crossover to the other group. Finaly, 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%).

Observationsfrom participants (TO, 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 MM SE-2-BV scorewas <13 (51/501,
10.2%). In total, 501 observations from 204 participants were
included inthe analysis (PRINT: 90/204, 44.1%; WEB: 78/204,
38.2%; and WEB+: 36/204, 17.7%). For follow-up samples,
the exclusion criteriareduced the sample sizesto 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 dlightly 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 al groups, except for
the WEB+ group, women were overrepresented. The proportion
of femal e 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 willingnessto 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. Basdline 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 samplesfor continuous baseline characteristics. Cohen
h was cal cul ated 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
asthe effect sizes (Cohen d and h, respectively) were all <0.20.
The only exception was the cognitive state: the analysis sample
had a dlightly higher MM SE-2-BV mean score compared with
therecruited sample (Cohen d=0.22). Thiswas expected because
of the exclusion criteria (Figure 1).

PA and SB Outcomes

Overdll, 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 al 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) minutesin 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)
t084.3 (SD 26.1) minutesin 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
MV PA per day (Biime=—9.37, 95% Cl —18.58 to -0.16). Within
the groups, the least squares mean decrease between baseline
and T2 wassignificant for WEB (mean difference —13.12, 95%

Pischke et al

Cl —23.40 to —2.84) and PRINT (mean difference —9.37, 95%
Cl -18.58 to —0.16; Table 2). Compared with PRINT, there
were no significant group differences and group-by-time
interactionsat 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 (Bygup+time=3-76, 95% Cl -13.33
t05.82) and the WEB+ group at T2 was approximately 1 minute
per day more activein MVPA (By.oup+time=1.40, 95% Cl -11.04
to 13.83).

Table2. Resultsof thelinear 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).?

Characteristics  Indicatorsper timepoint, mean Difference in time within Timedifference (refer-  Group differ-  Group-by-timeinteraction
(SD) group (reference TO?), least €nceT0), B (95% Cl)  ence(refer-  (reference PRINT at TO),
squares mean (95% C|) ence PRI NT), [3 (95% C|)
B (95% CI)
TO T1¢ T2 Tl T2 Tl T2 T1 T2
MVPA (minutes per day)
WEB 84.4 92.3 81.3 268(-643 -13.12 -1.46 -9.37 490 (-449t0 4.13(-4.69 -3.76
(33.0) (315 (316) to11.78)  (-23.40to (-9.87to0  (-1858  14.30) to12.96) (-13.33to
-2.84) 6.95) to -0.16) 5.82)
WEB+ 844 95.5 90.0 1.98(-9.90 -7.97(-20.26 pja® N/A 8.73(-344t0 3.44(-7.74 1.40(-11.04
(39.7) (37.7) (36.7) t013.87) t04.32) 20.89) t014.62) to013.83)
PRINT 82.8 84.3 80.8 -1.46 -9.37(-18.58 N/A N/A N/A N/A N/A
(29.2) (26.1) (2838 (-9.87to0  to-0.16)
6.95)
MVPA in 10-minute bouts (minutes per week)
WEB 89.1 79.1 78.2 -17.06 -49.64 -2.28 -37.7 18.51 (-16.50 -14.78 -11.94
(121.2) (106.6) (108.4) (-57.94t0 (-95.83t0 (-40.18t0 (-78.87 t053.52) (-55.32to (-55.96to
23.83) -3.45) 35.62) t0 3.48) 25.77) 32.08)
WEB+ 98.3 119.8 86.2 15.76 -53.48 N/A N/A 2454 (-20.81 18.04 -15.78
(139.5) (165.3) (130.0) (-38.31to (-109.47to to 69.89) (-33.38to (-72.90to
69.83) 2.51) 69.45) 41.34)
PRINT 76.9 70.0 73.3 -2.28 -37.7(-78.87 N/A N/A N/A N/A N/A
(108.9) (87.1) (81.0) (-40.18t0 t03.48)
35.62)

#The 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.

PT0: baseline assessment.
®T1: 3-month follow-up.
412: 9-month follow-up.
EN/A: not applicable.

With regard to MV PA 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 basdline 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% Cl —38.48 to 69.83).
At T2, there was a significant estimated mean decrease in
minutes of MV PA in 10-minute bouts per week within the WEB
(least squares mean difference —49.64, 95% Cl —95.83t0 —3.45).
Compared with PRINT, there were no significant group
differences and group-by-time interactions at T1 or T2 (Table
2).

https://mhealth.jmir.org/2022/3/€32212

For sedentary time in 30-minute bouts in minutes per week,
therewas asignificant estimated decrease at T1 withinthe 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 withthe 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 al 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 differencesat 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
(Biime=5-29, 95% Cl -9.12 to 19.69). Compared with PRINT

and baseline groups, the WEB group at T2 spent approximately

Pischke et al

10 more minutes per day with sitting (Bgoup+ime=10-41, 95%
Cl -4.49 to 25.31) and the WEB+ group at T2 spent
approximately the same minutes per day with sitting
(Bgrouptime=—0.13, 95% CI —19.49 to 19.22; Table 3).

Table 3. Resultsof thelinear mixed regression models (time, group, intervention effects, and comparison of intervention effects) for sedentary behavior

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

Characteristics  Indicatorsper timepoint, mean Difference in time within Time difference (refer-  Group differ-  Group-by-timeinteraction
(SD) group (reference TOP), least €NceT0), B (95% Cl)  ence(refer-  (reference PRINT at TO),
squares mean (95% C|) ence PRI NT), [3 (95% C|)
3 (95% CI)
TO T1¢ T2 Tl T2 Tl T2 T1 T2
Sedentary time (minutes per day)
WEB 630.2 633.2 638.1 -5.20 15.7(-0.36to 1.04 5.29 -5.88(-21.14 -6.24 10.41(-4.49
(102.2) (90.9) (88.2 (-19.43t0  31.76) (-12.09t0 (-9.12to t09.39) (-19.98t0 t025.31)
9.02) 14.17) 19.69) 7.49)
WEB+ 637.7 642.6 628.9 -10.83 515(-14.00 p/a® N/A -253(-22.31 -11.88 -0.13
(745)  (79.0) (94.1) (-29.36t0 t024.31) to 17.25) (-29.27to (-19.49to0
7.69) 5.52) 19.22)
PRINT 639.0 649.9 646.8 1.04 529(-9.12t0 N/A N/A N/A N/A N/A
(78.3) (1285 (120.6) (-12.09t0 19.69)
14.17)
Sedentary timein 30-minute bouts (minutes per week)
WEB 22281 2098.7 23482 -212.99 179.25 -18.83 7231 -107.81 -194.16 106.94
(905.2) (851.1) (731.5) (-422.14t0 (-56.85t0 (-211.94t0 (-139.36 (—327.33to (-396.46t0 (-112.63to
-3.84) 415.35) 174.29) to 111.70) 8.14) 326.51)
283.98)
WEB+ 2368.4 23365 24022 -160.20 72.65 N/A N/A -16.37 -141.37 0.34
(839.3) (785.7) (701.7) (-432.82t0 (-209.29to (-300.69 to (-397.69t0 (-284.79to
112.43) 354.59) 267.95) 114.96) 285.46)
PRINT 2301.3 23718 2402.1 -18.83 72.31 N/A N/A N/A N/A N/A
(798.9) (960.6) (900.5) (-211.94t0 (-139.36t0
174.29) 283.98)

#The 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.

PT0: baseline assessment.
®T1: 3-month follow-up.
472: 9-month follow-up.
EN/A: not applicable.

Attendance, Use, and Acceptance of I ntervention
Components

Overdl, 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,
therewere no marked differences among theintervention 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 participantsin
the PRINT group, 49% (23/47) in the WEB group, and 58%
(19/36) inthe WEB+ group still used the PA diary at least once

https://mhealth.jmir.org/2022/3/€32212

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 generaly 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;
MultimediaAppendix 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 reasonslisted included “ did not want
to lose contact to the previous group members,” “printed version
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seemed impractical,” or “not technol ogy-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 dlightly over time. Regarding
SB, dl 3 intervention groups displayed a decreasing trend in
thisrisk behavior over time. However, no significant intergroup
differenceswere observed in thisregard. 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
addsto the current knowledge that the mode of delivery (PRINT
vs WEB) did not appear to affect the acceptance and
effectiveness of theintervention 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 isconceivablethat the intervention effectsin certain subgroups
weremasked in the primary analyses. In an exploratory analysis,
the presence of unobserved subgroups was investigated with
regard to the latent change trajectories of MV PA and SB [46].
Regarding MVPA, latent change trajectory analysis revealed
an initialy sufficiently active and an initially insufficiently
active subgroup, both of which remained constant over time.
Regarding SB, an initialy highly sedentary subgroup and
moderately sedentary subgroup were identified. Although the
moderately sedentary subgroup experienced slight increasesin
sitting time, theinitially highly sedentary subgroup experienced
significant decreasesin SB and significant increasesin 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 conditionsat follow-up (1/17, 6% from
WEB [including WEB+] to PRINT; 15/17, 88% from PRINT
to WEB). Two-thirds of participantsin each condition stated at
follow-up that their random all ocation had matched their initial
preference, suggesting that intervention participantsfelt content
with the condition (and use of materials) to which they were
assigned. In addition, feeling part of agroup 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

https://mhealth.jmir.org/2022/3/€32212
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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 materias
assigned to them in the condition that they were randomized to.
Future pragmatic trials combining arandomized controlled trial
with 2 different intervention arms in which participants can
self-select will be necessary to further investigate the questions
regarding therole of individual preferencesraised in this study.

Strengthsand Limitations

Despite the advantages of the study design appliedin thisproject
and the objective measurement of MV PA 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 arecall 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 bein at basdline. 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. Thiswill be the topic of a future study.
Finaly, 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 goa 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
conseguently. Furthermore, as discussed previously, despitethe
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 adultsin 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 inthe longer
term at 9 months. Thisispuzzling, 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 MV PA, weekly PA, and MV PA [50])
in predominantly healthy older adults. Similar to our study,
acceptance of eHealth intervention approaches was high in the
studiesincluded in these systematic reviews and meta-anal yses
[50]; however, contrary to our attrition rate, studiesincluded 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 theintervention modality (WEB or WEB+ vsPRINT).
A systematic review conducted by Muellmann et a [13]
included several studies comparing print- and web-based
intervention arms with contradictory results. Two studies by
Pecls et a [54,55] reveded 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 a [56-58]
compared aweb-based intervention to ano-intervention control
group and print-based intervention. Contrary to the findings by
Pecls et a [54,55], participants receiving the print-based
intervention did not display any increasesin 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 al so received regular sessionsin groups may
have served as an equalizer, but it cannot explain the lack of an
overal 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 MV PA
to be ableto participate in the study. Thismay have led to higher
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baseline PA levelsthan intended and feelings of frustration with
intervention messages and material stargeting primarily inactive
adults and possibly dropping out of the study. It is aso
conceivable that potential participants may have overreported
PA because of social desirability and may have been excluded,
leading to alack 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 morelikely to favor print-based interventions
[22]. Unfortunately, in our study, we were not ableto 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. L evels of acceptance were average across groups and
competence and control beliefs, as well as willingness to deal
with new technol ogies, were high across groups, suggesting no
variations that may have affected decisions for WEB versus
PRINT conditions later on in the study.

Implicationsfor Practice and Research

The great heterogeneity among older adults >60 years (eg, in
employment status, chronic disease status, or functional
capability) isakey 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
inthefuture, including tail ored 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 participantsin 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 theseinterventions, no intervention effect
was observed for MVPA. Owing to alack of movement between
groups a 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 heath (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, especialy
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 goa 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: aleaderboard 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 compl exity
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 agoal in theintake survey. Theimpact of personalization was especially observed
for frequency parameters because the personalization of sports session frequency did foster higher engagement levels, especialy
when participants set agoal 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.
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Introduction

Research Case

Nowadays, sedentary behavior is highly pervasive. Sedentary
behavior, asdistinct from physical activity, encompasses abroad
range of behaviorsthat 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 meetsthese
guidelines, sitting for prolonged periods can compromise health
[9]. Hence, frequently interrupting periods of sitting with (short)
bouts of physical activity isalso 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 oftenin
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 appea 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], aswell asthe type of motivationa messagesthat
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 a [22], we hypothesized that an intervention that
suggests health goalsto its users based on the users’ capabilities
and preferences will be more engaging (ie, resulting in lower

https://mhealth.jmir.org/2022/3/e28801

dropout rates as well as higher adoption rates of heathy
routines) than an intervention that does not tailor itsgoals. 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 capabilitiesfor certain
sports activities. Instead, a researcher typicaly considers the
participant’s capability to perform a heathy 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 capabilitiesrather than inviting all participantsfor
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—nbut personalized—goals may be more effective than
having users set their goals themselves [22], it remains unclear
what exact strategies are most effectivein setting tailored goals
in a digita health promotion setting. Of course, different
strategiesfor tailoring goalsin adigital health promotion setting
exist. For example, promising results have been obtained by
personalizing goas 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 goalsindividually instead of having
users select goals from a predefined list [25]). However, the
relationship between the goa target behavior (eg, to go for a
walk or arun) 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 goad’s impact on user engagement by setting
personalized goal sfor different types of health-related activities
(ie, walking, biking, and engaging in sports).

In the following sections, we first survey the literature to
examinethe 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. Finaly, we
discuss the implications of our results and the weaknesses of
this study aswell 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 atarget behavior is an important motivating factor
(ie, a concept that has been referred to as self-efficacy by
Bandura[28] and wasincluded aswell 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 istoo 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]. Thistheory
hasinspired 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 proposesthat task performance can
be moderated by anumber 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
generaly result in better performance [33].

To summarize, athough tasksthat aretoo simplelead 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 goalsin 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 alonger 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 yieldsincreased goa 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
governmenta organizations (ie, 6 municipalitiesand 1 provincia
organization) in the region of Antwerp, Belgium, in October
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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 gavetheir 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
caled 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.
Thisapproach 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.

I nter vention Context

To test our hypothesis, we used the mHealth tool GameBus.
GameBus was especially designed for health promotion and
provides ahighly 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 alows configuring of these
mechanismsfor testing scientific hypotheses. Thetool 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 datain amanner that is compliant with European

(privacy) legidlations.

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: aleaderboard displaying theindividual 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 leaderboardsin our mHealth
tool is presented in Figure 1.

To score points on these 2 |eaderboards, a participant was given
aset of tasksthat, 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 al 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 participantswith asense of gratification relatively easily
and make them feel that all their physical effortswere awvarded.

The other three tasks were dynamic (ie, updated at the
commencement of each wave) and arguably more difficult to
perform: (1) go for alonger walk of at least X km, (2) go for a
longer bikeride of at least X km, and (3) go for asports session
lasting at least 30 minutes X times per week. In this study, these
3 dynamic tasks were either updated genericaly (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 acertain

Figure 1. Display of social |eaderboards.
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task. Alternatively, users could use an activity tracker to
automatically track their efforts. The activity trackersthat 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 amaximum number of pointsthat 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
sessionisrewarded X times per week, where X depends on the
actual campaignh wave. Notethat 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 usersin the control or treatment groups could be assigned
through GameBus.

Finally, GameBus provided a set of featuresfor 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.
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Figure 2. Display of the different sets of tasks per treatment.
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Table 1. Maximum number of pointsthat could be obtained per suggested activity.

Task Maximum number of points per week Maximum number of times rewarded per week Points per activity
Short walk 28 14 2
Longer walk 56 7 8
Short bikeride 28 7 4
Longer bikeride 56 7 8
Sports session 40 X 40/X
Healthy moment 10 1 10
Study Design Control Group: Tasks Based on Guidelines

Overview of Study Arms

The study was designed as a 2-arm randomized intervention
trial. The experimenta 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 alonger 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.

https://mhealth.jmir.org/2022/3/e28801

XSL-FO

RenderX

For the control group, the parameter val ues 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, inlinewith 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 a [9]).

On the basis of these guidelines, it was agreed with the
organizing committee to suggest tasks with aduration of 10 to
30 minutes, giving participants ample opportunity to engagein
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%)

Nuijten et a

generaly yieldsincreased goal performance [35].

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

Parameter Wave 1 Wave 2 Wave 3 Wave 4
Minimum duration of the longer walk, minutes (distance; m) 17.5 (1500) 25 (2000) 27.5 (2250) 30 (2500)
Minimum duration of the longer bike ride, minutes (distance; m) 12.5 (3500) 15 (4000) 16 (4250) 17.5 (4500)
Minimum duration of the sports session, minutes (maximum times; n) 30(4) 30(4) 30(5) 30(5)

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'sgoals 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 kilometersthey biked on aweekly basis,
and (3) the number of sports sessionsin which they participated
on aweekly basis. Note that the participants capabilities were
explicitly evaluated in accordance with their existing
professional and persona 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 aweekly basis, and (3) the number of sports sessions they
wanted to attend on aweekly basis.

Subsequently, the data on participants capabilities and goals
for walks and bike rides was transformed to fit the description
templates of tasks (eg, atask 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, wewould suggest regularly
going for a walk of at least 7000 x 0.73/3 = 1703 m). The
number of kilometers one could, and wanted to, bike per week
was divided by 5 (eg, to reach agoal of biking 10 km per week,
wewould suggest regularly going for abikeride of at least 10/5
=2km).

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

https://mhealth.jmir.org/2022/3/e28801

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, waking
distance, biking distance, or number of sports sessions), W is
the total number of waves of the campaign (ie, 4), and wisthe
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
kmfor t with regard towalking, 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 equalswalksand bikerides (ie, indicating
a 10% improvement) or by increasing their capability with a
fixed value of 1 for t equals sports sessions.

Finaly, 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
bikeridewere 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 O sports sessions, thisfinal 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 auser joined the campaign,
they would always be given a default set of tasks until the end
of thethen-active wave (ie, the default set of taskswasdisplayed
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.
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The control and treatment sampleswere stratified such that each
sampleincluded the same number of people who had set agoal
to improve their current capabilities (eg, new participants were
immediately requested to express their current capabilities and
goals through the intake survey). Obvioudly, 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 awelcome email with arequest 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. Finaly, 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 areminder 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 theentire
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.

M easurements

In mHealth, engagement is most commonly captured by means
of measures of app use [36]. Using the GameBus platform, the
engagement of participantswas repeatedly measured asfollows:
(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 aparticular participant who joined the campaign only in the
fourth wave would have arelative wave number of zero for that
record. This relative wave number was used to model timein
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
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dimension), or improve (ie, if they expressed an intention to
improve their current capabilities on at |east 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, aswell astheir perception of their capability
to perform the prescribed tasks (ie, self-efficacy).

Statistical Analysis

Thefirst 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, thewave
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 aparticular participant and wave
only if they had ever checked the app during that wave and if
they had participated for aduration of at |east 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 variabl es.
Inall modelswe allowed random interceptsfor both individuals
and the governmental organizationsthey were part of. Thefinal
model was selected based on the Akaike information criterion
[37]. The Akaike information criterion estimates the relative
quality of statistical modelsfor agiven 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 thefit).

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
differencesat thelevel 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 modelsincluded time
(ie, therelative wave number), participant’sgoal, and treatment
as predictors. In addition, we tested whether significant
second-order interaction effects existed among these variabl es.
Inall modelswe allowed random interceptsfor both individuals
and the governmental organizationsthey were part of. Thefinal
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.
Thisfinal 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 al 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 startswith all predictorsincluded in the model, with
variables subsequently being eliminated one at atime. 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).

Nuijten et a

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

Intotal, 176 unique participantsjoined the study, and they were
randomly assigned to atreatment: 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 atreatment 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
displaysacohort diagram that detail sthe number of participants
engaged in different study phases.

Figure 3. Cohort diagram that details the number of participants engaged in different study phases.
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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 characteristicsin the control group and treatment

https://mhealth.jmir.org/2022/3/e28801

RenderX

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 participantswho joined the campaign for thefirst time during
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agiven wave aredisplayed 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, athough 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 isasignificant

Table 3. Sample demographics (N=46).

Nuijten et a

factor for predicting dropouts at P=.03; Table S1in Multimedia
Appendix 2). No significant differencesin 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 isassumed that dropouts were
spread equally over treatments.

Characteristic Sample, n (%) Control group, n (%) Treatment group, n (%) No treatment, n (%)
Gender (n=46)
Male 13(28) 7 (54) 5(39) 1(8)
Female 33(72) 15 (45) 18 (55) 0(0)
Age group (years; n=44)
21-30 12 (27) 6 (50) 5(42) 1(8)
31-40 16 (36) 7 (44) 9 (56) 0(0)
41-50 3(7) 2(67) 1(33) 0(0)
51-60 8(18) 4.(50) 4(50) 0(0)
61-70 5(11) 1(20) 4(80) 0(0)
Per sonality scores (n=41), 4, o
Openness 2.573,0.610 2.500, 0.473 2.643,0.723 _a
Conscientiousness 2.329, 0.616 2.250, 0.579 2.405, 0.654 —
Extraversion 2.780, 0.645 2.763, 0.599 2.798, 0.701 —
Agreeableness 2.006, 0.476 1.975, 0.499 2.036, 0.463 —
Neuroticism 3.299, 0.710 3.362, 0.681 3.238,0.748 —

3posttest personality scores were not available for the participant who was not assigned a treatment.

Figure 4. Number of participants who visited the app at |east once per wave.
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Descriptive Statistics of Complexity Parameters

The complexity parameters of the dynami ¢ tasksthat the control
participants were assigned are presented in Table 2. However,
the complexity parametersfor thetreatment group were different

Nuijten et a

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.

Parameter Wave 1 Wave 2 Wave 3 Wave 4
Minimum distance of the longer walk (m)
Mean (SD) 1777 (600) 2025 (500) 2091 (488) 2054 (526)
Minimum 1000 1000 1000 1004
Maximum 4365 4471 4578 4684
Minimum distance of the longer bikeride (m)
Mean (SD) 7822 (3704) 7439 (3194) 7718 (3386) 9127 (3728)
Minimum 2000 2000 2000 2000
Maximum 17,500 17,500 17,500 17,500
Suggested sports sessions
Mean (SD) 2.41(1.02) 2.97 (0.83) 3.67 (0.85) 3.09 (0.93)
Minimum 2 2 2 2
Maximum 7 7 7 8

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
weretherefore 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 atotal of 111
(66.9%) participantsin 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 L evels

Figure 5 displays the number of days participants visited the
app on average per wave per treatment. Figure 6 displays the

https://mhealth.jmir.org/2022/3/e28801

number of days participants visited the app on average per type
of goal they set.

From the second set of statistical analyses, it wasfound 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 goa (ie, +2.176 days for
participants with amaintenance 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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Figure5. Mean plot of the number of days participants visited the app per wave, per treatment.
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Figure 6. Mean plot of the number of days participants visited the app per their ambition to improve their current capabilities, per treatment.
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Multimedia Appendix 3 displays an overview of the number of

Impact on Active Engagement L evels timesaparticular suggested task was registered per organization.

Figure 7 displays the average number of activities participants o _
registered per treatment. Figure 8 displays the average number ~ Moreover, from the second set of statistical analyses, it was
of activities participants registered per type of goal they set. 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 treatmentswas detected, although
it did matter whether participants completed the intake survey.
In particular, participants who set themselves a maintenance
goa registered more activities than those who did not set

Nuijten et a

themselves a goal (ie, +1.535 activities; P=.03; Figure 8).
Moreover, participants who set themselves an improvement
goa 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.
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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 eval uate 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,

Nuijten et a

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
godls; P=.004; Table S4in 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.
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Description of the Data Set

Finaly, 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).

Per ceived I mpact on Performance

When zooming in on the perceived impact on performance of
individual activity types (ie, walks, bike rides, and sports
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RenderX

the perceived impact on wak 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.
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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
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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.

Figure11. 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.
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Principal Findings

The aim of this study isto evaluate the impact of personalized
goa setting in a gamified health promotion program on
participant engagement level's. Our results show that engagement

https://mhealth.jmir.org/2022/3/€28801

RenderX

Study arm -#- Control ~#- Personalized

S.

4.
el
x
.é
o 34 T
-]
= [ ]
S -+ )
g [}
(=}
2 21
7]
2
&

I 4

01

2 3 4 5

Number of distinct waves participants visited the app

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], severd factorsmay berelevant for explaining thistendency
in this particular context. First, it must be noted that only a
limited number of participants had explicitly set a goal to
maintain or improvetheir 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 dtill 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 suggestionsfor improving their
levels of physica activity), which—according to
Self-Determination Theory—may have harmed their intrinsic
motivation levels[30].

Still, the participants who had set themselves a goa (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—goal s 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, theimpact 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 afrequency
parameter, whereas the parameters for personalizing walks and
bike rides are typically characterized as intensity parameters.
A freguency 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’stasks (ie, self-efficacy), the treatment
group participantswho set themselves agoal reported the lowest
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levelsof self-efficacy on average among all participants. Hence,
our personalization strategy may have suggested tasksthat were
perceived astoo 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 compl eting 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 socia |leaderboard, was unfair. By nature of the
personalized treatment, each participant’sintervention 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 morefair, we received reportsfrom several
participants perceiving it as unfair that they had to (seemingly)
expend more effort than their colleaguesto 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 outcomeswere 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 haveintroduced a sel ection biasin the fourth set of analyses
of subjective measures.

Finally, this study evaluated the impact of our intervention on
aparticular target group (ie, government staff) within a specific
context (ie, the work environment). It is likely that the results
will be generalizabl e 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 alowed to engage in the (gamified)
program. Moreover, theintake 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
precontempl ation or contemplation phase (ie, the phasein 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 isessential to remain healthy because sitting
for prolonged periods can initself compromise health [9]. Does
personalization based on frequency parametersalso have alarger
impact on engagement levels in general? And if so, why?
Finally, future work could explore the impact of alowing
participantsto add personalized goalsfor other typesof 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
goalshased on activity frequency, in particular, because focusing
on activity frequency implies performing physical activity more
often (instead of for longer duration or performing moreintense
physical activity). Thisfocus 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
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encourage scholarsto replicate our study setup to gain adeeper
understanding of the potential impact of different strategiesfor
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 isto investigate theimpact
of adaptive goal-setting strategies on end-user engagement levels
with the program. In particular, through the program, study
participants were stimul ated to engage in a set of health-related
activities (eg, to go for awalk, 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 resultsindicated 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
totailoring theintensity of activities) does promote engagement
inthat 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 capabilitieson at |east one health dimension. Hence, when
designing a gamified heath 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 severa
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: Inour 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 downl oaded these apps from amirror site hosting Android apps and analyzed them using a script that we devel oped
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
awider 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 ahigh reliance on manual data entry suggests the need for more research into using sensorsfor data collection
in health and fitness apps, which may be more desirable and improve end user experience.

(JMIR Mhealth Uhealth 2022;10(3):€30468) 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 availablein app stores, with amarket 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 datato provide better
health outcomes and can also play animportant 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 avenuesfor 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 asvirtua reality implemented on mobile devices
[15]. Built-in sensors such asinertial 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 asthose 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 studieshave
revieved mHealth apps and explored them from various
perspectives, such as their impact on health outcomes [22],
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usability [23], and even the use of integrated smartphone sensors
for monitoring health conditions[16]. Despite limitations around
the accuracy of the apps and periphera 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 a [27] researched around the
attributes of health appswherethey 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 wirel esscommunication
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 |oss 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 aso been
developed for processing IMU readings to monitor movement
and activity levelsin anoninvasive manner and are now widely
used for applicationsin fall detection and gait analysisto track
the progression of diseases such as Parkinson disease [30].
These a gorithms and functions have been integrated with other
data collection mechanisms described bel ow to create complex
and robust health apps, with acommon example being popul ar
fitness trackers that use external heart rate sensors along with
the onboard IMUs and GPS modules.

BLE Standard

BLE standard was originally designed with afocus on low cost,
bandwidth, power consumption, and complexity and hasallowed
developers to design products that are more affordable than
other wirel esstechnol ogies such asWi-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 severd
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

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e30468 | p.143
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

heart rate and blood pressure. Given that predefined profiles
may not completely cover all apps, the Bluetooth SIG aso
permits device manufacturersto 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

Philip et al

GATT—attributes. These are identified by 128-bit universally
uniqueidentifiers (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 describesthe Bluetooth S| G-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
BL E-compatibledevices, any client app that intendsto 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 descriptionsin their code
for connecting with periphera s and identifying the servicesand
subsequently reading exposed characteristics. Thus, an analysis
of Android packages to extract these UUIDs would help usto
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 worksin thedomain
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 reveded

interconnectivity and convenience as 2 factors impacting user
experience [37]. This is even more important today, given the
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thousands of health apps with overlapping features and the user
tendency to use more than one app [2]. Although they are mostly
datadriven, thereislimited work around the analysis of existing
mHealth apps to identify what data are collected and how, an
understanding of which can help devel op better health apps and
eventually improve technology adoption. Therefore, our
objectiveisto analyze a set of free mHealth appsto investigate
the use of peripheralsalong with built-in sensorsas anindicator
of the collected data and provided features.

Methods

Overview

The Google Play Store is the official hub for downloading
Android appsand 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—MyHeathApps [39]. Through a search on the Play Store
using termsidentified from this library, we identified apps that
we then downloaded and analyzed. Figure 2 shows a high-level
overview of the methodol ogy, which isdiscussed in detail later.
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Figure 2. Data collection methodology. mHealth: mobile health; UUID: universally unique identifier.
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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
subcategorieslisted in Table 1. We wrote ascript 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 & Magazinesand Tools.
Although several appsof 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,
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and quality mHealth apps: free apps, rating >3.5, number of
installs >5000, and health and fitness or medical apps

However, aswe 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 sensorssuch
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
finelocations), 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).

App category Search terms (subcategories; n=157), n Apps (N=38,780), n (%)
Bones and muscles 11 2745 (7.08)
Breathing and lungs 6 1493 (3.85)
Cancer 13 3237 (8.35)
Diabetes 5 1247 (3.21)
Endocrine 2 499 (1.29)
Heart, circulation, and blood 13 3238 (8.35)
HIV 1 249 (0.64)
Kidneys 1 250 (0.64)
Medication 3 749 (1.93)
Mental health 16 3991 (10.29)
Nervous system and brain 22 5469 (14.1)
Skin 3 748 (1.93)
Staying healthy 23 5744 (14.81)
Stomach, bowel, and continence 14 3493 (9.01)
Senses, mobility, and learning 24 5728 (14.77)

Data Extraction From mHealth Apps

App Data Set

Our query fetched alist 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 UUI Ds From Packages

To analyze the downloaded apps, we used a popular static
analysistool—AndroGuard [43], which allowed usto 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 hel ped
us identify the following:

«  Theset of permissions and hardware features requested by
the apps (to help understand how data are collected by the
apps)

«  Appsrequesting 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].

https://mhealthjmir.org/2022/3/e30468

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 al so contribute to the mHeal th app numbers,
welimited 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 oniOS, which were
downloaded using Apple's Configurator tool and unpacked to
identify the hardware features used in the apps based on the app
permissions.

Overdll, 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 severa 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) werefound. Smartphone cameras have also
been widely used, asindicated by the presence of over 600 apps
that requested the appropriate permission (CAMERA). Table 2
liststhe number of apps using these permissions. Figure 3 shows
the use of different sensors in each subset. We found that the

Table 2. Apps and requested permissions (N=3251).

Philip et al

camera being more popular across most search categories with
GPSfollowing 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.

Permissions (simplified)

Apps, n (%)

Coarse location
Fine location
Camera

Body sensors
Activity recognition

Audio recording

557 (17.13)
598 (18.39)
669 (20.57)
36 (1.11)
123 (3.78)
340 (10.45)
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Figure 3. Built-in sensors used in apps across different categories.
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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
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include service, characteristic, and descriptor identifiers. The
unknown IDsinclude 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 UUIDsto the appsthat 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 M easurement
(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

Table 3. Percentage of appsin each category using Bluetooth.

Philip et al

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 i0S). 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.

App category

Percentage of apps using Bluetooth, n/N (%)

Bones and muscles
Breathing and lungs

Cancer

Diabetes

Endocrine

Heart, circulation, and blood
HIV

Kidneys

Medication

Mental health

Nervous system and brain
Skin

Staying healthy

Stomach, bowel, and continence

Senses, mobility, and learning

16/216 (7.4)
29/188 (15.4)
23/326 (7.1)
59/374 (15.8)
12/91 (13.2)
72/495 (14.5)
14/71 (19.7)
4/67 (6)
16/258 (6.2)
53/505 (10.5)
80/649 (12.3)
4/67 (6)
145/1340 (10.8)
58/454 (12.8)
49/391 (12.5)

Table 4. Services and the number of apps using them (N=3251).

Generic Attribute service

Apps, n (%)

Heart rate measurement
Glucose measurement

Running speed and cadence
Cycling speed and cadence
Blood-pressure measurement
Body composition measurement

Weight measurement

41 (1.26)
26 (0.79)
14.(0.43)
13(0.39)
13(0.39)
12 (0.36)
10(0.3)

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
detailsthey need [2]. These apps do not share a consi stent 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

https://mhealthjmir.org/2022/3/e30468

guidelines and frameworks. This study represents the first step
in this road map. We reviewed data collection in 3251 mHealth
appsto understand what health data are collected and how apps
collect them with a focus on built-in and externa
Bluetooth-based sensors.

Data Collection

Our findings indicate that although there is an increasing use
of smart wearables and theincreasing 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 appsfor mental health, which wewere
ableto 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 occurrencein the Staying Healthy set. Thiswas
expected asthis category includes apps around diet and exercise
whereimages and | ocation datamay be used for tracking meals
and physical outdoor activities. We also expected asimilar trend
favoring camerasin the Heart, Circulation and Blood category.
We were aso surprised by the relatively high use of location
and images in Nervous System and Brain apps, which may
indicate theincreasing acceptance of these datatypesin 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
sensorsisrequested 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 al. Appswere also found
to use the microphone with the highest occurrencein 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 1Ds, this also
indicatesthat most devices and appsused proprietary agorithms,
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 I1Ds (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 devicesthat may not bewidely
avalable. 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 servicesin asmaller number and showed the use
of Heart Rate, Glucose, and Body Composition as the more
common services provided by peripheral devices.

https://mhealthjmir.org/2022/3/e30468
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Data Sharing

mHealth devices and apps have been found to be useful for
collecting clinical insights[47], which showstheir potential not
only in personal use but also in clinical appswhere 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 requireinstallation of more than one app—achallenge
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
seamlesdly, 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 amore 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 usabhility is
subjective, limited support for passive data collection with
internal and external sensors can have anegative impact on app
experience, which can lead to reduced adoption by end
users—sidestepping any benefitsthe apps could offer. Therefore,
it is critical to understand the importance of peripherals and
built-in sensorsin modern health solutions and integrating them
in aclinically acceptable manner with health apps.

However, the main limitation of our work arisesfrom automated
data extraction, where we could not capture more nuanced
details such aswhere the datafrom 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 regjected. 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 appsin 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 categorieswhere the use of sensorsand 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 sensorsin these areasto improve data collection.

Given the potential of mHealth apps to improve an end user’'s
health, adherence to regular useis 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.
Thisindicates 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 aconnected 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 whichis 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 appsrequiring accessto health metrics.
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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
themost popular service being Heart Rate M easurement. 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, asmore appswould be able
to interact with these devices, giving end users more options.
Similarly, severa 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 manua 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: Theaim of this study wasto review which nutrition-rel ated 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 appswere 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 cal cul ated.

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 amean of 3.85 (SD 0.44) for FeelEat. Functionality scores ranged from amean of 2.25 (SD 0.54) for Naor
to amean of 4.25 (SD 0.46) for Yazio. Aesthetics scores ranged from amean of 2.17 (SD 0.34) for Naor to a mean of 3.88 (SD
0.47) for Yazio. Information scores ranged from amean 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 scoresranged from amean of 1.38 (SD 0.64) for iEatBetter to amean of 3.50 (SD 0.91) for Feel Eat.
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):€35879) doi:10.2196/35879
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Introduction

Martinon et al

Methods

Worldwide, the burden of noncommunicabl e diseases continues
torise [1]. The Global Burden of Disease study [2] found that
1in 5 deaths was due to poor diet; thus, dietary factors were
responsiblefor 11 million deaths per year, which was morethan
those from any other risk factor included in the study. Severa
forms of malnutrition, including obesity and undernutrition, can
coexist in the same popul ation 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
wirelessdevices[5].” Inrecent years, the number of web-based
mobile health apps hasincreased 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 aswebsites, 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 devel opment of effective
and equitable nutrition programs is a prerequisite [12]. Since
the number of apps is growing exponentially every year, it is
essential to updatethem regularly [13]. The mainindustry-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 useful ness of technol ogies 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 appswere available on French App stores and to evaluate
their quality.

https://mhealth.jmir.org/2022/3/e35879

Selection of the French Mobile Health Apps

Two academic researchers searched for nutritiona health—related
apps from March 10-17, 2021 on the French Apple App Store
(for i0S) and the French Google Play Store (for Android) using
thefollowing 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 possiblein 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 appswere 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, mea delivery,
pollution trackers, allergy and intolerance trackers, and barcode
scanners.

Selection of a Standar dized Rating Scale for Mobile
Apps

We used the French version of the Maobile 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
isfun, interesting, customizable, and interactive (eg, sendsalerts,
messages, reminders, feedback, or alows 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 visua 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 distributionsfor 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’sinterest for the app,
and a specificity section, which assesses perceived effect on the
user’s knowledge, attitudes, and intentions to change aswell as
likelihood of changing the identified targeted behaviors (we
used daily habits).

Evaluation

Training the Ratersfor Evaluation

We asked 8 dieticians and nutritionists (Multimedia Appendix
1) to rate the apps. All raters viewed atraining video in French
(available upon request to the corresponding author) devel oped
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for the MARS-F [22], adapted from the English-language
training video [20]. To train, all raters evaluated 2 appsthat 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 al 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
wereassigned 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 processtook placefrom 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
guestionnaire.

Statistical Analysis

To evaluate the interrater reliability, intraclass correlations
(2-way random, average measures, absol ute agreement) [23,24]

Figure 1. Selection flowchart.

French Apple Store
(ios)

Martinon et al

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 overal 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) packageswith R software (version 4.1.1; TheR
Project for Statistical Computing).

Results

Selection of Mobile Apps

A total of 226 appsin the Apple App Store and 971 appsin 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.

French Google Play Stare
(Android)
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- Paid application: n=10
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Nutrition related apps
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Characteristics of Mobile Apps

No common developer was identified for the 15 apps
(Multimedia Appendix 2). Only 2 appswerefully free of charge;
1 app was free for 30 days, and the others required in-app
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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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inthe Apple App store and n=394,958 downloadsin the Android
App store).

All 15 appstargeted 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

Table 1. Characteristics of the 15 nutrition mobile apps.

Martinon et al

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.

Characteristic

App (n=15), n (%)

Focusor target
Increase happiness or well-being
Mindfulness, meditation, or relaxation
Anxiety or stress
Behavior change
Goal setting
Relationships
Physical health
Theoretical background or strategies
Assessment
Feedback
Information or education
Monitoring or tracking
Goal setting
Advice, tips, strategies, and skills training
Cognitive behavioral therapy - Behavioral (positive events)
Cognitive behavioral therapy - Cognitive (thought challenging)
Acceptance commitment therapy
Mindfulness or meditation
Relaxation
Gratitude
Strengths based
Other
Agegroup
Children (under 12 years)
Adolescents (13-17 years)
Young adults (18-25 years)
Adults
Technical aspects of app
Allows sharing (Facebook, Twitter, etc)
Has an app community
Allows password-protection
Requireslog-in
Sends reminders

Needs web access to function

10 (67)
3(20)
3(20)
15 (100)
15 (100)
1(7)

15 (100)

10 (67)
10 (67)
15 (100)
15 (100)
15 (100)
9 (60)
5(33)
5(33)
4(27)
1(7)
1(7)
0(0)

6 (40)
0(0)

11(73)
13(87)
15 (100)
15 (100)

4(27)
5(33)

9 (60)
2(13)
15 (100)
10 (67)

@V ore than one could be applicable; therefore, percentages do not add to 100%.
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Reliability of the Evaluation

The reiability of the evaluations of the 7 common apps was
considered good for overal quality (ICC 0.89, 95% CI
0.70-0.98) and for engagement (ICC 0.83, 95% CI 0.57-0.96),
functionaity (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% Cl 0.78-0.98).

Martinon et al

Quality of the Content of the Nutrition-Related M obile
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.
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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
scoresranged from amean of 2.17 (SD 0.34) for Naor toamean
of 3.88 (SD 0.47) for Yazio. The information quality scores
ranged from amean of 2.38 (SD 0.60) for iEatBetter to amean
of 3.73 (SD 0.29) for Yazio. For all apps, except Naor, the
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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, theworst 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).
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Specificity of the Content of the Nutrition-Related
Mabile Apps

Scoresfor specificity of the content of the apps (Figure 4) ranged
from amean of 1.38 (SD 0.64) for iEatBetter to amean of 3.50
(SD 0.91) for FeelEat. The best subjective quality scores were

Figure4. App-specific scores (Section F).
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calories(mean 2.92, SD 0.79), Foodvisor (mean 2.83, SD 0.62),
and ScanFood (mean 2.83, SD 1.25); whereas, theworst 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).
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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 overal quality scores (Figure 5) were due to the
information quality scores, for all apps except FatSecret,
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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 scorefor the goals
item. In the subjective quality section, low scoreswerethe 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).
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Correlation Between MARS and Stars Ratings g%?!;ge?ln?n?t%?isnza[szngem found to increase adherence
The correlation between the quality mean and the subjective
item 23 (“What is your overal star rating of the app?’) was
considered to be good (r=0.67, P<.001) and indicated that the
quality score (overall) was generaly higher than that of

subjective item 23.

Screening of nutrition-rel ated apps availablein the French Apple
App and Google Play App stores yielded 15 apps. In another
study, screening of the Korean Apple app and Google Play
storesyielded 29 nutrition-rel ated 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 appsrated 4 stars or higher) waslessrestrictive
[33].

All 15 appstargeted 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 functionsin diet
and nutrition apps[34]. All agesweretargeted 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

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 heathy diet [25]. Nutrition behaviors can be
improved by using mobile health apps, which have become very
popular [26]. For diabetes [27], rena disease [28], weight loss
[29], and age-related macular degeneration [30], health and
nutrition professional s have used mobile health appsto monitor
and encourage better lifestyle and dietary choices. The use of
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appealed to users of al 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, i EatBetter, 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, i EatBetter, Naor, and Yazio, was
information quality. Theworst scorein the information quality
section was typicaly 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
guestionable (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-rel ated 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 scoreswere a so 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 oftenin
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 hedth care
professionals questioned, only 45.5% recommended thesetypes
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].
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Generally, raters shared a common negative opinion on the
potential impact of the nutrition-related apps on the behavior
change (macro micronutrientsintakes), 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 asthe Huawel 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 wasinitially 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 areintended 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.

Per spectives

In arecent 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.

Theimplementation of new therapeutic programsthat integrate
mobile apps associ ated with follow-up with health professionals
could be a key element in changing behavior. On one hand, it
isimportant to remain vigilant with respect to the ethical issues
surrounding the use of health data and the devel opment of apps
for commercia 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-rel ated 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 effectivefor delivering PFMT to pregnant women. Persuasive
technology in the devel opment 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 appropriateinterventions
to be incorporated into the apps.

Objective: Thisreview of mHealth appsfor PFMT aimsto 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 sel ected 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 origina articles reporting experimental and cross-sectiona studies, including pilot or
feasibility trials. Systematic and narrative reviews were excluded. Narrative and thematic syntheses were conducted on the eligible
articlesbased on the research questions. The Cochranerisk of biastool and the Risk of Bias Assessment Tool for Non-randomized
Studies were used to assess study bias.

Results: Of the 169 records from theinitial search, 10 (5.9%) articles meeting the selection criteriawere included in this review.
There were 8 mHealth apps designed for the delivery of PFMT. The Tat, 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 socia support such as "competition" inits design. The Diario Salide app was the only app devel oped using operant
conditioning. All apps incorporated Tailoring and Expertise as part of their PSD strategies. Only 3 apps, the Diario Salde, Tét,
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 (Ul) 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 Ul during pregnancy, and up to 31% of parouswomen
have Ul [2]. Women with persistent Ul after delivery may
continue to experience Ul for another 12 years[3]. Therefore,
Ul during pregnancy may be an essential risk factor for
subsequent Ul among women.

Ul is troublesome, particularly during pregnancy, and affects
women's quality of life physically, emotionally, spiritually, and
financially [4-6]. Those who experienceit 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 Ul symptoms because of the perception of
Ul asanormal pregnancy change or embarrassment to initiate
adiscussion about Ul with their health care provider [7,8]. Some
are unaware of treatment availability, such as PFM training
(PFMT), whereas othersfeel they should not disturb their health
care provider as Ul is atemporary issue [4].

PFMT is a repetitive, voluntary contraction and relaxation of
specific PFMs that is recommended for managing and
preventing Ul during pregnancy and after delivery [9,10].
Focused PFMT is useful for strengthening the PFMs and
reducing Ul [11]. PFMT is low-cost and noninvasive and has
benefitsfor the prevention and treatment of Ul 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 Ul [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 Ul.

Antenatal health care providers need training on how to teach
PFMT, and some have difficultiesin all ocating time for teaching
PFMT to pregnant women [7]. In addition, no standard national
guidelinesfor PFMT are availableto 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.

https://mhealth.jmir.org/2022/3/€28751

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 headth 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) appsto
check personal health records, (4) persona care apps, and (5)
social networking apps [18].

mHealth appsfor PFMT are personal care appsthat assist users
intraining their PFMss, akin to a personal trainer. The appsaim
to modify negative attitudes among usersto successfully produce
behavior change. Developing a positive attitude is essential to
enable people to change their behavior successfully [19]. The
use of persuasivetechnology (PT) in mHealth apps may support
attitude and behavior change in usersto 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 thetask. M ediarepresents the content that supports
users in repeating a behavior or providing emotional support
that facilitates the target behavior. Socia actors are cues for
socia 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 seenin Table 1.

App designers need to trandate 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 pregnhancy.
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Table 1. Persuasive system design (PSD) and suggestions for the pelvic floor muscle training (PFMT) apps.

PSD category and subcategories

Suggestions for PFMT app features

Primary task support

Reduction
Tailoring
Personalization

Self-monitoring

Dialogue support

Rewards
Reminders
Liking
Social role

Credibility support

Trustworthiness
Expertise

Surface credibility
Authority

Third-party endorsements

Social support

Social learning
Social comparison

Normative influence

The app lists effective intervention for UI2
The app provides PFMT information according to the target user characteristics.
The app provides personalized content according to the individual user.

Users are able to monitor their progress.

A trophy is given after the user has completed PFMT schedule.
Thisisacrucia feature because PFMT needs to be done daily.
Likable minimalist design with user’s choice of colors

Use of avirtual physiotherapist

The app provides unbiased information regarding PFMT.

The app provides the professional background and expertise of the content developers.
The app appears professional .

The app bears the logo of the developer’s institution.

The app includes endorsing statements from relevant professionals such as physiotherapists
or urogynecologists.

The app allows users to see the deidentified general performance of all users.
The app aso allows usersto share their achievements with other users.

The app normalizesthe experience of Ul and learning PFMT by connecting auser with other similar

users.

8UI: urinary incontinence.

The Capability, Opportunity, and
M otivation—Behavior M odel

The Capability, Opportunity, and Motivation—Behavior
(COM-B) model has great potentia as a theory to guide the
selection of persuasive design elements for app devel opment
[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 thewoman’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 settingslack
the necessary knowledge about PFM T, whereas those with good
PFMT knowledge may still have poor practices as a result of
poor physical capability [12]. Hence, improving PFMT
knowledge and skillsis 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.

https://mhealth.jmir.org/2022/3/€28751

The Opportunity domain in COM-B refers to externa 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
elementsthat support PFMT, such asa 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 normsrelated 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 Ul 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 remindersand rewards).
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The development of effective evidence-based behaviora
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 socia cognitive
theory and the theory of planned behavior [28]. Social cognitive
theory is limited by its focus on socia 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 moddl liesinitssimplicity inidentifying the key
components that affect a person’s motivation and behavior.

The aim of thisreview isto (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
articleson mHealth appsfor PFMT among women in December
2020. For the purpose of this paper, mHealth app is defined as
an app developed for delivery viaa 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
guestions: (1) What are the available mHealth apps for PFMT

Textbox 1. Selection criteriafor the literature search.

Jaffar et &

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 aso 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). Theinitial
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 criteriafor thisreview are listed in Textbox 1.

Titles, abstracts, and full-text articleswere further assessed and
discussed by 2 reviewers (AJ and CET). Consensus for article
inclusion was achieved through discussion with athird reviewer
(SMS). Further discussion focusing on persuasion was
undertaken with NA, who isthe expert in the area. In addition,
amanual search was conducted using referencelists of selected
articlesto identify any additional suitable recordsthat were not
included in the database search results.

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
inknowledge, self-efficacy, and adherence. All types of mHealth apps (eg, synchronous[connected with the health care providers] or asynchronous

[stand-alone]) will be included.
o  Comparison: usua care

e Outcome: PFMT adherence and usability

«  Typeof study design: all types of randomized controlled trials, cross-sectional studies, case—control studies, and feasibility studies

«  Publication type: published primary or secondary datain 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 appsfor urinary incontinence education or other pelvic disorderswithout PFMT information

« Intervention: reminder system viaemail, SM'S text message, or WhatsApp

«  Typeof study design: study protocol and validation study

« Publication type: reviews, systematic reviews, conference proceedings, abstract only, book chapter reviews, |etters, and editorials

«  Language: other than English and Malay

https://mhealth.jmir.org/2022/3/€28751
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Data Extraction

Both reviewers extracted datafrom eligible articlesand 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
biof eedback), 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 discussin the event of any unresolved discrepancies.

Data Synthesis

We conducted a narrative synthesisto answer thefirst 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 wasto
determine the persuasive design strategies used by the apps.
The findings were then mapped to the COM-B model.

Jaffar et &

Quality Appraisal

The quality of digiblerandomized controlled trialswas assessed
by AJ and CET using the Cochrane risk of bias tool,
concentrating on sequence generation, allocation conceal ment,
blinding, attrition bias, completeness of outcome data, and other
sources of hias [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 athird person.

Results

Search Results and Study Characteristics

From the 169 records screened for titles and abstracts, 54 (32%)
full textswerereviewed, 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, Tét [35,39,42].

Figurel. PRISMA (Preferred Reporting Itemsfor Systematic Reviews and Meta-Analyses) flow diagram.

- Records identified through database searching

- (n=169)

2

®

L=]

=

=

z h 4
- Records after duplicates removed

(n=1386)

=4 v

S Records screened . Records excluded
g (n=131) " (Mon-English; n=5)
o

= A 4

E Titles screened and assessed for eligibility > Not related: n=77
=) (n=54) '

(U]

Full-text articles excluded, with reasons
Absiract, n=2
I Proceedings; n=2
¥ Mot related; n=17

S Protocol; n=3

g Studies |nc|udedr|n_t¥]LEI?I|tatlve synthesis Case report n=2

2 =10 Validation study: n=2

Available mHealth Appsfor PFMT

Therewasatotal 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

https://mhealth.jmir.org/2022/3/€28751
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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 PFM T—there was no live
communication with atrainer.
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Table 2. Details of the primary studies identified and reviewed.
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PEMT®mHealth? Country Year Platform Study design Study Participant Outcomes
app launched participants characteristics
Squeezy App UnitedKing- 2013 i0S Cross-sectional 464—38% preg-  Mixture of bladder  80% carried out
[41] dom survey nant women; mean problemand healthy their PFMT at least
age unavailable men and women 3 days aweek.
Téat [35] Sweden 2013 iOSand An- Randomized con- 123 nonpregnant  Stressurinary incon-  41% (25/61) per-
droid trolled trial women; mean age  tinence formed PFMT dai-
(intervention ly
group): 44.8 (SD
9.7) years; mean
age (control
group): 44.7 (SD
9.1) years
Tat [39] Sweden 2013 iOSand An- Randomized con- 123 nonpregnant  Stressurinary incon-  Use of inconti-
droid trolledtria (2-year women; meanage: tinence nence protection
follow-up) 44.2 (SD 10.3) decreased signifi-
years cantly (P=.04);
31/46 (67.4%;
P<.001) could con-
tract their pelvic
muscles correctly
Tat [42] Sweden 2013 iOSand An- Randomized con- 123 nonpregnant  Stressurinary incon-  The extra cost per
droid trolled trial (cost- women; mean age tinence quality-adjusted
utility study) (intervention life year for the
group): 44.8 (SD app group ranged
9.7) years; mean from —€2425.70
age (control (US $2718.60) to
group): 44.7 (SD €14,870.60 (US
9.1) years $16,666.20)
Diario Salide[34] Brazil 2016 N/AC Randomized con- 31 nonpregnant Stressurinary incon-  Adherence was
trolled trial women; mean age  tinence higher in the app
(intervention group at 1 and 2
group): 47.2 (SD months after
10.6) years; mean PFMT (P<.001)
age (control
group): 53.3 (SD
13.2) years
Penyikang app China 2017 iOSand An- Cross-sectional 1982 postpartum  Pelvic floor muscle 483 postpartum
[40] (syn- droid study women aged >18  weakness women had arela-
chronous app) years tively high degree
of participation (15
times)
iBall app[36] (an Canada 2017 N/A Pilot randomized 23 postpartum Not specified Therewasno atis-
external device controlled feasibili-  women; mean age tically significant
connected via ty study (intervention difference between
Bluetooth) group): 31 (SD the groups for
2.7) years; mean change scores
age (control
group): 34 (SD
2.2) years
MyHesaltheBlad- United 2017 N/A Pilot single-group, 29 nonpregnant Urinary inconti- 97% adherence
der app [37] States quasi-experimental women; mean age: hence rate to the daily
study 54.4 (SD 10.4) sessions
years
Bwomapp [38]  United 2017 N/A Cross-sectional 47 patientsand 22 Not specified No adherence out-
States survey providers (pregnan- come

cy status not avail-
able); age 20-50
years
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PEMT®mHealth? Country Year Platform Study design Study Participant Outcomes
app launched participants characteristics
PenYiKang[43] China 2018 iOSand An- 2-arm pardlel ran- 108 primipara Stressurinary incon-  Gresater self-effica-
(audio guidance droid domized controlled women; mean age  tinence cy withamean dif-
app) clinical tria (intervention ference of 8.9
group): 29.2 (SD points at 6 months
2.6) years; mean after delivery
age (control
group): 29.1 (SD
2.9) years

3PFEMT: pelvic floor muscle training.
®mHealth: mobile health,
°N/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]. Ingeneral, al trials (4/4, 100%) included in thisreview
showed an acceptablerisk of bias. The randomization sequence
was adequately generated in 50% (2/4) of thetrials, and al trids
(4/4, 100%) adequately concealed the allocation of the
participants. Blinding of the participants and personnel was not
possiblein these trials. Therefore, the risk of performance bias
in al studies was classified as low. All articles reported an
intention-to-treat analysis except for Araujo et a [34], who
conducted a per-protocol analysis.

For nonrandomized studies, the detailed results of the quality
assessment are summarized in Figure S2, Multimedia A ppendix
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 Strategiesand COM-B Model inthe PFM T
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.

PFM T2 mHealth® app PSD category
Primary task Dialogue support Credibility support Social support

Squeezy App [41] Tailoring, personalization, and Reminders Expertise N/AC
self-monitoring

Téat [35] Tailoring, tunneling, and self- Reminders Expertise N/A
monitoring

iBall app (an external device Tailoring, personalization, and Rewards Expertise Competition

connected viaBluetooth) [35]  Self-monitoring

Bwom app [38] Tailoring, personalization, and Socia role Trustworthiness, expertise, sur-  N/A
self-monitoring face credibility, and third-party

endorsements

Diario Saide® [34] Tailoring, personalization, and Reminders Expertise N/A
self-monitoring

Penyikang app [40] Tailoring N/A Expertise N/A

MyHealtheBladder app [37] Tailoring, personalization, and Rewards and re- Expertise N/A
self-monitoring minders

Pen Yi Kang [43] Tailoring, personalization, and Reminders Expertise N/A

self-monitoring

3PFEMT: pelvic floor muscle training.

BmHealth: mobile health.
°N/A: not applicable.
dOperant conditioning.

Of the 8 mHealth apps to improve PFMT adherence, only the
Diéario Salde app (n=1, 13%) [34] was devel oped using operant
conditioning. Operant conditioning occurs by providing
reinforcement to a certain behavior immediately when the

https://mhealth.jmir.org/2022/3/€28751
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behavior is performed [44]. This helps increase the likelihood
that the behavior will be performed again by the user. In the
intervention involving the Diario Salde 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
observethe sSEM G feedback for themselves. Their SEMG graph
wasthen displayed inthe 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 thisindividualization 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

Jaffar et &

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 mode to influence and improve the behavior, which
iISPFMT (Table 4). Most apps (7/8, 88%) also allowed usersto
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.

PFMT2mHeath® app ~ COM-B model
Capahility Opportunity Motivation
Psychological Physical Physical Social Reflexive Automatic
Squeezy App [41] Information and Visua aid Overall designof Not available Snooze Reminders
links the app (look and
feel)
Téat [35] Information onthe PFMT skill train-  Ability tousethe Not available Statistic func-  Reminders
pelvic floor, stress ing app tion and goals
UIS, and lifestyle
iBall app [36] (an external  Not available PFMT skillsvia N/Ad Gamification—rank-  Not available Rewards
device connected via gamification ing score (web com-
Bluetooth) munity for origina
version)
Bwom app [38] Educational videos Provideslist of Ability tousethe Culturally relevant Not available Not available
on PFMT PFMT exercise app (PEMAT®)
plans
Diario Saide[34] Not available Thevisual compo- Ability tousethe Not available Statisticfunc-  Reminders
nent of SEMG' app tion and goals
Penyikang app [40] Facilitate PED%in- Self-management  Participation us-  Ability toconsultwith  Not available  N/A
formation ing the app the physicians (syn-
chronous app)
MyHealtheBladder app A dory - basedbe- PFMT strategies  Ability tousethe N/A A story-based  Rewardsandre-
[37] (web-based informa-  havioral program app behavioral pro- minders
tion) gram
Pen Yi Kang [43] N/A PFMT guid- Ability tousethe N/A N/A Reminders
ance—audio app

3PFEMT: pelvic floor muscle training.

BmHealth: mobile health.

CUI: urinary incontinence.

dN/A: not applicable.

SPEMAT: Patient Education Materials Assessment Tool.
fSEMG: surface e ectromyography.

9PFD: pelvic floor dysfunction.
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The Effect of the Selected Persuasive Strategies

Diario Salde, Tat, and Pen Yi Kang [34,35,43] demonstrated
improved PFMT adherence. For Tat, 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
featureswere not sufficient to overcome the problemswith 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. Diario de Salde, 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
advantagesto target usersisimportant 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 devel oped
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. Thismotivates usersto continue using the app, improve
their adherence, and gradually form habitsfor the desired target
behavior. Squeezy App was designed to be used with or without
physiotherapist guidance. Therefore, the credibility of the app
isimportant as users may not have the opportunity to meet the
physiotherapist in person for PFMT. Evaluation of the app by

https://mhealth.jmir.org/2022/3/€28751
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physiotherapists and their endorsement of the app increased
users confidencein it [41].

Operant conditioning, which isan important concept in behavior
change theories, was used by the Diério de Salde 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 Tat app has been recently
proven effective in reducing incontinence for urge Ul and mixed
Ul after a15-week intervention [46] and a 12-week intervention
for Ul 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 solutionsfor 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 M odel

The COM-B model can be applied to addressbarriersto 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 asthe PFMsarenot visible[13]. Thus, health
care providers need to explain clearly and guide pregnant women
to visualize the contraction of the correct muscles [7]. This
representsthe creation of psychological capability inthe 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 functionin
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
adherenceto 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 appsthat can be accessed at one’'s
own convenience is a form of physical opportunity in the
COM-B model. Social barriersto PFMT may include alack of
positive role models for performing PFMT, embarrassment,
and the social norms among friends and colleagues that hinder
aperson from performing PFMT [4,13]. Creating acommunity
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. Thismay bein theform of guiding app usersto evaluate
and plan for specific behavior, such as setting the time for
PFMT. Conscioudly reflecting on personal barriersto performing
thetarget behavior and solving them can help motivate a person.
Thiscould beincorporated 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 asthe Health Belief Model and Social Cognitive
Theory were not discussed in this review.

Conclusions

Jaffar et &

beimproved 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 strategiesin 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

There have been 8 mHealth apps designed for PFMT among  gpps.

women worldwide in the past decade. Physical capability can
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Abstract

Background: Asthe prevalence of electronic cigarette (e-cigarette) use, or vaping, continuesto 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 appswereincluded in the quality assessment and content analysis. 3 were devel oped 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 devel oped 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
evaluationsthat can assesstheir quality, contents and features, and popularity among users. Through this process, we canimprove
our understanding of how apps can be effective in helping users quit vaping.

(IMIR Mhealth Uhealth 2022;10(3):€31309) doi:10.2196/31309
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Introduction
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Methods

In 2020, the US Surgeon General’s Report on Smoking
Cessation identified the development of interventionsto 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
areincreasing among young people [3-8]. Several studies have
shown that many youth are making attemptsto quit, which are
often unsuccessful due to the difficulty of quitting unassisted
[5-9]. Help-seeking youth need accessto tools and servicesthat
can aid them in their quitting journey. However, the avail ability
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 devel oped.

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 apotential way to offer
support and promote successful quit attempts among
help-seeking e-cigarette users, or vapers. Informal searches
reveadled 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 wasthe 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 appsfor 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 fromitsonline market in responseto arecent
outbreak of vaping-related lung injuries[20]. Second, compared
with Google, Apple hasamore rigorous and transparent review
process for apps, which is described in a designated devel oper
web page. We decided to use these resources to our advantage
in conducting this review.

https://mhealth.jmir.org/2022/3/€31309

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 Storewere excluded. Based oninformal 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 appsto
confirm whether they also addressed vaping cessation. Those
that did not were excluded at thisstage. 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
availablefor the appsin the Google Play Store, user ratingsand
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 isan optional category; thus, it was excluded
from our scoring. Mean scores for each of the 4 objective
categorieswere calculated to identify strengths and weaknesses
of each app, while the sum of al 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

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 [€31309 | p.181
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

threshold for the type of scoresahigh-quality app should abtain
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. Wefollowed Abromset 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].

https://mhealth.jmir.org/2022/3/€31309
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Adherenceto 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.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |€31309 | p.182
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH Sanchez et al

Table 1. Characteristics of vaping cessation apps and summary of quality scores.

Characteristics Kwit Quit Vaping- Quit Vaping Addic-  Escapethe Quit Genius  Smoke Aeris Smokler
For Good tion Calendar Vape Watchers

App classification Tracker Tracker Tracker Tracker Tracker Other Tracker  Other

Popularity
Ratings on Apple App 45(1100) 4(4) 0(0) 3.4 (5) 4.3 (472) 0(0) 23(3) 0(0)
Store®
Ratingson Google Play ~ 4.5(3000) 3.7 (248) 0(0) 3.8(6) 4.3 (2000) 3.7(39) 39(84) 4.7(45
Store?
Number of Google Play 100,000+ 10,000+ 100+ 100+ 100,000+ 5000+ 5000+ 1000+
Store downloads

MARSP scores
Engagement 4.1 38 34 3.53 31 29 2.6 23
Functionality 49 4.67 4.75 4.67 412 3.89 45 4.88
Aesthetics 4.83 4 45 4 3.83 4.17 3.67 35
Information 314 31 2.86 31 321 264 2.36 2
MARS total mean scores  4.24 3.89 3.88 3.82 357 34 3.28 3.17

Adherenceto Canadian clinical guidelines

Ask about e-cigarette® use U U U U 0 0 0

status

Advise user to quit ad O g O ad O ad O
Assesswillingnessto quit [ O 0 d d

Assess nicotine depen- O ad O

dence

Assist—discussthe bene- 0O ad ad ad O O

fits of quitting

Assist—offertoolsandre- 0O ad ad ad O O O ad
sources for quitting

Assist—enhance motivas O ad ad ad O O

tion to quit

Assist—explore doubts ad

about quitting

Assist—explorebarriersto  [J ad ad

quitting

Assig—affirmand encour- 0O ad ad ad O O O

age decision to quit

Assist—form a quit plan ad
Assist—discuss relapse O g O ad

prevention

Assist—refer to aquitline ad

Arrange for follow-up ad g ad O
Adherence Index score (0- 12 8 9 7 10 7 10

14)

3N umber of stars out of 5 (number of reviews).
PMARS: 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% ClI
0.78-0.98) [24].

Figure 1. Flow diagram of the app selection process.
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Results

Overview

A total of 9 appsfor vaping cessation were identified. Oncethe
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 visua overview of the remaining 8 apps included in the
analysis. Characteristics and quality scores of each app are
presented in Table 1.

Excluded
Not free (n=90)

Not in English (n=42)

Excluded
Not available in both of the online

app stores (n=616)

Excluded

Does not address vaping (n=30)

Excluded
App servererror (i.e., Quuit) (n=1)
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Figure 2. Visual overview of the 8 appsincluded in the analysis.
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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 consegquences 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 usersto 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 devel oped
for smoking cessation and many featureswere not fully adapted
to vaping cessation. This is evident when users are asked to
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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 devel oped 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 appsincluded val uabl e features such as adesignated 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 acommunity feature and accessto aquit
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 atracker approach to
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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 userswith adaily check-in: Quit Geniusasked “Did
you vape?’ while Kwit asked usersto provide a scale rating of
their emotions and confidence in quitting.

Compared with the tracker apps, Smoke Watchers and Smokler
implemented unique approaches. Asthe nameindicates, 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 manualy enter their own data
Unfortunately, as none of the authors owned avape device, this
was not afeature 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
Watchersand Smokler) offering usersthe 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 Geniusand 8 of the 10 authorsreceived asalary
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

https://mhealth.jmir.org/2022/3/€31309
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thetop 20 resultsin 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 inthelist of results—afinding that is consistent
with previous studies of a similar design [11,12].

Adherenceto Evidence-Based Practices

Asshownin 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,
theleast common itemswere 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
MARStotal score, whilealso 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,
appsthat aid in quitting vaping are very low in number and are
limited in features devel oped specifically for vaping cessation.

Although we found that the highest- and lowest-rated apps on
theMARStool received parallel scoreson the Adherencelndex,
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) referralsto aquitline were absent [11-15]. Aswith 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, wefound 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 othersin promoting vaping cessation. Welearned
from this process that some apps are inherently different from
othersand it is not always appropriate, possible, or desirableto
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 behaviora interventions [26]. This
challenge was one that we encountered repeatedly in discussions
about how items on the clinical guideline might be trandlated
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 isthe conversion rate between
push notifications and interaction with the app? Do users
experience desensitization to push natifications 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, athough 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 thisis Truth Initiative’s Thisis Quitting program—afree and
anonymous SM Stext 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. Thisisapotential way to identify featuresthat future apps
could incorporate to hel p 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 itsimplications 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, appsfor 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.” Asin ours,
the 2015 review a so showed that the mgjority 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, thiswould be curated
and maintained based on a similar process employed in this
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study and conducted by agroup external to the app development
team.

Limitations

This study has severa limitations. The evaluation of apps
developed for hedth 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 asin-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. Finaly, we were not
able to assess the potential impact of these apps for different
cultures and ethnicities.

Strengths

Thisstudy also has noteworthy strengths. It isthefirst 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 usein
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 asthe Apple App Store and the
Google Play Store, might also have aroleto 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 thiswould beto
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 effectivein hel ping users quit vaping.
Finaly, 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 asystematic review. Beyond vaping research, this study also
contributes to important and ongoing discussions over therole
of mobile health apps in our health system, particularly in the
field of substance use and addictions [37-40].

Conclusions

Given thelack of vaping cessation interventions at atime when
they are urgently needed, vaping cessation apps are potentially
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valuable tools. Therefore, it is recommended that these apps  popularity among users. Through this process, we can improve
apply evidence-based practices and undergo rigorousevaluations  our understanding of how apps can be effective in helping users
that can assess their quality, contents and features, and quit vaping.
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Abstract

Background: Over 11 million care partnersin 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 appsis unknown.

Objective: This study aimsto 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 devel opment.

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 aperson living with ADRD. We classified and tabulated app functionalities. The included apps
were then eval uated 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 appsincluded education (12/17, 71%), interactivetraining (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 appswas 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 morethan 1 point above. Many apps had broken features and were rated as bel ow 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):€33863) doi:10.2196/33863
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Introduction

Background

Over 11 million care partnersin 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
toal aspectsof 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
partnersisacritical health challenge, asthese 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
interventionsto 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
aswell 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
thedisease[13]. Reviews of mobile appsfor care partnersreport
that they are afeasible and acceptableintervention[14] and can
reduce ADRD care partner stress and burden [15].

The mere availability of appsisnot 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 devel opment 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]

https://mhealth.jmir.org/2022/3/e33863

UCD providesascientifically sound, practi ce-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 appsare 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].

Degspite the potential of mobile appsto meet care partners’ needs
and improve outcomes using UCD and other industry-standard
design practices, the actua 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 a [22]
used the Mobile App Rating Scale (MARS) to assess app quality
across ADRD-related apps focused on self-care management
for peopleliving with ADRD. They found that, on average, the
evaluated apps met the MARS criteriafor minimally acceptable
quality, quality scoreswere higher for those devel oped by health
care—related versus non-hedth 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 criteriafocused on the person living with ADRD,
which limited the inclusion of apps targeted at care partners as
theintended end user.

It is critical to evaluate the quality of mobile apps for ADRD
care partnersfor several reasons[17]. First, quality assessment
ensures that mobile apps produce benefits and do not have
unintended health conseguences for care partners or persons
living with ADRD; for example, they do not increase care
partner stress and burden. Second, quality evaluation can provide
insightsinto whether mobile appswill be used and whether use
will withstand the test of time; that is, they will not be
abandoned. Third, quality evaluation isimportant 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 I dentification 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
(2) availablein 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 aclinical trial); and (3) primarily intended for
use by an informa (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 downl oading and expl oring 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 decisionsto
the full research team for a consensus. Primary reasons for app
exclusion were not having the caregiver asthe primary user (eg,
apps for the person living with ADRD), needing to sign up for
aclinical 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
sel ected whether we would evaluate theiOS 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 MARSincludes 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 eval uation team included 7 research team members:
3 expertsin UCD and ADRD caregiving and 4 traineesin these
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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 atings. During thetraining ons, 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
ons, we discussed score anchors and annotated the MARS
rating sheet based on consensus anchors. Between team training
ons, 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 atesting phone, paid fees, and tested the
app to ensure that al 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 devel opment.

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 cal culated 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 itemsin 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 al 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 scorefor 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 a1 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 aregivenin Multimedia Appendix 1). All apps except one
wereavailable 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
companies47% (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%)
wereavailablein English only; 1 (6%) was availablein English,
Korean, and Spanish; 1 (6%) was available in English and
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Japanese; and 1 (6%) was available in English and Portuguese.
Full descriptions and technical details of the apps are provided
in Table 1.

Weidentified 8 general feature categories supported by the apps
(Table 2). These categories included the ability of the app to
providethefollowing: (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—reciproca 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)
activitiesfor 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. Appsevaluated in the study and their descriptive and technical details.

App name Platform  Category Developer Year of Country  Language Purpose Affiliations
last up-
date
Accessible i0S Healthand ~ ACHGLOBAL, Inc pya2 United English Provide valuableinfor- Commercial
Alzheimer'sand fitness States mation
Dementia Care
Alzheimer's and Android Hedthand  Accessible home 2019 United English Provide information Commercial
Dementia Care fitness hedlth care States
Alzheimer'sDaly jogb ap- Lifestyle HomeInstead Senior 2013 United  English Build carepartner confi-  Commercial
Companion droid Care States dence
Alzheimer'sMan- i0S Healthand  Pointof CareLLC 2021 United English Track and monitor Commercial
ager fitness States
CaredDementia i0S Medical Univ of New South  N/A Australia English Provide information University
Weales
Clear Dementia iOSAn-  Medica Northern Healthand 2021 United English Provide information Government
Care droid Social Care Trust States and support Hesalth System
CogniCare ios? Ap- Hedthand  CongniHealthLtd 2021 United English, Improve quality of life Commercial
droid fitness Kingdom Japanese University
DementiaAdvisor jogP on- Hedthand  Sina Health System 2019 Canada  English Improve communica=  Government
droid fitness tion Hesalth System
DementiaCaregiv- jos® Health Lorenzo Gentile 2016 Canada  English Provide expert advice  Commercial
er Solutions
DementiaGuide  jogP op- Education  University of lllinois 2020 United English, Educate and empower  University
Expert droid States Korean,
Spanish
DementiaStages  jogP on- Education Positive Approach, 2020 United English Help learn characteriss  Commercial
Ability Model droid LLC States ticsand care of GEMS
stages
Dementia Talk i0S Hedthand  Sinai Hedth Sys 2019 United English Track and monitor Health System
fitness tem- Reitman Centre States
DementiAssist Android  Medicd Baylor Scott and 2015 United English Provide insights University
White Health States
DemKonnect ios? an- Medica Nightingales Medi- 2020 United  English Provide care partner  ngod
droid cal Trust Kingdom connections
Inspo-Alzheimer's jogP op. Socia net-  Inspo Labs 2020 United English Create safe supportive  N/A
Caregiving droid working States community
Remember Me- i0S Productivity Daniel Leal 2020 United English, Sharecareresponsibili- N/A
Caregiver States Portuguese ty
Respite Mobile i0S Heathand  ADCinitiativesLLC 2021 United English Provide activities for Commercia
fitness States people with ADRD®

3N/A: not available.

b ndicates platform reviewed.

CIndicates cost of use.

dNGO: nongovernmental organization.

€ADRD: Alzheimer disease and related dementias.
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Table 2. Feature categories of the evaluated apps (N=17).

Werner et al

Apps Education Interactive  Documentation Tracking  Carepartner Interactionwith Carecoordination Activitiesfor
(n=12, 71%) training (n=3, 18%) symptoms community  clinica expert  (n=2, 12%) person with
(n=3, 18%) (n=2,12%) (n=3,18%) (n=1, 6%) dementia

(n=2, 12%)

Accessible ]
Alzheimer's and
Dementia Care

Alzheimer's and O
Dementia Care

Alzheimer'sDaily O
Companion

Alzhemer'sManag- g g
er

CaredDementia

Clear Dementia ] O O
Care

CogniCare O
Dementia Advisor O

DementiaCaregiv- O
er Solutions

Dementia Guide ad
Expert

DementiaStages O O
Ability Model

Dementia Talk O ]
DementiAssist
DemKonnect

Inspo-Alzheimer’s
Caregiving

Remember Me-
Caregiver

Respite Mobile

MARS Evaluation

The MARS app quality mean score across al apps was 3.08
(SD 0.83) on the 5-point rating scale (from 1=inadequate to
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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.

Apps Quality Engagement, Functionality, Aesthetics, Information, Subjective App storenum-  Appstoreaver-
mean score, mean mean mean mean quality score,  ber ratings agerating (out
mean mean of 5 stars)

Accessible 1.26 1.20 1.50 1.00 133 1.00 1 5

Alzheimer's and De-

mentia Care

Alzheimer'sand De- 229 2.00 2.00 2.67 2.50 1.00 NR? NR

mentia Care

Alzheimer’s Daily 2.50 1.60 3.25 2.67 2.50 1.25 16 4.6

Companion

Alzheimer'sManager 2.98 2.60 3.50 3.00 2.83 2.67 1 3

Care4Dementia 3.20 220 3.75 3.00 3.83 2.50 1 5

Clear DementiaCare 3.85 3.80 4.25 333 4.00 3.25 1 5

CogniCare 3.74 3.80 4.00 4.00 3.17 2.50 NR NR

Dementia Advisor 4.18 4.20 5.00 333 4.17 4.50 6 43

Dementia Caregiver  3.11 2.60 3.50 3.00 3.33 2.00 1 5

Solutions

DementiaGuide Ex-  2.66 2.40 2.75 2.33 3.17 325 1 5

pert

Dementia Stages 4.26 3.30 4.75 4.67 4.33 325 15 5

Ability Model

Dementia Talk 3.29 3.00 3.00 4.00 3.17 1.25 1 1

DementiAssist 293 2.80 3.25 333 233 2.00 7 41

DemKonnect- 271 3.00 2.00 3.67 217 175 NR NR

Inspo-Alzheimer’s 4.17 4.00 4.00 4.67 4.00 3.25 NR NR

Caregiving

Remember Me-Care-  1.88 1.50 2.50 233 117 1.00 NR NR

giver

Respite Mobile 3.35 3.00 4.25 4.00 217 2.00 10 5

Overdl, mean (SD)  3.08(0.83) 2.76(0.89) 3.37(0.99) 3.24(0.92) 295(0.95) 2.26(1.02) N/AP N/A

3NR: 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 acommercial affiliation was slightly below the minimally
acceptable quality and slightly above the minimally acceptable
quality 3.26 (SD 0.57) for appswith noncommercial affiliations
(ie, universities, governments, hedth systems, and
nongovernmental organizations). The MARS subjective quality
mean score (SD) was below the minimally acceptable quality
for appswith both commercial affiliation (mean 1.96, SD 0.83)
and noncommercia affiliations (mean 2.64, SD 1.11).
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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 liststhe 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, acommon 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.

MARSdimension and categories Examples of |ow-score drivers Examples of high-score drivers
Engagement
Entertainment Entertaining content such as games, chat, videos, and fo-  Use of multimedia (eg, combination of text, video,

rums that do not function; extensive and overwhelming audio, images, and animations)
content; and very little content

Interest Text only with no images, large blocks of text, frequent ~ Variety of content, features, and color throughout the
system failure, constantly linking to outside website, and  app
no ability to customize experience

Customization Limited, inoperable, or missing customization features Variety of customization options (eg, privacy settings,
preference selection, notifications, and favorites)

Interactivity Interactive content such chat, graphs, and forums doesnot  Feedback systems (eg, confirmations, error messages,
function; must click what you need every time (the app and validations) and variety of datavisualization with
does not retain information); and community forumbut no  charts, in-app messaging, and features for community
active users building

Target group Small font, no ability to zoom, providesonly general infor- Content relevance and usefulness of information
mation, and no privacy settings

Functionality

Performance Frequent error messages and crashes, frequently unrespon-  Responsiveness and efficient transitions throughout
sive or slow, and includes inactive hyperlinks the app
Ease of use Takes alot of time to figure out how to use, functions dif- ~ Clarity and intuitiveness of app functionsand |learnabil-

ficult to learn to use the complicated app architecture, and ity, operability, and app instructions
no instructions provided

Navigation Menu options change within the app, clicking alink takes Logic, consistency, and visual cues matched users’
you to the incorrect function, consistently sendingtoan  expectations; externa sources within the app; and
outside website with broken links, no back button provided, minimalist design
and the Menu options do not function

Gestural design Gesturesdiffer from expectation in terms of phonegestures  Logical, consistent, anticipated gestures, links, and
buttons
Aesthetics
Layout Blocks of text and inconsistent layout across pages Clear and simple user interface layout
Graphics Low quality (blurry) and no graphics Quality, high-resolution graphics
Visual appeal No color, no graphics, no multimedia, and inconsistent text ~ Creative, impactful, and thoughtful use of color

sizesand colors
Infor mation

Accuracy of app description  Describes content that does not function or isnot available  Features and functionsaligned with the app description

Goals Goalsnot stated, goals not achievable because app functions  Goals stated explicitly with measurable or trackable
are broken or unresponsive, and no ability to measuregoal metrics
attainment

Quality of information Sources not cited, sources cited are questionable, links Information provided from trusted, cited sources; lan-
provided to sources are broken, and information disorga=  guage used written with end users or target demograph-
nized or difficult to locate icin mind; and information relevant to users

Quantity of information Extensive and overwhelming amount of information and  Sufficient and comprehensive range of information
very little information

Visual information No visua information available Logical use of videos, multimedia, and hel pful images

to provide clarity

Credibility No sources cited and commercial entity selling other Created by alegitimate, verified entity, including
products hospital, center, government, university, or council

Evidence base Not tested for effectivenessinimproving personlivingwith  nyab

ADRD?or care partner outcomes

3ADRD: Alzheimer disease and related dementias.
BNI/A: ot available,
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Discussion

Principal Findings

The objectives of our study wereto (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 appsto 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 aso
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 providesinteractivetraining on awidevariety
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
partnersreport 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 behaviora
symptoms|[4,5,26,27]. However, the extent of the effectiveness
of passive learning content (eg, reading an article or watching
avideo) provided by these appsis unknown and may belimited
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 appsdid attempt to address
care partners' need for social support by offering forums, chats,
and community features. However, wefound 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 partnersand only 1 connecting care partnerswith clinicians.
Overdll, 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].
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Overall, the apps scored higher on functionality and aesthetics
than on engagement and information quality. The apps, on
average, scored just above minimaly acceptable for
functionality (mean 3.37, SD 0.99), which includes app
performance, ease of use, navigation, and gestural design.
Functionality isimportant for care partners because it reflects
the potential of the app to meet basic care partner needsin terms
of app usability. This scoreisa point lower than that indicated
inthe MARS rating reported in a 2020 study by Choi et al [22],
which used the MARSto assessthe 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 a [45] on rating mobile apps for people living with
ADRD reported a similarly high functionality score.

On average, the apps scored asjust above minimally acceptable
for aesthetics (mean 3.24), including layout, graphics, and visual
appeal. Thisis similar to the aesthetic scores reported by Choi
et a [22] and lower than the average aesthetics score reported
by Guo et a [45]. Aesthetics is an important dimension of
quality that allows apps to stand out in the marketplace.
Aesthetics can a so 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 dightly below acceptable quality (mean 2.76).
Similarly, the findings of both Choi et al [22] and Guo et a [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 technol ogy abandonment, reduced acceptance, or failure
to use the app to its full potential [49,50]. For care partners,
engagement may becritical, asthey often experience high levels
of demands associated with their caregiver role [31,51,52]. As
demonstrated in other popul ationswith 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, dightly lower than minimally acceptable (mean
2.95, SD 0.95). Thisisapoint lower than theinformation quality
score reported by Choi et a [22]. It is possible that this score
difference could be because of information quality differences
of the apps designed for peoplelivingwith ADRD astheir target
users, whichisfurther supported by asimilar high score reported
by Guo et al [45]. Informationisacritical 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 akey 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 effectivenessin
improving peopleliving with ADRD or care partner outcomes,
reducing the ability to safeguard against products that may not
deliver ontheir advertised potential . Specifically, of the 17 apps,
7 (41%) had amean 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 goal s without any
way to measure or track goal attainment; therefore, thereare 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
increasetherisk 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 alow information
quality score (2.27) counterbal anced 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 counterbal anced weaknesses.

Overall, our ratings of the apps mirror some of those produced
from a similar study by Choi et a [22], who aso 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—rel ated)
and intended purpose (ie, awareness, assessment, and disease
management). We lacked an appropriate sampleto statistically
compare differences between developer types. However, we
similarly found that for overall mean scores, those devel oped
by commercia entitieswerejust 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 criteriafor 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,
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introduced earlier and characterized by design driven by a
foundational understanding of user needs, direct or indirect
input from end usersin 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 aso 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 canincrease
the quality of aesthetics and functionality [46,47].

Limitations

Theresults of this study should be considered in light of certain
limitations. Not al the raters in our study were experts in
technology design. However, we had 3 expert raters who
conducted training and acted as arbitersfor inclusion decisions
and MARS rating. In addition, as per the MARS approach, the
raterswere 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
asusability testing and other user tests, aongside 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 ableto rate only what we could access.
This meansthat apps that malfunctioned during log-ins or were
only available to customers of a specific health system were
not reviewed.

We aso 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 ahilities, 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 bel ow
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: eHeslth interventions can help people change behavior (eg, quit smoking). Reminders sent via SM S text messaging
or email may improve the adherence to web-based programs and increase the probability of successful behavior change; however,
it isunclear 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 (SM S 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 SM S 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) (t555=0.197, P=.84, and Cohen d=0.016), or the outcome, namely

the quit smoking attempt rate (34.2% in the SM'S text messaging group vs 31.7% in the email group; x%=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 SM Stext 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

(IMIR Mhealth Uhealth 2022;10(3):€31040) 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 popul ations [ 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
factorsthat 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
programsthey design. Oneway of increasing program adherence
isthrough digital triggersthat 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 failsto log on as
expected. However, devel oping digital triggersinvolvesarange
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 SM S text messaging and
emails, with each having different advantages and disadvantages
[12]. For example, SM S 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
conclusionswere based on comparing the effect sizesin studies
with no remindersor email remindersto studiesusing SM Stext
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 remindersto log on to
a web-based program, SM'S text messaging reminders would
be superior to email reminders. Addressing this matter is
significant for program designers, as adding an SMS text

https://mhealth.jmir.org/2022/3/€31040

messaging component will usually entail additional costs to
program devel opment 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 (SM S 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) | 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 Clinical Trials.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, sociad media platforms, and internet-based
newspapers). Norwegian participants were recruited through
internet-based advertisements (Facebook, Google, blogposts,
and newspapers) as well as through Headthy Life Centers.
Participants needed to be over 18 years old, current tobacco
smokers, willing to quit smoking, provide avalid 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
nonadhererswereincluded; nonadherence was defined asfailing
tolog on to the program by noon on the day after anew session
(module) was released. Overall, 584 of the 1175 recruited
participants (49.7%) did not meet theinclusion 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.
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Data Collection

Baseline characteristics were collected through a web-based
guestionnaire, 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 eHeadlth 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 aquit 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 phaseis 11 days (which isthe 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 isduewhen auser failsto 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].

M easures

Demographics

Participants were asked about their age, gender, place of
residence (urban or rural area), education, employment, and
income.

Baseline Smoking

Participant a so reported their average consumption of cigarettes
(self-reported number of cigarettes smoked per day). Following
a standard procedure [17], we then categorized participants as

https://mhealth.jmir.org/2022/3/€31040

Allocated to Email reminder condition (n=287)

amild (<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 haveinitiated aquit 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 sessionsthat participant had completed. It was possible
to complete 0 to 10 sessions during the preparation phase of the
eHedth 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 (SM'S 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 x> test of association for assessing
the effect of SM'S 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 aso
conducted. Analyseswere 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.L FUK)
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
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12.8) years, and 52% of the 591 partici pants (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 SM Stext
messaging and email groups, except for the nationality
distribution (Table 1).
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Table 1. Baseline characteristics of the experimental (SM'S text messaging) group and active control (email) arm of the randomized controlled trial

(N=591)2
Characteristic SMSS text messaging (n=304, 51.4%) Email (n=287, 48.6%) t/xz(df)
Agein years (range 18-77), mean (SD) 40.0 (12.9) 38.8(12.8) t (687)=1.12
Nationality, n (%) X% (1)=8.3
Czech 141 (45.8) 167 (54.2)
Norwegian 163 (57.6) 120 (42.4)
Gender, n (%) X2 (1)=0.5
Female 190 (52.6) 171 (47.4)
Male 114 (49.6) 116 (50.4)
Residence, n (%) X2 (3)=3.8
<1000 inhabitants 47 (46.1) 55 (53.9)
1000-20,000 inhabitants 94 (57) 71 (43)
20,000-100,000 inhabitants 92 (52) 85 (48)
>100,000 inhabitants 71 (48.3) 76 (51.7)
Education, n (%) X2 (3)=17
<HSP graduate 26 (47.3) 29 (52.7)
HS graduate 169 (51.2) 161 (48.8)
University (BAC degree) 73(55.7) 58(44.3)
University (MAd degree or higher) 36 (48) 39(52)
Employment, n (%) XZ (5)=10
Freelancer 35(53) 31 (47)
Employed 178 (50.1) 177 (49.9)
Unemployed 41 (55.4) 33 (44.6)
Student 25 (50) 25 (50)
Retired 11 (52.4) 10 (47.6)
Other 14 (56) 11 (44)
Income, n (%) X2 (4)=7.4
Very low 41 (56.9) 31(43.1)
Low 82 (59.4) 56 (40.6)
Middle 58 (45) 71 (55)
High 92 (49.2) 95 (50.8)
Very high 19 (46.3) 22(53.7)
Smoking, n (%) X2 (2)=0.1
<10 cigarettes/day 79 (52.3) 72 (47.7)
11-19 cigarettes/day 96 (51.6) 90 (48.4)
>20 cigarettes/day 129 (50.8) 125 (49.2)
Reminders (range 1-8) 2.58 (1.17) 2.56 (1.09) t (589)=0.27

3P values for all variables were not significant except Nationality (P<.001).
bHS: high school.

°BA: Bachelor of Arts.

dMA: Master of Arts.
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Effectiveness of SM 'S Text M essaging Ver sus Email
Reminderson Program Adherence—The Number of
Completed Sessions (Secondary Outcome)

The number of completed sessionsamong all participantsranged
from 0to 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
SM Stext messaging reminders (mean 4.30, SD 3.24) and those
receiving email reminders (mean 4.36, SD 3.27); Welch
t565=0.197, P=.84, and Cohen d=0.02. Given the differencein
the Czech/Norwegian participant ratio between the SMS text
messaging and email groups, we conducted aregression analysis
where we controlled for nationality (and other background
variables) with the same result. Receiving SM S text messaging
reminders (as compared with receiving email reminders) did
not lead to asignificantly 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, wefound 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
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(mean 3.84, SD 3.09); Welch t5,,=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 (F31¢6=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 revedled a
significant interaction with gender; F; 55,=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 usersreceiving SM S text messaging reminders (n=190)
was 4.40 (SD 3.40), whereasfor male usersreceiving SM Stext
messaging reminders (n=114), it was 4.14 (SD 2.98); further,
for female usersreceiving email reminders (n=171), the average
number of completed sessionswas4.91 (SD 3.22), and for male
usersreceiving 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.

Predictor Regression analysis variables
B SEB t P B 95% ClI

Reminder

SMS text messaging 0.007 0.2725 0.025 .98 .002 -0.162 to0 0.166
Age 0.052 0.0158 3.288 .001 .200 0.081 to 0.320
Nationality

Czech 0.951 0.4608 2.064 .04 292 0.014 to 0.569
Gender

Female 0.771 0.3187 2419 .02 .236 0.044 t0 0.428
Residence

1000-20,000 inhabitants 0.195 0.4208 0.464 .64 .060 -0.19410 0.313

20,000-100,000 inhabitants -0.200 0.4133 —0.485 .63 —-.061 —0.310to0 0.187

>100,000 inhabitants -0.373 0.4455 -0.838 4 -0.114 -0.38310 0.154
Education

HSD graduate 0.846 0.5069 1.668 1 259 -0.046 t0 0.565

University (BAC degree) 1197 0.5763 2.078 .04 367 0.020t00.714

University (MA degree or higher) 1218 0.6370 1.912 .06 373 -0.010t0 0.757
Employment

Employed 0.537 0.4558 1.178 .24 .165 -0.110t0 0.439

Unemployed -0.231 0.6446 —0.358 72 -071 —0.45910 0.317

Student —0.458 0.7891 -0.580 .56 —.140 -0.616t0 0.335

Retired -0.170 0.9076 -0.187 .85 —.052 —0.600 to 0.500

Other -1.091 0.8291 -1.316 .19 -.334 —0.83410 0.165
Income

Low -0.580 0.5079 -1.142 .25 -178 —0.484100.128

Middle -0.286 0.5792 —0.494 .62 —.088 —0.4401t0 0.261

High —0.492 0.6555 -0.751 45 -151 —0.546 10 0.244

Very high -1.031 0.8109 -1.272 2 -.316 -0.805t0 0.172
Smoking

11-19 cigarettes/day 0.068 0.3691 0.185 .85 .021 —0.201t0 0.243

>20 cigarettes/day -0.260 0.3643 -0.713 48 —.080 —0.300to 0.140

3B represents the log odds of quit attempt=1 versus quit attempt. represents standardized estimates. “Email” is the reference category for Reminder.
“Norwegian” isthe reference category for Nationality. “Female” isthe reference category for Gender. “ <1000 inhabitants” is the reference category for
Residence. “<HS graduate” isthe reference category for Education. “Freelancer” isthe reference category for Employment. “Very low” isthe reference
category for Income. “<10 cigarettes/day” is the reference category for Smoking.

PHS: high school.
®BA: Bachelor of Arts.
dMA: Master of Arts.
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Figure 2. Effects of randomized condition (SM'S text messaging versus email reminders) and gender on the electronic health program adherence (the
number of completed sessions). Estimated marginal means with 95% Cls are shown.
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Effectiveness of the SM S Text M essaging and Email
Reminderson thelnitiation of Quit Attempt (Primary
Outcome)

In the whole sample comprising 591 participants, 195 (33%)
participantsinitiated aquit attempt. Contrary to our hypothesis,
there was no significant difference between the 2 randomized
groups in initiating a quit attempt (x21:0.4, P=.52). The
frequency of quit attempts in the SM'S text messaging group
was 104 (34.2%) whereasit was 91 (31.7%) in the email group.
We did not find any significant interaction between education,
receiving SM S text message versus email reminders, and quit
attempts. Regression analysis in which background variables
were controlled for also showed that receiving SMS text

https://mhealth.jmir.org/2022/3/€31040
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messaging reminders instead of email reminders was not a
significant predictor of initiating aquit 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 a2 times|ower 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 abachelor’sdegree, and 31
(41.3%) of the college-graduated participants with a master’'s
degree reported having initiated an attempt to quit smoking
(X%=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.

Predictor Regression analysis variables
B SEB z° P Oddsratio, 95% Cl

Reminder

SM S text messaging 0.1394 0.1852 0.7530 45 1.150, 0.7997-1.653
Age 0.0163 0.0107 15273 A3 1.016, 0.9954-1.038
Nationality

Czech 0.1477 0.3152 0.4686 .64 1.159, 0.6250-2.150
Gender

Female -0.0136 0.2153 -0.0632 .95 0.986, 0.6468-1.504
Residence

1000-20,000 inhabitants —0.0909 0.2843 -0.3197 75 0.913, 0.5231-1.594

20,000-100,000 inhabitants -0.1642 0.2795 -0.5874 .56 0.849, 0.4906-1.468

>100,000 inhabitants -0.1370 0.3010 —0.4553 .65 0.872, 0.4834-1.573
Education

HS® graduate 0.8912 0.4158 2.1433 03 2.438, 1.0792-5.508

University (B A d degree) 0.9175 0.4542 2.0202 .04 2.503, 1.0277-6.096

University (MA® degree or higher) 1.1533 0.4855 2.3755 .02 3.169, 1.2235-8.206
Employment

Employed 0.2879 0.3168 0.9087 .36 1.334, 0.7167-2.482

Unemployed 0.0998 0.4419 0.2259 .82 1.105, 0.4647-2.627

Student 0.0595 0.5551 0.1072 .92 1.061, 0.3576-3.150

Retired —0.5661 0.6345 -0.8923 37 0.568, 0.1637-1.969

Other -0.3773 0.6125 -0.6160 54 0.686, 0.2065-2.278
Income

Low -0.1251 0.3522 —0.3552 72 0.882, 0.4425-1.760

Middle 0.1129 0.3958 0.2851 .78 1.119, 0.5154-2.432

High -0.0173 0.4484 —0.0386 97 0.983, 0.4081-2.367

Very high -0.5921 0.5684 -1.0418 3 0.553, 0.1816-1.685
Smoking

11-19 cigarettes/day 0.1315 0.2429 0.5414 .59 1.141, 0.7085-1.836

>20 cigarettes/day —0.3045 0.2475 -1.2304 22 0.737, 0.4540-1.198

3B 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.
®HS: high school.

9BA: 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)

https://mhealth.jmir.org/2022/3/€31040
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increased (1) the adherenceto 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 thefirst reminder).
There were no significant differences between the 2 groupsin
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terms of their background characteristics, except for nationality.
Norwegian participants were more often randomized tothe 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
asself-reported initiation of aquit attempt. Surprisingly, wedid
not find any significant differencesin 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 reminderswith SM Stext messaging
reminders on program adherenceis heterogenous across genders.
This effect suggests that SMS text messaging reminders are
more beneficial for men, relative to women, interms 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 analysesreveal ed 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 recelving SMS text
messaging reminderswhen 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 asreminders,
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 SM S text messaging is superior to email
for reminding usersto 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 SM S text messaging over email reminders either
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with respect to the program adherence or to the outcomes of
this specific eHealth program (ie, theinitiation of aquit attempt).
However, the effect of the reminder delivery mode on program
adherence may be affected by gender; in our study, femae
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 thereis 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
rel ationships 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 severa 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
preval ence 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 theintervention.
Generally, SM Stext messaging reminders are often used within
health care but RCTs assessing their effect are lacking [21]. In
addition, the use of automatically collected eHealth datareduced
selection bias and the risk of recall bias (although the initiation
of aquit attempt was self-reported).

One limitation of the study isthat 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, SM S 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 (ig, 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 pursuein further research. Theresultsfor
both outcomes taken together suggest that there is very littleto
gain, if anything at all, by choosing SMS text messaging over

Kulhanek et al

email reminders for web-based behavior change interventions.
Thus, our finding isimportant for devel opers 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, resultsin 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 isto evaluate the safety of urgency advice provided by a symptom assessment app, Ada,
inan 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 M TS categories, 43.4% (164/378) of patients were not considered as emergency cases
by the app, but could have been safely treated by a genera 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, arate of undertriage, and
arate 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 patientsin 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?
navigationld=tria.HTML& TRIAL_ID=DRK S00024909
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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 patientswith chronic
conditions and people with general medical illnesses present in
EDs[4]. Morethan 50% of patients attending an ED stated that
they considered their level of treatment urgency aslow [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 isincreasingly amajor 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 adigital patient triage solution could provide
meaningful assistance to the patient in pretriaging their current
health problem, guiding patients with urgency to the ED and
othersto alternative appropriate care providersincluding 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] hasthe potential
to provide useful information for patientson 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 appswithin 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 thisinformation, 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 conditionsincluding
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

https://mhealth.jmir.org/2022/3/e32340

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 SAAsfor patients presenting in the ED with HIV or hepatitis
C [16]. A further study has examined triage acuity of a
web-based SAA inaprehospital setting, but without comparing
the data with a gold standard [26]. A recently published study
compared the National Health Systems 111 telephone triage
systemwith 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
advicein alarge German university hospital ED is assessed by
comparing the app’s urgency advice levelswith the assignments
by atrained 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 theinterdisciplinary ED of Marburg
University Hospital, which is attended by approximately 48,000
patientsper year, with data collection performed between August
2019 and March 2020. The completed Strengthening the
Reporting of Observational Studiesin Epidemiology checklist
isincluded 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 mapsthe 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
theworking hours of the assistant in charge of the study. Patients
who were aready caled 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 1D was used instead of aname; report
was not shown to the patient after use as the study had an

Table 1. App grading of urgency recommendations.

Cotte et al

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.

Urgency assessment Short description of advice level

Recommended next steps

level

1 Call ambulance May require emergency care; if the patient considers this to be an emergency, calling an
ambulance is advised.

2 Emergency care May require emergency care; if the patient considersthisto be an emergency, they should
immediately visit an emergency department.

3 Primary care within 4 hours May require urgent medical care; the patient is advised to see aprimary care physician
within the next 4 hours.

4 Primary care within same day May require prompt medical care; the patient is advised to see a primary care physician,
ideally on the same day.

5 Primary care within 2-3 days No urgent medical careisrequired; the patient is advised to see aprimary care physician,
ideally in the next couple of days.

6 Primary care within 2-3weeks ~ No urgent medical careisrequired; the patient is advised to see a primary care physician
in aroutine appointment.

7 Self-care or pharmacy No medical consultation is needed; the patient can probably manage symptoms safely at
home, and possibly, it could be helpful to consult a pharmacist.

8 Self-care No medical consultation is needed; the patient can probably manage symptoms safely at

home.

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
alessconservative advice level could have the potential to harm
the patient’s health, we used the approach reported by Meer et
a [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.

https://mhealth.jmir.org/2022/3/e32340

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, al case information was collected and
reviewed by apanel of physicians. The panel members had no
connection to the study center or study team and had aminimum
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 alarge 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 theMTS
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 casesin
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 adatabase created and managed by the Coordinating Centre
for Clinical Trialsin Marburg. Clinical datawere obtained from
the hospital information system (Dedalus ORBIS).

To determine the correspondence of the urgency assessment of
the app and the triage nurse, Cohen k coefficient [29,30],
including the weighted, preval ence, and bias-adjusted Cohen K
coefficient [31], was calculated using R (version 3.6.1; R
Foundation for Statistical Computing). This is a classica
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 M TS categories, respectively. Inthisanalysis,
the M TStriage wasregarded asthe 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 K to assess the interrater
agreement.

In addition, the chi-square test was performed to determine
whether the distribution of the assessments of urgency differs

https://mhealth.jmir.org/2022/3/e32340
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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 k with a 2-sided 95% CI and a width of 0.1 units
(p0=0.80; Cohen k=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
criteriaused thefacility. 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.
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Figure 1. Flowchart of patient recruitment. AHS: avoidable hazardous situation; MTS: Manchester Triage System.

Patients used the facility during the enrollment
period: 1640

.

Early stop of the study owing to COVID-19 outbreak in
March 2020; therefore, the original power calculation
of 554 patients could not be reached

y

Patients were approached owing to staff availability:
397/1640, 24.2%

N

4 patients: lack of informed consent
8 patients: no Ada report was sent to the study email

~

address
2

Patients were included in the study:

385/397, 97.0%

7 patients: no information about MTS and/or Ada triage

~

category given

Patients could be included in the analysis on the
primary end point and had at least one demographic
variable:

378/385, 98.2%

Patients were undertriaged by the app:

34/378, 9.0

5 patients: considered as accurately triaged by all 3

physicians

13 patients: considered as accurately triaged by 2 out

of 3 physicians

Patients were discussed by the panel virtually:
29/378, 7.7%

9 patients: certain health risk if considexring
presenting information, but not when considexring the

whole case

Patients were assessed by the panel of physicians as

potential AHS if they followed the advice at home:
20/378, 5.3%
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Table 2. Patient characteristics.
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Characteristic

Value, n (%)

Age (years; n=377)
18-29
30-39
40-49
50-59
60-69
70-79
80-89
90-99
Sex (n=377)
Men
Women
L ocation of presenting symptom (N=378)
Infection or feeling generally unwell
Pathological laboratory results
Paresthesia
Digestive
Chest, heart, or lungs
Face: eye, ear, nose, throat, or teeth problem
Head
Upper extremity
Lower extremity
Genitourinary problems
Neck or back
Skin
Other
Missing
Departments (N=378)
Orthopedics and trauma
Internal medicine
Neurology
Other

93 (24.7)
59 (15.6)
58 (15.4)
77 (20.4)
55 (14.6)
28 (7.4)
6 (1.6)
1(0.3)

215 (57)
162 (43)

6 (1.6)
9(2.4)
25 (6.6)
47 (12.4)
30(7.9)
40 (10.6)
44 (11.6)
59 (15.6)
77 (20.4)
6(1.6)
18 (4.8)
5(1.3)
5(1.3)
7(1.9)

164 (43.4)
102 (26.9)
72 (19)
40 (10.6)

Patient Characteristics

The mean age of participants was 46 (SD 17.54; median 46)
years. In al, 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%

https://mhealth.jmir.org/2022/3/e32340

(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 characteristicsin 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]. Thisstudy reported fewer female
patients (162/377, 43%) than the previous study (48%). When
only considering the lower 3 M TS 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 patientsin MTS 3 than that in
this study, the low proportion of patientsin MTS 5 was similar.

Resultsof Adaand 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, asseenin 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

Cotte et al

undertriaged. The chi-sguaretest showed that the app’s urgency
assessments’ distribution wasequal in al examined departments
(Cohen d=4.97; P=.05). Cohen k cal culated based on the merged
comparison table showed | ow agreement between MTS and the
app’s advice level (Cohen k=0.033, 95% CI —0.023 to 0.089;
weighted Cohen k=0.035, 95% ClI -0.630 to 0.700;
prevalence-adjusted and bias-adjusted Cohen k=-0.002, 95%
Cl —0.056 to 0.053; Table $4 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: MTS? rater 2: Ada; N=378) grouped in categories.

MTS 3 (yellow), n (%)

MTS 4 (green), n (%) MTS5 (blue), n (%) Total, n (%)

Call ambulance 23 (6.1)b
Emergency care 22 (5.8)°
Primary care within 4 hours 10(2.6)°
Primary care within same day 10 (2.6)d
Primary care within 2 to 3 days 6 (1.6)d
Primary care within 2 to 3 weeks 2 (0.5)d
Self-care or pharmacy 2 (O.5)d
Self-care 0 (O)d
Total 75(19.8)

68 (17.9)° 5(13)° 96 (25.4)
91 (24.1)° 4(10)P 117 (30.9)
20 (5.3)° 2(05)° 32(8.5)
60 (15.9)° 3(0.8)° 73(19.3)
34(8.9)° 2(05)° 42 (11.2)
0(0)° 0(0)° 2(05)

11 (2.9)9 0(0)° 13 (3.4)
3(0.8¢ 0(0)° 3(0.8)
287 (75.9) 16 (4.2) 378 (100)

3MTS: Manchester Triage System.
bovertri age.

“Match.

dUndertri age.

Table 4. Urgency assessment results (N=378).

Description

Value, n (%)

App's urgency assessments that matched with MTS?

App’s urgency assessments that were overtriaged in comparison with MTS
App’s urgency assessments that were undertriaged in comparison with MTS

App’s urgency assessments that were undertriaged in comparison with MTS but considered accurate by all panel physicians

App’s urgency assessments that were retrospectively not considered as an AHSP

Of the app’s urgency assessments that were retrospectively not considered as an AHS, the advices considered accurate by at least

one physician

App’s urgency assessments that were considered as a potential AHS

Advice considered safe (al patients who were not considered to be in a potential AHS)

128 (33.9)
216 (57.1)
34(8.9)
5(1.3)
9(2.4)

4(1.1)

20 (5.3)
358 (94.7)

3MTS: Manchester Triage System.
PAHS: avoidable hazardous situation.
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Describing Potential AHS

In 5.3% (20/378) of the cases, at |east 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 asinpatients, 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%). Thelist of potential AHS characteristics
is presented in Table S5 in Multimedia Appendix 1. Fleiss K,
interpanel physician reliability of agreement when evaluating
the likelihood of health risk, was Fleiss k=0.0533 (95% CI
—0.2267 to 0.3333), indicating dight 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.
Theapp provided safe advicefor 94.7% (358/378) of the patients
when compared with the stand-alone M TS assessment, which
served asthe gold standard in this study. Thisincludesidentical
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’srate of undertriage and rate of leading to a potential
AHSare similar to those reported for telephone triage by HCPs.
Placing this in context with the literature on triage, Meer et a
[11] reported 4.6% (7/153) potential AHS triage (95% ClI
1.85%-9.20%), Morreel et al [34] reported 17.01% (175/1029)
undertriage for computer-assi sted tel ephonetriage, and Rertveit
et a [35] reported 10.8% (26/240) undertriage. In addition,
Graversen et a [36] reported 17.7% (75/423) undertriage and
specified 7.3% (31/423) clinically relevant undertriage. The
urgency advice safety of the app issimilar to or better than that
reported in vignette studies of HCPsin 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, GPswere 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 a1.5% (3/200)
rate of potentially unsafe advice (rangefor all SAAS2.2%-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 adifferent population with
likely different presenting problems.

https://mhealth.jmir.org/2022/3/e32340
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Examination of all collected information in this study enabled
theidentification of the reason for undertriage. Most commonly,
therelevant condition was not modeled by the app; for example,
25% (5/20) of potentid AHSs were related to
non-ife-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
MTStriage 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 patientsfor aprototype 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.

Thetotal overtriageinthisstudy wasrelatively high, asthe 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
arecently 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 fallsin line with
the studies mentioned above, showing the difficulty of
web-based triage, and although a degree of overcautiousnessis
appropriate for safety, a balance should be maintained.

Study Limitations and Strengths

A significant strength of this study is the variety of medical
specidties 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
ontheir own. Moreover, unlikein previous studies[25], patients
were included in the analysis of this study irrespective of
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whether the app’s medical knowledge model ed their diagnosed
conditions.

To ensure that there was no delay in the treatment of patients
with life-threatening conditions, the 2 highest categoriesof MTS
were excluded. Thisalso partially appliesto patients who were
triaged as yellow by MTS, who were often called by anurse or
student physician before recruitment, resulting in smaller
proportion of these patients in the study.

A recognized challengein 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 Kk 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 devel oped.

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 hasbeen shown that the M TS hasahigh
tendency to undertriage (range 11%-25%) and alow sensitivity
for patients with high urgency; these were data that led to
guestioning 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, al other results can only be considered as safe as the
MTSitself. Thisunderlinestheimportance of agood 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 overtriageisrelatively high owing
toalimitation in the study methodol ogy. Thiscould beresolved
by having the appropriateness of al 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
inthe ED. Thisledto thelimitation that all patients categorized
as MTS 4, who were advised by the app to see a GP within 4
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hoursor to go to the ED, were aready considered as overtriaged
according to the analysis plan. Thisincluded 47.4% (179/378)
of patients, many of whom werelikely appropriately triaged by
the app and only classified as not matching owing to alimitation
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.

Implicationsfor Clinicians and Policy Makersand
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
dlightly 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 seeaphysician at al. Thisisasubstantial number
of patientswho, by their own assessment, considered themselves
as patients with emergency, but from what they stated in the
app, possibly would have been comfortabl e 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 decreasein
the number of patientsin 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 till 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 patientsto follow this. Studies should also address
in more detail the appropriateness of advice of SAAsfor users
who require emergency treatment. We have identified severa
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 M TS assessment, has arate of undertriage and
arate of triage with potential to be an AHS eguivalent 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 patientswho considered themselves as emergency caseswere
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not considered so, indicating a possible relieve on EDs if the by future research, should be conducted specifically in the
app was used at home. Continuous app optimization, followed at-home setting to investigate this hypothesis.
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Abstract

Background: Concomitant psychological and cognitive impairments modul ate 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 i nterventions. 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 €licited by a self-managed educational and exercise-based 4-week
mHealth intervention (BackFit app) in el ectroencephal ographic and el ectrocardiographic activity, pressure pain threshol ds (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 |slands (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 electroencephal ographic activity (at rest and during amodified 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 theintervention, frequency analysis of electroencephal ographic 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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increasein 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, electroencephal ographic datafrom the Eriksen flanker task, PPTs, subjectiveratings, or cognitive
performance.

Conclusions: Both intervention modalitiesincreased mainly betaactivity 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 electroencephal ographic changes in patients with CLBP after an mHealth

intervention.
Trial Registration:

Clinical Trials.gov NCT04576611; https://clinicaltrials.gov/ct2/show/NCT04576611

(JMIR Mhealth Uhealth 2022;10(3):€29171) 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, pathol ogy, and radiol ogical
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 expenditurein care and labor concepts[1]
and alleviate the symptoms of patients are needed.

Evidence-based clinical guidelines consider physical exercise
akey component among the nonpharmacol ogical interventions
for patientswith L BP, and education hastraditionally 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 patientswith 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 theimpai rment, and encourage patientsto 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
discretewireless sensors, providing rapid feedback to usersand
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
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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
CLBPand 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, aswell asincreased
painsdf - 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 biomedica model, sidelining the
well-documented impairmentsin central nociceptive processing
mechanisms [21]. Evidence of enhanced central sensitization
to externa 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 pesk
theta-alpha frequency increase [24]. Likewise, heart rate
variability (HRV) isalso postulated as an index of how strongly
top-down appraisas, mediated by brain areas (eg, amygdala
and media 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 metaanalysis 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 betarhythms(13-20
Hz), asan 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,
arecent study revealed significant clinical improvements after
pai n neurosci ence education combined with cognition-targeted
motor control training in pain, disability, pressure pan
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 isto 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 changesin 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 changesin pain sensibility, clinica
pain, and disability data and psychological and cognitive
functioning.

Methods

Study Design

This 2-arm parallel design nonrandomized clinical trial was
submitted to Clinical Trials.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 initialy
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 ingtitutional emailing as well as social media, posters, and
leaflets at the University of the Balearic Islands and Sant Joan
de Déu Hospita (Palma, Balearic Islands). Potential participants
wereinformed about the aim and devel opment of the study, and
if they agreed to participate, they were asked about possible

https://mhealth.jmir.org/2022/3/€29171

Sitges et a

contraindications and exclusion criteria. If participants met the
inclusion criteria, they wereinterviewed at the Research Ingtitute
of Health Sciencesto 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

Theinclusion criteriawere 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 aterations; 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 a risk of .05 and a 3 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 asan indicator of the therapeutic outcome
[38]) between groups, assuming that 2 groups exist.

After complianceto the treatment sessionswas 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 sessionin
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 a4-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 adegreein 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
iOSand version 1.1.5 for Android). The researcherstasked with
analyzing data were not involved in the intervention protocol
administration, and they were aso 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.
Assessed for eligibility
(n=131)
Not enrolled (n=72)
o Not meeting eligibility criteria
(n=29)
o Declined to participate (n=26)
* No response to invitation (n=17)
Nonrandomized (n=59)
|
Allocated to self-managed group Allocated to face-to-face group
(n=27) (n=32)
Y Y
Analyzed (n=27)
Analyzed (n=23) * Discontinued intervention
e Discontinued intervention (n=3)
(=4 s Injury not during
intervention (n=1)
e Data lost (n=1)
I ntervention
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 participantsalso rated their actual
clinical pain using aslider (0-10) before and after each session
and their perceived exertion using a Borg Rating of Perceived
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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, alwayskeeping in mind
arest period of 1-4 days between sessions. If participants were
in the face-to-face intervention group, they met with the
supervisor twiceaweek at the University of the Balearic Islands
(in aroom equipped for physical exercise). If participants were
in the self-managed intervention group, they received the
material (arubber massage ball [60 kg/cm? in density and 6 cm

in diameter] and a foam roller (60 kg/cm? 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).

En una escala del 0 al 10, donde O
s sin dolor y 10 méximo dolor,
deslice el cursor hasta el
segmento del slider que cree que
mejor representa su dolor. Puede
responder 0 si ne siente ningdn
dolor,

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 aso obtained by
placing an electrode at both wrists. Electrode impedances were
kept below 10 kQ.

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-passfilter at 0.10 Hz, low-passfilter
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
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mV, minimal alowed 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 sourcelocalization of the frequency
bands was adso performed by using low-resolution
el ectromagnetic 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 al frequency bands during the resting state were
estimated. To reduce interparticipant variability, spectravalues
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 al 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 ms” 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
allowsfor testing group differencesin high-dimensional neural
datawhileit 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 O to 500 ms after the
congruent and incongruent stimulus presentations for CBPT.
For every sampl e (el ectrodexmillisecond), the face-to-face and
self-managed groups were compared in each condition and
session by means of an independent samplet test (2-tailed). In
addition, pre- and postintervention data were compared
separately for each group and in each condition by means of a
dependent samplet test (2-tailed). Sampleswith 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
anonparametric permutation test. The permutationswere 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 statisticsin the permutation distribution
(Monte Carlo significance probability) were they considered
significant.

Pain Sensitivity

To assess PPTs, we used adigital 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/cm?).
Subjective pressure pain intensity ratings were measured using
avisual 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.
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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 thetrialswere congruent (ie, themiddle
arrow pointsin the same direction asthe flankers) and the other
half wereincongruent (ie, the middlearrow pointsin adirection
oppositeto that of theflankers). At each trial, participantswere
asked to indicate the direction of the middle arrow as quickly
and as accurately as possible by pressing theleft 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 I ntervention

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
abivariate Pearson correlation analysis only among the variables
that showed significant differencesin the previous analysis.

All significant results are presented with the original df, the P
values, and the partial eta squared (n pz) parameters. Except for
the CBPT and source localization analysis, all statistical analyses
were performed using SPSSfor Mac (version 25.0; IBM Corp).
Data Exclusion

Indl, 10and 13 outlier values (>3 timesthe |QR) were excluded
from the self-reported (ODI, POMS, PCS, and TSK-11) data
analysis and accuracy data anaysis, respectively.

Ethics Approval

This study was conducted according to the Declaration of
Helsinki and approved by the research ethics committee of the
Balearic Islands (1B 3186/16 PI).

Results

Sociodemographic and Clinical Data

Asshown in Table 1, both groups were comparable in terms of
gender, age, anthropometrics (BMI, waist-to-height ratio, and
wai st-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).

Characteristics Before the intervention After theintervention P value

Face-to-facegroup  Self-managedgroup Face-to-facegroup  Self-managed group

(n=27) (n=23) (n=27) (n=23)
Sex (male), n (%) 7 (26) 10 (43) N/A2 N/A 9P
Age (years), mean (SD) 48.63 (7.54) 45.00 (9.13) N/A N/A 13¢
BMI, mean (SD) 0.43 (0.09) 0.41 (0.07) N/A N/A 62¢
WHtRY, mean (SD) 0.55 (0.08) 0.53 (0.06) N/A N/A 43¢
WHRE, mean (SD) 112 (0.12) 114 (0.12) N/A N/A 60°
Pain duration (years), mean (SD) 11.81(7.47) 8.06 (8.74) N/A N/A 16°
EHIf (10-50), mean (SD) 18.05 (5.06) 18.22 (3.83) N/A N/A 91°
Systolic BPY, mean (SD) 112,67 (12.58) 115.30 (14.79) N/A N/A 10°
Diastolic BP, mean (SD) 77.61(8.62) 76.16 (9.74) N/A N/A 92¢
Pain intensity (0-10), mean (SD) 2.87(2.27) 3.57 (2.50) 2.67 (2.36) 3.83(2.20) .93
oD (0-100, %), mean (SD) 6.15 (5.35) 6.01 (3.92) 7.85(6.22) 7.15 (5.66) o1
POMS, mean (SD)
Tension or anxiety (0-36) 9.96 (7.47) 8.83 (5.94) 7.46 (3.67) 8.00 (5.89) .06
Anger or hostility (0-48) 11.46 (8.48) 9.11(7.32) 7.96 (4.66) 8.78 (5.29) 10
Vigor or activity (0-32) 15.87 (4.66) 14.28 (5.13) 16.04 (4.75) 16.33 (4.52) .09
Fatigue or inertia (0-28) 9.38(7.93) 10.15 (7.14) 8.03 (5.91) 8.94 (5.71) 12
Depression or dejection (0-60) 9.26 (11.10) 6.22 (6.65) 5.12 (5.95) 5.17 (5.68) o1
Confusion or bewilderment (0-28) 6.28 (5.18) 5.00 (4.51) 5.04 (4.39) 5.06 (3.57) 23
STAIK, mean (SD)
State (0-30) 15.51 (8.76) 13.75 (7.29) 15.49 (8.07) 14.96 (10.12) 53
Trait (0-30) 19.68 (8.02) 20.15(8.83) N/A N/A 84¢
TsK-11! (11-44), mean (SD) 23.14 (3.61) 22.68 (3.59) 20.41 (3.45) 21.32 (3.50) 002!
Activity avoidance (7-28) 15.09 (2.27) 13.89 (2.31) 12.67 (2.21) 13.05 (2.39) <001
Harm (4-16) 8.06 (1.69) 8.79 (1.84) 7.74 (1.68) 8.26 (1.52) 21
PCS™ (0-52), mean (SD) 12.21 (8.96) 15.35 (8.53) 12.29 (10.33) 11.05 (6.74) 19
Rumination (0-16) 3.75(3.77) 4,57 (3.20) 4.29 (3.69) 4.05 (3.39) 98
Helplessness (0-24) 5.83 (4.36) 6.92 (4.14) 4.92 (4.60) 4,55 (3.10) 02
Magnification (0-18) 2.62 (1.64) 3.55(2.33) 3.08 (2.60) 2.45 (1.64) 39
FABQ" (0-96), mean (SD) 34.75 (24.08) 35.25 (21.33) 31.96 (19.72) 26.25 (14.54) 03
Avoidance of physical activity (0-24) 12.04 (4.93) 12.10 (6.36) 11.71 (6.52) 6.85 (4.44) o1
Avoidance of work (0-42) 15.79 (12.25) 16.90 (11.72) 13.96 (10.77) 13.65 (9.25) 10

8NI/A: not applicable.
behi -square test.

®Both groups were comparablein 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.

AWHIR: waist-to-hei ght ratio.
SWHR: waist-to-hip ratio.
EHI: Edi nburgh Handedness I nventory.
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9BP: blood pressure.
hopi: Oswestry Disability Index.
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iBoth groups showed decreased depression, kinesiophobia (and activity avoidance), helplessness, and fear-avoi dance beliefs (and avoidance of physical
activity), aswell asincreased disability after the intervention. No significant differences between the groups were found in any of these data.

IPOMS: Profile of Mood States.

KSTAI: State-Trait Anxiety Inventory.
ITSK-11: Tampa Scale for Kinesiophobia.
MPCS: Pain Catastrophizing Scale.

"FABQ: 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 (Fy 4;,=5.178;
P=.02; np2:0.099) and at beta-3 (Fy4,=4.701; P=.03;
np220.091), showing increased beta-2 (mean 0.0020, SD 0.0013
UV2/Hz vs mean 0.0024, SD 0.0017 pV?/Hz) and beta-3 (mean

0.0013, SD 0.0010 pV?/Hz vsmean 0.0018, SD 0.0019 uV%/Hz)
after the intervention in comparison with beforetheintervention.

Differences between before and after the intervention on
statistical maps of source analyses in all participants are
displayedin Table 2 and Figure 3. These analyses (paired sample
2-tailed t tests) revealed a significant lower current density of
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delta activity after the intervention compared with before the
intervention in the occipital |obe areas at the cuneus (BA30 and
BA18) and the middle occipital gyrus (BA18), aswell asinthe
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,
asignificant 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, BAS, and
BA®B). 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
sessionswerefound 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 results® 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 bandsin all participants.

Lobe and region BAD X ye ZC

Delta (after theintervention<beforethe intervention)

Occipital
Cuneus 30 -5 —70 5
Cuneus 18 0 =75 10
Middle occipital gyrus 18 25 -90 15
Parietal
Precuneus 7 0 —60 55

Alpha ( after theintervention > before theintervention )

Parietal
Postcentral gyrus 2 -25 -40 70
Postcentral gyrus 3 -20 —40 70
Postcentral gyrus 5 -25 —45 70
Postcentral gyrus 7 5 —65 65
Beta-2 (after the intervention > before the intervention)
Limbic
Anterior cingulate 32 0 35 20
Frontal
Media frontal gyrus 10 -5 50 15
Media frontal gyrus 9 5 50 20
Beta-3 (after the intervention > before the intervention)
Limbic
Anterior cingulate 32 0 20 35
Anterior cingulate 24 0 30 25
Frontal
Media frontal gyrus 8 0 20 50
Media frontal gyrus 6 -5 15 50

agignificant (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
®Montreal Neurological Institute and Hospital coordinates.
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Figure 3. Standardized |ow-resolution electromagnetic tomography analysis (SLORETA) results for 3 orthogonal brain slices (horizontal, sagittal, and
coronal) of delta, alpha, beta-2, and beta-3 frequency bandsin 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.
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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 sessionswere
found in PPTs either in pressure pain intensity ratings at the

spina 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), aswell asincreased 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).

https://mhealth.jmir.org/2022/3/e29171

RenderX

Cognitive Performance

The Eriksen flanker task involved alow 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 effectswere found (results not shown).
No significant main effectsin 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; n,’=0.501), showing slower RTsin the

incongruent trialsthan in the congruent trials (mean 495.28, SD
76.11 msvs mean 481.08, SD 84.67 ms).

Correlational Data

We only computed a bivariate Pearson correlation analysis of
the pre—post differencesin psychological outcomes(ODI, POMS
depression and dejection scale, TSK-11 total, TSK-11 activity
avoidance scale, PCS helplessness scale, FABQtotal, 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.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 [€29171 | p.239
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

Discussion

Principal Findings

Both groups showed an increase in beta-2 and beta-3 in EEG
resting-state data after the intervention. Sourcelocalization data
analysis also showed a significant higher current density of
beta-2 and beta-3 mainly located at the ACC after the
intervention, aswell asahigher current density of alphamainly
located at the postcentral gyrus and a significant lower current
density of deltafrequency located at the cuneus and precuneus.
Several studies demonstrate that alphaand 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 patientswith chronic pain are often circumscribed
to brain regionsrelated 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 isnegatively 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 urgestriggered by biological rewardsand
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 ableto induce
neurophysiological changes, mainly in beta2 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 alow 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 patientswith
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 thetotal number of normal-to-norma [R-R] intervals,
and NN50 isthe number of times successive heartbesat intervals
exceed 50 ms) compared with standard medical care[65]. Thus,
perhapsthe duration of theintervention program or theintensity
of the exercises was not sufficient to elicit significant changes
in HRV resting-state data.
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In addition, the self-managed intervention was as effective as
the faceto-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 patientswith 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 anumerical 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, a4-week program with 8 sessions, using
aself-managed website (including cognitive behavioral therapy
aswell asmotivational and wellness activity advice), evidenced
clinically significant decreasesin 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 changesin pain and disability scores. Nevertheless,
the presence of significant electrophysiological changeswithout
improvements in self-reported pain and disability scores
challengesthe 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 revedled better immediate effects on pain and
disability than web-health-based programs, with Dbetter
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 RTsin theincongruent
trials, which confirmed the validity of this task to measure
interference control, with greater cognitive resources needed to
process stimuli in theincongruent condition. Asthe mean overall
hit rate of thistask was 98.93% (SD 0.14%), perhapsit wastoo
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
revedled 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 amore global manner.
Otherwise, in motor or neuromuscul ar training (eg, balanceand
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
limitationsin the design of thisstudy that should be considered.
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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; asaresult, arisk of selection bias must be assumed.
Because of the nature of the intervention, blinding of both
researchers and participants was practically unattainable;
however, thisis 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 asat 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 basdline 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, thisisthefirst study reporting brain
changes in patients with CLBP after an mHealth intervention.
Double-blinded randomized controlled studies with larger
sampl e 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 amechanism to help contain transmission, keep
people safe, and help kickstart economies. However, CTAs must address awide range of often conflicting concerns, which make
their devel opment/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 cal this framework the Citizen-Focused

Compare-and-Contrast Evaluation Framework (C°EF) 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
aselection of CTAs. Each framework pillar wasthen 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 C*EF 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 devel opers, 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-makersin
the devel opment and evolution of CTAsfor citizens. Thisframework supports reflection on design decisions to better understand
and optimize the design compromisesin play when evolving current CTAsfor increased public adoption. We intend thisframework
to serve as afoundation for other researchersto 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
measuresto monitor and control the spread of the virus. Contact
tracing is one of the measures adopted by health authorities.
This approach has aready 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
impetusfor 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 barriersfor
their widespread acceptance and adoption by citizens [10,11].
Reflecting these discussions, CTA evaluation frameworks have
emerged that specifically focus on different aspects such asthe
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, alegitimate concernisfor
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
improvetheir 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, devel opers, health authorities) in
the devel opment and evolution of CTAs, potentially increasing
adoption? In this paper, we address this question by proposing
aCitizen-Focused Compare-and-Contrast Eval uation Framework

for CTAs (C*EF), which we derived by holistically bringing
together existing works on the evaluation of CTAs and mobile

https://mhealth.jmir.org/2022/3/e30691

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 (asanother important perspective[21]). Theframework
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,
Usahility, Data Protection, Effectiveness, Transparency,
Technical Performance, and Citizen Autonomy. This article

introduces the C*EF 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. Thisisfollowed 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
opinionswith 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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Figurel. Phasesand deliverablesin the development of our Citizen-Focused Compare-and-Contrast Evaluation Framework (C3EF) for contact tracing

apps (CTAs). mHealth: mobile health.

C3EF Derivation Process
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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 guidelinesEU
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 alowed 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 critica 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 “Dataprotection”
OR “GDPR” OR “security threats.” Articleswrittenin English
and published between 2010 and 2020 were reviewed. Articles
offering evaluation frameworks were selected aswell asarticles
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

https://mhealth.jmir.org/2022/3/€30691
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from the team were involved in the search and selection of the
sources, with marginal papers being discussed for relevancein
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
frameworksfocusing on particular aspects of CTAS, 13 provided
regulations and guidelinesfor the design or evaluation of CTAS
or mHedth apps, and 10 others described important
characteristics for CTAs. From these sources, one of the
researchersextracted aninitial 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 initia attribute list,
which was aimed at identifying overlaps and &ffinities, 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 areaswith
those explicitly provided in the papers directed at frameworks
and taxonomiesfor CTAs[13,14,17,24-31,58,59], and we ended
up identifying 6 evaluation areas, which we cal 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’ wasal so 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

Usahility refersto the ability of the CTAsto 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 sourcesthat informed our
deliberations were those discussing usability standards[61-63]
in general and EU design requirements [55]. Accessibility was
included asahigh-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
formul ate probing questions attached to our identified attributes.
Frameworks for designing touchscreen interfaces for children
[52], evaluating apps for children [53], and Genera 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 attributesin 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 areview of the related literaturein
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 ajurisdiction, 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 a [77], and by
considering Vokinger et a’s [58] framework, which aso
explicitly tackles this concern.

Transparency

While transparency is officialy 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” inthis context concerns how open the devel oping
organization iswith respect to itsinternal processesand artifacts.
The initial attributes and their questions were formulated by
extending our interpretation of GDPR [66], and considering
already existing taxonomies [25,28].

https://mhealth.jmir.org/2022/3/e30691
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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 alarge 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, responsetime). Because
COVID-19 tracing apps are usualy 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 iswidely
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 a [16] studying adigital tool’s ethical
challenges. It was aso based on the “User
control/self-determination” domain in Vokinger et a’s [58]
assessment  framework for (COVID-19) CTAs and the
“autonomy” category inthe checklist proposed by van Haasteren
et a [28]. In these works, the authors focused on users
(existing) “dataprotection” concerns, which are mostly handled
by our Data Protection pillar, but we wanted to extend the scope
to specifically cover initial dataaccess. 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
noneval uative, 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 devel opment, 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].

Thetwo core considerationswereto assessif the attributes could
produce useful evaluation information on the CTA and how
that information could be feasibly obtained. In this phase,
feasibility concernswere sometimes overridden by the perceived
importance of theinformation provided when probing aspecific
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
authoritieswhen they turn up for testing that they have done so
based on an aert issued to them by the app, and that would need
to be recorded on anational 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]. Interms of data protection philosophies, two of these apps

Tsvyatkovaet a

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 formul ated 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 wasidentified 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 CTAswas
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 acrossthe expert subgroupswere held to retain awider
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 isthisimportant?’ 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) probeit for any ambiguity; and

«  Cross-checking with their own pillars to identify possible
overlapsin the framework.

Table 1. Distribution of team members as pillar owners and devil’s advocatesin phase 2.

Devil’s advocate(s)

Pillar name Pillar owner(s)
(General) Characteristics |0 and SB
Usability and Accessibility CS IR, and DT
Data Protection T™W
Effectiveness AR

Technical Performance MC
Transparency KR

Citizen Autonomy 3B

JB
10 and JB
KR
DT
KR
MC
IR

These meetingswerein theform 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

https://mhealth.jmir.org/2022/3/e30691

overlaps or redundancies, clarifying terminology and questions,
and improving organization. At the end of the grounding and
critiquing exercises, we ended up with atotal of 163 “grounded”
attributes and an initial formulation of 199 related questions.
Additionally, we identified some cases to be discussed by the
entireteam during thethird and final phase of our devel opment.
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Phase 3: Refinement and Finalization

To support the refinement work of the entire team (especialy
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 casesidentified in the previous
phase and noted further (rel evancy, 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 authorswereinvolved. For instance,
the framework probes Citizen Autonomy in terms of whether
there is an officia 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 errorsdetected. A reorgani zation was proposed,
deleting CA11 (redundant with CA01 and CAO02); 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
CAO02 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 wasto make sure the questions were clear
and understandable. A number of other appswere 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

https://mhealth.jmir.org/2022/3/e30691
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sample answers), which now had internal consistency and no
overlap. Graphical visualizations of therefined pillars and their
structures were al so generated (Multimedia Appendix 3).

The consolidated framework (with 7 pillars and 161 attributes)
was presented for feedback to medical researchers and
practitionersfrom thewider “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, informa discussions were held around the
Effectiveness pillar with the European Centre for Disease
Control (CDC), al serving to suggest a number of minor edits

and tweaks to create the final version of the C°EF for CTAS, as
presented here.

At this stage, we a so 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 accessto individua pillars
to enabl e breaking down the assessment, and allow stakeholders
to select and prioritize their own assessment focus.

Results

Overview of the C’EF 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 answerstoillustrate how we used the framework to eval uate,
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 atop-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 pillarswith their first- and second-level attributes (only).
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First-level attributes

Second-level attributes

Characteristics Pillar

1. General characteristics

2. Availability

3. Organizational reputation

4. App content

Usability Pillar
1. Subjective satisfaction

2. Universality

3. Design effectiveness

4. User interaction

5. Ongoing app evaluation

Name of app
Country

Current versions
Language support

Age of users

Internet connectivity: app (other)
Platform dependency

App status

Development

Processing overview
Sensor employed

App running state
Contact tracing definition
App data

App permissions
Notification method

Diagnosis status

Rating

Motivations for high/low scores

Accessibility
Cultural universality

Completeness
Configurability
User interface

Helpfulness

Efficiency

Robustness

Clarity of interaction with elements
Consistency of interaction with elements
Alerts and notifications messages
Frequency of upgrade
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First-level attributes

Second-level attributes

Data Protection Pillar

1. Security

2. GDPRY

Effectiveness Pillar

1. Effective reporting

2. Effective results

3. Effective engagement

Transparency Pillar
1. App transparency

2. User participation
3. Datatransparency

Technical Performance Pillar
1. Speed
2. Efficiency

3. Consumption

4. Resource/troubleshooting and trust

STRIDE? taxonomy/vulnerabilities

CTb-specific threats

Software architecture security

SDL CC and security

Preliminaries
GDPR principles
Rights

Detecting close contacts
Reporting positive close contacts
Reporting all close contacts

Reporting hotspots

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

Population uptake
Population retention
Population engagement

App purpose
App permission

App participation knowledge
Minimization, gathering, storing, accessibility, etc
GDPR applicability

Lifecycle

Response time (frontend)

Response time

Battery
Disk space

CPU/memory usage
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First-level attributes

Second-level attributes

Citizen Autonomy Pillar

1. App discussion authority

2. Phone functionality

3. Data control

Bandwidth usage
Throughput (backend)

Official discussion forums

Empowered moderators

GPS access

Bluetooth

ENS® access
Notifications

Microphone

Data upload authority
Uploaded data location visibility

83TRIDE: Spoofing, Tampering, Repudiation, Information Disclosure, Denia of Service, and Elevation of Privilege.

BCT: contact traci ng.

CSDLC: Software Development Life Cycle.
4GDPR: Genera Data Protection Regulation.
®ENS: Enhanced Network Selection.

Characteristics

Characteristics captures nonjudgmental criteria and factual
information that are important to identify and differentiate a
given app and itsmain 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 theworking app, through theinformation available on Google
Play and Apple Store, or through the devel oper website.

General Characteristics capturesfour 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 theinternet 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 officia
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

https://mhealth.jmir.org/2022/3/e30691

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 usersto
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 asto 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 adifferent approach to contact tracing and natification. For
instance, the HSE's app [86] states that the close-contact
notifications will be activated when there is “direct exposure”
to apositive case, where “ direct exposure” refersto “within two
meters for 15 minutes or more” In contrast, NOVID [88]
notifies users when other NOVID users close in their socid
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 adifferent benefit to users. NOVID
(whichisnot anational app and thus might be difficult to reach
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therequired critical mass of citizens adopting the system to help
it perform at its best) seemsto 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 CTASs.

Subjective Satisfaction looks at the perceived level of comfort
experienced in using the app. As user retention isimportant in
CTAs, this attribute captures how citizens rate their experience
in using the app. It includes arating 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 refersto
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. Thefirst 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 doesand learning how to useit) 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 usersregardless 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 inthe“ Termsand Conditions’ (see Figure 2, Example

https://mhealth.jmir.org/2022/3/e30691

Tsvyatkovaet a

1); and (4) design elements such aslogos, 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. Thisattributeincludesfour 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 Hel pfulness. Compl eteness was formul ated 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.
| dentification of coreand optional functionalities help to identify
user tasksthat 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 themin the
assessment. However, there is atradeoff isin 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 accommaodating more functionalities within
the same app might compromise usability (in our caseresulting
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 eval uate specific e ements
of theinterface and not the app asawhole. An element can vary
from a button to a menu, a dlider, or atable (see[95] for afull
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 ook
at the availability of supportive information such as definitions
of the terms used (eg, what counts as a contact), descriptions
(seeFigure 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 effectivenessthat 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-specificc 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 resultsin return for the resources
that are invested. Here, we considered three elements: Human
Effort, asthe number of stepsthat are needed to carry out acore
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 itsability
to deal with user errors. With our attributes, we look at:
landscape/portrait mode, multitasking when using technol ogies
such as Bluetooth or GPSfor 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, inthe dark), while Errorslooks at error messages available
in the app as a result of inappropriate interaction and the
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availability of error recovery options (eg, undo, redo) or the
reversibility of user actions. Clarity of I nteraction 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 anaysis, we realized the
importance of feedback on the contact tracing functionalities,
aswe noted anumber of apps, especially intheir 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 usersfelling 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
guestionsto 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 contactsin aday,
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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Figure2. Example 1, PathCheck SafePlaces (United States) [87]: agein "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”.
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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 vulnerabilitiesrelated 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 vendorsare noted in “ General
Characterigtics,” 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 alightwei ght comparison using the potentially incomplete
dataavailablefor 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, Denia 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]), wefirst used automated toolsto 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 (Table4), providing an answer to our Security
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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 theindividual datastored later: Data Stored, Data
Type, and Basis for Processing. It aso includes Withdrawal
and whether the organization declared consent and has alegal
requirement astheir basisfor processing the data. For instance,
applying question DPO6 (Data Stored): “What personal dataare
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, |P 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 isRights, which refer to the rights of theindividual 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
atributes under GDPR Rights: Access;, Object to Reuse;
Portability; Automated Processing Rejection; and Rectified,
Restricted, or Erased (data). Thisiswhere akey distinction can
be captured between CTAsthat notify direct exposureto 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 aright 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
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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.

CWE CoronaWarn

MyTrace

89: A (SQL? Command

276: Incorrect Default Permissions N/AP

295: Improper Certificate Validation

532: Insertion of Sensitive Information into Log
File

327: Use of aBroken or Risky Cryptographic
Algorithm

Local SQL injection possible but dataencrypted

Vulnerable to SSLS MITMY attack

Sensitive information is encrypted

Weak hash function in SSL

Loca SQL injection possible and data not en-
crypted

Permissionsfor tasks, Bluetooth administration,
and externa storage

N/A

Excessive information logged

N/A

85QL: 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.

Threat Corona-Warn Matched CWEs MyTrace Matched CWEs
Fake alert injection N/A2 CWE-327-H

False report CWE-295-H, CWE-327-L N/A

Proximity beacons altered N/A CWE-89-H

User can deny or retract infection report or contact CWE-295-H N/A

details

Personal information disclosed
User deanonymized and tracked
N/A
N/A

Energy resource drain attack

System resource contention

CWE-327-L, CWE295-H
CWES327-L, CWE295-H

CWE-89-H, CWE-276-H

CWE-89-H, CWE-276-H, CWE-532-H
CWE-276-H

CWE276-H

3NI/A: not applicable.

Effectiveness

The Effectiveness pillar refersto the degreeto which the app is
successful in its core aims. accurately detecting close contacts
and thus providing “ notification to other app userswith potential
exposure risks to an infected app user” [98]. It contains three
high-level attributes (see Table 2), the first of which (Effective
Reporting) refersto concernsrelated 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.

https://mhealth.jmir.org/2022/3/e30691

Effective Reporting focuses on the ability of the app to report
accurately on close contacts and the location of virus hotspots
toindividual users. It first assessesthe 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-19positive 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, asin 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 probesthe 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

Tsvyatkovaet a

therelative time and effort in identifying a close contact viathe
app, as opposed to viathe 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 districtdevel COVID-19 statistics on the Health Service Executive's COVID Tracker app (Ireland) [86].

MO EHS - [ R ]
COVID
{Back TRACKER
0
10 13 16 19 22
Jan Jan Jan Jan Jan

National 14-day incidence rate

1,334.6

Per 100,000 Population
4th January to 18th January

County Kilkenny (4)

KILKENNY

Local Electoral Arca
Confirmed cases
Rate per 100k pop

Area population

Transgparency

Transparency isdiscussed here asan 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 specificaly. In
this context, transparency is an important aspect from the
perspective of adopting citizens' confidence. The pillar hasbeen
divided into categories looking at App Transparency, User
Participation, and Data Transparency (Table 2).

App Transparency includes App Purpose and App Permission.
App Purpose offersthe 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 empl oyed to guarantee community feedback;

https://mhealth.jmir.org/2022/3/€30691

RenderX

PIL

Loc:

331 Con
1,143.3 Rat
28,951 Are

and (4) Open Source Repository to assessif the source code is
made available (eg, on GitHub), as thistoo shows transparency
at ahigh 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 aswell as the contact tracing
accuracy claimed by the devel opers (eg, with questions such as
“Isthe 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

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e30691 | p.261
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

Capture Knowledge), as this will heighten confidence asto its
data privacy nature. It assessesif the users are made accurately
and accessibly aware of the dataaccessibleto other bodies, both
in terms of the data and the accessing bodies (Data-Access
Knowledge). It probesif 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
aData Protection Impact Assessment. Two more attributes|ook
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 severa
guestions 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 asoftware system’s
frontend app respondsto auser’s requests, as delays may cause
user frustration. This subattribute probes two issues. The first
gueries 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.

Tsvyatkovaet a

Consumption and Resources/ Troubl eshooting and Trust capture
how efficiently asoftware 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 levelsin terms
of the rights and accesses they grant the app. Additionally, itis
concerned with the user’s ability to influence the evolution of
the app going forward: animportant el ement 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 checksif thereisadiscussion forumwhere
users are free to leave opinions and requests for change (most
apps have at least areview 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 devel opment team. For example, the
HSE's COVID Tracker app [86] has reviews on Google Play
and Apple Store, but it also hasa GitHub repository [99] where
users can leavetheir push requests for devel opers, asillustrated
in Figure 5.

Figure5. The"pull requests’ GitHub page [99] for the Health Service Executive's COVID Tracker app [86].
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11 Proofread Irish-language strings

#7 opened on Jul 7, 2020 by rodoch

11 Update README.md

#1 opened on Jul 2, 2020 by sftcd

Phone Functionality focuses on the ability of the user to control
the app’s access to phone services. Typicaly, these are relevant
services such as GPS, GAEN [ 78], Bluetooth, and notifications,
where their rolein the app’s functioning is apparent. However,

https://mhealth.jmir.org/2022/3/e30691
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occasionaly, additional services may berequired. For example,
NOVID [88] uses ultrasound in an attempt to make close-contact
detection more accurate and, as aresult, 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, typicaly 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 datato happen
and if the user is made aware of where the resultant data are
stored (and by whom).

Discussion

Significance of the Framewor k

The research question of this study revolved around devising
and organizing a framework to enable a more comprehensive
assessment of current CTASs, thus supporting the work of
decision-makers (eg, developers, heath authorities) in the
devel opment 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 assesswhat 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
guestions (and sample answers) to the attributes derived for our
framework, which we consider another key contribution, in
terms of its application by interested stakehol ders.

Open-Ended Nature of C*EF

Questions in C°EF were mainly formulated to assess the
essential functionality of the CTAs (ie, the contact-tracing
function). Nonethel ess, oneimportant consideration at this stage

concerns the open-ended nature of C°EF. 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
asalimitation of our work, but rather asan 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 methodol ogy, while also sharing
a supporting website that offers interested stakeholders public
access to the framework and the ability to send us feedback

https://mhealth.jmir.org/2022/3/e30691
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[93], represent strategiesto 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
CTAsover time, but we al so hope that stakehol ders can use the
included evaluation concerns as guidance when designing,
evolving, or evaluating CTAS.

Use of the Framewor k

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 answersfrom 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 |eave 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 improvethe design of CTAswith an eye on citizen adoption.

Although the questions tend to be descriptive in nature, the
framework can also be used as achecklist 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,
Usahility, 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 moredifficult interms
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 Consider ations

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 usin a position to appreciate anumber
of issueswe 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 thisto 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, ismy contact tracing active?) and lack of sense
of control. Similarly, wefound 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 CTAsare not made sufficiently apparent. In arelated
work, we argued how feedback and providing more diverse and
actionableinformation 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
issuesare not standard across CTAs. Even so, individual security
issues seem to arise in CTAS, based on individual CWE issues
specific to the CTAsreviewed. Exacerbating this concernisthe
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,
devel opers, health authorities) in the development and evolution
of CTAs, potentially increasing adoption?’” While the “how”
part of thisquestionislargely addressed in our Methods section,
theresultant citizen-focused CTA framework providesaholistic
compare-and-contrast tool that supports the work of
decision-makersin this sphere. It aimsto support reflection on
developers design decisions so as to better understand and
optimize the design compromisesin play. Assuch, we seeit as
avital tool for designers designing and evolving current CTAS
for increased public adoption. However, it can aso be used by
commentatorsin the assessment of CTAs, more generally, across
jurisdictionsto 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.

https://mhealth.jmir.org/2022/3/e30691
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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” guidelinesfor performing app evaluationswhen
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 adatabase
of  framework  application  results;, where  CTA
designers/developers will also have the right to reply (to
heighten traceability), and these facilities would act asa single
resource where designers could go to obtain abroad 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
isonly possible if certain procedures are established by health
authorities (such as keeping records of individuals who ask for
atest because of anotification fromtheir CTAS). Our framework
focuses on the app itself; however, to have a significant impact
on the spread of the virus, CTASs 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 isthat target userswere not directly involved

intheinitial derivation of our C*EF. 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 informa sessions
toward the end of the derivation process. |n 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 refinementsin 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 stakeholdersin 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 thistoo 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 provisiona 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  the application/refinement sessions, along with the final
goas of these analysis phases. determining relevancy, evaluation of the resultant framework against existing CTAs
sufficiency, specificity, and redundancy issuesintheframework.  suggest alevel of rigor in these phases that is defensible.

In addition, the extensive, immersive, and targeted nature of
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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, aswell asthe 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: Thisstudy 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-10I-HA) were used
to assess personal satisfactionin all participants. Audiol ogic 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 WARDSs 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-10I-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: WARDSs can be beneficial for patients with mild to moderate hearing loss as a cost-effective alternative to
conventional hearing aids.

(IMIR Mhealth Uhealth 2022;10(3):€33476) doi:10.2196/33476
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Introduction

Background

Hearing loss limits communication and socia 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
iscrucial for contact with other people, but peoplewith hearing
loss have reduced speech understanding compared to people
with normal hearing. Therefore, active hearing rehabilitationis
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 HAsremainsrelatively 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 afinancial burden on many individualswith hearing loss
[7]. According to the MarkeTrack V111 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 soundsin
certain environments. In general, PSAPs are less expensive and
simpler sound amplification devices with fewer features and
lessfunctionality than digital HAs. However, some studies have
suggested some kinds of PSAPs as aternative devicesfor those
with mild to moderate hearing loss[9]. In addition, we reported
that wearable augmented reality devices (WARDSs) with abroad
spectrum of “hearable” have the potential to be beneficial for
individuals with hearing loss. WARDs are a combination of
smartphone apps and earbuds, providing apersonalized listening
experience. For example, the Samsung Galaxy Buds Pro hasits
own smartphone app called Galaxy Wearable. Users can take
advantage of afeature called ambient sound. Similar to PSAPs,
individuals can managethelevel of soundsin 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 hel ped people with mild to moderate
hearing loss to understand conversationsin quiet environments
[10].

Objectives

Although most previous studies evaluated clinical effectiveness
of PSAPs compared to conventional HAS, there are insufficient

https://mhealth.jmir.org/2022/3/e33476

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-101-HA) questionnaires
in 2-week field trials. Furthermore, we attempted to assess the
correlation between personal satisfaction and audiologic
performance with WARDSs.

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 sizewas 21, using G* Power 3.1.9.7 for power
set at 0.95 and o 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 hilateral mild to
moderate hearing loss (26-55 dB hearing level [HL]; pure tone
average 500-4000 Hz) and who were determined to have no
abnormalitiesin 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 hasits
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 thisfield 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 hoursaday 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-10OI-HA questionnaires to assess the
benefit of using the device[13]. The APHAB isone of the most
commonly used questionnairesto assessthe benefit of HAsand
often is cited for its ease of understanding and delivery [14].
TheK-APHAB consists of 24 questions divided into 4 subscales
that measure hearing loss in everyday situations. The ease of
communication (EC) subscal e 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

Han et al

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
effectsof HAsin users daily lives[17]. Similar to the APHAB,
the 10I-HA has been utilized to investigate an aspect of the
personal impact of hearing rehabilitation devices [18]. The
K-10I-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
(10), and (7) quality of life (QOL). Patients select one of five
responses. Therefore, each question can be scored from 1to 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-1OI-HA
when performing a principal component analysis. Factor 1
included USE, BEN, SAT, and QOL; Factor 2 included RAL,
RPR, and 0. Factor 1 described the overall benefit with WARD,
and Factor 2 described the residual limitations after WARD
fitting [19]. We utilized the K-1OI-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 al subjects. K-APHAB: Korean version of abbreviated profile of hearing aid benefit, K-1OI-HA: Korean adaptation
of theinternational outcome inventory for hearing aids, WARD: wearable augmented reality device.

* Orientation
1st visit * Preintervention evaluation
- K-APHAB
!
Field trial * Use WARD:s bilateral in daily life
- More than 4 hours per day on 2 weeks
i
nd visit * Postintervention evaluation
- K-APHAB, K-IOI-HA

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 devicewould beused 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 aloudspeaker 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

https://mhealth.jmir.org/2022/3/e33476

caculated. 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 aloudspeaker that
was located approximately 1 m away at the 0° azimuth. The
target sentencesin 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
asignal-to-noiseratio (SNR) at which the participant recognized
the sentences 50% of thetime.

Statistical Analysis

All statistical analyseswere 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 |aboratory assessments. A significance
level of P=.05 was applied to determine statistical significance.
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Results

Han et al

pure-tone average was 40.75 (SD 6.63) dB on theright side and

Demogr aphics

A total of 40 participants (18 male and 22 female; mean age

41.16 (SD 7.93) dB on the left side (Figure 2).

The demographic characteristics of the enrolled patients are

55.4, SD 10.73, range 28-67 years) with mild to moderate
hearing loss were enrolled. The mean hearing threshold in

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 cal culated.

Figure 2. Audiogram representing the mean hearing threshold of al 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).

Han et al

Variable Value
Age (years), mean (SD) 55.4 (10.73)
Sex, n (%)

Male 18 (45)

Female 22 (55)
Hearing threshold (dB hearing level), mean (SD)

Right 40.75 (6.63)

Left 41.16 (7.93)
Previous hearing aid users

Direction (Unilateral:Bilateral), n 34

Type (invisible in canal:receiver in canal:in the canal:receiver in ear:completein canal), n 2:2:.1:1:1

Usage duration (months), mean (SD) 8.57 (9.07)
Previous per sonal sound amplification product user, n

Direction (Unilateral:Bilateral), n 2.0

Type (complete in canal:receiver in canal), n 11

Usage duration (months), mean (SD) 2.25(1.77)

Questionnaires

The K-APHAB results for al 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

https://mhealth.jmir.org/2022/3/e33476

(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 asignificant difference between
Pre AV points and Post AV points (P<.001).

The resulting scores on the K-10I-HA for the 40 subjects were
3.3(SD 0.5) pointsfor daily USE, 3.0 (SD 0.9) pointsfor BEN,
3.6 (SD 0.9) pointsfor RAL, 3.0 (SD 1.0) points for SAT with
devicesand services, 3.7 (SD 0.9) pointsfor RPR, 4.2 (SD 0.9)
pointsfor 10, and 3.0 (SD 0.7) pointsfor QOL. In addition, the
mean K-10I-HA Factor 2 score was significantly higher than
the Factor 1 score (P<.001; Figure 4).
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Figure3. Theresultsof the K-APHAB. Therewere significant reductionsin 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.
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Figure4. The comparison of the mean score on K-10I-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 10) (P<.001). BEN: benefit, Factor 1: sum
score of the USE (daily use), Factor 2: sum score of the RAL (residual activity limitations), 10: impact on others, K-10I-HA: Korean adaptation of the
international outcome inventory for hearing aids; QOL: quality of life, RPR: residua participation restriction, SAT: satisfaction (with the device and

Services).
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Audiologic M easurements

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
conditionto 40.48 (SD 6.99) dB HL (P=.001). Sound field WRS
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Factor 2

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).
Audiologic measurements Unaided condition Using the Galaxy Buds Prowear- P value
able augmented reality device
Sound field audiometry threshold® (dB hearing level), mean (SD) 4345 (6.62) 40.48 (6.99) 001
Word recognition score (%), mean (SD) 55.43 (21.45) 67.71 (16.11) .002
Korean version of hearing in noise test (dB signal-to-noise ratio), mean —0.65 (1.77) —-0.68 (2.10) 97

(SD)

8Average of hearing thresholds at six frequencies: 0.5, 1, 1, 2, 2, and 4 kHz.

Correlations Between Audiologic M easurements and
Patient-Reported Outcome M easurements

Correlation analysis between scores from questionnaire and
audiologic evaluation was performed (Figure 5). The EC benefit
on the K-APHAB gquestionnaire showed asignificant correlation
with dB SNR improvement onthe 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 asignificant correlation with dB SNR improvement
onthe K-HINT (P=.20). No additiona correlations werefound
between the parameters.

Figure 5. Correlation between audiologic parameters and persona satisfaction. BN and EC benefit on the K-APHAB each a showed significant

correlation with WRS improvement and SNR improvement on the K-HINT.
unaided BN. EC benefit: aided EC —unaided EC. BN: background noise, EC:

WRS improvement: aided WRS — unaided WRS. BN benefit: aided BN —
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.
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Discussion

Principal Findings

This study investigated personal satisfaction with the WARD
among patientswith mild to moderate hearing | oss. Furthermore,
the performance of the WARD was eval uated through audiologic
testsincluding sound field audiometry, WRS, and the K-HINT.
The results revedled 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, evenin HA
users. Johnson et al [21] reported that AV benefit decreased
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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, whichisalimitation 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 10 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 10 score.
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The average threshold of sound field audiometry was
significantly improved with WARDSs 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 d [26] reported that PSA Psimproved speech recognition
in anoisy environment for those with mild to moderate hearing
loss. However, the results of this study were insufficient to
demonstrate the benefit of aWARD for improvement of speech
intelligibility in a noisy environment. Clarifying the reason for
the difference of these resultsis 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
benefitsfrom K-APHAB scores and parametersfrom audiologic
measurements in this study. These were not significantly
correlated, but there were some weak correlations between
personal satisfaction and audiol ogic 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 aquiet environment showed dB
SNR improvement, and the group with high satisfaction in a
noisy environment had WRS improvement.

Thereason for this correlation analysis can be considered to be
dueto 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 patientsin everyday life
isadynamic 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 acertain volume of speech spectrum noise. However,
ineveryday life, subjects hear the voices of one or more speakers
with avariety of noises. Third, in everyday life, various visua
stimuli can be referenced for sound recognition; this was not
the case under our test conditions. As such, difficulty arisesin
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considering variousfactorsthat can affect the evaluation results
in alaboratory environment. Therefore, a number of studiesis
being conducted to consider various conditionsin daily life via
VR technology [27,28].

Overall satisfaction withaWARD in daily lifewas 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. Persona 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, WARDSs 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 socia
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 resultsindicate that WARDs could be hel pful 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 WARDSs could be an aternative
partial solution for hearing loss. In the near future, WARDswill
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 studieswere 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 tota 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
wearabl e ear-hung device. Mastication behaviors while eating arice 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 participantswere divided into 2 groups using the Japanese criteriafor MetS (positive/negative
for MetS or each MetS component), and mastication behaviors were compared.

Results: Mastication behaviorsin the laboratory and during daily meals were significantly correlated (number of chewsr=0.36;
P<.001; number of bitesr=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 thanin 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 behaviorsin the laboratory and those during daily meals
and that masticatory behaviors are associated with MetS and MetS components.
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Introduction

Recent studies in various fields have revealed that mastication
affectsvariousfunctionsin the body, such as obesity prevention
[1,2], immune cell differentiation [3,4], and dementia prevention
[5]. Among these heal th effects of mastication, research attention
has focused particularly on obesity [6] and diabetes [7,8].
Furthermore, many studies have reported arel ationship between
chewing freguency, eating speed, and metabolic syndrome
(MetS) [9-13]. In these studies, masticatory behavior was aso
thought to be associated with energy intake. Indeed,
Borvornparadorn et a [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 afocus 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 devel oped
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

https://mhealth.jmir.org/2022/3/e30789

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 arelationship 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 criteriawere
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.

Sampl e size was estimated based on the number of chewswhile
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 witha2-sided =.05for Mann-Whitney
U test (G*Power 3.1.9.7, Heinrich-Heine-Universitat). 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 fina analysis
(Figure 1).
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Figure 1. Flow diagram of participant assessment through the trial.
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Blood pressure and abdominal circumference, and blood
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Participants consumed the rice ball freely as usual (measuring
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masticatory behaviors during all meals for one entire day.
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the other day.
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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 [RO00034453].

Bitescan Deviceto M easure 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

https://mhealth.jmir.org/2022/3/e30789

RenderX

sensor and accel erometer 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,
wefit 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 (SHMO05, 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.
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Figure 3. Screenshot of bitescan app: (A) during measurement and (B) showing results of mastication behavior.
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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
parti cipants 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 therice 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.

https://mhealthjmir.org/2022/3/e30789
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All participants completed dietary records accompanied by
photographs during the 1-day measurement. Using the
photographs, aregistered 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 theiliac
crest and rib cage on the midaxillary line using atape 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: 20.85 m; women: =0.90 m

2. SL: hypertriglyceridemia: 21.69 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: 26.1 mmol/L

We divided the participants into the following groups:

«  MetS(+) versus MetS(-) groups: criterion 1 and more than
two of criteria2, 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 criterial, 2, 3, and 4

Furthermore, in accordance with the above diagnostic criteria
for MetS, we also divided participantsinto 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, humber of
chews per bite, and chewing rate while participants consumed
ariceball 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

Ueharaet d

arice 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 analyseswere 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 mealswere 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 caorie
ingested was negatively correlated with energy intake for the
1-day meals (r=—0.32, P=.002). Furthermore, the number of
chews per caloriein 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 arice
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 arice 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 arice
ball and the 1-day mealswere 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 arice ball weresimilar 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),
numbersof bites (P<.001) for ariceball, and numbers of chews
per calorie (P=.045), asmaller number of chews per bite (P=.01
for riceball, P=.02 for 1-day meals), and aslower 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).

Eating arice ball in the laboratory Caloricintake
for 1 entire day,
r (P value)
Number of chews,r  Number of chews Number of bites,r  Chewing rate, r
(P value) per bite, r (P vaue) (P vaue) (P value)
Number of chews .360 (<.001) .282 (.005) 126 (.21) .328 (.001) .262 (.009)
Number of chews per bite 122 (.23) 493 (<.001) —.281 (.005) 448 (<.001) .062 (.54)
Number of hites .205 (.04) —.104 (.30) .334 (.001) —-.038 (.71) 151 (.14)
Chewing rate .185 (.07) 519 (<.001) —.222(.03) 512 (<.001) .047 (.65)
Caloric intake for 1 entire day —172 (.09) 164 (.11) —.357(<.001) 179 (.08) _a
Number of chews per calorie ingested 484 (<.001) .203(.04) .324 (.001) .235(.02) —.315 (.002)

ot applicable.
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Masticatory Behaviorsand 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
criteriafor pre-MetS. The numbers of chews (P=.02) and bites
(P=.04) of a rice bal for the pre-MetS(+) group were
significantly lower than for those in the pre-MetS(-) group.

Table 2. Masticatory behavior while eating arice ball in the laboratory.

Ueharaet d

However, the 1-day mastication behaviorswere 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 bitesfor both thericeball (P<.001,
P=.001) and 1-day meals (P=.007, P=.008) and alower number
of chews per calorieingested (P=.005) than the possible MetS(-)
group.

n Number of Number of Number of bites Chewing rate
chews chews per (/min)
bite
median Pva- median Pvalue median(IQR) Pva- median(IQR) Pva-
(IQR) ue (IQR) ue ue
All 99 192 (106) _a 10.7 (5.1) — 18.0(7.5) — 70.7 (8.6) —
Sex - — 009 — .01 — <001 — .008
Men 50  172(106) — 11.7(76) — 15.0 (7.5) — 72.3(10.2) —
Women 49  208(106) — 101(36) — 21.0(9.0) — 70.1(9.3) —
Mets? - - 24— 83 — 39— 25
Yes 8 171(67) — 11.6(7.7) — 16.5 (5.8) — 72.9 (12.9) —
No 91  199(110) — 107(5.1) — 18.5(8.0) — 70.4(9.2) —
preMetS - - .02 — 92 — .04 — .39
Yes 14  162(56) — 116(72) — 15.0 (8.5) — 71.7 (10.7) —
No 85 202 (114) — 10.7 (5.0) — 19.0(9.0) — 70.4(8.8) —
possible MetS — — <001 — 74 — 001 — .92
Yes 52 174(84) — 106(58) — 16.3(7.3) — 71.4(9.9) —
No 47 214(114) — 108(46) — 20.5(9.5) — 70.3 (8.6) —
Abdominal circumference (m) — — 004 — .90 — 006 — .86
ACS(+) 24 166 (80) — 10.9 (7.1) — 15.0 (7.5) — 71.2 (10.5) —
AC(H 75  206(118) — 10.7 (48) — 20.0 (10.5) — 70.4 (8.5) —
Serum lipid (mmol/L) — — .04 — .87 — A5 — .73
SL9) 13 161(48) — 11.7(79) — 17.0 (9.5) — 71.3(14.1) —
SL( 86  203(113) — 10.7(49) — 18.5(8.6) — 70.5 (8.4) —
Blood pressure (mm Hg) — — .01 — 91 — .02 — 91
BP%(4) 36 168(84) — 109(56) — 16.3 (6.4) — 71.4(9.9) —
BP(-) 63  206(113) — 10.7 (4.9) — 20.0 (10.0) — 70.4(8.5) —
Fasting glucose (mmol/L) — — a7 — .76 — .65 — 40
GLU'(+) 7 208(90)0 — 115(5.2) — 17.0 (11.0) — 73.4(6.5) —
GLUEM) 92  191(110) — 107 (52) — 18.3(7.9) — 70.4 (9.4) —
@Not applicable.

BMetS: metabolic syndrome.
CAC: abdominal circumference (men =0.85 m, women =0.90 m).

dsL: serum lipids (triglyceride 21.69 mmol/L or HDL cholesterol <1.04 mmol/L).
®BP: blood pressure (systolic pressure =130 mm Hg or diastolic pressure =85 mm Hg).

fGLU: fasti ng 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 arice 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 arice 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. Therewas no significant differenceinthe
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 aso the first time that this many participants were
objectively evaluated regarding their eating behavior, including
the numbers of chews and bites, and thefirst time arelationship
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.

M astication 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 a [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 inthe
laboratory environment with that in the normal environment.
We found the number of chews per bite (riceball: 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 medls: 71.4, SD 7.6) had significant correlation
and were almost the same. In our study, the contents of daily
meal swere not regulated, and the participantsingested 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 correl ation between the number of chews

https://mhealth.jmir.org/2022/3/e30789

Ueharaet d

per bite and the chewing rate between the laboratory
environment and the usual daily environment was approximately
0.50, amoderate-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 ballsin 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 biteswhen eating usual mealsdid not change
even when eating a rice bal in the laboratory. However, we
should also consider the amount of dietary intake.

As aresult of investigating nutritional intake, we found those
who chewed moretended to have alarge energy intake. In other
words, we expected that people who ate alarge amount of food
inaday would chew alot. Borvornparadorn et a [14] measured
energy intake using regulated food in a laboratory and
investigated the rel ationship between the amount of mastication
and calorieintake. However, asfar aswe know, no studies have
measured both the energy intake of daily mealsand 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 calcul ated in cal ories per minute but
not volume or weight. Due to differencesin the amount of food
people eat, we decided to calculate the number of chews per
calorieingested. As aresult, amoderate correlation coefficient
of 0.48 was obtained for the number of chews of arice 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
thenumber of chews per calorieintake appearsto 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
afamiliar food internationally. We al so choserice ballsbecause
these were easily accepted by the Japanese and could be used
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asaprescribed amount of test food. Asian people generally use
chopsticks for eating, but rice balls are usually ingested using
the hands.

Relationship Between MetSand Masticatory Behavior

A significant relationship between MetS and eating speed
[1,2,35,36] has been reported previously. However, most of
these studieswere limited to participant self-reported assessment
of eating behavior. Regarding self-reported eating behavior,
Woodward et a [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 chewsand bitesfor both
therice ball and 1-day meals and alower 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 circumferenceisan indicator associated with obesity
and is the most important factor in MetS. One study reported
that it was difficult to obtain afeeling of fullness during meals
if the number of chews was low or when participants ate faster
[14]. As aresult, daily energy intake increased significantly,
which wasthought 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 inthe AC(+) group. In addition,
although no significant difference was observed, the number of
chews per day waslessin the AC(+) group and the daily energy
intake was higher, which may support the above consideration.
Differencesin the number of chews of rice balls and the number
of chews per calorieingested 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 asaresult of taking alargeamount into the oral cavity
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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 areport by Fukudaet 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
leadsto rapidinsulin 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 al of the usual
meals, in the study by Ranawana et al [47], which compared
15 and 30 chews during arice meal, fewer chewsresulted in a
lower postprandial total blood and glycemic index. In contrast,
Sato et a [48] reported that frequent chews suppressed therise
in postprandial blood glucose concentration and promoted
insulin secretion. Asdescribed above, there are many conflicting
reports regarding mastication and blood glucose concentration.
Furthermore, obesity, diabetes, and postprandial blood glucose
responsesvary 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 a [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 |ess and had ashort exposuretimeinthe 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
formsrelated 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 analysisincluding these
factors is needed. Nevertheless, mastication behavior is a
lifestyleissue, and it should receive attention not only regarding
the amount and kind of food eaten, but aso regarding the way
of eating. Our results suggested that masticatory behavior when
eating atest meal in thelaboratory aswell asin the participants
usual daily diet was associated with MetS. This was a
cross-sectiona 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 thiswasacross-sectiond study and other MetS-related
factors should be considered, our results suggested that
mastication behavior might be related to MetS and MetS
components. Theseresults 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

Ueharaet d

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 arelationship 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’sinformation to medical personnel by
using theinternet 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

Inthis study, weinvestigated mastication behaviors (ie, number
of chewsand 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 Factorsimpacting The full corrected table isincluded below.
Clinicians Adoption of Mobile Health Tools: Systematic
Literature Review” (JMIR Mhealth Uhealth 2020;8(2):€15935),
one error was noted.

The correction will appear in the online version of the paper on
the IMIR Publications website on March 10, 2022, together
with the publication of this correction notice. Because thiswas
In the originally published manuscript, Table 4 wasincorrectly made after submission to PubMed, PubMed Central, and other
displayed as an identical copy of Table 3. The complete, full-text repositories, the corrected article has aso been
corrected version of Table 4 has now been included in the resubmitted to those repositories.
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Table 4. Patient-related factors and their occurrence, with references.

Jacob et d

Factor Subthemes

References

Quiality and efficiency of
care (n=77)

Examples: treatment outcomes, clinical de-
livery, patient monitoring, and treatment
compliance

Provider-patient communica-
tion (n=53)

Quality and ease of communication between
patients and the care team

Accessto care (n=41) Enhancing patients' access to care and

reaching the underserved

Patient consent, comfort,
and preference (n=30)

Comfort with technology, personal prefer-
ences, and the ease of getting an informed
consent from the patients

Applicability and appropri-
ateness (n=22)

The suitability of patients on the basis of
their needs and characteristics

Empowerment and engage-  Opportunity to empower and reassure pa-

ment (n=21) tients and increase their engagement in
managing their condition
Safety (n=19) Patient safety and the safety of clinica

practice

Digital divide (n=15) Age, living standard, and accessto technol -

ogy

Education (n=12) Better patient education and awareness

Service abuse, overreliance
(n=8)

Patient overdependence on practitioner
support

Dataand surveillance-rel at-
ed anxiety (n=6)

Worries and anxiety related to the under-
standing and interpretation of data, or the

feeling of being observed
Sustainability (n=3) Long-term commitment and use

Gate keeping by clinicians
(n=2)

Protective or paternalistic attitudes of the
care team

[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]

[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

[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]

[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]
[9,41,57,61,62,66,68,71,73,75,79,81,86,88-
91,103,104,108,162,182,185,189]
[5,34,41,48,62,70,71,73,77,78,88,89,115,120,128,157,162,166,175,180,190]
[10,44,63,66,72,78,81,86,103,109,140,147,155,176,179,188-190,195]

[49,53,55,60,62,73,75,79,81,84,120,123,138,185,191]

[52,53,60,75,81,86,88,162,164,168,183,190]
[3,41,62,77,78,156,169,182]

[46,62,78,128,140,190]

[5,167,169]
[97,180]
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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: Thegoal of this study isto 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 viathe 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 scoreislow, thereishigh confidence that the nonadherence eventsidentified
by the model are truly nonadherent.

Conclusions: Combining EMA datawith machinelearning methods showed promisein therelationship 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):€21959) doi:10.2196/21959
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Introduction

Background

Type 1 diabetes (T1D) is a prevaent chronic illness, with
increasing incidence rates reported worldwide [1,2]. It is an
autoimmune disorder in which the body does not produceinsulin
and requires patients to perform critical self-management tasks
multiple times per day [3]. Two key self-management tasksin
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]. Medltimeisacritical timefor 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
cliniciansmust rely on BG and insulin administration datafrom
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 generdly 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 arange
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, technol ogy-mediated method to monitor
and assess the contexts, subjective experiences, and processes
that surround health decisionsin daily life[12,13]. In particular,
EMA methods provide morerelevant 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 studiesin 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
algorithmsthat improve and integrate incoming data over time.
A promising approach for identifying such a model involves

https://mhealth.jmir.org/2022/3/€21959

integrating EMA with techniques and tools associated with
machine learning, which is a data analysis method that
automates statistical model building by identifying patternsand
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 behaviora
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
compareanumber of machinelearning modelsthrough alearned
filtering architecture (L FA) to explorethe extent towhich 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' adherenceto their T1D regimen from abehavioral
perspective but also an efficient and adaptive analytic
computational method.

Methods

Study Design and Setting

These subanalyses analyzed data from afeasibility 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 iHeath glucometers are commercialy
available Bluetooth low-energy meters that can upload data
automatically to the iHealth secure cloud server viatheir 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 notificationsto completethe 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
al 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 meatime [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 scoresindicating greater stress, more fatigue, and worse
negative mood; and (5) selected situational barriers at thetime
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 24 times aday; 4 glucose
checks per day are generally considered as the minimum
recommended [23]

2. Missed SMBG at mealtimes
3. Insulin administration at mealtimes

https://mhealth.jmir.org/2022/3/€21959
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Data from all 45 participants were available for analyses
examining the daily number of SMBG from meters. The data
avalable 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.

L FA Approach

To extract domains of variablesto 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 asimilar process was used in the study by Zhang
et a [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
instancesin thetraining set and choosesthe classto which most
neighboring instances belong [25]. Thevalue 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 regressionisastatistical model that classifiesasample
by predicting the probability of an output using the maximum
likelihood estimation method and using a probability threshold
(P=.50wasused in our study asthe 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
ensembl e learning method that trains multiple decision treeson
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 machineswork by finding an optimal hyperplane
in the feature space that optimally separatesthe data pointsinto
different classes[28].

Figure 1 presents the workflow of this LFA and shows that the
SMBG dataand EMA datacollected 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, adata
filtering process began, where subsets of variables were
extracted from the cleaned data either based on configurable
user input, such asthe names of columnsthat 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 4aand 4b).

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |€21959 | p.298
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

Zhang et a

Figure 1. Iterative process of the learned filtering architecture. BG: blood glucose; ML: machine learning.

2. Integrate data from MyDay app

MyDay App

The LFA calculates the distribution of the target variables of
each data set. If the data set isbalanced, it eval uates 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 usesthe stratified k-fold cross-vaidation
to createk (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:
(2) accuracy, which isthe 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) recal, which is the ratio of true
positivesand all actual positivesand calculateswhat 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 resultswere then used by thefilter 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 o, 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
theoverall performance metrics exceeded the specified threshold
values (such as 15% compared with the performance metrics

https://mhealth.jmir.org/2022/3/€21959
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of the model trained with all features together), the predictor
group was added to the final output queue. When all variable
groupswere eval uated, L FA returned thefinal 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 arelatively 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 methodswould
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 amodel. 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 dataset. After the model wastrained 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 a so used aBayesian hierarchical regression model
for the entire EMA data set that has alarge 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 parametersfor 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

https://mhealth.jmir.org/2022/3/€21959
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the prior sample. The goal of the Markov chain Monte Carlois
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).

Zhang et a

Variable Values
Age (years), mean (SD) 13.3(1.7)
Female, n (%) 24 (53)
Race or ethnicity, n (%)
White 38(84)
African American 4(10)
Asian 1(2
Hispanic 1(2
Other 0(0)
Father’s education, n (%)
Less than high school 1(2)
High school or GED? 13(29)
2-year college 7 (16)
4-year college 15(33)
Graduate degree 5(11)
N/AP 409
Mother’s education, n (%)
Less than high school 0(0)
High school or GED 10 (22)
2-year college 12 (27)
4-year college 17 (38)
Graduate degree 2(4)
N/A 12(27)
Household income (US $), n (%)
<25,000 2(4)
25,001-35,000 3(7)
35,001-75,000 7 (16)
75,001-100,000 14 (31)
>100,000 3(7)
N/A 4(9)
Duration of diabetes (years), mean (SD) 55(3.7)
HbA 1.5, mean (SD) 9.0(1.9)
Useinsulin pump (yes), n (%) 26 (58)

8GED: General Educational Development.
BN/A: missi ng values.
®HbA ;¢ hemoglobin A ;.

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

https://mhealth.jmir.org/2022/3/€21959
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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 valueswere 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 thefinal 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

Zhang et a

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.

Feature Coefficient SE P vaue
Mother’s education 0.5221 0.062 <.001
Age -0.2494 0.057 <.001
Mae 0.2721 0.032 <.001
Father’s education -0.1691 0.066 .01
Table 3. Summary statistics of features with statistical significance on self-monitoring of blood glucose.
Feature Coefficient SE P value
Busy 0.1706 0.041 <.001
No supplies 0.7417 0.089 <.001
Other family 0.1436 0.038 <.001
Gender -0.1543 0.019 <.001
Mother’s education -0.1835 0.033 <.001
Income -0.2569 0.039 <.001
Parent -0.0785 0.026 <.001
Black race -0.1064 0.038 .01
Casua -0.084 0.031 .01
Father’s education 0.0906 0.035 .01
With sibling 0.0522 0.02 .01
In restaurant -0.2582 0.106 .02
Hungry -0.0436 0.021 .04
Other place -0.2177 0.108 .045
Stresstenergy 0.9274 0.466 .047
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Table4. Summary statistics of features with statistical significance on insulin administration.

Feature Coefficient SE P vaue
Hungry —0.0958 0.021 <.001
No supplies 0.3703 0.091 <.001
Breskfast 0.1134 0.021 <.001
Mother’s education -0.145 0.034 <.001
Black race -0.1637 0.039 <.001
Diabetes burnout 0.1495 0.047 <.001
Third day of week -0.2369 0.077 <.001
Lunch 0.0695 0.022 <.001
Busy 0.1219 0.043 <.001
Second day of week -0.216 0.077 .01
Fourth day of week -0.2146 0.077 .01
Weekend -0.1999 0.078 .01
Fatigue 0.0508 0.02 .01
Fifth day of week -0.1765 0.077 .02
Low blood glucose 0.0849 0.039 .03
Gender -0.0425 0.02 .03
Mood -0.0919 0.043 .03
Sixth day of week -0.1602 0.077 .04

Daily SMBG Frequency

The average age of al participantswas 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 amean hemoglobin
A4 (indicating overall glycemic control) of 9.03% (SD 1.91).
Additiona characteristics of the sampleare summarizedin Table
4.

A tota 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

Table 5. Self-monitoring of blood glucose <4 classification results.

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.

Severa distributions of daily SMBG frequencieswere observed.
Therewere 591 entries with <4 frequency and 640 entrieswith
>4 or. Of al 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 fregquencies <4 (the
source code comparing the performance of all machinelearning
modelsisincluded in Multimedia Appendix 1). Thefilter then
compared the benchmark val ue 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.

Feature group Accuracy, mean (SD) Precision, mean (SD) Recall, mean (SD) F1 score, mean (SD)
Demographics 75% (0.04) 75% (0.08) 72% (0.07) 74% (0.06)
Time variables 49% (0.04) 46% (0.06) 21% (0.14) 28% (0.12)
All 68% (0.03) 67% (0.06) 68% (0.06) 67% (0.03)

Missed M ealtime SMBG and Insulin Administration

From the app group (31/45, 69%), atotal of 1869 entries were
associated with breakfast, lunch, or dinner and used to analyze
factors that could affect SMBG and insulin administration.

https://mhealth.jmir.org/2022/3/€21959

Missed insulin administration had a distribution of 1:5.72 for
true (missed) versusfal se (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 modelsfor each variable group (ie, demographic,
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time, socia 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 al metrics compared with other models (the
source code comparing the performance of all machinelearning
modelsisincluded in Multimedia Appendix 2).

Zhang et a

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.

Feature group Accuracy (%) Precision (%) Recal (%)  F1 score (%) Brier test (%)
Demographics 78 38 62 47 22
Time variables 50 13 42 20 51
Social context 61 21 55 30 25
Stress, fatigue, and mood 74 22 29 25 33
Barriers 73 33 44 33 25
All 88 78 35 48 12
All (MCMC) 87 78 25 38 13
8 CMC: Markov chain Monte Carlo.
Table 7. Missing mealtime insulin administration classification results.
Feature group Accuracy (%) Precision (%) Recal (%)  F1 score (%) Brier test (%)
Demographics 65 25 65 36 36
Time variables 59 21 64 32 41
Social context 49 16 59 25 51
Stress, fatigue, and mood 74 22 28 25 32
Barriers 73 26 44 32 27
All 86 61 14 23 14
All (MCMC?) 85 54 15 24 15

3MCMC: 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 analysesto 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 al 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 socia
determinants of health, as defined by demographics. Although
demographic factors are generaly 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 | ow, there was high confidence that the nonadherence

https://mhealth.jmir.org/2022/3/€21959

eventsidentified 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 resultsfrom theinitial statistical
analysis in that (1) demographic features are correlated with
daily SMBG frequencies; (2) features from each group, except
for time points, have astatistically significant impact on SMBG;
and (3) featuresfrom 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].
Theuse of machinelearningand EMA wasalso seenin arecent
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 psychosocia and behavioral data streams combined
with machine learning could provide the basis for
popul ation-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 streamswould
greatly improve our methodological rigor and reach [45].

The LFA machinelearning methods used here should be applied
to alarge, diverse sample of patientsto 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 chronicillness
in genera 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 astime of day and momentary negative
mood, as related to self-management behaviors [49-51].

M achine 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
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support integrating food recognition and energy expenditure
[59,60]. The study resultsreported here advance the assessment
and analysis of factors previousdy 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 previoudly studied in the T1D
population, such as fatigue [64], location [65], socia 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 severa limitations. First, although intensive
assessment resulted in asubstantial number of observations per
participant, the number of participants was relatively small.
Although theinferential ability of this datawasidentified during
our empirical analysis, alarger sample sizein 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 behaviora
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, psychosocia 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 samplesto prioritize
multiple potential domains of influence on health behaviorsand
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 alarge,
diverse sample of patients to confirm and expand the results
reported in this paper.
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Abstract

Background: The ongoing COVID-19 pandemic in Africais an urgent public health crisis. Estimated models projected over
150,000 deaths and 4,600,000 hospitalizationsin thefirst year of the disease in the absence of adequate interventions. Therefore,
electronic contact tracing and surveillance have critical rolesin 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 COV1D-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 Regiona 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 viathe 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 devel oped 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

https://mhealth.jmir.org/2022/3/e22544 JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 [€22544 | p.310
(page number not for citation purposes)


mailto:akpang@who.int
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MHEALTH AND UHEALTH Akpan et &
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 aert information on COVID-19 reports at the
health facility level; the information was linked to visualization platformsin order to enable actionable insights.

Results. The contact tracing app and platform were piloted between April and June 2020; they were then put to usein 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 countriesin the region.

Conclusions: Inlight 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’ effortsin their response to COVID-19, while guiding public health decisions and

the assessment of risk of COVID-19.

(JMIR Mhealth Uhealth 2022;10(3):€22544) doi:10.2196/22544

KEYWORDS
contact tracing; GIS; COVID-19; surveillance

Introduction

Since the confirmation of COVID-19 in Wuhan, Chinga, 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 ableto deliver quality clinical care and minimize secondary
mortality dueto other causesthrough the continuity of essential
health services [4]. With no available vaccine or therapeutics,
contact tracing, socia distancing, and quarantine are the only
available strategies for controlling the pandemic. In Africa,
wheretesting capacity variesgreatly and isvery limited in most
of its member states, the importance of contact tracing in
stopping further progression of COVID-19 cannot be
overemphasized.

Contact tracing isaprocessthat 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 agreater effect on the reduction of new COVID-19
cases [12]. Pertinently, Wei et al [13] and Ng et a [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.

https://mhealth.jmir.org/2022/3/e22544

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 countriesin Africaare struggling
to implement efficient contact tracing methods. Thishas greatly
increased the number of new community-transmitted COV1D-19
cases; thisisavery critical situation for the continent, asit 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 Gl S-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 successesrecorded
with polio certification efforts[20]. In the course of proferring
a workable solution, the AFRO GIS Center developed an
application model (Textbox 1)—a Gl S-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

Textbox 1. Definition of selected terms.

Akpan et d

Africato effectively respond to the COVID-19 outbreak. This
app builds on effective tools, such asthe Open DataKit (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

Application: aprogram or group of programs designed for end users. Examples of an application include aword processor, a spreadsheet, an accounting
application, aweb browser, an email client, amedia player, afile 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, aweb 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 isto 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 countriesinclude an inadeguate 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 GI S 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
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technical team that was tasked to review different possible
solutions to the problems associated with contact tracing in
Africarecommended the following:

1 The rapid development of a GlS-enabled COVID-19
self-reporting contact tracing app.

2. The rapid deployment of a contact registration and
follow-up app by COVID-19 surveillance teamsin-country.

3. Visudization 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 thisreporting level.

Following the review, Benin and Zimbabwe were sel ected based
on their indication of interest to immediately use some or all
aspects of the platform.

The Rapid Development of a GI S-Enabled COVID-19
Self-reporting Contact Tracing App

Overview

At the very early stage of the COVID-19 outbreak in Africa,
the AFRO GI S 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 GI S Center
was able to develop some novel tools for immediate field
deployment to collect real -time dataand 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); theseincluded thefollowing: 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 Bl [27],
application programming interfaces (APIs), KoBoToolbox [28],
and DHIS2 (District Health Information Software 2) [29] for
contact tracing and visualization processes. ArcGIS Onlineand
Power Bl 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
GlS-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 centersto 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 alowsfor interoperability of the toolbox, which enables
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aggregating, analyzing, and visualizing of the datain the same
regional dashboards.

Figure S2 in Multimedia Appendix 1 depicts the architecture
of the COVID-19 self-reporting contact tracing app devel oped
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 APl component, and (3) a polio
GIStoolbox 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 arethenimported in real timeinto 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).

Figurel. Anexample of aself-report form for use with widespread contacts.

COVID19 SELF REPORT

Please use this form to get
recommendation on course of
action based on your symptoms.

COVID19 SELF REPORT

MNationality
Nigeria

Name 1 Age
Dr Godwin 32

1D Number
01020304

SYMPTOMS
Do you have Fever
* Yes
No

Phone Number
06050406
What is your temperature?
36-37°C
® 380-39°C
=40 °C

Sex
Female
® Male

Nationality Do you have COUGH (new or

COVID-19 Case Investigation Form

This form was structured to collect the details and profiles of
confirmed, suspected, and probable cases. The form can aso
collect themedical provider’sinformation, 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
isused as a unique identifier for referencing and following up.
Thisformisused by health personnel at the health facility level
once a COVID-19 case is suspected.

https://mhealth.jmir.org/2022/3/€22544
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COVID19 SELF REPORT
® 380-3%9°C
>40°C

COVID19 SELF REPORT
Covid 19 patient
® Yes
Do you have COUGH (new or ho
worsening)?
® Yes

No

Your location

> 4°18'S 15°12°E = 149 m

Do you have SHORTNESS OF
BREATH?

® Yes
No

Do vou have Hypertension/
Asthma /COPD/Diabetes/Heart/
Liver/Renal problems?

® Yes

Your Signature

o

No

Contact Listing and Follow-up Form

Thisform isdivided 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 acase contact for 14 days (ie,
contact follow-up and self-reporting). Thisform referencesthe
actua 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
inthe COVID-19 database. A prompt is shown at the beginning

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 3 |e22544 | p.313
(page number not for citation purposes)


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

JMIR MHEALTH AND UHEALTH

of theform that allowsfor contact registration. Theindex 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).
Thisdisplaystherecords of theindex 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

Thisform isdivided into two components: the first component
isused 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 databetween platforms. The APIslink thevarious
platformstogether, facilitating data exchangein real time. This
allows for seamless operations and data exchange between the
datacollection, hosting, analytics, and visualization toolswithin
the polio GI S toolbox and platform.

Akpan et d

Polio GI S Toolbox and Platform

Thiscomprisesall 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 M anagement

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, visuaization, 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]. Thiswas overcome by ensuring that each
case | D was matched to the contact 1D and that the traveler 1D
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.

—_—

COVID-19 forms

Case Investigation

Contact Registration and
Follow-up Process

Traveler Registration and
Follow-up Process

Contact/Traveler
Self- reporting

Linking the Dynamic Case and Contact Data via XML
Form to Populate the Case and Contact Database

This process hinges around specifying form dataasamediafile
for another form. Used in conjunction with the pulldata function
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fromthe ODK, thisallowsthe devel oper to pull datafrom other
dynamic data sets and surveys (ie, other formsin the OnaODK
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

Figure 3. Linking dynamic datavia XML files using pull functions.

L

Case Investigation Contact Registration

l

Contact Follow-up

Akpan et d

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
3for anillustration of the pulldata function and considerations
for replicating thisin another situation that warrants the use of
dynamically pulled datafrom one mobileform through aserver
to another mobile form.

p—
pr——
ﬂ
—

Case/Contact/Follow-up

l

? 2pulldata { ) dynamically as C5V

Database

1pulldata ( ) dynamically as €SV

I

1pulldata(‘CaselnvestigationForm’, ‘Caseldentifier’, 'CaselD’, ${ID})
2pulldata(‘ContactinvestigationForm’, ‘Contactlidentifier’, ‘ContactID’, ${ID})

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
countriesinto aregional interface for COVID-19 activitieswas
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 S3in
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 casesthat fit the COVID-19 clinical definitions
in facility-based registerswas devel oped and deployed for field
use by health workers that conduct surveillance at the facility
level. Thismoduleleveraged 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 isin use by over 5000 health workers across
the region with supportive supervision visits that average
150,000 annual visits across the African region.
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RenderX

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.

Presence of a COVID-19 surveillance focal point.

Number of health workers in the facility who know the

definition of a suspect case.

5 Number of people who know the COVID-19 aerting
number and notification channel.

6. Appraisa of IPC awareness in terms of handwashing,
functioning of handwashing kits, availability of isolation
room, use of persona protective equipment, and availability
of atriage system in the health facility.

7. Recording of details of suspected cases that fit the clinical
system of COVID-19 and facilitating testing.

w

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 Beninin 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 $4 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 countriesto deploy and use
without extensive training. In fact, several additional countries
have demonstrated interest following aconference call with the
AFRO GIS Center, inwhich 15 countries participated. Countries
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already using similar tools for contact tracing were encouraged
to share their APIswith AFRO to enable the GI S Center to pull
datainto theregional platform. However, countries with ahigh
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 countriesin the region adopted this module, which
was devel oped to mitigate the gaps of COVID-19 surveillance
at the hedlth 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
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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 datafrom health facility—based surveillance
isavailable at the country level for all the key variables. Also,
geographic representation in mapsfor important accessoriesfor
IPC and triaging by the health facility is accessible to decision
makers at al 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.

[~ 1] [ whosierraleone » whosierraleone's Project » Sierra Leone_lntegrated Supportive Supervisory Checklist
Ooverview Map Table Photos Charts Dashboard Settings
» | .
2.Display of COVID-19 case
definitions
Type or dick to filter Icurih . ®
‘j’h Aze
@ Yes[259 Kmak®e . £
N Forécariah o . LI
@ No[102 . . o
b . e
0wyt e
(. S €1 fimtai s
S
fo N e gy . 0
- L= [ ]
. () L et
A A o
et .
e e 0.5 .
. 0 v 1Y () U
(] > (] *
L) L3
Freetows Sicr.. Leone
1'!5 A ® OL T b
s Ronietta line =
'-‘ ?o e C el e .
. sl > M. U e
yar®a :
C ® . Njata = .,
. L]
‘ . Ane
- «* o
. i Eur.npe > L] L] c.c
.
® 0 .': L
— Wi gt o
~_~| Bonthe” @ .:. . Ll [1 L]
) . .ot .
+ ‘.. F2
. .
A
30km Srlima
: : sustainabl e, as other active disease surveillance was aready
Discussion ’

Strengths of the Polio GI S Platform for Contact
Tracing and Health Facility—Based Surveillance

The scope of leveraging the polio GI S platform in terms of apps
and visualization tool s addresses the mitigation plansfor 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.

During outbreaks and routine contexts alike, the platform
was ableto identify community transmissionsthat were not
detected by the traditional contact and case databases.
Health facility—based surveillance was built on an
already-existing 1SS module and was, thus, quite

https://mhealth.jmir.org/2022/3/e22544

being conducted with the app.

The chain of transmission and surveillance gapswere 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.

The platform allowed ease of use of the dataentry modules;
there was little or no training, as surveillance teams at the
country level were already used to similar technologies as
aresult of using mobile phones for other interventions.
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 adready using this platform for other health projects. The
AFRO GI S Center hasbeen leveraging Gl Stechnology to ensure
equitable access to essential health services, ranging from 1SS
for the Expanded Programme on Immunization, support for
microplanning, effective coordination during the Ebolaresponse,
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 GI S 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 Ebolaand meadles. 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-offsfor Leveraging the Polio GI S 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 accessand 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 stepsthat were enumerated and explained in the data
collection and visualization sections. The use of technology
stacks via ODK and Power Bl 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 crucia to ensure ownership, increase coordination, and
gain abetter understanding of the existing surveillance landscape
[31]. Good linkage to the response was described as essential
for all systems, asevery verified case and contact isdocumented.
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

https://mhealth.jmir.org/2022/3/e22544

Akpan et d

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,
theonly availabletoolsfor 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 standal one interventions but should beimplemented together
with social distancing measures and quarantine, depending on
the size of the outbreak.

Inthe African region, COVID-19 testing capacity varieswidely.
Countries with limited testing capacities and large outbreaks
will need more advanced comprehensive contact tracing
solutions, such asthe one described herein, to suppressthevirus
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 officeto ensurethat all dataare availableto theincident
management system.

Ascountriesbeginto 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. Thesefactors 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, asignificant decreasein caseswas 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  more accurate method of monitoring country efforts in their
overwhelmed by the pandemic. response to COVID-19, while guiding public health decisions

From aregional perspective, integration of contact tracing and and the ent of risk for COVID-19.

surveillance data into one platform provides the AFRO with a
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