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Abstract
Digital health interventions designed to promote health equity can be valuable tools in the delivery of health care to hardly served
patient populations. But if the design of these technologies and the interventions in which they are deployed do not address the
myriad structural barriers to care that minoritized patients, patients in rural areas, and patients who have trouble paying for care
often face, their impact may be limited. Drawing on our mobile health (mHealth) research in the arena of cardiovascular care and
blood pressure management, this viewpoint argues that health care providers and researchers should tend to structural barriers to
care as a part of their digital health intervention design. Our 3-step predesign framework, informed by the Amplification Theory
of Technology, offers a model that interventionists can follow to address these concerns.
(JMIR Mhealth Uhealth 2022;10(6):e31069) doi:10.2196/31069
KEYWORDS
mHealth; digital health; cardiovascular disease; high blood pressure; structural barriers to health; racial health disparities;
Amplification Theory of Technology

Introduction
Heart disease is a leading cause of death in the United States,
killing roughly 655,000 Americans each year [1]. It also
represents a disproportionate harm to minoritized people, who
often face structural barriers to health including poor access to
emergency medical services and treatment, insurance coverage,
healthy foods, and safe environments for physical activity [2,3].
Efforts to monitor and prevent heart disease focus on the
prevalence of key risk factors—including uncontrolled blood
pressure and low-density lipoprotein cholesterol, a history of
smoking, physical inactivity, and poor diet—and the role that
https://mhealth.jmir.org/2022/6/e31069
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health care providers and patients themselves can play in
eliminating or minimizing their effect on patient and population
health [4]. These risk factors in particular are prominent
opportunities for intervention because, unlike other sources of
risk such as age and family history, they are considered
“modifiable” and, thus, an opportunity for providers to prevent
disease and for patients to take action to secure their own health.
The relationship between providers and patients here revolves
around the implementation of disease prevention strategies that
are both effective in reducing morbidity and mortality while
also being achievable within the resource constraints that shape
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e31069 | p.4
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health care delivery and patients’ daily lives. These strategies,
in other words, try to offer practical solutions to address health
care needs using tools, technologies, and means of
communication that should be widely available to the
populations they seek to serve. For example, researchers and
providers studying racial health disparities in cardiovascular
disease treatment and outcomes use SMS text messaging to
facilitate communication between providers and patients;
electronic home blood pressure monitors to enable the tracking
of trends in blood pressure readings over time; and wearable
devices such as the Fitbit and Apple Watch to monitor health
metrics such as heart rate, exercise, and cardiac electrical activity
[5,6]. These are used because they rely on technologies that are
both accessible to patients on the consumer technology market
and, with regard to the use of SMS text messages and activity
trackers on smartphones, they make use of functions that are
native to these devices and easy for users to incorporate in their
daily lives.
While this approach to using digital health technologies to
address modifiable risk factors for disease is an important
modality of care, this viewpoint argues that access to these
technologies does not guarantee the ability to afford or
sustainably use them; it is merely one precondition of technology
use that providers and researchers should consider when
designing technological interventions to address patient needs.
Equitably designed digital health interventions must also account
for structural determinants of health that may shape how patients
of different races, ages, and socioeconomic status, among other
characteristics, would fare when encountering these
interventions. This paper provides a predesign framework that
interventionist health services researchers can implement, prior
to deploying their digital health interventions, to think about
facilitators of and barriers to technology use among patients
whose resource constraints may shape their capability,
opportunity, or motivation to address modifiable cardiovascular
disease risk factors. We conclude by providing a case study
where we apply this model in our ongoing work in this space.

Techno-Optimist Versus
Techno-Pessimist Views of Mobile Health
Interventions
Despite what the ubiquity of technologies such as smartphones
and wearable devices might suggest about the promise and value
of new technologies in our ongoing efforts to limit the
disproportionate harm of cardiovascular disease on minoritized
communities, their widespread commercial availability belies
a fundamental tension about what we believe technology can
do to address such disparities. This tension, broadly speaking,
is between what we can call techno-optimist and
techno-pessimist views of technology [7]. The former tends to
view technology itself as additive or transformative, presuming
that access to a given device is enough to create a desired change
within the lives of its imagined users; the latter tends to believe
that, without the provision of supportive infrastructures and
attention to users’ specific needs and barriers to use, technology
itself may simply amplify existing inequities in access or
opportunity. This acknowledgement of the need to think
https://mhealth.jmir.org/2022/6/e31069
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reflexively about technology and what we believe it can do is
a central tenet of the “Amplification Theory of Technology,”
which calls on interventionist researchers to account for how
the social conditions in which technologies are deployed
fundamentally shape how—and if—they can be used.
In the context of health broadly, and mobile health (mHealth)
interventions in particular, this theory explains how technologies
can amplify adverse social determinants of health if they are
not designed and deployed in a manner that is congruent with
users’ capabilities to use them. Many researchers and providers
tend to align themselves toward the techno-pessimist position,
worrying, for example, about a widening digital divide and the
risk of creating “intervention-generated inequalities” [8]. This
is an important concern, and it should be used to inform digital
health technology and intervention design. The model for
mHealth research that we propose here adopts this theory, and
it asserts that techno-pessimism and a continued effort to
develop technologies that address patients’ needs are not only
compatible positions for us to hold, but also part of a requisite
relationship with technology itself.

Amplification Theory of Technology
We argue that this Amplification Theory of Technology, as
formulated by Kentaro Toyama [7], should inform our efforts
in designing mHealth interventions and, critically, the work we
can do to ensure the safe and sustained use of these technologies
by patients in underserved communities. The Amplification
Theory described in Toyama’s work makes 3 assertions.
First, it argues that technology cannot function as a substitute
for institutional capacities or human intent that is missing among
stakeholders or environments where an intervention is to be
deployed; this is because technology is not a fixed force that,
on its own, causes certain kinds of social change [7]. Such
interventions require a scaffolding of social, political, and
technological infrastructures to support the equitable deployment
of a given technology.
Second, the theory argues that technology tends to amplify
existing inequalities. Simply making a technology accessible
to underserved populations will not ensure that the technology
is usable among these populations, and will certainly not address
structural conditions such as political and social marginalization,
or a differential distribution of lifesaving resources. In contrast
to a theory of technology that presupposes either a positive or
a negative directionality of effect as a fixed impact, the
Amplification Theory of Technology argues that technology is
merely a tool “that multiplies human capacity in the direction
of human intent” [7].
Third, the theory argues that technologies are most effective
when they amplify successful intervention efforts with existing
institutional capacity and intent to foster positive change, rather
than attempting to fix or substitute for “missing institutional
elements” [7]. Technologies can have both positive and negative
effects, because they are magnifiers of human intent and
capacity. This framing is in contrast to a view that might posit
that universal access to a technology would function as a silver
bullet for social problems.
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e31069 | p.5
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We are interested in this kind of direct investment in human
capacity and opportunity to use technology as part of our
community-engaged research in Flint and Ann Arbor, Michigan,
where we are working with community members with
hypertension to develop an mHealth intervention that promotes
physical activity and nutrition to help control blood pressure
and prevent heart disease and stroke. We illustrate here how the
development of mHealth interventions through the lens of
Amplification Theory can help to negotiate the tension between
techno-optimist and techno-pessimist positions and, further,
provide a road map that health care providers and researchers
can use to design interventions that use technology as support
and an amplification of a broader social intervention to address
persistent health disparities.

mHealth Technologies: Promises and
Limitations
For health care providers and researchers who address disease
disparities across the diagnostic spectrum, mHealth interventions
may offer a sense of great promise in their capacity to deliver
and improve health care. The use of SMS text messaging and
smartphone apps to educate patients, “nudge” behavior change
[9], enable continuous health monitoring [10], provide access
to patient health information, and facilitate patient-provider
communication [11] can generate impactful new ways to support
patients and promote health. Building on existing efforts by
patients to involve themselves in the management of their care
and in decision-making processes, these interventions can enable
patients to become “digitally engaged” [12] by adopting new
media technologies that facilitate self-management. These types
of interventions are informed by surveys and scholarship
indicating that hardly reached populations—including
minoritized people, people in rural areas, and people who may
otherwise have trouble paying for health care—typically already
have a mobile device such as a smartphone that can be used to
this end [5,11]. The possibility of reaching these patients who
may already have the capability and opportunity to use these
technologies is exciting.
Attention to high rates of utilization of mobile devices among
these populations is often a central focus of studies advocating
for and evaluating the use of mHealth interventions, particularly
among minoritized people [13]. Some researchers argue that,
in the midst of a growing digital divide that exacerbates the
harms of racism in health care, low-wage employment, and poor
access to hospital facilities and providers, use and ownership
of mobile devices can create a new means to self-manage disease
risk and illness. They also suggest that mHealth interventions
can offer a sense of social support to users by underscoring the
value of health-promoting behaviors [14], thereby offering
patients agency and a social infrastructure through which they
can manage their health risks and outcomes.
However, these high rates of smartphone utilization do not tell
the whole story. For example, in addition to documenting the
near ubiquity of smartphone ownership, Pew Research reports
that a plurality of smartphone owners say they use their
smartphones, rather than a computer, to go online. But these
data also indicate that there are notable demographic differences
https://mhealth.jmir.org/2022/6/e31069
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in this usage, including important distinctions by age. Pew notes
that 60% of smartphone users between the ages of 18 and 29
and 51% of smartphone users aged 30-49 prefer using mobile
devices to go online, as compared with 34% of users aged 50-64
and 28% of users aged 65 and older; conversely, 42% of
smartphone users aged 50-64 and 44% of smartphone users
aged 65 and older prefer using desktops, laptops, or tablets to
access the internet, as compared with 22% of users aged 18-29
and 21% of users aged 30-49 [13]. These findings illustrate how
the big picture of smartphone usage changes when we look at
it with some granularity, in this case by comparing population
segments by age. They also illustrate how, for example, an
mHealth intervention that seeks to prioritize older adults would
need to think carefully about the digital health strategies being
employed, as well as the preferences and capabilities of the
patients they hope to help, lest they exacerbate existing
inequities in capability, opportunity, or motivation to use these
devices [15].
We are taking a similar context-sensitive approach in our work
with patients with hypertension in Flint and Ann Arbor to look
beyond access to technology to consider the social, political,
and economic conditions that may facilitate or prevent the use
of our mHealth intervention. One problem with focusing this
kind of work on access to technology is that it can situate the
underutilization of digital technologies among particular
populations as a problem for the patient, rather than as a problem
for a health care system that disadvantages myriad patients
within particular populations or social demographics. As Veinot
et al [8] argue, this focus on individuals and individual-level
health behaviors can be useful in triaging patients’ emergent
needs, but it misses an opportunity to work toward broader,
structural solutions.
To move beyond framing this work around individual-level
behavior change in digital health technology use, we deploy the
COM-B (Capability, Opportunity, Motivation, Behavior) theory
of behavior change to explain how structural conditions may
impede patients’ use of digital health technologies to prevent
cardiovascular disease [16]. As Michie et al [16] explain, the
COM-B model offers a theory of behavior change that accounts
for social and community networks as well as general
socioeconomic, cultural, and environmental conditions that can
shape a person’s capability, opportunity, or motivation to change
a behavior. The focus of this model is on understanding
behaviors—such as nonuse of a digital health technology
recommended by a health care provider, for example—in its
proper context, where the behavior can be situated as part of a
broader social system. The 3 conditions necessary for behavior
change, as explained by this model, are capability, opportunity,
and motivation; in order to design digital health interventions
that are likely to be successful, we argue, providers and
researchers must think reflexively about how these conditions
of behavior change may shape patients’ relationships with the
technologies we deploy. We discuss our application of this
theory within our ongoing work on the Wearables in Reducing
risk and Enhancing Daily Lifestyle (WIRED-L) study in the
section that follows.
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WIRED-L Study: Case Study
In our work at the WIRED-L Center, we engage in
community-based participatory research to design an mHealth
intervention that will assist patients with hypertension in
lowering their blood pressure through increased physical activity
and a healthy diet. Our approach to this work is informed both
by this literature and our efforts to work with patient
communities to understand what they would value in an mHealth
intervention. Our framework for this intervention also includes
a 3-step process, taking place prior to the deployment of our
smartphone app, during which we apply the Amplification
Theory of Technology to identify structural barriers to the use
of our technological intervention as well as possible actions our
collective research team can take to address these barriers and
help facilitate the sustainable use of our mHealth intervention;
we summarize these early stages of our community-engaged

work below, and, following those details, share our 3-step
process for thinking reflexively about technology in society in
Table 1.
A primary goal of ours is to ensure that we are designing an
intervention with—and not for—our community partners. As
such, we are working with community leaders in
community-based organizations focused on the health of older
adults, community members who have participated in prior
health studies in University of Michigan hospitals, and
community members affiliated with the Community Ethics
Review Board (CERB) [17] in Flint, Michigan, to discuss our
shared vision for this work. The CERB is particularly important
as it includes a group of community volunteers and leaders who
conduct a review process to ensure that proposed research meets
community needs, and that projects are sensitive to community
culture.

Table 1. The 3-step process applying the Amplification Theory in addressing structural barriers to health technology use.
Steps

Sample questions

Step 1: Acknowledge the possibility of
•
technology amplifying existing inequalities
rather than transforming and immediately
improving patient health
•

Presuming access to a given technology, what •
do we know about users’ capability or opportunity to use the technology at the center of
our intervention?
•
Does any institutional capability to support
this intervention already exist?

Create a matrix documenting differential access or capability that may limit community
partners’ use of technological intervention.
Determine whether or not intervention relies
on “myth of scale.”

Step 2: Name structural, environmental, and •
social barriers that may prevent use within
specific communities and among specific
users
•

Is the mHealtha intervention we are deploying •
accessible, affordable, and safe to use within
our partner community?
What specific conditions may limit accessibil•
ity, affordability, and safety for users in this
community?
What are the health effects of policy decisions
such as “digital redlining,” where internet
service providers systematically exclude lowincome neighborhoods from broadband access?

Ask participants to identify environmental
barriers to safe use of mHealth interventions
(eg, lack of sidewalks and public park space
as a barrier to physical activity interventions).
Identify existing limitations to local broadband
internet connectivity, and articulate how
structural barriers to information access can
affect health.

Which providers, researchers, organizations, •
experts, and policymakers can help answer
these questions?
How are we ensuring that community partners
are active in this process, driving our inquiries
and discussions about possible solutions?
What kind of funding is necessary to sustain
the benefits derived from this intervention,
and what can we do to secure it?

Contact state legislature to call for allocation
of public funding of broadband internet access
for low-income patients and families who may
benefit from mHealth intervention.

•

Step 3: Identify and pursue coalitions to
•
enact social, economic, and policy infrastructures needed to sustainably deploy interventions as designed
•
•

a

Examples of action

mHealth: mobile health.

We interviewed community members with hypertension in both
Flint and Ann Arbor to understand their capabilities,
opportunities, and motivations to engage in cardiovascular
disease risk factor reductions, to assess their use of technology
in their daily lives, and their interest in a technological
intervention to promote cardiovascular health. We also engaged
in preliminary design workshops involving members of our
team of health researchers and providers as well as our
community partners. Our predesign research also included
presentation storyboards shared with community members that
created low-fidelity renderings of possible features that could
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be built into the mHealth app to assess and design toward our
community partners’ needs.
As we engage this mHealth design process that centers the needs
of our patients, we have gained several insights. For instance,
our Flint participants—who are predominantly Black and who
reside in a majority Black city—report a lack of safe and
accessible outdoor environments that facilitate physical activity
for older adults; this is a finding borne out in research on
interventions that seek to deploy technologies within hardly
served populations, so while it does not represent a novel
discovery in this context, we include this reflection here to note
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e31069 | p.7
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
that this barrier to physical activity is not experienced by our
Ann Arbor participants—who are predominantly White and
who reside in a majority White city—and to highlight the
importance of using such disparities to inform an analysis of
the political economy of health as a part of mHealth research.
This acknowledgement of constraints in users’ capability and
opportunity to use a given technology, we argue, should directly
inform the design choices we make before we deploy an
intervention, and the community work we engage in after
deployment to sustain the use of an intervention.
To that end, we present a 3-step process (Table 1), to be carried
out prior to the deployment of a technological intervention, that
providers and researchers can follow to ensure that the
technologies they are designing do not inadvertently exacerbate
existing inequalities, and to generate ideas about how they can
also address the structural conditions that sustain these
inequalities in the first place.
The first step in our predesign framework calls on providers
and researchers to acknowledge the possibility that the
technological interventions we design may amplify existing
inequalities in rather that than transform or immediately improve
patient health. We are drawing here on Toyama’s [7] work on
the Amplification Theory of Technology. Toyama [7] warns
that we must look for the ways in which technology amplifies
underlying human forces and social conditions. Asking questions
about the assumptions we are making about technology, the
directionality of influence we presume our technologies will
have, and the differentials in access and motivation in user
populations can enable us to address more directly these issues
in our design, refinement, and deployment processes. The
deliverable produced here should systematically document these
beliefs and assumptions, and provide a baseline for reflection
moving forward.
The second step in our predesign framework calls on providers
and researchers to name the structural, environmental, and social
barriers that may prevent the use of an mHealth intervention
within a specific community and among specific users. This
step is especially important in our contemporary moment when,
following national and international attention to the
disproportionate harms that police violence and poor access to
quality health care have on the lives of Black and other
minoritized people, providers and researchers are working to
attune themselves to the health effects of structural racism; of
course, this focus should always be a part of this research. In
this step, we begin by considering questions of access to
technologies, the affordability and sustainability of given
devices, and whether or not they can be used safely and
sustainably in a particular environment, and then we move onto
situating these barriers within a structural context. We ask
questions about the social forces that may shape individual
behaviors, through both community engagement and feedback
from the research team. The deliverable produced here should
create a list of structural barriers to health that, in addition to
reflections about the assumptions we are making about our
technologies and patients’ capability to use them, can help shape
the decisions we make next.
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The third step in our predesign framework calls on providers
and researchers to identify and pursue coalitions of stakeholders
who can help enact the social, economic, and policy
infrastructures necessary to sustainably deploy these mHealth
interventions as designed. If our work in Step 2, for example,
identifies how “digital redlining,” or the policies and investment
decisions that “create and maintain class boundaries through
strictures that discriminate against specific groups” [18], can
impede patients’ use of an mHealth intervention, what kinds of
research, policy expertise, and investment decisions might we
need to address these issues [19]? Likewise, as we are working
to identify relevant categories of expertise in this stage, how
can we ensure that the expertise of our community partners
informs these inquiries? And, finally, what concrete steps can
we take to address these structural barriers to sustain our
interventions? The deliverables produced here should include
the formation of robust teams of experts as well as specific steps
that can be taken to deploy this collective knowledge to address
the social and policy environments that create the need for our
innovative interventions and in which our patients and
community partners live.

Sociotechnical Tools to Address
Environmental Barriers to Health
Our interview participants and community design team members
in Flint, a predominantly Black and low-income city that is
recovering from an economic downfall following the departure
of the General Motors [20] automotive plant as well as an
ongoing toxic water crisis [21,22], report that their capability
and motivation to engage in physical activity to lower their
blood pressure is often limited by their opportunity to do so.
They identify 2 persistent barriers here: a dearth of safe outdoor
spaces for exercise such as parks and sidewalks on which to
traverse their neighborhoods, and the high cost of gyms and
other indoor spaces where they might use exercise equipment
for sustained physical activity. Even when park space was
available, as one participant, a 61-year-old Black man told us,
“I don’t see anything for seniors.” This absence of available
public space made the challenge of affording a gym
membership, even before the ongoing COVID-19 pandemic
contributed to massive economic insecurity, more difficult. As
another participant, a 52-year-old Black woman told us, “I would
love to be able to have a gym membership. But there’s only a
certain amount of income—I’m on a fixed income...But
everything is so expensive, it’s difficult.”
Notably, neither a lack of access to spaces for physical activity
nor limited financial resources presented as barriers to capability
or opportunity for our participants in Ann Arbor, the affluent
city in which the University of Michigan campus where we
work is located. As another participant, a 48-year-old Asian
woman, remarked, “There’s a lot of paths for walking, and we
live near a playground so you can do something with the
playground...They have equipment for you.” Likewise, income
did not emerge as a barrier to physical activity within this
population. Another participant, a 72-year-old White woman,
said, “We’re fortunate we are retired, we have income, we aren’t
dependent on the job anymore, we have a pension and social
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security. We have social security in the literal sense of secured
money, and being able to afford a gym membership or any
equipment.”
These are thorny issues involving complex interactions between
race, class, income, geography, and public policy; if we seek
to understand how technology can be used to promote healthy
behaviors among patients, we must begin by acknowledging
that these technologies are sociotechnical tools that, by
definition, emerge from the interaction of these social forces.
These technologies do not exist within a bubble and, as we argue
here, neither can our efforts to design them.

The Importance of Directly Addressing
Structural Barriers to Health in mHealth
Design
What we confront when we do health services research involving
digital health tools is the fundamental tension between the
promise of these devices and the ethos of innovation that spirits
them, and the much more challenging realities of structural
barriers to health that enable racial health disparities to persist.
Melissa S. Creary [23] theorizes this tension through the concept
of “bounded justice,” a phenomenon where the good intentions
of justice-oriented stakeholders “are bounded by greater
socio-historical constraints.” It is not enough, Creary writes, to
pursue health equity and the amelioration of the indignities of
longstanding health inequities simply through the distribution
of “goods, materials, and resources” [23]. The political idealism
of such interventions, even among so-called justice-based
inclusive programs, comes with inherent limitations in its ability
to repair “the underlying and deeper social inequalities
embedded in individuals and communities, specifically those
disadvantaged by racism,” when they fail to address “the
underlying mechanisms that generated initial historical
inequalities” in the first place [23]. We echo Creary’s call for
more reflexive thinking about and action in the name of
justice-oriented work that addresses these mechanisms as a part
of our digital health technology intervention design.
Keeping these structural conditions at the forefront of our
thinking about digital health design is vital because, lest we
forget, we are not designing technical fixes to disease disparities
but, rather, sociotechnical ones that must also engage with the
social and policy environments that both necessitate innovation
and constrain its deployment. This is why we argue early in this
article that techno-pessimism and an effort to continue to
improve digital health technologies constitute a compatible
position and a requisite relationship with technology. The
structural conditions that inhibit the sustained use of the tools
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we hope will help improve patient health should not dissuade
us from seeking to improve care; rather, they should drive us
to think more expansively, ethically, and systematically about
this work. They should motivate us to foster collaborative
relationships with policy experts, media and informatics
scholars, and historians of medicine, as well as patients and
caregivers with a wide range of interests in and objections to
these kinds of technologies. They should center the role of
structural racism in limiting access to lifesaving resources and
in reproducing health disparities. And they should highlight
opportunities for providers and researchers to contribute to the
existing work that patient communities are engaging in to undo
these structural harms.
Beginning from an acknowledgement that we are addressing
“deep social problems” [24], which our technological
interventions are simply unable to solve, enables us to identify
social policy approaches that may help providers and patients
to make the long-term improvements to health that they seek.
This work must begin with an assessment of how we think about
the role of technology in our research. As we are reminded by
Amy Moran-Thomas’s [25] writing about the use of the pulse
oximeter during the ongoing pandemic, we must be
self-reflexive and critical of the tools we design and deploy to
identify how our technologies might reproduce racial health
disparities. And we must acknowledge that our focus on
individual-level health behaviors, as Veinot et al [8] warn us,
can only get us so far.

Conclusions
Reframing how we think about our work—so that these issues
and local contexts closely inform how we define our research
problems, the kinds of solutions we pursue, and the changes we
work to develop—can help us to bridge the divide between the
techno-optimist and techno-pessimist positions in digital health
research. We should be driven by this concern about
“intervention-generated inequalities” to engage critically and
productively with the promise of mHealth, ensuring that our
work addresses the systems through which health disparities
persist. We should think about the policy questions our data can
illuminate, and make coalition building within and outside of
our traditional networks of expertise an essential part of our
work [2,26]. And when our work, by definition, involves the
development and deployment of digital health technologies in
an effort to improve health outcomes, we should integrate
critical reflection about the technologies we deploy, the social
contexts in which our patients and community partners live,
and concerns about structural barriers to health as part of our
efforts to design just and equitable health interventions.
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Abstract
Face masks are an important way to combat the COVID-19 pandemic. However, the prolonged pandemic has revealed confounding
problems with the current face masks, including not only the spread of the disease but also concurrent psychological, social, and
economic complications. As face masks have been worn for a long time, people have been interested in expanding the purpose
of masks from protection to comfort and health, leading to the release of various “smart” mask products around the world. To
envision how the smart masks will be extended, this paper reviewed 25 smart masks (12 from commercial products and 13 from
academic prototypes) that emerged after the pandemic. While most smart masks presented in the market focus on resolving
problems with user breathing discomfort, which arise from prolonged use, academic prototypes were designed for not only sensing
COVID-19 but also general health monitoring aspects. Further, we investigated several specific sensors that can be incorporated
into the mask for expanding biophysical features. On a larger scale, we discussed the architecture and possible applications with
the help of connected smart masks. Namely, beyond a personal sensing application, a group or community sensing application
may share an aggregate version of information with the broader population. In addition, this kind of collaborative sensing will
also address the challenges of individual sensing, such as reliability and coverage. Lastly, we identified possible service application
fields and further considerations for actual use. Along with daily-life health monitoring, smart masks may function as a general
respiratory health tool for sports training, in an emergency room or ambulatory setting, as protection for industry workers and
firefighters, and for soldier safety and survivability. For further considerations, we investigated design aspects in terms of sensor
reliability and reproducibility, ergonomic design for user acceptance, and privacy-aware data-handling. Overall, we aim to explore
new possibilities by examining the latest research, sensor technologies, and application platform perspectives for smart masks as
one of the promising wearable devices. By integrating biomarkers of respiration symptoms, a smart mask can be a truly cutting-edge
device that expands further knowledge on health monitoring to reach the next level of wearables.
(JMIR Mhealth Uhealth 2022;10(6):e38614) doi:10.2196/38614
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Introduction
After the World Health Organization declared COVID-19 a
“pandemic” (a global epidemic) attributed to SARS-CoV-2
infection [1], masks have been used by the general population
all over the world for precautionary health reasons [2,3]. As a
result, people wear masks at all times and in all places; however,
the pandemic has revealed the limitations of current mask
deployments regarding not only the spread of the disease but
also concurrent psychological, social, and economic
complications.
To improve these limitations, smart face masks designed with
electronic sensors have been recently proposed. The continuous
use of masks has led to the designs of various face mask
products, which have become available on the market. The term
“smart” has been used to signify possible additional
functionalities of the “smart (face) masks” around the world,
leading to an expansion of the mask’s usage, including masks
for protection, health, and environmental sensing [4-6].
While the COVID-19 pandemic is seemingly under control
owing to vaccination, there is a need for innovative, Internet of
Things (IoT)–based smart-mask solutions to help people
transition to a postpandemic world, where the emergence of
infectious SARS-CoV-2 variants is prevalent along with the
heightened possibility of further, yet unknown, virus pandemics,
and to combat airborne diseases [7,8]. In combination with
data-driven applications, IoT and smart connected technologies
can play a critical role in individual protection and extend to
group sensing for the prevention, mitigation, and continuous
remote monitoring of patients. Such a benefit of group sensing
is shown with a contact-tracing app, where it could instruct a
person in close contact with patients with COVID-19 to quickly
self-isolate to reduce disease transmission [9].
Here we present a viewpoint for smart masks in the form of
emerging IoT-based solutions by examining the current status
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of smart masks, potential sensors for their functional expansion,
connected architecture of smart masks for individual and group
health care, and further considerations for actual deployment
of such technology in the field. The details are as follows:
•
•
•
•

Current status of existing commercial and academic smart
masks
Smart mask expansion in terms of personal health care and
disease diagnosis
Connected architecture and applications of smart masks
Further real-world considerations

Features and Applications of Current
Smart Masks in the Field
Relevant smart masks available in the market were found
through web searches, including Amazon, using the following
search terms: “Smart Mask,” “Facial,” and “Electronics.” The
search for publications was performed using 5 databases (Google
Scholar, Web of Science, ScienceDirect, PubMed, and EBSCO)
on the basis of the following combinations of search terms:
“Smart mask” OR “Smart face mask,” “sensor,” “IoT,” AND
“Healthcare.”
We defined 3 major inclusion criteria of reports on smart masks
in this review.. Specifically, these criteria involve the following:
(1) sensing: sensors attached to the mask; (2) actuation:
functional manipulation of the mask; and (3) connectivity:
communicating sensor data using mobile, cloud storage, or
IoT-based networks. Only articles published between January
2020 and May 2022 were included to examine smart masks
developed after the COVID-19 outbreak. Finally, the study
selection procedure resulted in 12 smart mask products and 13
smart mask research prototypes reported in this study. Tables
1 and 2 list their functions and features, respectively. Detailed
selection criteria are provided in Multimedia Appendix 1.
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Table 1. Commercially available smart masks with their key features.
Name and purpose

Function

Feature

Automatic fan control with respiration
rate–sensing and filter status check

•

Sa: Filter status and respiration

•

Ab: Fan on/off control

•

Cc: Bluetooth

Automatic fan control with respiration
rate–sensing

•
•
•

S: Respiration rate
A: Fan on/off control
C: Bluetooth

ATMOBLUE Face Mask [12]

Three fan speed modes and air quality check

•
•
•

S: Air quality
A: Fan speed control
C: Bluetooth

Belovedone Air Purifier [13]

Two fan speed modes

•

A: Control fan speed

Philips Fresh Air Mask [14]

Three fan speed modes

•

A: Control fan speed

Xiaomi Purely [15]

Three fan speed modes

•

A: Control fan speed

CSE&L AIRVISOR [16]

Three fan speed modes

•

A: Control fan speed

CELLRETURN CX9 [17]

Sterilization and LED skin care

•

A: LEDd sterilization and skin care

Razer Zephyr [18]

Two fan speed modes and lighting

•

A: Control fan speed and customizable lighting
zones
C: Bluetooth

Air control with respiration rate–sensing
AO AIR Atmos mask [10]

LG PuriCare (2nd Gen) [11]

Ventilation

•
Communication aid
CLIU Pro [19]

Air quality check and built-in microphone

•
•

Donut Robotics C-FACE [20]

TrendyNow365 LED Mask [21]

a

Speech to text and voice translation

Text display on mask surface

•

S: Air quality, mask wear time, and head motion
C: Bluetooth

•

A: speech-to-text message, voice call, and
translation
C: Bluetooth

•
•

A: Display custom LED letters
C: Bluetooth

S: sensing.

b

A: actuation.

c

C: connectivity.

d

LED: light-emitting diode.
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Table 2. Smart mask research prototypes from academic journals.
Name and purpose

Function

Feature

External pathogen detection and elimination
•

Sa: Airborne particle sensing

•

Ab: Mitigation module on/off

•

Cc: Bluetooth

•

S: Paper-based nucleic acid diagnostics

Lightweight and zero-power smart face Monitor cough and check mask-wearing
mask [24]

•
•

S: Mask deformation

AG47-SmartMask [25]

•

S: Breathe pattern, skin/DSVe temperature,

•

humidity, air pressure, HRf, and SpO2g
C: Bluetooth

ADAPT [22]

Pathogen sensing and mist spray activation

COVID-19 detection
SARS-CoV-2-sensing face mask [23]

Detects COVID-19 infection

Monitor cardio-respiratory variables and to detect
cough

C: RFd transponder

Respiratory disease–monitoring
Smart face mask with Heat flux sensor Noninvasive body temperature and breathing
[26]
rate–monitoring

•
•

S: Facial skin temperature and breathing rate

Smart facemask for wireless CO2
monitoring [27]

•
•

S: CO2 concentration

Smart face mask with ultrathin pressure Breath monitoring
sensor [28]

•
•

S: DSV pressure change
C: Wi-Fi connection

Smart face mask with wearable pressure sensor [29]

Breath monitoring

•
•

S: DSV pressure change
C: Bluetooth connection

Smart medical mask for health care
personnel [30]

Detect respiratory breathing, fever, and alert possi- •
ble face irritation
•

Lab-on-Mask [31]

Monitor cardio-respiratory variables

Monitor CO2 in DSV

•
•

C: LoRah and Wi-Fi

C: NFCi

S: DSV temperature, mask strain
C: Wi-Fi
S: HR, BPj, SpO2, and skin temperature
C: Bluetooth connection

General health monitoring
FaceMask [32]

Monitor cardio-respiratory variables and maskwearing

•
•

S: Humidity, DSV or external temperature,
volatile organic compounds. And head motion
C: Bluetooth connection

Facebit [33]

Monitor HR, respiration rate, mask fit, and wear
time

•
•

S: HR, respiration rate, mask fit, and wear time
C: Bluetooth

Masquare [34]

Monitor cardio-respiratory variables

•

S: Respiratory pressure, HR, SpO2, and head
motion
C: Bluetooth

•
a

S: sensing.

b

A: actuation.

c

C: connectivity.

d

RF: radiofrequency.

e

DSV: dead space volume.

f

HR: heart rate.

g

SpO2: blood oxygen saturation.

h

LoRa: long range.

i

NFC: near-field connection.

j

BP: blood pressure.
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Most commercial masks used in daily life provide actuations
based on use, such as exchangeable filters, self-sterilizers,
embodied microphones, and integrated fans. In total, 4 smart
masks had sensing capabilities such as air pathogen check, filter
status, and breath monitoring. In total, 11 smart masks included
actuation with mostly inner fan speed control and LED lighting
control. A total of 7 smart masks supported a connectivity
feature through a Bluetooth connection with the smartphone.
The masks that supported all 3 features (ie, sensing, actuation,
and connectivity) were those of Atmos AO AIR [10], LG
PuriCare (2nd Gen) [11], and ATMOBLUE [12]. These smart
masks offer inner fan control actuation and Bluetooth
connectivity while using different sensing (filter, respiration
rate, and air-quality checks). Commercial masks have focused
on mitigating discomfort such as breathing difficulty, excessive
moisture inside the mask, fogging of glasses, and hygiene
problems caused by long-term use [35-37]. Besides protection,
the masks of CLIU [19], Donut Robotics [20], and
TrendyNow365 [21] aimed to overcome speech problems with
mask-wearing. Additional investigations, such as mask material,
weight, and battery usage time, are presented in Multimedia
Appendix 1.
While commercial smart masks were focused on user comfort,
academic prototypes were designed for sensing capabilities such
as health monitoring and disease detection. For example, in
terms of COVID-19 detection, Nguyen et al [23] integrated a
cell-free sensor to detect SARS-CoV-2, and Ye et al [24] and
Fois et al [25] focused on detecting abnormalities such as
coughing behavior. Not specific to COVID-19 but to cope with
general respiratory disease, Lazaro et al [26], Escobedo et al
[27], Zhong et al [28], Yang et al [29], Kim et al [30], and Pan
et al [31] monitored breathing patterns. From a general health
monitoring perspective, Gravina et al [32], Curtiss et al [33],
and Fischer et al [34] monitored biosignals such as heart rate,
respiration rate, and body temperature. Acquired sensor readings
were then analyzed through smartphone apps for display.
All prototype masks were considered with regard to their
physiological sensing capabilities. A total of 12 smart masks
were considered with connectivity features using Bluetooth
connectivity, near-field communication (NFC), a long range,
and Wi-Fi connectivity with the smartphone. Ye et al [24]
further demonstrated a radiofrequency (RF) feature using silver
nanowires attached to the inner layer for monitoring cough and
mask usage. Overall, the current features of smart masks
available in the market offer environmental (air quality)
monitoring, mask quality–monitoring, and functions for user
comfort. On the other hand, research prototypes can be
summarized as health monitoring and respiratory disease
detection.

Possible Directions for Feature Extension
Our investigation of research prototypes showed that existing
masks support health monitoring and disease diagnosis on the
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basis of vital signs such as respiration, blood oxygen saturation,
and body temperature. In this section, we further explore what
other biosignals can be measured and what applications can be
used through a smart mask as a wearable device for health care
and safety. In addition, we argue that it is critical to reduce the
posterior auricular (back of the ear) discomfort and pain caused
by long-term wearing of the mask, as witnessed by a mask frame
extension that supports an ear strap introduced recently [38]. In
consideration of the ear strap frame, we would like to present
a viewpoint on the extension of the application of the smart
mask and its potential as a biosignal measuring device. To
systematically search for feasible sensors, the expressions
“smart” and “intelligent” textiles or “wearable electronic” are
keywords used for selection. Sensors that sense and react to
biosignals, environmental conditions, or stimuli, such as those
from breath, skin, head motion, air, or other sources, were
investigated. Multiple biosignal sources can be recorded around
the face with sensors incorporated into the smart masks to
measure biosignals and interior or exterior environmental factors
[22,39].
For the facial part of the mask, pressure sensors can be used to
obtain the respiration rate and inhalation volume to monitor
breathing patterns [28,29]. These are piezoelectric-like sensors
that are sensitive enough to respond to exhale volume pressure
and flexible, lightweight, and energy-efficient circuits that can
fit into the mask. With continuous monitoring of breathing
patterns, we expect to observe users’ lung health or screen
patients with chronic lung disease [40]. In addition to analyzing
breath, chemical sensors can be used as markers for personal
health problems and respiratory diseases by targeting specific
molecules [41-48]. These sensors are based on metal oxides
whose target compounds can be easily switched with specific
reagents. Several applications include acetone for diabetes
[41-43], hydrogen sulfide for small intestinal bacterial
overgrowth [44,45], and toluene for lung cancer diagnosis
[46-48].
As the mask directly contacts the facial skin, a
photoplethysmographic (PPG) sensor can be adopted to conduct
pulse oximetry and measure heart rate variability, oxygen
saturation, and blood pressure. These metrics are widely
researched for indirect measures of physical and mental health
[49-51], physical stress [31,49], and hypertension or hypotension
[51-53], respectively. Electrooculography (EOG) [54,55],
electrodermal activity (EDA) [56,57], and electromyography
(EMG) [50,52,53] can also be adopted to measure various
biophysical signals that arise from facial skin. For example,
eye-blinking EOG measures have been linked to attention [58]
and may infer the user’s mental state. The electrodermal
response from EDA and facial muscle activation from EMG
can be used as a measure of emotion such as anxiety or
depression [55-57,59]. In addition, facial surface EMG was
adopted for monitoring pain through facial expressions [60]
(Table 3).
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Table 3. Possible sensor integration on the masks.
Sensors and features

Applications

Location: mask main body
Type: biosignal information
Source: breath (respiration)
Pressure sensor
Respiration rate or volume

Personal health or sport [27,28]

Chemical sensor
Ketone: acetone

Personal health or disease (diabetes) [41-43]

Hydrogen sulfide

Personal health [44,45]

Toluene

Personal health or disease (lung cancer) [46-48]

Source: facial blood vessels
Photoplethysmography sensor
Heart rate variability

Physical health or mental health [49-51]

Oxygen saturation

Physical stress [31,49]

Blood pressure

Hypertension or hypotension [51-53]

Source: skin
Electrooculography sensor
Eye blink

Concentration [54,55]

Electrodermal activity sensor
Electrodermal response

Emotion [56,57]

Temperature sensor
Temperature change

Communicable diseases [25,26,31,32]

Electromyography sensor
Facial muscle

Emotion [55,59]

Facial muscle

Pain [60]

Source: head
Inertial measurement unit
Motion

Posture [61]

Type: environmental information
Source: air
Chemical sensor
Environment air quality

Local air quality [22,39]

Source: external temperature
Thermometer
Temperature

Local temperature [62]

Source: external humidity
Humidity sensor
Humidity

Local humidity [63-65]

Location: mask support frame
Type: biosignal information
Source: ear
Electroencephalography sensor
Brain activity
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Applications

Source: neck
Inertial measurement unit sensor
Motion

Posture [61]

Electrocardiographic sensor
Heart

A smart mask can also measure air pollution and several other
environmental variables such as air quality [22,39], temperature
[62], and humidity [63-65]. The inclusion of sensing
air-tightness and the quality of filters can help ensure the
additional benefits of smart masks by improving safety by
providing an air-tight fit around the face. If the mask uses a
support frame, such as a head or neck strap,
electroencephalography (EEG) and electrocardiography (ECG)
sensors can be applied to measure the electrical activity of the

Heart disease [67,68]

brain and heart. EEG signals have been used to detect a user's
fatigue or drowsiness like fatigue in driving [66]. Integrating
ECG can be an advantage over PPG readings as it records the
heart’s electrical activity at its source [67,68]. Lastly, inertial
measurement unit sensors can be attached to the ear strap for
activity sensing that can discern fall or head collision [61]. The
possible sensor attachments on a facial mask and ear strap are
depicted in Figure 1.

Figure 1. The possible sensor attachments on (A) a facial mask and (B) the ear strap. ECG: electrocardiography; EEG: electroencephalography; EMG:
electromyography; EOG: electrooculography; GSR: Galvanic skin response; PPG: photoplethysmography.

Toward Connected Smart Masks
In this section, we attempt to seek opportunities beyond personal
protective equipment to group management, so-called
group-sensing, through connected smart masks as wearable
devices for health care and safety. The advantages of
group-sensing include continuously measuring and managing
a population's physical and mental health through the sensors
inside the smart mask or via connected smart mask platforms.
Such advantages are particularly useful in dealing with
infectious diseases that spread through contact and saliva, such
as COVID-19 [69]. The smart masks of those at risk can be
managed, and remote caregiving can be supported via connected
devices. As in a prior study on smartwatches [70], their everyday
health conditions (eg, breathing and heart rates) can be tracked
and analyzed to detect early signs of respiratory behavior
https://mhealth.jmir.org/2022/6/e38614
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changes, which could be related to COVID-19 infection.
Namely, beyond a personal sensing application, a group or
community sensing application may share an aggregate version
of information with the broader population. The architecture of
connected masks is shown in Figure 2 by extending prior mobile
sensing architecture [71,72].
For group sensing, the smart mask should be able to transmit
the collected data to the server by using wireless communication
protocols such as Wi-Fi, long-term evolution, 4G and 5G
networks, Zigbee, and narrowband IoT without manual operation
[73]. Besides, the analysis results should allow the user to take
action or receive an alarm related to a particular hazard. Most
smart masks integrate communication modules to use
smartphones for displaying sensing results and as a gateway
terminal to interact on the web [27,33,74,75]. In addition,
smartphones allow short-distance connections such as Bluetooth,
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e38614 | p.18
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NFC, and radiofrequency identification, where acquired data
can be transferred to local IoT gateways [73]. Furthermore,
server clouds and relevant analytics technology are required to
store smart mask data and process large sets of data to develop
applications such as health care, safety monitoring, and
intervention for the users. This kind of collaborative sensing
will also address the challenges of individual sensing, such as
reliability and coverage [76].
The information gathered in cloud servers can be used with
machine learning (ML) and data mining applications [75,77].
The advantages of utilizing ML for group sensing results are
system optimization and acquired data processing [77]. For

Lee et al
instance, collecting data on device failures, usage time, filter,
and battery can be analyzed for design considerations and
maintaining the optimal operation of a smart mask. Furthermore,
Gravina et al [32] reported the application of ML in smart
masks, where they tested mask wear classification from sensor
signals. In terms of data mining, a more detailed air quality map
can be created as the user wears a smart mask with
environmental sensors and moves around places collecting data.
Moreover, GPS for community sensing can facilitate real-time
sensing and location-based monitoring of masks and actions of
multiple users in some local environments, such as COVID-19
contact-tracing, local airborne pathogen detection, or emergency
services.

Figure 2. Connected smart mask architecture.

With modern technological advances, it has become possible
to collect big data and create new knowledge that we have not
been able to analyze before. Unlike conventional wearable
devices, smart masks can collect biomarkers of respiration or
the respiratory system and expand further knowledge on
wearables. Previous work by Curtiss et al [33] and Hyysalo et
al [75] shows detailed aspects of the connected smart mask
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platform and deployment considerations. Curtiss et al’s [33]
Facebit smart mask accompanies a mobile app that displays
sensing results such as heart rate, respiration rate, mask fit, and
wear time. This app communicates with Facebit through
Bluetooth and stores data in a local database. For now, stored
data are used to track a user’s mask-wearing time and send a
notification to replace the mask. As an open-source smart mask
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e38614 | p.19
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research platform, this work demonstrates proof-of-concept
connected smart masks and presents further research on
personalizing algorithms and applications for respiratory health
tools. Hyysalo [75] illustrated the software architecture of the
smart mask platform, including the mask, mobile app, and
backend health artificial intelligence. In addition, this study
envisioned a smart mask ecosystem [78,79]—a collection of
infrastructure, analytics, and applications, to draw personal
health trajectories.

Further Considerations for Real-World
Use
Lastly, we present and discuss viewpoints on the application
fields of the connected mask and further considerations for
practical use. As the smart face mask is a promising respiratory
monitoring tool, we explored relevant fields where it can benefit
direct needs. Aside from the primary field of daily-life
health-monitoring, we envision several real-world uses such as
sports training, ambulatory setting, industry and firefighter
safety masks, and military applications. In the following
sections, several directions for real-world deployment scenarios
of smart masks are first discussed. Thereafter, we discuss sensor
accuracy and reproducibility issues, most critical ones in
measuring biosignals through all wearable devices. Ergonomic
design for the general population needs to be considered for
public acceptance of smart masks. Finally, privacy-aware
data-handling is necessary for security to collect and manage
personal biosignals.

Service Application for Real-World Use
Daily Life Health Monitoring
The smart mask presents an opportunity to apply advanced
analytics to health care. The analysis of physiological changes,
such as breathing pattern, pulse rate, and tidal volume, enables
us to monitor respiratory health, diagnose relevant diseases, and
point of care through continuous monitoring. In addition, other
various features can be obtained, as we discussed in the possible
sensor extension scenarios, for instance, stress and fatigue [80].

Sports Training
In particular, smart masks can be adopted for measuring the
cardiopulmonary exercise load, which is an important index in
evaluating exercise capacity. Previously, this was done by
wearing additional equipment in wired or wireless form with
controlled settings [81]. This test can be easily accessible to the
general population; for example, in a gymnasium or through
home-based training through smart mask application.
Furthermore, owing to the recent COVID-19 pandemic, there
is increasing demand for indoor exercise platforms such as Zwift
[82], where individuals can virtually compete with users on the
internet and measure exercise ability and improvements. The
smart mask can contribute as a wearable device for additional
exercise measures in such settings.

Emergency Room or Ambulatory Settings
In the emergency room or ambulatory settings, masks have been
used to deliver air and monitor respiration. We expect smart
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masks to be adopted to track health status without any additional
device. Additionally, nosocomial infections, such as
ventilator-associated pneumonia, can be detected with the use
of the smart mask [83].

Industry Workers and Firefighters
Many workers at coal mines, construction sites, and chemical
plants and firefighters at fire scenes are prone to hazardous gas;
thus, wearing a mask is mandatory for safety issues. Smart
masks can be used to track the health status of people who have
been poisoned by gas or toxic substances or have been exposed
by measuring the surrounding situation. Besides, real-time
environmental monitoring can ensure user safety and prompt
responses to fast-changing hazardous events through the
detection of gas leakage or toxic events [84].

Soldier Safety and Survivability
Recently, there has been ongoing research on wearable devices
such as vests and helmets to collect biosignals for the safety
and survival of soldiers [85]. The smart mask can also be a
promising wearable device in respiratory monitoring. It is
expected that safety and survival can be further improved by
collecting the soldier’s biosignals, location information, or
information about the surrounding environment. These measures
help monitor the soldier's physical and mental health status and
decision-making. Moreover, breath analysis can predict and
monitor the onset of pulmonary injury due to various
environmental and infectious exposures [86].

Accurate and Reliable Sensors
One major requirement for such predictive diagnostics is that
sensor information must be accurate and reliable. The type of
sensor and its placement affect the measurements. For instance,
potential inaccuracies rise with excessive motion artifacts
involving many physical activities, such as sports, firefighting,
or military action. Although the reviewed articles described
potential applications and demands for health intervention, they
provided little evidence related to the usability and practicality
of the proposed device. As the temperature and humidity rise
owing to mask-wearing, the adhesion between the sensor and
the skin may decrease, and sweat generated by humidity may
negatively affect accurate sensor signal measurement. Beyond
sensing accuracy and reliability, it is important to consider
additional metrics, such as smart mask interoperability,
versatility, power consumption, and durability, to examine the
usefulness of the system as well as comfort and ease of use for
different population characteristics [87,88].

Ergonomic Design for Usability
If users wear heavy equipment such as a helmet for a long time,
it can strain their head and neck [89-91]. Masks with smart
functions also increase in weight, unlike existing masks, owing
to the addition of batteries, sensors, and fans. Therefore, it places
a burden on the head and neck and may cause deformation in
posture. If the systems within smart masks became more
complicated, these could become more uncomfortable and make
users reluctant to wear them. Detailed surveys on usability and
performance evaluation from daily life trials need to be
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conducted to ascertain the usability of smart masks [92-94].
Maximizing and optimizing the battery lifetime of the smart
mask ensures user satisfaction and comfort [95,96]. If the device
supports recharging, the rechargeable battery of the mask is a
major contributor to the mask’s weight. If the communication
between the smart mask and the smartphone requires much
energy and acquiring data from sensors may rapidly drain the
battery, a larger battery capacity is then required. Thus, the
overall weight of the mask increases. Therefore, in developing
a smart mask, it is necessary to consider the battery size and
material related to weight. In addition, since the material of
their mask is in contact with the skin surface, it is necessary to
use an approved suitable material [97]. Overall, the potential
reluctance of users can be reduced by incorporating simple
protocols for the number of sensors and user specificity, comfort,
including weight, and fashion considerations for the general
population [98,99].

Privacy-Aware Data-Handling
One challenge in developing connected smart mask architecture
systems is the collection of personal information and privacy
infringement. With the advancement of the IoT, real-time
monitoring data are shared and analyzed to identify factors
related to events. Although this monitoring is intended to assist
users, some aspects of personal privacy are violated [100-104].
Prior studies have shown that privacy concerns related to
wearable cameras are often influenced by users’ social,
behavioral, and environmental contexts [105]. For example,
wearable camera users are often conscious of bystander privacy,
and likewise, bystanders are concerned about potential privacy
violations (eg, subtleness and ease of recording) [106]. In
addition, advanced data processing methods may have privacy
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implications. For instance, personal physiological data or
location information can be misused because of poor data
management policies. In these scenarios, health monitoring
results may encourage the tracking of work performance (ie,
using the data for secondary purposes without explicit consent).
This practice may influence the review of workers’
performances and may cause monitoring to become a
surveillance practice beyond health monitoring. Beyond
secondary use, the security of the devices themselves can also
be problematic, as the low computing power within smart mask
systems may make them vulnerable to unauthenticated access
[107,108]. As smart mask technology is still in its infancy, these
implications are not yet fully understood and should be
considered in future implementation strategies.

Conclusions
This study examined recent smart masks in conjunction with
accompanying systems that could be used to prevent COVID-19
and other respiratory diseases. We then offered our viewpoints
on smart masks in the form of emerging IoT solutions.
Reviewing commercially available smart masks revealed the
trend that smart masks were mainly designed to address user
discomfort. However, recent research prototypes were taking
further steps, not only dealing with COVID-19 but toward
general health monitoring by supporting breathing and
physiological signal sensing. Thus, we sought further functional
expansion on smart masks by investigating previous mobile
sensing studies. In addition, we extensively discussed novel
opportunities for group health management through a connected
smart masks platform. We believe that smart masks can serve
as a truly cutting-edge device that expands the coverage of
health monitoring and helps reach the next level of wearables.
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Abstract
Background: Wearable health care devices have not yet been commercialized on a large scale. Additionally, people in different
countries have different utilization rates. Therefore, more in-depth studies on the moderating effect of national culture on adoption
intention in wearable health care devices are necessary.
Objective: This study aims to explore the summary results of the relationships between perceived usefulness and perceived
ease of use with adoption intention in wearable health care devices and the impact of the moderating effect of national culture
on these two relationships.
Methods: We searched for studies published before September 2021 in the Web of Science, EBSCO, Engineering Village,
China National Knowledge Infrastructure, IEEE Xplore, and Wiley Online Library databases. CMA (version 2.0, Biostat Inc)
software was used to perform the meta-analysis. We conducted publication bias and heterogeneity tests on the data. The
random-effects model was used to estimate the main effect size, and a sensitivity analysis was conducted. A meta-regression
analysis was used to test the moderating effect of national culture.
Results: This meta-analysis included 20 publications with a total of 6128 participants. Perceived usefulness (r=0.612, P<.001)
and perceived ease of use (r=0.462, P<.001) positively affect adoption intention. The relationship between perceived usefulness
and adoption intention is positively moderated by individualism/collectivism (β=.003, P<.001), masculinity/femininity (β=.008,
P<.001) and indulgence/restraint (β=.005, P<.001), and negatively moderated by uncertainty avoidance (β=-.005, P<.001). The
relationship between perceived ease of use and adoption intention is positively moderated by individualism/collectivism (β=.003,
P<.001), masculinity/femininity (β=.006, P<.001) and indulgence/restraint (β=.009, P<.001), and negatively moderated by
uncertainty avoidance (β=-.004, P<.001).
Conclusions: This meta-analysis provided comprehensive evidence on the positive relationship between perceived usefulness
and perceived ease of use with adoption intention and the moderating effect of national culture on these two relationships.
Regarding the moderating effect, perceived usefulness and perceived ease of use have a greater impact on adoption intention for
people in individualistic, masculine, low uncertainty avoidance, and indulgence cultures, respectively.
(JMIR Mhealth Uhealth 2022;10(6):e30960) doi:10.2196/30960
KEYWORDS
wearable health care devices; national culture; moderating effect; meta-analysis
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Introduction
Background
A wearable health care device can be defined as “an
autonomous, noninvasive device that can perform specific
medical functions such as long-term monitoring or improving
health” [1]. The device can detect important vital indicators,
such as heart rate, and enables rapid and remote autonomous
detection and self-management of arrhythmia. These data can
also be transmitted to medical institutions to achieve the purpose
of remote health monitoring, thereby effectively reducing the
number of patient visits and medical costs [2].
Since the outbreak of COVID-19, people have paid increasing
attention to health, and the adoption of wearable health care
devices is gradually increasing [3,4], but these devices have not
yet been commercialized on a large scale. Therefore, it is
necessary to conduct in-depth research on the factors that
influence the adoption of wearable health care devices to
promote the commercialization of the devices.
Many studies have examined adoption intention toward wearable
health care devices [5-7]. These studies have mostly adopted
the technology acceptance model (TAM) [8,9] and the unified
theory of acceptance and use of technology (UTAUT) [5,6] as
the main frameworks. In addition to the variables included in
TAM and UTAUT, other variables such as trust [9-11],
perceived privacy risk (from the privacy calculus model) [1,12],
and consumer innovation (from the theory of innovation
diffusion) [9,13] have been considered in the literature. Of the
two models, TAM is the most concise and influential model
[14] and provides a basis for tracing the influence of external
factors on adoption intention. This model discusses the
relationship between perceived usefulness, perceived ease of
use, and adoption intention [15]. It is easy to understand, with
information technology features, a strong theoretical foundation,
and sufficient empirical support [16-20].

Zhang et al
Studies that used this as the main model to analyze wearable
health care device adoption intention, however, did not form a
unified understanding, and there were conflicting conclusions
on the relationship between perceived ease of use and adoption
intention. Many studies have empirically confirmed this
relationship [8,21,22]; however, some results have shown that
this effect is not obvious [13,23]. Some studies have specifically
explored the differences in conclusions caused by moderator
variables in population characteristics and focused on the
influence of different ages [8,24], genders [9], and experiences
[25] on adoption intention in wearable health care devices to
promote further commercialization of the devices in people with
lower acceptance rates. Moreover, scholars have discovered
that national culture also affects wearable health care device
adoption intention [6,26], and large differences exist in the
utilization rate of wearable health care devices in different
countries [27]. Although the study by Meier et al [27] pointed
out that under different cultural dimensions there are differences
in wearable health care device use, it did not concentrate on
how each cultural dimension affects adoption intention.
In view of the inconsistent conclusions in the existing studies
and the insufficient exploration of the moderating effect of
national culture, this study explores summary results of the
relationships between perceived usefulness and perceived ease
of use in wearable health care device adoption intention and the
impact of the moderating effect of national culture on adoption
intention by using the meta-analysis method. The results of this
study could have implications for global wearable health care
device providers in developing and marketing their devices
successfully across borders, for effective enhancement of
people’s health conditions, and for national health agencies to
decrease medical expenses.

Theoretical Framework and Hypotheses
Research Framework
The research framework used in this study is presented in Figure
1. We chose TAM as the main model and Hofstede’s cultural
value dimensions to represent national culture.

Figure 1. Research framework. H: hypothesis.
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As mentioned above, TAM is the most concise and influential
of the models with a strong theoretical foundation and sufficient
empirical support [14,16-20]. The dimensions used to analyze
cultural value mainly come from Rokeach [28], Hanson [29],
and Hofstede [30]. The dimensions developed by Hofstede are
the most recognized and commonly used framework for studying
cross-cultural issues on technology adoption [31-34]. The
formation process of the value of the cultural dimension has “a
rigorous research design, a systematic data collection, and a
coherent theory to explain national variations” [35], achieving
the aggregation of the properties of individuals as observed
within a country. Therefore, every cultural dimension can be
treated as a country-level variable [36]. Hofstede’s cultural
value
contains
6
dimensions:
power
distance,
individualism/collectivism, masculinity/femininity, uncertainty
avoidance,
long-term/short-term
orientation,
and
indulgence/restraint [30]. This study focuses on the moderating
effects of 4 of these: individualism/collectivism,
masculinity/femininity,
uncertainty
avoidance,
and
indulgence/restraint.
First, power distance refers to the degree to which people accept
an unequal distribution of power [37]. When commodities can
represent the differences in the identity and power of consumers,
their purchasing behavior is more susceptible to the influence
of power distance [30]. Therefore, power distance is more
closely related to luxury purchases in studies on consumer
behavior [38,39]. However, a wearable health care device is a
health-related and life-oriented product that is not conspicuous.
Therefore, power distance has a weak correlation with adoption
intention toward wearable health care devices. This paper will
not discuss the moderating effect of power distance on the
relationships between perceived usefulness and perceived ease
of use in adoption intention.
Second, people in a short-term orientation culture value
technologies that bring usefulness to current life and work, while
people in a long-term orientation culture value technologies
that bring usefulness to future life [40]. Wearable health care
devices are used not only by patients with chronic diseases
[41,42] but also by healthy users for disease prevention [43].
Thus, the importance placed by people in both cultures on
perceived usefulness depends on whether the concept is
future-oriented or present-oriented. However, the measurement
of this concept in the existing literature does not distinguish
between these orientations [8,44]; thus, it is difficult to judge
the moderating effect of long-term versus short-term orientations
on the relationship between perceived usefulness and adoption
intention. Moreover, since perceived ease of use is closely
related to perceived usefulness [45], the moderating effect of
long-term versus short-term orientation on the relationship
between perceived ease of use and adoption intention also
becomes difficult to judge. Therefore, this study does not
analyze and test the moderating effects of long-term and
short-term orientation.

Relationships Between Perceived Usefulness and
Perceived Ease of Use in Adoption Intention
TAM illustrates the relationships between perceived usefulness
and perceived ease of use in adoption intention [46]. Perceived
https://mhealth.jmir.org/2022/6/e30960
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usefulness refers to the degree to which people feel that using
technology is helpful to their work and life [15]. Perceived ease
of use refers to how much effort people need to use technologies
[15]. The relationships between these variables and adoption
intention have been proven in many studies related to technology
adoption. For example, Hung et al [47] and Wu [48] showed
that perceived usefulness and perceived ease of use positively
affect the intention to adopt mobile commerce. In our research
context, perceived usefulness is not only generally embodied
in the improvement of work and life efficiency [13], it is
specifically embodied in the improvement of the users’ health
level [9,44]. These relationships regarding wearable health care
devices have been confirmed in multiple studies [21,22]. Thus,
we hypothesized the following:
Hypothesis 1a (H1a) and hypothesis 1b (H1b): perceived
usefulness and perceived ease of use positively affect adoption
intention toward wearable health care devices.

Moderating Effects of Individualism Versus Collectivism
Individualism versus collectivism reflects the degree to which
people prefer to care for themselves and their families
[30,37,49]. People in an individualistic culture put more
emphasis on themselves, while people in a collectivist culture
put more emphasis on their families [30,50]. Therefore, people
in an individualistic culture value freedom and self-responsibility
more and thus value their own health more [30]. This concern
for health leads people in individualistic cultures to pay more
attention to perceived usefulness of devices before purchase.
People in an individualistic culture are more accustomed to
using emerging technologies such as email, online banking, and
e-shopping in their daily lives. People from collectivist countries
emphasize time spent with family and friends over time spent
on the internet [30]. Therefore, people in an individualistic
culture might have a higher frequency of using wearable health
care devices. If the products are not easy to use, their
experiences will be deeply affected. In addition, perceived ease
of use positively affects the perceived usefulness of wearable
health care devices [45] since perceived ease of use could help
realize the function of the devices [51,52]. Moreover, people
in an individualistic culture emphasize perceived usefulness
more than people in a collectivist culture. Thus, people in an
individualistic culture value perceived ease of use more, and
we hypothesized the following:
Hypothesis 2a (H2a) and hypothesis 2b (H2b): The higher the
degree of individualism, the higher the value placed on
perceived usefulness (H2a) and perceived ease of use (H2b)
toward adoption intention of wearable health care devices.

Moderating Effects of Masculinity Versus Femininity
Masculinity represents a preference for achievement, heroism,
decisiveness, and material rewards for success, while femininity
represents cooperation, humility, and quality of life [30]. The
perceived usefulness of TAM emphasizes performance
improvement and achievement, which is consistent with
masculinity [53]. The meaning of achievement changes with
time and context. In traditional societies, men pay attention to
hunting and fighting, and in modern societies, men value
economic achievement [30]. Regarding adoption intention for
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e30960 | p.30
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
wearable health care devices, many people use them to measure
sports achievements and enjoy competing with their peers [54].
Therefore, individuals in masculine cultures use wearable health
care devices to satisfy their achievement motivation, and they
value the perceived usefulness of the wearable health care device
more.
People in masculine cultures hope to have challenging jobs to
prove their competence and feel a sense of accomplishment,
while people in feminine cultures hope to have a safer and higher
quality life [30,37]. However, liking challenges does not mean
that people in masculine cultures do not value perceived ease
of use of wearable health devices. The greatest sense of
accomplishment users get from wearable health care devices
comes from recording their own sports achievements and
competing with others [54] rather than showing they are good
at using devices that are not easy to use. The increase in
perceived ease of use contributes to the realization of functions
of the device, such as functions of measurement, recording, and
querying [45,51,52], which can effectively enhance the user’s
sense of accomplishment. Because people in a masculine culture
pay more attention to a sense of accomplishment than people
in a feminine culture [30,37], people in a masculine culture also
value perceived ease of use more, and we hypothesized the
following:
Hypothesis 3a (H3a) and hypothesis 3b (H3b): The higher the
degree of masculinity, the higher the value placed on perceived
usefulness (H3a) and perceived ease of use (H3b) toward
adoption intention of wearable health care devices.

Moderating Effects of Uncertainty Avoidance
People in a culture of high uncertainty avoidance value risk
aversion more than people in a culture of low uncertainty
avoidance [30]. The adoption of new technologies will bring
about new risks, such as privacy risks [1] and imperfect
technology [55,56]. This might make people in a high
uncertainty avoidance culture hesitate to adopt new technologies.
However, wearable health care devices can collect physical
health data to control health risks, thereby making health
conditions clearer and predictable [57], which is very attractive
to people in a culture of high uncertainty avoidance. However,
this does not mean that people in a high uncertainty avoidance
culture will decide whether to adopt a wearable health care
device based on its perceived usefulness. To reduce uncertainty,
they are often prepared to engage in risky behavior [49] and are
more impulsive [30]. For example, the higher the degree of
uncertainty avoidance, the higher the maximum speed limit of
a country (region) [30]. In addition, people in a high uncertainty
avoidance culture have more concerns about health than people
in a culture of low uncertainty avoidance [30]. Therefore, when
faced with health-related decisions, people in a culture of high
uncertainty avoidance are more likely to ignore meticulous
thinking about the perceived usefulness of wearable health care
devices and purchase products on impulse.
Regardless of whether people in a culture of high uncertainty
avoidance consider the perceived usefulness when purchasing
wearable health care devices, their purchase stems from
health-related safety requirements [58]. Their need for safety
takes precedence over other needs [30], such as the need for
https://mhealth.jmir.org/2022/6/e30960
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comfort and convenience represented by perceived ease of use.
Therefore, people in a culture of high uncertainty avoidance
pay less attention to the perceived ease of use of wearable health
care devices than people in a culture of less uncertainty
avoidance. Moreover, because perceived ease of use can improve
the perceived usefulness of wearable health care devices
[45,51,52] and people in a culture of low uncertainty avoidance
are more concerned with perceived usefulness, people in a
culture of low uncertainty avoidance perceived ease of use more,
and we hypothesized the following:
Hypothesis 4a (H4a) and hypothesis 4b (H4b): The higher the
degree of uncertainty avoidance, the less the value placed on
perceived usefulness (H4a) and perceived ease of use (H4b)
toward adoption intention of wearable health care devices.

Moderating Effects of Indulgence Versus Restraint
People in a culture of indulgence believe that enjoying life and
entertainment are basic human needs, and natural desires should
be satisfied [30]. People in a culture of restraint believe that
human behavior should be restricted by social norms and
prohibitions, and enjoying leisure activities, overconsumption,
and similar indulgence behaviors are wrong [59]. Therefore,
people in a high-indulgence culture are more likely to buy
wearable health care devices because of the nonpractical
functions of the products such as gamification [60] and
innovation [61] rather than practical functions. A larger
proportion of people in cultures with greater indulgence claim
that their personal health is very good [49]. When people are
more confident with their health conditions, they are less likely
than people in cultures of restraint to consider perceived
usefulness when deciding to purchase health products.
Therefore, the greater the indulgence, the lower the value placed
on perceived usefulness toward adoption intention of wearable
health care devices.
Although people in a restraint culture value perceived usefulness
more, and perceived ease of use determines the functional
realization of wearable health care devices [45], people in an
indulgence culture place more emphasis on perceived ease of
use. This may be because people in an indulgence culture prefer
pursuing the enjoyment of life [30] over spending time learning
to use wearable health care devices. If a device is not easy to
use, people in indulgence cultures are less likely to make the
purchases. Conversely, people in a restraint culture are taught
to be frugal and to limit their desires [30,37], and they believe
the pursuit of pleasure is wrong [59]. Therefore, if the perceived
usefulness of a device meets their requirements, they will buy
and use a device regardless of perceived ease of use, and we
hypothesized the following:
Hypothesis 5a (H5a) and hypothesis 5b (H5b): The greater the
indulgence, the lower the value placed on perceived usefulness
(H5a) and the higher the value placed on perceived ease of use
(H5b) toward adoption intention of wearable health care devices.

Methods
Method Selection
Meta-analysis is a quantitative technique that generates a
summary effect size for each relationship path [62]. This method
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has two functions. First, it helps scholars obtain a summary
view of the results [63]. Second, this method is useful for
hypothesis testing and moderator analysis [64]. This study used
meta-analysis to explore the summary view of the relationships
between perceived usefulness and perceived ease of use in
adoption intention of wearable health care devices and the
impact of the moderating effect of national culture on adoption
intention. Therefore, the meta-analysis method is appropriate
for this study.

Data Extraction

Data Sources and Search Strategy

Analysis Procedure

We conducted a literature search by using keywords such as
“wearable*,” “health*,” “fitness,” “wellness,” “medical,”
“accept*,” “adopt*,” and “intention” to search for studies in the
Web of Science, EBSCO, Engineering Village, China National
Knowledge Infrastructure, IEEE Xplore, and Wiley Online
Library databases. We then manually searched the references
of the papers found for additional relevant titles to reduce the
influence of publication bias.

The meta-analysis consisted of 4 parts conducted using CMA
(version 2.0, Biostat Inc) software. Funnel plots, Egger
regression, and Rosenthal fail-safe N tests were used to
determine whether publication bias existed [71,72]. The
heterogeneity of various items was assessed using a Cochran
Q test. When P<.05, the heterogeneity test was passed. We also
calculated the I2 statistic, an indicator of heterogeneity in
percentages [73].

Selection Criteria
The study selection criteria were formulated considering the
recommendations of Cooper [62] and the aim of this research.
Studies included were empirical; reported sample size,
correlation coefficient, and country of origin of the surveyed
population; were related to adoption intention for wearable
health care devices; and surveyed ordinary users and not nursing
staff. Studies that did not use TAM or UTAUT as the main
model, studies using continuance intention as the dependent
variable (because the purpose of this paper is to promote the
commercialization of devices rather than the maintenance of
users after adoption), multiple studies using the same data (one
of the studies would be retained in the paper), and review
literature were excluded.
This article treats performance expectation, which belongs to
UTAUT, as equivalent to the concept of perceived usefulness,
which belongs to TAM. This article treats effort expectation,
which belongs to UTAUT, as equivalent to the concept of
perceived ease of use, which belongs to TAM. On one hand,
other studies have regarded perceived usefulness and
performance expectation [65-69] and perceived ease of use and
effort expectation [69] as the same concept. On the other, the
same results of multiple operations indicate that these operations
focus on the same components and can enhance our confidence
in the conclusions [62].
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The extracted information included the first author’s name, year
of publication, sample size, correlation coefficient matrix, and
the location of the questionnaire collection. If the author did
not report the location, we used the country (region) the authors
came from. We got Hofstede’s cultural values by searching for
that country (region) on the website of Hofstede’s cultural
dimensions [70]. The required data were extracted independently
by two researchers.

Fixed-effects and random-effects models are the two main
methods for calculating effect size [74]. We used the results of
the heterogeneity test to select the appropriate model [73].
Because factors such as gender and age might affect the
relationships between perceived usefulness and perceived ease
of use in adoption intention [46], we used a random-effects
model to calculate the main effect size. Sensitivity analysis was
conducted to determine whether the elimination of any data
item would influence the overall results. We conducted
meta-regression analyses to estimate the moderating effects of
national culture. For each regression, the correlation coefficient
was the dependent variable and the value of the national culture
dimension was the independent variable.

Results
Study Selection
A total of 156 papers were found in our search on September
4, 2021. After deduplication, 84 remained, with 8 additional
papers identified in the references. Next, 40 papers were
excluded based on the titles and abstracts. After reading the full
texts of the remaining 52 papers, we deleted 32 that did not
meet the selection criteria, with a final total of 20 publications
reporting on 22 effect sizes. Two of the 20 papers contained 2
studies. Therefore, 22 studies were included. Figure 2 shows
the study flowchart with details.
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Figure 2. Preferred Reporting Items for Systematic Reviews and Meta-Analyses flowchart.

Study Characteristics Description
This
meta-analysis
included
20
publications
[5-10,12,13,21,25,26,45,75-82] with 6128 participants. The 20
publications were conducted in 7 countries (regions) and
published between 2015 and 2021. The sample size ranged from
100 [5] to 877 [13]. A total of 22 studies analyzed the
relationship between perceived usefulness and adoption intention
[5-10,12,13,21,25,26,45,75-82], and 18 studies analyzed the
relationship between perceived ease of use and adoption
intention [5-8,10,12,13,21,25,26,45,75,77,78,80,81,82], and 2
of the studies were from the same publication [25]. The
characteristics of the included studies are presented in
Multimedia Appendix 1.
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Publication Bias Test
The results of publication bias test are shown in Table 1, Figure
3, and Figure 4. According to the funnel plot, the studies on the
perceived usefulness–adoption intention and perceived ease of
use–adoption intention relationships were distributed on either
side of the center lines, which indicates that the studies about
these relationships do not have publication bias. If the Rosenthal
fail-safe N is greater than 5M+10 (M is the number of research
papers), publication bias does not exist. Table 1 shows that
neither relationship had publication bias. According to the results
of the Egger regression intercept, neither relationship had
publication bias. Since no publication bias was found using 3
different tests, the main effect sizes of the meta-analysis are
considered valid.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e30960 | p.33
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Zhang et al

Table 1. Results of publication bias test.
Relationship

c

PU -AI

d

PEOUe-AI
a

Rosenthal N

Egger regression intercept
Intercept

SE

LLa

ULb

P value

4967

7.489

3.784

–0.405

15.384

.06

5047

5.973

4.116

–2.754

14.699

.17

LL: lower limit.

b

UP: upper limit.

c

PU: perceived usefulness.

d

AI: adoption intention.

e

PEOU: perceived ease of use.

Figure 3. Funnel plot of studies on the perceived usefulness–adoption intention relationship.

Figure 4. Funnel plot of studies on the perceived ease of use–adoption intention relationship.

Heterogeneity Tests

effect. In addition, the random-effects model should be used
when estimating the main effect size.

Table 2 shows that the effect sizes of these studies are
heterogeneous. Therefore, it is necessary to test the moderating
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Table 2. Heterogeneity test results.
Relationship

a

Heterogeneity
Q

df (Q)

P value

I2

PUa-AIb

598.249

21

<.001

96.490

PEOUc-AI

495.531

17

<.001

96.569

PU: perceived usefulness.

b

AI: adoption intention.

c

PEOU: perceived ease of use.

Estimation of Main Effect Size
The random-effects model was used to test the perceived
usefulness–adoption intention and perceived ease of
use–adoption intention relationships. Table 3 shows that the
perceived usefulness–adoption intention (r=0.612, P<.001) and
perceived ease of use–adoption intention (r=0.462, P<.001)
relationships were significant. The correlation coefficients are
both around 0.5, which means that the perceived
usefulness–adoption intention and perceived ease of

use–adoption intention relationships have moderately positive
correlations [83]. In addition, the results of sensitivity analysis,
presented in Figures 5 and 6, showed that the 2 correlation
coefficients after any study removed fluctuates between 0.597
and 0.627 (perceived usefulness–adoption intention) and
between 0.441 and 0.499 (perceived ease of use–adoption
intention), indicating that the results of the meta-analysis have
high stability. Therefore, these results confirm hypotheses H1a
and H1b.

Table 3. Main effect size estimates.
Hypothesis

Relationship

k

Main effect size estimates
Point estimate

a

Supported

95% CI
LLa

ULb

Z-value

P value

H1a

PUc-AId

22

0.612

0.519

0.690

10.224

<.001

Yes

H1b

PEOUe-AI

18

0.462

0.336

0.571

6.544

<.001

Yes

LL: lower limit.

b

UL: upper limit.

c

PU: perceived usefulness.

d

AI: adoption intention.

e

PEOU: perceived ease of use.
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Figure 5. Sensitivity analysis results regarding the effect size of the perceived usefulness–adoption intention relationship.

Figure 6. Sensitivity analysis results regarding the effect size of the perceived ease of use–adoption intention relationship.

https://mhealth.jmir.org/2022/6/e30960

XSL• FO
RenderX

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e30960 | p.36
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Zhang et al

Estimation of Moderating Effects of National Culture
The results are shown in Table 4. Individualism positively
moderates the perceived usefulness–adoption intention (β=.003,
P<.001) and the perceived ease of use–adoption intention
(β=.003, P<.001) relationships. These results confirm hypothesis
H2a and H2b. Masculinity positively moderates the perceived
usefulness–adoption intention (β=.008, P<.001) and perceived
ease of use–adoption intention (β=.006, P<.001) relationships.
These results confirm hypotheses H3a and H3b. Uncertainty
avoidance
negatively
moderates
the
perceived

usefulness–adoption intention (β=–.005, P<.001) and perceived
ease of use–adoption intention (β=–.004, P<.001) relationships.
These results confirm hypotheses H4a and H4b. Indulgence
positively moderates the perceived usefulness–adoption intention
(β=.005, P<.001) and perceived ease of use–adoption intention
(β=.009, P<.001) relationships. These results confirm hypothesis
H5b but not hypothesis H5a.
The results are summarized in Figure 7. The confirmed
hypotheses are represented by a solid line, and the unproven
hypotheses are represented by a dashed line.

Table 4. Results of moderating effects of national culture.
Hypothesis

Relationship

Point estimate

SE

Lower limit

Upper limit

Z-value

P value

Supported

Individualism/collectivism
H3a

PUa-AIb

0.003

0.001

0.002

0.005

4.331

<.001

Yes

H2b

PEOUc-AI

0.003

0.001

0.002

0.005

4.095

<.001

Yes

Masculinity/femininity
H3a

PU-AI

0.008

0.001

0.006

0.01

7.171

<.001

Yes

H3c

PEOU-AI

0.006

0.001

0.004

0.008

5.588

<.001

Yes

Uncertainty avoidance
H4a

PU-AI

–0.005

0.001

–0.006

–0.004

–9.075

<.001

Yes

H4b

PEOU-AI

–0.004

0.001

–0.005

–0.003

–7.721

<.001

Yes

Indulgence/restraint

a

H5a

PU-AI

0.005

0.001

0.003

0.007

5.124

<.001

No

H5b

PEOU-AI

0.009

0.001

0.007

0.011

7.960

<.001

Yes

PU: perceived usefulness.

b

AI: adoption intention.

c

PEOU: perceived ease of use.

Figure 7. Meta-analysis results. H: hypothesis.
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Discussion
Findings on Main Effects
The results of this study showed that perceived usefulness (H1a)
and perceived ease of use (H1b) positively affect adoption
intention. These results are consistent with most of the literature
on adoption intention in wearable health care devices [9,21].
The results are also consistent with the meta-analysis results in
many other research contexts, such as mobile health service
adoption [14] and mobile payment adoption [84]. Therefore,
the relationships between perceived usefulness and perceived
ease of use with adoption intention have once again proved to
be robust. Moreover, the results for H1b can help clarify the
debate on the relevance direction. This result does not support
the uncorrelated result of the relationship between perceived
ease of use and adoption intention [63]; thus, the relationship
between these two variables should not be ignored in actual
work.

Findings on Moderating Effects of National Culture
Gender, age, voluntariness of use, and experience are important
moderating variables in UTAUT [46], and gender and age are
important in TAM3 [85]. The results of the moderating effects
in this paper show that national culture also needs to be a focus
in the research context of technology adoption, especially in
the context of adoption intention in wearable health care devices.
The specific conclusions are as follows:
The results on the moderating effect of
individualism/collectivism found that individualism positively
moderated the relationship between perceived usefulness and
adoption intention (H2a) and the relationship between perceived
ease of use and adoption intention (H2b). The test results of
H2a and H2b are consistent with the results of Hung and Chou
[31] and Zhang et al [86]. H2a states that people in
individualistic cultures value personal health more [30], and
thus the higher the degree of individualism, the higher the value
placed on perceived usefulness toward adoption intention of
wearable health care devices (H2a). However, this assumption
ignores the fact that an important advantage of wearable health
care devices is the implementation of health monitoring and
reduction of health risks and costs [2]. People in a collectivist
culture are willing to invest less income to maintain health
compared to people in an individualistic culture [87]. From this
point of view, people in a collectivist culture need devices to
protect their health and reduce medical costs. The test result of
H2a showed that the importance of mentioned facts in H2a is
greater than that of ignored facts. Therefore, H2a is reasonable.
The results on the moderating effect of masculinity/femininity
showed that masculinity/femininity positively moderates the
influence of perceived usefulness (H3a) and perceived ease of
use (H3b) on adoption intention. The test result of H3a is
consistent with the findings of Hung and Chou [31], and both
results are consistent with the findings of Zhang et al [86]. In
our study, people in highly masculine cultures regard health
achievements as an aspect of competition. This might be because
health is a symbol of strength, which is consistent with the most
essential masculine temperament [30]. The test result of H3b
is contrary to the findings of Hung and Chou [31]. This result
https://mhealth.jmir.org/2022/6/e30960
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is possible as the perceived ease of use of technologies
determines the user experience, and people in a feminine culture
value the quality of life more [30]; therefore, people in this
culture might value perceived ease of use more. However, when
the impact of perceived usefulness on adoption intention is large
enough, users who value perceived usefulness will also value
perceived ease of use because the perceived ease of use of
wearable health care devices could help realize the function of
the devices [51,52]. Therefore, the test results of H3b are
reasonable.
The results on the moderating effect of uncertainty avoidance
showed that uncertainty avoidance negatively moderates the
relationship between perceived usefulness (H4a) and perceived
ease of use (H4b) with adoption intention. These results are
consistent with those of Hung and Chou [31]. The test results
for H4a are consistent with the findings of Yoon [88] and Lin
[33]; neither study tested H4b. These results show that people
in a culture of high uncertainty avoidance are indeed more likely
to adopt technologies on impulse and then ignore the perceived
usefulness and perceived ease of use of technologies. The
negative moderating effect of uncertainty avoidance is easier
to understand in this study since health is indeed an important
thing for people in a high uncertainty avoidance culture [30]
and might lead to irrational buying behaviors.
The results on the moderating effect of indulgence/restraint
showed that indulgence strengthens the relationship between
perceived ease of use and adoption intention (H5b); however,
it does not weaken but strengthens the relationship between
perceived usefulness and adoption intention (H5a). H5a states
that people in indulgence cultures are less likely to value the
perceived usefulness of wearable health care devices because
people in such cultures are more likely to consider themselves
healthy [30]. However, this reasoning process ignores the fact
that people in an indulgence culture consume more junk food
and are more obese [30]. In this regard, people in this culture
need more wearable health care devices to monitor their health
and encourage them to exercise. Thus, indulgence has a positive
moderating effect. The test result of H5a showed that people in
indulgence cultures rely more on the reality of their health
condition when making decisions on adoption intention of
wearable health care devices.

Limitations
Our study has several limitations. First, this study focused only
on the moderating effect of national culture on the relationship
between the variables in TAM and adoption intention. However,
the existing literature shows that trust [9-11], perceived privacy
risk [1,12], customer innovation [9,13], and other variables
affect people’s acceptance of wearable health care devices.
Subsequent research should further explore the impact of
national culture on the relationship between these variables and
adoption intention. Second, this study does not discuss the
moderating effect of national culture in different subgroups such
as gender and age, classic moderating variables in TAM and
UTAUT [46,85], because we were unable to obtain more
detailed national cultural values of different genders and ages
from the official website of Hofstede’s cultural dimensions [70].
However, these studies were necessary. For example,
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individualism is related to the income levels of individuals [30].
Therefore, the individualism scores of people of different ages
in different countries might change when the world’s economic
structure changes. Thus, it is necessary to conduct subgroup
analysis of different ages.

Implications for Practice
The results of this study could have implications for global
wearable health care device providers and national health
agencies. These results could help wearable health care device
providers increase the adoption of the devices worldwide in two
ways: guiding providers to develop more attractive and
innovative devices by considering cultural factors and steering
people toward wearable health care devices at the product sales
stage. National health agencies can use these results to persuade
people to use the devices for health management, conduct
preventive treatment, and decrease medical expenses in the long
term.
The application of these conclusions needs to target different
national cultures. For example, for people in high masculinity
cultures, such as Slovakia, Japan, and Hungary, health care
device providers and national health agencies should pay more

Zhang et al
attention to perceived usefulness in the process of promoting
the commercialization of wearable health devices.
When applying these conclusions, we should pay attention to
not only the conclusions about the moderating effect of national
culture but also the reasons for these conclusions. This can
improve the efficiency of the persuasion process. For example,
health care device providers and national health agencies should
promote user adoption intention by emphasizing the perceived
usefulness of the devices for potential users in a high masculinity
culture and remind these potential users that they can compare
their sport achievements with their peers for motivation using
the devices.

Conclusions
This meta-analysis provided comprehensive evidence for the
positive relationships between perceived usefulness and
perceived ease of use with adoption intention and the moderating
effect of national culture on these relationships. Regarding the
moderating effect, perceived usefulness and perceived ease of
use have a greater impact on adoption intention for people in
individualistic, masculine, low uncertainty avoidance and
indulgence cultures, respectively.
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Abstract
Background: Artificial intelligence (AI) has revolutionized health care delivery in recent years. There is an increase in research
for advanced AI techniques, such as deep learning, to build predictive models for the early detection of diseases. Such predictive
models leverage mobile health (mHealth) data from wearable sensors and smartphones to discover novel ways for detecting and
managing chronic diseases and mental health conditions.
Objective: Currently, little is known about the use of AI-powered mHealth (AIM) settings. Therefore, this scoping review aims
to map current research on the emerging use of AIM for managing diseases and promoting health. Our objective is to synthesize
research in AIM models that have increasingly been used for health care delivery in the last 2 years.
Methods: Using Arksey and O’Malley’s 5-point framework for conducting scoping reviews, we reviewed AIM literature from
the past 2 years in the fields of biomedical technology, AI, and information systems. We searched 3 databases, PubsOnline at
INFORMS, e-journal archive at MIS Quarterly, and Association for Computing Machinery (ACM) Digital Library using keywords
such as “mobile healthcare,” “wearable medical sensors,” “smartphones”, and “AI.” We included AIM articles and excluded
technical articles focused only on AI models. We also used the PRISMA (Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) technique for identifying articles that represent a comprehensive view of current research in the AIM domain.
Results: We screened 108 articles focusing on developing AIM models for ensuring better health care delivery, detecting
diseases early, and diagnosing chronic health conditions, and 37 articles were eligible for inclusion, with 31 of the 37 articles
being published last year (76%). Of the included articles, 9 studied AI models to detect serious mental health issues, such as
depression and suicidal tendencies, and chronic health conditions, such as sleep apnea and diabetes. Several articles discussed
the application of AIM models for remote patient monitoring and disease management. The considered primary health concerns
belonged to 3 categories: mental health, physical health, and health promotion and wellness. Moreover, 14 of the 37 articles used
AIM applications to research physical health, representing 38% of the total studies. Finally, 28 out of the 37 (76%) studies used
proprietary data sets rather than public data sets. We found a lack of research in addressing chronic mental health issues and a
lack of publicly available data sets for AIM research.
Conclusions: The application of AIM models for disease detection and management is a growing research domain. These
models provide accurate predictions for enabling preventive care on a broader scale in the health care domain. Given the
ever-increasing need for remote disease management during the pandemic, recent AI techniques, such as federated learning and
explainable AI, can act as a catalyst for increasing the adoption of AIM and enabling secure data sharing across the health care
industry.
(JMIR Mhealth Uhealth 2022;10(6):e35053) doi:10.2196/35053
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Introduction
Initially, information technology systems were mainly used to
record patient data [1], but the rapid development in technology
over the years has paved the way for data analytics and machine
learning (ML) to be applied in the health care domain [2].
Advanced artificial intelligence (AI) techniques combined with
the rapid integration of medical internet of things (IoT) devices
[3] has led to an increase in research on digital health care and
preventive medicine [4]. Such research focuses on mobile health
(mHealth) technologies that are used to monitor serious ailments,
like asthma, diabetes, and sleep apnea, and to ensure patient
well-being and safety [5]. mHealth is a critical sector of the
health care information technology industry that has grown
rapidly in recent years [6]. This growth has been fueled by the
rise in wearable technologies [7], mobile sensors [8], and the
exponential increase in the number of IoT devices in general
[9]. Such devices are increasingly used in hospitals and medical
institutions [10] for constant patient monitoring [11] and
intensive care unit capacity monitoring. Coinciding with the
increase in the use of IoT devices, the wearing of health devices
outside hospital premises for remote in-home care has also
increased [12]. This has led to both a greater level of research
[13] and higher investment in mHealth [14]. Researchers have
stressed mHealth’s importance in challenging times such as the
current pandemic to enable the provision of remote health care
facilities [15]. Recent research indicates that there has been a
significant increase in mHealth usage since COVID-19 [16].
AI has helped scholars to research new avenues of clinical care
that are focused on ensuring the maintenance of social distancing
and better hygiene and have developed remote mHealth
capabilities that can enable patient care during and after
COVID-19 [17,18].
With the increase in mHealth research, there have been
significant improvements in the level of AI available to
researchers as well. These improvements offer more accurate
insights and results than does traditional ML while
simultaneously preserving patient privacy and ensuring a high
data security standard. Deep learning (DL) and federated
learning (FL) [19,20] are some examples of these newer
techniques that ensure data security and privacy. Consequently,
researchers have used AI techniques to study novel scenarios
and tasks within the health care IT domain, from using it to
classify and predict disease occurrence [21], to detecting the
presence of chronic illnesses [22], and even assisting doctors
in making decisions about preventive health care programs [23].
AI has been successfully integrated with the health care sector,
and many systematic literature surveys outline its importance
to this domain [24-26].
Recently, research related to AI techniques in the mHealth sector
has increased considerably [27]. This can be attributed to the
rapid evolution and acceptance of telehealth during the
COVID-19 pandemic [28]. As a result of several changes in
telehealth policies (telehealth integration into hospital portals,
expanding insurance coverage for telehealth services, and
https://mhealth.jmir.org/2022/6/e35053
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increasing patient choices for telehealth services) [29,30],
telehealth has emerged as a viable alternative to providing care
to noncritical patients [31], thus enabling hospitals and medical
institutions to direct their resources to serving critical patients.
The adoption of mHealth devices has also increased during this
period [16], providing both localized and personalized patient
information [32] and resulting in the generation of a large
amount of data which is particularly well-suited to train AI
models. ML algorithms running locally on smart and wearable
devices have led to novel insights. For instance, researchers use
AI to study neurogenerative disorders like Parkinson [33] and
Alzheimer [34] disease, which exhibit latent temporal symptoms
that are difficult to characterize without mHealth sensors. This
symbiosis of AI and mHealth technologies is crucial for the
development of remote health care infrastructure that can better
inform physicians and benefit millions of patients.
Using mHealth sensors, researchers have documented disease
progression [35], depicting how an illness spreads or manifests
over time in a patient. These insights can be significant in the
early diagnosis and treatment of chronic diseases and
management of symptoms hitherto undetectable by traditional
patient monitoring within hospitals and assisted living facilities.
This confluence of AI and mHealth has given rise to a new
domain of research that studies the combination of these 2
research streams. It is known as AI-powered mHealth (AIM)
[36]. Using AI techniques in the application of mHealth
scenarios can have numerous benefits, such as the automatic
detection of chronic disease occurrence [21], real-time prediction
and intervention for suicide prevention [37], facilitating
emergency response [38], enabling patient rehabilitation [39],
providing noninvasive care [40,41], and preventing medical
errors. Preventable medical error is a significant cause of death
in the USA. Clinical decision-making technology can
significantly reduce it by using real-time data from wearable
health sensors [42,43].
AIM devices can power ubiquitous health care solutions through
remote patient monitoring [44], which is essential for providing
health services in remote and medically underserved areas,
where patients are not connected with modern health care
systems. AIM can also enable at-risk minority populations who
do not have access to health care facilities receive quality health
care with ease [45,46]. With the development of newer AI
techniques, such as DL, reinforcement learning, and few-shot
learning, the domain of AIM will only grow in the future
[47,48]. Furthermore, mHealth has implications for remote
patient-monitoring and telehealth research and practice, which
is becoming a reality much faster than the medical industry
expected because of the COVID-19 pandemic [49].
Prior research focusing on the application of AI in the health
care domain noted that certain implementation factors exist that
prevent large scale automation of the health care sector [50].
However, with the advancement in AI techniques and the advent
of DL, there has been a significant rise in both AIM research
and practice. Previous surveys of mHealth have focused on only
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niche conditions, such as musculoskeletal medicine [51], or
have attempted to study perceptions of AI in the mHealth
domain and health care settings in general [52,53].
Over the last couple of years, there have been significant
advances in both the usage of AI and mHealth. In this regard,
several recent studies share an overlapping context (AI +
mHealth) [54-57] in seeking to explain and implement the
clinical use of AI in mHealth settings. A current review of such
research is lacking, which presents a gap in the AI mHealth
literature. Therefore, it is necessary to survey the current state
of the art in AIM research (eg, current work, current solutions,
and future opportunities) both in the mHealth industry and the
field of AI. A scoping review of this research is much needed,
as it addresses the gap in literature related to an in-depth analysis
of AI capabilities currently being used in the mHealth settings.
Our aim in this paper is to further expand the research scope of
this critical health care domain and explore the opportunities
for future development. To the best of our knowledge, this is
the first attempt to survey research on AIM analytics. Our
objective is also to map current research on the growing use of
AIM for remote patient-monitoring and examine how
researchers use patient data for building AI models for disease
management.

Bhatt et al
The articles screened for this review were published in the 3
major domains of biomedical technology, AI, and IS. In this
regard, the journals and articles searched were from top venues
in these domains. We searched the Journal of Biomedical
Informatics, Journal of Medical Internet Research, and Nature
Medicine for biomedical technology articles. For AI, we focused
our efforts on recent top conferences including the Conference
on Neural Information Processing Systems (NeurIPS) and the
Association for the Advancement of Artificial Intelligence
(AAAI). Within these conferences, we looked at ML for health,
ML for mobile health, ML for public health, and web search
and data mining. As for IS, we searched articles in the top
journals of Management Information Systems Quarterly (MISQ),
Information Systems Research (ISR), and ACM’s Transactions
journals. These studies are related to the use of health care
technology combined with a behavioral component that seeks
to explain how AI can define patient well-being. We used the
keywords “mobile health,” “mHealth,” “mobile healthcare,”
“mobile sensors,” “wearable sensors,” “medical sensors,”
“smartphone data,” “ML,” and “AI.”

Step 3: Study Selection

We started by identifying our research questions (RQs) and
aimed to survey the literature on the current use of AIM to
identify and manage different health conditions. We also
investigated the use of data collected from wearable sensors
and mobile devices for building AIM models.

After selecting relevant articles, we defined our study selection
metrics based on the inclusion and exclusion criteria as specified
in Table S1 in Multimedia Appendix 1. We eliminated several
articles identified through our keyword searches that did not
meet the criteria. During the last 2 years, there has been a
significant increase in research in AIM [59]. In the same period,
researchers have developed and used newer AI techniques, such
as FL and XAI, to build predictive privacy-preserving models
[20] for disease management. Therefore, we decided to limit
the search for AIM articles to the last 2 years. Additionally, we
considered articles where both AI and mHealth concepts were
specifically used in the study design or the primary research
motivation for the paper. Finally, each author independently
read article summaries and abstracts to determine their eligibility
for this scoping review based on the inclusion and exclusion
criteria as specified in Table S1 in Multimedia Appendix 1.

Step 2: Identifying Relevant Studies

Step 4: Charting the Data

After specifying our RQs, we identified relevant studies to be
screened in this review. This involved searching electronic
databases including PubsOnline at INFORMS and the e-journal
archive at MIS Quarterly for information systems (IS) articles.
We used the Association for Computing Machinery (ACM)
Digital Library, which catalogs research from top conferences
and journals in the AI domain, for AI articles. We also used a
search query in Google Scholar with a 2-year filter (since 2019)
for including recent articles on specific advancements in the
field of AIM related to the use of FL and explainable AI (XAI).
The state of the art in AI until 2019 had been covered by
previous researchers in surveys and reviews on AI in the health
care sector [50,51,53]; therefore, we decided to focus on articles
from 2019 and beyond. Moreover, since DL has only been
growing in the health care domain during the last couple of
years and newer AIM techniques such as FL have recently
emerged as privacy-preserving mechanisms, we decided to limit
the search to articles published from 2019 to the present.

After selection of the studies for this scoping review, we
segregated articles according to research streams (biomedical
technology, AI, IS), type of data used (public vs proprietary),
and health conditions (physical health, mental health, and
general health promotion and wellness). Articles related to
physical health examined the use of AIM for disease
management of chronic health issues, such as asthma and
diabetes, and neurological illnesses, such as Alzheimer and
Parkinson disease. These severe health conditions are difficult
to manage without active support from physicians, and thus,
the application of mHealth sensors can be used to track patients
with these conditions. Studies focused on general health
promotion and wellness were related to nonchronic conditions
that do not require constant medical supervision, such as leading
an active lifestyle and engaging in regular exercise. mHealth
sensors can notify and remind people to engage in physical
activity to have an overall better level of physical health. Articles
related to mental health focused on using AIM to facilitate the

Methods
Scoping reviews are used to examine the extent, range, and
nature of research activity in a particular domain. In this context,
we used Arksey and O’Malley’s [58] 5-step scoping review
framework to guide our search strategy for reviewing current
peer-reviewed AIM research.

Step 1: Identifying Research Questions
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detection of mental health issues among the population by
collecting data from personal devices.
Since public data has massive potential for enabling broader
collaboration in health care technology usage and AIM adoption
across organizational, national, and international boundaries,
we also divided articles based on the data set they used. Studies
using publicly available data sets are more effective in bringing
out the potential impact of AIM and inspiring confidence among
the public and medical institutions in the efficacy of AIM
models.

Step 5: Collating, Summarizing, and Reporting the
Results
Finally, in the results section, we collate, summarize, and report
the findings from this review. We discuss their implications for
future AIM research in the discussion section and present results
of the PRISMA (Preferred Reporting Items for Systematic
Reviews and Meta-Analyses) technique we used to identify and
select articles for this review. We also discuss the selected 37
articles using AIM capabilities for disease management and
monitoring physical and mental health conditions. Furthermore,
some of the articles focused on using AIM models for enhancing
general health promotion and wellness of people.

Results
Step 1: Identifying RQs
After careful consideration and discussions, we decided to define
the scope of our review paper based on the shared capabilities
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of AI and mHealth. Through deliberations, we decided to focus
on the emerging uses of AI in the current state-of-the-art mobile
health care domain. In this regard, we identified the following
3 RQs of value for both researchers and practitioners in this
scoping review: (1) What are the major health conditions being
researched in the AI-powered mHealth (AIM) domain? (2) How
do AIM techniques use the data collected from wearable sensors
and mHealth devices? (3) What are the requirements for
facilitating the rapid adoption of AIM models in hospitals and
medical institutions in the health care sector?

Step 2: Identifying Relevant Studies
We initially started with 108 articles related to each of the 3
domains in this study: biomedical technology, AI, and IS. We
identified 108 relevant studies in total: 101 from our selected
databases (PubsOnline, n=34; e-journal archive at MISQ, n=27;
and ACM Digital Library, n=40) and 7 articles through reference
checking in search engines.

Step 3: Study Selection
Using the PRISMA technique depicted in Figure 1, 37 articles
matched the study selection criteria for this scoping review.
When selecting the articles, we proceeded to remove duplicate
articles (n=8) that had both a journal and conference version
(journal version included in review) and screened the title and
abstract of the selected articles (n=27) to ensure sufficient AIand mHealth-based content was present in the work. Upon final
selection, we independently screened the full text of the
remaining articles (n=3).
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram. ACM: Association for Computing Machinery;
AI: artificial intelligence; IS: information systems; MISQ: Management Information Systems Quarterly; ML: machine learning.

Step 4: Charting the Data
The majority of the articles identified used mixed method
research with participant-based studies that focused on using
mHealth devices to collect data from people experiencing a
certain health condition (asthma, diabetes, suicidal tendencies,
depression, etc) and then using the data collected to train AI
models to automatically detect such conditions; otherwise, they
were analytical studies that applied AI models to publicly
available data sets. The final set of 37 articles included in this
review are presented in Table S2 in Multimedia Appendix 1.
Of the 37 articles, 31 were published in 2020 (84%), and 23 out
of the 37 (62%) articles were from AI databases which
represented the largest domain included in our review. Of the
23 articles within the AI domain, 17 (74%) mainly focused on
physical health and chronic health conditions. Both these
conditions were researched in most of the articles included in
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the review. Physical health articles primarily focused on using
AIM models for human activity recognition and analyzing
people’s activities of daily living. The data used in these studies
were collected using multiple mHealth devices, such as object
and motion detection sensors. However, accessing large
repositories of such data is difficult because data sharing among
medical institutions, hospitals, and clinical studies is often
restricted [20]. This gives rise to a lack of availability of quality
data sets for building AIM models, which was also observed in
our review, as 28 out of the total 37 (76%) articles used
proprietary data sets rather than public ones. Finally, mental
health studies used a combination of qualitative techniques,
such as surveys and smartphone sensors, to augment their data
collection. These data were used for building predictive models
that detect depression and suicidal tendencies in people. Figure
2 below presents the different metrics of the selected articles in
our scoping review.
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Figure 2. Statistics of different AI-powered mobile health domains (N=37). AI: artificial intelligence; IS: information systems.

Step 5: Collating, Summarizing, and Reporting the
Results
The results from our scoping review help to answer our RQ1
about the major health conditions being researched in the AIM
domain and our RQ2 about how AIM data collected from
wearable sensors and mHealth devices are used by researchers.
In terms of RQ1, 3 major categories are being researched in the
AIM domain: mental health, physical health, and chronic health
conditions. For RQ2, most of the studies use data collected from
AIM devices to build and train advanced AI models that seek
to detect, predict, and manage health conditions in general.
As we discussed the results of our scoping review of articles
on AIM, we observed the research in this domain is concentrated
in 3 distinct categories of physical health, mental health, and
chronic health conditions, as presented in Figure 3.
Most of the studies in the scoping review focused on chronic
health conditions, such as cardiovascular conditions related to
heart disease, stroke, arrhythmia, and atrial fibrillation;
respiratory conditions, such as sleep apnea, asthma, and
COVID-19 monitoring; and other conditions chronic conditions,
such as diabetes, arthritis, and Parkinson disease. These studies
explain how AIM models are used to enable greater
self-management of chronic diseases by providing real-time
health insights to patients and doctors [56,60]. AIM models
focused on chronic health conditions are developed using
https://mhealth.jmir.org/2022/6/e35053
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heterogeneous data, including text, audio, and rhythmic body
movements, collected from wearable and mobile sensors,
[54,55,57,61]. Researchers note that the physiological features
of people, such as their height, weight, and metabolism, can be
used as data points to train personalized AIM models [62]. These
models can then predict the types of chronic health conditions
a person may be susceptible to (currently and in the future) [63].
For instance, researchers used AIM models to predict the
likelihood of an imminent episode of Parkinson that may result
in a patient falling [64]. Moreover, other researchers have
demonstrated the effectiveness of AIM models in enhancing
the development of preventive and precision medicine and
detecting early signs of the onset of chronic conditions, such as
in imminent asthma attacks [65,66].
After chronic conditions, the next major category of studies
focused on mental health conditions for which research has
recently increased [67]. Included were articles that sought to
understand the nature, causes, and consequences of mental
disorders. Studies in this category focused on using mobile
sensors to predict people’s moods and behaviors while also
determining the causes responsible for such a shift in them
[68,69]. Research aimed at understanding the causes and
consequences of mental disorders is fundamental in clinical
psychiatry [70] and can be used to provide interventions to
people who exhibit antisocial behavior [71]. Studies relating to
the consequences of mental health disorders play a crucial role
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in identifying at-risk populations who might be suffering from
suicidal tendencies. In some of our selected articles, researchers
inferred suicidal tendencies from smartphone usage [72,73].
Smartphone usage can also help the understanding of the causes
of mental health disorders. The mood of a person is indicative
of the emotional state they are in. There is growing evidence to
suggest people’s moods (happy, sad, etc) and their inner
emotional states (anxiety, depression, panic, etc) are interlinked
[74,75]. Several studies have successfully pursued this link to
identify people vulnerable to suffering from mental disorders
[76,77]. For instance, some authors [76] used an AIM model
to find emotionally distressed people in online social networks.
The model analyzes the text of users’ posts to detect the usage
of negative words or phrases (eg, “I am all alone,” “I don’t want
to live anymore”) that indicate if a person is feeling suicidal.
Similarly, other authors [77] also used data from wearable
sensors to build AIM models that detect whether people are
under emotional stress and determine the underlying causes for
mental disorders.
The final category of studies focused on the use of AIM devices
to monitor people’s physical health. The articles studied different
mental, social, and physical activities that people engage in and
collected data using AIM devices. These data were used to build
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AIM models that detect when people were not engaging in their
regular activities, such as exercising and walking. Once a lack
of social or physical activity is detected, the AIM model sends
out personalized suggestions encouraging people to lead an
active lifestyle [78,79]. Such AIM models can also detect
prolonged periods of human inactivity, which is of particular
importance when monitoring the health of older adults. Studies
show data related to heart rate and self-reported fatigue levels
can be used to share automatic suggestions that remind people
to engage in healthy exercise [80-83]. In addition, AIM devices
can be used for monitoring the movements of older adults
through the use of mobile sensors, such as wearable and object
detection sensors [84-87]. Data collected through AIM devices
can also identify human activity and encourage safe physical
health practices [59,88]. For instance, during the current
pandemic, researchers have used AIM devices to build models
that identify and detect dangerous COVID-19 behavior, such
as face touching [89,90]. Further, the use of AIM devices can
help to ensure privacy and protect people’s private health data
[91] by using AI techniques, such as FL, that can prevent data
from being transferred outside AIM devices. These kinds of
varied applications showcase the versatility of the AIM domain
for ensuring the physical health of people.

Figure 3. Studies in the AIM Domain. mHealth: mobile health.

Discussion
The findings from our scoping review showcase the benefits of
using AIM in applications ranging from clinical care [92] to
improvements in the overall adoption and access of telehealth
services [29,30]. A key finding to discuss from our work is how
the recent confluence of AI and mobile wearable technology
has resulted in the increase in mHealth usage [16]. Another
important insight to consider is how mHealth and telehealth
have emerged as reliable avenues to provide noncritical care to
patients [31], which is vital during the current pandemic. This
is also evident in many of the papers included in this review
[78,81,83].
This review surveys the recent developments in the AIM
domain, and based on our findings, we present some practical
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recommendations for future research. First, by using the recent
advances in AI techniques of FL and XAI, AIM could facilitate
an even broader expansion and provision of mHealth services
which is also evidenced by its significant use during the
pandemic [16]. Second, the increased adoption of such services
can be helpful in building a consensus about the rules governing
the usage of wearable technologies in medical institutions.
Currently, hospitals use proprietary mHealth devices that do
not allow data sharing even if it is for critical research purposes
[20]. With the increase in adoption, different health care
institutions can come together and create a shared set of rules
that can enable AI-based models to study the data from across
all participating institutions, thus resulting in the generation of
more robust and accurate medical insights. Third, given the
importance of health care access for all sections of society,
governments and private institutions should promote the use of
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mHealth in their digital health efforts and public safety
campaigns.
Given the growing importance of remote health and telehealth
facilities during the COVID-19 pandemic, we conclude that it
is important to facilitate greater adoption of remote health
monitoring devices, protect patient privacy, and increase
people’s trust in smart wearable health devices. This is because
our findings show that mHealth indeed plays a significant role
in shaping the future of how citizens access health care facilities
in testing times such as a pandemic. In this regard, some recent
AI techniques that can accelerate its adoption and enable faster
implementation across hospitals, medical institutions, and users
at large are discussed. The discussion of these techniques also
answers RQ3 about the requirements for facilitating the rapid
adoption of AIM models in hospitals and medical institutions
in the health care sector and how recent AI techniques can be
implemented to strengthen research in the AIM domain.
To protect patients’ privacy, ML techniques such as DL, FL,
and transfer learning can effectively drive the smart health care
revolution. These techniques use privacy-preserving feature
engineering to translate vast amounts of biomedical data into
actionable and potentially life-saving human health outcomes
[93]. From the analysis of the papers included in this survey,
we observe that a critical outcome of applying DL in the
mHealth analytics domain is that it results in the development
of powerful algorithms. These algorithms provide excellent
capabilities to predict and detect diseases early, thus enabling
efforts to provide preventive medicine and care to vulnerable
people [94]. Since users’ data exist in isolated silos or islands
across different hospitals and medical institutions, it becomes
increasingly difficult for researchers working in this domain to
access these data. Moreover, generalizing the performance of
an ML model for a large population becomes difficult in the
absence of personalized data about individuals [95]. Recent
advances in FL and transfer learning show that it is a promising
solution in such scenarios. It ensures data privacy, as user data
never leave an institution [96]. In addition, model insights
learned from one set of data can be transferred to make
predictions for another set of data. When FL models are used,
data remain static and situated at the source, thereby protecting
privacy. The only information exchange under such models
involves purely numerical representations of stochastic gradient
descent. These numerical data cannot be used to reverse engineer
and determine the source of data. The use of such techniques
can help dismantle privacy barriers that are associated with
health care data access. It can enable greater collaboration
between the medical, research, and practitioner communities
while ensuring faster development and integration of AIM in
the health care sector. To this effect, the 3 identified research
streams can act as guiding principles for providing holistic
health care services that cover the mind, body, and spirit of
people. It can also ensure that people receive the best possible
care in the shortest time and with maximum efficacy.
The DARPA (Defense Advanced Research Projects Agency)
XAI program strives to support the development of AI systems
whose models can be interpreted, understood, and trusted by
end users [97]. XAI is necessary for the future of AIM
integration, as it can help increase the acceptability and
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understanding of ML techniques and models in the health care
domain. With increased knowledge of AI models, we can expect
an increase in the adoption rate of AIM in the health care
industry, as is evidenced by various studies relating to the
technology acceptance model [98]. According to this model, as
the ease of use of technology increases, so does the intention
and behavior of people to engage in and use the said technology.
In this case, as AI models become increasingly easy to use and
deploy, their widespread adoption will significantly increase
hospitals’ efficacy. It will also result in better providing remote
health services that depend on crucial data from patients’
wearable sensor devices. Adadi et al [99] conducted in-depth
survey on XAI and note its diverse implications for the medical
field in the future. They emphasize how the lack of transparency
in ML models is one of the primary reasons for the nonadoption
of AI in the health care industry. Peeking inside the black-box
nature of AI is thus an effective way to overcome the
impediments that limited knowledge and understanding place
on the use of AIM. Gordon et al [100] have shown how XAI
techniques can be used in surgical and operative settings in
hospitals and in processing medical data for real-time clinical
decision support. These models can help surgical teams to
analyze, anticipate, understand, and prevent adverse
intraoperative events. In another study, Payrovnaziri et al [101]
surveyed how XAI specifically can be used to model real-world
electronic health record data. They identify several gaps in the
literature and conclude XAI has not been adequately pursued
and practiced in medicine. They acknowledge there are several
opportunities available where the adoption and application of
XAI can significantly enhance mHealth. These have important
implications for both research and practice. The recency of these
surveys underscores the importance of AIM in the health care
sector and provides a guideline for future research into this
critical domain.
As with most scoping reviews, there are some limitations in
this work. First, we only considered research from the 3 domains
of biomedical technology, IS, and AI. Second, we did not
consider the social aspect of AIM technology in this paper, but
it is an emerging aspect of health care research. We will work
to address these limitations in our future work. Third, we
considered only a limited number of databases for selecting the
articles and had to restrict the search so that we could focus on
articles that address the latest transdisciplinary research context
of AI, biomedical technology, and IS. Such work included
papers that were published in niche ML and AI conference
proceedings and listed within a particular database, for instance
the ACM Digital Library. However, the databases we selected
are comprehensive avenues for state-of-the-art research in the
AIM domain and include the latest peer-reviewed research
literature in the 3 streams.
Our findings from this scoping review indicate that there has
recently been considerable increase in the research, practice,
and adoption of mHealth and AI capabilities in the health care
sector, which has resulted in significant advances in both critical
and noncritical clinical care. However, certain areas still exist
where there is a lack of AI research, such as in addressing mental
health issues. A particular reason for this lack of research can
be attributed to the nonavailability of public data sets hindering
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the widespread adoption of the AIM domain. A solution for this
problem is to ensure collaboration and data sharing among
different medical institutions. Such collaborative efforts will
ensure the better utilization of AI tools by doctors, physicians,
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and hospitals alike. Furthermore, new and advanced AI
techniques, such as FL and XAI, are rapidly being developed
by researchers, and their subsequent adoption in real-world
scenarios will likely have life-saving consequences in the future.
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Abstract
Background: Wearable technology is a leading fitness trend in the growing commercial industry and an established method
for collecting 24-hour physical behavior data in research studies. High-quality free-living validation studies are required to enable
both researchers and consumers to make guided decisions on which study to rely on and which device to use. However, reviews
focusing on the quality of free-living validation studies in adults are lacking.
Objective: This study aimed to raise researchers’ and consumers’ attention to the quality of published validation protocols while
aiming to identify and compare specific consistencies or inconsistencies between protocols. We aimed to provide a comprehensive
and historical overview of which wearable devices have been validated for which purpose and whether they show promise for
use in further studies.
Methods: Peer-reviewed validation studies from electronic databases, as well as backward and forward citation searches (1970
to July 2021), with the following, required indicators were included: protocol must include real-life conditions, outcome must
belong to one dimension of the 24-hour physical behavior construct (intensity, posture or activity type, and biological state), the
protocol must include a criterion measure, and study results must be published in English-language journals. The risk of bias was
evaluated using the Quality Assessment of Diagnostic Accuracy Studies-2 tool with 9 questions separated into 4 domains (patient
selection or study design, index measure, criterion measure, and flow and time).
Results: Of the 13,285 unique search results, 222 (1.67%) articles were included. Most studies (153/237, 64.6%) validated an
intensity measure outcome such as energy expenditure. However, only 19.8% (47/237) validated biological state and 15.6%
(37/237) validated posture or activity-type outcomes. Across all studies, 163 different wearables were identified. Of these, 58.9%
(96/163) were validated only once. ActiGraph GT3X/GT3X+ (36/163, 22.1%), Fitbit Flex (20/163, 12.3%), and ActivPAL
(12/163, 7.4%) were used most often in the included studies. The percentage of participants meeting the quality criteria ranged
from 38.8% (92/237) to 92.4% (219/237). On the basis of our classification tree to evaluate the overall study quality, 4.6% (11/237)
of studies were classified as low risk. Furthermore, 16% (38/237) of studies were classified as having some concerns, and 72.9%
(173/237) of studies were classified as high risk.
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Conclusions: Overall, free-living validation studies of wearables are characterized by low methodological quality, large variability
in design, and focus on intensity. Future research should strongly aim at biological state and posture or activity outcomes and
strive for standardized protocols embedded in a validation framework. Standardized protocols for free-living validation embedded
in a framework are urgently needed to inform and guide stakeholders (eg, manufacturers, scientists, and consumers) in selecting
wearables for self-tracking purposes, applying wearables in health studies, and fostering innovation to achieve improved validity.
(JMIR Mhealth Uhealth 2022;10(6):e36377) doi:10.2196/36377
KEYWORDS
wearables; validation; sedentary behavior; physical activity; sleep

Introduction
24-Hour Physical Behavior
Although physical activity (PA) has been commonly assessed
using self-report measures in the past decades, device-based
measurement of PA research has been on the rise for several
years. This method has also developed since its implementation
and moved forward from assessing single parameters such as
steps and counts, over the assessment of sedentary behavior
(SB) and PA in parallel, to an integrated perspective of different
movement and nonmovement patterns—the so-called 24-hour
activity cycle (24-HAC) [1,2]. Studies have shown that these
different parameters independently contribute to health. Hence,
the current World Health Organization guidelines [3] encourage
adults and older adults to increase the time spent on PA while
simultaneously limiting the amount of sedentary time. Positive
implications can be expected for overall physical and mental
health throughout the life span, including having a healthy sleep
pattern to this recommendation.
This apparent shift from investigating a single behavior such
as PA to a multi-perspective focus on 24-hour physical behavior
(ie, including sleep, SB, and PA) has also been theoretically
addressed. Rosenberger et al [1] introduced the 24-HAC model
as a new paradigm for PA, and Trembley et al [2] provided a
conceptual model of movement-based terminology around the
24-hour cycle. This approach was further extended by the
Prospective Physical Activity, Sitting, and Sleep consortium,
which suggested a subdivision of the 24-hour physical behavior
construct into 3 behaviors by applying different dimensions [4],
meaning that each behavior covers aspects of biological (ie,
sleep or awake), postural (eg, lying, sitting, and upright), and
intensity (eg, light, moderate, and vigorous) dimensions.
Therefore, the differentiation among PA, SB, and sleep in terms
of the 24-HAC model requires valid and simultaneous
assessments of all 3 dimensions (ie, biological state, posture or
activity type, and intensity; Multimedia Appendix 1, Table S1
[5-226]) under real-life conditions. Rigorous validation studies
performed in a free-living environment are necessary to
accurately predict the performance of a device and algorithm
under real-life conditions.

Wearable Technology and Validation
As technical opportunities have evolved rapidly during the past
decades, wearables (ie, body-worn devices such as
accelerometers, smartwatches, pedometers, or fitness trackers)
have become a leading fitness trend, with an estimated US $95
billion industry [227], which is still growing. Moreover, a
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considerable number of research studies integrated device-based
methods to capture physical behavior data, and first discussions
have already come up on whether it is prime time for wearables
with scientific validation to be a global physical behavior
surveillance methodology [228,229]. However, the application
of wearables in studies that assess health-related questions
presents several methodological and practical challenges. For
example, strategies for data processing, monitoring protocols,
assessment limitations (eg, muscle-strengthening exercises),
and quality criteria such as validity need to be taken into account
[230].
An important test quality criterion is the concept of validity,
which represents a fundamental criterion for evaluating the
quality of an instrument, referring to the degree to which it truly
measures the construct it targets [231]. Regarding the 24-hour
physical behavior cycle, researchers are commonly interested
in criterion-referenced validity as their assessed outcome
parameters are highly objective [232]. Although (or because
of) the number of validation studies has increased over the past
years, there is high heterogeneity across published protocols
and used measurement methods, which severely limits valid
device comparisons [233]. Thus, suggestions for standardized
validation procedures have received increasing attention in the
scientific community [233-235].

Standardized Protocols and Validation Framework
There have been several attempts in this direction, as
collaborations such as the INTERLIVE network have already
started developing standardized protocols to validate consumer
wearables for steps [233] and heart rate [236]. Furthermore,
Keadle et al [234] introduced a stage process framework of
validity to facilitate the development and validation of
processing methods for assessing physical behavior using
wearables. This framework contains 5 validation phases with
increasing levels, starting from device manufacturing and
culminating with application in health studies. Validation studies
should be implemented following mechanical testing (phase 0)
and calibration testing (phase 1). Here, a fixed and
semistructured evaluation under laboratory conditions (phase
2) should be applied, followed by an evaluation under real-life
conditions (phase 3) [234]. The validation of devices should
pass through all these stages before the respective device can
be used in health research studies (phase 4). As there is a
nonnegligible difference in error rates between laboratory and
real-life conditions [233], a wide array of activities of daily
living should be captured and compared under real-life
conditions. It also needs to be taken into account that participants
are instructed to perform specific activities under laboratory
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conditions, which may result in unnaturally performed activities
(eg, the Hawthorne effect) [237]. Hence, the quantification of
measurement error is essential to be defined in an unconstrained
free-living environment, and wearables’ outcomes should be
compared with a reference measure such as video recordings
or the doubly labeled water method, depending on the outcome
parameter of choice. Overall, the aim should be the realization
of standardized validation protocols to be embedded in a
framework [233,234], which may have positive implications
for all stakeholders such as manufacturers, scientists, and
consumers. The results of validation studies are helpful to
disabuse consumers and can assist researchers in study design
when selecting an appropriate wearable device for the respective
question or questions to be answered [238,239].

by consulting with a third reviewer (BvHM). Finally, in the
third phase, the full texts of the remaining articles were assessed
for eligibility by 7 members of the author’s team (MG, RN,
DD, KS, SS, IT, and BvHM). Each article was independently
screened by at least two reviewers. Discrepancies in screening
were resolved through discussion until a consensus was reached.
The reviewers were not blinded to the author or journal
information.

Objectives

Population

Although validated devices are a prerequisite for proper research
and validation frameworks have been proposed, to the best of
our knowledge, no previous review has systematically evaluated
the characteristics and quality of free-living validation studies.
This review focuses on the following purposes. First, as our
main purpose, we aimed to raise researchers’ and consumers’
attention to the quality of published validation protocols while
aiming to identify and compare specific consistencies and
inconsistencies between validation protocols. To evaluate the
quality of the studies, we followed core principles,
recommendations, and expert statements [232-234,240] with
published quality criteria (eg, study duration, number of included
participants, selection of criterion measures, and data
synchronization). Second, we aimed to provide a comprehensive
and historical overview of which wearable devices have been
validated for which purpose and whether they show promise
for use in further studies.

Methods
This study followed the PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) reporting guidelines
(Multimedia Appendix 1, Table S2 [5-226]) [241].

Search Strategy and Study Selection
Three separate search strings were combined: terms for
validation analyses, 24-hour physical behavior constructs, and
wearables. An a priori pilot search was conducted to optimize
the final term (Multimedia Appendix 1, Table S3 [5-226]).
Publications from 1970 to December 2020 were searched using
the following databases: EBSCOhost, IEEE Xplore, PubMed,
Scopus, and Web of Science. We reran the search in July 2021
to check for updates and checked the reference lists of included
studies for publications that met the inclusion criteria.
All articles were imported to the Citavi library (Citavi 6.8; Swiss
Academic Software GmbH). After removing all duplicates, the
study selection process included 3 screening phases for
eligibility. In the first phase, 2 reviewers (MG and RN)
independently screened the titles of the publications. Articles
were excluded only if both reviewers categorized them as not
eligible for review purposes. In the second phase, 2 reviewers
(MG and RN) independently screened and reviewed the abstracts
of the publications. Discrepancies in screening were resolved
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Inclusion and Exclusion Criteria
On the basis of the population, intervention, comparison, and
outcome principle [242], we included peer-reviewed
English-language publications that met the criteria described
in the following sections.
Participants were adults and older adults aged ≥18 years,
regardless of health conditions. Studies that specifically targeted
adults and populations of older adults (aged ≥18 years) were
excluded.

Intervention
Any wearable validation study in which at least one part of the
study was conducted under free-living (naturalistic or real-life)
conditions (eg, at participants’ homes or schools and without
instructions on when to start or stop a particular activity) was
included. Studies in which the protocol was conducted under
laboratory conditions were excluded.

Control or Comparison
We included only studies where a criterion measure was
described (eg, observation or wearable devices) and excluded
all studies where no criterion measure was described (eg,
comparison between 2 devices without indicating a criterion
measure).

Outcomes
Studies were included in which the wearable outcome or
outcomes could be classified into at least one dimension of the
24-hour physical behavior construct (ie, biological state, posture
or activity type, or intensity [4]; Multimedia Appendix 1, Table
S1 [5-226]). We excluded studies in which the outcome did not
distinguish among sleep-wake states; intensities; or posture or
activity types such as sleep quality, gait analyses, or heart rate
parameters.

Data Extraction and Synthesis
Data extraction and synthesis were conducted independently
by 2 authors (MG, RN, DD, KW, SS, or IT). Discrepancies
were discussed until a consensus was reached. The following
study details were extracted: author, year, location, population
information (sample size, mean age of participants, percentage
of females, and ethnicity), measurement period, validated
wearable device (wearing position, software, epoch length, and
cutoff point or algorithm), dimensions of the 24-hour physical
behavior construct (biological state, intensity, and posture or
activity type), validated outcome, criterion measure, statistical
analyses for validation purposes, conclusion, and funding
information. Given the wide range of study protocols in terms
of varying conditions (eg, wear location, measurement duration,
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conducted a narrative synthesis based on the reported results or
conclusions. The data synthesis focused on the purpose (ie,
whether the included wearables showed promise for use in
further studies). In particular, we classified the studies as
moderate to strong validity, mixed results, and poor or weak
validity.

Quality Assessment
The risk of bias for each article was evaluated using the Quality
Assessment of Diagnostic Accuracy Studies-2 (QUADAS-2)
tool [240]. The tool comprises 4 different domains (ie, patient
selection, index measure, criterion measure, and flow and
timing). Following the QUADAS-2 guidelines, we selected a
set of signaling questions for each domain and added questions
modified from the QUADAS-2 background document based
on core principles, recommendations, and expert statements for
validation studies [232-234,240]. The risk of bias assessment
was independently conducted by at least two authors.
Discrepancies were discussed until a consensus was reached.
The study quality was evaluated at the domain level; that is, if
all signaling questions for a domain were answered yes, then
the risk of bias was deemed to be low. If any signaling question
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was answered no, then the risk of bias was deemed to be high.
The unclear category was only used when insufficient data were
reported for evaluation. On the basis of domain-level ratings,
we created a decision tree to evaluate the overall study quality
as low risk, some concerns, or high risk (Multimedia Appendix
1, Figure S1 [5-226]).

Results
Overview
The search resulted in 13,285 unique records, with 222 (1.67%)
publications being included [5-226] (Figure 1). Most studies
(208/222, 93.7%) validated an outcome from one dimension,
whereas few (14/222, 6.3%) studies validated outcomes from
2 different dimensions (ie, intensity and posture or activity type
or intensity and biological state) at the same time during a study
protocol. Only 0.5% (1/222) of studies included outcomes from
all the 3 dimensions. In particular, of all the 237 identified
outcomes, 153 (64.6%) were classified into the intensity
dimension, 38 (16%) were classified into the posture or activity
type dimension, and 47 (21.2%) were classified into the
biological state dimension.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart illustrating the literature search and screening
process.
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Participant and Study Characteristics
Of the included studies, 84.2% (187/222) were published within
the past decade (in or after 2011), indicating the increasing use
of wearable technologies for physical behavior measurement
(Table 1); 93.2% (207/222) were conducted in wealthier
high-income countries in North America, Europe, or Australia
and Oceania. The number of participants ranged between 1 and
3752, although most studies (113/222, 50.9%) recruited between
20 and 50 participants. The mean age of the participant samples
ranged between young (18.0, SD 0.6 years) and older adults
(86.4, SD 6.0 years). In most studies, the mean age of the sample
was between 18 and 64 years, and the proportion of female
participants ranged from 26% to 74% (144/222, 64.8%). Healthy
participants were recruited in 79.7% (177/222) of all studies,
whereas 20.7% (46/222) of all studies included participants
with different physical and mental health restrictions such as
cardiometabolic diseases or chronic heart failure in 2.7%
(6/222), chronic obstructive pulmonary disease in 2.7% (6/222),
stroke in 2.3% (5/222), insomnia in 2.3% (5/222), or intellectual
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and visual disabilities in 0.9% (2/222). Information about the
participants’ ethnicity was reported in 14.9% (33/222) of all
studies. The conceptualization of study protocols regarding
measurement duration varied between approximately 30 minutes
and up to several weeks. The study duration of ≤1 day was
predominantly for studies that focused on posture or
activity-type outcomes (ie, in 18/36, 50% of the included
studies). Most studies (205/222, 92.3%) conducted statistical
analyses at the person or study level (eg, correlations, 2-tailed
t tests, and repeated-measures ANOVA). Some studies (21/222,
9.5%) conducted both person or study-level analyses and
epoch-by-epoch comparisons (eg, sensitivity and specificity).
Approximately 10.4% (23/222) of studies reported that the
manufacturer was involved in the study funding or provided
devices for validation purposes. No funding information was
reported by 16.2% (36/222) of the studies, whereas the
remaining studies (164/222, 73.9%) indicated that funding was
independent of manufacturer companies. Detailed data extraction
is reported as a supplement (Multimedia Appendix 1, Table S4
[5-226]).

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e36377 | p.62
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Giurgiu et al

Table 1. Summary of data extraction: participant and study characteristics (N=237).
Category

Total, n (%)

Biological state (n=47), n (%) Posture or activity type (n=37), n (%) Intensity (n=153), n (%)

Before or in 1999

7 (3)

1 (2.1)

3 (8.1)

3 (2)

2000-2010

28 (11.8)

4 (8.5)

3 (8.1)

21 (13.7)

After or in 2011

187 (78.9)

42 (89.4)

31 (83.8)

129 (84.3)

Africa

1 (0.4)

—b

—

1 (0.7)

Asia

17 (7.2)

5 (10.6)

2 (5.4)

10 (6.5)

Europe

95 (40.1)

14 (29.8)

21 (57)

69 (45.1)

North America

92 (38.8)

21 (44.7)

10 (27)

65 (42.5)

Australia or Oceania

16 (6.8)

7 (14.9)

4 (10.8)

7 (4.6)

≤19

71 (30)

12 (25.5)

22 (59.5)

40 (26.1)

20-50

113 (47.7)

23 (48.9)

13 (35.1)

86 (56.2)

≥51

38 (16)

12 (25.5)

2 (5.4)

27 (17.6)

18-64

174 (73.4)

36 (76.6)

28 (75.7)

122 (79.7)

≥65

44 (18.6)

10 (21.3)

7 (18.9)

31 (20.3)

0-25

33 (13.9)

6 (12.8)

6 (16.2)

22 (14.4)

26-74

144 (60.8)

36 (76.6)

22 (59.5)

99 (64.7)

75-100

35 (14.8)

5 (10.6)

8 (21.6)

23 (15)

≤1

69 (29.1)

17 (36.2)

19 (51.4)

39 (25.5)

2-6

50 (21.1)

15 (31.9)

7 (18.9)

33 (21.6)

≥7

101 (42.6)

15 (31.9)

9 (24.3)

80 (52.3)

Doubly labeled water

42 (17.7)

—

—

42 (27.5)

Heart telemetry

—

—

—

—

Indirect calorimetry

4 (1.7)

—

—

4 (2.6)

Observation (direct)

7 (3)

—

4 (10.8)

3 (2)

Observation (images)

2 (0.8)

—

2 (5.4)

—

Observation (video)

14 (5.9)

—

11 (29.7)

5 (3.3)

Polysomnography

24 (10.1)

24 (51.1)

—

—

Questionnaire or diary

16 (6.8)

6 (12.8)

4 (10.8)

6 (3.9)

Wearable

113 (47.7)

14 (29.8)

16 (43.2)

94 (61.4)

EEGf or Zmachine

4 (1.7)

3 (6.4)

—

—

Epoch-by-epoch

33 (13.9)

13 (27.7)

15 (40.5)

8 (5.2)

Person or study level

208 (87.8)

44 (93.6)

28 (75.7)

150 (98)

Publication year

Study locationa

Number of participants

Age (years; mean age)c

Sex (female; %)d

Measurement duration (days)e

Criterion measure

Statistical analyses

a

One study did not report the study location.

b

Not available.
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c

A total of 5 studies were not included in the summary statistics because of the lack of age information. One study was counted twice as it included 2
different age groups.
d

A total of 10 studies was not included in the summary statistics because of the lack of sex information.

e

A total of 2 studies was not included in the summary statistics because of the lack of measurement duration information.

f

EEG: electroencephalogram.

Wearables
We identified 163 different wearables from 82 companies, of
which 61 (37.4%) were classified as research-grade devices and
102 (62.6%) were classified as commercial-grade devices. The
types of wearables varied across uniaxial, biaxial, or triaxial
accelerometers and pedometers. On the basis of our narrative
data synthesis, we ranked 26.4% (122/463 of results or
conclusions as moderate to strong validity, 48.8% (226/463) as
mixed validity, and 25% (115/463) as poor or weak validity
(Multimedia Appendix, Table S5 [5-226]). In relation to other
types of wearables, triaxial accelerometers were used in 70.5%
(167/237) of all included studies. Detailed technical information
for each wearable device is available as a supplement
(Multimedia Appendix, Table S6 [5-226]). Of the 163 different
wearables, 96 (58.9%) were validated only once. ActiGraph
GT3X/GT3X+ (36/163, 22.1%), Fitbit Flex (20/163, 12%), and
ActivPAL (12/163, 7.4%) were used most often in the included
validation studies. Of all the 222 reviewed articles, 78 (35.1%)
studies included different types of wearables, and 26 (11.7%)
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studies included different wearing positions to enable inter- and
intradevice comparisons (Table 2). The variation of different
sensor models within a study protocol ranged from 1 to 12
different wearables. In particular, 64.9% (144/222) of all studies
included one model of wearable, 20.3% (45/222) included 2
different models of wearables, and 14.9% (33/222) included ≥3
different models of wearables. We identified 11 different
validated outcomes. Of all reported outcomes, 51.3% (164/320)
represented continuous parameters such as steps, energy
expenditure, or counts, whereas 48.8% (156/320) represented
categorical outcomes such as sleep time, time spent in light PA,
or time spent in moderate to vigorous PA. Approximately 18%
(40/222) of studies validated 2 different outcomes such as steps
and energy expenditure during a study protocol. More than half
of the studies (125/237, 52.7%) validated one type of wearable
device in a single wearing position. We identified 13 different
wearing positions. The wrist and hip or waist positions were
used most often for validation purposes. In 50% (111/222) of
all studies, the authors provided information about the software
application used for data preprocessing.
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Table 2. Summary of data extraction: wearables (N=237).
Category

Total, n (%)

Biological state (n=47), n (%) Posture or activity type (n=37), n (%) Intensity (n=153), n (%)

Uniaxial accelerometer

44 (10.8)

13 (14.4)

3 (6.4)

29 (9.2)

Biaxial accelerometer

28 (6.9)

1 (1.1)

2 (4.3)

26 (8.3)

Triaxial accelerometer

286 (70.1)

72 (80)

40 (85.1)

212 (67.5)

Pedometer

30 (7.4)

2 (2.2)

—a

30 (9.6)

Unclear

20 (4.9)

2 (2.2)

2 (4.3)

17 (5.4)

Sleep time

42 (13.1)

42 (89.4)

—

—

Sleep-wake metrics

5 (1.6)

5 (10.6)

—

—

Different postures or types

29 (9.1)

—

30 (73.2)

—

Sit-to-stand transitions

5 (1.6)

—

5 (12.2)

—

Time in sedentary behavior

32 (10)

—

6 (14.6)

26 (11.2)

Time in light physical activity

14 (4.4)

—

—

14 (6)

Time in moderate to vigorous
physical activity

33 (10.3)

—

—

33 (14.2)

Time in physical activity

6 (1.9)

—

—

6 (2.6)

Energy expenditure

72 (22.5)

—

—

72 (30.9)

Steps

75 (23.4)

—

—

75 (32.2)

Counts

7 (2.2)

—

—

7 (3)

Ankle

11 (2.4)

1 (1)

1 (1.6)

9 (2.6)

Backpack, pocket, and bra

20 (4.3)

—

2 (3.1)

19 (5.6)

Chest

15 (3.3)

1 (1)

3 (4.7)

11 (3.2)

Foot

3 (0.7)

1 (1)

—

2 (0.6)

Hip and waist

148 (32.2)

7 (7.1)

23 (35.9)

124 (36.4)

Leg

3 (0.7)

—

3 (4.7)

—

Lower back

12 (2.6)

1 (1)

3 (4.7)

10 (2.9)

Neck

3 (0.7)

—

—

3 (0.9)

Thigh

28 (6.1)

2 (2)

15 (23.4)

13 (3.8)

Torso

1 (0.2)

—

—

1 (0.3)

Trunk

3 (0.7)

—

3 (4.7)

—

Upper arm

12 (2.6)

1 (1)

1 (1.6)

10 (2.9)

Wrist

201 (43.7)

83 (84.7)

10 (15.6)

139 (40.8)

Type

Outcome

Wear positionb

a

Not available.

b

One study did not report any information about the sensor wearing position and one study did not specify the information about the sensor wearing
position. If studies included multiple devices or different wearing positions, we counted each device and wearing position separately.

Study Quality
In total, we included 9 signaling questions as quality criteria to
evaluate the risk of bias. The percentage of studies that met the
criteria ranged from 38.7% (92/238) to 92% (219/238; Table
3). On average, 5.2 (SD 1.41) of 9 questions were answered
with yes (ie, meeting the criteria). Studies validating a biological
state, intensity, or posture or activity type outcome met on
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average 4.6 (SD 1.23), 5.5 (SD 1.36), and 4.9 (SD 1.51) out of
9 questions with yes (ie, no risk of bias), respectively. We
evaluated whether the reference standard was the appropriate
gold standard as a central criterion for evaluating overall study
quality. In 38.4% (91/237) of all studies, the reference standard
was equivalent to the suggested criterion measures [234].
Wearables were the most frequently selected reference criterion
in 50.5% (112/222) of the studies. On the basis of our
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e36377 | p.65
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classification tree to evaluate the overall study quality
(Multimedia Appendix 1, Figure S1 and Table S7 [5-226]),
4.6% (11/237) of studies were classified as low risk.
Furthermore, 16% (38/237) of studies were classified as having
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some concerns, and 72.9% (173/237) of studies were classified
as high risk. To provide an overview of the study quality, Figure
2 illustrates the overall study quality on a study level, separated
by each dimension of the 24-hour physical behavior construct.

Table 3. Criteria for the risk of bias assessment and the percentage of studies meeting these criteria (N=237).
Criteria items

Studies meeting criterion, n (%)
Total

Biological state
(n=47)

Posture or activity type Intensity
(n=37)
(n=153)

Was the study conducted in different free-living settings (eg, work
or home)?

174 (91.6)a

N/Ab

28 (75.7)

146 (95.4)

Did the study take place for at least 2 days?

156 (65.8)

28 (59.6)

16 (43.2)

112 (73.2)

Did the study provide any information about the inclusion and exclu- 165 (69.6)
sion criteria of the recruiting process?

34 (72.3)

25 (67.6)

106 (69.3)

Did the study include a sample of at least 20 participants?

36 (76.6)

15 (40.5)

112 (73.2)

23 (48.9)

18 (48.6)

56 (36.6)

107 (56.3)a

N/A

15 (40.5)

92 (60.1)

91 (38.4)

23 (48.9)

14 (37.8)

54 (35.3)

24 (51.1)

22 (59.5)

29 (19)

45 (95.7)

31 (83.8)

142 (92.8)

Domain 1: patient selection or study design

163 (68.8)

Domain 2 : index measure
Was the algorithm of the validated outcome reported (ie, formula) or 97 (40.9)
at least further information cited?
Did the participants wear the wearable for at least 8 hours per day?
Domain 3: criterion measure
Is the selected reference the gold standard?
Domain 4: flow and timing
Did the authors provide any information about data synchronization? 75 (41.4)c
Were all participants included in the analyses or were any exclusion
reasons provided?
a

218 (92.4)d

Only relevant for 190 studies.

b

N/A: not applicable.

c

Only relevant for 181 studies.

d

Only relevant for 236 studies.
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Figure 2. The overall risk of bias classification separated by different dimensions of the 24-hour physical behavior construct. The number within the
circles represents the study number, as listed in the full data extraction. Studies with a green circle were evaluated as low risk, the orange circle represents
the quality with some concerns, and red circles represent high risk. LPA: light physical activity; MVPA: moderate to vigorous physical activity.

Discussion

of phase 3 studies is to validate device outcomes under real-life
conditions against appropriate reference measures.

Principal Findings

Criterion Measure

We evaluated the characteristics and quality of free-living
validation studies in which at least one dimension of the 24-hour
physical behavior construct (ie, biological state, posture or
activity type, and intensity [1,4]) was assessed using wearables
and validated against a criterion measure. In summary, the
validation of biological state and posture or activity-type
outcomes was rare, and almost all of the 163 different types of
research- and commercial-grade wearables were validated for
only one aspect of the 24-hour physical behavior construct (ie,
intensity outcomes). Compared with the selected quality criteria
for studies under free-living conditions that are in line with
published core principles, recommendations, and expert
statements [234-236], most of the reviewed protocols failed to
meet the criteria; however, only a few of the evaluated studies
were overall ranked with low risk of bias or with some concerns.
Therefore, more high-quality validation studies with adults and
older adults under real-life conditions are needed. According
to the framework of wearable validation studies [234], the aim

Our evaluation of the most central category physical behavior
criterion measure followed Keadle et al [234]; for example,
physiological outcomes (eg, activity energy expenditure) are
recommended to be validated against indirect calorimetry or
doubly labeled water, behavioral criterion measures (eg, step
count and postures) are recommended to be validated against
video-recorded direct observation [234], and the recommended
criterion measure for differentiation between sleep and wake
patterns is polysomnography [243,244]. Notably, only 40.9%
(91/222) of the reviewed studies used the recommended gold
standard. Primarily, research-grade devices served as criterion
measures, which is highly critical as there is no evidence that
wearables can serve as a basis for validating other wearables
and offer a high risk of bias regarding criterion validity
[233,245,246].
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Study Duration
Optimally, study protocols take place over a 24-hour period
over multiple days, thus covering a wide range of representative
habitual activities [233,234]. This recommended criterion was
covered by 2 signaling questions. First, we evaluated whether
data collection was not restricted to one particular setting (eg,
at work or at home), which was met by nearly all the reviewed
studies. Second, as it is almost not feasible to collect data over
several days for criterion measures such as video recording
[233,234], we specified at least 2 days for a low-risk
classification. Two-thirds of the reviewed studies met this
criterion. However, we identified a considerable number of
studies (69/222, 31.1%) that collected data over a short period
(≤1 day). The risk of bias might have been present as the setting
was restricted to a specific environment (eg, at work), thus
limiting the ability to capture a wide range of habitual behaviors.
Moreover, reactivity is a serious issue that reveals a potential
error source when collecting data from wearables. Researchers
expected that reactivity would be a time issue, implying that
participants may change their behavior at the beginning of the
monitoring period but return to a more stable pattern later
[247,248]. Similar effects have been observed in sleep
laboratories using polysomnographic monitoring [249].

Study Population
Ideally, the validity of wearables can be generalized to a wide
range of diverse samples (eg, age, sex, ethnicity, and health
condition) [234,250]. While focusing on adults and older adults
(aged ≥18 years), this review revealed that 78.4% (174/222) of
the studies included samples between 18 and 64 years of age,
whereas there was a lack of studies that included older adults.
Critically, most devices (99/163, 60.7%) were validated only
once. According to the recommended principle, validation study
protocols should include either a variety of cohorts within a
single study or a series of studies with different participant
characteristics [233,234,251]. For example, we could only
identify 20.3% (45/222) of studies that included samples with
restricted health conditions. As a practical implication, a given
wearable device might be valid for healthy adults and older
adults but not for those with health restrictions [232]. A solution
might be to recruit a larger sample size, which would enable a
higher intersubject variability, or to conduct a series of
validation studies with varying participant characteristics.
Optimally, sample size calculations ensure adequate power for
validation purposes [233,252]. Finally, although challenging
because of data protection guidelines, we recommend reporting
information about ethnicity (reported in 32/222, 14.4% of
studies) whenever possible and providing detailed information
about inclusion and exclusion criteria regarding the recruiting
process and for statistical analyses.

Wearing Position and Types of Wearables
To enable a comparison between different wearables or wearing
positions, researchers may simultaneously collect data from
multiple sensors or different wearing positions [234,251]. Most
of the reviewed studies did not include multiple wearables (eg,
research and commercial grade) and did not capture data from
the validated devices at different wearing positions (eg, hip or
waist, wrist, and thigh). Depending on the primary outcome of
https://mhealth.jmir.org/2022/6/e36377
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interest, the recommendations of where to place the wearable
device may vary. For example, to assess sleep-wake patterns,
wrist-worn devices may optimize the recording of small
movements that occur at the distal extremities when an
individual is supine [245,253]. For example, Fairclough et al
[254] reported that wrist placement promotes superior
compliance than that of the hip position. In contrast, if
researchers are interested in differentiating between body
postures (eg, sitting vs standing), the thigh might be the position
of choice because of the option of wearing the device under
clothing to accurately assess intensity and posture or activity
types [4]. However, only 1.8% (4/222) of studies validated
posture or activity-type outcomes using thigh-worn devices.
Future validation studies are needed with multiple devices and
different wearing positions to increase comparability and to
inform end users of which device to use and where to place it
[250]. In addition, future signal analytical research purposes
might be valuable in terms of extracting different outcomes
from a single wearing position. Moreover, different types of
wearables (ie, pedometers and uniaxial, biaxial, and triaxial
accelerometers) have been validated. Researchers should be
aware that the different types of devices have different technical
requirements. For example, uniaxial accelerometers measure
acceleration in 1 direction, whereas triaxial accelerometers
measure acceleration in 3 directions. Thus, triaxial
accelerometers provide more information, which might be
helpful in developing further algorithms.

Synchronization, Transparency, and Statistical
Analyses
We evaluated whether the studies reported data synchronization,
wear time, the algorithm of the validated outcome, and data
analyses. As less than half (75/222, 33.8%) of all included
studies reported information about the synchronization process
between index and criterion measures, potentially introducing
errors and biasing results, we suggest future research endeavors
to apply time-stamped solutions such as asking participants to
perform 3 vertical jumps at the beginning and the end of the
measurement [233]. Following practical consideration when
applying wearables [255,256], a large number of studies defined
a valid day if ≥10 hours of wear time during waking hours were
captured. We set the quality criterion to ≥8 hours per day,
revealing that 56% (107/190) of studies considered the wear
time criteria for a valid day. Capturing shorter periods may
increase the risk of bias as less time is available to assess the
data in different settings (eg, at home or at work).
A critical aspect from the perspective of transparency is the
presentation of algorithms. Only 43.7% (97/222) of studies
reported the algorithm or at least cited further information on
the validated outcomes. In particular, no information about the
used algorithms was provided in studies in which a
commercial-grade device was validated. At this point,
researchers often do not have access to the raw data of
commercial-grade wearables or the black box algorithms.
Moreover, companies can update wearables’ firmware or
algorithms at any time, which hinders comparability [257]. In
addition, the pace at which technology is evolving in optimizing
algorithms far exceeds the pace of published validation research
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[238]. Open-source methods that are more flexible in using
algorithms for different devices are needed [233,234].
A quality criterion for the used statistical analyses was not set
because of the lack of consistent statistical guidelines for
reporting the validity of an activity monitor. Most of the
reviewed studies used traditional statistical tests of differences
such as t tests or ANOVAs. Optimally and in line with recently
published suggestions, researchers should integrate different
analytical approaches such as combining traditional analyses
with equivalence testing and including epoch-by-epoch
comparisons whenever possible [234,258].

Limitations
Some points merit further discussion. First, the evaluation of
study quality was based on self-selected criteria. In particular,
we selected the QUADAS-2 [240] tool and added further
signaling questions in line with core principles,
recommendations, and expert statements [232-234]. However,
as we are not aware of any further quality tools and signaling
questions for wearable validation purposes, our selected criteria
can serve as a starting point for future systematic reviews that
focus on the study quality of wearable technology under
free-living conditions. Second, our included validation studies
were published between 1987 and 2021. Given the rapid
development of wearable technologies and the increasing
availability of different research and commercial-grade devices,
quality standards have been developed. Thus, when interpreting
the study protocols, the time during which the study was
conducted should be considered. Third, our review focused on
the quality of study protocols. However, we did not take into
account further important considerations when using wearables,
such as wear or nonwear time algorithms, costs of the monitor,
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or time of data processing [35,250]. Fourth, our findings were
limited to our search strategy; thus, we may have missed further
validation studies. However, we applied backward and forward
citation searches through the reference lists of the included
studies to identify articles that may not have appeared in our
search. Finally, this systematic review was limited to articles
published in the English language.

Conclusions
Currently, there is a wealth of research on commercial-grade
wearables; however, the quality of published validation
protocols in adults had not been assessed thus far. However,
this is a critical step to enable both researchers and consumers
to make guided decisions on which study to rely on and which
device to use. To this end, our review unraveled that most
validation studies did not meet the recommended quality
principles [233,250]. Primarily, there is a lack of validation
studies with gold standard reference measures such as video
recording, polysomnography, or the doubly labeled water
method. Moreover, most devices were validated only once and
focused predominantly on intensity measure outcomes. Given
the rising interest in the 24-hour physical behavior construct in
health research, the next generation of validation studies should
consider the validity of >1 aspect of the 24-hour physical
behavior construct during a study protocol or to conduct a series
of studies. Thus, we conclude that standardized protocols for
free-living validation embedded in a framework [234] are
urgently needed to inform and guide stakeholders (eg,
manufacturers, scientists, and consumers) in (1) selecting
wearables for self-tracking purposes, (2) applying wearables in
health studies, and (3) fostering innovation to achieve improved
validity.
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Abstract
Background: The development of a surgical site infection (SSI) after cesarean section (c-section) is a significant cause of
morbidity and mortality in low- and middle-income countries, including Rwanda. Rwanda relies on a robust community health
worker (CHW)–led, home-based paradigm for delivering follow-up care for women after childbirth. However, this program does
not currently include postoperative care for women after c-section, such as SSI screenings.
Objective: This trial assesses whether CHW’s use of a mobile health (mHealth)–facilitated checklist administered in person or
via phone call improved rates of return to care among women who develop an SSI following c-section at a rural Rwandan district
hospital. A secondary objective was to assess the feasibility of implementing the CHW-led mHealth intervention in this rural
district.
Methods: A total of 1025 women aged ≥18 years who underwent a c-section between November 2017 and September 2018 at
Kirehe District Hospital were randomized into the three following postoperative care arms: (1) home visit intervention (n=335,
32.7%), (2) phone call intervention (n=334, 32.6%), and (3) standard of care (n=356, 34.7%). A CHW-led, mHealth-supported
SSI diagnostic protocol was delivered in the two intervention arms, while patients in the standard of care arm were instructed to
adhere to routine health center follow-up. We assessed intervention completion in each intervention arm and used logistic regression
to assess the odds of returning to care.
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Results: The majority of women in Arm 1 (n=295, 88.1%) and Arm 2 (n=226, 67.7%) returned to care and were assessed for
an SSI at their local health clinic. There were no significant differences in the rates of returning to clinic within 30 days (P=.21),
with high rates found consistently across all three arms (Arm 1: 99.7%, Arm 2: 98.4%, and Arm 3: 99.7%, respectively).
Conclusions: Home-based post–c-section follow-up is feasible in rural Africa when performed by mHealth-supported CHWs.
In this study, we found no difference in return to care rates between the intervention arms and standard of care. However, given
our previous study findings describing the significant patient-incurred financial burden posed by traveling to a health center, we
believe this intervention has the potential to reduce this burden by limiting patient travel to the health center when an SSI is ruled
out at home. Further studies are needed (1) to determine the acceptability of this intervention by CHWs and patients as a new
standard of care after c-section and (2) to assess whether an app supplementing the mHealth screening checklist with image-based
machine learning could improve CHW diagnostic accuracy.
Trial Registration: ClinicalTrials.gov NCT03311399; https://clinicaltrials.gov/ct2/show/NCT03311399
(JMIR Mhealth Uhealth 2022;10(6):e35155) doi:10.2196/35155
KEYWORDS
obstetric surgery; community health workers; mobile health; surgical site infections; c-section; infection; community health;
Rwanda

Introduction
Rates of cesarean section (c-section) births are increasing in
low- and middle-income countries (LMIC), including in
sub-Saharan Africa (SSA) [1]. Increased access to timely
c-section can prevent maternal and neonatal mortality, but also
carries risk of perioperative complications [2]. Surgical site
infections (SSIs) are a significant cause of morbidity and
mortality globally, but the magnitude of the risk is significantly
higher in LMIC. In SSA, post–c-section SSI rates range from
7% to 48% [3-7], in part due to geographic and infrastructural
barriers that delay or prevent patients from accessing care
postoperatively [8,9].
In much of SSA, networks of community health workers
(CHWs) provide home-based prenatal care to pregnant women,
postpartum care for women after vaginal delivery only, and
follow-up care for children under the age of 5 years [10].
However, women delivering via c-section can only access
follow-up care at their local health center because CHWs are
not currently trained to conduct home-based postoperative
follow-up or wound care. In complementary work from our
team, we found that geographical and financial barriers can lead
to delays in return to care after discharge [8,11]. This delayed
or lack of access to care may contribute to post–c-section SSI
rates, which our group reported to be 10.9% in the district where
this study took place [8]. Strengthening the CHW workforce to
provide SSI screening and home-based care to women who
deliver via c-section could reduce barriers to care and lead to
earlier detection and treatment of SSIs. However, it is not known
if home-based care by CHWs is feasible or improves access to
care in this context. In LMIC, previous studies have
demonstrated the feasibility of phone-based surveillance of
postdischarge SSI, including in women who had undergone
c-section surgery [12-15]. In our study, we explored the
feasibility and impact of return to care of CHW-led SSI
surveillance in patient homes using a mobile health (mHealth)
checklist administered via REDCap (Research Electronic Data
Capture; Vanderbilt University) either in person or via phone
call to facilitate remote diagnoses. This mHealth screening
protocol is a battery of questions about the presence or absence
https://mhealth.jmir.org/2022/6/e35155

XSL• FO
RenderX

of clinical findings highly associated with SSI (eg, pain,
swelling, discharge, and wound gaping), which we described
in previous work [16].
In this paper, we describe two CHW-led mHealth interventions
to diagnose SSIs following c-section in rural Rwanda, which
are (1) administering a mobile phone–based SSI screening
protocol to a patient via phone call; and (2) administering the
same screening protocol, carried on an electronic tablet, in
person during a home visit along with collecting wound photo
images on the same tablet for remote diagnosis. Here, we
compare these two interventions to the standard of care via a
3-arm randomized controlled trial (ClinicalTrials.gov
NCT03311399) and describe the feasibility of the two
interventions in this context.

Methods
Study Setting
This study was conducted in the Eastern Province of Rwanda
at Kirehe District Hospital (KDH), a 233-bed facility operated
by the Rwanda Ministry of Health and supported by Partners
In Health, an international NGO. KDH serves a catchment area
of 364,000 people including patients from Mahama Refugee
Camp, which comprises over 50,000 people [17]. In Rwanda,
over 91% of women deliver in health facilities [18]. Women in
labor first present to their local health center where most vaginal
deliveries take place. Complex cases and cases requiring surgical
intervention are transferred to the district hospital to be assessed
and managed by a general practitioner, who performs the
c-section procedure, if indicated. After surgery, the woman is
admitted to the postoperative ward for an average of 3 days for
monitoring, medication administration, and wound checks.
Before leaving the hospital, she receives postdischarge
instructions directing her to the health center nearest to her home
for follow-up and wound dressing changes.

Study Population
This study included women aged ≥18 years who received a
c-section at KDH between November 2, 2017, and September
4, 2018, and were residents of Kirehe District. Women who
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developed an SSI while being an inpatient or who remained
inpatient at KDH past postoperative day (POD) 10 were
excluded as they were not able to participate in a POD 10 home
visit. Women who resided in Mahama Refugee Camp and were
therefore not covered by the CHW network were also excluded.

Preimplementation Procedures
We hired 4 study CHWs (sCHWs) using the Rwanda Ministry
of Health criteria though a community-led process. The sCHWs
received a 4-week training on implementation procedures,
including the following: education on the Rwandan health
sector; post–c-section follow-up; operating mHealth tools; best
practices in wound photography; basic SSI physiopathology
(including signs and symptoms of an infection); and how to
examine surgical wounds and change wound dressings.
Previously, we led a 7-month SSI protocol development study
at KDH to identify a simple screening protocol with high
accuracy to diagnose SSIs. In that study, three questions were
found to have sufficient sensitivity and specificity for SSI
diagnosis, which comprised the following: (1) fever since
discharge from the hospital, (2) increasing pain since discharge,
and (3) the presence of discolored wound discharge [19].

Intervention Implementation
This randomized study included three arms—Arm 1, where the
sCHW visited a participant’s home on POD 10 (SD 3 days) and
administered the SSI screening protocol; Arm 2, where the
sCHW called the participant and administered the SSI screening
protocol over the phone on POD 10 (SD 3 days); and Arm 3,
where the participant received the standard of care instructions
to return to the health center for follow-up. In Arm 2, the sCHW
attempted phone calls while sitting in the study office and made
3 call attempts before deeming a patient to be inaccessible. If
a patient was deemed inaccessible, they were included in the
evaluation of the feasibility of the intervention and classified
as “not successfully assessed for SSI.” However, these
individuals were not included in the evaluation of the presence
of an SSI. If a participant in Arm 1 or 2 was suspected of having
an SSI by the responses to the screening protocol, the sCHW
was prompted to refer her to a nearby health center for additional
medical care.

Enrollment, Randomization, Follow-up, and Data
Collection
All data collected were entered and stored using REDCap
(v8.10.20), a secure web application certified for medical
research studies [20]. The study staff enrolled and randomized
eligible participants at discharge, independent of any patient
factors, to one of the three study arms. The study staff prepared
study packets in sealed envelopes numbered consecutively.
REDCap was then used to randomly generate arm assignments
to each packet using simple randomization in a 1:1:1 ratio [16].
All consenting participants’ demographic and socioeconomic
data were collected using a self-reported questionnaire
administered by a trained study data collector. In addition, the
study staff extracted clinical data from the patients’ medical
files. Upon discharge, the patients received a packet with
arm-specific follow-up and general discharge instructions.
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Each health center in the catchment area and KDH had a
study-specific patient registry to document return to care. Study
staff entered the following details into REDCap: return to care
status, SSI diagnosis (by nurse), treatment received,
hospitalization, patient referral, and need for surgical procedures,
if any. Data collectors contacted each woman on POD 30 to
validate what was captured in the registry and to ensure that no
follow-up visits were missed.

Statistical Analysis
Data were analyzed using Stata (14.0 version, Stata Corp)
statistical software. We characterized study participant
demographics and clinical characteristics using descriptive
statistics. For the primary outcome, a patient was classified as
having returned to care if the return visit was documented in
the health center registry or if the patient reported returning to
the health center during the POD 30 follow-up call. In this
primary analysis, we excluded anyone without information on
return to care by POD 30 from analyses. Feasibility assessments
across Arms 1 and 2 were reported as the percentage of visits
where that specific task was completed. We used a Fisher exact
test at α=.05 significance level to assess the association between
patients’ return to care and interventions implemented in Arms
1 and 2 as compared to Arm 3 (standard of care). We used a
logistic regression model to assess the impact of study
interventions on return to care, controlling for potential
confounders that were unbalanced at baseline. In this primary
analysis, we excluded anyone without information on return to
care by POD 30 from analyses. We used chi-squared tests to
assess for differences in having information about return to care
by study arm and by patient demographics. We also conducted
a sensitivity analysis, whereby any individual missing
information on return to care was presumed to have not returned
to care.

Power
The estimated sample size was 364 patients per arm, for a total
of 1092 patients. We anticipated an SSI rate of 15%, which
would result in 55 SSIs per arm. Assuming an 80% return to
care rate in the two intervention arms and a 40% return to care
rate in the standard of care arm, we would have 81% power to
detect a difference between the two intervention arms as
compared to the routine care arm. The trial was halted when
1166 patients were enrolled (in excess of the targeted sample
size of 1092).

Ethical Considerations
Eligible women gave informed consent prior to participation.
The study team members provided information in Kinyarwanda,
including details of the three study arms and the right to
withdraw from the study or refrain from giving information at
any stage. Deidentified data were collected and managed using
REDCap. This study was approved by the Rwanda National
Ethics Committee (848/RNEC/2016) and Partners Human
Research Committee (2016P001943/MGH). Seven months into
the study, a Data and Safety Monitoring Board reviewed the
study participants’ safety, data quality, and midterm outcomes,
and deemed it appropriate to continue to study completion.
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Results
In total, 1166 women were enrolled, of which 107 (9.1%) were
excluded—95 residents of Mahama Refugee Camp and 12
patients who developed an SSI while at the hospital. Of the
enrolled patients who were randomized at discharge, 34

Kateera et al
participants were removed from analysis—30 participants who
remained in hospital after discharge to attend to their admitted
neonates and 4 participants who were assigned to one arm but
inadvertently received the follow-up of another arm. Of the
remaining 1025 women, 335 (32.7%) were randomized to Arm
1, 334 (32.6%) to Arm 2, and 356 (34.7%) to Arm 3 (Figure 1).

Figure 1. Flow chart of patient randomization into two treatment arms and one standard of care arm. a: one patient from Arm 1 received a phone call
instead of an in-person visit, and 3 patients from Arm 3 received the in-person intervention despite being randomized into the control group; these 4
patients were excluded from analysis.

There were no significant differences between the three groups
for most demographic variables (Table 1), including age (P=.29),
marital status (P=.2), occupation (P=.496), or type of insurance
(P=.15). The only statically significant differences found were
regarding education and income. Women in Arm 3 were more
likely to report having only a primary education (P=.006).
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Women in Arm 2 were significantly more likely to report higher
income (P=.03). There was no significant difference between
the three groups in terms of their access to health care, measured
by the cost of transportation from the woman’s home to the
nearest health center (P=.93) and the travel time from a woman’s
home to the nearest health center (P=.25; Table 1).
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Table 1. Demographic characteristics of study participants by study arm (n=1025).
Characteristics

Total, n (%)

Arm 1: home visit
(n=335), n (%)

Arm 2: phone call
(n=334), n (%)

Arm 3: standard of care
(n=356), n (%)

Age (years)

.28

18-21

174 (17.0)

52 (15.5)

50 (15.0)

72 (20.2)

22-30

549 (53.6)

182 (54.3)

178 (53.3)

189 (53.1)

>30

302 (29.5)

101 (30.2)

106 (31.7)

95 (26.7)

Education

.006

No education

90 (8.8)

29 (8.7)

39 (11.7)

22 (6.2)

Primary education

696 (67.9)

225 (67.2)

205 (61.4)

266 (74.7)

Secondary education

214 (20.9)

75 (22.4)

82 (24.6)

57 (16.0)

University education

25 (2.4)

6 (1.8)

8 (2.4)

11 (3.1)

Marital status

.2

Single

95 (9.3)

28 (8.4)

26 (7.8)

41 (11.5)

Married

446 (43.5)

156 (46.6)

148 (44.3)

142 (39.9)

Living with a partner

480 (46.8)

150 (44.8)

160 (47.9)

170 (47.8)

Separated (divorced or widowed)

4 (0.4)

1 (0.3)

0 (0)

3 (0.8)

Occupation

.496

Student

10 (1.0)

2 (0.6)

5 (1.5)

3 (0.8)

Farmer

874 (85.3)

289 (86.3)

280 (83.8)

305 (85.7)

Employed

38 (3.7)

8 (2.4)

15 (4.5)

15 (4.2)

Self-employed

69 (6.7)

28 (8.4)

21 (6.3)

20 (5.6)

Housewife

34 (3.3)

8 (2.4)

13 (3.9)

13 (3.7)

Incomea (US $)

.03

>33.70

854 (83.3)

290 (86.6)

264 (79.0)

300 (84.3)

<33.70

171 (15.7)

45 (13.4)

70 (21.0)

56 (15.7)

Type of insurance

.15

No insurance

24 (2.3)

5 (1.5)

10 (3.0)

9 (2.5)

Community-based insurance

941 (91.8)

316 (94.3)

297 (88.9)

328 (92.1)

Private insurance

60 (5.9)

14 (4.2)

27 (8.1)

19 (5.3)

a

.93

Cost of transportation from home to health center (US $; n=969)
≤1.12

586 (60.5)

192 (60.0)

192 (61.3)

202 (60.1)

>1.12

383 (39.5)

128 (40.0)

121 (38.7)

134 (39.9)

Time from home to health center (n=964)

a

P value

.25

≤1 hour

881 (91.4)

288 (90.0)

281 (90.7)

312 (93.4)

>1 hour

83 (8.6)

32 (10.0)

29 (9.4)

22 (6.7)

Calculated using an exchange rate of US $1 to 890 Rwandan Francs.

Of the 335 women in Arm 1, 295 (88.1%) were successfully
visited in their homes and had the full SSI assessment completed
by the sCHW (Table 2). The primary reasons for noncompletion
in Arm 1 were prolonged hospitalization of either mother or
baby or an inability to contact the mother to confirm the home
visit appointment. Of the 334 women in Arm 2, 67.7% (n=226)
were successfully called and assessed over the phone by a
sCHW for an SSI. The primary reasons for noncompletion in
https://mhealth.jmir.org/2022/6/e35155
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Arm 2 were as follows: lack of mobile phone ownership, poor
network coverage, or the phone belonging to another person
(eg, husband or neighbor). Women in Arm 1 had slightly higher
rates of reporting SSI symptoms as compared to women in Arm
2 (Table 3). As Arm 3 was the standard of care arm, there was
no attempt to contact patients either via phone call or home
visit.
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Table 2. Feasibility of community health worker intervention arms.
Interventions and call attempts

Values, n (%)

Home visit intervention (n=335)
Number of patients who were visited and assessed for SSIa by CHWb at patient’s home

295 (88.1)

Home visits attempted by study CHW

295 (88.1)

Completion of steps to conduct home visit
Study CHW was able to find local CHW in patient’s village

281 (95.3)

Study CHW was able to locate patient’s home

295 (100)

Study CHW was allowed into patient’s home

295 (100)

Patient was at home when study CHW arrived

287 (97.3)

Patient allowed study CHW to ask SSI screening questions

295 (100)

Patient allowed study CHW to physically examine her

295 (100)

Phone call intervention (n=334)
Phone call to patient attempted by study CHW

319 (95.5)

Number of patients who were called and assessed for SSI by CHW over phone

226 (67.7)

Phone call attempt #1
Phone number went through, or phone rang (n=319)

268 (84)

Phone call resulted in talking with the patient (n=268)

167 (62.3)

Outcomes of talking with patient (n=167)
Patient answered SSI screening questions at time of call

163 (97.6)

Patient was busy

3 (1.8)

Patient did not respond, reason not recorded

1 (0.6)

Reason for not talking with patient (n=101)
Wrong number

7 (6.9)

Patient did not pick up the phone

6 (5.9)

Another person picked up the phone, patient was not available

87 (86.1)

Not reported

1 (1.0)

Patients requiring a second attempt (n=319)

156 (48.9)

Phone call attempt #2
Number of patients who were called a second time (n=156)

133 (85.3)

Phone number went through, or phone rang (n=133)

89 (66.9)

Phone call resulted in talking with the patient (n=89)

51 (57.3)

Outcomes of talking with patient (n=51)
Patient answered SSI screening questions at time of call

50 (98)

Patient did not respond, reason not recorded

1 (2)

Reason for not talking with patient (n=38)
Patient did not pick up the phone

4 (11)

Another person picked up the phone, patient was not available

33 (89)

Not reported

1 (3)

Patients requiring a third attempt (n=156)

106 (67.9)

Phone call attempt #3
Number of patients who were called a second time (n=106)

83 (78.3)

Phone number went through/phone rang (n=83)

36 (43)

Phone call resulted in talking with the patient (n=36)

13 (36)
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Interventions and call attempts

Values, n (%)

Outcomes of talking with patient (n=13)
Patient answered SSI screening questions at time of call

13 (100)

Reason for not talking with patient (n=23)

a

Wrong number

1 (4)

Patient did not pick up the phone

2 (9)

Another person picked up the phone, patient was not available

20 (87)

SSI: surgical site infection.

b

CHW: community health worker.

Table 3. CHWa screening results by study arm (n=523)b.

a

Responses to CHW screening

Arm 1: home visit (n=295), n (%) Arm 2: phone call (n=228), n (%)

Fever since discharge (n=522)

35c (11.9)

22 (9.7)

Pain since discharge

51 (17.3)

32 (14.0)

Discolored drainage since discharge

46 (15.6)

20 (8.8)

CHW suspected wound infection

52 (17.6)

29 (12.7)

CHW advised patient to return to care (n=482)d

56e (20.3)

30f (14.6)

CHW: community health worker.

b

Arm 3 not included because no CHW screenings occurred in the standard of care arm.

c

Missing data for 1 patient, n=294.

d

Among those for whom CHW suspected wound infection in the home visit arm, 1 patient was not advised to return to care.

e

Missing data for 19 patients, n=276.

f

Missing data for 22 patients, n=206.

We had information on return to care for 896/1025 (87.4%)
women, as described in Table 4. Women in Arm 2 were
marginally, but nonsignificantly, more likely to have this
information recorded (P=.06). There were no differences in
having this documented among key demographics; though
women with higher monthly incomes were more likely to have
information on return to care recorded (P=.03). In the primary
analyses, there was no difference in care-seeking behavior
between the three arms. Women across all three arms had high
rates of returning to clinic by POD 30 (99.7% in Arm 1, 98.4%
in Arm 2, and 99.7% in Arm 3), with no significant statistical
difference between them (P=.21 crude; P=.19 adjusted). Reasons
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for returning to care were not significantly different between
the groups, with similar percentages of women returning for
either routine wound care (n=253, 89.4% in Arm 1; n=264,
88.6% in Arm 2; and n=278, 90.3% in Arm 3; P=.08) or for a
specific concern related to their c-section (n=30, 10.6% in Arm
1; n=34, 11.4% in Arm 2; and n=30, 9.7% in Arm 3; P=.08).
There were similar rates of nurse-diagnosed SSIs in each group
(n=33, 11.9% in Arm 1; n=34, 11.6% in Arm 2; and n=28, 9.3%
in Arm 3; P=.54). In the sensitivity analysis, difference in return
to care rates by study arm remained insignificant (P=.19 crude;
P=.26 adjusted).
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Table 4. Return to care behavior by 30-day post–c-sectiona by study arm (n=896).
Outcomes

Total, n (%)

Arm 1: home visit, n
(%)

Arm 2: phone call, n
(%)

Arm 3: standard of
care, n (%)

P value

Patients randomized

1025 (100)

335 (32.7)

334 (32.6)

356 (34.7)

N/Ab

Patientsc with 30-day follow-up data

896 (87.4)

284 (84.8)

303 (90.7)

309 (68.8)

N/A

Phone call with patient

555 (61.9)

180 (63.4)

188 (62.1)

187 (60.5)

.77

Health center registry

635 (70.9)

194e (68.6)

215 (71.0)

226 (73.1)

.47

District hospital medical records

18 (2.0)

11 (3.9)

2 (0.7)

5 (1.6)

.02

889 (99.2)

283 (99.7)

298 (98.4)

308 (99.7)

.21g

Source of 30-day follow-up datad

Patientsf who returned to care (n=896)

Among those with 30-day follow-up data (n=889)
Reason for returning to care

.8

Routine wound care (wound check 795 (89.4)
and removal of stitches)

253 (89.4)

264 (88.6)

278 (90.3)

Concern related to c-section (fever, 94 (10.6)
pain, and concern about wound)

30 (10.6)

34 (11.4)

30 (9.7)

33i (11.9)

34j (11.6)

28k (9.3)

Patient returned to care with nurse-dih

95 (10.7)

.54

agnosed SSI (n=871)
a

c-section: cesarean section.

b

N/A: not applicable.

c

Those who were randomized.

d

Information could have been collected from more than one source.

e

Missing data for 1 patient (n=283).

f

Those with 30-day follow-up data.

g

P=.19 from likelihood ratio test (from logistic regression models controlling for education and income).

h

SSI: surgical site infection.

i

Missing data for 5 patients (n=278).

j

Missing data for 6 patients (n=292).

k

Missing data for 7 patients (n=301).

Discussion

could be due to the familiarity women have with the CHW
system and how they value support from CHWs [24,25].

Principal Findings

On the other hand, SSI screening by phone excluded close to
30% of women. Other studies in Tanzania [12] and Sudan [26]
also demonstrated gaps in using telephone calls for
postdischarge surveillance of SSIs. Currently, only 54% of
households in Rwanda own a mobile phone [18].
Telephone-based interventions may be more feasible as phone
access and network coverage expand. Two recent systematic
review articles assessing the use of smartphones to identify SSI
found that there are few articles in the literature, the majority
are in high income settings, and they require smartphone
ownership by patients. We have not found any other experience
of CWH home follow-up for SSI identification and care [27,28].
Currently in the rural Rwandan setting, in-person sCHW
visitation at the patient’s home provides greater follow-up
coverage than phone calls alone.

Surprisingly, nearly all patients in our study returned to care at
least once by POD 30, with no significant difference in
follow-up between arms. This contrasts with the findings in the
Central African Republic, where a study reported that only 25%
of surgical patients returned for a POD 30 follow-up visit [21].
A possible reason for this is that Rwanda, a small country with
a strong functional decentralized public health system [22],
offers greater access to follow-up care.
In this study, we observed that home-based follow-up care of
participants allows the sCHW to enter the women’s homes,
physically examine them, and take a photo of their wound. As
close to 90% of participants in Arm 1 successfully visited and
were assessed for SSI, we found that home visits are a feasible
way to conduct post–c-section care. In rural Rwanda and many
other low-resource settings, CHWs already provide in-home
screening for child health [10], maternal health [23], and HIV
care [24] referrals. The high feasibility of in-home screening
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Despite the null results in the difference between rates of return
to care, this study has important implications linked to our
understanding of the financial risks associated with health care
seeking in this population. Undergoing a c-section is a financial
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burden for women in rural Rwanda [29]. This is true even for
women covered by community-based health insurance. Our
group has previously reported that the median out-of-pocket
cost of transport for a single visit to the health center for women
who received a c-section at KDH is up to 10% of their monthly
income and that those who spent more money had increased
risk of SSI [30]. Transportation cost was also self-reported by
patients from Arm 3 of the study to be a barrier to health care
seeking in the postoperative period [11]. These costs of transport
were uniform across the arms of the study, as all three arms had
equal rates of return to clinic.
In this setting, approximately 90% of patients do not develop
an SSI. Treatment of an SSI is a principal reason for return to
health center for care that cannot be provided by a CHW. Thus,
accurate home rule-out of a post–c-section SSI can eliminate
the need for 90% of women undergoing c-section to make the
return journey and incur the out-of-pocket expense of transport
to the health center. Given the financial burden of transport to
the health center and the feasibility of in-person CHW SSI
screening, leveraging the existing CHW system in Rwanda to
bring postcesarean care to women’s homes could reduce both
financial barriers to care and medical impoverishment. Further
analysis is needed to determine the effect that home-based
surgical wound monitoring would have on reducing unnecessary
visits to the health center, health system cost savings, and
workload on clinicians, though promising results have been
shown in other settings [31,32]. This study’s findings will also
be used to develop a supporting app to facilitate in-person SSI
screening by CHWs.

Limitations
This study had several limitations. Health center data may not
have been consistent in quality due to variations in study patient
tracking and data collection processes across sites. Targeted

Kateera et al
interventions, including calling health centers weekly with a
list of expected enrolled patients and monthly in-person audits
of each health center’s registry, were implemented to improve
patient tracking. We also called all patients on POD 30 regarding
their follow-up activities and SSI diagnoses. There was 100%
agreement between data from registries and phone calls for the
228 patients from Arms 1 and 2 [19]. Secondly, we could not
accurately or consistently capture dates of health center visits.
As a result, we do not know when within-POD-30 women
returned to care and whether there were differences between
the intervention arms and the control arm. Additional research
is needed to assess how CHW interventions affect the timeliness
of return to care for post–c-section SSI evaluation.

Conclusions
We did not observe a difference in the rate of return to the health
center between women who were visited at home, who called
at home, and who asked to continue with standard of care visits.
In fact, women in all groups demonstrated high levels of health
seeking behavior. However, our study found that home-based
post–c-section follow-up by CHWs facilitated by an mHealth
app to identify and refer SSIs is feasible. Our previous studies
have shown that health center visits can pose a significant
financial burden on women following c-section. Therefore, use
of home visits for postoperative care could greatly reduce the
nonmedical costs related to transport for routine follow-up for
women who do not develop SSIs. Home, mHealth-enhanced,
visits were also found to be more effective than phone-based
follow-up for connecting CHWs with patients. Thus, home visits
have the potential to greatly reduce the patient’s economic
burden of post–c-section care. Future studies to understand the
acceptability of CHW home visits for patients and health care
workers are needed before this can be adopted as a standard
care protocol.
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Abstract
Background: The internet is a useful web-based multimedia platform for accessing and disseminating information unconstrained
by time, distance, and place. To the health care sector’s benefit, the advent and proliferation of mobile devices have provided an
opportunity for interventions that combine asynchronous technology-aided health services to improve the lives of the less privileged
and marginalized people and their communities, particularly in developing societies.
Objective: This study aimed to report on the perspectives of the different stakeholders involved in the study and to review an
existing government mobile health (mHealth) program. It forms part of a study to design a re-engineered strategy based on the
best demonstrated practices (considerations and methods) and learned experiences from the perspectives of multiple stakeholders
within the digital health innovation ecosystem in South Africa.
Methods: This study used an ethnographic approach involving document review, stakeholder mapping, semistructured individual
interviews, focus group discussions, and participant observations to explore, describe, and analyze the perspectives of its
heterogeneous participant categories representing purposively sampled but different constituencies.
Results: Overall, 80 participants were involved in the study, in addition to the 6 meetings the researcher attended with members
of a government-appointed task team. In addition, 46 archived records and reports were consulted and reviewed as part of gathering
data relating to the government’s MomConnect project. Among the consulted stakeholders, there was general consensus that the
existing government-sponsored MomConnect program should be implemented beyond mere piloting, to as best as possible
capacity within the available resources and time. It was further intimated that the scalability and sustainability of mHealth services
as part of an innovative digital health ecosystem was hamstrung by challenges that included stakeholder mismanagement, impact
assessment inadequacies, management of data, lack of effective leadership and political support, inappropriate technology choices,
eHealth and mHealth funding, integration of mHealth to existing health programs in tandem with Goal 3 of the Sustainable
Development Goals, integration of lessons learned from other mHealth initiatives to avoid resource wastage and duplication of
efforts, proactive evaluation of both mHealth and eHealth strategies, and change management and developing human resources
for eHealth.
Conclusions: This study has only laid a foundation for the re-engineering of mHealth services within the digital health innovation
ecosystem. This study articulated the need for stakeholder collaboration, such as continuous engagement among academics,
technologists, and mHealth fieldwork professionals. Such compelling collaboration is accentuated more by the South African
realities of the best practices in the fieldwork, which may not necessarily be documented in peer-reviewed or systematic research
documents from which South African professionals, research experts, and practitioners could learn. Further research is needed
for the retrospective analysis of mHealth initiatives and forecasting of the sustainability of current and future mHealth initiatives
in South Africa.
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Introduction
Background
The term digital health innovation ecosystem (DHIE) entails
the systematization of digital health networks, environments,
and communities (stakeholders) relying on information and
communication technology (ICT) to connect and relate with
each other for the purpose of improving health services.
Furthermore, it empowers patients to manage their well-being
and that of their families and communities [1]. The process of
developing and designing a health service requires an in-depth
understanding and knowledge of the ecosystem, as well as
holistic consideration from different stakeholder perspectives
[2]. Accordingly, the design process is intended for the use and
distribution of a (health) product at any moment and at any of
its location points to people during the product’s lifetime, to
the advantage of those whose needs are not appropriately
addressed. In the context of this study, the centralization of the
DHIE underpins the researcher’s effort to explore and identify
the fundamental tenets in the design, application, and
implementation of a digitalized health product with respect to
its entire value chain of networks, environments, and
communities [3]. The networks in the ICT-dominated ecosystem
or environment are constituted by health care stakeholders,
institutions, and devices. Such an environment is characterized
principally by the successful implementation of interactive
digital best demonstrated practices and solutions [4]. In this
study, the DHIE is pivotal, as it is the term or concept or
phenomenon around which the implementation efficacy (or
otherwise) of the MomConnect project (as a demonstration
case) could be determined as an initiative of the National
Department of Health (NDOH) in its efforts to introduce and
implement a national rollout of the digital health strategy for
South Africa [5].
Given the aforementioned context of the DHIE, this study
focuses on an important topic pertaining to the implementation
of the MomConnect project, which has had a nationwide rollout
in South Africa. It is not a small-scale pilot project limited to
several facilities or a single district but has been implemented
nationwide and emphatically referred to since 2014 by previous
Ministers of Health and is currently in their annual health budget
speeches as an indication of the government’s irreversible
trajectory toward the digitization of health services as a means
to broaden access [5,6]. Therefore, this research on sustainability
issues and the factors affecting its success is critical.
Technology-assisted health care service delivery is regarded as
the new frontier of innovations in health care, facilitated by
improvements in ICTs and the internet’s asynchronous
interconnectivity [4]. Mobile health (mHealth) technology—part
of eHealth—is a multidisciplinary field cutting across health
care, medical, and technological sciences, connecting medical
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informatics, business, and public health through internet-based
technologies [7]. At the same time, experience has shown that
the scalability and sustainability of mHealth services as part of
an innovative digital health ecosystem could be hamstrung by
factors such as stakeholder mismanagement, lack of political
support, appropriate choice of technology, funding, and
integration of mHealth into existing health programs in tandem
with the Sustainable Development Goals [7].
In many developing countries, innovative initiatives aimed at
enhancing the delivery of health services and disease
management have been stifled by pilotitis—defined as a state
of perpetual preliminary testing of projects in terms of which
many technological innovations and initiatives, including
mHealth, have not progressed to their intended full capacity
[8]. A perennial state of pilotitis is caused by, among other
factors, inadequate monitoring and evaluation systems, weak
interorganizational and intraorganizational control mechanisms,
and poor in-country digital architectures [8]. Project Kopano
in South Africa and Hello Mama in Nigeria are examples of
projects that stagnated because of pilotitis and did not develop
beyond their pilot phases. Consequent to pilotitis and its negative
organizational impacts, the objective of addressing Sustainable
Development Goal 3 (good health and well-being) is
jeopardized, as health technological developments are not
accessible to most people for whom health care service provision
is an absolute requirement [9].
The digital management of diseases through mHealth and
eHealth reflects the development, adoption, and integration of
ICT-based innovations in health care service planning,
management, and delivery [10]. However, health care facilities
and systems in many developing countries are still paper-reliant
in many parts of their operations, which stifles progress insofar
as digitally improving the quality, safety, and productivity of
their health care services is concerned. mHealth has ushered in
important changes through its facilitation of access and
willingness to use portable devices for health care needs.
mHealth is a medical and public health system that promotes
the enhancement of health services with the support of wireless
multimedia technologies such as mobile phones and other
devices for monitoring patients and their recovery progress and
well-being [11]. mHealth and eHealth have the potential to
support and strengthen existing health care programs, rather
than focusing on the discovery of new treatments and the
development of clinical interventions by themselves [12]. Such
a complementary approach in developing countries is
significantly helpful, considering the plethora of factors such
as adverse conditions (eg, poverty), limited investments, and
resource constraints (eg, provision of safe drinking water,
sanitation, basic education, medicines, and skilled personnel).
For example, patients’ adherence to medication could be
enhanced through mHealth, rather than administering new
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medication when the only issue was adherence (a factor of
educating patients), and not a reflection on the effectiveness of
the health care system in general or a particular program within
the health system.
The application of mobile technology–based health care services
(mHealth) is a credit associated with the introduction of ICT in
health development. However, the design strategies and
capabilities of such devices have also been questioned [11]. A
differentiation between user-centered and stakeholder-centered
designs is worth mentioning. In information technology systems
architecture or design science, the 2 concepts are used
interchangeably, although stakeholder-centered design is more
applicable in the context of public health systems. In this regard,
a stakeholder-centered design perspective was adopted in this
study. A stakeholder design is defined as a process intended for
the use of a (health) product at any moment and at any of its
location points by all people during the product’s lifetime to
the advantage of those whose needs are not appropriately
addressed [13]. Every effort should be made to identify and
understand these stakeholders and address their needs to keep
the chain intact [13].
The aim of this study was to share the perspectives of the
different stakeholder groups involved in the design and
implementation of a mobile app used in maternal health care
services in a particular DHIE. The research question that guided
the research for this paper is: What are the perspectives of the
different stakeholder groups in the form of best practices, lessons
learned, or issues identified based on their involvement in the
design, development, and use of a specific mHealth application?
The insights gained from this study should assist in moving
health innovations beyond the pilot stage.

Background to the MomConnect Project of the NDOH
The MomConnect project is a product of the NDOH’s National
Digital Health Strategy (NDHS) intended to meet health targets
and simultaneously maintain the momentum thereof, that is,
scalability and sustainability [2,5]. The NDHS itself (launched
in 2019) incorporated and combined eHealth and mHealth
strategies, both of which have been periodically reviewed every
5 years since 2014 (the year of MomConnect’s official launch).
Conceptually, eHealth premises on the provision of health care
through ICT to empower patients, families, and communities
in the improvement, monitoring, and management of their health
and well-being [11]. Meanwhile, mHealth relates to medical
and public health practices and disease management programs
supported by a range of interactive ICTs such as mobile phones,
patient monitoring devices, and PDAs [1,14]. In essence, the
current NDHS (2019-2024) is cognate from the review of the
National eHealth Strategy (2012-2016), which focused mainly
on improving governance systems and structures, integration
of information systems, and technological enhancement and
interface of the health care system and its users [6].
The merging of eHealth and mHealth by the NDOH signifies
the need for critical considerations for a re-engineered and
coordinated mHealth strategy that incorporates funding for
eHealth and mHealth, impact assessment, management of data,
effective leadership and governance from the NDOH, integration
of lessons learned from other mHealth initiatives to avoid
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resource wastage and duplication of efforts, proactive evaluation
of both mHealth and eHealth strategies, and change management
and developing human resources for eHealth [5,6]. Moreover,
contemporary issues of mHealth services could be addressed
by applying digital development principles to strengthen best
practices and address existing implementation gaps [10].
Furthermore, the centralization of a digital health system at the
NDOH was viewed as a critical step in ensuring coordinated
governance and effective leadership [6].
As espoused by the NDOH, the vision of the NDHS (2019-2024)
is premised on the betterment of all South Africans’ lives
through digitized person-centered health services within an
ecosystem inhabited by people and technology-driven processes
[6]. The prioritized outcomes for better health for all South
Africans rested on the key strategic pillars of
person-centeredness, broadening access to health services,
innovative sustainability, workforce-inspired economic
development, and an interdepartmentally collaborative
government approach. The strategic components of the digital
health strategy are also mention worthy, as they cohere with
some specific reference the study has made of the
NDHS-MomConnect linkage, most of which have also emerged
as critical variables in the findings. These 9 strategic components
in the NDHS documents are leadership, stakeholder engagement,
investment in strategy, governance, systems architecture and
standards, digital apps and their services, connectivity
infrastructure, legislation, policy and compliance, and workforce
capacity (for economic development).

An Overview of MomConnect
The MomConnect project (which is not the strategy per se and
is the demonstration case and overarching point of reference in
this study) was officially launched in August 2014 as the
NDOH’s initiative for the improvement of maternal, child, and
women’s health (MCWH) services [6]. This project was founded
on key elements, all of which are interstitially associated with
maternal and child health and well-being until the newborn
child is aged 1 year [5,6]. These elements are subscription (of
users and beneficiaries to the mobile service), registration (of
users on the national database through a common Unstructured
Supplementary Service Data [USSD] number with the assistance
of health care workers at the nearest health facility), SMS text
messaging (NDOH SMS text messages relating to all relevant
MCWH information), service rating (use of the free USSD
number to rate the service using mobile devices), and
compliments and complaints by users to local districts.
From its inception, this project was viewed as the flagship or
standard of digitally propelled national programs of care for
maternal and child health services in health care facilities across
South Africa (Pillay Y, BP, unpublished data, April 2022) [5].
MomConnect was proudly welcomed by virtually all its
beneficiaries, namely, the health care users who were mothers
using MCWH services, pregnant women who came for antenatal
care (ANC), and mothers who came for postnatal care.
Notwithstanding some challenges, some observable success
factors of MomConnect (since August 2014) included
registration of >1.9 million users, a minimum daily rate of 1000
SMS questions asked by users, 9 times more compliments
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received than complaints, and additional specific elimination
of mother-to-child transmission messaging for women who
have been HIV positive since September 2016 [6]. Nurses and
auxiliary personnel at public health care facilities encourage
and help pregnant women and new mothers register for
MomConnect. Once registered, these women receive 2 to 3
SMS text messages per week based on their stage of pregnancy
and through the child’s first year of life. MomConnect message
content is timed to the expected month of delivery and covers
topics such as vaccination and checkup reminders, exclusive
breastfeeding recommendations, psychosocial parenting tips,
and baby development.
Given MomConnect’s envisaged national impetus since its
inception, it is therefore fait accompli that its scalability and
sustainability factors would constitute the most salient variables
within the DHIE parameters. The scalability and sustainability
of a large-scale project such as MomConnect are achieved
optimally by meeting targets and maintaining the momentum
at the same time [2]. In general, project scalability and
sustainability investigations are necessitated by challenges that
were likely to relegate such potentially viable eHealth and
mHealth services to a state of pilotitis [15]. Scalability most
profoundly relates to quantitatively broadening or increasing
access to health care services, whereas sustainability is
concerned with qualitatively ensuring long-term success and
continuation with unconstrained availability of financial, human,
and infrastructural resources [5,8]. However, the current
environment of MomConnect’s implementation is still
characterized by environmental factors reminiscent of a state
of pilotitis. For instance, the implementation task team was
focused more on scale (digital services expansion) than on
sustainability (long-term durability) from the beginning of the
initiative. It was performance driven, based on achieving targets.
Once there was sufficient (quantitative) achievement on the
target side, sustainability (qualitative) became a casualty. In
addition, critical factors that were moderate at MomConnect’s
inception in 2014 became more critical, such as fundraising,
exploring the registration of MomConnect as an independent
entity, equitable allocation of contracts to competent digital
service providers, stakeholder conflicts of interest when
appointed to the board of the new entity, and perpetual legal
advice being sought, among others.
The original MomConnect content was created by BabyCentre,
adapted for the South African context by a team of local experts,
customized for the length of an SMS text message (160
characters), and reviewed by a panel of experts including
maternal health clinicians. A component of MomConnect has
a task team that meets the most active stakeholders monthly
[16]. MomConnect was selected as a case example in this study
because it is the first nationally scaled-up mHealth service. An
in-depth study of its implementation from a service design
perspective may assist in obtaining evidence-based and
best-practice mHealth implementation strategies. From a
technical perspective, mHealth implementation also includes
user-provider ethical components such as trustworthiness,
privacy, and confidentiality.
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As South Africa’s first national-scale mHealth service, the
implementation of MomConnect has the potential to fill the
knowledge gap in mHealth implementation dynamics (which
may include service design) [17]. There is currently limited
published research in Sub-Saharan Africa on large-scale
mHealth implementation on which to establish empirical
investigation pertaining to the exploration of the well-designed
efficacy and effectiveness of mHealth services [17]. The latter
view is supported by the fact that the proliferation of mHealth
initiatives in many developing countries has not necessarily
translated into rollouts at the national level, as well as the
practical implications of these projects on the routines of the
facilities at which they have been rolled out [18] (NDOH, 2014).

Study or Research Framework
The study framework shown in Table 1 depicts 3 critical
variables, namely, various categories of participants as the
sources of data, research methods or instruments through which
particular types or forms of data were generated, and the
approach adopted to analyze the accumulated data. Necessarily
so, these 3 diagrammatically represented variables are also
indicative of the route of the study, that is, the most salient
processes and activities performed throughout the study from
its inception and conclusion [19,20]. The approach adopted by
the researcher in analyzing the accumulated data in this
predominantly qualitative-ethnographic study is critical and
mention worthy, because it (approach) underpins the logic and
rationale for the study and all its associated processes, which
are captured to varying degrees of detail, particularly in the
Methods and Results sections.
Regarding the aforementioned approach, the study framework
reflects and encompasses a practitioner-researcher perspective
in terms of which the researcher is simultaneously an active
participant or observer in the situation being analyzed [21]. In
addition, the practitioner-researcher approach has been
influenced by the fact that the researcher is also a public health
practitioner with >10 years of experience in the field. Moreover,
the researcher served as a member of the MomConnect Task
Team from November 2015 to June 2018 when he was
employed by one of the implementing partner organizations
and seconded to the NDOH to implement the elimination of
mother-to-child transmission of the HIV component of the
MomConnect initiative. This was the period during which the
various critical activities and processes of the study were
conducted.
Largely as a factor of the practitioner-researcher approach, the
research approach depicted in Table 1 highlights the
practitioner-researcher perspective as influential in shaping the
study framework with respect to the chronology of the research
process as clearly demarcated in the 2-phased stages (January
2017 to June 2018) showing the empirical and nonempirical
(eg, document review) domains of the investigation. It is also
clear from Table 1 that all the research-related activities and
processes are cohesively bound and characterized by 2
indispensable components: simultaneity and contiguity.
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Table 1. Depiction of study framework.
Stages of research and participant category and source Activity period
of data

Research method and type of Mode of data analysis and
data
analytic tool

Phase 1
MomConnect repository and archived data (includ- January 2017 to June 2018
ing minutes and reports dated February 2014 to
June 2018)

Document and literature review

Content analysis

January to December 2018

Interviews

Thematic analysis

January to December 2018

Stakeholder relationship
mapping

Discourse and conversational
analysis

January to December 2018

Interviews

Thematic analysis

MomConnect task team meetings

January to June 2018

Ethnographic observations

Discourse and conversational
analysis

Clinical staff

January to December 2018

Interviews

Thematic analysis

Auxiliary health personnel

January to December 2018

Interviews

Thematic analysis

Patients or health service users

January to June 2018

Focus group discussions

Thematic analysis

Phase 2
Ministerial Advisory Committee on eHealth
MomConnect task team

The notion of contiguity entails the inseparability of all relevant
research variables, whereas simultaneity encompasses the
development, occurrence, or undertaking of more than a single
activity or process simultaneously [19,20]. For instance, all
phase 2 processes and activities are contiguous with the core
phase 1 activity. Inversely, the review of pertinent literature and
relevant documents occurred throughout the research process.
Thus, these 2 phases are contiguous on the basis of their
complementarity as well. By contrast, all phase 2 activities and
processes happened at different times and places in real time
yet simultaneously in the context of the broader period during
which they occurred and were performed.
Table 1 also clearly illustrates a multimodal approach of data
collection and analysis, which justifies reference to convergent
thinking and analysis as a tool for understanding the final
outcomes and consequent findings, in terms of which the broader
domain of MomConnect’s implementation strategies could be
justifiably assessed [20,22].

Methods
Research Setting
The study was conducted at 2 geographically disparate locations
in the Gauteng Province, South Africa. The first setting was the
most appropriate, given that it was the physical location for the
offices of the NDOH, the fiduciary custodian of the
MomConnect project. In addition, members of both the
MomConnect Task Team and the Ministerial Advisory
Committee on eHealth (MACeH) were more accessible at this
site, as they regularly attended their meetings at the NDOH’s
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offices. This venue was also crucial because it housed the
archived documents in the MomConnect repository. These
documents were instrumental in secondary data collection.
The second setting consisted of 4 inner-city primary health care
(PHC) facilities (clinics) located in the largest city and economic
hub of the country. These 4 clinics were selected because they
were located in high-density populations, which ensured
large-scale involvement of the selected participants.
Furthermore, each of the 4 study clinics in Johannesburg’s
Region F offers similar PHC services that predominantly focus
on HIV or AIDS.

Participant Characteristics and Their Recruitment
A total of 5 stakeholder categories were involved in this study,
each representing both national-and facility-level perspectives.
The first category, the MACeH and health facilities, was
appointed by the Ministry of Health and is responsible for
advising the Minister of Health on policy-related matters
concerning eHealth. The second category, the MomConnect
Task Team, involved representatives of different private and
public sector organizations, academic institutions, and
independent consultants. These representatives were involved
at different stages of the MomConnect implementation and have
held monthly meetings since the inception of the MomConnect
project. The third category involved professional clinical staff
at the 4 inner-city PHC facilities. Fourth, there were also
auxiliary health personnel based at the same health care
facilities. The fifth and final informant category consisted of
patients or health care users. Table 2 illustrates the 5 stakeholder
categories, as well as the primary data collection methods used
for each.
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Table 2. Participant categories sampled and their data collection methods (N=80).
Participants and stakeholders

Composition

Ministerial Advisory Committee on
eHealth

Consists of 1 senior government official representative from 9 (11)
each of the 9 provinces, academia, research organizations (eg,

1-on-1 (face-to-face, telephonic, and virtual) interviews at

CSIRa), and private sectors, as per the government gazette

NDOHb offices

MomConnect Task Team

Count, n (%) Site and data collection method

ders, NGOs,c consultants, and research institutes)

1-on-1 (face-to-face, telephonic, and Skype) interviews at
NDOH offices

Professional nurses working at the 4inner-city clinics providing 5 (6)

Face-to-face interviews at the

ANCd services in Johannesburg Region F

inner-city PHCse

Auxiliary health personnel

Staff based at the facility who are not registered clinicians but 6 (8)
do interact with patients who come for ANC services, for example, health promoters, lay counselors, community health
workers, and data capturers within the health care facility

Face-to-face interviews at the
inner-city PHCs

Patients or users

Pregnant women and mothers visiting health care facilities
45 (56)
for maternal, child, and women’s health at the clinics; women
who were at the facilities on the specific day when researchers

Five focus group discussions of
nine members each, at the inner-city PHCs

Clinical staff

NDOH officials and implementing partners (academia, fun-

15 (19)

were at the clinic were all sampled and formed part of FGDsf
a

CSIR: Council for Scientific and Industrial Research.

b

NDOH: National Department of Health.

c

NGO: nongovernmental organization.

d

ANC: antenatal care.

e

PHC: primary health care.

f

FGD: focus group discussion.

Sampling of Research Sites and Participants
Purposive sampling was used for the selection of all key
informants, based on our own professional judgment,
experience, and knowledge of the research environment,
informing us that the sampled participants complied with the
requirements or criteria that we determined before the execution
of the empirical data collection phase [20,23]. Nonprobability
convenience sampling was used for the selection of the 4
inner-city research sites based on their ready availability and
easy accessibility [9]. Both sampling methods were motivated
by the fact that the researcher was a member of the MomConnect
Task Team from October 2015 to June 2018. In this capacity,
he was appointed as a digital health expert and seconded to the
NDOH.

Description of the Different Research Methods
The MACeH representatives were selected mainly for
policy-related reasons, given their knowledgeability and close
interactions with the Ministry of Health. In contrast, the
MomConnect Task Team members were sampled based on the
fact that they represented different stakeholder constituencies
involved in the implementation of the MomConnect project at
the national, provincial, district, and subdistrict levels; attended
the MomConnect Task Team meetings regularly; and were very
knowledgeable about the project’s functioning, mandate, and
expected deliverables when appointed by the government. This
team consisted of representatives of different private and public
sector organizations, academic institutions, and independent
consultants who have been involved at the different stages of
the MomConnect project’s implementation since its inception
in 2014. Professional clinical staff were purposively selected
based on their practice-related knowledge and work experience
https://mhealth.jmir.org/2022/6/e18188
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pertaining to the functioning of their inner-city health care
facilities in Johannesburg. Meanwhile, the selection of auxiliary
health personnel professional staff was influenced by our
concern with perceptions of their exclusion in the MomConnect
activities, although they were expected to render services related
to the requirements of MomConnect users.
In contrast, the category of the purposively sampled health care
service users were mothers who using MCWH services, pregnant
women receiving ANC, and mothers visiting the facilities for
postnatal care. These were the most direct beneficiaries of the
government’s MomConnect initiative, and their knowledge,
experiences, and perceptions were indispensable to this study.

Data Collection Methods and Processes
Overview
In essence, this study was conducted in 2 phases that are
distinguishable by their contiguity and simultaneity elements.
In varying degrees, both Tables 1 and 2 provide significant
information that also preludes the trajectory or approaches
adopted for the data collection and analysis processes. It is worth
noting that by virtue of the study’s broader domain of
simultaneity and contiguity, the data collection and its associated
analysis processes have seamlessly (rather than chronologically)
integrated a methods-based orientation for data collection and
a participant-based orientation for the framework of results.
Whereas the methods-based orientation inevitably emphasizes
and accentuates the data, the participant-based orientation
prioritizes and particularizes the source of the data itself. As
such, relevant data were collected according to the research
methods described below.
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Literature and Document Review

Semistructured Face-to-face Interviews

The MomConnect repository itself was relevant, as it housed
the official institutional memory of the MomConnect Task
Team. This phase of data collection was of significant
importance to the study, as it facilitated the evaluation of
MomConnect’s decision-making processes, providing a
comprehensive background on the implementation process of
the project, as well as an opportunity to examine the difference
between the planned and actual implementation of the
MomConnect project.

This phase of data collection was conducted with the
MomConnect Task Team members, MACeH, and clinical and
auxiliary health personnel.

The document review included the official government’s
(NDOH’s) MomConnect initiative work plan and other records.
In this regard, the MomConnect repository, located in the
NDOH, was also a reservoir of information, including the
minutes of the MomConnect Task Team meetings. The
MomConnect repository contains publicly available documents
such as progress reports of implementation, archived and current
minutes of task team project meetings, survey reports, and data
and operational research documents or reports.

Stakeholder Relationship Mapping
Stakeholder relationship mapping basically refers to the
identification and categorization of the main project participants
(individuals, organizations, or institutions) who directly or
indirectly have a vested interest in the ultimate outcome of the
particular project based on their levels or stages of involvement
in the very same project [24]. Stakeholder relationship mapping
was of critical importance, especially because poor and weak
program management challenges accounted for the failure of
scalability and sustainability capacity required for the delivery
of huge national projects such as MomConnect [25,26].
Therefore, stakeholder mapping was only applied to the
participant category located within the decision-making and
policy development echelons (such as the members of the
MomConnect Task Team) rather than to the project
implementers (eg, clinical and auxiliary health personnel) or
end users (ie, patients at the PHC facilities). In this study,
relationship mapping was only applied to the MomConnect
Task Team members through a written exercise, filling-in an
informed consent form, and returning to the researcher on the
same day. After informed consent was obtained, task team
members were emailed an exercise used to determine the nature
and range of their past and current relationships that may have
some impact on the MomConnect project.
Having obtained considerable background information and
knowledge through the systematic review of relevant literature
and documents, stakeholder mapping (similar to research
participant selection criteria) constituted the logical phase before
the actual empirical data collection itself through interviews
and focus group discussions [27]. This mapping of the various
groups and stakeholders was critical as it enhances more
understanding of the relationships and interrelatedness of
individuals, groups, and the specific mHealth service itself. The
mapping process is focused on the exploration and
understanding stakeholder relationships rather than on finding
out who they are [28].
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Ethnographic Observation of MomConnect Task Team
Meetings
In research involving an empirical component, the observation
of participants is an ongoing process (Pillay Y, BP, unpublished
data, April 2022). From an ethnographic perspective, the
observation of research participants further provides an
opportunity for the researcher to interact directly in
conversations or dialogues with the participants and observe
their attitudes, behavior, and interaction toward each other and
one another within their ecological parameters of the natural
environment to which they are very familiar and in which they
interpreted their reality and conditions [29,30]. In this regard,
participant observation complemented both the primary data
collection methods (ie, individual interviews and focus group
discussions).
Participant observation was facilitated by means of the
researcher’s physical observation of and listening to
MomConnect Task Team members in their monthly meetings.
The observation rationale was to add value to this study to the
extent that more understanding was important for assessing the
stakeholder relationships and collaboration. The latter 2 aspects
were critical factors because they provided a basis for the
relative determination of the success or failure of project design,
planning, and implementation processes and dynamics at both
the bureaucratic and technocratic levels, given the composition
of both the MACeH and the MomConnect Task Team [19,31].
For the purpose of this study, and given the heterogeneous
representation of interests and constituencies within the
MomConnect Task Team, 3 of their monthly meetings were
attended. Field notes were taken, focusing on their interpersonal
relationships, as well as their decision-making processes and
procedures in meetings. This phase was complementary to the
review of relevant MomConnect repository documents.

Focus Group Discussion With Service Users at
Inner-City PHC Facilities
As shown in Table 1, this targeted form of engagement,
interaction, and conversations was conducted with pregnant
women who came for MCWH services and ANC and mothers
who came for postnatal care. Focus group discussions were
advantageous in that virtually all participants were more at ease
sharing and learning in a group from the experiences,
knowledge, and perceptions of others [32].

Data Analysis Approaches
Both the heterogeneous nature of participant categories and the
range of ethnographically oriented instruments of data collection
triangulated the data analysis approach involving content,
thematic, discourse, and conversational analysis. The study
emphasizes that, despite their terminological variation, the
modes of analysis all fundamentally focus on deriving meaning
from themes developed from the content of empirical and
nonempirical research methods used in this study [18].
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Ethics Approval
Ethics approval was obtained from Cape Peninsula University
of Technology. Furthermore, access to conduct research was
endorsed by the NDOH, Gauteng Department of Health and
City of Johannesburg.

Results
Overview
In contradistinction with the methods-based approach of data
collection, the results framework presented in Table 3 is
emblematic of a participant-based orientation. As such, the
results or findings are presented based on the type or category
of participants as providers or sources of the self-same data
obtained through different methods. Notwithstanding the
transcendence of participant categories over the different data
collection methods in this regard, both methods and participants
are still contiguously linked. There could be no empirically
generated data without participants as the vital source of the
information sought to fulfill the study’s aim [1,20]. Accordingly,
the results framework in Table 3 is the outcome of the
participant-method contiguity. Most importantly, the results
reflect the convergence of data analysis methods, that is, the
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predominant thematic mode complemented by conversational
and discourse analysis.
Owing to the variability of research methods applied and the
vastness of the data collected, the results are presented in varying
degrees of detail consonant with aspects they address in relation
to the development, implementation, and usability of the
MomConnect system of digitizing health care services for all
South Africans [6]. From the perspective of this study, the
development-implementation-usability continuum is pivotal in
determining the extent to which the NDOH’s MomConnect
initiative could be demonstrated as a case of policy or strategy
success or failure with respect to its attendant sustainability and
scalability factors.
Table 3 is reflective of the eventual outcomes of various data
analysis processes adopted (Table 1) to construct meaning from
various participant categories representing various components
and aspects in the MomConnect policy development, strategy
design, and implementation and health care service users’
benefit. In the end, the convergence of the various data analytic
modes also reflects the inextricability of participants’
environmental dynamics (eg, vested interests and influences)
and the inevitable researcher-practitioner approach adopted.
Owing to the vastness of the data collected, the emergent themes
have been paired globally in groups rather than individually.
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Table 3. Results framework.
Participants and main theme

Main category

Subcategory

Ministerial Advisory Committee on eHealth (interviews)
Governance and leadership

mHealtha centralization

mHealth service rationalization

Strategy integration

eHealth and mHealth strategy perceptions

Strategy application feedback

Stakeholder involvement

Clinicians, technophobia or capacity building;
mHealth providers and consumer engagement

—b

Research and development

Demonstrable evidence of implementation outcomes or impact; mHealth piloting perspectives

—

Service continuity
Sustainability

Total cost of ownership and co-utility; cost of
ownership and cost utility; outsourcing culture

Scalability

NDOHc financial and human resources; provincial
realities regarded as mHealth barriers; computing
infrastructural issues

Design thinking

Lessons learned

Service implementation

Human and financial resources

Ecosystem or environment
Organizational

Vision, policies, and guidelines; governance and
leadership; political authority or oversight

Ethical aspects

Privacy and security; data ownership

Integration

Technical: infrastructure and interoperability

MomConnect Task Team (minutes)
Service conceptualization
Stakeholder considerations

Facility-level consultation and collaboration

Design process

Considerations; research and expansion considerations

Integration

Technical: infrastructure and interoperability

Roll out

National to provincial scaling-up process; opera- —
tions and performance

Service continuity

Service continuity; sustainability and evolution

—

Member relationship mapping

—

MomConnect task team (interviews)
MomConnect as a case example

Support for MomConnect as a case example; dif- —
fering piloting views
Critical considerations

mHealth and eHealth strategy

Life span within NDOH or integration of initiative
within health programing; ethical service implementation; uncertainty over sustainability

Ministry of Health prerogatives

Leadership and management; teamwork; operations; recommendations

User-centered design; sustainability; change
management; stakeholder management

Facility-level (clinicians, auxiliaries, and service users)
Service touch point capacity
Stakeholders
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building and NurseConnect); mothers, pregnant
women, and caregivers; foreign nationals (challenges)
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Participants and main theme

a
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Main category

Subcategory

Service implementation

Content of information; ethical considerations;
MomConnect helpdesk and interactive communication with nurses; subscription and marketing;
service rating or feedback

Health care facility environment

—

Operations

—

mHealth: mobile health.

b

Not available.

c

NDOH: National Department of Health.

A total of 6 main thematic statements and their associated
categories and subcategories emerged and are discussed in the
next sections.

missing an opportunity to ensure that the various types of
mHealth that is being practiced in the country is fully aligned
with the health transformation work that is being led by the
ministry and department.” An mHealth strategy needs to be
supported by a solid implementation strategy.

Governance and Leadership

Stakeholder Involvement

Especially in developing countries, governance and leadership
issues have been major determinants of the sustainable
implementation of health programs and services [25]. In this
regard, the MACeH interviews reflected general consensus for
the support of centralizing mHealth governance and control in
the NDOH: “In itself, the centralization factor entails both the
pros and cons of leadership and governance issues.” In this case,
centralization was viewed as beneficial because there were a
number of unsupervised health initiatives throughout the
country, and strong recommendations were mooted for a national
database or register to track the performance of mHealth in
various parts of the country. Such a step was viewed as
advancing the issues of both scalability and sustainability from
the very inception of any health care initiative by the
Department. This was also viewed as a transparent process that
would reduce wastage and duplication of resources. Such a
trajectory would ensure that different mHealth implementers
are fully acquainted with what other stakeholders are doing.
Consequently, mHealth implementers would be capacitated to
build on what already exists and learn from the experiences of
others. Notwithstanding its advantages, some disadvantages of
centralization were also observed. The bureaucratic nature of a
centralized system implied that implementers take a long time
to obtain permissions, which causes an incremental loss of
opportunities during delays [12]. In addition, little or no
centralization inadvertently encouraged everyone everywhere
to have their own few mHealth projects that never scaled up
and remained mostly unknown to the NDOH. In such instances,
the need for centralization could be balanced with the need for
the devolution of authority, for example, by decentralizing
certain implementation functions and regulatory authority to
the provinces, regions, and districts [23]. Rationalization relates
to the justification of a course of action associated with any
aspect of the MomConnect system.

Clinicians were not effectively involved in the system’s design:
“...the health system is completely separate from the PHC
system.” For instance, the scant involvement of nurses could
stereotypically portray them as technophobic and stifle their
capacitation and competence [3,8].

Findings Emanating From the MACeH

Strategy Integration
MomConnect is a product of the overall digital health strategy
of the NDOH, and the finding is that the mHealth strategy is
not sufficiently integrated into either the eHealth strategy or the
health strategies of the country: “I think through that we are
https://mhealth.jmir.org/2022/6/e18188
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Research and Development
Research on digital health is crucial, considering that mHealth
is growing constantly and continuously as part of eHealth and
is a component of all aspects of health (prevention, diagnosis,
treatment, and research) [7,9]: “...at the time MomConnect was
rolled out there was not enough substantiated evidence to
support national roll out.” It was regarded as a politically driven
project: “...we didn’t talk at all around research which I think
is an ongoing real problem.”

Service Continuity
Service continuity is a direct reference to the long-term duration
of any program or project [10,13]. In considering the scalability
and sustainability factors, the MACeH was also guided by
weighing costs associated with sole or co-ownership and
outsourcing of certain aspects such as whether funding has been
planned for continuing with mHealth projects past the DHIE
stage. There needs to be a process of assessing the sustainability
of the mHealth initiatives by the relevant stakeholders to ensure
that all risks have been evaluated. There is a need for standards,
interoperability, and human and financial resources to render
the service implementable. Women will be empowered through
the MomConnect project, resulting in them having information
expectations that could then place a burden on clinics and
hospitals to also meet that expectation:
The NDoH uses consultants, that consultant has a life
span at the department, you can only employ that
person for so long. If you want to be scalable and
sustainable you must write a standard approach that
is not vendor biased and can be supported by any
software vendor.
How can we sustain anything if 50% of it is from
donors.
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Ecosystem or Environment
A digital ecosystem encompasses the entire community of
networks within the digital environment to establish best
practices [1]. The NDOH was the central authority to safeguard
MomConnect users from, among others, protecting their privacy:
“Start looking at security issues that may influence the project.
[Informed] Consent and POPI [Protection of Personal
Information Act of 2013]...” There may be concerns regarding
confidence in the system [3]. Scalability and sustainability
should guide implementation at the provincial and district levels.

Findings Emanating From MomConnect Task Team
Minutes
The themes are discussed in the next sections.

Service Conceptualization
Service conceptualization involves developing and designing
a program (at the theoretical or planning stages)—in this case,
the MomConnect initiative—such that its technological or digital
relevance to and application by the intended users or
beneficiaries achieves the required benefits of broadening health
care services to all South Africans (Pillay Y, BP, unpublished
data, April 2022) [33]. The MomConnect service
conceptualization was captured in this study in terms of the
affected stakeholders, facility-level consultation and
collaboration, and the acceptability (or otherwise) of the design
process value chain. During the conceptualization of the service,
stakeholders were not only confined to nursing staff: From the
afore-cited minutes, it is evident that effective stakeholder
considerations extended beyond the nursing personnel as
implementers at the facilities. Such a conceptual orientation
stood the MomConnect service’s implementation in good stead,
as collaboration and cooperation were critical for health care
service delivery [34].

Design Process
The process of developing and designing a health service
requires an in-depth understanding and knowledge of the field,
as well as consideration of multidisciplinary perspectives [8,13]:
...research with nurses to improve user-centred
design...They [mobile service designers and
providers] are also going to do research that will
allow us [Task Team/policy makers] to understand
which handsets our clients are using...back-end
system, mobile operators, service providers,
messaging subgroup rep, registration process,
communication strategy, launch, field testing...If we
design the system properly, we might be able to have
them [patients] enter data in the waiting room.
The fact that MomConnect is still in existence in all 9 provinces
despite initial imbalances bears testimony to extrinsic factors
such as the role played by reputable service designers and
providers outside of the NDOH policy-making value chain
[32,34].

Integration
The willingness to integrate the MomConnect initiative and not
implement it as a silo was recorded. However, there were no
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documented indications of any other health service initiatives
to which MomConnect could be integrated. MomConnect was
initially conceived as a standalone digitized health service. Only
data integration was explicitly mentioned in terms of linking
MomConnect data to existing health information system (HIS)
data for reporting. The South African ID has been integrated
into biometric ID systems that are compliant with various forms
of DNA analysis and has been proposed as an identifier for the
system. However, foreign national ID numbers must also be
captured. The system was also unable to capture dates of birth
for underaged pregnant mothers who did not have an ID or
foreign nationals who did not have their passports when
registering:
To allow for maximum interoperability there should
be a number of ID types which will allow all people
eligible to receive care to be registered. In South
Africa, everyone has a right to emergency medical
treatment. Therefore, identifiers which cover foreign
nationals, refugees and people without documents
should be used.

Infrastructure and Interoperability
The technical aspects of mHealth are the quintessential reflection
of the integration or interface of ICT systems for human services
[15]. The technological infrastructure required for connectivity
at a national scale was enhanced by strong NDOH partnerships
with established mobile phone operators to boost the economies
of scale and size, suggesting that it is technically possible to
deliver mHealth interventions to large populations at low cost
because downloading and automation to send SMS text
messages can be once-off processes [26,35,36].

Rollout
The proliferation of mHealth initiatives in many developing
countries has not necessarily translated into rollouts at the
national level, considering the practical implications of these
projects on the daily routines of the facilities at which they have
been rolled out [18]. Therefore, the capacity of the NDOH to
roll out MomConnect as a national service to its intended
beneficiaries was an important determinant of whether this
service could be implemented on a large scale [25]. In the
context of the MomConnect Task Team minutes, rollout and
expansion of the service were both geographical (throughout
all 9 provinces) and technological (operations and performance).
There were efforts to prevent the MomConnect project from
another project that remains in the pilot state:
...[the Health] minister has announced [on 30 July 2014] that
he will be embarking on road shows to introduce MomConnect
to the health professional in each province. Demonstration sites
were selected, communication materials were approved and
translated into other official languages. Establish an ongoing
system of formal evaluations and review of potential mHealth
projects.

Service Continuity
Determining service continuity was necessary to establish
measures recorded in the minutes to ensure the survival of
MomConnect beyond its official launch in August 2014. Other
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than their involvement in providing their network infrastructure
for MomConnect use, the role of established mobile telephone
companies was notably recognizable, facilitating the USSD
service to ensure that the service is not only scalable but also
technologically viable to continue to the present [16,33]:
It was suggested [in the meeting] that one should look
for risk sharing agreements that create long term
possibilities and business models. Look into ways to
make MomConnect more sustainable and generate
funds.

Findings Emanating From MomConnect Task Team
Interviews
Whereas the previous section focused on analyzing data from
indirect engagement with the participants (MomConnect Task
Team members), the current section premises on directly
obtained data with the self-same participant category through
the individual interviews. These themes are discussed in the
next sections.

Support for MomConnect as a Case Example
Support for an innovative digital health strategy by relevant
stakeholders is critical for its long-term sustainability [2,5]. In
the case of MomConnect, there was significant support at the
different levels of the implementation value chain:
It’s important, if eHealth has to be implemented there
has to be somebody with clinical background, who
understand the technicalities required to
support...Everybody realized this was NDOH project
and were keen to be involved.

Differing Piloting Views
It is expected that MomConnect content should be in line with,
and not deviate from, maternal health guidelines as a
contribution to advancing the goals of the country’s maternal
health program. However, participants had different views on
the use and application of MomConnect as an incipient digital
health project of the NDOH through its digital HIS strategy.
Concerns were raised about the likelihood of a disjuncture
between strategy or policy development and implementation:
I have worked with both eHealth and mHealth
strategies outside MomConnect in my previous
role...My general assessment about those documents
[guidelines] is that they are very theoretical and
difficult to implement in real terms, especially the
eHealth strategy...[it] is very high-level and doesn’t
really explain concretely how to do the things that
are recommended.
Although it emphasizes the perspective of incongruences,
participants raised concerns about the political overtones of the
environment within which the DHIE exists. Such a politicized
context could be detrimental to the sustainability of the
MomConnect project when politicians subsume the roles of
experts, implementers, and other practitioners [14].
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eHealth initiatives and knew what the strategy entails. There
were also participants who felt that their roles were very
operational and did not need any reference to the strategy. There
was also a response that an international organization visited
the MomConnect office to benchmark the initiative, and it was
difficult to explain the relationship between the initiative and
the strategy because the particular organization expected a clear
link between the strategy and the initiative. The participants
further intimated that there was no indication that MomConnect
was adequately responsive to a viable eHealth or mHealth
strategy. It was perceived more as a high-level initiative of the
Department and replete with policy speak with no significant
evidence of a sustained national rollout other than addressing
the political egos of those connected to the highest echelons of
power in the Department:
I have worked with both eHealth and mHealth
strategies outside MomConnect in my previous
role...My general assessment about those documents
[guidelines] is that they are very theoretical and
difficult to implement in real terms, especially the
eHealth strategy...[it] is very high-level and doesn’t
really explain concretely how to do the things that
are recommended.

Critical Considerations
It emerged during the interviews that the MomConnect Task
Team critically considered a range of issues, most prominently
the life span of MomConnect within NDOH (its integration
within health programming), ethical service implementation,
and uncertainty over its sustainability. There were views that
this initiative was not integrated with other programs within the
Department and that it was implemented as a solo high-profile
initiative of the former health minister. The issues around
integration included, but were not limited to, data, compliance
with HIS reporting, and data management. For instance, the
HIS unit has specific rules, but they were perceived to be not
fully applied by the MomConnect team:
It has to be integrated within the provincial maternal
services. MomConnect is seen as separate entry and
is not part of, look at the two units, HIS and
HIV/AIDS.
...one of the key issues with any strategy in the space
of health technology...is transforming...we have a
health system that is changing...having a strategy of
five years is actually too little...

Ministry of Health Prerogatives
The Ministry of Health is the de jure custodian of the
MomConnect digital system, and as such, certain fiduciary
responsibilities and expectations are executed through the
NDOH [6]. Chiefly, these include leadership, change and
stakeholder management, operations, and user-centered design.
Collectively, these prerogatives are indicative of attempts to
ensure sustained longevity of the overall health digital
innovation strategy of the Department [5].

Possible reasons for the different responses were that some
participants were involved in the drafting of the strategy because
they have been working with the Department on different
https://mhealth.jmir.org/2022/6/e18188
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Leadership and Change and Stakeholder Management
Some concerns were raised regarding the management of
stakeholders:
To have leadership from the NDoH is key.
MomConnect has been good at leadership coming
from the department. Nobody does anything unless
the NDoH signed on it.
On change management, the following excerpt captures the
unanimous views of the interviewees in this regard:
There are no contracts. All partners are taking some
level of risk, no formal agreement to say “this is how
we will sustain the programme going forward. We
need proper project management and change
management strategy.”
As opposed to the policy-level sites of the MACeH and
MomConnect Task Team, the health care facilities (especially)
at the local and district levels are at the coalface of the
MomConnect system’s implementation [6,33].

Clinical Staff (Nurses)
Staff expressed that they felt excluded and alienated, as they
were not part of MomConnect development. They were only
told to register and subscribe patients to it, which was a
nonclinical (auxiliary health) function. Nurses reported that the
content of the SMS text messages received by the women was
never shared with them. They only heard from patients when
they were asked for clarity about specific messages or when
they confirmed specific elements of ANC. Some nurses even
reported subscribing to MomConnect for the purpose of
familiarizing themselves with the contents of MomConnect on
the end users’ mobile phones. Because nurses do not usually
register patients on MomConnect, the counselors and health
promoters complained about the additional workload caused
by the time taken to register users on the MomConnect platform:
I only heard of MomConnect 4 weeks ago when I
started in antenatal care. I do not know the content
of the messages our patients receive. We need to get
the messages so that the content can be used as part
of health education.
...our biggest challenge is language barrier as most
of our clients are from out of our South African
borders...due to language barriers, patients don’t
receive information...

Mothers and Pregnant Women
Disgruntlement was expressed by the pregnant women regarding
the technicality and language barriers posed by the MomConnect
functionality on their mobile devices. The disgruntlement
emanated largely from foreign nationals, whose home languages
were not part of South Africa’s 11 official languages. As such,
they (foreign nationals) frequently experienced communication
barriers and understanding of MomConnect content. All
pregnant women (regardless of country of origin) also
experienced technical problems due to connectivity and time-out
sessions induced by USSD operational failures in the provider
network system. Notwithstanding, virtually all participating
pregnant women expressed their satisfaction with the
https://mhealth.jmir.org/2022/6/e18188
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MomConnect SMS text messages and commended the service
on the content regarding nutrition and preparing for the labor
trip, and the nontechnical language used was easy to understand.
However, there was a preference for the use of English as
opposed to their own vernaculars because the translation in their
vernacular was perceived as bombastic.

Service Implementation
The implementation and national rollout of a digital health
service the size of MomConnect is largely dependent on the
broad involvement and capacity of stakeholders at the health
care facilities as the points of service [9,10]. Accordingly, the
(clinical and nonclinical) operational context or environment
of the health care facility and its units also determine the level
at which the service is offered, whether it is acceptable or
satisfactory or otherwise [2,8]. The findings indicated a general
level of acceptable service implementation.

Discussion
Principal Findings
The principal findings in this study collectively reflect the
interconnectedness between the adopted research approach
(Table 1), the varied participant categories (Table 2), and the
framework within which these findings were formulated (Table
3). The practitioner-researcher approach facilitated the
seamlessness of the thematic, discourse or conversational,
content, and convergence analytical modes. By virtue of his
knowledge and experience as a former MomConnect Task Team
member and based on the period during which the study was
conducted, the findings are then the product of “...research in
practice, a close study of practices with access to pertinent data”
[21].
The study’s most fundamental purpose was to use a stakeholder
perspective as a preferred method to examine the scalability
and sustainability factors of the NDOH’s current MomConnect
initiative, from which policy guidelines could be developed to
inform on possible areas or aspects requiring improvements. A
close observation of the results framework clearly indicates that
the findings are located within 2 principal aspects of an
innovative digital health ecosystem, namely, the digital
environmental factors and the practice-related implementation
attributes.
Regarding legislative and policy compliance, there are laws in
South Africa, but the implementation of mHealth (and other
spheres of public life) has not been consistently enforced. This
study did not specifically examine law and health information.
However, from the data generated in this study, there is an
applicable regulation to mHealth, and implementers are aware
of its applicability on mHealth. From the themes, particularly
from the facility-level implementers as the service point
workforce, a curriculum for eHealth was proposed. However,
there is no reported process for the proposed curriculum to be
developed or under review.
From a clinical perspective, the effectiveness of mHealth
interoperability relies on a partnership between patients and
clinicians’ workflows. In particular, mHealth devices would
benefit from interoperability standards to ease integration with
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other health software apps, which are increasingly required to
organize the large amounts of data collected [12,15]. In the
context of this study, the digital HISs served as the context for
MomConnect standards and interoperability. Information
regarding full implementation following industry standards and
usability across various devices and platforms showed little
coverage and application.
Network infrastructure development and readiness were largely
facilitated through partnerships with established mobile
technology operators, as the NDOH does not have its own. This
is an instance of the worth and usefulness of private-public
partnerships, especially in a sphere of public life, where
technological developments necessitate capital cost sharing
(Pillay Y, BP, unpublished data, April 2022) [12]. For network
services and device applications, the study confined itself more
to the end-user features than to the system design aspects. South
Africa’s list of network facilities includes, but is not limited to,
geographic information system mapping.
The objective of this study was to review the NDOH’s
MomConnect initiative as a case study of an existing
government mHealth strategy, followed by the design of an
improved strategy based on best demonstrated practices
(considerations and methods) and learned experiences from the
perspectives of multiple stakeholders within the DHIE in South
Africa.

Strengths and Limitations
This study is strengthened by its user- and stakeholder-focused
orientation, which accommodated both the nonprobability
judgment and convenience sampling strategies. Many studies
in this field are more technology or device-oriented and focus
on high-end users of mobile technology. In contrast, the study
could have a limited reach insofar as its confinement to PHC
users in a metropolitan inner-city area, which might have
different comparable outcomes in rural, suburban, and
condensed informal settlement contexts. However, a significant
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aspect of the broader limitations was mitigated by the
heterogeneity of the sampled participant categories representing
different vested interests in society.

Future Research Directions
Further research is needed for the retrospective analysis of
mHealth initiatives and the forecasting of the sustainability of
current and future mHealth initiatives in South Africa, that is,
the cumulative effect and impact of mHealth strategies and
projects with similar or more emphasis accorded by the NDOH.
In addition, more research is required from public health
practitioners in practice on mHealth, as they were in daily
contact with the mHealth beneficiaries (end users), which aptly
placed them to obtain first-hand stakeholder perspectives and
experiences [9,20].

Conclusions
The fact that MomConnect is generally a usable
technology-based communication system does not preclude the
identification of alternative interventions to ameliorate or even
radically improve its shortcomings. For instance, the current
caveat emptor approach renders pregnant women vulnerable to
the same challenges generally experienced by most South
Africans with internet-based broadband distribution.
Notwithstanding the information distribution efficiency for
antenatal and postnatal purposes, the USSD mechanism still
allocates a cost to the user, albeit less than the sometimes
prohibitive costs of data compared with the rest of the world.
Therefore, it is unsurprising that the main critical considerations
were funding for eHealth, including mHealth. Sustainability is
a concept that must be considered throughout the
implementation process of the MomConnect project. However,
there was less consideration at the beginning of this initiative
because we could consider sustaining something that has not
even scaled. Funding for eHealth, including mHealth, is critical.
The government must have its own funding mechanisms and
must not depend only on funders.
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Abstract
Background: Despite the availability and accessibility of free Papanicolaou (Pap) smear as a screening tool for cervical cancer,
the uptake of Pap smear in Malaysia has not changed in the last 15 years. Previous studies have shown that the high uptake of
Pap smear reduces the mortality rate of patients with cervical cancer. The low uptake of Pap smear is multifactorial, and the
problem could be minimized through the use of mobile technologies. Nevertheless, most intervention studies focused on individual
factors, while other important aspects such as mobile technologies, especially WhatsApp, have not been investigated yet.
Objective: This study aims to determine the effects of a theory-based educational intervention and WhatsApp follow-up (Pap
smear uptake [PSU] intervention) in improving PSU among postnatal women in Seremban, Negeri Sembilan, Malaysia.
Methods: A 2-arm, parallel single-blind cluster randomized controlled trial was conducted among postpartum women from the
Seremban district. Twelve health clinics were randomly assigned to the intervention and control groups. At baseline, both groups
received a self-administered questionnaire. The intervention group received standard care and PSU intervention delivered by a
researcher. This 2-stage intervention module was developed based on Social Cognitive Theory, where the first stage was conducted
face-to-face and the second stage included a WhatsApp follow-up. The control group received standard care. Participants were
observed immediately and at 4, 8, and 12 weeks after the intervention. The primary endpoint was PSU, whereas the secondary
endpoints were knowledge, attitude, and self-efficacy scores for Pap smear screening self-assessed using a Google Forms
questionnaire. A generalized mixed model was used to determine the effectiveness of the intervention. All data were analyzed
using IBM SPSS (version 25), and P value of .05 was considered statistically significant.
Results: We analyzed 401 women, of whom 76 (response rate: 325/401, 81%) had withdrawn because of the COVID-19
pandemic, with a total of 162 respondents in the intervention group and 163 respondents in the control group. The proportion of
Pap smears at the 12-week follow-up was 67.9% (110/162) in the intervention group versus 39.8% (65/163) in the control group
(P<.001). Significant differences between the intervention and control groups were found for Pap smear use (F4,1178; P<.001),
knowledge scores (F4,1172=14.946; P<.001), attitude scores (F4,1172=24.417; P<.001), and self-efficacy scores (F1,1172=10.432;
P<.001).
Conclusions: This study demonstrated that the PSU intervention is effective in increasing the uptake of Pap smear among
postnatal women in Seremban district, Malaysia. This intervention module can be tested in other populations of women.
Trial Registration: Thai Clinical Trials Registry TCTR20200205001; https://www.thaiclinicaltrials.org/show/TCTR20200205001
(JMIR Mhealth Uhealth 2022;10(6):e32089) doi:10.2196/32089
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Introduction
Background
Cervical cancer is the fourth most common cancer in women
worldwide, after breast, lung, and colon cancer [1]. In 2018,
new cases of cervical cancer were estimated at 570,000 [1],
with varying incidence and mortality rates in developed and
developing countries [2]. Nevertheless, cervical cancer is no
longer among the 10 most common cancers in women in
developed countries, but is now the second most commonly
diagnosed and the third leading cause of cancer-related deaths
in women in developing countries [3]. A previous study reported
that the global incidence and age-standardized rates of cervical
cancer were 15.1 per 100,000 and 13.1 per 100,000, respectively,
with a mortality rate of 7.4 per 100,000 [4]. Meanwhile, the
incidence rate in developing countries ranged from 10.9 (South
Asia) to 43.1 (Africa) [5]. The age-adjusted average varied from
12.8 to more than 20 per 100,000 [6], with a mortality rate
between 10 and 30 per 100,000 [5]. In Malaysia, cervical cancer
is the third commonest cancer among women with an incidence
rate of 6.8 per 100,000, an age-standardized incidence rate of
7.6 per 100,00, and a death rate of 5.6 per 100,000 [1].
The Papanicolaou (Pap) smear screening test can be used for
the early diagnosis of cervical cancer and it reduces the risk of
cervical cancer–related death by 70% [7]. Nonetheless, at least
80% of women in the recommended population groups must
undergo Pap smear screening in order for the program to be
effective [8]. Postnatal women represent an important population
category that may benefit from opportunistic Pap smears
screening given that they are within reach of health services
[9]. In Malaysia, Pap smear screening and family planning
advice are typically recommended to mothers during their
postnatal follow-up [10].

Prior Work
Malaysia’s present Pap smear uptake (PSU) is approximately
47.3% [11], which is lower than the intended goal of attaining
70% coverage [7]. This issue of low PSU persists in Malaysia
despite the provision of free Pap smear screening tests that are
easily accessible in the country. However, currently the test is
performed as part of voluntary or opportunistic screening.
Previous studies have demonstrated that low Pap smear
screening uptake is associated with poor knowledge [12],
negative attitude [13], lack of time [14], lack of family support
[15], perception of painful procedure [16], lower economic
status [17], and embarrassment [16]. Thus, individual and
environmental factors play vital roles in determining Pap smear
practice among women in Malaysia. In addition, previous
intervention studies mainly used the Health Belief Model, which
primarily focuses on individual’s belief [18-21]. Therefore,
other theories need to be explored that focus beyond one’s belief.
Furthermore, previous studies employed reminder tools such
as SMS text messages [22], phone calls [23], and invitation
letters [24]. Given that Malaysians are one of the world’s largest
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WhatsApp users with wide coverage [25], using the WhatsApp
group as a follow-up platform could be a useful strategy in an
intervention program.

Objective
This study aimed to examine the impact of a Social Cognitive
Theory (SCT)–based intervention and a WhatsApp follow-up
measure, namely PSU intervention, to improve the uptake of
Pap smear test among postnatal women in Seremban district,
Malaysia. It was hypothesized that postnatal women who
received the PSU intervention would have higher uptake 12
weeks after the intervention than women who received standard
care.

Methods
Study Design
A 2-arm, parallel, single-blind cluster randomized controlled
study was conducted, which comprised an intervention and a
control group. The cluster in this study was defined as a health
clinic. The intervention arm received the standard care and
intervention package, whereas the control arm received only
standard routine care. Standard routine care included brief
counseling by health care personnel about Pap smear testing
and available brochures. The primary outcome was the PSU,
whereas the secondary outcomes were participants’ knowledge,
attitude, and self-efficacy on Pap smear.

Setting and Recruitment
This study was conducted in Seremban, which is the capital city
of Negeri Sembilan state in Malaysia with a total population of
620,100 people. Seremban is a developing city that is located
about 60 km south of Kuala Lumpur, the capital of Malaysia.
It has 12 government health clinics, which are governed by the
Seremban Health District Office. This study location was chosen
given that the Pap smear screening uptake among women in
Seremban district was lower than the national average of 43%,
as well as lower than the estimate among postnatal women
(39%) [26].
The study population was postnatal women attending Seremban
government health clinics. The inclusion criteria were
postpartum women who had never participated in Pap smear
screening and had a cell phone with WhatsApp installed and
internet connection. Meanwhile, the exclusion criteria were
postnatal women diagnosed as having cervical cancer, including
precancerous stage and postnatal complications, such as
postnatal depression, poorly controlled diabetes mellitus, and
hypertension. All the aforementioned conditions must have been
certified by a medical officer.

Randomization and Allocation Concealment
The 12 health clinics in Seremban district were randomly
allocated into the intervention and control groups at a ratio of
1:1. All the postnatal clinics were number coded, whereas simple
randomization was performed using Stat Trek software [27].
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During participant recruitment, all participants were informed
that an intervention was being offered. Therefore, participants
were unaware of group assignment throughout the study.
Participants were blinded to the fact that awareness of being
part of the control group could influence their responses in the
questionnaires. These procedures were conducted by a third
party who was not involved in this study. The researcher was
only aware of the group allocation after the randomization was
performed. Systematic random sampling was employed in
selecting participants from each postnatal clinic, and those
considered eligible and consented were recruited in the study.

Sample Size Calculation
The sample size estimation was based on Lemeshow et al [28]
sample size determination in health studies. For hypothesis
testing, the formula for 2 population proportions was used to
compare the 2 groups. The sample size was calculated using
the 2 population proportions formula [29], with a power of 80%
to detect a true difference and at a 95% CI. Overall, the sample
size was computed based on the uptake of Pap smear test [29],
with α of .05 and β of .20, an intraclass correlation coefficient
of 0.05, an attrition rate of 20%, and an average cluster size of
10 with a design effect of 1.45. The sample size required after
adjusting for the clustered design effect was 394, with 197
participants in each arm.

Intervention
This newly developed intervention module, namely, PSU
intervention, used 6 constructs of SCT, comprising cognitive
(knowledge), self-efficacy, goal setting, outcome expectation,
problem-solving, and reinforcement [30,31]. The module was
revised by 2 public health physicians (NA and AB) and 1 family
medicine specialist, and the intervention was completed in 2
phases. The first phase was performed via face-to-face and it
involved health educational talk and a small group discussion,
whereas the second phase entailed a WhatsApp follow-up. This
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module has been pilot tested among 30 postnatal mothers who
are not included in the main study.
This PSU intervention was delivered by ZM who is also a
medical doctor. The health educational talk was 15 minutes,
which covers the anatomy of female reproductive organs,
introduction about cervical cancer, the incidence rate and
mortality rate, early diagnostic methods, importance of Pap
smear, the positive effects of having Pap smear, and free services
available in the government health clinics. This was followed
by a 15- to 30-minute small group discussion with approximately
10-15 participants per session. Participants were encouraged to
raise any issues or concerns regarding cervical cancer, Pap
smear, and any related issues during the face-to-face session.
Feeling embarrassed, which was one of the factors that influence
PSU, was addressed by using a drape during the screening and
this issue was highlighted during the educational talk. It took
approximately 30-45 minutes to complete the educational talk
and group discussion.
The participants were then recruited in the WhatsApp group for
further follow-up and the sessions were conducted weekly for
4 weeks. Allocated time for the WhatsApp group was 1 hour,
every Tuesday from 5 to 6 PM. This was the time when the
participants were least busy during the week. Nevertheless,
participants were also welcome to discuss or ask any questions
outside the allocated time. The role of the WhatsApp group was
to share information, concerns, and issues; as well as address
any misunderstanding on Pap smear and cervical cancer.
Besides, it acts as a reminder. The WhatsApp group was made
a private group and no other person apart from those recruited
by the researcher could access it. No personal information was
requested from the WhatsApp group participants and their
privacy and confidentiality were protected. Table 1 shows the
summary of the contents of educational intervention and
WhatsApp follow-up using SCT.
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Table 1. Summary of health education intervention contents and WhatsApp follow-up using Social Cognitive Theory.
Number Social Cognitive Theory
constructs

Contents

Method

1

•
•
•

First phase:

Cognitive (Knowledge)

Anatomy of women’s reproductive system
Information on cervical cancer

•
•

Introduction to Papa smear test
Importance of Pap smear test
Misperception of Pap smear test

•
•

Educational talk
Video on the procedure of a Pap smear test

2

Self-efficacy

•
•

List of situations and scenarios related to Pap smear test First phase:
Ways to overcome the issues
Group discussion
•

3

Goal setting

•
•

Setting the goal to undergo a Pap smear test
Setting the goal to adhere to Pap smear practice

First phase:
•

Educational talk

Second phase:
•
4

Outcome expectation

•
•

Benefits (positive expectation) of Pap smear test
First phase:
Negative expectations of Pap smear test: embarrassment, •
Educational talk
discomfort, and minimal pain
Second phase:
•

5

Problem-solving

•

WhatsApp group × 4 weeks

Problems that might be faced by the participants to undergo Pap smear test

WhatsApp group × 4 weeks

First phase:
•

Group discussion

Second phase:
•
6

Reinforcement

•
•

a

Reminders of the importance of Pap smear test and appointment
Reminders of usage of drape during the Pap smear test

WhatsApp group × 4 weeks

Second phase:
•

WhatsApp group × 4 weeks

Pap: Papanicolaou.

Outcomes
Primary Outcome
The primary outcome was PSU, which was assessed in the
intervention and control groups at 4, 8, and 12 weeks after the
intervention.

Secondary Outcomes
The secondary outcomes were knowledge, attitude, and
self-efficacy assessed immediately and at 4, 8, and 12 weeks
after the intervention.

Instrument
A validated self-administered questionnaire that was divided
into 6 sections was employed in this study. The first section
focused on the participants’ sociodemographic characteristics,
such as birth date, age, ethnicity, educational level, occupation
sector, monthly household income, and marital status.
Meanwhile, the second section contained 11 questions on
knowledge [18] with the 3 options “yes,” “no,” or “not sure.”
The third section also consisted of 11 questions on attitude [18],
and participants were instructed to select 1 option from a 5-point
Likert scale ranging from 1 (strongly disagree) to 5 (strongly
agree). The fourth section comprised 14 questions that measured
self-efficacy for Pap smear screening, and were evaluated using
https://mhealth.jmir.org/2022/6/e32089
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the Self-Efficacy Scale for Pap Smear Screening Participation
(SES-PSSP) Questionnaire [32]. Participants were informed to
select only 1 answer from 5 possible options, namely,
“definitely,” “very likely,” “probably,” “unlikely,” and
“definitely not.” The fifth section explored the participants’
PSU and the option was dichotomous: “yes” or “no.”
Participants selecting the “yes” option were further instructed
to choose the facilities used in conducting their Pap smear tests.

Data Collection
The data collection for this study was conducted from February
to December 2020. Data were collected at 5 time points:
baseline, immediately after the intervention, and at 4, 8, and 12
weeks after the intervention. Because of the COVID-19
pandemic, attendance at the maternal and child health clinics
was severely compromised. Data collection using hard copy
self-completed questionnaires was switched to Google Forms
for the follow-ups at 4, 8, and 12 weeks after the intervention.
The link to the Google Forms was disseminated via the
WhatsApp group, and participants had 1 week to complete the
questionnaire in the Google Forms.

Data Analysis
All statistical analyses were performed using SPSS (version
25.0; IBM, Inc.). The intention-to-treat principle was used where
participants’ data were analyzed based on their initially assigned
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group. All potential errors were checked prior to data analysis.
Descriptive statistics were employed to summarize the data set
and the continuous data were assessed for normality. Normally
distributed data were presented as mean and SD, whereas
median and interquartile ranges (IQR) were used to summarize
nonnormally distributed data. Meanwhile, categorical variables
were presented in frequencies and percentages.
PSU between the intervention and control groups was compared
at each time point using the chi-square test. A generalized linear
mixed model was applied to determine the main effects of group,
time, and group × time interaction effects for PSU, knowledge,
attitude, and self-efficacy between the 2 study groups before
and after controlling for covariates. Covariates included were
age, ethnicity, education level, and household income. A P value
of .05 was considered for statistically significant relationships
or effects.

Ethical Approval
This study was approved by the Malaysian Medical Research
and Ethics Committee, Ministry of Health (Reference number
ID: NMRR-19-2589-50455). During data collection, a written
and informed consent was obtained from each of the
respondents.

Data Sharing
All data relevant to the study are included in the article (also
see Multimedia Appendix 1).
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Results
Participants’ Information
A total of 401 eligible participants (intervention group: n=201,
control group: n=200) were recruited in this study. The overall
response rate was 81% (325/401) at 12 weeks after the
intervention. Figure 1 illustrates the CONSORT-eHEALTH
(Consolidated Standards of Reporting Trials of Electronic and
Mobile HEalth Applications and onLine TeleHealth) flowchart
[33] of the study.
No statistically significant difference was detected between the
intervention and control groups at baseline for covariates and
outcomes measures (Table 2). A total of 0.26% of the data were
missing completely at random (χ22=0.867; P=.64). Among those
who could not be followed up, most were between 26 and 30
years of age, of Malay descent, had a tertiary education, and
were in the M40 (RM 2802-RM 5865 [US $634.15-US
$1327.37]) income category.
Most participants in both groups were between the ages 26 and
30 years, of Malay ethnicity, married, government servants, and
attained tertiary educational level. Household income was
categorized into 3 groups: below 40% (B40), middle 40%
(M40), and top 20% (T20) of the Negeri Sembilan household
income [34]. Most participants were in the M40 category, and
86.5% (347/401) of the participants had Malay ethnicity,
followed by Chinese, Indian, and others.
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Figure 1. CONSORT-eHEALTH (Consolidated Standards of Reporting Trials of Electronic and Mobile Health Applications and onLine TeleHealth)
flowchart [33].
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Table 2. Participants’ baseline characteristics.
Variables

Intervention (n=201), n (%) Control (n=200), n (%)

Age (years)
20-25

24 (11.9)

19 (9.5)

26-30

78 (38.8)

93 (46.5)

31-35

53 (26.4)

48 (24.0)

>36

46 (22.9)

40 (20.0)

Ethnicity
Malay

178 (88.6)

169 (84.5)

Chinese

15 (7.5)

20 (10.0)

Indian

8 (4.0)

11 (5.5)

Marital status
Married

197 (98.0)

196 (98.0)

Single mother

4 (2.0)

4 (2.0)

Level of education
Secondary

76 (37.8)

68 (34.0)

Tertiary

125 (62.2)

132 (66.0)

Occupation sector
None

43 (21.4)

39 (19.5)

Government

126 (62.7)

128 (64.0)

Private

20 (10.0)

24 (12.0)

Self-employed

12 (6.0)

9 (4.5)

Household incomec

a

Difference between the conditions
Statistical test (df)

P value

7.892a (1)

.25

8.349a (1)

.54

—b

.43

0.871a (1)

.16

0.768a (1)

.18

0.768a (1)

.25

B40 (<RMd,e 2801)

34 (16.9)

32 (16.0)

M40 (RM 2802-5865)

122 (60.7)

114 (57.0)

T20 (≥RM 5866)

45 (22.4)

54 (27.0)

Knowledge scores, median (IQR)

8 (3)

6 (4)

1221f

.84

Attitude scores, median (IQR)

28 (5)

26 (5)

1090.5f

.27

Self-efficacy scores, median (IQR)

38 (8)

36 (7)

1119f

.68

Chi-square test.

b

Fisher exact test.

c

Household income was categorized into the following based on the Department of Statistics Malaysia: B40, M40, and T20 (specific for Negeri Sembilan).

d

RM: Malaysian Ringgit.

e

1 RM=1 US $0.23.

f

Mann-Whitney U test.

Primary Outcome: Pap Smear Test Uptake
The participants’ PSU at all the time points is presented in Table
3. The results showed that significantly (P<.001) more
respondents in the intervention group than in the control group
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had a Pap smear performed before and after controlling for
covariates. There was a significant difference in the intervention
group at baseline, 4 weeks after the intervention, 8 weeks after
the intervention, and 12 weeks after the intervention with
F4,1178=3.222 and P<.001.
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Table 3. Proportion of Papanicolaou smear test uptake among participants at each time point.
Variable

Immediately after the intervention

4 weeks after the intervention

8 weeks after the interven- 12 weeks after the intertion
vention

Intervention, n/N (%)

0/201 (0)

54/193 (27.9)

86/183 (46.9)

110/162 (67.9)

Control, n/N (%)

1/200 (0.5)

24/185 (12.9)

56/181 (30.9)

65/163 (39.8)

Chi-square test

256

54

89

125

df

1

1

P value
a

.66

.04

1
a

1
a

.02

<.001a

Statistically significant.

Secondary Outcomes: Educational Intervention and
WhatsApp Follow-up Outcome
Table 4 presents the generalized linear mixed model results for
the total knowledge, attitude, and self-efficacy scores and
participants’ intention to adhere to Pap smear practice after

controlling for the covariates. The results indicated that
significantly more respondents in the intervention group than
in the control group had increased their total scores of
knowledge (F1,1171=14.946, P<.001), total scores of attitude
(F1,1171=14.946; P<.001), and total scores for self-efficacy
(F1,1171=10.432, P<.001).

Table 4. Effects of educational intervention and WhatsApp follow-up on knowledge, attitude, self-efficacy scores, and intention to adhere to Papanicolaou
smear practice among postnatal mothers.
F

df1

df2

P valuea

Group

1273

1

1172

<.001b

Time

11.658

1

1172

<.001b

Group × time

14.946

4

1172

<.001b

Group

458

1

1172

<.001b

Time

35.12

4

1172

<.001b

Group × time

24.417

4

1172

<.001b

Group

292.038

1

1172

<.001b

Time

13.254

4

1172

<.001b

Group × time

10.432

4

1172

<.001b

Variables and parameters
Knowledge scores

Attitude scores

Self-efficacy scores

a

Using a generalized linear mixed model adjusted for participants’ age, ethnicity, education level, and household income.

b

Statistically significant.

Discussion
Principal Findings
The aim of this study was to evaluate the effects of a PSU
intervention based on SCT and using WhatsApp follow-up to
improve PSU, knowledge, attitude, and self-efficacy among
postpartum women; 12 weeks after the intervention, the
intervention group demonstrated a significant increase in PSU.
The intervention group also recorded significantly higher
knowledge, attitude, and self-efficacy compared with the control
group.
Behavioral changes among participants in the intervention group
could be attributed to the SCT constructs employed in this study.
Given that the health intervention provided a clear picture of
https://mhealth.jmir.org/2022/6/e32089
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cervical cancer and Pap smear test, the participants might have
been influenced to have specific goals to undergo the Pap smear
test and adhere to Pap smear practice. All the barriers that might
arise were discussed comprehensively during the group
discussion, which assisted participants in problem-solving and
improved their self-efficacy and their PSU. Furthermore, the
expected outcome was highlighted during the educational talk
and WhatsApp follow-up. Concerns related to the Pap smear
test, such as embarrassment, slight discomfort, and minimal
pain, were shared with the participants. This information might
have motivated the participants to be physically and mentally
ready to undergo the Pap smear screening test.
The weekly reminders through the WhatsApp group follow-up
reinforced the importance of Pap smear screening and assisted
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the participants in booking Pap smear screening appointments.
Furthermore, the participants were reminded of the usage of
drapes and privacy policy during Pap smear test to reduce the
feeling of embarrassment. These procedures might have
contributed to their positive attitude toward the Pap smear
screening test. Self-efficacy is crucial as a determinant of a
woman’s decision to uptake the Pap smear. Poor self-efficacy
was reported to be influenced by spouses and family members
in several developing countries [30]. The SCT constructs used
in our study might have contributed to the enhanced self-efficacy
observed among participants as depicted in the postintervention
self-efficacy scores, which might have encouraged them to
undergo the Pap smear screening test.

Comparison With Prior Literature
The study’s finding on PSU is consistent with a previous
randomized control study conducted using SCT in which 70%
of participants in the intervention group underwent a Pap smear
test [31]. In their study, some of the utilized SCT constructs
were cognitive (knowledge), goal setting, and self-efficacy.
Nevertheless, the study by Wang et al [31] employed only a
face-to-face method, whereas this study utilized the WhatsApp
mobile app as an additional follow-up method. Another disparity
is the relatively shorter duration in this study compared with 12
months’ follow-up in the previous study [31]. The use of
WhatsApp follow-up might assist in reducing the follow-up
duration while achieving similar Pap smear screening uptake
results. Given the wide acceptance of the WhatsApp platform,
this approach could be client-friendly as a follow-up modality
that could serve as a reminder and to resolve issues [35].
The improved knowledge scores of participants in this study
were consistent with the findings from other interventional
studies [36-38]. For instance, participants’ knowledge scores
on the importance of Pap smear were significantly impacted
following an interactive session in a randomized controlled trial
conducted in Korea, which focused on the anatomy of female
genitalia and cervical cancer [38]. Another reason for the
improved knowledge scores could be due to the participants’
education level. Most participants in this study attained tertiary
educational level and their motivation to seek knowledge was
higher compared with those with secondary and primary
educational levels [39].

Mohammad et al

Strengths and Limitations
This is a cluster randomized controlled trial with a good
response rate despite the COVID-19 pandemic that occurred
during the data collection. A few crucial constructs of SCT were
employed as the educational intervention in this study, which
was delivered through a face-to-face session and WhatsApp
follow-up. This study is among the few local studies
investigating the effects of an intervention on PSU, knowledge,
attitude, self-efficacy, and intention to adhere to Pap smear
practice. To date, this is the first study to employ an educational
intervention and a subsequent follow-up technique and
reminders for PSU using WhatsApp.
Some limitations of this study include self-reported
questionnaires, which may lead to either underreporting or
overreporting of results, especially regarding participants’
self-efficacy. This study was conducted in government health
clinics, which might have contributed to the low participation
of other ethnicities. Specifically, 86.5% (347/401) of the
participants were of Malay ethnicity, which was different from
the Malaysian demographics pattern of 68.6% [26]. Other
women populations were not included in this study as the
inclusion criteria entailed postnatal women aged 20-49 years
old. Hence, the findings may be different among other
nonpostnatal women.
With limited human resources, replicating this intervention
might be difficult as it will be an additional burden to the staff
at health clinic levels. The WhatsApp group follow-up might
be feasible for some health care facilities; however, other centers
might find this approach time-consuming and laborious. Factors
such as suitability, timing, and human resources need to be
considered before implementing an intervention at the clinic
level.

Conclusion
This study suggests that SCT-based health education
intervention and WhatsApp group follow-up are effective to
improve the PSU among postnatal women, as well as their
knowledge, attitude, and self-efficacy. This intervention can be
evaluated in other populations that are more representative of
Malaysian women and can also be used as baseline data for
other intervention studies.
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Abstract
Background: Among self-care measures, the self-monitoring of blood glucose (SMBG) is a critical component for checking
blood glucose levels. In addition, there is growing evidence suggesting that digital technologies are being adopted as an additional
method for health care systems to increase patient contact. However, for patients with non–insulin-treated diabetes mellitus type
2 (DMT2), the value of SMBG was inconsistent among studies, and the evidence for digital technologies from real-world clinical
practice is still limited.
Objective: Our study aimed to assess patients with non–insulin-treated DMT2 who were receiving care from a single clinic
and analyze whether the use of a diabetes management app and SMBG behavior would affect glycemic control in a real-world
clinical setting.
Methods: We collaborated with a large clinic focused on diabetes care in Taiwan that had been using the Health2Sync mobile
app and web-based Patient Management Platform to collect the data. The patients were divided into 2 groups (app-engaged-user
group and only-data-uploader group) according to different activities in the app, and blood glucose was recorded every month
from 1 to 6 months after registration in the app. A sample of 420 patients was included in the analysis, and a linear mixed model
was built to investigate which factors affected the patients’ blood glucose percentage change.
Results: Using the mixed model coefficient estimates, we found that the percentage change was significantly negative when
the only-data-uploader group was set as the baseline (t=–3.873, df=1.81 × 104; P<.001 for the patients of the app-engaged-user
group). We found that for patients with shorter diabetes duration, their blood glucose decreased more than patients with longer
diabetes duration (t=2.823, df=1.71 × 104; P=.005 for the number of years of diabetes duration). In addition, we found that for
younger patients, their blood glucose decreased more than older patients (t=2.652, df=1.71 × 104; P=.008 for the age of the
patients). Furthermore, the patients with an education level of junior high school or lower saw a significantly greater decrease in
blood glucose percentage change than the patients with an education level of senior high school or higher (t=4.996, df=1.72 ×
104; P<.001 for the patients with an education level of senior high school or higher). We also found that the count of blood glucose
measured enlarged the decrease along the interaction months (t=–8.266, df=1.97 × 104; P<.001 for the nth month × the count of
blood glucose in the nth month). Lastly, the gender of the patients did not significantly affect the percentage change (t=0.534,
df=1.74 × 104; P=.59 for female patients).
Conclusions: Our analysis showed the following: the blood glucose percentage change of the patients in the app-engaged-user
group dropped more than that in the only-data-uploader group; shorter diabetes duration is associated with a steeper decrease in
the patients’ blood glucose percentage change; the percentage decrease in blood glucose change in younger patients is greater
than older patients; the blood glucose percentage change of the patients with an education level of junior high school or lower
dropped more than those with an education level of senior high school or higher; and the more frequently the patients test SMBG
https://mhealth.jmir.org/2022/6/e31764
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each month, the greater the decrease in the patients’ blood glucose percentage. Further studies can be performed to consider the
differences in daily behaviors such as exercise and diet across the patients and whether these factors could have vital effects on
glycemic control.
(JMIR Mhealth Uhealth 2022;10(6):e31764) doi:10.2196/31764
KEYWORDS
diabetes care; digital intervention; mobile app; real-world data; glycemic control; mobile health; digital therapeutics; diabetes;
therapy; app

Introduction
Many studies have shown that diabetes mellitus not only results
in specific complications but also leads to increased risks of
cardiovascular disease and cancer [1-3]. Although it might have
adverse outcomes, diabetes is now considered a chronic disorder
that can usually be controlled with appropriate treatment,
lifestyle management, and self-care measures to keep blood
glucose in the target range [4,5].
Among self-care measures, the self-monitoring of blood glucose
(SMBG) is a critical component for checking blood glucose
levels [5-7]. Several studies have provided evidence that SMBG
has notable benefits on glycemic control, and a recent
meta-analysis showed that SMBG has beneficial effects on
glucose control in both the short- and long-term [8-10].
Specifically, previous research articles have shown that SMBG
is helpful for patients with diabetes mellitus type 1 in controlling
blood sugar level. Furthermore, one randomized controlled trial
(RCT) recruited patients with diabetes mellitus type 2 (DMT2)
and observed them for at least 12 months, and the results
suggested that SMBG improves diabetes control [11]. However,
for patients with non–insulin-treated DMT2, the value of SMBG
was inconsistent among the studies [11-15]. The difference may
be due to the different research designs or targets of diabetes
type in the studies.
To address the limitations of previous studies, we focused on
patients with non–insulin-treated DMT2 who were receiving
care from a single clinic and investigated the relationship
between the frequency of SMBG and the patients’ glucose
levels. In addition, there is growing evidence suggesting that
digital technologies are being adopted as an additional method
for health care systems to increase patient contact and enhance
the effect of conventional care practices for diabetes patients
[16,17]. We also focused on the patients who used a diabetes
management app with self-care measures during the observation
period. Therefore, the objective of this study was to analyze
whether the app and SMBG affected glycemic control.

Methods
Data Collection
The Health2Sync mobile app and web-based Patient
Management Platform were used to collect the data. These
products were described in our previous study [16]. We
collaborated with a large clinic focused on diabetes care in
Taiwan that had been using these products. All the patients
analyzed in this study belonged to the same diabetes clinic and
received the clinic’s standard care. During a patient’s visit, the
https://mhealth.jmir.org/2022/6/e31764
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clinic’s health care professionals (HCPs) helped the patient
register an account in the app and collected the patient’s
demographic data, including gender, age, diabetes type, diabetes
duration, and education level. After registration,
smartphone-proficient users who were willing to use a digital
management solution would start to use the Health2Sync mobile
app; otherwise, patients would let HCPs sync their SMBG
records from the blood glucose meters to their accounts during
subsequent visits.
To assess the effects of SMBG and digital intervention from
the Health2Sync mobile app, the patients’ SMBG records were
averaged on a monthly basis, with the patients’ average in the
first week after app registration designated as the baseline. Since
each individual patient had different SMBG habits, only fasting
blood glucose (FBG) records were included in the analyses for
comparison. As the baseline blood glucose level of each patient
was different, the maximum magnitude of the blood glucose
increase or decrease could also be different, so we used the
blood glucose percentage change instead of the blood glucose
value change to assess the glycemic status improvement across
the groups. The formula for that percentage change for each
patient was (mean of blood glucose value of each month –
baseline blood glucose level) / baseline blood glucose level.

Patient Inclusion
The clinic had 6451 app-registered patients. To separate patients
with different activities in the app, we defined 2 groups of users
based on their frequency of using the Health2Sync mobile app.
After registering for the app, the patients who used the app at
least once a week on average were labeled as
“app-engaged-users,” and those who used the app at most once
a month on average were labeled as “only-data-uploaders,” as
we believed that their SMBG were mainly uploaded by HCPs
and they seldom used the app at home. The rest of the patients
were excluded. At this stage, we excluded 2027 patients, leaving
1172 patients in the app-engaged-user group and 3252 patients
in the only-data-uploader group.
To calculate the patients’ blood glucose level change, we took
the mean value of each patient’s FBG value recorded in the first
week after app registration. Patients with only one FBG record
in the first week were excluded as we believed this value was
unrepresentative of the blood glucose level in the whole week.
At this stage, we excluded 836 patients from the
app-engaged-user group, with 336 remaining, and 2453 patients
from the only-data-uploader group, with 799 remaining. The
patients who had no record in any month from 1 to 6 months
after app registration were also excluded, because a complete
data set would be needed for later analyses, where blood glucose
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e31764 | p.124
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level is the dependent variable in modeling. At this stage, we
excluded 51 and 61 patients from app-engaged-user and
only-data-uploader groups, respectively. Finally, to eliminate
the impact from differences due to diabetes type and medication,
only DMT2 patients who do not take insulin treatments were
included for the analyses. Eventually, we had 104 and 316
patients in the app-engaged-user and only-data-uploader groups,
respectively. Figure 1 shows the inclusion flow chart described
above.

Chang et al
In addition, we analyzed the blood glucose meters used by the
patients. We were able to collect the blood glucose meter
information for 320 patients. Among those, 302 patients used
blood glucose meters that are compliant with the requirements
for blood-glucose monitoring systems for self-testing in
managing diabetes mellitus (ISO 15197:2013) [18], so we
believe our study is based on accurate SMBG data (Multimedia
Appendix 1).

Figure 1. Inclusion flow chart of this study. DMT2: diabetes mellitus type 2; FBG: fasting blood glucose.

Analysis

addition, we used one-way ANOVA to test whether the initial
blood glucose levels of the 2 groups are different.

Software and Model Used

Statistical Modeling and Analysis

We used R statistical software (version 3.6.1; R Foundation for
Statistical Computing) [19] for all the statistical analyses,
including t test (2-tailed), Pearson chi-square test, and one-way
ANOVA. We also used the linear mixed model of the lme4
package for R (version 2015; Bates et al [20]).

We started by creating a model (our original model) that
included the key factors we believed would affect a patient’s
blood glucose percentage change. We also wanted to include
time (the nth month) as a factor for analysis, so a linear mixed
model was used to analyze our original model. However, there
were a few factors that were significantly different between the
2 patient groups. To confirm whether our model should include
the interaction of these factors and the patient groups, we built
a basic model that only included the patient groups and factors
that were significantly different to check whether these factors

Patient Characteristics
We used one-way ANOVA and Pearson chi-squared test for
continuous and categorical variables, respectively, to check the
homogeneity of the demographics across the 2 groups. In
https://mhealth.jmir.org/2022/6/e31764
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had an effect on the blood glucose percentage change.
Subsequently, for each of the significantly different factors, we
built a new model based on the basic model that included the
interaction of that individual factor with the groups. Finally, we
built a new model that added all the factor-group interactions
to the basic model to confirm whether the interactions of these
factors and the groups have an effect on the blood glucose
percentage change. We used the P value to determine whether
these interaction factors should be added back into the original
model [21].

Ethical Considerations
Institutional Review Board approval was not sought for this
study as it is based on retrospective analysis, and patients can
freely choose whether or not to use the Health2Sync mobile

app. The patients in both the app-engaged-user and
only-data-uploader groups agreed to Health2Sync’s Privacy
Policy before registering an account, giving H2 Inc the right to
analyze their data for research purposes.

Results
Table 1 presents the patients’ demographic characteristics
stratified by the 2 groups. There were no significant differences
in gender (Χ21=0; P>.99), diabetes duration (t418=–0.69; P=.49),
and the baseline blood glucose level (t418=–0.58; P=.56) between
the 2 groups. However, significant differences were found in
age (t418=–6.66; P<.001) and education level (Χ21=45.44;
P<.001).

Table 1. Patient characteristics analyses.
Characteristic

All patients (n=420)

App-engaged-user group Only-data-uploader group
(n=104)
(n=316)

P value

Age (years), mean (SD)

59.28 (11.29)

52.7 (12.06)

<.001

61.44 (10.16)

Gender, n (%)

>.99

Male

219 (52.1)

54 (51.9)

165 (52.2)

Female

201 (47.9)

50 (48.1)

151 (47.8)

9.23 (7.95)

8.74 (8.46)

9.39 (7.78)

Diabetes duration (years), mean (SD)
Education level, n (%)

<.001

Junior high school or lower

181 (46)

19 (20)

163 (54)

Senior high school or higher

212 (54)

75 (80)

137 (46)

135.62 (31.34)

134.16 (28.29)

136.10 (32.31)

Initial blood glucose level (mg/dL), mean (SD)

Linear mixed modeling was used to estimate the effects from
factors that could affect the patients’ blood glucose percentage
change. In addition, due to the above analysis of patient
characteristics, we know that there are significant differences
in the patients’ age and education level between the patient
groups. Therefore, we have to confirm whether the interactions
of these factors and the groups should be put into the original
model.
First, we built a basic model to check whether the patients’
group, age, and education level have an effect on the blood
glucose percentage change. This basic model only included the
patients’ group, age, and education level; these factors exhibited
significant effects on the blood glucose percentage change
(P<.001 for the patients’ age; P<.001 for the patients’ education
level; P<.001 for the patients’ group). Second, we wanted to
examine whether an interaction effect of the patients’ age and
group has an effect on the blood glucose percentage change.
We built a second model that included the same factors as the
basic model, but also added an interaction effect of the patients’
age and group. The second model showed that the interaction
effect of the patients’ age and group did not have a significant
effect on the blood glucose percentage change (P=.53). We then
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.49

.56

built a third model that included the same factors as the basic
model and the interaction effect of the patients’ education level
and group. The third model showed that the interaction effect
of the patients’ education level and group did not have a
significant effect on the blood glucose percentage change
(P=.48). Finally, we built a fourth model with the same factors
as the basic model and added the 2 interaction effects—one for
the patient’s age and group and another for the patient’s
education level and group. In the fourth model, we found that
the interaction effects did not have a statistically significant
effect on the blood glucose percentage change (P=.109 for the
interaction effect of the patients’ age and group; P=.94 for the
interaction effect of the patients’ education level and group).
Therefore, we decided not to incorporate the age-group and
education level-group interaction factors into the original model.
After conducting the above analyses, our original model was
kept, and the final, included variables consisted of the patients’
group, gender, diabetes duration, age, education level, the
interaction effect of the nth month after registering an account,
and the count of blood glucose measured in the nth month. Table
2 presents a summary of the new model.
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Table 2. A summary of the new model.

a

Variable

Estimate

t test (df)

P value

Age

7.474 × 10-4

2.652 (1.71 × 104)

.008

Education levela

2.927 × 10-2

4.996 (1.72 × 104)

<.001

Patient groupsb

–2.430 × 10-2

–3.873 (1.81 × 104)

<.001

Genderc

2.753 × 10-3

0.534 (1.74 × 104)

.59

Diabetes duration

1.010 × 10-3

2.823 (1.71 × 104)

.005

Nth month

5.514 × 10-3

2.212 (8.26 × 102)

.003

Count of blood glucose measured

1.403 × 10-4

1.611 (2.37 × 104)

.11

Count of blood glucose measured in the nth month

–3.352 × 10-4

–8.266 (1.97 × 104)

<.001

The group of patients with an education level of junior high school or lower was set as the baseline.

b

The only-data-uploader group was set as the baseline.

c

The male patient cohort was set as the baseline.

We found that the app-engaged-user group had significantly
greater decreases in blood glucose percentage change than the
only-data-uploader group (β estimate=–2.430 × 10-2; t=–3.873,
df=1.81 × 104; P<.001 for the patients of the app-engaged-user
group). In addition, for patients with shorter diabetes duration
and those who are younger, the magnitudes of the drops in blood
glucose percentage change were more profound (β
estimate=1.010 × 10-3; t=2.823, df=1.71 × 104; P=.005 for
diabetes duration; β estimate=7.474 × 10-4; t=2.652, df=1.71 ×
104; P=.008 for the age of the patients; Figures 2-3). We also
found that the frequency of SMBG enlarged the decreases in
blood glucose along the interaction months (β estimate=–3.352

× 10-4; t=–8.266, df=1.97 × 104; P<.001 for the nth month × the
count of blood glucose in the nth month; Figure 4). Additionally,
when the group of patients with an education level of junior
high school or lower was set as the baseline, these patients had
significantly greater decreases in blood glucose percentage
change than those with an education level of senior high school
or higher (β estimate=2.927 × 10-2; t=4.996, df=1.72 × 104;
P<.001 for patients with an education level of senior high school
or higher; Figure 5). Lastly, the gender of the patients did not
significantly affect the percentage change (β estimate=2.753 ×
10-3; t=0.534, df=1.74 × 104; P=.59 for female patients, with
male patients as the baseline).

Figure 2. The relationship between blood glucose percentage changes and diabetes duration for each month as (A) a jittered scatter plot and (B)
regression lines. In (A), the count of blood glucose measured in the nth month and the patients’ age and educational level are fixed, and the overlaid
regression lines are based on the estimated coefficients from the mixed model.
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Figure 3. The relationship between blood glucose percentage changes and patient age for each month as (A) a jittered scatter plot and (B) regression
lines. In (A), the count of blood glucose measured in the nth month and the patients’ diabetes duration and educational level are fixed, and the overlaid
regression lines are based on the estimated coefficients from the mixed model.

Figure 4. The relationship between blood glucose percentage changes and the count of blood glucose measured in each month as (A) a jittered scatter
plot and (B) regression lines. In (A), the diabetes duration is fixed, and the overlaid regression lines are based on the estimated coefficients from the
mixed model.
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Figure 5. The relationship between blood glucose percentage changes and educational level for each month as (A) a jittered scatter plot and (B)
regression lines. In (A), the count of blood glucose measured in the nth month and the patients’ diabetes duration and age are fixed, and the overlaid
regression lines are based on the estimated coefficients from the mixed model.

Discussion
Our study was based at a single clinic to minimize differences
between the frequency of patient visits, level of health education,
and quality of care received for the app-engaged-user and
only-data-uploader groups. Our results showed that there were
6 significant factors—the patients’ group (app-engaged-user or
only-data-uploader), age, diabetes duration, education level,
gender, and the count of blood glucose measured in the nth
month—that were more strongly associated with changes in the
patients’ blood glucose. We found that patients who are
app-engaged, younger, and less-educated and have shorter
diabetes duration saw a steeper decrease in their blood glucose
percentage change. We also found that the interaction between
the nth month of recording SMBG and the SMBG count of that
month affected blood glucose level significantly. Therefore,
this interaction deserves more attention than total SMBG count.
However, we found that the gender of the patients did not
significantly affect the percentage change.
As previously mentioned, in many studies for patients with
non–insulin-treated DMT2, the value of SMBG is inconsistent
[8,11,22-24]. Some studies have demonstrated that SMBG was
effective in controlling blood glucose [8,22,23,25], whereas
other studies claimed that SMBG was not effective [12,26].
These inconsistencies are mainly due to differences in the trial
designs, populations studied, and outcome indicators. However,
in our findings, we used the count of blood glucose measured
in the same month instead of the use of SMBG as a
measurement. This is different from some previous studies.
Diabetes patients test SMBG differently according to their
current blood glucose status. Generally, when a patient’s blood
glucose becomes more stable, the count of SMBG will decrease.
https://mhealth.jmir.org/2022/6/e31764
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Therefore, it is more accurate to look at how the month of
SMBG testing and count of SMBG each month affects blood
glucose levels than total SMBG count.
Patients with longer diabetes duration may be affected by more
diabetes symptoms [27-29], so their control of diabetes is usually
worse than patients with a shorter diabetes duration. In addition,
aging is associated with physiological changes that may lead
to systemic alterations [30]. These systemic alterations may
affect mental and physical functioning, increasing the chances
of morbidity, multimorbidity, and mortality [30]. Older patients
with diabetes may have macrovascular and microvascular
complications and geriatric syndromes [28,31], so their control
of diabetes is usually worse than younger patients with diabetes.
A common assumption is that patients with higher educational
levels would have more knowledge about diseases and therapies,
and thus, they would be able to better comply with therapies.
However, previous studies have found that even highly educated
patients may not sufficiently understand their conditions or truly
believe in the benefits of therapy compliance, whereas patients
with lower education levels may trust the doctor’s advice more
and exhibit better compliance [32,33]. This could explain our
finding that the blood glucose percentage drop of the patients
with an education level of junior high school or lower was
greater than those with an education level of senior high school
or higher. In addition, our study showed that the blood glucose
percentage decrease of the patients who used the Health2Sync
mobile app was more than those who did not use the app. For
patients with the same education level, those using the
Health2Sync mobile app had a greater decrease in blood glucose
percentage than the patients who did not use it. Furthermore,
regardless of the level of education, the patients who used the
Health2Sync app experienced a larger drop in blood glucose
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e31764 | p.129
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levels than those who do not use it. The Health2Sync app
benefits users because it allows them to record their daily
behaviors together with blood glucose readings, and the app
has a bot that provides automated analyses, alerts,
encouragements, and personalized educational content [16]. For
the app-engaged-user group, 66% (69/104) of the patients
recorded behavioral factors in addition to self-reported
outcomes, most commonly entering diet, and 85% (88/104)
viewed at least one educational content or interactive educational
guide the app provided. Previous studies have shown that patient
education and diet management are crucial for improving blood
glucose [8,23,25,27]. There is growing evidence suggesting that
gender affects the pathophysiology of many diseases, but in our
study, gender did not significantly affect blood glucose
percentage change [34-37]. Our study focused on a single clinic
with limited samples; future studies should consider including
a few more clinics to obtain more data samples for analyses.
The other limitation is that we did not consider the differences
in daily behaviors such as exercise and diet across the patients,
and that these factors could have vital impacts on glycemic
control. Future studies should also include these behaviors for
analyses.

Chang et al
Diabetes is approaching epidemic proportions globally, and it
places an enormous burden upon both the patients and countries’
health systems. It is especially difficult for low- and
middle-income countries, due to insufficient equipment and
clinics, to cope with the rise in diabetes and other chronic
diseases [25,38]. The Health2Sync app can enhance the care
for patients with diabetes and solve resource-limited problems.
Additionally, our study showed positive results at a single
diabetes management clinic using real-world data without prior
RCT settings. RCTs are generally considered by regulators to
be the gold standard for establishing the causal relationship
between medication and patient outcomes, but it is incapable
of reflecting real clinical practice in which heterogeneous
scenarios exist [39-41]. As digital interventions are to be applied
to all patients, we believe that our study with real-world data is
more convincing in demonstrating efficacy.
In conclusion, through the retrospective analyses, we showed
that the Health2Sync app and SMBG contribute to the
improvement and control of blood glucose. Further studies are
needed to reveal whether different clinical care methods have
an impact on diabetes treatment.
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Multimedia Appendix 1
List of blood glucose meters used by patients.
[DOCX File , 13 KB - mhealth_v10i6e31764_app1.docx ]
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Abstract
Background: Alcohol misuse is higher in the UK armed forces (AF) than in the general population. Research demonstrates
that alcohol misuse persists after an individual leaves service, and this is notably the case for those who are seeking help for a
mental health difficulty. Despite this, there is no work on testing a mobile alcohol reduction intervention that is personalized to
support the UK AF.
Objective: To address this gap, we investigated the efficacy of a 28-day brief alcohol intervention delivered via a mobile app
in reducing weekly self-reported alcohol consumption among UK veterans seeking help for mental health difficulties.
Methods: We performed a 2-arm participant-blinded randomized controlled trial (RCT). We compared a mobile app that
included interactive features designed to enhance participants’ motivation and personalized messaging (intervention arm) with
a version that provided government guidance on alcohol consumption only (control arm). Adults were eligible if they had served
in the UK AF, were currently receiving or had received clinical support for mental health symptoms, and consumed 14 units
(approximately 112 g of ethanol) or more of alcohol per week. Participants received the intervention or the control mobile app
(1:1 ratio). The primary outcome was a change in self-reported weekly alcohol consumption between baseline and day 84 assessed
using the validated Timeline Follow Back for Alcohol Consumption (TLFB) (prior 7 days), with a secondary outcome exploring
self-reported change in the Alcohol Use Disorder Identification Test (AUDIT) score.
Results: Between October 2020 and April 2021, 2708 individuals were invited to take part, of which 2531 (93.5%) did not
respond, 54 (2%) were ineligible, and 123 (4.5%) responded and were randomly allocated (62, 50.4%, intervention; 61, 49.6%,
control). At day 84, 41 (66.1%) participants in the intervention arm and 37 (60.7%) in the control arm completed the primary
outcome assessment. Between baseline and day 84, weekly alcohol consumption reduced by –10.5 (95% CI –19.5 to –1.5) units
in the control arm and –28.2 (95% CI –36.9 to –19.5) units in the intervention arm (P=.003, Cohen d=0.35). We also found a
https://mhealth.jmir.org/2022/6/e38991

XSL• FO
RenderX

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e38991 | p.134
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Leightley et al

significant reduction in the AUDIT score of –3.9 (95% CI –6.2 to –1.6) in the intervention arm (Cohen d=0.48). Our primary and
secondary effects did not persist over the longer term (day 168). Two adverse events were detected during the trial.
Conclusions: This study examined the efficacy of a fully automated 28-day brief alcohol intervention delivered via a mobile
app in a help-seeking sample of UK veterans with hazardous alcohol consumption. We found that participants receiving
Drinks:Ration reduced their alcohol consumption more than participants receiving guidance only (at day 84). In the short term,
we found Drinks:Ration is efficacious in reducing alcohol consumption in help-seeking veterans.
Trial Registration: ClinicalTrials.gov NCT04494594; https://tinyurl.com/34em6n9f
International Registered Report Identifier (IRRID): RR2-10.2196/19720
(JMIR Mhealth Uhealth 2022;10(6):e38991) doi:10.2196/38991
KEYWORDS
military; veteran; digital health; alcohol misuse; smartphone; mobile health; mHealth; alcohol intervention; digital intervention;
mental health; smartphone application; health intervention; alcohol consumption

Introduction
Evidence has shown alcohol misuse is substantially higher in
the United Kingdom’s armed forces (AF) than the UK general
population [1,2]. Research has demonstrated that alcohol misuse
persists after leaving service [3], and 43% of veterans seeking
treatment for a mental health difficulty report misusing alcohol
[4]. In the United Kingdom, a veteran is defined as an individual
serving at least 1 day of paid employment in the AF. Alcohol
misuse often co-occurs with posttraumatic stress disorder
(PTSD), anxiety, or depression and frequently used as a coping
mechanism [5].
Research has shown that help-seeking veterans (those seeking
support in a clinical setting) misusing alcohol attend fewer
mental health appointments and are more likely to have a
negative perception of mental health treatment [6]. This is, in
part, due to those misusing alcohol being denied access to mental
health treatment services until they have reduced the hazardous
drinking. Thus, interventions that target drinking behavior need
to be developed as this may enhance engagement with mental
health services and improve mental health outcomes and quality
of life.
The past 5 years have seen a growing treatment gap, with
patients waiting longer for mental health referrals and treatment
in the United Kingdom. This has further been exacerbated by
the COVID-19 pandemic. To address these issues, modes of
intervention delivery have shifted from in-person to web-based
to mobile-based delivery [7]. Mobile interventions for alcohol
misuse in the United Kingdom, such as Drink Less [8] and
Drinkaware [9], have several advantages over web-based
delivery, including (1) more holistic delivery of behavior
changes, (2) the use of mobile sensors and wearables to inform
decision-making, (3) avoiding the stigma associated with
receiving help in person, and (4) convenience since they can be
used when the individual prefers (discretely or openly). Mobile
interventions also offer a more cost-efficient way to deliver
behavior change techniques (BCTs, the specific and active
component of an intervention designed to change behavior [10])
for reducing alcohol use.
Existing alcohol apps targeted at the general public include
self-monitoring apps (eg, Drink Less [8], Drinkaware [9], One
You Drinks Tracker [11]), where users are encouraged to
https://mhealth.jmir.org/2022/6/e38991
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regularly record and monitor (via visualizations) their alcohol
consumption. Self-monitoring has been found to be associated
with improved outcomes and is an effective BCT for reducing
alcohol use. A recent review of personalized digital interventions
found reductions in hazardous and harmful alcohol consumption
to be associated with behavior substitution, problem solving,
and providing a credible source of information [12]. Another
review also identified the role that personalized notifications
play in promoting positive changes in behavior [13]. However,
current mobile interventions focused on the general population
do not target aspects experienced by the AF community, such
as individual beliefs, prevailing social context, comorbid mental
health problems, military service experience, and perceptions
of consumption [14]. Further, existing apps do not cater for the
excessive amounts of alcohol consumed by UK AF personnel.
To date, there is no published work that seeks to test a brief
automated mobile intervention alcohol reduction app that is
personalized to support UK AF, considering their military
experiences. To address this, we developed the Drinks:Ration
app (previously called Information about Drinking for
Ex-Serving personnel [InDEx]; see [15-18]) to support UK AF
veterans to reduce the amount they drink.
We conducted a randomized controlled trial (RCT) to assess
the efficacy of a 28-day alcohol intervention delivered via
Drinks:Ration in reducing self-reported weekly alcohol
consumption by day 84 follow-up among veterans who drink
at hazardous or harmful levels (ie, drinking at a level likely to
cause harm) and are currently receiving, or have previously
received, support for mental health symptoms in a clinical
setting.

Methods
Study Design and Hypotheses
This was a 2-arm participant-blinded (single-blinded) RCT (1:1)
to compare a mobile app that provided government guidance
on alcohol consumption only (control arm) with the mobile app
Drinks:Ration, a personalized app based on BCT principles.
We hypothesized that the intervention arm would be efficacious
in reducing alcohol consumption when compared to the control
arm.
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Both the control and intervention arms were delivered via the
Drinks:Ration app. Participants in the control arm were given
access only to the alcohol consumption guidance and a unit
calculator based on guidance issued by the UK Chief Medical
Officer. Those in the intervention arm were given access to the
full version of the app, which included theoretically driven
components and personalized messaging. This included
individualized normative guidance alongside features designed
to enhance participants’ motivation through interactive guidance
focused on self-efficacy to help modify alcohol consumption.
Participants in both arms were asked to use the app for a
minimum of 28 days. After this, they could continue to use the
app, but they did not receive personalized messaging. This was
undertaken to assess the long-term effectiveness of the app.
This study was designed such that the control arm structurally
resembled the intervention arm but excluded active intervention
techniques, such as a drinks diary, drinks in pixels, and drinking
zones (based on the Global Positioning System [GPS] location).
This approach increased uniformity across the arms (eg, ensuring
both arms received a digital intervention) and maintained
treatment allocation concealment.
Data were collected at baseline and follow-up assessments at
84 and 168 days postbaseline. Additional questionnaires were
collected on days 7, 14, and 21. This information was used to
personalize the Drinks:Ration app for the intervention arm only.
Please refer to the published trial protocol for further details
[19].

Ethical Considerations
This trial was approved by the local ethics committee of King’s
College London (HR-19/20-17438).

Procedure and Participants
Participants were recruited between October 2020 and April
2021 in succession via a clinical group, an existing research
cohort [2], and social media [20]. The clinical group was derived
from Combat Stress, a third-sector charitable organization that
provides mental health services, including substance misuse
management, to UK veterans. The research cohort was the
King’s Centre for Military Health Research health and
well-being longitudinal cohort study [2], where a sample of
self-reported help seekers were identified and extracted. Social
media platforms, such as Facebook and Twitter, were also used
to promote the RCT via free and paid promotional
advertisements with a link enabling potential users to express
an interest in taking part (for further information, please see
[20]).
Potential participants were invited to take part via email with
an explanation of the study, a link to the participant information
sheet, and instructions on how to download Drinks:Ration using
a unique quick response (QR) code. Once participants had
downloaded the app, they were asked to report alcohol
consumption using the validated Timeline Follow Back for
Alcohol Consumption (TLFB) [21] for the prior 7 days and
confirm their military serving status. Those meeting the study
eligibility criteria were allowed to proceed and complete the
baseline questionnaire.
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Eligibility was assessed at baseline. To be included in this RCT,
participants needed to download the Drinks:Ration app onto an
iOS or Android device; be aged 18 years or older; currently
reside in the United Kingdom; consume at least 14 UK units
(approximately 112 g of ethanol) of alcohol or more per week
at baseline (hazardous or harmful levels of alcohol
consumption); confirm that they currently receive, or had
received, support for mental health symptoms in a clinical
setting; provide a mobile phone number; and be a veteran of
the UK AF.

Sample Size
A power calculation was performed based on Alcohol Use
Disorder Identification Test (AUDIT) data previously reported
from Combat Stress [5]. To detect a difference in alcohol
consumption of 4 UK units (approximately 40 g of alcohol per
week) between the control and intervention arms at day 84, with
a 2-sided 5% significance level and a power of 80%, we needed
a sample of 37 participants per arm with complete primary
outcome assessments. We selected 4 UK units based on
reductions observed in similar studies [8,22,23] and reductions
observed in the feasibility trial of Drinks:Ration, which found
a 7-unit decrease at week 4. To allow for attrition of 40%, we
aimed to recruit a total of 124 participants (62, 50%, per arm).
To account for an expected response rate of 30%, we estimated
that we would need to invite 620 veterans to participate in the
study.

Randomization and Masking
Randomization was carried out automatically as part of the
Drinks:Ration platform. When participants registered for the
app, they were assigned a unique identifier and asked to provide
their gender. They were then randomly allocated [1:1] to receive
either the control or the intervention arm. Stratification was
used to ensure equal gender distribution across arms. This is
because those who identify as female only represent
approximately 10% of the UK AF.
The randomization procedure was based on a list of random
numbers computer-generated by the Drinks:Ration platform.
All members of the research team were blind to participant
treatment allocations except for authors DL and CW. CW
conducted participant management, and DL led the development
of the Drinks:Ration app, had access to raw study data, and
conducted the primary analyses. Except for automated weekly
backups, access to the data was disabled.
Participants were not informed of their treatment allocation.
However, they may have been able to deduce their allocation
condition based on app content. As the intervention was
automated and delivered via an app, there was no contact
between researchers and participants during the intervention
unless a risk to health (adverse event) had been detected or if
technical problems arose [19]. An adverse event in this study
was defined as participants reporting (via the drinks diary or
during contact with the research team) that they had consumed
more than 25 UK units of alcohol within a 24-hour period. Once
detected, a clinician would contact the participant over the
telephone to check their health and provide signposting to other
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services (which are listed in the app). The clinician would not
disclosure the treatment arm allocation.

Intervention
Drinks:Ration (formerly called InDEx [15-17]) was developed
by the King’s Centre for Military Health Research (at King’s
College London) and the University of Liverpool following the
Medical Research Council Complex Intervention Guidelines
using co-design methodology in collaboration with end users.
The app was designed to support veterans drinking at hazardous
or harmful levels by providing bespoke advice and support over
a minimum of 28 days. The app was developed without any
organizational branding to promote use. The iterative
development process, theoretical framework, and feasibility
trial are reported elsewhere [15-17,19]. Briefly, Drinks:Ration
was developed and tested with 5 core modules (see Figure 1):
•

•

Account management: Participants can modify personal
information (eg, first name and mobile number) and app
parameters (eg, automatic logout, clear local storage, data
sharing permission, and leaving the study).
Questionnaires and individualized normative guidance:
This captures the participant’s response to a set of questions
and aggregates responses to produce an individualized

•

•

•

infographic representing the participant’s alcohol
consumption in comparison to the general population, the
AF community, and other participants of the Drinks:Ration
app.
Self-monitoring and guidance: This records alcohol
consumption by participants and provides a range of
visualizations to allow consumption monitoring. Further,
participants can customize the visualizations with metrics
they find relevant (eg, calories, cost, or exercise required).
Goals (setting and review): Participants can set goals based
on the implementation intentions (if and then) methodology;
visualizations provide guidance on progress toward
achieving specified goals.
Personalized messaging: Participants are sent tailored
messages via push notifications or short message service
(SMS) text messages that provide prompts to use the drinks
diary, suggest alternative behaviors, and provide guidance
on goals (see Multimedia Appendix 1 for example
messaging).

Participants in the intervention arm completed additional
questionnaires on their mood and general mental health each
week. These responses were used to personalize app content,
push notifications, and SMS text messages.

Figure 1. Example screenshots extracted from the Drinks:Ration app.
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Measures
A summary of measures and data collection schedule is provided

in Table 1 (and see [19]). Measures were the same for the
intervention and control arms.

Table 1. Summary of measures and data collection timepoints. Days 7, 14, and 21 measures were used to personalize the Drinks:Ration app and apply
to the intervention arm only.
Measure

Day 0 (baseline)

Day 7

Day 14

Day 21

Day 28

Day 84 (primary endpoint)

Day 168

Informed consent

Ia/Cb

N/Ac

N/A

N/A

N/A

N/A

N/A

Sociodemographics

I/C

N/A

N/A

N/A

N/A

N/A

N/A

Depression (2-item Patient Health Questionnaire
[PHQ2]) [24]

I/C

I/C

I/C

I/C

I/C

I/C

I/C

Anxiety (2-item Generalized Anxiety Disorder
[GAD2]) [25]

I/C

I/C

I/C

I/C

I/C

I/C

I/C

International Trauma Questionnaire (ITQ) for

I/C

N/A

N/A

N/A

I/C

I/C

I/C

AUDITe [27]

I/C

N/A

N/A

N/A

I/C

I/C

I/C

7-day TLFBf [21]

I/C

N/A

N/A

N/A

I/C

I/C

I/C

Usability evaluation (MAUQg) [28]

N/A

N/A

N/A

N/A

I/C

N/A

N/A

PTSDd [26]

a

I: intervention arm.

b

C: control arm.

c

N/A: not applicable.

d

PTSD: posttraumatic stress disorder.

e

AUDIT: Alcohol Use Disorder Identification Test (10 items).

f

TLFB: Timeline Follow Back for Alcohol Consumption.

g

MAUQ: mobile health (mHealth) App Usability Questionnaire.

Baseline Measures
Upon successful registration, participants completed a baseline
questionnaire to assess physical and mental health, health status,
resource utilization, and sociodemographics.

Outcome Measures
The primary outcome was a change between baseline and day
84 follow-up in self-reported alcohol consumption, as measured
by the 7-day TLFB. Participants were asked to report how many
drinks they consumed over the past 7 days, as well as the type
of drink consumed each day. Using standard unit measurements
(see Multimedia Appendix 2 for an outline), the weekly alcohol
consumption for baseline, day 28, day 84, and day 168 was
determined by summing the number of units assigned to each
drink.
The secondary outcome measure assessed changes in the AUDIT
score from baseline to day 84 follow-up. The day 84 follow-up
timepoint was selected to assess the short- to medium-term
benefits of the intervention, although outcomes were also
examined at day 168 to assess longer-term benefits. Changes
in quality of life (eg, physical health, psychological health,
social relationships, and environment) and cost-effectiveness
will be analyzed in future papers.
At each follow-up, participants were first asked to complete the
primary outcome assessment before continuing to complete the
rest of the questionnaire. There were some cases where
participants completed the primary outcome assessment but did
https://mhealth.jmir.org/2022/6/e38991
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not provide any data for the secondary outcome. Where no
primary or secondary data points were provided, these were
excluded for the specific analysis.

Statistical Analysis
The statistical analysis plan was prospectively registered on the
Open Science Framework [29]. Data were analyzed using Stata
16.1 MP (StataCorp).
Descriptive statistics were reported either as unweighted
frequencies and percentages, the mean with the 95% CI, or the
median with the IQR.
The primary and secondary outcomes were modeled using linear
mixed effects models. Each outcome was tested in a separate
model. Each model included up to 3 repeated outcome
assessments, collected at days 28, 84, and 168. Repeated
measures were clustered within individual participants,
represented with a random intercept. The mixed model used all
available information (ie, participants with at least 1 follow-up
assessment were analyzed), leading to more precise estimates
of the treatment effect.
We used multivariable binary logistic regression to assess
whether baseline variables were associated with missingness
in the primary outcome variable (1=missing primary outcome
at day 84, 0=nonmissing). Each model included as covariates
(1) time (measured as days since baseline), (2) a dummy variable
to represent treatment allocation (0=control, 1=intervention),
(3) a time × arm interaction term, (4) the baseline measurement
of the outcome, (5) relevant covariates (age and gender), and
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(6) baseline variables associated with missingness (number of
days off work due to alcohol consumption). Treatment effects
were estimated as the difference between baseline and follow-up
assessment (day 28, 84, or 168) and reported as the absolute
alcohol unit difference between the arms.
Between-group effect sizes (Cohen d) were calculated by
subtracting baseline total units consumed/AUDIT score from
the day-of-assessment margin mean values (d=0.2, small effect;
d=0.5, intermediate effect; and d=0.8, strong effect). The
threshold for statistical significance reported in these analyses
was P=.05.
The intention-to-treat analyses included all participants who
completed at least 1 follow-up assessment (day 28, 84, or 168).

Sensitivity Analysis
We conducted a predefined sensitivity analysis in a subgroup
of participants who had complete information for the primary
outcome at day 84 (complete case analysis).

Process Evaluation
We examined process evaluation measures, used as a proxy for
app usage. These were reported in 3 categories: (1) app
utilization based on app analytics data provided by Google
Analytics, (2) drinking analytics based on server interactions,
and (3) notifications sent by the server. Where appropriate, these
were reported either as the median with the IQR or as the mean
with SD.

Usability
We examined usability of the Drinks:Ration app using the
mobile health (mHealth) App Usability Questionnaire (MAUQ)
[28] at day 28. Questionnaire responses were aggregated into
(1) overall usability, (2) ease of use, (3) interface and
satisfaction, and (4) usefulness. Results were summarized with
means and SDs.
The study was also reported following the Template for
Intervention Description and Replication [30] and the
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CONSORT (Consolidated Standards of Reporting Trials [31]
and eHealth version [32]) checklist.

Results
Study Participation, Sample Characteristics, and
Attrition
Between October 2020 and April 2021, 2708 individuals were
invited to take part, of whom 2531 (93.5%) did not respond to
the invite or declined to take part (n=150, 5.5%). In total, 177
(6.5%) participants were invited to complete a baseline
assessment, of whom 54 (30.5%) were found to be ineligible
based on study criteria (Figure 2). Therefore, a total of 123
(4.5%) participants completed the baseline assessment and were
randomized into the study. Of these, 78 (63.4%) completed
outcome assessments at day 28, 79 (64.2%) completed outcome
assessments at day 84, and 27 (22.0%) completed outcome
assessments at day 168. A total of 19 (15.4%) participants
withdrew from the study by day 84. This included 7 (36.8%)
participants who withdrew due to the limited functionality of
the control version of the app.
Of the 123 participants, 62 (50.4%) participants were
randomized to the intervention arm and 61 (49.6%) to the control
arm. Baseline characteristics are shown in Table 2. The overall
mean age was 47.6 years (95% CI 45.8-49.3), 117 (95.1%)
participants were male, and 95 (77.2%) were married or in a
long-term relationship. In addition, 87 (70.7%) had served in
the army, and on average, the participants had served 14.4 years
(95% CI 12.9-15.9) in the UK AF. The participants had a median
AUDIT score of 16 (IQR 10-22) at baseline, and 66 (53.7%)
were identified as having no probable PTSD. A total of 65
(52.9%) participants reported probable depression. Most
participants entered the study with an Android device (n=67,
54.5%), and 79 (64.3%) participants completed the primary
outcome assessment at day 84, with 76 (61.8%) completing the
secondary outcome assessment.

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e38991 | p.139
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Leightley et al

Figure 2. CONSORT diagram for recruitment into the RCT. CONSORT: Consolidated Standards of Reporting Trials; RCT: randomized controlled
trial.
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Table 2. Descriptive statistics of eligible participants.
Characteristics

Total (N=123)

Control (N=61)

Intervention (N=62)

Age (years), mean (95% CI)

47.6 (45.8-49.3)

47.4 (44.9-50.0)

47.7 (45.3-50.1)

Male

117 (95.1)

58 (95.1)

59 (95.2)

Female

6 (4.9)

3 (4.9)

3 (4.8)

Married/in a relationship

95 (77.2)

48 (78.7)

47 (75.8)

Single/separated

19 (15.5)

8 (13.1)

11 (17.7)

Divorced/widowed

9 (7.3)

5 (8.2)

4 (6.5)

Royal Navy/Royal Marines

14 (11.4)

6 (9.8)

8 (12.9)

Army

87 (70.7)

44 (73.2)

43 (69.6)

Royal Air Force

16 (13.1)

8 (13.1)

8 (13.1)

6 (4.9)

3 (4.9)

3 (4.9)

Length of military service in years, mean (95% CI)

14.4 (12.9-15.9)

15 (12.9-17.1)

13.8 (11.5-16.1)

Probable PTSDb, n (%)

57 (46.3)

26 (42.6)

31 (50.0)

Probable depression, n (%)

65 (52.9)

30 (49.2)

35 (56.5)

Probable anxiety, n (%)

61 (49.6)

32 (52.5)

29 (46.8)

AUDITc score, median (IQR)

16 (10-22)

14 (8-23)

16 (12-21)

Baseline unit weekly alcohol consumptiond, median (IQR)

44 (25-70)

43 (25-62)

47 (26-73)

iOS

56 (45.5)

32 (52.5)

24 (38.7)

Android

67 (54.5)

29 (47.5)

38 (61.3)

19 (15.5)

13 (21.3)

6 (9.7)

Day 28

78 (63.4)

37 (60.7)

41 (66.1)

Day 84

79 (64.3)

38 (62.3)

41 (66.1)

Day 168

27 (22.0)

14 (23.0)

13 (21.0)

Day 28

73 (59.4)

34 (55.7)

39 (62.9)

Day 84

76 (61.8)

37 (60.7)

39 (62.9)

Day 168

27 (22.0)

14 (23.0)

13 (21.0)

Gender, n (%)

Marital status, n (%)

Military branch, n (%)

Other

a

Device type, n (%)

Withdrawn by day 84, n (%)
Completed primary outcome assessment, n (%)

Completed secondary outcome assessment, n (%)

a

Service branch not reported in medical records.

b

PTSD: posttraumatic stress disorder.

c

AUDIT: Alcohol Use Disorder Identification Test (10 items).

d

Recorded using the Timeline Follow Back for Alcohol Consumption (TLFB).

Primary and Secondary Outcome Analysis
For the primary outcome of the TLFB (units of alcohol per
week) at day 84 (Table 3), we found that participants in the
intervention arm had significantly larger reductions in
self-reported alcohol unit consumption from baseline (marginal
unit mean 56.3, 95% CI 50.6-62.0) to day 84 (marginal unit
mean 28.1, 95% CI 21.1-35.1) compared with those in the
control arm (marginal unit mean from 54.0, 95% CI 48.2-59.8,
https://mhealth.jmir.org/2022/6/e38991
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to 43.5, 95% CI 36.3-50.8; interaction P=.01). The effect size
for the difference between the intervention and control arms in
the mean change of units between baseline and day 84 was
Cohen d=0.35, which is consistent with a moderate effect size.
Overall, we found that between baseline and day 84, weekly
alcohol consumption reduced by –10.5 (95% CI –19.5 to –1.5)
units in the control arm and –28.2 (95% CI –36.9 to –19.5) units
in the intervention arm (P-value for the difference between arms
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at day 84=.003) at the primary outcome measure. The difference
in unit marginal means was –15.4 (95% CI –25.5 to –5.4) units
of alcohol in favor of the intervention arm.
There was evidence of a strong effect between the 2 arms by
day 28 (Cohen d=0.50) but no evidence of a difference between
the 2 arms by day 168 (Cohen d=0.11) for self-reported alcohol
consumption (Figure 3).
For the secondary outcome change in the AUDIT score by day
84, we again found that participants in the intervention arm had
significantly larger reductions in the AUDIT score from baseline
(score marginal mean 16.3, 95% CI 15.0-17.5) to day 84 (score
marginal mean 10.1, 95% CI 8.5-11.8) compared with those in
the control arm (score marginal mean from 16.0, 95% CI

14.6-17.3, to 14.1, 95% CI 12.4-15.7; interaction P=.003). The
difference was –3.9 (95% CI –6.2 to –1.6) points on the AUDIT
score in favor of the intervention arm. The effect size for the
difference between the intervention and control arms in the
mean change in the AUDIT score between baseline and day 84
was Cohen d=0.48.
There was evidence of a strong effect between the 2 arms by
day 28 (Cohen d=0.53) but no evidence of an effect between
the 2 arms by day 168 (Cohen d=0.06) for the AUDIT score
(Multimedia Appendix 3).
Sensitivity analyses of primary and secondary outcomes using
complete case analysis produced the same patterns as those
identified in the main analysis (Multimedia Appendix 4).

Table 3. Estimated mean change between each measure, timepoint, and arm. The difference in the rate of change between each arm compared with
baseline is reported alongside the Cohen d statistica.
Study arm

Estimated marginal mean (95% CI)
Baseline

Day 28

Day 84

Day 168 Baselineday 28

Self-reported units consumed over the previous week

Baseline-day Baseline-day Baseline-day Baseline-day Baseline84 (primary 168 (sec28
84 (primary day 168 (secoutcome)
ondary outoutcome)
ondary outcome)
come)

<.001

.01

.80

0.50

0.35

0.11

Control

54.0
(48.259.8)

44.5
(37.151.9)

43.5
(36.350.8)

30.6
(18.642.5)

N/Ab

N/A

N/A

N/A

N/A

N/A

Intervention

56.3
(50.662.0)

22.2
(15.229.3)

28.1
(21.135.1)

35.4
(23.147.7)

N/A

N/A

N/A

N/A

N/A

N/A

.001

.003

.68

0.53

0.48

0.07

AUDITc 10 score

a

Evidence for a difference in rate of change Cohen d
between arms, interaction P value

Control

16.0
(14.617.3)

16.5
(14.718.2)

14.1
(12.415.7)

13.2
(10.615.9)

N/A

N/A

N/A

N/A

N/A

N/A

Intervention

16.3
(15.017.5)

12.1
(10.513.7)

10.1
(8.511.8)

12.7
(9.915.4)

N/A

N/A

N/A

N/A

N/A

N/A

Derived from a model that was adjusted for age, gender, number of days off work due to alcohol consumption, and outcome measure.

b

N/A: not appliable.

c

AUDIT: Alcohol Use Disorder Identification Test (10 items).
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Figure 3. Trajectory for self-reported alcohol unit consumption per week as estimated from the mixed model.

Process Evaluation
Over the entire study period (168 days), participants in the
control arm used the app for a median of 1 week (IQR 1-2),
initialized the app a median of 3 times (IQR 2-9), and had a

median session duration of 60.9 seconds (IQR 35.7-75.6).
Participants in the intervention arm used the app for a median
of 3.5 weeks (IQR 2-6), initialized the app a median of 13.5
times (IQR 4-27), and had a median session duration of 43.8
seconds (IQR 32.3-67.9); see Table 4.

Table 4. Engagement and app interactions over the study period per participant stratified by arm.
Interactions

Control, median (IQR)

Intervention, median (IQR)

Initializations

3 (2-9)

13.5 (4-27)

Session count

24 (16-45)

54 (27-150)

Session duration

60.9 (35.7-75.6)

43.8 (32.3-67.9)

Server interactions

7 (5-8)

13 (8-19)

Drinking days

N/Aa

7 (4-11)

Drink-free days

N/A

3.5 (2-7)

Units consumed per drinking day

N/A

12.8 (4.4-16.5)

Push notifications

1 (1-1)

18 (9-19)

SMSb text messages

2 (0-2)

12 (10-14)

1 (1-2)

3.5 (2-6)

Engagement measures

App-recorded interactions

Notifications

Weeks active
a

N/A: not applicable; participants in the control arm were not able to provide this information.

b

SMS: short message service.

Participants in the intervention arm reported a median of 7
drinking days (IQR 4-11) during the first 28-day period, a
median of 3.5 drink-free days (IQR 2-7), and a median of 12.8
units of alcohol per drinking day (IQR 4.4-16.5). A median of
18 push notifications (IQR 9-19) were sent to participants in
the intervention arm, along with a median of 12 SMS text
messages (IQR 10-14).
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App use of participants in the intervention arm is shown in Table
5. Participants engaged with all modules of the app, but most
of the app engagement was spent using the screening module
(mean 201.0, SD 994.6) and the normative guidance module
(mean 510.4, SD 1012.7).
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Table 5. Intervention arm engagement with the Drinks:Ration app, stratified by page between baseline and day 168 based on app analytics data.
Ever accesseda

Number of times accessed

Average time spent per session (seconds)

n (%)

Mean (SD)

Median (IQR)

Median (IQR)

Screening

62 (100)

4.9 (4.9)

2 (2-6)

27.7 (6.6-121.7)

Normative Guidance

62 (100)

8.7 (9.9)

5.5 (3-10)

99.5 (34.5-459)

Consent

62 (100)

3.3 (0.9)

3.5 (3-4)

53.8 (44.7-68.0)

Dashboard

60 (96.8)

34.8 (60.5)

10.5 (4-42)

197.1 (85.0-360.8)

Add Drinks

55 (88.7)

30.1 (53.0)

11 (3-38)

197.7 (47.8-408.5)

Timeline Follow Back

52 (83.9)

3.1 (2.11)

2 (2-4)

1021.2 (700.1-1579.0)

Drinks Diary Information

52 (83.9)

17.1 (23.3)

11 (2-22)

626.0 (117.2-1413.6)

Drinks Diary

50 (80.7)

8.2 (13.1)

3 (1-8)

45.7 (16.5-198.8)

View Goals

47 (75.8)

3.3 (0.7)

2 (1-4)

31.9 (3.1-63.4)

User Account

40 (64.5)

3.0 (8.5)

1 (0-3)

17.3 (0-55.1)

Page

a

During the study, Apple (developer of the iOS operating system) changed policies related to how developers could track and monitor usage of an app.
This required specific user content, which could be modified outside the app. It is therefore not possible to ascertain whether a user did not give data
because they were not using the app or whether they declined to share app usage statistics.

Usability
The participants completed the MAUQ at day 28 (Table 6).
They responded to a set of usability questions on a scale of 1-7,
with a higher value indicating improved usability. Participants
in the control arm reported a mean overall app usability score
of 4.1 (SD 1.5), a mean ease-of-use score of 4.4 (SD 1.6), a

mean interface and satisfaction score of 4.1 (SD 1.6), and a
mean usefulness score of 3.6 (SD 1.7). These scores were lower
than those of the intervention arm, which reported a mean
overall app usability score of 5.9 (SD 1.1), a mean ease-of-use
score of 5.9 (SD 1.2), a mean interface and satisfaction score
of 5.9 (SD 1.1), and a mean usefulness score of 5.7 (SD 1.1).

Table 6. MAUQa results at day 28, stratified by arm.

a

Items

Control (N=35), mean (SD)

Intervention (N=38), mean (SD)

Ease-of-use

4.4 (1.6)

5.9 (1.2)

Interface and satisfaction

4.1 (1.6)

5.9 (1.1)

Usefulness

3.6 (1.7)

5.7 (1.3)

Overall

4.1 (1.5)

5.9 (1.1)

MAUQ: mobile health (mHealth) App Usability Questionnaire.

Adverse Events and Technical Issues
In total, 2 (1.6%) of 123 participants were identified as having
a single adverse event of consuming more than 25 units of
alcohol within 24 hours during the study period. Following our
risk protocol [19], a signposting booklet to relevant charities
was provided, as well as a call with the study clinical lead. After
a clinical interview, both participants were allowed to continue
in the study. Their treatment allocation was not disclosed to the
participants. No other adverse events were identified. No
technical issues occurred during the trial.

Discussion
Principal Findings
This study is 1 of the few RCTs to date to examine the efficacy
of a fully automated 28-day brief alcohol intervention delivered
via a mobile app in a help-seeking sample of UK veterans with
at least hazardous alcohol consumption. Help-seeking veterans
were consuming on average 55 units of alcohol per week at the
https://mhealth.jmir.org/2022/6/e38991
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outset of the study, well above the 14 units of alcohol per week
recommended as the maximum by the UK Chief Medical
Officer. At the primary outcome (day 84), the difference
between the estimated marginal means for the intervention and
control arms was 15.4 units of alcohol lower in the intervention
arm than in the control arm. A similar pattern was also observed
for the AUDIT score, where the difference between the
estimated marginal mean between the arms was 4.0 points on
the AUDIT scale, also lower than that of the control arm.
Overall, the intervention arm achieved significantly better
reductions in alcohol consumption and AUDIT score. These
effects disappeared at day 168.
The findings of this RCT demonstrate the efficacy of an
automated brief alcohol intervention with personalized
messaging for those who consume alcohol at least at hazardous
levels and have sought help for a mental health difficulty [15].
The findings also mirror those obtained in other studies [7,12].
In particular, the findings demonstrate the efficacy of
Drinks:Ration within a group that has been shown to be at
increased risk of dual diagnosis. The between-arm difference
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compares favorably to stand-alone self-help interventions [33],
and the differences are greater than those typically found with
face-to-face therapies and the most successful therapist-guided
interventions [34].
This study found significant differences between the arms for
the primary and secondary outcomes at the primary data
collection point (day 84), and the differences were even larger
at day 28 when the first assessment took place. At follow-up
(day 168), only 22% of participants responded, which limited
our ability to discern differences at the timepoint. An alternative
explanation is that the effect of the intervention reduced over
time, so the long-term benefits of the Drinks:Ration app may
need reinforcing beyond the intervention month (ie, the first 28
days).
The results of this RCT should be placed in the context of the
wider literature. A recent literature review exploring the
effectiveness of alcohol reduction apps and the availability of
evidenced-based apps on top commercial app stores identified
21 articles representing 19 unique mobile apps [35]. Of these,
7 (36.8%) apps were targeted at adolescent drinkers, and the
remainder on the general population. No studies that targeted
the AF were identified. The overall effectiveness of the included
interventions was mixed, with standards of reporting making
direct comparisons difficult (eg, AUDIT-C, binge-drinking
days, alcohol unit consumption). Drinks:Ration results compare
favorably to all included studies, in so far as we identified the
largest reductions in alcohol consumption; however, our base
starting point was significantly higher than the general
population.
Although there are no reported data on waiting times between
referral and treatment in the United Kingdom, National Health
Service (NHS) Scotland national drug and alcohol treatment
waiting times for alcohol treatment were reported to be around
3 weeks or less between January 2021 and March 2021 [36].
The delay between referral and treatment may be an opportunity
to deploy the Drinks:Ration app to support help-seeking veterans
while they wait for formal treatment. Help-seeking veterans
misusing alcohol attend fewer mental health appointments [6],
probably because many are prevented from receiving treatment
for mood disorders and PTSD until they have reduced their
excessive drinking. The use of the Drinks:Ration app to support
reduction in alcohol consumption could enable more
help-seeking veterans to access services. In addition to the
Drinks:Ration app, the use of personalized messages sent via
SMS and push notification may have contributed to improved
performance of the intervention arm.
The efficacy of the app in relation to our primary outcome is
encouraging, but there are some issues worth considering. The
recruitment for this study was lower than anticipated. We
expected that 30% of eligible veterans would enter the study,
but though it was difficult to estimate the true total number of
eligible individuals, the percentage who consented to participate
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was less than 10%. The second potential problem is that the
effect seen at 84 days may need a reinforcement to encourage
persistent changes in behavior over the long term. This could
be achieved by enabling personalized messaging over the entire
life course of app usage.
There were 2 adverse events (involving 2 participants), which
were unlikely to be caused by our app and more likely to be
caused by the ongoing alcohol consumption of the individuals
involved. This highlights the challenges of monitoring adverse
events in remote/automated interventions for which the
implementation of the app needs constant monitoring while
being used. Finally, it is important to consider how
Drinks:Ration can be integrated into the treatment pathway to
support veterans prior and during treatment, while also
monitoring the degree to which its efficacy transfers to a clinical
context.

Limitations
Several limitations of this trial should be noted. First, as already
acknowledged, the majority of those invited to participate in
the study did not take part. It is not possible to ascertain why
these individuals chose not to take part, but it may be due to
digital fatigue because of the COVID-19 pandemic. Therefore,
we consider that our study assessed the efficacy of the
intervention in those willing to engage with the app rather than
effectiveness in the target population. Second, participants
self-identified their military and help-seeking status among
those recruited through social media and the status was not
verified. Third, we only used self-reported data provided via
outcome assessments and did not use data collected via the
drinks diary. This decision to use the TLFB for assessing our
primary outcome was to ensure comparability with other studies
and to also ensure the control arm did not complete the drinks
diary. This resulted in duplicating participant input, which could
have created user frustration and negatively impacted usability
and participation. Finally, this RCT was conducted during the
COVID-19 pandemic. This period resulted in meaningful
behavioral changes to how UK military veterans consumed
alcohol due to lockdown. In a recent study of UK veterans, they
were found to be drinking less alcohol during the first phase of
the pandemic, reducing their hazardous drinking from 49% to
28% [37]. This may have reduced the available population that
consumes alcohol at a harmful-to-hazardous level.

Conclusion
Our findings suggest that Drinks:Ration is efficacious in
reducing alcohol consumption in help-seeking veterans and that
wider uptake of Drinks:Ration in this population would be
beneficial. However, strategies to increase use of the app and
ensure that the gains in decreasing alcohol consumption persist
over time need to be well thought out. This could be achieved
by promoting app use and continuation of messaging and more
personalized goal setting.
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Abstract
Background: Tobacco addiction is the leading cause of preventable morbidity and mortality worldwide, but only 1 in 20
cessation attempts is supervised by a health professional. The potential advantages of mobile health (mHealth) can circumvent
this problem and facilitate tobacco cessation interventions for public health systems. Given its easy scalability to large populations
and great potential, chatbots are a potentially useful complement to usual treatment.
Objective: This study aims to assess the effectiveness of an evidence-based intervention to quit smoking via a chatbot in
smartphones compared with usual clinical practice in primary care.
Methods: This is a pragmatic, multicenter, controlled, and randomized clinical trial involving 34 primary health care centers
within the Madrid Health Service (Spain). Smokers over the age of 18 years who attended on-site consultation and accepted help
to quit tobacco were recruited by their doctor or nurse and randomly allocated to receive usual care (control group [CG]) or an
evidence-based chatbot intervention (intervention group [IG]). The interventions in both arms were based on the 5A’s (ie, Ask,
Advise, Assess, Assist, and Arrange) in the US Clinical Practice Guideline, which combines behavioral and pharmacological
treatments and is structured in several follow-up appointments. The primary outcome was continuous abstinence from smoking
that was biochemically validated after 6 months by the collaborators. The outcome analysis was blinded to allocation of patients,
although participants were unblinded to group assignment. An intention-to-treat analysis, using the
baseline-observation-carried-forward approach for missing data, and logistic regression models with robust estimators were
employed for assessing the primary outcomes.

https://mhealth.jmir.org/2022/6/e34273

XSL• FO
RenderX

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e34273 | p.150
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Olano-Espinosa et al

Results: The trial was conducted between October 1, 2018, and March 31, 2019. The sample included 513 patients (242 in the
IG and 271 in the CG), with an average age of 49.8 (SD 10.82) years and gender ratio of 59.3% (304/513) women and 40.7%
(209/513) men. Of them, 232 patients (45.2%) completed the follow-up, 104/242 (42.9%) in the IG and 128/271 (47.2%) in the
CG. In the intention-to-treat analysis, the biochemically validated abstinence rate at 6 months was higher in the IG (63/242, 26%)
compared with that in the CG (51/271, 18.8%; odds ratio 1.52, 95% CI 1.00-2.31; P=.05). After adjusting for basal CO-oximetry
and bupropion intake, no substantial changes were observed (odds ratio 1.52, 95% CI 0.99-2.33; P=.05; pseudo-R2=0.045). In
the IG, 61.2% (148/242) of users accessed the chatbot, average chatbot-patient interaction time was 121 (95% CI 121.1-140.0)
minutes, and average number of contacts was 45.56 (SD 36.32).
Conclusions: A treatment including a chatbot for helping with tobacco cessation was more effective than usual clinical practice
in primary care. However, this outcome was at the limit of statistical significance, and therefore these promising results must be
interpreted with caution.
Trial Registration: Clinicaltrials.gov NCT 03445507; https://tinyurl.com/mrnfcmtd
International Registered Report Identifier (IRRID): RR2-10.1186/s12911-019-0972-z
(JMIR Mhealth Uhealth 2022;10(6):e34273) doi:10.2196/34273
KEYWORDS
smoking; tobacco cessation; primary care; smartphone use; chatbot; dialog systems; artificial intelligence; tobacco; mHealth;
primary care

Introduction
Tobacco addiction is the leading cause of preventable morbidity
and mortality in the world, directly causing 7 million deaths
annually. Should this trend continue, this figure would rise to
8 million deaths by 2030, mostly in developing countries [1].
Population studies repeatedly conclude that the majority of
smokers would like to quit and the percentage of them who try
every year is high [1]. Most tobacco users stop smoking without
help, although professional interventions increase the number
of attempts and use of effective medication, resulting in a 2- to
3-fold success rate in the long term [2].
Different interventions by health professionals have proven to
be effective and efficient, with the best outcomes observed when
behavioral and pharmacological treatments are combined [2,3].
However, only 1 in 20 cessation attempts is supervised by a
health professional [3]. Almost 84% of smokers who attended
a primary care within the Madrid Health Service in 2008 had
not received any advice to quit smoking over the 3 months prior
to the consultation [4], which is similar to reports from other
countries [5,6]. Factors accounting for these low intervention
rates have been identified, among which are the training deficit
of professionals, their perception that these interventions are
not very effective, and their lack of time to implement them [7].
More intensive clinical interventions yield higher cessation rates
in the long term; however, they are more expensive, require
specifically trained professionals, and entail more health care
time, which are inconvenient for both health care providers and
users, who occasionally cannot afford them [8]. The potential
advantages of mobile technologies for health (mHealth)
[9]—effectiveness,
accessibility,
portability,
privacy,
customization, time-sensitive interventions, access to social
support, superior adherence, and enormous scalability
potential—can circumvent these problems and facilitate
tobacco-cessation interventions for public health systems.
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Globally, the number of smartphones used is increasing. There
are an estimated 5200 million cell phone users and an estimated
8 billion cell phone lines worldwide, which exceed the world
population (penetration rate of 102%) [10], and these numbers
are expected to continue rising. Smartphones have become the
most frequent and most accessible form of computer in most
countries. This relevance of information and communication
technologies (ICTs) has even increased in the context of the
COVID-19 pandemic due to the imposed social distancing, and
tobacco addiction was not oblivious to the new circumstances.
Using ICTs also entails risks: access to websites and apps
offering incomplete information or nonevidence-based therapies
that are difficult to identify and can cause undesirable effects
[11]; incorrect records due to anonymity of patients (including
the difficulty to reach the target population) [12]; lack of
nonverbal communication; potential discrimination (eg, impaired
vision, illiteracy, socioeconomic level, age); feeling of invasion
of privacy or of being controlled for the user; issues with
adherence to treatment and its detection; costs generated from
mobile data use; and problems regarding data protection,
privacy, and confidentiality. Online interventions should
complement and not substitute presential interventions for now
[13], so creating a theoretical frame for correctly implementing
this novel type of interventions is essential to guarantee
minimum quality and homogeneity standards.
Evidence regarding the effectiveness of interventions for quitting
smoking with the aid of ICTs is recent. A review by Whittaker
et al [14], which included 26 clinical trials and 33,849
participants, concluded that automatized interventions with
SMS text messages were effective, whether as the solely
delivered intervention (relative risk [RR] 1.54, 95% CI
1.19-2.00) or in combination with other interventions (RR 1.59,
95% CI 1.09-2.33). That review was the first to incorporate 5
evidence-based, quality studies comparing the effectiveness of
an app for cessation with low-intensity interventions (whether
using apps or not), although the effectiveness of apps for
increasing the abstinence rates in the long term was not proven
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e34273 | p.151
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
(RR 1.00, 95% CI 0.66-1.52). A more recent review including
4 trials using apps reported similar results (RR 0.871, 95% CI
0.543-1.397) [15].
Chatbots are potentially useful tools for interventions using
ICTs: they are virtual assistants that respond to questions and
requests by the patients, have the ability to learn, and
communicate with the user via messaging apps. They differ
from apps in their structure (they do not require installation in
the smartphone, and therefore do not occupy space in the
terminal; the interface is like a chatroom; and
programming-related costs and time are lower), usage (they are
bidirectional communication tools), interaction (they are not
limited to a series of actions set by the programmer), privacy
(they do not collect data from the phone), and most importantly,
they are artificial intelligence (AI) and natural language
processing tools (Multimedia Appendix 1).
At the time of this writing, several clinical trials are being
conducted to assess the effectiveness of a chatbot for quitting
smoking [16,17] by comparing different interventions employing
ICTs. However, this work considered that clinical practice was
the best comparator because it is the standard treatment in our
setting and the chatbot aims to reproduce the ideal
professional-patient personalized interaction using novel
technological support.
Given its easy scalability to large populations, chatbots are a
potentially useful complement to usual treatment, with the
consequent savings, whether they are integrated into a global
plan for aiding smokers to quit or used alone.
The aim of this study was to assess the effectiveness of a
chatbot, with an evidence-based design and including elements
of AI and natural language processing, for helping people stop
smoking compared with clinical practice in primary care.

Methods
Trial Design
This is a pragmatic, multicenter, controlled, and randomized
clinical trial. The study was conducted in 34 primary health
care centers in the Community of Madrid region (Spain) and
had a follow-up period of 6 months. The Madrid Health Service
provided care for 6,772,465 citizens in 262 health care centers
when the trial was conducted (2019).
The study followed the CONSORT (Consolidated Standards of
Reporting Trials) guidelines [18] (Multimedia Appendix 2).
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The trial protocol was previously registered [19] and no changes
were made to the methods, intervention, or comparator, except
for an additional analysis by subgroups, which was not included
in the initial study design.

Participants
Family practitioners and nurses from the 262 health care centers
in the Madrid Health Service were offered to participate. The
248 health workers who volunteered as collaborators were
informed of the study objectives, design, and methods, and
received training about the fieldwork, handling of the data
collection, and good practice in clinical research. Among them,
only 161 professionals recruited participants.
Patients included were smokers aged over 18 years who visited
their doctor or nurse for consultation for any reason during the
inclusion period. Patients included must have smoked at least
one cigarette over the previous month, accept professional help
for quitting in the following month, own a smartphone in which
a messaging app (Telegram) could be installed, confirm their
availability to be reached for 6 months following the
intervention, and provide informed written consent. Criteria for
exclusion were showing significant communication barriers and
participation in another dishabituation program or clinical trial
simultaneously. Computer or internet illiteracy of patients was
not assessed.

Recruitment
Each collaborator had the objective of recruiting a minimum of
3 patients by offering participation to all smokers attending their
consultation for any reason, in consecutive order, between
October 1, 2018, and March 31, 2019. After checking
compliance with the inclusion criteria, the patients were
informed about the characteristics of the trial, and invited to
participate and read an informative document (Multimedia
Appendix 3). Patients who accepted to participate provided
informed consent (Multimedia Appendix 4). Relevant data on
patients who declined enrollment were collected (age, gender,
and reason for declining).
Two visits were defined for patient data collection (Figure 1):
baseline (T0) and at 6 months (T1). The health care collaborators
collected participants’ data in a collection notebook designed
ad hoc, which could be accessed from the work computer with
a personal password. Additionally, professionals were
responsible for the clinical follow-up of patients in the control
group (CG) and keeping records of it at each visit.
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Figure 1. Study Flowchart.

Randomization and Blinding
After providing informed consent and following the collection
of baseline information, participants were randomly allocated
to the intervention group (IG, chatbot) or CG (usual care) at the
baseline visit (T0) via simple randomization software and
without further restrictions. No other method was used to
implement the random allocation sequence. The software
generated a banner indicating the professional which group the
patient had been assigned to, and a printable file with a password
to access the chatbot for patients in the IG.
Given the nature of the intervention, patients and professionals
were aware of their treatment allocation. All analyses were
performed by trial statisticians and methodologists in the Madrid
Primary Care Research Unit who were blinded to the group
assignment.

Intervention
The intervention strategy for both arms was based on the 5A’s
(ie, Ask, Advise, Assess, Assist, and Arrange) in the US Clinical
Practice Guideline [2]. During the recruitment phase, all patients
who met the inclusion criteria were interviewed in person about
their tobacco consumption and received advice to cease smoking
from their doctor or nurse, who also inquired about their
willingness to quit smoking. Those accepting to attempt
cessation in the following month and agreed to participate in
the trial were randomly assigned into the IG or the CG. Patients
received a personal intervention that combined behavioral and
pharmacological treatment and was structured in several
follow-up visits, whether online via a chatbot or face-to-face
with their assigned health care professional.
https://mhealth.jmir.org/2022/6/e34273

XSL• FO
RenderX

Patients in the CG received usual clinical practice that aided in
their tobacco cessation process, which is based on scientific
recommendations and protocols in the services portfolio of the
Madrid Health System (Servicio 415, Atención al Consumo de
Tabaco en el Adulto). The standard intervention comprised at
least one appointment before the day of cessation and another
visit after 1 month. Additional controls could be set, with
frequency, intensity, and duration adjusted based on the
professional criteria and patient needs.
Patients in the IG were offered an intervention with contents
similar to the CG but delivered via a chatbot. A personal
keyword allowed accessing the chatbot via Telegram, a widely
used messaging app very similar to others, which makes it very
easy to use and was chosen due to its better privacy warranties
at the moment this trial was conducted. No instructions or
recommendations were given to the chatbot users regarding
timing, frequency, or intensity of use. No further appointments
were set between the professional and the patient other than the
follow-up at 6 months (T1), and no additional co-interventions
were provided outside the trial setting.
Once the patients started the interaction upon their initiative,
the chatbot guided them through the dishabituation process by
establishing a 15-day period just before the cessation date with
daily interactive contacts between the chatbot and patient. This
was followed by encouraging and recognition messages by the
chatbot after quitting that became more sporadic until
completing the 6 months of abstinence. The contact frequency
set by the chatbot varied depending on the time since quitting
and patient characteristics (personal choice, type of tobacco
use, personal risk situation, prescribed drug, abstinence-related
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symptoms, and evolution). The patient could contact the chatbot
at any time and place, and decided the duration and frequency
of interactions. There were no payments in any case or direction.
The only expenditure for patients was that derived from
consumed mobile data.
Dejal@bot was developed based on scientific evidence by
doctors with expertise in tobacco use and ICTs between 2015
and 2018 (see Multimedia Appendix 5 for screenshots of the
app). Its internal structure is a script recreating the interaction
between a professional and a patient that takes numerous
variants as required by the patient’s needs and characteristics.
The chatbot is bidirectional and provides multimedia links to
cessation advice (by providing access to evidence-based
techniques
with
cognitive-behavioral,
motivational,
relapse-prevention, and problem-solving components);
information about the prescribed medication for helping to quit;
and advice on how to cope with abstinence-related problems
and relaxation exercises in diverse formats, such as video,
graphs, games, and web links (of note, all these are similar to
the resources health care workers could offer to the patients in
the CG). Dejal@bot also incorporates gamification elements
(knowledge and skills acquisition) with a system for scoring
points and obtaining badges that grant access to specific
information depending on the abstinence period and personal
needs. This feedback is complemented with messages of
encouragement and emphasis on the achieved goals. The
intervention was described in detail in the protocol [19] and in
the TIDieR (Template for Intervention Description and
Replication) checklist (Multimedia Appendix 6).
A pilot test was conducted prior to the beginning of the clinical
trial to assess usability and to train the AI categories. The final
version from the pilot study (February 2018) was implemented
in the randomized controlled trial and its content was not
modified at any stage.

Olano-Espinosa et al
Data collection was monitored weekly and the collaborators
were contacted in case of incongruous or incomplete
information.
The Dejal@bot structure is simple: (1) The user writes messages
in the Telegram app installed into their smartphone; (2)
Telegram anonymizes this message upon receipt by assigning
an identification number to the user and forwards the message
to the software installed in the research team server; (3) the
software processes the message; (4) our reply is sent to
Telegram; and (5) Telegram forwards the response to the user.
Telegram operates as a telephone service provider acting as a
technological intermediate that does not store the content of the
conversation. The chatbot only knows what the users say but
there are no metadata in the conversation allowing their
identification.
Dejal@bot works on an expert system that becomes more
flexible in each decision by understanding the patients’ needs
through a probabilistic interpretation of their message using
techniques based on Bayes’ theorem. Therefore, the decision
on which script to show next is not a prefixed sequence in a
decision tree but rather works as follows: if the patient does not
require special attention, the subsequent script is used in the
order that has been preset in the expert system; however, if the
patient requires special attention (eg, change of quit date,
relapse, medication side effect), the Bayesian system detects
this need and the specific script that has been preset for that
particular case is used.
The AI layer has been generated using intelligent dictionaries
of synonyms (48 classes with a total of 1127 terms), and
therefore, the chatbot has learned different ways of expressing
the same concept in natural language to respond appropriately
regardless of the expression used by the user. The features and
clinical content of the chatbot are presented in Textbox 1.

No technical support service was available during the trial,
which the authors believed would improve the chatbot
accessibility and the retention rate.
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Textbox 1. Chatbot features and clinical content.
Features
•

Installed outside the smartphone (instead installed on the research team server).

•

Communicate with the user via messaging apps.

•

Easy to learn.

•

Bidirectional communication.

•

Respects the privacy of the user.

•

Artificial intelligence.

•

Natural language processing.

•

Structured in several follow-up visits.

•

Participants contact the chatbot at any time.

•

Participants decide the duration and frequency of interactions.

•

Multimedia links.

•

Gamification elements.

Clinical content
•

Evidence-based techniques with cognitive-behavioral, motivational, relapse-prevention, and problem-solving components.

•

Variable contact frequency depending on time since quitting and patient characteristics.

•

Information about the prescribed medication.

•

Advice on how to cope with abstinence-related problems.

•

Relaxation exercises.

•

15-day period just before the cessation date with daily interactive contacts.

•

Encouragement and recognition messages by the chatbot after quitting with an emphasis on the achieved goals.

Outcome Variables
The primary outcome was continuous abstinence at 6 months,
which was biochemically validated by CO-oximetry, involving
measurement of exhaled air in parts per million (ppm), following
the recommendations in the Russell Standard [20]. Therefore,
the patient must declare not having smoked in the previous 6
months and have a negative CO-oximetry result (<10 ppm) to
be considered a “nonsmoker.”
The secondary outcomes were changes in quality of life, number
of contacts between the therapist or the chatbot and the patient,
and total time of interaction. The cost-utility assessment will
be the subject of a separate analysis and paper. Adherence to
pharmacological treatment could not be measured due to the
low number of visits in the CG. No modifications to the trial
outcome measurements were made after the trial commenced.
The EQ-5D-5L was used to assess quality of life. This validated
generic instrument measures health-related quality of life on a
visual analog scale (VAS) ranging from 0 to 100 (with higher
ratings indicating higher quality of life) and includes 5
dimensions to assess mobility, self-care, usual activities,
pain/discomfort, and anxiety/depression. Health condition is
converted into a weighted Health Status Index, where full health
receives a value of 1 and 0 stands for death. We collected data
on the 5 dimensions and the Health Status Index proposed for
our country [21].
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Patient data were collected during the consultations with family
practitioners and nurses at baseline (T0) and after 6 months
(T1). At baseline, collaborators recorded sociodemographic
variables (age, gender, economical level, educational level, and
nationality); tobacco use (daily cigarette consumption, number
of previous attempts to quit, CO-oximetry result in parts per
million, cessation date, and level of nicotine dependence); and
related variables (concomitant use of cannabis, prescribed
pharmacological treatment, and type of pharmacological
treatment indicated for the dishabituation process). Given the
pragmatic nature of this trial, patients could contact the
professionals or the chatbot at any time, and professionals could
schedule follow-up visits with patients in the CG depending on
both the recommendations in the portfolio of provided services
and patient needs. Information regarding contact time and
number of interactions was automatically recorded in the data
collection notebook (CG) or by the chatbot (IG). No qualitative
feedback was obtained from participants at any moment.
If the patient did not attend the 6-month follow-up visit (T1),
their assigned professional tried to contact them on the phone
up to 3 times to set an appointment, after which they were
considered lost to follow-up.
No changes to trial outcomes were made after the trial
commenced.
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Sample Size
The sample size was calculated based on the outcomes of the
FTFT-AP trial [22], a recent clinical trial that assessed the
effectiveness of usual clinical practice in our health care system
and reported a continuous abstinence rate of 9.6% in the CG at
6 months. Considering a 2-fold success rate compared with the
later study [14], an α error of 5%, and a power of 80%, the
calculated sample size was 418 patients. With an estimated
dropout rate of 10%, the final size was 460 smokers (230 in
each arm).

Statistical Analysis
Intention-to-treat analyses were performed by coding all losses
to follow-up as smokers, as specified in the previously published
protocol [19]. Stata 14 was used for the analyses.
Regression models (logistic or linear, as appropriate) were
employed for analyzing the effect of the intervention on all
outcomes and adjusted for robust estimators to account for
patients recruited by clusters. Missing data were analyzed using
the baseline-observation-carried-forward (BOCF) approach.
The effectiveness of the intervention on the primary outcome
was assessed via intergroup differences in the biochemically
validated abstinence at T1 and T0, reported in proportions with
the corresponding 95% CI. A sensitivity analysis was performed
to compare the intention-to-treat and per-protocol analyses.
Factors associated with confirmed continuous abstinence at 6
months were evaluated using a logistic regression model.
Intragroup differences in quality of life between T1 and T0, as
measured via the EQ-5D-5L VAS, were calculated as part of
the analysis of secondary outcomes. Additionally, variables
measuring the intensity of use were evaluated via intergroup
differences in the average number of contacts and total
interaction time. An analysis by subgroups was also conducted
to account for the intensity of use with the chatbot or the contact
intensity between patients and professionals.
Statistical tests for independent samples (Student t test and
chi-square test) were applied for intergroup comparisons at
baseline, and a repeated-measures ANOVA for related samples
was used for evaluating intragroup differences and changes over
time.

Ethics Approval
This clinical trial was approved by the Ethics Committees for
Clinical Research of the Community of Madrid (December 13,
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2017; approval number: 23/17) and the University Hospital 12
de Octubre (Madrid, January 30, 2018; approval number:
18/054).

Results
Characteristics of Patients
Participants were recruited between October 1, 2018, and March
31, 2019. The last follow-up visit took place on October 31, of
2019. No critical “secular events” fell into the study period. The
trial ended as planned in the protocol.
A total of 161 professionals collaborated in the trial and each
recruited a mean of 3.18 (SD 1.69) patients. Of the 572
potentially eligible patients who had been invited to participate,
513 accepted, provided informed consent, and were thus enrolled
in the trial. Participating patients showed characteristics similar
to nonparticipants in terms of gender and age.
No significant differences were found between the IG and CG
at baseline in terms of sociodemographic variables or those
related to their tobacco consumption (Table 1). The average age
was 49.8 (SD 10.82) years, 59.3% (304/513) were women,
93.8% (481/513) were Spanish, 68.2% (350/513) had completed
secondary or university education, and 51.5% (264/513) earned
under €17,000/year or US $18,100/year (nearly twice the
minimum wage).
Concerning variables related to tobacco use, 10.1% (52/513) of
patients reported moderate or high dependence on nicotine with
Heavy Smoking Index values of 4-6 points and average
consumption of 16.5 cigarettes/day (SD 7.75). Additionally,
3.3% (17/513) of patients were frequent cannabis users. The
mean baseline CO-oximetry level was 15.11 ppm (SD 14.12)
and mean attempts to quit were 2.48 (SD 2.91). Pharmacological
treatment was prescribed for 49.3% (253/513) of patients. The
mean baseline score on the EQ-5D-5L VAS was slightly higher
in the CG (71.8, SD 18.1), compared with that in the IG (69.4,
SD 18.5; P=.07), without intergroup differences in the
questionnaire dimensions expressed by their relevant weighted
Health Status Index [21].
Measurements were obtained at the follow-up visit (T1) for 232
(45.2%) patients, 42.9% (104/242) and 47.2% (128/271) in the
IG and CG, respectively, without significant intergroup
differences (Figure 1). The analysis of dropouts also did not
show significant intergroup differences (Table 2).
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Table 1. Clinical characteristics of patients.
Variable

Control group (n=271)

Intervention group (n=242)

P value

Age (years), mean (SD)

50.66 (10.42)

49.01 (11.22)

.09

Gender, n (%)

.64

Women

158 (58.3)

146 (60.3)

Men

113 (41.7)

96 (39.7)

Educational level, n (%)

.67

Primary school or inferior

89 (32.8)

74 (30.6)

High school

132 (48.7)

116 (47.9)

University

50 (18.5)

52 (21.5)

Personal gross income (€a/year), n (%)

.98

<8500

48 (17.7)

44 (18.2)

8500-16,999

94 (34.7)

78 (32.2)

17,000-25,499

73 (26.9)

66 (27.3)

25,500-33,999

36 (13.3)

34 (14.0)

>34,000

20 (7.4)

20 (8.3)

Country, n (%)

.26

Spain

251 (92.6)

230 (95.0)

Other countries

20 (7.4)

12 (5.0)

Number of daily cigarettes, mean (SD)

16.32 (8.04)

16.70 (7.43)

.59

Previous tobacco withdrawal attempts,
mean (SD)

2.37 (2.83)

2.60 (3.00)

.38

Heavy Smoking Index, mean (SD)

2.65 (1.68)

2.71 (1.59)

.67

Cannabis use, n (%)
No

265 (97.8)

231 (95.5)

Yes

6 (2.2)

11 (4.5)

130 (48)

119 (49.2)

Simple nicotine replacement treatment

10 (7.7)

13 (10.9)

Combined nicotine replacement
treatment

4 (3.1)

5 (4.2)

Bupropion

24 (18.5)

21 (17.6)

Varenicline

89 (68.5)

74 (62.2)

Others

3 (2.3)

6 (5.0)

No pharmacological treatment

141 (52.0)

123 (50.8)

15.51 (15.33)

14.70 (12.67)

.57

EuroQol 5D-5L VAS , mean (SD)

71.8 (18.1)

69.4 (18.5)

.14

EuroQol 5D-5L index, mean (SD)

0.9 (0.2)

0.9 (0.2)

.11

Pharmacological treatmentb, n (%)

Baseline CO-oximetry (ppt), mean (SD)
c

a

.14

.63

€1=US $1.06.

b

n=130 and 119, respectively, for the IG and CG.

c

VAS: visual analog scale.

Primary Outcome
Table 2 presents detailed intervention outcomes, from both the
intention-to-treat (n=513) and per-protocol (n=232) analyses.
In the intention-to-treat analysis using the BOCF at T1, an
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intergroup difference in the primary outcome was found, with
a biochemically validated abstinence rate of 26.0% (63/242) in
the IG versus 18.8% (51/271) in the CG (odds ratio [OR] 1.50,
95% CI 1.00-2.31; P=.05). After adjusting by CO-oximetry and
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bupropion intake, no substantial changes were observed (OR
1.52, 95% CI 0.99-2.33; P=.053; pseudo-R2=0.045).
In the explanative model, the factors found to correlate with the
abstinence rate at 6 months were having received the chatbot

Olano-Espinosa et al
intervention (OR 1.52, 95% CI 0.99-2.33; P=.053) and
bupropion prescription (OR 2.81, 95% CI 1.49-5.32; P=.001).
Baseline CO-oximetry level was not found to correlate with the
abstinence rate at this time point (OR 0.96, 95% CI 0.94-0.99;
P=.002; pseudo-R2=0.045).

Table 2. Abstinence rate at 6 months.

a

Groups and rate difference

CO-validated continuous abstinence (intention to treat) CO-validated continuous abstinence (per protocol)

Control group, n/N (%)

51/271 (18.8)

51/128 (39.8)

Intervention group, n/N (%)

63/242 (26.0)

63/104 (60.6)

Rate difference (95% CI)

–7.2 (–14.4 to 0.0)

–20.7 (–33.4 to –8.1)

Odds ratio raw (95% CI)

1.5 (1.0 to 2.3)

2.3 (1.4 to 3.9)

P value

.05

<.001

Odds ratio adjusted (95% CI)a

1.52 (0.99 to 2.33)

2.35 (1.37 to 4.05)

P value

.05

.002

Adjusted by baseline CO-oximetry and bupropion intake.

Secondary Outcomes
In terms of quality of life, no intergroup differences were found
at baseline on the VAS (71.8 in the CG versus 69.4 in the IG;
P=.07). At 6 months, a significant difference on the EQ-5D-5L
VAS was observed between those who had quit and those who
had not (73.2 versus 64.7 points, respectively; P=.01) and also
between patients in the IG and the CG (71.6 versus 66.7 points,
respectively; P=.09), although statistical significance was not
reached (P<.05).
In terms of variables related to intervention intensity, the mean
total interaction time with the patients was 21.2 minutes (SD
18.3; 95% CI 19.0-23.4) in the CG and 121 minutes (SD 157.5;
95% CI 121.1-140.0) in the IG (P<.001), and the mean number
of contacts was 2.92 (SD 1.89) in the CG and 45.56 (SD 36.32)
in the IG (P<.001). Therefore, the mean interaction duration
between the chatbot and patient was 2.65 minutes versus 7.26
minutes between the professional and patient. Contact was
defined as the time attending consultation for cessation in the
CG or as the chatbot-patient interaction plus the time for
performing an activity in the IG, with a pause of more than 90
minutes being considered as the end of a contact.
Patients in the IG who had successfully quit interacted an
average time of 176.1 minutes (CI 95% 124.4-227.7) versus
116.6 minutes (95% CI 65.6-167.7) for those who had not
(P=.06). In the CG, the mean interaction time was 24.1 minutes
(95% CI 19.1-29.2) for patients who had quit smoking versus
23.5 minutes (95% CI 19.8-27.3) for those who had not (P=.84).
The average number of contacts in the IG was greater for
patients who stopped smoking versus those who did not succeed
(59.4 vs 40.9, respectively; P=.004), which was in contrast to
the number of contacts in the CG (4.1 versus 3.6, respectively;
P=.06).
An additional exploratory analysis by subgroups, which the
protocol did not contemplate, was performed to assess the
intensive use of the chatbot, defined as more than 4 contacts
with the chatbot and over 30 minutes of total interaction time
throughout the 6 months. The biochemically validated
https://mhealth.jmir.org/2022/6/e34273
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abstinence rate in the IG at T1 was significantly higher for
patients who contacted the chatbot intensively versus those who
did not (68.6% versus 40.9%, respectively; P=.02), which was
in contrast to that observed in the CG (47.6% for patients having
intensive contact with the health care worker versus 35.4% who
were not; P=.30), for which also intensive contact was defined
as more than 4 contacts and over 30 minutes of total interaction
time throughout the 6 months.
Approximately half of the patients (130/271, 47.9% and
119/242, 49.2% in the CG and IG, respectively) received
pharmacological treatment to quit smoking, with no observed
intergroup differences. In the multivariate analysis, a relationship
was found only between bupropion intake and biochemically
confirmed abstinence at 6 months (OR 3.46, 95% CI
1.12-10.51).

Discussion
Principal Findings
Although no significant difference in smoking cessation rates
was obtained, our results suggest an effect that is certainly
promising (OR 1.5), with a difference in effect ranging from
no effect (OR 1) or a 1% decrease (OR 0.99) in the raw result
up to over 2-fold increase (OR 2.33). However, all values within
the interval limits are reasonably compatible with the data, given
the statistical assumptions made to calculate the interval.
Therefore, these results must be interpreted with caution.
In terms of secondary variables, quality of life further improved
for patients assigned to the chatbot intervention versus the CG,
especially for those who succeeded in quitting. This finding is
consistent with the higher abstinence rates observed in the IG
and can be related to the success in quitting smoking rather than
the assigned intervention. Nevertheless, the change observed
in the IG, which showed a slightly lower quality of life at
baseline, could be partly due to the intervention.
Both the total interaction time and the number of contacts were
much greater in the IG than in the CG, although the average
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contact duration was shorter in the former group. The number
of sessions and invested time are key factors for the
effectiveness of interventions in smokers [2]. One premise for
the chatbot intervention was that its automated use would
facilitate an intensive intervention of characteristics similar to
face-to-face interventions but without requiring as many
resources. However, the setting of a chatbot-patient interaction
is very different from a visit to the doctor or nurse in terms of
type of interaction, duration (the chatbot is accessed easily and
the intervention can be fragmented according to the patient
needs), and activities performed by the patient (patients in the
IG practiced behavioral techniques during the intervention time,
whereas those in the CG did it at home and the invested time
was not registered). This could partly justify the paradox that
patients in the IG who did not succeed in quitting smoking spent
more time contacting the chatbot than those who did quit in the
CG, although further trials are required to clarify this aspect.
Patients in the IG who made intensive use of the chatbot (longer
total interaction time and greater number of contacts) achieved
significantly higher abstinence rates than those who did not,
contrary to the CG, where no significant differences in
abstinence rates were found between those having and not
having intensive interaction. It appears that the majority of
professionals conducted very homogeneous interventions in the
CG, probably limited by their workload. However, the number
of patients in the CG achieving continuous abstinence at 6
months was higher when the interventions reached intensive
use (47 versus 35, respectively), despite not reaching clinical
significance, probably due to the limited sample size.
The use of pharmacological treatment for tobacco cessation in
usual practice yields over a 2-fold success rate for the same
intervention duration [2]. In this trial, first-choice drugs were
equally prescribed in both arms and the performed analysis
showed that their effect was not considerable. In any event, the
chatbot was designed to increase adherence to medication by
providing accessible and tailored information, although this
could not be properly measured due to the low number of
follow-up visits in the CG.
The per-protocol analysis revealed a difference compared with
the intention-to-treat analysis (Table 2), supporting the
effectiveness of Dejal@bot, yet raising concerns about
adherence to the chatbot, an aspect that must be improved.
In summary, accessibility, simplicity, ubiquity, and immediacy
were components that probably favored longer interaction time
between the chatbot and patients and a higher number of
contacts, which are key factors for predicting long-term
abstinence in interventions in smokers [2,3]. These, in addition
to following usual practice guidelines, were the factors
underlying the effectiveness of Dejal@bot.
Further trials are required to determine the components that
mainly impact the effectiveness of the chatbot and which type
of patients are susceptible to benefit from this type of
intervention. Besides, more studies are needed with direct
technical assistance for improving accessibility, as well as
interventions for improving digital competencies in certain
population groups, which would likely improve retention.
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Comparison With Other Studies
We identified only 2 clinical trials [16,23] that used chatbots
to help people quit smoking. One study [16], without published
outcomes at the time of this writing, aims at comparing a CG
using SMS text messages with an IG using a chatbot (QuitBot)
in smartphones for helping with the cessation process.
Abstinence will be checked at 3, 6, and 12 months after the
intervention via biochemical validation. The other study [23]
was an experimental trial that added a chatbot to the already
existing “Smoke Free App.” The trial compared the interaction
between the user and the app with and without the chatbot. The
inclusion of the chatbot in the app increased the self-reported
abstinence at 1 month (OR 1.36, 95% CI 1.16-1.61; P<.001).
Therefore, Dejal@bot is the first published clinical trial about
the effectiveness of a chatbot for helping smokers to quit with
biochemically validated abstinence outcomes in the long term.
Multimedia Appendix 7 presents a list of articles on the use of
apps and chatbots in the tobacco cessation process.
Given the absence of further similar studies, the outcomes of
this trial were compared against those in several clinical trials
using apps for helping to quit smoking. One study compared
the effectiveness of 2 apps [24], one of them following the US
clinical practice guideline [2] that achieved a 21.1% abstinence
rate at 12 months versus an Acceptance and Commitment
Therapy app that achieved a higher abstinence rate of 28.2%
(OR 1.49, 95% CI 1.22-1.83; P<.001). These were self-reported
and 1-time outcomes, unlike those in our trial.
In the study by Pallejà-Millán et al [25], participants in the IG
who used the app regularly and correctly had a higher
probability of being abstinent at 12 months (OR 7.20, 95% CI
2.14-24.20; P=.001) than those in the CG. That is the only trial
comparing the use of an mHealth intervention with usual
practice but, unlike ours, their design was based on
conglomerates (health care centers) and not pragmatic. The
obtained abstinence outcomes were statistically significant when
contrasting correct versus incorrect use of the app, but not in
the intergroup comparison. Of note, 34.2% (97/284) of patients
in the IG did not enter the app for smoking cessation.
BinDhim et al [26] compared an interactive app (including a
variety of options for cessation, evaluation of risks and benefits
from quitting, motivational messaging, and diary of the cessation
process) with a merely informative app. The abstinence results
at 6 months were better with the intervention app (10.2% vs
4.8%; RR 2.02, 95% CI 1.08-3.81), although abstinence was
self-reported.
Baskerville et al [27] compared an evidence-informed app for
smoking cessation with an evidence-informed self-help guide
for reducing the smoking prevalence among young adult
smokers, and observed no differences at 6 months (OR 0.83,
95% CI 0.59-1.18). Of note, the follow-up rate was 60.48%
(967/1599) at that time point.

Strengths and Limitations
Among the strengths of this study are its pragmatic design, with
real-life conditions of clinical practice in terms of recruitment
(inclusion criteria for patients and professionals), prescribed
medication (patients were treated by their assigned practitioners
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at their usual consultations, without further restrictions), and
minimum number of mandatory visits (baseline and at 6
months). Computer or internet literacy of patients was not
checked at any point, and randomization was only conducted
after their inclusion in the trial and collection of baseline data.
The fact that professionals volunteered to participate can be
detrimental to the outcomes because of a possible self-selection
bias (participating workers may not be representative of the
health staff due to a greater interest in tobacco addiction).
Usual practice was selected as the comparator due to being the
standard treatment in our setting and because the chatbot
attempts to reproduce the ideal face-to-face interaction between
therapists and patients but as a novel technological support.
This led to comparing 2 interventions of different intensities in
terms of interaction time and number of contacts between the
health worker or the chatbot and the patient. However, this
comparison was justified by the pragmatic nature of the study.
The main outcome variable (continuous abstinence at 6 months)
was biochemically validated, which increased the scientific
accuracy of the results. So far, all clinical trials with apps
[24,26,27] or chatbots [23] considered a patient to be abstinent
based only on self-reports, with the exception of Pallejà-Millán
et al [25].
The mentioned strengths reinforce the validity of the external
outcomes, especially for health systems similar to the Spanish
public health service. Although the Dejal@bot intervention
cannot be directly delivered to the internet community without
the intervention of a health professional to prescribe medication
(if indicated), it could be provided by public or private health
insurance systems. Alternatively, the pharmacological
component of the intervention can be omitted to be able to
implement it without the need for a health professional.
In terms of applicability, the system is ready for use and has
enormous potential scalability, which could be improved with
personalized technical assistance to facilitate accessibility, a
key factor affecting the outcomes.

Olano-Espinosa et al
The main limitation of this trial was the dropout rate of 54.8%
(281/513). Given the pragmatic design of the trial, no further
midterm reinforcements or visits could be scheduled.
Additionally, 38.8% (94/242) of the IG users never entered the
chatbot. Losses to follow-up were homogeneous in both study
arms, both quantitatively and in terms of participants’
characteristics after the intervention.

Implications of the Study Findings/Implications of All
Available Evidence
Dejal@bot showed its effectiveness in increasing nicotine
abstinence rates in the long term compared with standard
treatment provided by the usual doctor or nurse assigned to the
patient, although these results must be interpreted with caution
given the high dropout rate.
This intervention can facilitate patient access to high-quality
treatments for the leading cause of preventable death (ie, tobacco
smoking), saving costs for the health provider and reducing the
workload for the professionals. At the time of this writing, with
reduced mobility and social distancing due to the COVID-19
pandemic, this was especially appropriate and pertinent and
could make a difference in the population’s health.
Further evidence is still required to assess the effectiveness of
mHealth in smoking cessation. Although there are trials
assessing the use of SMS text messages and apps for quitting,
interventions using chatbots need to be evaluated, and qualitative
studies about cost-effectiveness, usability, and satisfaction must
be conducted. Additionally, determining the components that
mainly affect effectiveness will be of interest to achieve
behavioral changes and increased participation of users, because
a strong association appears to exist between the time of use or
accomplishment of tasks and dropout rates.
From the ethics perspective, the importance of high-quality
studies evaluating these treatments must be highlighted, which
will prevent the patient from being disfavored by incomplete,
biased, or nonevidence-based interventions, and will also avoid
decreased accessibility of certain population segments to quality
therapies.
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Abstract
Background: Dry eye (DE) is a chronic inflammatory disease of the ocular surface of the eye that affects millions of people
throughout the world. Smartphone use as an effective health care tool has grown exponentially. The “Dry eye or not?” app was
created to evaluate the prevalence of symptomatic DE, screen for its occurrence, and provide feedback to users with symptomatic
DE throughout Thailand.
Objective: The purpose of this study was to compare the prevalence of symptomatic dry eye (DE), blink rate, maximum blink
interval (MBI), and best spectacle-corrected visual acuity (BSCVA) between people with and without symptomatic DE and to
identify risk factors for symptomatic DE in Thailand.
Methods: This cross-sectional study sourced data from the “Dry eye or not?” smartphone app between November 2019 and
July 2020. This app collected demographic data, Ocular Surface Disease Index (OSDI) score, blink rate, MBI, BSCVA, and
visual display terminal (VDT) use data. The criterion for symptomatic DE was OSDI score ≥13.
Results: The prevalence of symptomatic DE among individuals using this smartphone app in Thailand was 85.8% (8131/9482),
with the Northeastern region of Thailand having the highest prevalence, followed by the Northern region. Worse BSCVA (median
0.20, IQR 0.40; P=.02), increased blink rate (median 18, IQR 16; P<.001), reduced MBI (median 8.90, IQR 10.80; P<.001),
https://mhealth.jmir.org/2022/6/e31011
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female sex (adjusted OR 1.83; 95% CI 1.59-2.09; P<.001), more than 6 hours of VDT use (adjusted OR 1.59; 95% CI 1.15-2.19;
P=.004), and lower than bachelor’s degree (adjusted OR 1.30; 95% CI 1.03-1.64; P=.02) were significantly associated with
symptomatic DE. An age over 50 years (adjusted OR 0.77; 95% CI 0.60-0.99) was significantly less associated with symptomatic
DE (P=.04).
Conclusions: This smartphone DE app showed that the prevalence of symptomatic DE in Thailand was 85.8%. Signs and risk
factors could be also evaluated with this smartphone DE app. Screening for DE by this app may allow for the development of
strategic plans for health care systems in Thailand.
(JMIR Mhealth Uhealth 2022;10(6):e31011) doi:10.2196/31011
KEYWORDS
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Introduction

Methods

Dry eye (DE) is a chronic inflammatory disease with
multifactorial etiology involving a loss of tear film homeostasis,
leading to tear film instability and hyperosmolarity and
triggering a vicious cycle of DE [1]. This condition affects
millions of people globally with a prevalence in the range of
5%-30% in those over 50 years of age [2]. Previous research
has identified many risk factors for DE, including older age,
female sex, refractive surgery, connective tissue disease, low
humidity environment, and use of visual display terminals
(VDTs) [2]. Symptoms of dry eye are varied and include itching,
burning, stinging, pain, photophobia, foreign body sensation,
ocular redness, and blurred vision. Despite this, many people
with DE symptoms remain unevaluated, undiagnosed, and
untreated [3].

Study Participants

Smartphone use has grown globally at an exponential rate and
has been proven as an effective health care tool for use by
patients and physicians [4]. Many smartphone apps have been
developed to support and empower patients, including apps for
DE screening that evaluate lifestyle and associated risk factors
[5-13]. We designed the “Dry eye or not?” app using Flutter by
Google to identify individuals with a diagnosis of symptomatic
DE, document DE symptoms, and assess blink rate, maximum
blink interval (MBI) [14], best spectacle-corrected visual acuity
(BSCVA), and risk factors associated with diagnosed
symptomatic DE. This app was created by the Cornea and
Refractive Surgery Society of Thailand. Because it was easy
access and people in any region of the country could download
this app, it was a convenient tool for evaluating the prevalence
of symptomatic DE throughout the country and for screening
and providing feedback to users with symptomatic DE, such as
clinical advice.

This study followed the tenets of the Declaration of Helsinki
and was approved by the Institutional Review Board of the
Faculty of Medicine, Chulalongkorn University, Thailand.

The aim of this study was to estimate symptomatic DE
prevalence and compare prevalence among regions of Thailand.
In addition, this study aimed to compare blink rate, MBI, and
BSCVA between individuals with and without symptomatic
DE and to identify risk factors for this condition using “Dry eye
or not?” app.
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This cross-sectional study used the custom-designed “Dry eye
or not?” smartphone app that was available for download in
Thailand from November 2019 to July 2020. The app was
released free of charge by the Cornea and Refractive Surgery
Society of Thailand, a group of cornea and ocular surface disease
experts, with no financial compensation. All voluntary users
gave informed consent in electronic format. The inclusion
criteria included individuals who were be able to read Thai
language and had smartphones. Incomplete responses for blink
rate, maximum blink interval, BSCVA, and the OSDI
questionnaire were excluded.

Ethics Approval

Data Collection
The app was freely downloadable via smartphone-based iOS
and Android operating systems. This app collected data on blink
rate (per minute), maximum blink interval [14] (seconds, secs),
BSCVA (logMAR), DE symptoms, and demographic
characteristics, as shown in Figure 1. The application
programming interface (API) of blink detection in this app was
used with a machine learning (ML) face detection kit developed
by Google, which can recognize, locate, and determine the
contours of facial features. We used this API to detect and record
the number of eye blinks and MBI. Test instructions were
displayed on smartphones before each test started, and the front
camera was automatically accessed. Users were instructed to
fit their face image to the camera display with a viewing distance
of about 40 cm. Symptoms of DE were evaluated using the
12-item Ocular Surface Disease Index (OSDI) (Multimedia
Appendix 1), with scores of ≥13 diagnostic of DE and severity
classified as mild (13-22 points), moderate (23-32 points), and
severe (33-100 points) [15]. Demographic data included age,
sex, educational level (relative to bachelor’s degree), hours of
VDT use per day, and region where each user was living.
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Figure 1. Screenshots of "Dry eye or not" app. Left to right: welcome screen, screen of information about this app, inform consent screen, measurement
screen (blink rate, maximum blink interval, best spectacle-corrected visual acuity [BSCVA], Ocular Surface Disease Index [OSDI] questionnaire), and
demographic characteristics of participants.

Blink Rate and Maximum Blink Interval
Before commencing these tests, users were instructed to remove
any spectacles and to blink normally and naturally. The blink
test recorded the number of blinks per 30-second period and
stored this as the number of blinks per minute. Before starting
the MBI test, users were instructed to close their eyes in
preparation and then to open them and keep them open for as
long as possible. The time recording began when the eyes were
opened, and the recorded duration was from this point to the
first eye closure [14].

Best Spectacle-Corrected Visual Acuity
All participants were asked to wear their glasses before starting
the test. The test began with tumbling E at a size equivalent to
20/40 Snellen. If the participant failed to select the correct
answer, chose to skip the question, or did not provide any answer
within 2 seconds, the tumbling E size was increased by 1 Snellen
line. However, if the participant answered correctly on 2
consecutive occasions, the tumbling E became smaller by 1
Snellen line.

Statistical Analysis
Demographics and baseline clinical characteristics were
analyzed in frequency and percentage. The categorical data
were compared using Pearson chi-square test. Blink rate, MBI,
and BSCVA (logMAR) were compared between individuals
with and without symptomatic DE using a Wilcoxon rank-sum
test and presented as median with interquartile range (IQR).
Moreover, an unpaired Student t test was also used to compared
OSDI score between groups and presented as mean with
standard deviation. Kruskal-Wallis with Dunn test for multiple
comparison was used to compare the BSCVA between
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individuals with different severity levels of symptomatic DE
and without symptomatic DE. Univariate and multivariate
logistic regressions, presented in crude and adjusted odds ratio
(OR) with 95% CI, were used to assess the associations between
risk factors and symptomatic DE. For all analyses, a P value of
.05 was the criterion for statistical significance, and Stata
software version 15.1 (StataCorp) was used.

Results
Initial Findings
A total of 13,228 individuals used the app. All were volunteers
aged above 15 years of age and were Thai citizens living in
Thailand. However, data from 3746 users were incomplete and
were thus excluded from analysis. The complete data of the
excluded participants included demographic and baseline
characteristics and OSDI scores. A sensitivity analysis of
complete data between included and excluded participants was
done and is shown in Multimedia Appendix 2. There was a
statistically significant difference in age factor (P<.001) and
OSDI scores (P<.001). However, the percentage of participants
in each age group was similarly distributed, and the OSDI scores
between the included group (mean 30.59, SD 17.94) and the
excluded group (mean 33.68, SD 19.15) was not clinically
significantly different. As a result, data from 9482 users were
analyzed. Of these, 1811 (19.1%) were men and 7671 (80.9%)
were women. The baseline characteristics of the participants,
including age, VDT use per day, educational level, and regions
of residence including Northern, Northeastern, Eastern, Western,
Central, Southern, and capital city (Bangkok), are shown in
Table 1. A comparison of these characteristics between
individuals with and without symptomatic DE is presented in
Table 2.
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Table 1. Demographic and baseline characteristics of participants (N=9482).
Characteristics

Values, n (%)

Age (years)
15-20

1883 (19.9)

21-30

4612 (48.6)

31-40

1342 (14.2)

41-50

803 (8.5)

>50

842 (8.9)

VDTa use per day
Less than 1 hour

278 (2.9)

1-4 hours

985 (10.4)

>4-6 hours

2432 (25.7)

>6-8 hours

2754 (29)

>8 hours

3033 (32)

Educational level
Lower than bachelor’s degree

1831 (19.3)

Bachelor’s degree

6281 (66.3)

Higher than bachelor’s degree

1370 (14.5)

Regions of participants’ residence

a

Northern region

727 (7.8)

Northeastern region

934 (10)

Central region excluding Bangkok city

1,975 (21.1)

Bangkok city

4316 (46.1)

Eastern region

656 (7)

Western region

196 (2.1)

Southern region

561 (6)

VDT: visual display terminal.
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Table 2. Comparison of characteristics of participants with and without symptomatic dry eye.
Characteristics

Symptomatic dry eye (n, %)
Without

P value
With

Age (years)

<.001

15-20

231 (17.1)

1652 (20.3)

21-30

566 (41.9)

4046 (49.8)

31-40

230 (17)

1112 (13.7)

41-50

134 (9.9)

669 (8.2)

>50

190 (14.1)

652 (8)

Sex

<.001
Female

945 (69.9)

6726 (82.7)

Male

406 (30.1)

1405 (17.3)

VDTa use (hours/day)

<.001

Less than 1 hour

61 (4.5)

217 (2.7)

1-4 hours

199 (14.7)

786 (9.7)

>4-6 hours

392 (29)

2040 (25.1)

>6-8 hours

360 (26.7)

2694 (29.4)

>8 hours

339 (25.1)

2694 (33.1)

Educational level

a

<.001

Lower than bachelor’s degree

237 (17.5)

1594 (19.6)

Bachelor’s degree

851 (63)

5430 (66.8)

Higher than bachelor’s degree

263 (19.5)

1107 (13.6)

VDT: visual display terminal.

Prevalence of Symptomatic Dry Eye
Of the 9482 participants, 8131 (85.8%) were diagnosed with
symptomatic DE. The prevalence differed significantly between

regions (P<.001), as shown in Table 3. In addition, the
prevalence of subgroups of symptomatic DE (normal, mild,
moderate, and severe grade) were also significantly different
among regions (P<.001), as shown in Table 4.

Table 3. Prevalence of symptomatic dry eye in each region of Thailand.
Region

Symptomatic dry eye (n, %)
Without, n=1334 (14.2)

With, n=8031 (85.8)

Northern

82 (6.1)

645 (8.0)

Northeast

96 (7.2)

838 (10.4)

Central (except Bangkok)

272 (20.4)

1703 (21.2)

Bangkok

683 (51.2)

3633 (45.3)

Eastern

85 (6.4)

571 (7.1)

Western

33 (2.5)

163 (2)

Southern

83 (6.2)

478 (6)
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Table 4. Prevalence of symptomatic dry eye subgroups in each region of Thailand.
Region

Symptomatic dry eye, n (%)
Normal, n=1334 (14.2)

Mild, n=2183 (23.3)

Moderate, n=2024 (21.6)

Severe, n=3824, (40.8)

Northern

82 (11.3)

162 (22.3)

159 (21.9)

324 (44.5)

Northeast

96 (10.3)

186 (19.9)

198 (21.2)

454 (48.6)

Central (except Bangkok)

272 (13.8)

484 (24.5)

426 (21.6)

793 (40.1)

Bangkok

683 (15.8)

1,030 (23.9)

938 (21.7)

1,665 (38.6)

Eastern

85 (12.9)

143 (21.8)

144 (22)

284 (43.3)

Western

33 (16.8)

47 (24)

37 (18.9)

79 (40.3)

Southern

83 (14.8)

131 (23.3)

122 (21.8)

225 (40.1)

Blink Rate Per Minute and Maximum Blink Interval
Blink rate differed significantly between participants with
(median 18, IQR 16 blinks) and without (median 16, IQR 16)
blinks) symptomatic DE (P<.001). A significant difference was
also found in MBI between participants with and without
symptomatic DE (median 8.90, IQR 10.80 seconds vs median
8.90, IQR 14.8 seconds, respectively; P<.001). Binary logistic
regression showed a significant association between the DE
group and blink rate (univariate OR 1.02; 95% CI 1.02-1.03;
P<.001) and between the DE group and MBI (univariate OR
0.98; 95% CI 0.98-0.99; P<.001). After controlling for risk
factors, including age, sex, VDT use, and educational level, this
association
was
sustained
in
both
blink
rate
(multivariate-adjusted OR 1.01; 95% CI 1.01-1.02; P<.001)
and MBI (multivariate-adjusted OR 0.98; 95% CI 0.98-0.99;
P<.001).

Best Spectacle-Corrected Visual Acuity
The BSCVA (logMAR) in users without symptomatic DE
(median 0.20, IQR 0.40; mean 0.22, SD 0.21) was significantly
different from that of the symptomatic DE group (median 0.20,
IQR 0.40; mean0.23, SD 0.21; P=.02). Mean BSCVA was 0.22
(95% CI 0.21-0.23) in users without symptomatic DE; among
symptomatic users, the mean was 0.22 (95% CI 0.21-0.23) in
mild cases, 0.22 (95% CI 0.21-0.23) in moderate cases, and
0.24 (95% CI 0.24-0.25) in severe cases. Moreover, the median
BSCVA in users without symptomatic DE and with mild,
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moderate, and severe symptomatic DE was 0.2 (IQR 0.4), and
there was a statistically significant difference (P<.001). Pairwise
comparison revealed a difference between the severe group and
each of the three other subgroups, normal (P<.001), mild
(P<.001), and moderate (P<.001), but not between the latter
three groups (normal vs mild, P=.17; normal vs moderate,
P=.26; mild vs moderate; P=.36).

Risk Factors
As shown in Table 5, binary logistic regression found that
symptomatic DE was more prevalent in female users
(multivariate-adjusted OR 1.83; 95% CI 1.59-2.09; P<.001),
those reporting VDT use of >6-8 hours per day
(multivariate-adjusted OR 1.59; 95% CI 1.15-2.19; P=.005),
and those with an educational level lower than bachelor’s degree
(multivariate-adjusted OR 1.30; 95% CI 1.03-1.64; P=.02).
OSDI scores were significantly higher in female (mean 31.55,
SD 17.87) than male (mean 26.53, SD 17.67, P<.001) users, in
those with6 hours (mean 32.50, SD 18.27) than those with 6
hours of VDT use (mean 27.59, SD 16.98, P<.001), and in those
with an educational level lower than bachelor’s degree and
bachelor’s degree (mean 31.23, SD 17.94, P<.001) versus an
educational level higher than bachelor’s degree (mean 26.81,
SD 17.47). Moreover, the Southern, Western, and Central
regions and Bangkok had significantly less impact on
symptomatic DE compared with the Northeastern region in
binary logistic regression.
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Table 5. Risk factors for symptomatic dry eye compared with those without dry eye.
Univariate ORa

P value

Multivariate-adjusted OR

P value

(95% CI)

(95% CI)
Age (years)
15-20

1 [reference]

N/Ab

1 [reference]

N/A

21-30

0.99 (0.85, 1.18)

.97

1.07 (0.88, 1.29)

.48

31-40

0.68 (0.55, 0.82)

<.001

0.85 (0.67, 1.06)

.15

41-50

0.69 (0.55, 0.88)

.002

0.99 (0.76, 1.28)

.94

>50

0.47 (0.38, 0.58)

<.001

0.77 (0.60, 0.99)

.04

Sex (female vs male)

2.06 (1.81, 2.34)

<.001

1.83 (1.59, 2.09)

<.001

Less than 1 hour

1 [reference]

N/A

1 [reference]

N/A

1-4 hours

1.11 (0.80, 1.53)

.53

1.08 (0.77, 1.50)

.67

>4-6 hours

1.49 (1.10, 2.02)

.01

1.31 (0.96, 1.80)

.09

>6-8 hours

1.87 (1.39, 2.55)

<.001

1.59 (1.15, 2.19)

.005

>8 hours

2.29 (1.69, 3.12)

<.001

1.86 (1.35, 2.58)

<.001

Higher than bachelor’s degree

1 [reference]

N/A

1 [reference]

N/A

Lower than bachelor’s degree

1.58 (1.31, 1.92)

<.001

1.30 (1.03, 1.64)

.02

Bachelor’s degree

1..51 (1.30, 1.76)

<.001

1.18 (0.99, 1.39)

.06

Northeast

1 [reference]

N/A

1 [reference]

N/A

Northern

0.90 (0.67, 1.23)

.51

0.93 (0.68, 1.27)

.64

Central (except Bangkok)

0.72 (0.56, 0.92)

.008

0.76 (0.59, 0.98)

.03

Bangkok

0.61 (0.49, 0.76)

<.001

0.64 (0.51, 0.81)

<.001

Eastern

0.77 (0.56, 1.05)

.10

0.79 (0.57, 1.08)

.13

Western

0.57 (0.37, 0.87)

.009

0.62 (0.40, 0.97)

.03

Southern

0.66 (0.48, 0.90)

.01

0.68 (0.49, 0.93)

.02

VDTc use (hours/day)

Educational level

Region

a

OR: odds ratio

b

N/A: not applicable.

c

VDT: visual display terminal.

Discussion

educational levels to assess users’ relationship with diagnosed
symptomatic DE.

Principal Results

The prevalence of symptomatic DE in Thailand in our study
was 85.8%, higher than the 34% prevalence reported in 2006
[17] and 14.2% in 2012 [18]. It was also much higher than the
5% to 50% prevalence reported by the Tear Film and Ocular
Surface Society’s Dry Eye Workshop Study II in 2017 [19],
which included prevalence of either or both DE symptoms and
signs. However, the symptomatic DE prevalence reported by
Inomata et al [6] in 2019 based on data collected using a
smartphone app was 74% in Japan. These prevalence values
indicate an increasing trend over time [20]. Moreover, Asian
race is a known risk factor for DE; consistent with this,
prevalence in this study and others including Asian populations
is higher than in studies including other races [6,20]. In addition,
the fact that both this study and Inomata et al [20] used

Technology has evolved rapidly in recent years, and
smartphones provide one example of this, having transformed
dramatically to provide sophisticated communication and data
access, including health information [16]. In this study, we used
smartphone technology by creating the app “Dry eye or not?”
to evaluate the countrywide and regional prevalence of
symptomatic DE in Thailand (85.8%). This app enables
recording of blink rate (median 18, IQR 16 blinks) and
maximum blink interval (median 8.90, IQR 10.80 seconds)
associated with DE [14]. Moreover, we used this app to collect
BSCVA and demographic data including age, sex, hours of
VDT use per day, regions where individuals lived, and
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smartphone apps for data collection may have biased results
toward users with high daily VDT use, another risk factor for
DE. In this study, the prevalence of symptomatic DE was highest
in the Northeastern region (89.7%), followed by the Northern
region (88.7%) of Thailand. The prevalence of severe
symptomatic DE was higher than other severity grades in every
region of Thailand, and the highest prevalence of severe DE
was also in the Northeastern region (48.6%), followed by the
Northern region (44.5%). Moreover, binary logistic regression
analysis showed that the Northeastern region had a significantly
greater impact on symptomatic DE compared with Southern,
Western, and Central regions and Bangkok. According to
climatic data from the Thai Meteorological Department, the
Northern, Northeastern, and Central regions have lower relative
humidity than other regions, but the annual average temperature
is similar among the regions. High temperature, low humidity,
and wind are known risk factors for DE [19,21]. Additionally,
air pollutants including ozone (O3), particulate matter 2.5 (PM
2.5), and sulfur dioxide (SO2) have been identified as risk factors
for DE [22]. Relatively high concentrations of O3 are found in
Central, Northeastern, and Northern regions, high SO2
concentrations in Central and Northeastern regions [23], and
high PM 2.5 concentrations in Bangkok, Central, and Northern
regions [24]. High pollution and low humidity may explain the
high prevalence of symptomatic DE in Northern and
Northeastern regions of Thailand in this study. The Central
region also has high pollution and low relative humidity but
had a lower prevalence of symptomatic DE in this study. One
possible explanation for this is that the population in urban
locations in the Central region may be equipped with better
health care education, knowledge of the health care system, and
access to medication.
Blinking is well established as an associated factor in ocular
surface sensation and is commonly quantified by measuring the
blink rate or its reciprocal value, such as MBI [14]. This
relationship has been demonstrated by many studies that show
a link between an increased blink rate in DE and ocular surface
irritation, surface dryness, or an unstable tear film, suggesting
a blink rate test as a screening tool for DE [25-28]. The rate of
spontaneous eye blinking has a complex relationship with ocular
surface health, including DE status [28]. In this study, the
median spontaneous blink rate (18 blinks per minute) in users
with symptomatic DE was significantly higher than in the
normal group. The mean blink rate of DE groups in previous
studies ranged from 28.55 blinks per minute to 15.32 blinks per
20 seconds and varied considerably, including in this study
[25-28]. Interblink interval (IBI) and MBI have both been shown
by many studies to be related to DE, with a mean IBI in DE
ranging from 2.56 seconds to 12.52 seconds, while the criterion
MBI was reported as 12.4 seconds with a sensitivity of 82.5%
and a specificity of 51% [14,28,29]. Similarly, the mean MBI
in our study was 11.80 seconds with a median of 8.9 seconds.
Moreover, according to binary logistic regression, increased
blink rate and decreased MBI were associated with symptomatic
DE. These findings suggest that blink rate and MBI measured
using smartphone technology may be used as screening tools
for symptomatic DE, promoting self-diagnosis of symptomatic
DE. Because research suggests disagreement between signs and
https://mhealth.jmir.org/2022/6/e31011
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symptoms of DE [30], the efficacy and accuracy of the app
developed in this study may be further improved by
incorporating factors relating to both signs and symptoms of
DE.
DE is a disease associated with ocular surface inflammation,
which causes irregularity of the ocular surface and reduced
uncorrected visual acuity, the latter having been demonstrated
by several studies in patients with DE. Moreover, BSCVA could
be reduced in a severe grade of DE. In 2019, Zczotka-Flynn et
al [31] also reported that BSCVA was reduced in individuals
with worse mean OSDI score [32]. In this study, the BSCVA
in the normal group was statistically significantly better than
in the symptomatic DE group, and a severe grade of
symptomatic DE group had statistically significantly worse
BSCVA compared with other groups from the subgroup
analysis. The symptomatic DE groups were believed to have
instability of tear film layer, which resulted in the irregularity
of ocular surface and consequently had a negative impact on
optical quality as the air-tear film interface contributes the most
to the ocular refractive power [33].
In this study, most participants (6495/9482, 66%) were under
30 years old. The small proportion of older participants in this
study is similar to previous research using a smartphone app
[6]. Previous studies have shown that the prevalence of DE
increases with age [19,20]. However, in this study, participants
aged over 50 were less likely to have symptomatic DE than
those under 30 years of age. This finding is in accordance with
some previous studies [6,34] indicating that older participants
may be less likely to report ocular symptoms than younger
individuals due to reduced corneal sensitivity in older
participants resulting from reductions in corneal density and
substance P (a neuropeptide secreted by sensory nerves that
modulates nociceptive pain) in older age [35]. Moreover, the
proportion of older participants in this study was low, and this
relatively small sample of older individuals may have affected
prevalence estimates. In addition, younger people tend to report
more daily hours of VDT use, and this may have contributed
to DE in younger participants.
The female sex has been identified and widely reported as an
important factor in DE [19] and was also found to be a risk
factor in this study. Sex hormones have roles in tear synthesis.
Androgen binding to receptors on the meibomian glands leads
to increased lipid synthesis and secretion, while estrogen
(predominantly in females) binding lessens lipid production
[36].
VDT use has been identified as a risk factor for DE in many
studies, but the number of hours of VDT use per day in
individuals with DE varies between studies from more than 4
to more than 8 hours a day [6,19,37-39]. In this study, VDT use
for more than 6 hours a day was significantly associated with
symptomatic DE. The difference in reported periods of VDT
use constituting a risk factor for DE may be due to the different
criteria for DE diagnosis and different ethnicities included. At
present, smartphone and other electronic device displays are
increasingly used worldwide, and people, particularly those
who are young, spend more time on these devices than was the
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case in the past. These factors could lead to an increasing
prevalence of DE in the future.
According to the logistic regression analysis, an educational
level lower than a bachelor’s degree was found to be a
significant factor for symptomatic DE in this study. Thus, the
percentage of symptomatic DE participants was highest in the
lowest educational level group. After further investigation, we
found that a lower educational level corresponds to a younger
age group. The majority of people with a bachelor’s degree or
lower had VDT>8 hours per day. The potential reason for the
association between lower education and symptomatic DE was
that most participants with a lower level of education were aged
15-30 years old, and they had the highest proportion of having
8 hours or more of VDT use. Therefore, this could signify a
generational difference, in that a younger age group was
associated with a greater VDT use.

Limitations
We acknowledge some limitations in this study, which were
similar to those found in other web- or app-based studies. First,
our study defined DE diagnosis solely based on the OSDI
questionnaire, representing only symptoms of DE. Second, our
participants included only those with smart phone capability,
thereby restricting our group to younger participants with a
relatively high socioeconomic status and education level [12].
Older participants might have a limited ability to use smartphone
because of their physical limitations. Third, symptomatic DE
individuals were more likely to participate in our project since
their interest in alleviating DE may have acted as a motivating
factor, whereas those with no DE symptoms may ignore this
app [3]. However, this potential problem was alleviated by the
large sample size in this study, which recruited participants
from diverse geographic regions throughout Thailand. No
clinical examination was possible in this remote data collection
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format; as a result, we tested blink rate and MBI using the
smartphone to assess their association with symptomatic DE.
Another limitation of this study has to do with the reliability of
the blink rate and MBI measurements, since they were carried
out in different temperature and humidity conditions; despite
this limitation, this study demonstrated the feasibility of blink
rate measurement using a smartphone app and showed the link
between blink rate and symptomatic DE. Future research
incorporating such tests conducted using this app and
conventional clinical examination will help improve and validate
this convenient screening tool for DE diagnosis. The last
limitation was that at the time of this study, there was no
published study that validated the OSDI questionnaires in the
Thai language; however, that study is currently underway.

Conclusions
According to the results of this crowdsourced study, in which
the prevalence of symptomatic DE in Thailand was 85.8%, blink
rate, MBI, BSCVA, and risk factors for DE may be evaluated
using a smartphone app. Moreover, blink rate and MBI recorded
in this way may identify people at risk of symptomatic DE. The
Northeastern region of Thailand showed the highest prevalence
of symptomatic DE, followed by the Northern region. Increased
blink rate, reduced MBI, and reduced BSCVA were associated
with symptomatic DE. Younger age was more strongly
associated with symptomatic DE than older age. Female sex,
more than 6 hours daily VDT use, and a lower education level
were also significant risk factors of symptomatic DE. These
findings will lead to further research on the use of smartphone
app screening tools with high sensitivity and specificity for
diagnosis of DE, enabling early diagnosis and treatment of this
condition. This approach to screening for DE may aid the
development of strategic plans for health care systems in
Thailand.
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Abstract
Background: Mobile health (mHealth) apps have facilitated symptom monitoring of COVID-19 symptoms globally and have
been used to share data with health care professionals and support disease prediction, prevention, management, diagnostics, and
improvements in treatments and patient education.
Objective: The aim of this review is to evaluate the quality and functionality of COVID-19 mHealth apps that support tracking
acute and long-term symptoms of COVID-19.
Methods: We systematically reviewed commercially available mHealth apps for COVID-19 symptom monitoring by searching
Google Play and Apple iTunes using search terms such as “COVID-19,” “Coronavirus,” and “COVID-19 and symptoms.” All
apps underwent three rounds of screening. The final apps were independently assessed using the Mobile Application Rating Scale
(MARS), an informatics functionality scoring system, and the Center for Disease Control and World Health Organization symptom
guidelines. The MARS is a 19-item standardized tool to evaluate the quality of mHealth apps on engagement, functionality,
aesthetics, and information quality. Functionality was quantified across the following criteria: inform, instruct, record (collect,
share, evaluate, and intervene), display, guide, remind or alert, and communicate. Interrater reliability between the reviewers was
calculated.
Results: A total of 1017 mobile apps were reviewed, and 20 (2%) met the inclusion criteria. The majority of the 20 included
apps (n=18, 90%) were designed to track acute COVID-19 symptoms, and only 2 (10%) addressed long-term symptoms. Overall,
the apps scored high on quality, with an overall MARS rating of 3.89 out of 5, and the highest domain score for functionality
(4.2). The most common functionality among all apps was the instruct function (n=19, 95%). The most common symptoms
included in the apps for tracking were fever and dry cough (n=18, 90%), aches and pains (n=17, 85%), difficulty breathing (n=17,
85%), tiredness, sore throat, headache, loss of taste or smell (n=16, 80%), and diarrhea (n=15, 75%). Only 2 (10%) apps specifically
tracked long-term symptoms of COVID-19. The top 4 rated apps overall were state-specific apps developed and deployed for
public use.
Conclusions: Overall, mHealth apps designed to monitor symptoms of COVID-19 were of high quality, but the majority of
apps focused almost exclusively on acute symptoms. Future apps should also incorporate monitoring long-term symptoms of
COVID-19 and evidence-based educational materials; they should also include a feature that would allow patients to communicate
their symptoms to specific caregivers or their own health care team. App developers should also follow updated technical and
clinical guidelines from the Center for Disease Control and the World Health Organization.
(JMIR Mhealth Uhealth 2022;10(6):e36065) doi:10.2196/36065
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Introduction
Monitoring and tracking acute short-term symptoms are
important to help identify the combination of symptoms that
occur in individuals with COVID-19 for personal and public
health purposes [1]. Information gathered from public symptom
tracking can also help guide recommendations for self-isolation
and testing and help prevent further spread of the virus [2]. The
Center for Disease Control (CDC) recommends daily monitoring
for symptoms of COVID-19 illness to reduce transmission risk
[1], and to holistically understand its full impact.
In addition to short-term symptoms, there is a growing
awareness of the long-term symptoms of COVID-19 including
fatigue or loss of taste and smell, as well as multiorgan effects
on the heart, lungs, renal function, and cognitive functions [3].
The population prevalence of long COVID is unknown but is
estimated to affect between 1 in 5 people (symptoms beyond 5
weeks) and 1 in 10 people (symptoms 12+ weeks) [4] who have
been infected with COVID-19. Improved understanding of
long-COVID symptoms can help health care professionals
recognize the most common long-term impacts and add urgency
to the public health messaging focused on the importance of
COVID-19 vaccination efforts [5].
Since the start of the pandemic, mobile health (mHealth) [6]
apps have been leveraged in several ways to control the spread
of COVID-19 [7]. These mHealth apps can be used to monitor
symptoms, share data with providers, and support disease
prediction, prevention, management, diagnostics, and
improvements in treatments and patient education, ultimately
giving patients more control [8]. The majority of adults in the
United States have access to a smartphone (>85%) [9]; thus,
mHealth apps are poised to provide scalable and cost-effective
delivery of health care at the point of need for patients with
COVID-19. The incorporation of pertinent epidemiological and
geographic data on the presence of transmittable diseases in a
region allows the tracing of cases, which can be used as a
successful tool to control the spread of the infection [10]. The
mHealth apps can also help solve several COVID-19–related
challenges by increasing the reach of reliable information to
both patients and health care professionals. Additionally, mobile
apps can assist in tracking physical and mental health symptoms,
support home monitoring, and reduce the burden of hospitals
[7].
The aim of this review was to evaluate the quality and
functionality of mHealth apps that support tracking acute and
long-term symptoms of COVID-19. Our research focuses on
the CDC [1,3,11] and World Health Organization (WHO) [12]
symptom guidelines tracked by the apps as medical
understandings continue to develop over time. Our analysis can
support health care professionals by identifying appropriate
mHealth apps for patients regarding COVID-19 acute and
long-term symptoms. This review also identified key areas in
the quality, functionality, and content of existing COVID-19
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apps that can be improved in current and future related app
development.

Methods
Systematic Search Criteria and Selection
In June 2021, we systematically searched 2 major app stores:
the Apple App Store and Android Google Play Store. In the 2
app stores, search terms included “COVID-19,” “Coronavirus,”
“COVID-19 and Symptoms,” “Coronavirus and Symptoms,”
“COVID-19 and Symptom Monitoring,” and “Coronavirus and
Symptom Monitoring” to identify relevant apps. Following
subsequent searches of “COVID-19” and “Coronavirus,” the
authors found that the results were the same. The terms
“COVID-19,” “Coronavirus,” “COVID-19 and Symptoms,”
and “COVID-19 and Symptom Monitoring” were then collapsed
to streamline the search.
All apps underwent three rounds of screening. During the first
round, the title and screenshots of the apps were used to exclude
those that were exclusively for contact tracing (without symptom
tracking functionality), were not available in English, required
an institution-specific login, were clinical guidelines for
clinicians, were games, or provided general or other
COVID-19–related information. During the second round of
review, screenshots and descriptions of the apps were reviewed
to exclude apps that were too general, only had a singular
function (eg, only track and trace), or were not relevant to
tracking COVID-19 symptoms. During the third round of
review, the final apps were downloaded, and apps requiring
institutional credentialing were excluded.

Evaluation Measures or Rating Tools
All apps were evaluated using the Mobile Application Rating
Scale (MARS) [13,14], IQVIA for Healthcare Informatics [15]
functionality scoring system, and specific COVID-19 symptoms
according to the CDC [1,3,11] and WHO COVID-19 health
topic guidelines [12]. Both the MARS and IQVIA functionality
scores were used for this review. The MARS functionality score
focuses on performance, ease of use, navigation, and gestural
design of the app [13]. The 7 IQVIA functionality scores focus
on the scope of functions, including informing, instructing,
recording, displaying, guiding, reminding, and communicating
information [14].
The MARS [13] is a widely used, multidimensional tool to
evaluate the quality of mobile health apps and was developed
based on semantic analysis and a combination of relevant
literature. The MARS was used to rate app quality and includes
four sections: classification, quality, satisfaction, and a
modifiable app-specific section. The classification section
provides descriptive information about the apps. The objective
app quality section includes 19 items divided into four scales:
engagement, functionality, aesthetics, and information quality.
MARS items are scored using a 5-point Likert scale
(1=inadequate, 2=poor, 3=acceptable, 4=good, and 5=excellent)
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[13]. The final MARS scores include a total mean score for the
engagement, functionality, aesthetics, and information subscales.
In addition, the MARS also includes a subjective quality score
and an app-specific subscale that assesses perceived effect on
the user’s knowledge, attitudes, and intentions to change, as
well as the likelihood of changing the identified targeted
behaviors. The functionality domain measures whether an app
is easy to learn, encourages seamless navigation, supports a
logical flow, and examines the overall app gestural design. The
engagement score includes evaluation of whether the app is fun,
interesting, customizable, and interactive (eg, sends alerts,
messages, reminders, and feedback, and enables sharing), and
is well targeted to the intended audience.
The IQVIA functionality score (formerly termed the IMS
functionally score) is based on 7 functionality criteria and 4
functional subcategories as described in detail in the IQVIA
Institute for Healthcare Informatics report [14]. IQVIA is not
an acronym; the name represents a merger between two
companies, IMS Health and Quintiles. The apps were evaluated
on the 7 functionality criteria of inform, instruct, record, display,
guide, remind or alert, and communicate. The record
functionality criteria were further scored on 4 subcategories:
collect (ability to enter or store data on individual phone), share
(ability to transmit data), evaluate (ability to evaluate health
data by caregiver or health care entity), and intervene (ability
to alert in response to collected data or propose behavioral
intervention).
The specific symptoms tracked in each app were evaluated
against acute and long-term symptoms of COVID-19 as reported
by the CDC [1] and the WHO [12] as of June 2021. Acute
COVID-19 symptoms included fever, dry cough, tiredness,
aches and pains, sore throat, diarrhea, conjunctivitis, headache,
loss of taste or smell, skin rash or discoloration of fingers or
toes, difficulty breathing or shortness of breath, chest pain or
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pressure, and loss of speech or movement. Long-COVID-19
symptoms, defined as more than 4 weeks from the initial
infection [3], included tiredness or fatigue, difficulty thinking
or concentrating (“brain fog”), headache, loss of smell or taste,
dizziness while standing, heart palpitations, chest pain, difficulty
breathing or shortness of breath, cough, joint or muscle pain,
depression or anxiety, fever, and symptoms that worsen after
physical or mental activities. Symptoms that are consistent with
both short-term and long-term COVID-19 (eg, cough), were
evaluated based on how data entry was described in the app and
the current version of the app.

Data Extraction and Data Analysis
We created a Google data extraction form consisting of
questions from (1) the MARS questionnaire [13], (2) IQVIA
functionality guidelines [14], and (3) the CDC [1] and WHO
[12] COVID-19 symptoms. A total of 5 reviewers independently
evaluated the 4 randomly selected apps using the data extraction
form to assess interrater reliability, which was acceptable
(0.75-0.83). Domains with low agreement between reviewers
(<0.7) were discussed until consensus was reached, apps were
rereviewed, and interrater reliability was recalculated. The
remaining apps were independently evaluated by 2 reviewers.
Mean MARS scores for each domain, MARS total scores, and
IQVIA functionality scores are reported.

Results
The Android Google Play and Apple App Store searches
identified 1017 potentially relevant apps, of which 20 (2%) met
our final inclusion criteria. The search strategy (Figure 1) shows
the number of apps included and excluded in each round of
review. In total, 50% (n=509) of the apps had a government
affiliation, 10% (n=102), were affiliated with a university and
the rest (n=406, 40%) were developed by private companies
(Table 1).
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart of the screening process. MARS: Mobile
Application Rating Scale.
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Table 1. Descriptive characteristics of the apps included.

a

App name

Star rating

N ratings

Current version Last update

Affiliation

Geographic loca- Privacy
tion–dependent? policy

Apollo

4.8

16

1.2.8

2020

Commerciala

No

Yes

Beebe Covid-19 Screening Tool

3

2

N/Ab

N/A

Commerciala

No

Yes

Geohealthapp Covid19 Tracker

3.6

8

1.2

2020

Commerciala

No

Yes

Healthy Together - Covid-19

4.9

71,219

1.5.8

2021

Commerciala

No

Yes

HowWefeel

4.8

54,879

1.13.3

2020

Commerciala

No

Yes

Patientsphere Cv

2.8

9

1.1

2020

Commerciala

No

Yes

Apple Covid-19

4.2

2782

5

2020

Commerciala

No

Yes

Bc Covid-19 Support

3.4

7

1.41

2021

Government

Yes

Yes

Care 19 Diary

3.8

591

3.6

2020

Government

Yes

Yes

Covid Alert DE

4.2

30

1.2.2

2020

Government

Yes

Yes

Covid Alert NJ

3.7

301

1.1.4

2021

Government

Yes

Yes

Covid Alert NY

4.6

544

1.1.7

2021

Government

Yes

Yes

Covid Alert Pennsylvania

4.1

301

2.0.0

2021

Government

Yes

Yes

Covid Coach

4.8

722

1.6

2021

Government

No

Yes

Covid Trace Nevada

2.8

172

1.2.16

2021

Government

Yes

Yes

Crush Covid RI

3.6

195

3

2020

Government

Yes

Yes

Soco Covid-19 Check

2.3

50

1.1.2

2020

Government

Yes

Yes

Check Covid

4.5

74

3

2021

University

No

Yes

My Covid-19 Tracker

3.8

5

1.2.2

2021

University

No

No

Canada Covid-19

4.4

16

5.17

2021

Commerciala

Yes

Yes

For-profit.

b

N/A: not applicable.

Mobile Application Rating Scale
The average overall MARS rating for the 20 apps was 3.89 with
the functionality domain having the highest score (4.20) and
the engagement score having the lowest average score (3.52).
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The top 4 rated apps overall were state-specific apps developed
and deployed for public use in New York, Pennsylvania, Rhode
Island, and New Jersey (Table 2), between July and October
2020.
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Table 2. Mobile Application Rating Scale (MARS) quality scores.
App name

Engagement

Functionality

Aesthetics

Information

Overall score

Covid Alert NY

4.30

4.50

4.83

4.00

4.41

Covid Alert Pennsylvania

4.00

4.13

4.83

4.00

4.24

Crush Covid RI

4.05

4.44

4.42

4.04

4.23

Covid Alert NJ

4.00

4.50

4.50

3.86

4.21

HowWeFeel

3.90

4.55

4.47

3.80

4.18

Covid Coach

3.90

4.63

4.67

3.43

4.16

Healthy Together: Covid-19

3.92

4.40

4.47

3.74

4.13

Check Covid

4.00

4.63

4.33

3.29

4.06

Canada Covid-19

3.60

4.50

4.33

3.71

4.04

Covid Alert DE

3.60

4.63

4.17

3.64

4.01

Apple Covid-19

3.60

4.33

4.22

3.74

3.97

SoCo Covid-19 Check

3.60

4.25

4.00

3.79

3.91

My Covid-19 Tracker

3.30

3.88

4.00

3.64

3.70

Apollo Covid-19

2.95

4.00

4.17

3.64

3.69

Beebe Covid-19 Screening

3.10

4.00

3.67

3.64

3.60

Care19 Diary

2.90

3.50

4.00

3.71

3.53

Patientsphere CV

3.10

4.00

3.50

3.43

3.51

BC Covid-19 Support

3.12

3.85

3.53

3.43

3.48

Covid Trace Nevada

3.00

3.58

3.67

3.57

3.46

Geohealthapp Covid19 Tracker

2.40

3.75

3.83

2.79

3.19

Average score

3.52

4.20

4.18

3.64

3.89

IQVIA Functionality
Overall, the “instruct” function was the most common among
all apps (n=19, 95%) (Figure 2). In many of the apps, the instruct
function aided in directing users on next steps based on the
symptoms that were recorded. The “Beebe COVID-19”
screening app was the only app that had the ability to

https://mhealth.jmir.org/2022/6/e36065

XSL• FO
RenderX

communicate between patients and health care providers. There
were no apps that had all 11 functionalities. Another domain
that the majority of the apps had was the collect function (n=18,
90%). These apps collected patients’ daily COVID-19 symptoms
and collected some demographic information (n=18, 90%)
including: age, name, date of birth, ethnicity, and geographical
location.
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Figure 2. Functionality scores based on IQVIA for Healthcare Informatics.

COVID-19 WHO and CDC Guidelines
The acute COVID-19 symptoms tracked in each app (Table 3),
and long-term symptoms (Table 4) were evaluated against the
recommendations provided by the CDC [1] and the WHO [12].
The majority of apps focused on acute COVID-19 symptoms
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(n=18) with the most common acute symptoms including fever
and dry cough (n=18, 90%), aches and pains (n=17, 85%),
difficulty breathing (n=17, 85%), tiredness, sore throat,
headache, loss of taste or smell (n=16, 80%), and diarrhea (n=15,
75%).
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Table 3. COVID-19 acute symptoms.

a

App name

Fever Dry
cough

Tired- Aches
ness and
pains

Sore Diar- Conjunc- Headache Loss of
throat rhea tivitis
taste or
smell

Skin
rash

Difficulty
breathing or
shortness of
breath

Chest
pain or
pressure

Apollo

✓a

✓

✓

✓

✓

✓

—b

✓

✓

—

✓

—

Apple Covid-19

✓

✓

✓

✓

✓

✓

—

✓

✓

—

✓

✓

BC COVID-19 Support

✓

✓

✓

✓

✓

—

—

✓

✓

✓

✓

✓

Beebe COVID-19 Screening
Tool

✓

✓

—

✓

✓

✓

—

✓

✓

✓

✓

—

Canada COVID-19

✓

✓

✓

✓

✓

✓

—

✓

✓

✓

✓

—

Care19 Diary

✓

✓

✓

—

—

—

—

—

—

—

✓

—

Check Covid

✓

✓

✓

✓

✓

✓

—

✓

✓

—

✓

✓

COVID Alert DE

✓

✓

✓

✓

✓

✓

—

✓

✓

—

✓

—

COVID Alert NJ

✓

✓

✓

✓

✓

✓

—

✓

✓

—

✓

✓

COVID Alert NY

✓

✓

✓

✓

✓

✓

—

✓

✓

—

✓

—

COVID Alert Pennsylvania

✓

✓

✓

✓

✓

✓

—

✓

✓

—

✓

—

COVID Trace Nevada

✓

✓

✓

✓

✓

✓

—

✓

✓

—

✓

—

Crush Covid RI

✓

✓

✓

✓

✓

✓

—

✓

✓

—

✓

—

Healthy Together

✓

✓

✓

✓

✓

✓

—

✓

✓

—

✓

—

HowWeFeel

✓

✓

✓

✓

✓

✓

—

✓

✓

—

✓

✓

My COVID-19 Tracker

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

✓

PatientSphere

✓

✓

✓

✓

✓

—

—

—

—

—

—

—

SoCo COVID-19 Check

✓

✓

—

✓

—

✓

—

✓

✓

—

✓

—

✓ implies that the symptom is measured in the app.

b

— implies that the symptoms are not measured in the app.

Table 4. COVID-19 long-term symptoms.

a

App name

Dry
cough

Tiredness

Headache

Loss of
taste or
smell

Symptoms that worsen
after physical or mental
activities

Difficulty breathing
or shortness of
breath

Chest pain Depression or
or pressure anxiety

BC COVID-19 Support

✓a

✓

✓

✓

✓

✓

✓

—b

HowWeFeel

—

—

—

—

—

—

—

✓

✓ implies that the symptoms are measured in the app.

b

— implies that the symptoms are not measured in the app.

Discussion
Principal Findings
The aim of this review was to evaluate COVID-19 mHealth
apps that support tracking acute and long-term symptoms of
COVID-19. The majority of the apps reviewed focused on acute
symptoms, including fever and dry cough, aches and pains,
difficulty breathing, tiredness, sore throat, headache, loss of
taste or smell, and diarrhea. Few apps measured long-term
symptoms of COVID-19. Overall, the apps scored high on
quality, and the most common functionality was providing the
user with instructions on what to do in response to symptoms.
Previous reviews of mHealth apps for COVID-19 were
published by Alanzi [16] and Davalbhakta [17]. The review
https://mhealth.jmir.org/2022/6/e36065
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published by Alanzi [16] reviewed apps from 7 countries (Saudi
Arabia, India, Singapore, Australia, Italy, United Kingdom, and
the United States). These apps were reviewed on functionality
(eg, purpose, services offered, and networking technologies)
and effectiveness (eg, learnability, communication strategies,
and design). There were no overlapping apps between the review
published by Alanzi [16] and this review. The review by
Davalbhakta and colleagues [17] was consistent
methodologically by using the MARS to review the apps, in
addition to adding more functionalities specific to COVID-19
(eg, individual tracking, contact tracing, and health care worker
training). The review by Davalbhakta [17] and this review
shared 6 common apps (Apollo, PatientSphere, Apple
COVID-19, Bc COVID-19 Support, Check COVID, and Canada
COVID-19). Other reviews did not evaluate short- and long-term
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symptom monitoring according to the CDC [1] or WHO
COVID-19 health topic guidelines [12].
The highest quality apps were developed by individual states
within the United States to support acute COVID-19 symptom
tracking. Overall, the state-specific apps had the most up-to-date
and accurate information, which could be attributed to
collaborative efforts between local, county, or state departments
of health [18-23]. The state-specific apps all listed most of the
common symptoms and provided information about local
COVID-19 case counts and developments in research. Strengths
of the state-specific apps included long-term storage of the
symptom evaluations, high-quality aesthetics, comprehensive
symptom lists, and evidence-based information that was aligned
with CDC guidelines [1]. While the contact tracing functions
were likely most useful to in-state residents, the symptom
tracking functionalities were available for anyone regardless of
their home state.
At the time of app development and deployment, less was known
about long-term symptoms of COVID-19 [24]. Only 2 (10%)
apps specifically tracked long-term symptoms of COVID-19
(Table 4), though the symptoms of long COVID-19 are
increasingly concerning [25-27]. As such, mHealth apps that
track long COVID-19 symptoms could play a significant role
in helping to manage them more efficiently and gather additional
data about how this disease is affecting patients over a long
period of time [25-27]. The authors suggest that app developers
should follow updated technical and clinical guidelines from
the CDC and the WHO to ensure consistency and efficacy of
long-term symptom monitoring. Future research should focus
on expanding these apps to support patients with long-term
symptoms [3] and providing educational materials about the
disease.
The largest gap in app functionality was in the communication
feature, which could be further developed to allow patients to
communicate their symptoms to chosen family members for

Schmeelk et al
supportive care or their own health care professionals. These
algorithms are useful for providing basic information about
what to do in response to the symptoms and quarantine guidance.
However, many patients, especially those with complex care
needs, require additional support and communication with their
health team to manage long-term symptoms of COVID-19.
There are specific legal and regulatory issues around data
sharing that are likely the reasons why many apps do not actively
support more data-sharing features. Additional areas of future
development include expansion into pediatric populations and
long-term symptom tracking integrated into mHealth apps.
Lastly, these apps should be evaluated for usability and
inclusivity characteristics, including non-English languages.

Limitations
A limitation of this review is that it provides a snapshot of the
app landscape at a specific point in time when the app stores
have continued to rapidly evolve. Many of the apps are also
going on and off the market based on the introduction of novel
variants. To mitigate the limitation of subjectivity of reviewing
apps, we applied a rigorous multistep methodology including
using the MARS [13,28,29] and IQVIA for Healthcare
Informatics [15] functionality scoring system and mapping all
the apps to the CDC and WHO COVID-19 health topic
guidelines for symptom monitoring.

Conclusion
In general, mHealth apps for tracking COVID-19 symptoms
offer a potential solution to help people identify and track virus
symptoms. Overall, the mHealth apps had high quality,
considering the expedited needs during the COVID-19
pandemic. Future apps should also incorporate monitoring
long-term symptoms of COVID-19 and include a
communication feature that could allow patients to communicate
their symptoms to specific caregivers or their own health care
team.
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Abstract
Background: There are thousands of apps for individuals struggling with headache, insomnia, and pain, but it is difficult to
establish which of these apps are best suited for patients’ specific needs. If clinicians were to have access to a platform that would
allow them to make an informed decision on the efficacy and feasibility of smartphone apps for patient care, they would feel
confident in prescribing specific apps.
Objective: We sought to evaluate the quality of apps for some of the top common, disabling neurologic conditions (headache,
insomnia, and pain) based on principles derived from the American Psychiatric Association’s (APA) app evaluation model.
Methods: We used the Mobile Health Index and Navigation database and expanded upon the database’s current supported
conditions by adding 177 new app entries. Each app was rated for consistency with the APA’s app evaluation model, which
includes 105 objective questions based on the following 5 major classes of consideration: (1) accessibility, (2) privacy and security,
(3) clinical foundation, (4) engagement style, and (5) interoperability. These characteristics were evaluated to gain a broader
understanding of the significant features of each app category in comparison against a control group.
Results: Approximately 90% (187/201) of all apps evaluated were free to download, but only 50% (63/201) of headache- and
pain-related apps were truly free. Most (87/106, 81%) sleep apps were not truly free to use. The apps had similar limitations with
limited privacy, accessibility, and crisis management resources. For example, only 17% (35/201) of the apps were available in
Spanish. The apps offered mostly self-help tools with little tailoring; symptom tracking was the most common feature in headache(32/48, 67%) and pain-related apps (21/47, 45%), whereas mindfulness was the most common feature in sleep-related apps
(73/106, 69%).
Conclusions: Although there are many apps for headache, pain, and insomnia, all 3 types of apps have room for improvement
around accessibility and privacy. Pain and headache apps share many common features, whereas insomnia apps offer mostly
mindfulness-based resources. Given the many available apps to pick from, clinicians and patients should seek apps that offer the
highest-quality features, such as complete privacy, remedial features, and the ability to download the app at no cost. These results
suggest that there are many opportunities for the improvement of apps centered on headache, insomnia, and pain.
(JMIR Mhealth Uhealth 2022;10(6):e36761) doi:10.2196/36761
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Introduction
There is a health crisis in the United States whereby people
cannot access neurologic care in a timely manner [1]. As
smartphones and digital tools increase in popularity, with 85%
ownership as of 2021, compared to only 35% in 2011 [2], many
mobile health tools have been developed as a means to provide
self-management and other strategies to patients. This is
especially true for common and disabling neurologic conditions
such as headache, sleep, and pain disorders [3]. With 1 in every
6 American adults experiencing migraine and severe headache
[4], 70 million American adults experiencing sleep problems
[5], and 1 in 5 American adults experiencing chronic pain [6],
there is a clear need for treatment. Although a quick search in
an app store for “headache,” “pain,” or “sleep” may reveal
countless apps, the apps listed at the top of a search result do
not necessarily offer benefits in terms of utility and efficacy
compared to others [7]. There have been many reviews of mental
health apps in each of the app store marketplaces (ie, Apple
iTunes and Google Play) [8], but there have been fewer reviews
for neurology-focused apps [9]. Given the inherent risks of apps,
including privacy concerns [10-12], mixed evidence around
efficacy, and broad usability concerns [13,14], clinicians and
patients need to be aware of the state of these public-facing apps
and be able to understand their risks and benefits.
Despite the broad risks in the digital health space, emerging
evidence suggests the potential benefits of apps for neurological
conditions. Even simple headache tracking apps have been
shown to help with the management of symptoms [15]. In
randomized controlled trials, apps for insomnia have shown
benefits such as significant reduction in sleep-related impairment
of quality of life and mental well-being [16]. Presently, apps
for pain management are expanding in scope, with features such
as pain impact recording and medication tracking [17]. To aid
users in their efforts to discover apps that are accessible, safe,
effective, and evidence based, several app libraries have been
developed. One such publicly available tool that considers these
and many other metrics when evaluating an app is the Mobile
Health Index and Navigation Database (MIND) [8,18]. MIND
is the largest open and publicly accessible database of mental
health and neurology-focused apps—with over 600 apps, each
rated across 105 criteria and updated at least every 6 months.
Per recent research, MIND is unique as it also represents
diversity, equity, and inclusion criteria, such as accessibility
features and language options, which offer a more
comprehensive window into apps utility [19]. To understand
the current state of mobile apps for neurological disorders, using
headache and pain as the leading causes of nonfatal health loss
[20] and insomnia as the common sleep disorder [21], we
applied the 105 metrics found in MIND to the top neurological
apps discoverable on iOS and Android devices.
We sought to (1) search app stores for headache-, pain-, and
sleep-related apps and review them using the MIND database,
and (2) evaluate the characteristics of these apps and compare
them to a control group of apps across unique features not yet
reported in the literature, including language (Spanish), crisis
management, and the ability to connect with providers. We
predict that if clinicians were to have access to a platform that
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would allow them to make an informed decision on the efficacy
and feasibility of smartphone apps for patient care, they would
feel confident in prescribing specific apps.

Methods
App Selection
This study used the MIND database, published by the Division
of Digital Psychiatry at Beth Israel Deaconess Medical Center
[18]. Details about MIND have been published previously
[8,22,23]. In brief, MIND is the largest publicly available
database of mental health apps; it currently logs 656 mental
health apps in the commercial market across a variety of
supported conditions and acts as an open resource for users to
filter apps by features of their personal preference. To add an
app to the MIND database, there are 105 objective questions
that are answered based on the following 5 major classes of
consideration within the American Psychiatric Association’s
app evaluation model: accessibility, privacy and security, clinical
foundation, engagement style, and interoperability (Multimedia
Appendix 1). All data in the MIND database are publicly
accessible through the MINDapps website [18]. A screenshot
of the MIND database is provided in Figure 1.
The database does not include apps for which the cost of
download exceeds US $10 or those not accessible to the public.
Prior to this study, the database had 24 apps for pain-, headache-,
or sleep-related conditions. The study expanded upon the current
database by adding 177 new app entries for the supported
conditions—47 apps for pain, 48 for headache, and 106 for
sleep—accounting for overlap between categories, amounting
to a total of 201 apps analyzed in this study. The selection of
new apps was conducted as follows: to gain an understanding
of the app marketplace for headache-, pain-, and sleep-related
apps, terms such as “headache,” “pain,” and “insomnia” were
searched in both the iOS and Google Play stores in June and
July 2021. The first 50 apps that appeared on each platform
(Apple App Store and Google Play Store) for each search term
(headache, pain, and sleep) were compiled into a Google Sheet.
Thus, 300 apps were discovered in our preliminary search. Some
of these apps appeared within the first 50 apps searched on both
platforms. Apps were assessed for relevance to the neurological
conditions of interest. Given that there is no standard definition
for these apps and many apps appearing in a search may not be
related to wellness or health (eg, a gaming app), all apps selected
for evaluation were agreed upon for relevance via consensus of
all raters, all of whom are authors. Apps were excluded if they
were irrelevant, clinician facing, nonfunctional, unavailable in
English, and required an access code to use them. Upon removal
of apps that did not meet the inclusion criteria, the remaining
177 relevant apps were evaluated and added to the MIND
database. Figure 2 shows a flowchart detailing app selection
and app rating process.
Given that all data were entered into the MIND, unique to this
study, we sought to publicly share all app evaluations, so others
can expand on these results and use this raw data to explore and
find relevant apps today, as well as to aid neurologists in making
informed decisions around choosing smartphone apps for
patients with these conditions.
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Figure 1. Screenshot of the main page of the MINDapps database taken in April 2022 (the screenshot was taken after the study was completed).

Figure 2. Flowchart detailing app selection and app rating process. APA: American Psychiatric Association; MeSH: Medical Subject Headings.

Statistical Analysis
A total of 6 app raters underwent interrater reliability training
[23], and 1 app rater evaluated each app. Interrater reliability
was assessed using Cohen κ statistic, for which raters
demonstrated very good interrater reliability (defined as a κ
value above 0.750), with an average κ value of 0.859 across all
https://mhealth.jmir.org/2022/6/e36761
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apps rated. Discrepancies between the raters were addressed
individually through discussion and subsequently resolved by
clarifying any discrepancy in the description of each question.
As this was purely an exploratory study, we used Excel
(Microsoft Corporation) and reported descriptive statistics.
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Results
Overview
Of the 656 apps available in MIND in July 2021, a total of 201
were related to headache, pain, or insomnia. Overall, these 201
apps focusing on headache, pain, and insomnia offered common
features for tracking symptoms, tracking medication, journaling,
and psychoeducation. Very few apps (26/201, 13%) used

Minen et al
biological data, defined as metrics obtained from external
devices (eg, wearables or built-in phone sensors), to monitor
personal health. Examples of biodata collected include skin
conductance, heart rate, and sleep quality. Across all 3 types of
apps examined, we found similarities in terms of platform cost,
special features (eg, Spanish language and accessibility features),
clinician support, and privacy features as shown in both Table
1 and Figure 3.

Table 1. General characteristics of headache and migraine apps, sleep and insomnia apps, and pain-related apps (N=201).
Characteristics

Apps, n (%)
Headache and migraine (n=48)

Sleep and insomnia (n=106)

Chronic pain (n=47)

iOS

31 (65)

87 (82)

39 (83)

Android

32 (65)

83 (78)

22 (47)

Both iOS and Android

15 (31)

64 (60)

14 (30)

Web

10 (21)

19 (18)

6 (13)

Totally free

22 (46)

19 (18)

22 (47)

Free to download

43 (90)

100 (94)

44 (94)

In-app purchases

17 (21)

66 (62)

20 (43)

Subscription

10 (13)

65 (61)

9 (19)

Spanish

5 (11)

24 (23)

6 (13)

Offline

31 (65)

52 (49)

29 (62)

Accessibility features

20 (42)

42 (40)

22 (47)

Email or export data

25 (46)

23 (22)

17 (36)

Peer support

2 (4)

13 (12)

4 (9)

Collaboration with provider

7 (15)

8 (8)

4 (9)

Includes privacy policy

39 (8)

98 (92)

40 (85)

Meets HIPAAa requirements

1 (2)

5 (5)

1 (2)

Crisis management feature

0 (0)

8 (8)

1 (2)

Platforms

Cost

Functionality

Support

Privacy

a

HIPAA: Health Insurance Portability and Accountability Act.
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Figure 3. Characteristics and features of headache, pain, and sleep apps. HIPPA: Health Insurance Portability and Accountability Act.

Accessibility
Apps were accessible on Apple, Android, and web browsers,
although less than 50% (63/201) were truly free of cost. Over
90% (187/201) of apps in all categories were free to download,
but this did not guarantee no-cost or even low-cost use. Over
50% (112/201) of apps across all disease states offered
functionalities for working offline, that is, without an internet
connection. Approximately 17% (35/201) of these apps
supported Spanish.

Crisis Management and Privacy
Apps in all 3 categories demonstrated lack of crisis management
features, with 0% (0/48) of headache-related apps, 2% (1/47)
of pain-related apps, and 8% (8/106) of sleep-related apps
offering crisis resources in terms of providing resources for a
hotline or contact with a medical professional. Most apps for
pain, headache, or insomnia did offer a privacy policy, with
88% (177/201) of apps among all categories containing
information on user data storage and usage. Although apps that
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are not part of health care accountability organizations are not
subject to the Health Insurance Portability and Accountability
Act (HIPAA), 3% (7/201) of apps stated that they were HIPAA
compliant.

Self-help and Hybrid Use With a Clinician
Most apps were self-help centered, but some included
collaboration of a clinician (either from the app or outside the
app). This was offered by 15% (7/46) of headache apps, 9%
(8/47) of pain apps, and 8% (4/106) of sleep apps. Proportions
of apps offering peer support were similarly low.

Overall Functionality
The reported functionality offered by these apps is shown in
Table 2. Results show that headache and pain apps shared many
common features, with tracking symptoms as the most used
feature and mindfulness as one of the least used features. In
contrast, the apps that focused on sleep had mindfulness as their
most common feature and symptom tracking as one of the least
common features.
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Table 2. Top features for headache and migraine apps, sleep and insomnia apps, and pain-related apps (N=201).
Apps and features

Values, n (%)

Headache and migraine apps (n=48)
Track symptoms

32 (67)

Track medication

30 (63)

Journaling

16 (33)

Psychoeducation

14 (29)

Track sleep

6 (13)

Track mood

6 (13)

Physical health

5 (11)

Mindfulness

5 (11)

Biodata

5 (11)

Sleep and insomnia apps (n=106)
Mindfulness

73 (69)

Deep breathing

58 (55)

Psychoeducation

32 (30)

a

iCBT or sleep therapy

26 (25)

Track mood

26 (25)

Goal settings or habits

25 (24)

Journaling

25 (24)

Track sleep

24 (23)

Physical health

15 (14)

Pain apps (n=47)

a

Track symptoms

21 (45)

Physical health

20 (43)

Track medication

16 (34)

Psychoeducation

15 (32)

Physical health exercises

12 (26)

Journaling

10 (21)

Track sleep

8 (17)

Track mood

8 (17)

Mindfulness

6 (13)

iCBT: internet-based cognitive behavioral therapy.

Other Considerations
Each app was evaluated across 105 individual criteria, and all
results are publicly accessible and searchable today through the
MINDapps database [18]. Figure 1 shows an example of how
a reader can interactively explore and search these apps across
individual questions. We do not provide scores for certain
categories (privacy, functionality, etc), as MINDapps allows
users to select their own filters and create their own criteria
based on personal needs.
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Discussion
Principal Findings
Our review of apps for headache, insomnia, and pain is the
largest review of publicly available neurology-focused offerings
to date, with results derived from over 200 apps each categorized
across 105 dimensions. Pain and headache apps share many
common features, whereas insomnia apps offer mostly
mindfulness-based resources. We found that apps mostly offered
self-help tools with little tailoring, and that symptom tracking
was the most common feature in headache- (32/48, 67%) and
pain-related apps (21/47, 45%), whereas mindfulness was the
most common feature in sleep-related apps (73/106, 69%).
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Despite the number of apps and 3 unique conditions, we found
numerous commonalities, including limited privacy,
accessibility, and crisis management resources, in these mostly
self-help tools. In terms of features offered, tracking and
mindfulness-related features were most common, with individual
apps offering varied ratios or types of these core features. These
results suggest opportunities for innovation around the structure
of apps themselves, as well as how they deliver tracking or
mindfulness, with any innovation presenting transdiagnostic
benefits. The numerous overlapping features offered by these
apps also suggest that clinicians and patients today can be
demanding in selecting an app, as there are likely minimal
differences in their core functionality. Using MINDapps [18],
they can explore which apps may offer the exact app features
desired.
In selecting apps beyond core functions, our results highlight
concerns about the structure of apps in terms of privacy,
accessibility, and use. Although it is well known that most
health-related apps had privacy and access issues, our results
are novel for apps in the neurology field. A June 2021 review
of 20,911 Android apps across the entire digital health space
found that 28.1% of apps offer no privacy policy [24], and our
results showed this to be the case in only 9% (177/201). This
lower proportion is encouraging but may also be due to only
including apps that appeared to be clinically relevant. On
September 15, 2021, the Federal Trade Commission (FTC)
noted that for wellness apps not covered by HIPAA, the FTC
will now expect them to follow HIPAA-related rules around
breaches, suggesting that apps will need to offer a change in
the required security process [25].
A recent review of mental health–focused apps found that almost
15% supported Spanish, which is consistent with our result of
17% (35/201) for the neurology-focused apps we reviewed [26].
This result suggests an immediate opportunity to increase reach,
while better supporting diversity and inclusion. Most apps we
reviewed were self-help focused, with only a small fraction
designed to be used in partnership with a peer or clinicians.
Across the broader digital health field, there is growing evidence
that apps used in partnership with others may be more engaging
and effective than the self-help ones. Lessons already learned
about low engagement with mental health apps [27] may help
these neurology-related apps develop as more engaging
relationship-based tools that could offer more support for hybrid
use.

Comparison With Prior Work
Our findings about the common features underlying apps for
headache, insomnia, and pain suggest room for transdiagnostic
innovation around all these apps. The common features of
symptom tracking, and mindfulness are also the most common
features in mental health apps [8], suggesting a potential synergy

Minen et al
between these two fields. This result makes sense as apps offer
a practical platform to deliver behavioral-based treatments and
remotely capture symptoms, which are themselves shared
aspects between psychiatry and neurology. Although the
insomnia apps focused more on behavioral interventions, the
headache and pain apps focused more on symptom tracking.
Furthermore, although smartphone apps may show promising
results for patient care, it remains challenging to evaluate their
effectiveness. Clinical studies do not often feature a valid control
condition or simulate the challenges of real-world app
engagement, which is frequently low [27]. Thus, the MIND
framework does not rate the quality of scientific evidence for
apps nor their engagement, given the lack of consensus or data
availability around these points. Our results are therefore best
interpreted as signals of what these apps are claiming to offer,
with the recommendations for personal use and exploration with
the app itself to determine whether the feature meets the needs
for each clinical use case. Clinicians should feel empowered to
go to MINDapps [18] and search for apps that they feel would
meet the standards for their patient’s needs. The results of this
paper can help calibrate expectations and guide clinicians in
searching for apps that meet the unique demands of each patient
served.

Limitations
Although each app was downloaded and tested, some aspects
of the data coded within this study are based on the description
of the app itself, such as who the developer is and what the
privacy policy reports. As a result, coded information could be
inaccurate. Although app descriptions may hold biases, an
advantage of this approach is that apps are constantly being
updated, and it is feasible and practical to update apps on the
website regularly. Apps were reviewed by only 1 rater. It was
also found that there were several apps that falsely advertised
their features; other times, the majority of the features were
locked behind a paywall, so they could not be seen or used
unless the premium version was paid for. Although this study
represents perhaps the largest analysis of neurology-related
apps, there remains no simple way to identify all relevant apps,
given the limitations in searching function on the Apple and
Android marketplaces.

Conclusion
Although the number of headache, sleep, and pain apps on the
market continues to expand, there are numerous opportunities
for content improvement. Many of these apps were lacking in
privacy,
accessibility,
and
crisis
management
resources—features that would significantly improve the app
platforms. The results of this study suggest an opportunity for
improvement in app structure and the delivery of important
features. Patient care may be improved with the incorporation
of a transdiagnostic approach to health-based smartphone apps.
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Abstract
Background: Mobile health technologies enable allergists to monitor disease trends by collecting daily patient-reported outcomes
of allergic rhinitis. To this end, patients with allergies are usually required to enter their symptoms and medication repetitively
over long time periods, which may present a risk to data completeness and quality in the case of insufficient effort reporting.
Completeness of patient’s recording is easily measured. In contrast, the intrinsic quality and accuracy of the data entered by the
patients are more elusive.
Objective: The aim of this study was to explore the association of adherence to digital symptom recording with a predefined
set of parameters of the patient-generated symptom and medication scores and to identify parameters that may serve as proxy
measure of the quality and reliability of the information recorded by the patient.
Methods: The @IT.2020 project investigates the diagnostic synergy of mobile health and molecular allergology in patients
with seasonal allergic rhinitis. In its pilot phase, 101 children with seasonal allergic rhinitis were recruited in Rome and instructed
to record their symptoms, medication intake, and general conditions daily via a mobile app (AllergyMonitor) during the relevant
pollen season. We measured adherence to daily recording as the percentage of days with data recording in the observation period.
We examined the patient’s trajectories of 3 disease indices (Rhinoconjunctivitis Total Symptom Score [RTSS], Combined
Symptom and Medication Score [CSMS], and Visual Analogue Scale [VAS]) as putative proxies of data quality with the following
4 parameters: (1) intravariation index, (2) percentage of zero values, (3) coefficient of variation, and (4) percentage of changes
in trend. Lastly, we examined the relationship between adherence to recording and each of the 4 proxy measures.
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Results: Adherence to recording ranged from 20% (11/56) to 100% (56/56), with 64.4% (65/101) and 35.6% (36/101) of the
patients’ values above (highly adherent patients) or below (low adherent patients) the threshold of 80%, respectively. The
percentage of zero values, the coefficient of variation, and the intravariation index did not significantly change with the adherence
to recording. By contrast, the proportion of changes in trend was significantly higher among highly adherent patients, independently
from the analyzed score (RTSS, CSMS, and VAS).
Conclusions: The percentage of changes in the trend of RTSS, CSMS, and VAS is a valuable candidate to validate the quality
and accuracy of the data recorded by patients with allergic rhinitis during the pollen season. The performance of this parameter
must be further investigated in real-life conditions before it can be recommended for routine use in apps and electronic diaries
devoted to the management of patients with allergic rhinitis.
(JMIR Mhealth Uhealth 2022;10(6):e31491) doi:10.2196/31491
KEYWORDS
allergic rhinitis; symptom scores; patient-generated data; patient-reported outcomes; mHealth; mobile health; health applications;
allergies; allergy monitor; digital health; medication scores

Introduction
Digital and mobile health technologies are creating new
perspectives in many areas of research and medical care. One
important aspect in both fields is the ability to easily collect
patient-generated data via smartphone apps and connected
devices such as wearables, diagnostic tools, or environmental
sensors [1-5]. Although the use of patient-reported outcomes
has become popular over the last decade [6-9], it is not sure
how accurately the collected data represent the patient’s state,
as recording is done without supervision [10,11]. In particular,
daily reporting over a longer time period may be perceived as
challenging and cause a certain degree of reporting fatigue. The
risk of potentially lower quality owing to disengaged survey
respondents has been described with different terms, most
recently in the field of psychology as “insufficient effort
reporting” [11,12]. However, consensus on methodologies
assessing the quantity and quality of entered data is still missing.
Proposed methodologies include the (1) response pattern
approach [13], (2) response time approach [14], (3) infrequency
approach [15], (4) inconsistency approach [16], and (5) the
number of unanswered questions. Most of these methodologies,
however, refer to single points of data collection and extended
questionnaires, which make their application in a setting with
daily data recording via smartphone apps difficult to impossible.
As digital methods of data collection via openly available mobile
apps usually generate very large data sets, new challenges for
the analysis and interpretation apply, such as the lack of standard
measures [17]. The importance of unified approaches to data
recording has recently been underlined in the context of patient
adherence, and computational solution approaches were
published to support uniform data formats [18]. A representative
example for the daily acquisition of patient-generated data are
mobile apps related to seasonal allergic rhinitis [19,20]. A
variety of apps has been published for patients with pollen
allergies, providing exposure forecasts, individualized symptom
prediction, symptom and medication diaries, and in some cases,
the possibility of exchanging recorded data with the attending
physician [3,10,21-23]. Although several studies have shown
the potential of mobile technologies for research purposes and
clinical disease management, only few address the topic of data
quality and validation [24,25]. The purpose of this study is to
retrospectively investigate 4 putative validation criteria to assess
https://mhealth.jmir.org/2022/6/e31491
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the quality of data longitudinally collected by patients with
seasonal allergic rhinitis and defined as follows: (1)
intravariation index, (2) percentage of zero values, (3)
coefficient of variation, and (4) percentage of changes in trends.
To this end, we have taken advantage of the patient-generated
symptom and medication data set, which has been acquired via
a mobile app in a cohort of patients with seasonal allergic rhinitis
in the context of the @IT.2020 pilot project [26,27].

Methods
Study Design
The @IT.2020 pilot project is an observational clinical study
on the impact of component-resolved diagnosis and digital
symptom recording on the diagnosis of pollen allergy. In the
context of this project, 101 patients experiencing seasonal
allergic rhinitis were recruited in the Sandro Pertini Hospital in
Rome. The detailed study protocol has been published
previously [26,27]. Briefly, recruited patients underwent a
medical examination first (T0), including skin prick testing,
blood sampling, and clinical questionnaires. At the end of the
visits, patients were instructed on the use of the AllergyMonitor
(TPS Software Production) mobile app to monitor their
symptoms of the eyes, nose, and lungs, as well as medication
intake and the impact of allergy symptoms on their daily
activities during an individual study period. After the monitoring
period, all patients underwent a second medical examination
(T1), including a repetition of the initial clinical questionnaires
focused on the past pollen season.

Ethics Approval
The study design and procedures were approved by the local
ethics committee “Comitato Etico Indipendente Lazio 2” (study
10-16, Protocol 9871—01/02/2016).

AllergyMonitor App
AllergyMonitor is a CE-certified smartphone app designed for
the daily reporting of allergic symptoms of the eyes, nose, and
lungs. Further, the impact of allergic symptoms on daily
activities and sleep as well as the medication intake were
recorded. In order to facilitate the correct recording of
medication intake, the study doctor registered the patients’
individual medication via the back end of the app, and the
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e31491 | p.197
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patient’s tailored drug name and administration schedule
appeared in the app’s front end.

Symptom and Medication Scores
The following symptom and symptom medication scores were
used in this study: Rhinoconjunctivitis Total Symptom Score
(RTSS, 0-18 points) [28], Combined Symptom and Medication
Score (CSMS, 0-6 points) [29], and Visual Analogue Scale
(VAS, 0-10 points) [30]. RTSS and CSMS were calculated
automatically by the app for every reporting day on the basis

Dramburg et al
of 4 questions on nasal symptoms (sneezing, rhinorrhea, nasal
pruritus, nasal congestion), 2 questions on ocular symptoms
(itchy eyes, watery eyes), and 3 questions on medication intake
(antihistaminic drugs, local steroids, systemic steroids). The
severity of each of the symptoms was also measured by the
patient using 4 different emoticons (Figure 1), each one
representing a distinct severity grade (no symptoms, mild,
moderate, or severe). Overall, severity was also measured using
VAS in response to the question “How do you feel in relation
to your allergic symptoms today?”

Figure 1. Screenshots of the AllergyMonitor app, indicating the emoticons used to assess symptom severity.

Adherence to Electronic Diary Recording
Retrospective reporting of symptoms for missed days was only
possible within 48 hours. After 2 days of missed reporting, an
automated reminder appeared on the patient’s phone. After 3
days of missed recording, the patient received an individual
email or phone call from the study center to ensure that no
technical problems had occurred. Adherence was measured as
the percentage of days with completed electronic diary recording
in the monitoring period [26]. Patients with adherence to
recording above or below the arbitrary threshold of 80% were
defined as high or low adherence, respectively.

Validation Parameters
Data retrospectively obtained were summarized as numbers (n)
and frequencies (%) if they were categorical and as mean (SD)
or median (IQR) if quantitative. The prevalence of atopic
sensitization to airborne allergens was evaluated for every
patient via skin prick test results (cutoff for positivity: a wheal
size of ≥3 mm). For every pollen period considered, adherence
values were calculated for each patient. Four tentative
parameters for validation of the data quality were calculated as
follows.

Intravariation Index
For each ith subject (i = 1,,,,n), (1) the percentage of the number
of variations between 2 consecutive days was calculated, ,
where t= 1,,,,,,, T is the indicator of time point considered, y is
the value of the symptom medication score considered, and I
https://mhealth.jmir.org/2022/6/e31491
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is a binary variable, which is 1 when the condition in the
brackets is verified, 0 otherwise; (2) the individual variation
range was calculated (rVAR = (max(y1, …, yT) – min(y1, …,
yT))/S, where S represents the unit increase for each symptom
medication score, that is, S=1 for VAS and RTSS and S=0.167
for CSMS); and (3) the average of all individual intravariation
index values was calculated,
symptom medication score.

, for each symptom score or

Percentage of Zero Values
Average of individual percentages of zero values (100*number
of zero compiled values/actual compiled days)

Coefficient of Variation
Average of individual coefficient of variation (100*SD/mean)

Percentage of Changes in Trend
Average of individual percentages of changes in severity trends
(worsening=plus; stability=zero; improvement=minus) between
2 consecutive values of symptom medication score

Statistical Analysis
Spearman rank correlation coefficient was used to investigate
the relationship between individual averages for each symptom
medication score considered. The nonparametric Mann-Whitney
U test was applied to compare the average values of quality
indexes between 2 groups of subjects divided by their adherence
of recording (<80% vs ≥80%). P<.05 was considered statistically
significant. Statistical analyses were performed with R Core
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e31491 | p.198
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Team (2018) version 3.5.2 (The R Project for Statistical
Computing).

Results
Study Population and Pollen Season
This analysis consisted of 101 children (mean age 13.7 [SD 2.8]
years) meeting the inclusion criteria for the @IT.2020 pilot
study. Male gender was slightly more frequent (63/101, 62.4%),
and the population was characterized by predominantly
persistent allergic rhinitis symptoms by Allergic Rhinitis and
its Impact on Asthma criteria, as assessed by retrospective
questionnaire during T0. In addition to persistence, the severity
of symptoms for 39.6% (40/101) of the patients was classified
as moderate-to-severe (Table 1). The rate of patients with
moderate-to-severe persistent symptoms increased to 70.3%
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(64/101) at the final study visit when being asked the same
questionnaire concerning the past pollen season. The most
frequent allergic comorbidities were oral allergy syndrome
(32/101, 31.7%), atopic dermatitis (28/101, 27.7%), and allergic
asthma (28/101, 27.7%). Most patients were sensitized to grass
pollen, with 97% (98/101) having a positive skin prick test to
Timothy grass and 90.1% (91/101) reacting to Bermuda grass
(Table S1 of Multimedia Appendix 1). Grass pollen
concentrations ranged from 0 to 199 grains/m3 air. Season
criteria of the European Academy of Allergy and Clinical
Immunology [31] were adapted to the local setting, and the
dates of whole grass pollen season from April 13 to July 28 as
well as the peak grass pollen season between May 4 and June
28, 2016 are reported in this study (Figure S1 of Multimedia
Appendix 1).

Table 1. Characteristics of the study population (N=101).
Characteristics

Value

Males, n (%)

63 (62.4)

Age (years), mean (SD)

13.7 (2.8)

Allergic rhinitis
Age at onset (years), median (IQR)

6 (4-8)

Allergic rhinitis and its impact on asthma classification at first medical examination, n (%)
Mild intermittent

19 (18.8)

Mild persistent

31 (30.7)

Moderate/severe intermittent

11 (10.9)

Moderate/severe persistent

40 (39.6)

Allergic rhinitis and its impact on asthma classification at second medical examination, n (%)
Mild intermittent

6 (6.6)

Mild persistent

17 (18.7)

Moderate/severe intermittent

4 (4.4)

Moderate/severe persistent

64 (70.3)

Other allergic comorbidities, n (%)
Allergic asthma

28 (27.7)

Oral Allergy Syndrome

32 (31.7)

Urticaria/angioedema

19 (19.2)

Atopic dermatitis

28 (27.7)

Gastrointestinal disorders

4 (4)

Anaphylaxis episode

10 (10.1)

Other

5 (5.1)

Adherence to Recording
During the grass pollen season (May 4 to June 28, 2016), 4003
single reports were collected, equaling an average adherence to
recording of 70.8% (4003/5654). Over the period of 56 days,
the individual number of filled questionnaires ranged from 11
(20%) to 56 (100%); 65 of the 101 patients (64.4%) were highly
adherent to data collection. A delayed reporting start or an
anticipated end [27] was observed, with 9 patients starting the
https://mhealth.jmir.org/2022/6/e31491
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monitoring 3 days or more after the start of the prescribed period
and 12 patients ending the reporting ≥3 days before the
prescribed end. Figure S2 of Multimedia Appendix 1 shows
that 53 patients had a prescribed monitoring starting before the
grass pollen season.

Interrelation Among RTSS, CSMS, and VAS
The RTSS and CSMS correlate well at a population level over
time (Figures 2 and 3). Although these 2 scores are calculated
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e31491 | p.199
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based on identical symptom questions with and without the
integration of symptomatic medication, the VAS depicted in
the bottom panel takes information from a separate question,
filled with the same frequency and showing a similar trend over
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time. At the individual level, the average VAS score correlated
well with both—the average symptom score (RTSS) and the
average symptom-medication score (CSMS) (Figure 3A and
B).

Figure 2. Average population values of Rhinoconjunctivitis Total Symptom Score (0-18 points), Combined Symptom and Medication Score (0-6
points) (both top panel), and Visual Analogue Scale (0-10 points) on impact of allergic symptoms on daily life (bottom panel) over time. CSMS:
Combined Symptom and Medication Score; RTSS: Rhinoconjunctivitis Total Symptom Score; VAS: Visual Analogue Scale.
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Figure 3. Correlation between individual averages of (A) Rhinoconjunctivitis Total Symptom Score versus Visual Analogue Scale, (B) Combined
Symptom and Medication Score versus Visual Analogue Scale, and (C) Combined Symptom and Medication Score versus Rhinoconjunctivitis Total
Symptom Score. CSMS: Combined Symptom and Medication Score; RTSS: Rhinoconjunctivitis Total Symptom Score; VAS: Visual Analogue Scale.

Quality Indices in RTSS, VAS, and CSMS
In order to assess the quality of recorded data, 4 different
parameters were investigated within each of the 3 scores (RTSS,
VAS, CSMS) (Table 2), and average values between highly
and poorly adherent patients were compared (Table 3, Figure
4).
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The highest diversity of data was observed in the VAS and the
RTSS, as expressed by the intravariation index and the
coefficient of variation. However, the CSMS was more
homogeneous over time. As expected, the percentage of zero
values was the lowest in the CSMS, whose average values were
almost half of those observed in the RTSS and VAS. By
contrast, the percentage of changes in the trend was quite similar
and high for all the 3 scores, with values oscillating around 30%
(Table 2).
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Table 2. Quality of symptom and symptom-medication scores.

a

Quality index

Rhinoconjunctivitis Total Symptom
Score, mean (95% CI)

Visual Analogue Scale, mean
(95% CI)

Combined Symptom and Medication
Score, mean (95% CI)

Intravariation indexa

5.1 (4.5-5.6)

6.1 (5.5-6.7)

2.9 (2.6-3.2)

% of zero valuesb

38.9 (33.3-44.5)

43.3 (37.2-49.3)

20.4 (16.0-24.8)

Coefficient of variationc

134.8 (116.5-153.0)

138.1 (115.8-160.5)

86.3 (72.3-100.3)

% of changes in trendsd

31.3 (28.2-34.4)

28.9 (25.6-32.3)

32.7 (29.6-35.7)

Average of intravariation index by subjects; for each ith subject, (1) the percentage of the number of variations between 2 consecutive days is calculated,

, where t= 1,,,,,,, T is the indicator of time point considered, y is the value of the symptom medication score considered, and I is a binary variable,
which is 1 when the condition in the brackets is verified, 0 otherwise; (2) the individual variation range has been calculated (rVAR = (max(y1, …,yT)
– min(y1, …, yT)) + 1/S, where S represents the unit increase for each symptom medication score, that is, S=1 for Visual Analogue Scale and
Rhinoconjunctivitis Total Symptom Score and S=0.167 for Combined Symptom and Medication Score); and (3) the average of all individual intravariation
index values was calculated,

, for each symptom score or symptom medication score.

b

100*number of zero compiled values/actual compiled days.

c

Average of individual coefficient of variation (100*SD/mean).

d

Number of changes in trends (plus/minus/stable) within ith differences between 2 consecutive values of symptom medication score.

Table 3. Association between adherence and quality indexes.
Rhinoconjunctivitis Total Symptom Score Visual Analogue Scale
Adha<80%
(n=36), median (IQR)

Adh≥80%
P valueb
(n=65), median (IQR)

Adh<80%
Adh≥80%
(n=36), medi- (n=65), median (IQR)
an (IQR)

P value

Adh<80%
Adh≥80%
P value
(n=36), medi- (n=65), median (IQR)
an (IQR)

Intravariation indexc

4 (3-6)

5 (4-6)

.08

5 (4-8)

7 (4-8)

.18

3 (2-3)

3 (2-4)

.32

% of zero valuesd

27 (12-72)

38 (17-55)

.66

22 (16-60)

43 (22-65)

.31

13 (0-31)

16 (4-28)

.61

Coefficient of

105 (79-197)

99 (79-131)

.76

84 (60-115)

115 (76-158)

.06

77 (53-95)

74 (48-101)

.67

34 (26-51)

<.001

23 (11-31)

33 (16-45)

.004

26 (18-30)

36 (28-51)

<.001

variation

e

% of changes in trendf 25 (11-30)
a

Combined Symptom and Medication
Score

Adh: adherence.

b

Mann-Whitney U test was used to compare means among the 2 groups.

c

Average of intravariation index by subjects; for each ith subject, (1) the number of variations between 2 consecutive days has been calculated,
,
where t= 1,,,,,,, T is the indicator of the time point considered, y is the value of the symptom medication score considered, and I is a dummy variable,
which is 1 when the condition in the brackets is verified, 0 otherwise; (2) the individual variation range has been calculated (rVAR = (max(y1, …,yT)
– min(y1, …, yT)) + 1/S, where S represents the unit increase for each symptom medication score, that is, S=1 for Visual Analogue Scale and
Rhinoconjunctivitis Total Symptom Score and S=0.167 for Combined Symptom and Medication Score); and (3) the average of all individual intravariation
index values was calculated,

, for each symptom score or symptom medication score.

d

100*number of zero compiled values/actual compiled days.

e

Average of individual coefficient of variation (100*SD/mean).

f

Number of changes in trends (plus/minus/stable) within the differences between 2 consecutive values of symptom medication score.
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Figure 4. Changes in trends (positive/negative changes) of recorded (A) Rhinoconjunctivitis Total Symptom Score, (B) Visual Analogue Scale, and
(C) Combined Symptom and Medication Score values among patients with adherence to recording of <80% versus ≥80%. ADH: adherence. **P<.01;
***P<.001.

Relationship of Quality Index Values With Adherence
to Recording
No significant differences were observed between the groups
of highly and poorly adherent patients with regard to the average
intravariation index, percentage of zero values, and the
coefficient of variation. Of note, the coefficient of variation of
the VAS score was higher among highly than poorly adherent
patients, but the difference was only marginally significant
(P=.06). Similarly, the average intravariation index of the RTSS
was higher among patients with adherence to recording of 80%
or more, but the difference did not reach statistical significance
(P=.08). In contrast, the percentage of changes in trend was
significantly lower among patients who recorded their symptoms
on less than 80% of the prescribed days compared to highly
adherent patients, considering each of the 3 indexes: RTSS
(P<.001), VAS (P<.005), and CSMS (P<.001) (Table 3, Figure
3).

Discussion
We retrospectively analyzed patient-generated data recorded
during the grass pollen season by patients with seasonal allergic
rhinitis to grasses. The collected data contained information on
daily symptoms (RTSS), a combination of symptoms and
medication intake (CSMS), and the overall impact of pollen
allergy on daily life (VAS). Our analysis shows that (1) RTSS,
CSMS, and VAS trajectories correlate well over time at
population level; (2) VAS average values correlate well with
average values of RTSS and CSMS at individual level; (3) the
percentage of days with a change in trend during the observation
period is higher in patients with high adherence to recording;
and (4) other investigated parameters such as the percentage of
zero values, the coefficient of variation, and the intravariation
index are not significantly different among highly versus poorly
adherent patients. Overall, our results suggest that the percentage
of days with a change in trend deserves further investigation in
a prospective study as a proxy of data quality in patients
monitoring their pollen allergy with an electronic diary app.
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Electronic diaries are increasingly produced and used in
medicine, particularly in allergology. Nevertheless, studies
focusing on the accuracy and completeness of the
patient-generated information collected via electronic diaries
are substantially missing. This is of high priority, as data
validation is a prerequisite of any scientific or clinical use of
the information collected through mobile apps from patients.
A recent study demonstrated that daily monitoring with a VAS
score has a high intrarater reliability and medium-high validity,
reliability, and responsiveness, suggesting the validity of this
simple methodology in monitoring disease impact on the
patient’s daily life [32]. Along the same line of evidence, our
study demonstrates that VAS correlates well with complex
measurements such as RTSS and CSMS, both in terms of
trajectory at the population level (Figure 1) and as average
values at the individual level (Figure 2).
The percentage of days with changes in trend within the
registration period is an interesting parameter, as it can be
examined within the context of any trajectory, independently
from the structure of the algorithm generating the clinical score.
Therefore, this parameter can be applied to VAS, RTSS, CSMS,
or any other index that will be generated and validated in the
future. We speculate that patients whose personal interest in the
recording of their electronic diary is lower, may still be adherent
but inaccurate, replicating the same pattern of values every day.
The day-to-day variability of pollen counts coupled with daily
variability of exposure to pollen as well as the use of
preventative medication may impact markedly on day-to-day
variability in symptom score. A patient highly adherent to
recording is better placed to record the symptom variability and
thus more likely to report a higher number of changes in trend.
With regard to the use of electronic diaries in clinical practice
and research, a tool to predict the quantity and quality of
expected data collection would be helpful. Unfortunately, to
our knowledge, no such tools exist at the moment. In a previous
approach to assess and predict the adherence of patients to
symptom recording of patients with pollen allergies, we
observed an association between the reporting behavior between
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the 7th and 21st day of recording compared to the rest of the
monitoring period (up to 70 days) [27].
The lack of a previously established methodology also justifies
our explorative approach in the attempt to identify new statistical
methods or methods generated in other contexts to address a
novel research question. We therefore speculate that future
studies will adopt similar approaches and generate new and
even more precise methodologies to answer the same research
questions. Further, an expansion to other chronic diseases for
which digital data collection has been well adopted, for example,
asthma, will be of great value.
We are aware of the limitations of our analysis. First of all, we
retrospectively examined in an opportunistic approach a database
already generated with different targets. Consequently, our paper
can only generate the hypothesis that the percentage of changes
in trend is a valuable parameter measuring the quality of
patient-recorded data. Unfortunately, other important parameters
such as clinical validity could not be investigated within this
data set, as this parameter should be investigated independently
from the adherence to reporting. Therefore, before any use of
changes in trend as a parameter in clinical practice, our
hypothesis must be prospectively proven in studies designed

Dramburg et al
with this specific scope. Second, we limited our investigation
period to a maximum of 56 days of recording and in the context
of a clinical investigation. The generalizability of our
conclusions to a real-life setting and to longer periods of
monitoring are also to be proven in real-world studies and longer
observation periods. Third, our study population was composed
of children, whose electronic diary recording is partially (in
general until the age of 14 years) performed with the assistance
of parents and whose influence on the reliability of data should
also be accounted for. Fourth, we have used adherence to
recording as a reference parameter under the assumption that
patients more compliant in regularly filling their electronic
diaries are also those whose data are more reliable. This
assumption also should be proven in a new prospective study
by adopting external quality standards not affected by recording
patterns. Fifth, there is no possibility of correlating medication
usage with adherence to digital symptom recording.
In conclusion, our retrospective analysis identifies the
percentage of changes in trend in the trajectory of RTSS, CSMS,
and VAS as a parameter, intrinsic to the trajectory itself, thereby
representing a valuable candidate as proxy measure of data
quality. This hypothesis deserves now to be investigated in
prospective studies.
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Abstract
Background: Heart rate variability (HRV) is a noninvasive method that reflects the regulation of the autonomic nervous system.
Altered HRV is associated with adverse mental or physical health complications. The autonomic nervous system also has a central
role in physiological adaption during pregnancy, causing normal changes in HRV.
Objective: The aim of this study was to assess trends in heart rate (HR) and HRV parameters as a noninvasive method for
remote maternal health monitoring during pregnancy and 3-month postpartum period.
Methods: A total of 58 pregnant women were monitored using an Internet of Things–based remote monitoring system during
pregnancy and 3-month postpartum period. Pregnant women were asked to continuously wear Gear Sport smartwatch to monitor
their HR and HRV extracted from photoplethysmogram (PPG) signals. In addition, a cross-platform mobile app was used to
collect background and delivery-related information. We analyzed PPG signals collected during the night and discarded unreliable
signals by applying a PPG quality assessment method to the collected signals. HR, HRV, and normalized HRV parameters were
extracted from reliable signals. The normalization removed the effect of HR changes on HRV trends. Finally, we used hierarchical
linear mixed models to analyze the trends of HR, HRV, and normalized HRV parameters.
Results: HR increased significantly during the second trimester (P<.001) and decreased significantly during the third trimester
(P=.006). Time-domain HRV parameters, average normal interbeat intervals (IBIs; average normal IBIs [AVNN]), SD of normal
IBIs (SDNN), root mean square of the successive difference of normal IBIs (RMSSD), normalized SDNN, and normalized
RMSSD decreased significantly during the second trimester (P<.001). Then, AVNN, SDNN, RMSSD, and normalized SDNN
increased significantly during the third trimester (with P=.002, P<.001, P<.001, and P<.001, respectively). Some of the
frequency-domain parameters, low-frequency power (LF), high-frequency power (HF), and normalized HF, decreased significantly
during the second trimester (with P<.001, P<.001, and P=.003, respectively), and HF increased significantly during the third
trimester (P=.007). In the postpartum period, normalized RMSSD decreased (P=.01), and the LF to HF ratio (LF/HF) increased
significantly (P=.004).
Conclusions: Our study indicates the physiological changes during pregnancy and the postpartum period. We showed that HR
increased and HRV parameters decreased as pregnancy proceeded, and the values returned to normal after delivery. Moreover,
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our results show that HR started to decrease, whereas time-domain HRV parameters and HF started to increase during the third
trimester. The results also indicated that age was significantly associated with HRV parameters during pregnancy and postpartum
period, whereas education level was associated with HRV parameters during the third trimester. In addition, our results demonstrate
the possibility of continuous HRV monitoring in everyday life settings.
(JMIR Mhealth Uhealth 2022;10(6):e33458) doi:10.2196/33458
KEYWORDS
heart rate; heart rate variability; pregnancy; postpartum; continuous monitoring; PPG; mobile phone

Introduction
Background
Heart rate variability (HRV) reflects alterations in the regulation
of the autonomic nervous system. Substantial changes in
autonomic nervous system, by implication in HRV, occur during
pregnancy. Such physiological changes help to ensure the
healthy development of the fetus [1]. Heart rate (HR) increases
during pregnancy [2], whereas HRV parameters decrease;
however, the values usually return to normal within a few
months of the postpartum period [3-5].
In addition to physiological causes, changes in HRV during
pregnancy may also reflect other issues; for example, certain
physical or mental complications. Previous studies have shown
that HRV during pregnancy may indicate hypertensive disorders
[6,7] or pre-eclampsia [8,9]. Pregnant women with gestational
hypertension have higher low-frequency power (LF) to
high-frequency power (HF) ratio (LF/HF) in early pregnancy
than those with normal pregnancies [6]. Regarding
pre-eclampsia, women have lower HF than those with normal
pregnancies, resulting in an increase in LF/HF in pre-eclamptic
pregnancies [8,9]. Furthermore, HRV may reflect the state of
mental health in pregnant women; the effects of depression [10]
and anxiety [11,12] on HRV parameters during pregnancy have
been studied. Pregnant women with depression have low 24-hour
time-domain parameters [10], and anxiety during pregnancy
has been shown to decrease HF and very low–frequency power
[11]. HRV parameters may also illustrate the level of stress
experienced by pregnant women [13,14]. Induced stress has
been shown to decrease HF in pregnant women. Symptoms of
anxiety may further be associated with stress, as pregnant
women with anxiety had dampened stress reactivity [12]. In
addition, the decrease in root mean square of the successive
difference of normal interbeat intervals (IBIs; RMSSD) and HF
was significantly less in mindful pregnant women who have
better resources to cope with stress during pregnancy [15]. All
pregnancy-related complications are important to be detected
early in maternity care, to enable appropriate interventions to
secure the health of the pregnant woman and her fetus. However,
interpretation of HRV is demanding owing to the complexity
of the human cardiac system; changes in and the behavior of
HRV varies across individuals.
HRV parameters are usually measured using electrocardiogram
(ECG) or photoplethysmogram (PPG). Electrocardiography is
a noninvasive method for monitoring the electrical activity of
the cardiovascular system using electrodes attached to the skin.
It is the gold standard for monitoring HR and HRV parameters,
but cannot be used for long-term monitoring. In contrast,
https://mhealth.jmir.org/2022/6/e33458
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photoplethysmography is an optical method for monitoring
heart activity and is more convenient for use in home and
free-life settings. It is an easy-to-implement method that is used
in many clinical and commercial wearable devices. Therefore,
it is increasingly used in remote health monitoring systems.
Most studies have investigated changes in HRV in an episodic
manner, using 1-time ECG recording of pregnant women at
different gestational weeks or during labor [16-20]. In addition,
in most longitudinal studies, 10 to 30 minutes of ECG were
recorded from pregnant women once per trimester or monthly
during pregnancy [7,21-24] and postpartum period [4]. The
recordings were performed while the women were resting in a
predefined position (usually supine position) in a laboratory
setting. Stein et al [1] conducted 24-hour HRV recordings with
pregnant women 4 times during pregnancy and once before
pregnancy. Continuous measurements of HRV during pregnancy
and early postpartum period may provide new and valuable
information about the HRV patterns.
Although existing studies have characterized changes in HRV
during pregnancy and the postpartum period, they have been
limited to short-time recordings of ECG signals a few times
during pregnancy. Some of these studies compared pregnant
women at different gestational weeks with nonpregnant women
to identify HRV trends. However, comparing HRV from
different individuals can be inaccurate because HRV is unique
for each person and is dependent on various parameters such
as age and sex among many other factors [25]. In addition, other
studies have collected few ECG recordings from the same
individuals. Thus, owing to the limited number of measurements,
the results cannot reliably capture the changes. Moreover, only
Stein et al [1] collected data in home-based settings, whereas
all the other studies used laboratory settings to collect HRV
parameters.

Objectives
In this paper, we aimed to analyze the nighttime HRV trends
during pregnancy and postpartum period. To the best of our
knowledge, this study is the first to collect continuous PPG
signals from pregnant women, in everyday settings over a long
period. We used an Internet of Things (IoT)-based system to
collect PPG signals from 58 women, several times a day during
pregnancy and the first 3-month postpartum period. The
continuous monitoring of HRV parameters enabled us to
accurately detect HRV trends regarding in-person and
between-person differences. Moreover, we analyzed the trends
of normalized HRV parameters. The normalization was
performed based on average HR to remove the effect of HR
changes on HRV parameters. In addition, we added age, BMI,
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and education level to our analysis as controlling factors and
analyzed their effects on HRV trends. In summary, the
contributions of this study were as follows:
1.

2.
3.

Continuous monitoring of HRV in pregnant women, in
everyday settings using a customized, remote, IoT-based
monitoring system.
Analyzing HRV trends during pregnancy and postpartum
period during the night.
Analyzing normalized HRV trends during pregnancy and
postpartum period during the night.

Methods
Study Design
HRV parameter trends during pregnancy and postpartum period
were investigated in a longitudinal study using an IoT-based
system. The system used a smartwatch to remotely collect HRV
parameters and a cross-platform mobile app to collect
background and delivery-related information. The collected
data were transferred to the cloud server for further analysis.
The use of such a home-based system during pregnancy and
postpartum period was evaluated in a previous study [26]. The
findings of this pilot study indicated the feasibility of the study,
robustness of the system, and reliability of the collected HRV
parameters.

Participants and Recruitment

Sarhaddi et al
with both high-risk and low-risk pregnancies were recruited.
Women with high-risk pregnancies were required to have a
history of preterm birth (22-36 weeks of gestation) or late
miscarriage (12-22 weeks of gestation). Women with low-risk
pregnancies were required to have a history of full-term
uncomplicated pregnancy and no pregnancy loss. All eligible
participants had to be aged ≥18 years, understand Finnish, and
have a smartphone running Android or iOS. The recruitment
goal for each group (high risk and low risk) was 30 participants,
for a targeted total of 60 participants.
Recruitment was performed via advertisements on social media
and in maternity clinics from January 2019 to March 2021. The
researcher scheduled face-to-face meetings with eligible
pregnant women. During the meetings, the pregnant women
were informed about the objective of the study. After the
participants provided written informed consent, they were
provided with a smartwatch and instructions. Moreover, our
customized cross-platform mobile app was installed on their
smartphone. Participants were asked to wear the smartwatch
continuously during pregnancy and for 3 months after delivery.
A total of 62 women were recruited (n=32, 52% in the high-risk
group and n=30, 48% in the low-risk group), but 13% (4/32) of
the women in the high-risk group withdrew from the study.
Finally, all participants in both the high-risk and low-risk
pregnancy groups were combined into 1 group for the analyses
because there were no significant differences in their HRV
trends. Table 1 shows the participants’ background information.

Women with singleton pregnancies who were at 12 to 15 weeks
of gestation were recruited from southwest Finland. Women
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Table 1. Participants’ background information (n=58).
Parameters

Values

Age (years), mean (SD)

31.9 (4.9)

BMI (kg/m2), mean (SD)

25.98 (5.96)

Marital status, n (%)
Married or cohabitation

57 (98)

Other

1 (2)

Work status, n (%)
Working

44 (76)

Student

7 (12)

Unemployed

1 (2)

Other

6 (10)

Education, n (%)
High school

24 (41)

College

18 (31)

University

16 (28)

Pregnancy planned, n (%)
Yes

53 (91)

No

5 (9)

Duration of pregnancy at recruitment (week+day), mean (SD)

14+3 (1+4)

Duration of pregnancy at birth (week+day), mean (SD)

36+4 (9+6)

Mode of delivery, n (%)
Vaginal

48 (83)

Cesarean

10 (17)

Infant birth weight (g), mean (SD)

Data Collection
Data collection was performed using the Samsung Gear Sport
smartwatch and a cross-platform mobile app. The lightweight
smartwatch was chosen based on its onboard sensors, battery
life, configurability, internal memory, and processing unit.
Moreover, the smartwatch provided access to raw PPG signals
and enabled continuous data collection. The watch runs the
Tizen operating system, which is open source. The open-source
platform enabled us to develop customized data collection
applications for the watch. We used the smartwatch to collect
12 minutes of PPG signals every 2 hours at a sampling frequency
of 20 Hz. The setup was selected to enable battery life of 2 to
3 days after each full recharge [26]. The collected data were
stored on the internal storage of the smartwatch. We also
developed an application for the smartwatch to send the data
manually through the Wi-Fi connection to our cloud server. We
asked the participants to upload their data regularly. The internal
storage was sufficient to store the collected data for 2 months.
However, we sent notifications to the participants if they did
not upload the data for 2 weeks. In addition, a cross-platform
mobile app collected background information about pregnancy
and infant-related data after delivery.
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3532.7 (561.2)

We collected PPG signals for extracting HRV parameters.
Nighttime PPG data were used in this study to extract the HRV
trends during pregnancy and postpartum period. Daytime PPG
data were discarded as participants were involved in various
activities and environments during the day, making PPG signals
unreliable owing to movement artifacts and environmental
noises.

Data Analysis
Overview
We analyzed the collected data on the cloud server. Data
analysis included several steps, as shown in Figure 1. First, we
identified and extracted reliable PPG signals. Then, a peak
detection method was used to extract the peaks and IBIs. In the
next step, we normalized the reliable signals to reduce the effect
of HR changes on HRV parameters (refer to the Parameter
Normalization section). We used reliable signals and normalized
signals to extract reliable HR and HRV parameters. Then, we
leveraged the HRV parameters during the nighttime, when
resting HR has the lowest value and artifacts would be minimum
to analyze HRV trends during pregnancy and the postpartum
period. Finally, we used hierarchical linear mixed (HLM)
models to analyze the trends of HRV parameters during
pregnancy and the postpartum period.
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Figure 1. Data analysis pipeline. HR: heart rate; HRV: HR variability; IBI: interbeat interval; PPG: photoplethysmogram.

Extracting Reliable Signals
PPG is a noninvasive optical method for extracting HR and
HRV parameters. This method is easy to implement, and many
wearables include PPG sensors. However, this method is
susceptible to environmental noise and motion artifacts. Such
noise can affect the quality of the signal and the accuracy of the
analysis [27,28]. Therefore, unreliable signals must be detected
and discarded. Reliable signals are expected to have similar
waveforms, whereas unreliable signals have diverse waveforms
as they are affected by different motion artifacts and
environmental noises [29]. First, we extracted several
morphological features from the signals and heart cycles. Then,
we chose skewness, kurtosis, approximate entropy, Shannon
entropy, and spectral entropy based on the scoring value for
clustering [29]. We trained a support vector machine classifier
using these features to distinguish between the reliable and
unreliable PPG signals. Using this classifier, we discarded
unreliable signals and used reliable signals in our analysis.

Peak Detection and IBI Extraction
We used a bandpass filter with cutoff frequencies of 0.7 Hz and
3.5 Hz to enhance PPG signals by filtering noises that are not
in human HR ranges. Then, we used the peak detection method
based on the moving average, as described in [30], to find the
peaks that correspond to heartbeats. The method is enabled by
an adaptive threshold, which considers the variations in the
morphology and amplitude of PPG signals [31]. Then, the
detected peaks were used to extract IBI, which is the interval
between 2 consecutive peaks. In the error detection phase, IBIs
that deviated >30% from the mean IBIs of the segments (5
minutes of signals) were removed from the IBI lists. We
leveraged the HeartPy library in Python for this analysis [31].
https://mhealth.jmir.org/2022/6/e33458
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Parameter Normalization
Studies suggest that HRV parameters are significantly associated
with average HR [32]. Therefore, changes in HRV parameters
result from changes in HR or HR variation [32]. In addition,
several studies have found that HR increases during pregnancy
[1,2]. We normalized the HRV parameters based on HR to
cancel the inevitable effect of HR changes on HRV parameters.
Moreover, normalization is required to compare the HRV
parameters of different people, because each person’s HR and
resting HR are unique. Normalization was performed by dividing
the IBIs by the corresponding average IBI values [33].

HR and HRV Extraction
We used the detected peaks to extract HR, the number of peaks
(heartbeats) per minute. HRV parameters were obtained by
extracting the variation in IBIs and normalized IBIs in the PPG
signals. We used short-term HRV analysis, which requires
5-minute recordings of reliable PPG signals [25,34]. We
leveraged the IBIs in each 5-minute window of reliable PPG
signals to extract time-domain HRV parameters, including
average of normal IBIs (AVNN), RMSSD, and SD of normal
IBIs (SDNN), and frequency-domain parameters, including LF
(power in low-frequency range), HF (power in high-frequency
range), and LF/HF (LF to HF ratio). These parameters can be
reliably extracted at a sampling frequency of 20 Hz [35].
The time-domain HRV parameters show the variation in IBIs
during the monitoring period. The SDNN in the 5-minute resting
measurements
mainly
shows
the
variation
in
parasympathetically-mediated respiratory sinus arrhythmia.
RMSSD reflects the variation in successive normal IBIs.
Moreover, RMSSD is the most commonly used HRV parameter
for investigating vagal changes [25].
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The frequency-domain HRV parameters decompose the HRV
to different frequency ranges. LF can be produced by both
parasympathetic and sympathetic systems. HF reflects the
parasympathetic nervous system and is correlated with RMSSD
[25]. Moreover, LF/HF shows the ratio of LF to HF.

We also computed the corresponding normalized parameters
discussed in the Parameter Normalization section. The
normalization resulted in normalized SDNN (nSDNN),
normalized RMSSD (nRMSSD), normalized LF (nLF),
normalized HF (nHF), and nLF/nHF. The HRV parameters used
in this study and their definitions are presented in Table 2.

Table 2. Heart rate variability parameters.
Parameter and types

Unit

Description

AVNN

ms

Average of normal IBIsa

SDNN

ms

SD of normal IBIs

nSDNN

ms

SD of normalized IBIs

RMSSD

ms

Square root of the mean of the sum of the squares of differences between adjacent normal IBIs

nRMSSD

ms

Square root of the mean of the sum of the squares of differences between adjacent normalized IBIs

LF

ms2

Power in low-frequency range (0.04-0.15 Hz)

nLF

ms2

Power in low-frequency range (0.04-0.15 Hz) in normalized IBIs

HF

ms2

Power in high-frequency range (0.15-0.4 Hz)

nHF

ms2

Power in high-frequency range (0.15-0.4 Hz) in normalized IBIs

LF/HF

N/Ab

Ratio of LF to HF

nLF/nHF

N/A

Ratio of nLF to nHF

Time-domain

Frequency-domain

a

IBI: interbeat interval.

b

N/A: not applicable.

Statistical Analysis
We used HLM models [36,37] to analyze the trends in the HRV
parameter. The HLM method considers within-person and
between-person changes. The HLM model supports multilevel
statistical analysis when we have repeated measurements that
are not independent and can correctly model correlated errors
[36]. This model assumes a linear relationship between
dependent and independent variables. It also enables hierarchical
analysis and comparison of continuous dependent variables
during different time frames (eg, before-after studies) [36].
We used the HLM models to evaluate the changes in HRV
parameters during monitoring. We investigated trends in the
second trimester (16-28 weeks of gestation), third trimester
(29-40 weeks of gestation), and postpartum period (12 weeks
after delivery). In the HLM models, HRV parameters were
treated as dependent variables and time (days) was the
independent variable. Therefore, the HLM model investigated
HRV trends in the desired period while considering the
dependency of the measurements from individual participants.
We also used background parameters including age, BMI, and
education level as controlling factors and analyzed their
correlation with the HRV trends. We removed occupation, which
is correlated with education level; planned pregnancy; and
marital status, as there were few samples of unplanned
pregnancy and not married or cohabitation marital status.
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We included data from all the participants in the second
trimester and postpartum period analyses. However, we removed
the data of 12% (7/58) of the participants from the third trimester
analysis owing to preterm births. It should be noted that 43%
(25/58) of the participants had term delivery before the 40th
gestational week and 21% (12/58N) of the participants had
delivery after the 40th gestational week.
We also used HLM models to compare the second trimester
with the third trimester, the second trimester with the postpartum
period, and the third trimester with the postpartum period. For
these analyses, we used HRV parameters as the dependent
variable, time (days) as a within-person independent variable,
and 1 binary independent between-person variable showing the
comparing periods. We also included age, BMI, and education
level in the analysis. The HLM model enabled us to perform
this multilevel statistical analysis, comparing HRV trends
between 2 time frames. Similarly, we included only the
participants with term birth in the third trimester. All the
analyses were performed using the statsmodels library in Python
[38].

Ethics Approval
This study received ethics approval from the Ethics Committee
of the Hospital District of Southwest Finland (Dnro:
1/1801/2018). Written informed consent was obtained from all
the participants.
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Second Trimester

Results
Overview
In this section, we present the HR and HRV parameters collected
during the second and third trimesters and the 3-month
postpartum period. We also present the correlation between HR
and HRV trends and age, BMI, and education level. Then, we
compare the trends of HRV parameters between the second and
third trimesters and between each trimester and the 3-month
postpartum period. Data from 58 women were included in this
study. The results include 166.5 (SD 46.9) reliable night data
per participant during the study, with a total of 9826 night data
(70% of possible data) included in this study.

A total of 77.70% (4123/5306) of reliable night data were
collected in the second trimester. On average, each participant
had 69.9 (SD 15.1) reliable night data in the second trimester.
HLM model results showed that HR increased significantly,
whereas the time-domain parameters (AVNN, SDNN, nSDNN,
RMSSD, and nRMSSD) and the frequency-domain parameters
(LF, HF, and nHF) decreased significantly during the second
trimester. In addition, the results showed no significant
association of BMI and education level with HR and HRV trends
in the second trimester. However, there was a significant
association between age and nSDNN, nRMSSD, HF, and
LF/HF. Increase in age was associated with a slight decrease in
nSDNN, nRMSSD, and HF and a slight increase in LF/HF.
Tables 3 and 4 show the intercept; slope of changes; association
of age, BMI, and education level with trends; and the average
HR and HRV parameters at the end of the second trimester.

Table 3. HRa and time-domain HR variability trends during the second and third trimesters and the postpartum period.
HR

AVNNb

SDNNc

nSDNNd

RMSSDe

nRMSSDf

Intercept (P value)

62.736 (<.001)

916.443 (<.001)

84.023 (<.001)

9.079 (<.001)

89.293 (<.001)

9.986 (<.001)

Slope (P value)

0.045 (<.001)

–0.585 (<.001)

–0.082 (<.001)

–0.006 (<.001)

–0.103 (<.001)

–0.007 (<.001)

Age, coefficient (P value)

0 (.99)

0.748 (.77)

–0.737 (.09)

–0.080 (.047)

–0.774 (.07)

–0.091 (.03)

BMI, coefficient (P value)

0.141 (.19)

–1.211 (.38)

–0.059 (.80)

–0.002 (.93)

–0.001 (.99)

0.002 (.93)

Education level, coefficient
(P value)

–0.816 (.46)

14.151 (.32)

1.801 (.47)

0.112 (.64)

2.440 (.29)

0.189 (.41)

Final values, mean (SD)

71.1 (7.08)

853 (85)

53.2 (18.05)

6.2 (1.8)

58.7 (22.1)

6.7 (2.1)

Intercept (P value)

81.324 (<.001)

708.181 (<.001)

69.787 (<.001)

9.237 (<.001)

70.275 (<.001)

8.366 (<.001)

Slope (P value)

–0.025 (.006)

0.345 (.002)

0.084 (<.001)

0.007 (<.001)

0.071 (<.001)

0.006 (.97)

Age, coefficient (P value)

–0.131 (.55)

1.905 (.45)

–1.063 (.02)

–0.135 (.002)

–0.984 (.009)

–0.092 (.20)

BMI, coefficient (P value)

0 (.97)

0.278 (.83)

–0.049 (.83)

–0.009 (.68)

–0.003 (.99)

–0.021 (.57)

Education level, coefficient
(P value)

–1.540 (.19)

17.459 (.20)

5.678 (.01)

0.462 (.049)

6.755 (.001)

1.044 (.006)

Final values, mean (SD)

68.6 (7.2)

886.9 (99.5)

65.8 (24.7)

7.2 (2.8)

65.5 (26.6)

7.5 (3.1)

Intercept (P value)

47.237 (<.001)

1216.255 (<.001)

115.321 (<.001)

9.481 (<.001)

135.233 (<.001)

11.620 (<.001)

Slope (P value)

–0.009 (.37)

0.130 (.46)

0.001 (.95)

–0.001 (.69)

–0.037 (.12)

–0.004 (.01)

Age, coefficient (P value)

0.289 (.099)

–4.729 (.14)

–1.320 (.009)

–0.086 (.03)

–1.857 (.001)

–0.139 (.002)

BMI, coefficient (P value)

0.097 (.33)

–1.258 (.48)

–0.161 (.56)

–0.003 (.90)

–0.154 (.62)

–0.007 (.76)

Education level, coefficient
(P value)

–0.300 (.77)

5.721 (.76)

–0.122 (.97)

–0.053 (.82)

1.168 (.71)

0.061 (.81)

Final values, mean (SD)

58.5 (5.9)

1037.7 (105.3)

67.3 (21.6)

6.5 (2)

69 (24.2)

6.7 (2.2)

Periods and variables
Second trimester

Third trimester

Postpartum period

a

HR: heart rate.

b

AVNN: average normal interbeat intervals.

c

SDNN: SD of normal interbeat intervals.

d

nSDNN: normalized SDNN.

e

RMSSD: root mean square of the successive difference of normal interbeat intervals.

f

nRMSSD: normalized RMSSD.
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Table 4. Trends of frequency-domain heart rate variability parameters during the second and third trimesters and the postpartum period.
Periods and variables

LFa

nLFb

HFc

nHFd

LF/HF

nLF/nHF

Second trimester
Intercept (P value)

1045.893 (<.001) 2.422 (<.001)

2990.343 (<.001)

4.727 (<.001)

–0.248 (<.001)

0.565 (.002)

Slope (P value)

–3.109 (<.001)

0.001 (.72)

–4.224 (<.001)

–0.007 (.003)

–0.061 (.10)

0.001 (.007)

Age, coefficient (P value)

–6.285 (.62)

–0.031 (.17)

–44.543 (.045)

–0.046 (.32)

2.775 (.001)

–0.003 (.57)

BMI, coefficient (P value)

2.167 (.75)

0.012 (.33)

–9.352 (.42)

0.035 (.17)

0.766 (.12)

0.002 (.48)

Education level, coefficient
(P value)

48.903 (.50)

0.173 (.17)

71.438 (.55)

0.017 (.95)

–3.943 (.43)

0.033 (.23)

Final values, mean (SD)

677.7 (517.4)

2.3 (1.4)

1085.2 (1220.7)

3.7 (1.9)

0.83 (0.55)

0.8 (0.4)

Intercept (P value)

1008.979 (.03)

4.248 (.001)

1743.362 (.01)

6.166 (.001)

0.67 (.84)

0.995 (.003)

Slope (P value)

0.424 (.44)

0.006 (.09)

2.767 (.007)

0.004 (.21)

–0.097 (.11)

0.001 (.28)

Age, coefficient (P value)

–19.456 (.12)

–0.070 (.03)

–40.218 (.04)

–0.098 (.054)

2.440 (.008)

–0.004 (.68)

BMI, coefficient (P value)

1.655 (.80)

–0.018 (.28)

–5.994 (.53)

–0.001 (.97)

0.367 (.44)

–0.006 (.17)

Education level, coefficient
(P value)

92.269 (.17)

0.238 (.17)

221.413 (.02)

0.261 (.35)

–5.113 (.28)

0.030 (.51)

Final values, mean (SD)

926.9 (956.7)

2.6 (1.9)

1607.7 (2156.1)

4.4 (2.5)

0.77 (0.40)

0.7 (0.4)

Intercept (P value)

2124.653 (.002)

2.486 (.09)

4969.652 (<.001)

6.670 (.001)

–0.397 (.27)

0.416 (.02)

Slope (P value)

2.415 (.05)

–0.005 (.40)

–0.682 (.63)

–0.001 (.77)

0.234 (.004)

–0.002 (.05)

Age, coefficient (P value)

–29.427 (.14)

–0.012 (.78)

–94.705 (<.001)

–0.054 (.33)

3.498 (<.001)

0.006 (.25)

BMI, coefficient (P value)

0.327 (.98)

0.023 (.33)

–13.985 (.32)

0.022 (.47)

0.528 (.35)

0.002 (.40)

Education level, coefficient
(P value)

–50.704 (.64)

0.279 (.24)

22.307 (.88)

–0.291 (.36)

–5.332 (.35)

0.053 (.06)

Final values, mean (SD)

1307.9 (920.6)

2.5 (2.5)

1486.4 (1327.6)

5.3 (2.8)

1 (0.48)

0.6 (0.3)

Third trimester

Postpartum period

a

LF: low-frequency power.

b

nLF: normalized LF.

c

HF: high-frequency power.

d

nHF: normalized HF.

Third Trimester
During the third trimester, 70.25% (2716/3866) of reliable night
PPG data were collected. Each participant had an average of
53.2 (SD 15.1) reliable night PPG data in the third trimester.
The HLM models show that HR decreased significantly, whereas
the time-domain parameters (AVNN, SDNN, nSDNN, and
RMSSD) and frequency-domain parameter (HF) increased
significantly during the third trimester (refer to Tables 3 and 4
for details). Moreover, the results indicated that high education
level was associated with high SDNN, nSDNN, RMSSD,
nRMSSD, and HF. It also showed that increase in age was
associated with a slight decrease in SDNN, nSDNN, RMSSD,
nLF, and HF and a slight increase in LF/HF.
Considering both trimesters as a whole, the models indicated
that HR significantly increased (P<.001), whereas AVNN,
SDNN, RMSSD, LF, and HF decreased during pregnancy (with
P<.001, P=.04, P=.001, P=.44, P=.44, respectively). However,
during the last weeks of pregnancy, starting from pregnancy
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week 35, HR began to decrease and HRV parameters (AVNN,
SDNN, RMSSD, LF, and HF) began to increase, but they did
not reach the level of pregnancy week 16 before the delivery.

Postpartum Period
In the postpartum period, 62.05% (2987/4814) of reliable night
PPG data were collected from the participants. Each participant
had an average of 53.4 (SD 19.7) reliable night data in this
period. During the first 12 weeks after delivery, the time-domain
parameter (nRMSSD) decreased slightly and the
frequency-domain parameter (LF/HF) increased slightly (Tables
3 and 4). The results indicated that increase in age was
associated with a slight decrease in SDNN, nSDNN, RMSSD,
nRMSSD, and HF and a slight increase in LF/HF. Moreover,
the results showed no significant correlation between the
duration of pregnancy and trends of HR and HRV parameters
during postpartum period. Figures 2 and 3 represent the trends
of HR, time-domain, and frequency-domain HRV parameters
during pregnancy and the 3-month postpartum period.
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Figure 2. Weekly mean and 95% CI of heart rate (HR) and time-domain HR variability parameters during pregnancy and postpartum period. The
number of participants with reliable data per week is also indicated. The vertical line indicates pregnancy week 28 and separates the second and third
trimesters. AVNN: average normal interbeat intervals; RMSSD: root mean square of the successive differences of normal interbeat intervals; nRMSSD:
normalized RMSSD; SDNN: SD of normal interbeat intervals. nSDNN: normalized SDNN.
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Figure 3. Weekly mean and 95% CI of frequency-domain heart rate variability parameter during pregnancy and postpartum period. The number of
participants with reliable data per week is also indicated. The vertical line indicates pregnancy week 28 and separates the second and third trimesters.
HF: high-frequency power; LF: low-frequency power; nHF: normalized HF; nLF: normalized LF.

Comparison of Trends in HRV Parameters Among
the Second Trimester, Third Trimester, and 3-Month
Postpartum Period
We compared the trends of HRV parameters among the second
trimester, third trimester, and postpartum period.
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The Second and Third Trimesters
The time-domain HRV parameters, including AVNN, SDNN,
nSDNN, and RMSSD, and some frequency-domain parameters,
including LF, HF, and nHF, were slightly higher in the third
trimester than in the second trimester. Moreover, HR was
slightly high in the second trimester.
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The average increase in HR from the beginning of the second
trimester to week 34, when HR reached its highest level was
6.58 beats per minute (bpm). Time-domain parameters, AVNN,
SDNN, nSDNN, RMSSD, and nRMSSD, were 77.3, 7.8, 0.4,
9.5, 0.5 milliseconds lower, respectively, at the beginning of
the third trimester than the beginning of the second trimester.
In addition, the slope of per-day changes in HR was slightly
lower, whereas this slope was slightly higher for AVNN, SDNN,

nSDNN, RMSSD, nRMSSD, LF, HF, and nHF in the third
trimester than in the second trimester (Tables 5 and 6).
Moreover, the decrease in HRV trends, including SDNN,
nSDNN, RMSSD, nRMSSD, and HF, in the third trimester
compared with the second trimester was slightly higher in
younger women than in older women. However, in this
comparison, the difference in LF/HF slightly increased with
increase in age.

Table 5. Comparison of HRa and time-domain HR variability parameters between the second and third trimesters, second trimester and postpartum
period, and third trimester and postpartum period.
Comparisons and variables.

HR

AVNNb

SDNNc

nSDNNd

RMSSDe

nRMSSDf

Second trimester and third trimester
Slope (P value)

−0.080 (<.001)

1.052 (<.001)

0.149 (<.001)

0.010 (<.001)

0.168 (<.001)

0.011 (<.001)

Intercept (P value)

6.128 (<.001)

−77.279 (<.001)

−7.793 (<.001)

−0.377 (<.001)

−9.535 (<.001)

−0.529
(<.001)

Age (years), coefficient (P
value)

0.015 (.93)

0.017 (.99)

−0.859 (.03)

−0.090 (.02)

−1.097 (.006)

−0.119 (.003)

BMI (kg/m2), coefficient (P
value)

0.125 (.23)

−1.316 (.32)

−0.101 (.65)

−0.007 (.75)

−0.071 (.74)

−0.002 (.94)

Education level, coefficient
(P value)

−1.396 (.20)

19.196 (.16)

2.257 (.33)

0.153 (.50)

3.689 (.10)

0.274 (.23)

Second trimester and postpartum period
Slope (P value)

−0.061 (<.001)

0.800 (<.001)

0.079 (<.001)

0.004 (.009)

0.077 (<.001)

0.003 (.02)

Intercept (P value)

−8.135 (<.001)

133.327 (<.001)

10.458 (<.001)

0.235 (.002)

7.776 (<.001)

−0.062 (.32)

Age (years), coefficient (P
value)

0.071 (.68)

−1.067 (.68)

−0.843 (.046)

−0.086 (.02)

−1.208 (.009)

−0.114 (.005)

BMI (kg/m2), coefficient (P
value)

0.122 (.22)

−1.202 (.41)

−0.047 (.84)

0.005 (.83)

−0.046 (.86)

0.002 (.94)

Education level, coefficient
(P value)

−0.780 (.44)

11.211 (.45)

1.493 (.55)

−0.005 (.98)

2.057 (.42)

0.138 (.55)

Third trimester and postpartum period

a

Slope (P value)

0.026 (<.001)

−0.306 (.003)

−0.101 (<.001)

−0.008 (<.001)

−0.102 (<.001)

−0.009
(<.001)

Intercept (P value)

−14.686 (<.001)

212.495 (<.001)

19.492 (<.001)

0.691 (<.001)

18.524 (<.001)

0.541 (<.001)

Age (years), coefficient (P
value)

0.121 (.47)

−1.801 (.47)

−0.921 (.02)

−0.080 (.03)

−1.142 (.002)

−0.108 (.003)

BMI (kg/m2), coefficient (P
value)

0.097 (.29)

−1.538 (.27)

−0.132 (.55)

0.001 (.98)

−0.193 (.36)

−0.010 (.64)

Education level, coefficient
(P value)

−1.330 (.16)

15.663 (.28)

2.892 (.21)

0.243 (.25)

4.053 (.06)

0.381 (.08)

HR: heart rate.

b

AVNN: average normal interbeat intervals.

c

SDNN: SD of normal interbeat intervals.

d

nSDNN: normalized SDNN.

e

RMSSD: root mean square of the successive difference of normal interbeat intervals.

f

nRMSSD: normalized RMSSD.
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Table 6. Comparison of frequency-domain heart rate variability parameters between the second and third trimesters, second trimester and postpartum
period, and third trimester and postpartum period.
Comparisons and variables

LFa

nLFb

HFc

nHFd

LF/HF

nLF/nHF

0.003 (.29)

5.628 (<.001)

0.010 (.002)

−0.061 (.25)

0 (.70)

−371.246 (<.001) −0.419 (.005)

0.338 (.89)

0.172
(<.001)

Second trimester and third trimester
Slope (P value)

2.776 (<.001)

Intercept (P value)

−248.629 (<.001) 0.396 (<.001)

Age (years), coefficient (P val- −12.053 (.29)
ue)

−0.046 (.06)

−58.317 (.004)

−0.063 (.13)

0.027 (.003)

−0.003 (.61)

BMI (kg/m2), coefficient (P
value)

−0.220 (.97)

0.003 (.82)

−10.722 (.34)

0.023 (.34)

0.005 (.30)

0 (.93)

Education level, coefficient (P
value)

42.367 (.52)

0.171 (.22)

105.380 (.36)

0.051 (.84)

−0.041 (.43)

0.023 (.46)

Second trimester and postpartum period
Slope (P value)

5.261 (<.001)

−0.007 (.045)

3.748 (<.001)

0.002 (.57)

0.287 (<.001)

−0.003
(<.001)

Intercept (P value)

194.724 (<.001)

0.754 (<.001)

311.128 (<.001)

1.073 (<.001)

−1.367 (.63)

0.061 (.16)

Age (years), coefficient (P val- −12.415 (.36)
ue)

−0.025 (.36)

−64.949 (.004)

−0.048 (.28)

3.152 (.001)

0.001 (.85)

BMI (kg/m2), coefficient (P
value)

1.922 (.80)

0.028 (.08)

−8.505 (.49)

0.030 (.23)

0.706 (.16)

0.003 (.27)

Education level, coefficient (P
value)

36.128 (.65)

0.223 (.16)

69.474 (.58)

−0.013 (.96)

−3.490 (.48)

0.066 (.01)

Third trimester and postpartum period

a

Slope (P value)

1.773 (.05)

−0.015 (.002)

−3.219 (.001)

−0.007 (.12)

0.377 (<.001)

−0.005
(<.001)

Intercept (P value)

496.288 (<.001)

0.240 (.28)

765.852 (<.001)

1.488 (<.001)

−2.648 (.40)

−0.160
(.008)

Age (years), coefficient (P val- −17.497 (.22)
ue)

−0.039 (.23)

−65.002 (.001)

−0.079 (.09)

2.629 (.004)

0.002 (.79)

BMI (kg/m2), coefficient (P
value)

2.643 (.73)

0.011 (.56)

−13.823 (.20)

0.012 (.65)

0.530 (.32)

−0.002 (.63)

Education level, coefficient (P
value)

18.376 (.82)

0.224 (.23)

142.030 (.19)

0.028 (.92)

−5.352 (.30)

0.045 (.28)

LF: low-frequency power.

b

nLF: normalized LF.

c

HF: high-frequency power.

d

nHF: normalized HF.

The Second Trimester and Postpartum Period
In the postpartum period, HR was significantly lower (on
average 8.1 bpm), and the time-domain parameters, AVNN
(133.3 milliseconds), SDNN (10.5 milliseconds), nSDNN (0.2
milliseconds),
RMSSD
(7.8
milliseconds),
and
frequency-domain parameters LF (195.1 square milliseconds),
nLF (0.7 square milliseconds), and HF (312.4 square
milliseconds) were significantly higher than those in the second
trimester. The slope of changes in HR was slightly lower,
whereas the slope of changes in AVNN, SDNN, nSDNN,
RMSSD, nRMSSD, LF, nLF, HF, LF/HF, and nLF/nHF was
higher than those in the second trimester (Tables 5 and 6). The
difference between the trends of SDNN, nSDNN, RMSSD,
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nRMSSD, and HF decreased, whereas the difference in LF/HF
slightly increased with increase in age.

The Third Trimester and Postpartum Period
In the postpartum period, HR was significantly lower (on
average 14.7 bpm) than that at the beginning of the third
trimester. However, the time-domain parameters, AVNN,
SDNN, nSDNN, RMSSD, and nRMSSD, and frequency-domain
parameters, LF, HF, and nHF were, on average, 212.8
milliseconds, 19.4 milliseconds, 0.7 milliseconds, 18.5
milliseconds, 0.5 milliseconds, 495 square milliseconds, 764.6
square milliseconds, and 1.5 square milliseconds higher,
respectively, at the beginning of the postpartum period than at
the beginning of the third trimester. The slope of changes in
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AVNN, SDNN, nSDNN, RMSSD, nRMSSD, nLF, HF, and
nHF was slightly higher, whereas the slope of changes in LF
was slightly lower in the third trimester than in the postpartum
period (Tables 5 and 6). In addition, the difference between the
trends of SDNN, nSDNN, RMSSD, nRMSSD, and HF
decreased, whereas the difference in LF/HF slightly increased
with increase in age.

Discussion
Principal Findings
Our results show that HR increased significantly during the
second trimester, whereas it slightly decreased during the third
trimester. During the postpartum period, HR continued to
decrease, but the reduction was not statistically significant;
however, compared with pregnancy, HR was significantly low
during the postpartum period. On average, HR increased by 6.6
bpm from 16 weeks to 34 weeks of gestation, after which, it
started to decrease.
The trends detected in this study are consistent with the previous
review by Loerup et al [2], in which the mean increase was 7.6
(95% CI 1.8-13.4) bpm from 10 weeks to 40 weeks of gestation.
The increase in HR during pregnancy is considered
physiological and explained by elevated blood volume, which
results in increased cardiac output [7].
Regarding HRV, the time-domain parameters and their
normalized values decreased significantly during the second
trimester and, then, increased significantly during the third
trimester. However, these parameters did not reach the level of
those during the second trimester. In the postpartum period, the
time-domain parameters were stable, and only nRMSSD
decreased. Regarding the frequency-domain parameters, LF,
HF, and nHF decreased significantly during the second trimester,
whereas nLF/nHF increased slightly. During the third trimester
and postpartum period, the parameters were stable, except HF,
which increased, and LF/HF, which decreased slightly. Changes
in HRV parameters occur owing to the pregnancy and the
physiological changes in the woman’s body [1]. The trend in
HRV parameters during pregnancy was decreasing, with values
returning to normal after delivery [3-5].
The results indicated that BMI is not significantly associated
with HRV trends. In addition, younger women had higher
nSDNN, nRMSSD, and HF in the second trimester and lower
SDNN, nSDNN, RMSSD, nRMSSD, and HF and slightly lower
LF/HF during the third trimester and postpartum period than
older women. These results are consistent with previous studies
showing a negative correlation between age and HRV
parameters [25]. Furthermore, the results showed that more
educated women had higher SDNN, nSDNN, RMSSD,
nRMSSD, and HF during the third trimester than the less
educated women, which may indicate low stress level in highly
educated women. Previous studies also showed that highly
educated people experienced low stress in a stressful situation
[39], and low education level is identified as a determinant of
stress during pregnancy [40].
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Comparison With Previous Work
To the best of our knowledge, this is the first paper that describes
and evaluates HR and HRV parameters measured using PPG
signals continuously during pregnancy and the postpartum
period in participants’ normal daily lives during the night.
Previous studies have been limited to a few samples assessed
in controlled environments during pregnancy and the postpartum
period. Only Stein et al [1] performed a study in free-living
conditions; they measured HRV using Holter ECG for 24-hour
periods during pregnancy.
Continuously measured HR followed the physiological trends,
increasing as the pregnancy proceeded and returning to normal
during the postpartum period. However, it is notable that in this
study, we did not measure HR levels before pregnancy; thus, it
is not possible to confirm whether HR levels returned to
prepregnancy levels during the 3-month follow-up. Several
studies have shown that HR increases during pregnancy
[7,15,21,24] and decreases again during the postpartum period
[4]. In this study, the detected increase during pregnancy
followed the results of the meta-analysis, which included
>10,000 HR measurements from >8000 women [2]. The small
difference may be explained by the small sample size in this
study and differences in the measurement periods, as our study
measurements started at gestational week 16 and the
meta-analysis started from gestational week 10 [2]. However,
it is suggested that most of the changes in cardiac autonomic
modulation occur within the first weeks after conception [1];
thus, in this study, we were not able to detect the early changes.
Interestingly, according to our study, HR was the highest during
pregnancy week 34 and started to decrease thereafter. In many
previous studies [1,23,24], the last measurement points were
before week 36; thus, the decrease in HR at the end of the
pregnancy may not have been captured. On the basis of the
meta-analysis by Loerup et al [2], a few previous studies have
shown a slight reduction in HR at the end of pregnancy.
However, most studies show a continuous increase during
pregnancy.
The results showed that all the time-domain HRV parameters
measured in this study and the frequency-domain parameters
(LF and HF) decreased during the second trimester.
Furthermore, most of the measured parameters (AVNN, SDNN,
RMSSD, LF, and HF) showed decreasing trends throughout
pregnancy. On the basis of previous studies with intermittent
measurements, the trends of different HRV parameters decreased
during the course of pregnancy [1,7,9,11,15,22-24]. Some
studies also found increasing trends, for example, in LF [23],
and some did not find any significant changes during pregnancy
[16,21]. These conflicting results are partly owing to different
methodological choices, such as limited HRV recordings and
a small number of participants, but they also reflect the
challenges of measuring and interpreting HRV [25].
On the basis of the continuous measurements in our study, a
change from a decreasing trend to a slightly increasing trend in
HRV parameters was observed during the last weeks of
pregnancy, starting at week 35. Most previous studies included
very few or no measurements of HRV after pregnancy week
35; therefore, the change has probably not been detected
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e33458 | p.219
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[1,9,22-24]. Long intervals (eg, weeks) between successive
HRV measurements restrict the findings regarding fine-grained
trends at the end of pregnancy. Continuous measurements
provide opportunities to detect small changes also. In Finland,
pregnant women are entitled to maternity leave starting 5 to 8
weeks before the estimated delivery date [41]. Thus, we could
speculate that one explanation for the changes in HR and HRV
parameters around gestational weeks 34 to 35 could be the
beginning of the maternity leave. Maternity leave allows, for
example, a woman to modify her daily rhythm, and therefore,
the level of stress may decrease. However, this issue requires
more research in the future. It is also notable that the data for
this study were collected partly during the COVID-19 pandemic
and the first wave of restrictions, which may have affected the
behavior and, by implication, changes in the physiological
parameters of the participating women [42].
Some HRV parameters were negatively associated with age,
whereas LF/HF was positively associated with age, in our study.
Several studies have shown similar correlations between age
and HRV parameters [25,43]. Changes in HRV parameters are
also associated with stress, as HRV represents the ability of the
heart to respond to a variety of psychological and environmental
stimuli [44]. Although cardiovascular changes during pregnancy
are physiological, Klinkenberg et al [13] suggested that
psychosocial stress also affects HRV parameters in pregnant
women. Low values of SDNN, RMSSD, and HF and high values
of LF and LF/HF may indicate mental stress [14]. Our results
showed a positive correlation between HRV parameters and
education level in the third trimester, which may indicate low
stress level in highly educated women [39,40]. However,
interpreting HRV parameters regarding stress is difficult owing
to physiological changes during pregnancy and the variety of
potential stressors and individual stress responses [25,44].
During the postpartum period, some of the HRV parameters
(SDNN, RMSSD, LF, and HF) increased as expected, as the
body recovers from the pregnancy and delivery and returns to
the normal nonpregnant state [1,5,19]. It is suggested that
autonomic nervous system recovers approximately 4 months
after delivery [3]. On the basis of only one HRV measurement
during the third trimester and another at 3-month postpartum
period, Heiskanen et al [4] found similar results regarding the
frequency-domain HRV parameters; the parameters significantly
increased from the third trimester to the postpartum period.
They suggest that the optimal time for measuring the recovery
of HRV is 6 months after childbirth; however, possible new
pregnancy or the use of oral contraceptives may affect the results
at that point [4]. In a recently published study by Brown et al
[5], the only significant change in HRV was observed between
the third trimester and 4 to 6 weeks of the postpartum period.
In this study, we continuously collected HRV data from pregnant
women using an IoT-based maternal monitoring system [26].
The system could collect a considerable amount of HRV data.
We were able to extract reliable data from >70% of possible
nights during pregnancy and >60% of nights after delivery. The
results indicate that continuous HRV monitoring with PPG
signals can be used in free-living conditions during pregnancy
and the postpartum period. In contrast to previous studies, our
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results contained fine-grained HRV data, which enabled us to
investigate the trends with more granularity.
HRV monitoring during pregnancy could be used for the early
detection of complications, such as gestational hypertension [6]
and pre-eclampsia [8,9], as reflected in previous studies. For
example, Hossen et al [8] developed a model based on
frequency-domain HRV parameters to distinguish between
pre-eclampsia and normal pregnancy. In addition to interesting
HRV trends during pregnancy and the postpartum period, the
results of this study showed the feasibility of the IoT-based
system for remote HRV monitoring of maternal health. This
system can be further developed to build a personalized model
that uses individual parameters and normal HRV trends for
early anomaly detection. This model may even provide early
warning for mothers in a noninvasive and cost-efficient manner.
This technology could provide a solution to support maternal
health services in low- and middle-income countries. Although
many other efforts are also needed [45], technology could
enhance health equality between urban and rural areas.

Limitations
Women with both high-risk and low-risk pregnancies were
included in the sample; however, no differences were detected
in HRV parameters between the 2 groups, and therefore, the
sample was considered as one group. Only nighttime data were
used for the analyses; the minimum resting HR between
midnight and 6 AM was used to analyze the trend of HR and
corresponding HRV parameters to minimize the effect of noises
and artifacts [25]. HRV was measured using PPG signals, which
were collected with a frequency of 20 Hz. Therefore, our results
need to be interpreted with caution, as not all HRV parameters
can be obtained reliably at this frequency [26,35]. Moreover,
some studies suggest that HRV changes occur mostly during
early pregnancy [1,19], and these changes could not be detected
in this study because data collection started at pregnancy week
16. Our future work will consider using high-frequency PPG
signals to study other HRV trends. Furthermore, when the
participants are involved in different activities, daytime HRV
parameters would also provide interesting data if the noises and
artifacts caused by movement could be removed from the data.
In addition, it would be important to control the HRV analysis
for various confounding factors such as medical conditions (eg,
hypertension) and mental distress.

Conclusions
In this study, we conducted continuous long-term measurements
of HR and HRV from pregnancy week 16 to 3 months of the
postpartum period during participants’ daily lives. The
measurements were performed through the collection of PPG
signals from wearable smartwatches. The results showed that
HR and HRV mainly followed the expected and previously
reported trends; HR increased and HRV parameters decreased
as pregnancy proceeded, and the values returned to normal after
delivery. These trends reflect the normal physiological changes
during pregnancy and postpartum period. However, from the
continuous measurements, we detected that HR started to
decrease and HRV parameters started to increase during the last
weeks of pregnancy. This issue needs more research in the
future. The results also showed a positive association between
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HRV parameters and education level in the third trimester.
Furthermore, our results showed that using PPG signals, it is
possible to follow HRV continuously in free-living conditions.

Sarhaddi et al
Our system could be further developed and used in the future;
for example, to detect abnormalities during pregnancy.
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Abstract
Background: Smart sensors have been developed as diagnostic tools for rehabilitation to cover an increasing number of geriatric
patients. They promise to enable an objective assessment of complex movement patterns.
Objective: This research aimed to identify and analyze the conflicting ethical values associated with smart sensors in geriatric
rehabilitation and provide ethical guidance on the best use of smart sensors to all stakeholders, including technology developers,
health professionals, patients, and health authorities.
Methods: On the basis of a systematic literature search of the scientific databases PubMed and ScienceDirect, we conducted a
qualitative document analysis to identify evidence-based practical implications of ethical relevance. We included 33 articles in
the analysis. The practical implications were extracted inductively. Finally, we carried out an ethical analysis based on the 4
principles of biomedical ethics: autonomy, beneficence, nonmaleficence, and justice. The results are reported in categories based
on these 4 principles.
Results: We identified 8 conflicting aims for using smart sensors. Gains in autonomy come at the cost of patient privacy. Smart
sensors at home increase the independence of patients but may reduce social interactions. Independent measurements performed
by patients may result in lower diagnostic accuracy. Although smart sensors could provide cost-effective and high-quality
diagnostics for most patients, minorities could end up with suboptimal treatment owing to their underrepresentation in training
data and studies. This could lead to algorithmic biases that would not be recognized by medical professionals when treating
patients.
Conclusions: The application of smart sensors has the potential to improve the rehabilitation of geriatric patients in several
ways. It is important that patients do not have to choose between autonomy and privacy and are well informed about the insights
that can be gained from the data. Smart sensors should support and not replace interactions with medical professionals. Patients
and medical professionals should be educated about the correct application and the limitations of smart sensors. Smart sensors
should include an adequate representation of minorities in their training data and should be covered by health insurance to guarantee
fair access.
(JMIR Mhealth Uhealth 2022;10(6):e32910) doi:10.2196/32910
KEYWORDS
personal data; wearable; older adults; autonomy; rehabilitation; smart sensor; machine learning; ethics; access to health care;
justice

https://mhealth.jmir.org/2022/6/e32910

XSL• FO
RenderX

JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e32910 | p.225
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Introduction
Regular physical activity reduces the risk of many chronic
diseases and can significantly contribute to rehabilitation.
Geriatric patients are often affected by reduced exercise
capacity, which leads to mobility restrictions and dependence
on support in daily life [1]. Diagnostic methods can be used to
assess physical activity levels for enhancing rehabilitation.
These include patient-reported outcomes and clinical gait
analyses. A limitation of the methods currently in use is that
the delivered data are often difficult to objectify [2]. To
overcome this limitation, technology developers and physicians
have begun to use smart sensors [3].
Smart sensors combine the measurement and analysis of data.
They can collect a wide range of data and can be used in
different application areas [4]. In this analysis, we focus on the
ethical evaluation of smart sensors that use inertial sensors and
machine learning algorithms to record and analyze complex
movement patterns. For this purpose, patients receive wearable
inertial sensors that record the acceleration in space. Using
machine learning techniques, these inertial data can be assigned
to complex movement patterns, such as standing up from a
chair, opening a door, or even falling. Thus, it is possible to
record the activity patterns of patients and quantify their daily
activity [5]. In this manner, clinicians can objectively assess
patients’ daily physical activity and identify their treatment
needs. Care and rehabilitation measures can be individually
adapted, and treatment progress can be documented [6].
Rehabilitation of geriatric patients using smart sensor technology
has the potential to increase the quality of life for many patients.
However, the recording of such data monitors all daily activities
can be negatively associated with patient surveillance.
The high vulnerability of geriatric patients and the special
characteristics of machine learning algorithms also raise ethical
challenges, which will be discussed in this paper. We
concentrate our research on the following question: What are
the ethical challenges of using smart sensors and how can they
be minimized? Our goal is to identify and analyze the different
ethical values associated with smart sensors and their potential
conflicts, and based on this ethical analysis, provide guidance
to all stakeholders, including technology developers, health
professionals, patients, and health authorities.

Predel et al

Systematic Literature Search
First, the literature on smart sensors in geriatric rehabilitation
was identified through a systematic literature search. We then
inductively extracted evidence-based practical implications of
ethical relevance through qualitative document analysis. PubMed
and ScienceDirect databases were used to identify published
literature between January 2000 and November 2020. The search
was supplemented by using Google Scholar. The literature
search was carried out using the following steps: first,
identification and definition of the research question and creation
of a search algorithm; second, identification of relevant studies;
third, selection of studies; and fourth, reporting of the results
in an ethical analysis based on the principle-oriented approach
of Beauchamp and Childress [7]. Therefore, we combined 2
research methods that are frequently used to assess the ethical
issues of new developments in medical practice: a systematic
review of all ethical aspects and a systematic review of all
ethical values [8,9].
As smart sensors are a novel technology, common synonyms
and related terms have been used to avoid missing relevant
literature. The search algorithm combined the keywords smart
sensor, wearable electronic devices, wearable, intelligent
assistive technology and internet of things with the keywords
geriatric, elderly, rehabilitation, or dementia and ethics, privacy,
empowerment, harm, caregiver, discrimination, informed
consent or autonomy in the titles and abstracts of articles.
Owing to the limited number of eligible ethical analyses, articles
on the use of sensors in the care of older adults, in general, were
also included. The results of these articles were translated by
analogy to the application of rehabilitation. Articles that
discussed only the implementation, development, or technical
specifications of sensor technologies or algorithms were
excluded. No restrictions on article type were imposed.
The search algorithm yielded 701 results (Figure 1). Additional
15 articles were identified through hand search using Google
Scholar. After removing duplicates and screening the titles and
abstracts, 51 articles were considered eligible. After reviewing
the full text, 18 articles were excluded because they did not
meet the inclusion criteria. The excluded articles focused on
younger patients, analyzed different purposes of the application
such as sports or lifestyle, or analyzed other technologies, such
as robots.

Methods
This research is an ethical analysis that aims to examine the
ethical challenges associated with smart sensors in geriatric
rehabilitation.
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Figure 1. Flowchart of the systematic literature search to identify evidence-based practical implications of applying smart sensors in geriatric rehabilitation
resembling the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) statement.

A total of 33 articles were included in this ethical analysis. First,
the content of the articles was screened for key information of
ethical significance. The content of these articles contains
evidence-based practical implications for the application of
smart sensors in geriatric rehabilitation.

ethical evaluation of smart sensors in geriatric rehabilitation.
With our tool, physicians, along with their patients, will be able
to assess which values are more important to them in each
individual case and then weigh the different values against each
other.

Thematic Analysis

Results

Second, a thematic analysis was performed. This is a qualitative
approach for identifying, analyzing, and reporting common
patterns or themes in narratives or text materials. Articles were
explored for recurring themes with a focus on the different
values and aims of smart sensors in geriatric rehabilitation
[10,11].

Ethical Analysis
Third, the identified practical implications of ethical relevance
were grouped, and an ethical analysis was conducted using the
principle-oriented approach of Beauchamp and Childress [7].
If an ethical issue could be examined under more than one
ethical principle, we opted to report the issue under the principle
that was better suited to highlight ethical conflicts. For reducing
biases and omissions, the included articles were critically
examined by at least two authors, as recommended for
systematic reviews of normative literature [12,13]. We pooled
the main ethical issues together after an exchange between the
authors in dichotomous pairs of conflicting aims and values. In
the following sections, we propose an assessment tool for the
https://mhealth.jmir.org/2022/6/e32910
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In this section, we report the ethical challenges identified in the
systematic literature search, grouping them under the 4
principles of biomedical ethics: autonomy, beneficence,
nonmaleficence, and justice.

Autonomy
Respect for autonomy is a fundamental principle of biomedical
ethics and requires ensuring that the patient’s will is respected,
unless it is in direct conflict with other fundamental values and
professional duties. It includes the negative obligation to not
constrain a patient’s actions unnecessarily and the positive
obligation to disclose information that fosters decision-making.
Measures that empower patients tend to increase their autonomy,
whereas interventions that directly restrict their liberties or make
them hesitant to act freely, restrict patients’ autonomy.
The use of smart sensors in rehabilitation can empower patients
by increasing their proactive participation in diagnostics and
allowing them an independent life at home. Patients who were
asked about the use of wearables in rehabilitation indicated that
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they expected to be empowered by this technology to manage
their own health conditions more effectively [14]. Continuous
feedback on the progress of the rehabilitation can motivate
patients to become physically active and continue therapy
[14-16]. Furthermore, it could provide patients with a deeper
understanding of their illness and physical condition [17].
Efficient rehabilitation, aided by smart sensors, can reduce the
need for long-term care. Rehabilitation can be supplemented
by fall detection and home monitoring, enabling patients to stay
at home independently for longer [18,19]. In addition, 58% of
patients using fall detectors had improved independence and
72% felt more confident [20]. Through their proactive
participation in health management and the possibility of living
at home independently for a longer time, patients’ autonomy is
increased by the use of smart sensors.

Privacy
Privacy can be defined as an interest, or even as a right, to be
free from intrusion in personal matters, unless major public
interests justify such an invasion [21]. When using smart
sensors, the protection of privacy requires a person to be left
alone when asked and not be monitored without expressed
wishes. In contrast, data privacy is concerned with the sensitive
handling of data, including their access and use by third parties
[22]. Privacy concerns are one of the biggest hurdles for patients
in the application of supportive technologies [23]. In a study,
Canadian stakeholders were interviewed regarding the
challenges of active assisted living technologies. In 30% of the
mentions, privacy and security were identified as primary issues
[24]. Monitoring patients’ day-to-day activities is highly
intrusive. The feeling of being constantly monitored and
ubiquitous medical diagnostics can lead to stress and anxiety
and may compel patients to adapt their behavior. The evaluation
of all daily activities and a desire to achieve good measurement
results can lead to excessive physical activity. In a study in
which the daily physical activity of patients with chronic
obstructive pulmonary disease was measured using sensors, it
was shown that participants had a 26% higher activity than the
average during the first few days monitored with sensor
technology [25]. In the context of rehabilitation of geriatric
patients, this may lead to stress and overload symptoms. In
consequence, injuries and falls can occur more often.
Patients’ perceptions of privacy loss are significantly influenced
by the intrusiveness of the technology used [18,26]. Owing to
their low-threshold use, smart sensors offer the potential to
minimize the feeling of surveillance through a low degree of
intrusiveness and by only collecting data related to preselected
complex movement patterns. Studies have shown that patients
using smart sensors do not feel violated in their privacy [27].
Patients prefer sensors that can only monitor whether they are
active and do not identify specific activities [28]. In most cases,
it is not clear whether, to what extent and by whom, the gathered
data could be analyzed to conclude information about patients
that was not willingly shared by them.
Patients must be informed of the conclusions drawn from the
data. From movement data, it is possible, for example, to analyze
how often patients use the bathroom, whether they drink alcohol,
or whether they are sexually active. It must be discussed with
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the patient which activities should and could be tracked. Patients
should be trained to switch off or dismount sensors when privacy
is desired so that they are free to undertake the activities they
value and do not have to make unnecessary sacrifices to
maintain an image of themselves that they are comfortable
sharing with the medical team. As nonmaleficence demands
not depriving people from a good they value, loss of privacy
can also be seen as a form of harm [29].

Shared Decision-making
When adequately introduced, the use of smart sensors can
improve the patient-medical professional relationship and
increase autonomy by strengthening the patient’s role as an
equal partner. Medical professionals and patients can make
therapeutic decisions together, based on data collected by the
patient [16,30,31].
Empirical studies have assessed the impact of smart sensors on
patient-physician relationships. Patients were asked whether
they expected a change in their relationship with their medical
professional through wearable technology during rehabilitation.
They stated that they expected an improvement in
communication and a more patient-centered consultation due
to the improved and objective data gathered on their activities
[14]. Patients using smart sensors expressed that they were well
informed and that decision-making between medical
professionals and patients could be improved [32]. Furthermore,
the diagnostic process is no longer limited to a visit to the
medical practice or hospital; it also takes place beyond these
settings. Thus, patients can receive medical support in everyday
life [33]. Smart sensor technology used at home can be designed
to facilitate contact with medical professionals [34,35].

Beneficence
Overview and General Aspects
The principle of beneficence dictates the orientation of health
professionals’ actions toward the well-being of patients. This
demands that health professionals make use of both their
professional and interpersonal skills to improve the situation of
patients, particularly in helping them to fulfill their wish to live
in their own homes, while ensuring that such choices do not
come at the cost of losing all types of bonds with them.
An advantage of smart sensors is the possibility of independent
home monitoring. Long-term home monitoring can provide
objective movement data on patients’ everyday life. This can
increase the well-being of patients by allowing them to remain
in the comfort of their own homes, but it can also reduce the
number of social contacts [27,36]. In addition, sensors can
contribute to patient safety by extending the monitoring phase
after surgery or by identifying patients at a risk of adverse
events.

Objective Assessment of Daily Activities
Previously, therapy requirements and progress have been
determined using gait analyses or patient-reported outcomes.
These have high inter- and intraobserver variability and are
mostly carried out in a clinical setting [37]. In contrast, sensor
technology offers the possibility of objective long-term home
monitoring. This has the advantage that the complex movement
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patterns of patients can be analyzed in everyday situations and
over a longer period [38]. Decisions for or against a
rehabilitative measure can therefore be made from a broad
database. Patients can receive therapy adapted to their everyday
life [16]. Thus, autonomy and independence can be promoted
in everyday life to benefit patients.

Extended Monitoring and Injury Prevention
The use of smart sensors can lead to more individualized
therapies for geriatric patients in their homes. Geriatric patients
have a high acceptance of sensory technology for long-term
home monitoring during rehabilitation [28]. After surgery,
patients often remain in the ward for several days for monitoring.
Sensor technology can significantly extend monitoring time
without the need to keep patients hospitalized. Thus, treatment
needs, which only become clear in the patient’s everyday life
after discharge, can be identified. Patients benefit from greater
security without having to spend more time in the hospital.
Owing to the low-threshold use of smart sensors, opportunities
for screening and prevention have expanded. People who are
expected to need treatment in the future because of hospital
stays, comorbidities, or old age can wear sensors in their
everyday life. If conspicuous movement patterns appear,
practitioners can be informed, enabling them to assess an
intervention or rehabilitation need. Thus, the user can benefit
from preventive intervention [3]. Furthermore, sensor
technology can be used by risk groups to identify and prevent
critical events, such as falls [39]. For many patients, an increased
sense of security is one of the main reasons for using sensor
technology [40,41]. A total of 85% of patients who used a fall
detector stated that it improved their safety [20].
The large amount of data collected by smart sensors can be used
by machine learning algorithms to detect different anomalies
and then take early steps to address health threats. If a patient
goes to the bathroom more often than usual, it could be a sign
of urinary tract infection or diabetes mellitus. A decrease in the
number of outdoor activities could be a result of depression. It
must be determined which activities the sensor technology
should record and whether findings must be interpreted as
relevant for rehabilitation.

Nonmaleficence
The principle of nonmaleficence indicates that new medical
technologies should not disadvantage or harm patients through
medical intervention or even diagnosis. The biggest threats to
using smart sensors in geriatric rehabilitation are the misuse of
patients’ private data and the uncritical acceptance of data
provided by the sensors. A major threat to patients is the misuse
of data by unauthorized persons. Cyberattacks can steal data
from various devices and servers. Owing to the interconnectivity
between smart sensors and digital health records, as well as the
multiple users and use outside of protected hospital networks,
smart sensors represent vulnerable targets for cyberattacks [42].

Accuracy
In the detection of complex movement patterns, inaccurate
activity detections can occur and cause harm to patients.
Algorithms may not recognize or they may misclassify
movements [19]. Incorrectly classified events can lead to an
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overestimation of patient’s health. Conversely, the need for
rehabilitation or lack of therapeutic success can be overlooked
[17]. Therefore, uncritical acceptance of movement data by
medical professionals poses a risk to patients. Sensors can
support the medical professional’s subjective assessment of
care needs with objective data, but cannot replace a complete
examination [43]. By increasing the autonomy of patients, there
has also been a shift in the roles of patients and medical
professionals. The patient is the one who has to apply the sensor
technology. As a result, the expectation is placed on the patient
to provide high-quality data. Therefore, patients gain more
responsibility in the diagnostic process. This could lead to more
autonomy but could also jeopardize data quality [44].

Missing Holistic Assessment
By reducing direct contact with medical professionals and
relying more on smart sensors, there is a risk of patients being
reduced to the data collected [17]. Social contact with medical
professionals is an essential component of therapy. Collecting
data on only one physiological parameter, such as movement
patterns, does not provide a holistic assessment of health
conditions and the rehabilitation process. A holistic assessment
can only be discerned through direct interaction with health care
professionals [27,34]. Successful treatment requires contact
with a medical professional who communicates the results of
a diagnosis with empathy and is aware of the patient’s
circumstances [30]. The feeling of being monitored can reduce
the trust between patients and medical professionals and the
acceptance of sensor technology. Moreover, patients may
overestimate the accuracy and potential of smart sensors [19].

Justice
Overview and General Aspects
The principle of justice refers to 2 distinct principles: first, that
like cases be treated alike and second, to a fair, equitable, and
appropriate distribution of health care in society. This demands
that every patient should have adequate access to essential health
care, regardless of gender, ethnicity, sexual orientation, religion,
age, or socioeconomic status [7]. Smart sensors are expensive
and can therefore lead to discrimination on the basis of
socioeconomic differences. Owing to the dependence on the
accuracy of the training data, algorithmic analyses could lead
to a discrimination against minorities that are underrepresented
in the training data. Geriatric patients who have less experience
with technical tools can be at a disadvantage. Conversely,
patients living in underserved regions may benefit from the use
of sensors in combination with telemedicine. In addition, the
success of rehabilitation measures aided by smart sensors
depends on the capability of users to use digital technologies,
or more broadly, their digital literacy.

Socioeconomic Differences
High prices during early technology adoption lead to inequalities
in access to personalized rehabilitation. For many patients, the
acceptance and adoption of sensors depends on their cost [45].
The use of wearable sensors such as smartwatches shows major
demographic and socioeconomic differences. Mainly young,
wealthy people buy smartwatches [23]. An additional negative
consequence is that smart sensors are optimized on these early
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adopters, basing the algorithms and the design of the software
and hardware on a subpopulation that does not reflect the
diversity of the population with rehabilitation needs. New
developments that do not solely rely on external systems and
are adapted for the geriatric population could overcome this
limitation. If sensors are not covered by health insurance and
must be purchased by the patients themselves, there will be
major inequalities in the medical care of the population [46].

Discrimination of Vulnerable Groups
The diagnostic accuracy of smart sensors and the algorithms
used by them depends on the training data. Thus, there are
differences in accuracy depending on the population group.
Population groups that are underrepresented in the training data
do not benefit from a high algorithmic output accuracy. They
must adapt to the standard defined by the training data even if
their movement patterns are normal for their group [17,47].
Furthermore, the movement patterns of men and women differ
in some aspects. An algorithm trained using male movement
data has a higher output accuracy for men than for women.
Similar conclusions can be drawn for other population groups,
such as older adults. Studies have shown that it is possible to
predict the gender and age of participants with inertial data from
gait analysis [26].
There is also a risk of disparity between age groups. The use
and function of technical devices are difficult to understand for
many older adults. The application of smart sensors in the
context of geriatric rehabilitation requires extensive training
and education of patients so that they can learn the limitations
and correct application of sensor technology and thus benefit
from its advantages [46]. Monitoring technologies can cause
feelings of stigma and frailty in geriatric patients [27]. Their
use can be seen by patients as an admission of frailty and illness
to themselves and the social environment [48]. Wearing sensors
in public can reveal illnesses or disabilities to strangers [27,49].
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In order to mitigate this, smart sensors can be integrated into
clothes or smart watches [50]. By giving patients the opportunity
to choose between different types of application, the feeling of
stigma can be actively reduced.

Increasing Numbers of Patients Can Be Treated
Smart sensors have the potential to provide high-quality care
to each patient. The quality of human-influenced treatment
depends heavily on the experiences, prejudices, and daily
constitution of medical professionals. Smart sensors developed
and evaluated in congruence with ethical principles offer the
possibility of consistently delivering high-quality treatment
[51]. Owing to automated data collection and processing, smart
sensors offer the possibility of treating more patients at a
consistent and even higher quality of care. In many places, there
is a supply gap between urban and rural areas in specialized
medical care. By using smart sensors in combination with
telemedicine, patients in underserved regions can be connected
to medical specialists [3]. As previously discussed, this requires
extensive training, which not all patients, especially geriatric
patients, can follow. Furthermore, fair access to new promising
technologies, such as smart sensors, must be guaranteed in rural
areas.

Discussion
Principal Findings: Conflicting Aims and Values
Our ethical analysis showed that the rehabilitation of geriatric
patients can generally be improved using smart sensors.
However, we found conflicting values and aims that doctors
and patients must consider when using smart sensors for
rehabilitation. The use of smart sensors involves 4 pairs of
conflicting ethical values and aims, which patients should
sufficiently understand to provide informed consent and
maintain compliance with optimal use (Figure 2).

Figure 2. Conflicting aims and values.

Proactive participation in diagnostics and gaining independence
can increase patient autonomy. However, gains in autonomy
come at the cost of privacy. Owing to the continuous monitoring
of patients’ daily activities, privacy can be violated if sensors
are too intrusive, and patients have no control over their data.
Moreover, when patients are aware that they are being
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surveilled, they may refrain from doing certain things that they
value.
In contrast to smart sensors in dementia care, sensors that are
used in rehabilitation are not intended to be used for
surveillance, but for promoting autonomy by assisting
rehabilitation measures. Increased autonomy and the benefits
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of home monitoring conflict with protecting patients’ privacy.
The treatment team receives sensitive information using sensor
technology in everyday life. The use of wearable technologies
carries the risk of increasing the intended or unintended
disclosure of sensitive health information [52]. This information
is not consciously shared by patients with a specific health
professional but is automatically collected by a technical
instrument. It might not always be clear to patients who has
access to this information and what the data reveal. To guarantee
confidentiality of the information collected by sensors,
authorized recipients must be specifically defined.

can support medical professionals’ subjective assessments of
care needs using objective data [43]. The treatment team should
critically question and contextualize the algorithmic output at
any time [17]. As smart sensors reduce the number of social
contacts with medical professionals, it is important to keep in
mind that solitude is one of the largest welfare and mental health
issues among older adults [55]. Although medical treatment
may be the only social activity of a significant number of older
adults, it should be noted that such interactions do not solve the
problem of solitude. Better alternatives outside the therapeutic
context should be offered for public mental health.

It is important that the patient be educated about the extent of
the invasion of their privacy. Therefore, medical professionals
must understand what conclusions can be drawn from the data
in addition to the daily activity patterns. It is crucial to keep in
mind that future developments could allow further data analysis
and thus reveal unforeseen information, which could extend the
invasion of patient privacy. Smart sensors are an attractive target
for cyberattacks, because they collect valuable data and are
often used in unprotected private settings. To protect the privacy
of patients, it is important that service providers protect the data
from unauthorized access and misuse. Regular secure backups,
anonymization of the data, and limiting remotely accessible
data can reduce the risk of data theft. Patients must be
adequately informed and educated about this risk, ways to
reduce it, and how they can avoid being monitored when privacy
is desired [42].

To improve the accuracy of the sensor technology, developers
need to work on the accuracy of smart sensors if they are used
for monitoring patients at risk. Medical professionals need to
be aware that some measures that require high precision may
need to be carried out under their direct supervision and that
there are limits on what can be accurately measured outside
clinical settings. Training should be given on the correct
application of the sensors to empower the patient to increase
the accuracy of the measurements.

Studies have shown that most patients do not feel that their
privacy is violated by the use of smart sensors and are willing
to give up some of their privacy for increased autonomy
[28,41,53]. Depending on the amount of autonomy gained and
the degree of invasion of privacy, there is a different level of
willingness to use this technology. Older people who have an
increased risk of falls or who would benefit from rehabilitative
measures could consent to the invasion of their privacy by
motion sensors in exchange for increased safety and autonomy
[37,47]. In contrast, less vulnerable patients may have fewer
reasons to allow wider intrusion in their personal life. Overall,
patients need to weigh the autonomy gained with the use of
smart sensors against eventual losses of autonomy by feeling
compelled to adapt their behavior when monitored.
Independent measurements are the principal reason for using
smart sensors at home and for monitoring daily activities;
however, if patients are not sufficiently trained in the use of the
sensors, it can lead to decreased accuracy of the data.
Independent measures can increase patient autonomy and
provide the opportunity to monitor daily activity patterns;
however, they come at the cost of a decreased number of social
interactions with medical professionals and reduced accuracy.
Independent measurements provide the opportunity to live
longer at home and generate objective data that represent daily
activity patterns, but they could reduce the number of social
interactions with medical professionals.
It is important that the sensor technology and underlying
algorithm be supportive and not replace the diagnostic process.
Before deciding for or against an intervention, the treatment
team should have direct contact with the patient [54]. Sensors
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To justify the use of public health resources, it is necessary to
prove the increased effectiveness of sensor technology compared
with conventional methods. A cost-effectiveness calculation of
the use of smart sensors needs to fully recognize the multiple
advantages of increased mobility for older adults’ well-being.
In view of the long-term health benefits of increased mobility,
access to smart sensors for rehabilitation should be independent
of the patient’s socioeconomic status. To guarantee fair
distribution, sensor technology should be prescribed by a
physician and covered by health insurance. To ensure patient
participation in areas with limited access, the technology should
be designed such that it can be used independently or at least
with the easy assistance of family members. Specialists can be
contacted during anomalies [34]. We conclude that smart sensors
can provide high-quality, low-cost measurement tools for many
patients. However, because algorithms are seldom developed
and tested for diverse populations, minorities may be at a
disadvantage.
With regard to the principle of social justice, the provision of
modern health care appliances for patients, such as smart
sensors, requires that they are able to efficiently use them in
their daily life. Smart sensors can enhance access to health care
for underserved populations. However, here, as in the case of
other digital instruments in health care, the opportunities
provided by smart sensors are subjected to adequate use and
can result in significant inequalities with respect to who can use
and benefit from them [56]. The foremost is the ability to
understand and use digital technologies, digital literacy. This
ability is heterogenic and conditioned by several components;
for example, skills, resources, and motivations. It has been
observed that the level of literacy in the use of digital
technologies is associated with social attributes of patients, such
as age, level of education, health literacy in general, language
barriers, immigration status, and urban or rural residence [57].
Older adult users face additional barriers when using digital
technologies [58]. Extensive training and education are required
regarding the use of smart sensors. Deficits in trust in digital
health instruments, lack of previous experience with similar
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appliances, low levels of education, or language barriers can
significantly impede this process.
Smart sensors have been used in geriatric rehabilitation. It has
been shown that sensors can support the rehabilitation process
by providing objective monitoring of a patient’s activity level
[6,59]. Thus, medical professionals can define and examine
rehabilitation targets along with patients to track the process.
By using sensors, it is possible to compare the individual
progress of a patient with the expected average progress of other
patients with similar comorbidities. Activity levels can be
tracked outside the therapy session. The data could be used to
justify the extension of rehabilitation measures to insurance
companies [6,59]. The current implementations have already
addressed some of the ethical challenges mentioned in this
paper, but they were used in a hospital setting. Patients were
always able to communicate problems or discomfort with the
sensors to medical professionals. To decrease the feeling of
surveillance, the sensors were located on the lower back of the
patients [6].

Recommendations
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facilitate the effective use of smart sensors. Second, patients
should not have to decide between autonomy and privacy.
Developers should aim at providing solutions that promote
patient autonomy while also ensuring privacy by collecting
minimal amounts of data necessary to operate effectively. The
standard for the ethical implementation of smart sensors should
follow four prerequisites: (1) smart sensors can be activated and
deactivated by the patient, (2) smart sensors are not visible to
the public, (3) smart sensors only collect activity data over
which a patient has control, and (4) they collect the minimal
amount of data needed to allow an accurate diagnosis. In some
cases, we may observe that patients refuse to sacrifice their
privacy for increased autonomy. In such cases, it must be
evaluated together with patients whether and to what extent this
intrusion into privacy needs to be tolerated, how it can be
minimized, and how great the actual benefit of sensors is for
the patient in comparison with alternative treatment options.
Further recommendations for developers, patient education,
health professionals, and health authorities are summarized in
Textbox 1.

Our principal recommendation is to consider multiple factors
affecting digital literacy in the process of patient education to
Textbox 1. Recommendations for developers, medical professionals, and health authorities.
Developers
•

Authorized recipients that have access to specific data must be defined.

•

Data need to be protected from unauthorized access and misuse.

•

Smart sensors should be activated and deactivated by the patient.

•

Smart sensors should not be visible to the public.

•

Smart sensors should only collect activity data over which a patient has control.

•

Minimal amount of data needed to allow an accurate diagnosis should be collected.

•

In order to ensure patient participation in areas with limited access, the technology should be designed so that it can be used independently, or
at least easily, with the assistance of family members.

•

Contact with specialists in the event of anomalies should be facilitated.

Patient education
•

Education of the patient about the extent of invasion of privacy and the conclusions that can be drawn from the data must be done.

•

Training should be given on the correct application of the sensors to empower the patient to increase the accuracy of measurements.

Medical professionals
•

Smart sensors should augment and not replace the diagnostic process. The treatment team should have direct contact to the patient.

•

Algorithmic outputs should be contextualized and questioned critically.

•

Medical professionals should be aware of the limits and accuracy of smart sensors.

Health authorities
•

It is necessary to prove an increased effectiveness of sensor technology compared with conventional methods to justify the use of public health
resources. A cost-effectiveness calculation of the use of smart sensors needs to fully recognize the multiple advantages that increased mobility
has for older adults’ well-being.

•

To guarantee a fair distribution, sensor technology should be prescribed by a physician and covered by health insurance.
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Limitations and Comparison With Prior Work
There are already several articles that analyzed the ethical
challenges of smart wearable sensors, but no article focused on
smart sensors for geriatric rehabilitation [18,31]. Much of the
current literature primarily discusses the ethical challenges of
intelligent assistive technologies for monitoring geriatric
patients, particularly in dementia care [18,60]. There are also
articles that discuss issues with smart sensors used for activity
and mobility monitoring. These articles focus on healthy or
younger participants and rarely discuss the issues of smart
sensors used by geriatric patients in rehabilitation [61,62]. Some
articles discuss the use of other technologies, such as
telemedicine or apps for self-management and tracking in
rehabilitation [63,64]. However, these articles do not analyze
the specific ethical issues associated with tools that are based
on machine learning algorithms.
A limitation of this study is that it did not examine the subjective
perceptions of the main stakeholders. Empirical ethical studies

Predel et al
in the field of smart sensors are insufficient. Further work is
needed to investigate the ethical insights of health professionals
using smart sensors and to study the experiences of patients
who use such sensors.

Conclusions
Smart sensors offer an opportunity for the objective assessment
of complex movement patterns and rehabilitation progress.
Medical professionals must consider and address multiple
conflicting ethical aims. One conflict in aims is that gains in
autonomy often come at the cost of patient privacy. It is
important that patients are educated on the insights that the
collected data reveal and do not have to decide between
autonomy and privacy. Furthermore, smart sensors should not
replace but instead promote interaction with medical
professionals. As smart sensors are complex and novel tools,
medical professionals and patients should be educated on their
correct applications and their limitations. Sensors should be
covered by insurance to guarantee equal access to health care.
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Abstract
Background: There has been a rapid increase in the use of commercially available activity trackers, such as Fitbit, in physical
activity intervention research. However, little is known about the long-term sustained use of trackers and behavior change after
short-term interventions.
Objective: This study aims to use minute-level data collected from a Fitbit tracker for up to 2 years after the end of a randomized
controlled trial to examine patterns of Fitbit use and activity over time.
Methods: Participants in this secondary data analysis were 75 female breast cancer survivors who had been enrolled in a 12-week
physical activity randomized controlled trial. Participants randomized to the exercise intervention (full intervention arm) received
a Fitbit One, which was worn daily throughout the 12-week intervention, and then were followed for 2 years after the intervention.
Participants randomized to the waitlist arm, after completing the randomized controlled trial, received a Fitbit One and a minimal
version of the exercise intervention (light intervention arm), and then were followed for 2 years after the intervention. Average
and daily adherence and MVPA were compared between the 2 groups in the interventional and postinterventional periods using
both linear and generalized additive mixed effects models.
Results: Adherence to wearing the Fitbit during the 12-week intervention period was significantly higher in the full intervention
arm than in the light intervention arm (85% vs 60%; P<.001). Average adherence was significantly lower for both study arms
during the follow-up period than in the intervention period; however, there were statistically different patterns of adherence during
the follow-up period, with the light intervention arm having steeper declines than the full intervention arm over time (P<.001).
Similar to the adherence results, mean minutes of Fitbit-measured MVPA was higher for the full intervention arm than for the
light intervention arm during the 12-week intervention period (mean MVPA 27.89 minutes/day, SD 16.38 minutes/day vs 18.35
minutes/day, SD 12.64 minutes/day; P<.001). During the follow-up period, average MVPA was significantly lower than the
12-week intervention period for both the full intervention arm (21.74 minutes/day, SD 24.65 minutes/day; P=.002) and the light
intervention arm (15.03 minutes/day, SD 13.27 minutes/day; P=.004). Although the mean MVPA in each arm was similar across
the follow-up period (P=.33), the pattern of daily MVPA was significantly different between the 2 groups (P<.001).
Conclusions: While adherence to wearing activity trackers and maintaining physical activities declined after completion of a
12-week exercise intervention, a more active interventional strategy resulted in greater wear time and activity levels during the
intervention and more stable patterns of adherence and activity in the long term. An improved understanding of long-term
maintenance patterns may inform improved exercise interventions that result in sustained increases in physical activity.
Trial Registration: ClinicalTrials.gov NCT02332876; https://clinicaltrials.gov/ct2/show/NCT02332876
(JMIR Mhealth Uhealth 2022;10(6):e37086) doi:10.2196/37086
https://mhealth.jmir.org/2022/6/e37086
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Introduction
There are currently 3.9 million breast cancer survivors in the
United States; most of whom do not engage in sufficient
physical activity to meet current recommendations [1]. Greater
physical activity in breast cancer survivors is associated with
better quality of life, lower risk of all-cause and breast
cancer–specific mortality, and lower risk of recurrent breast
cancer [2-6], but 34% of cancer survivors report no physical
activity in their leisure time [7,8]. An abundance of evidence
demonstrates that interventions to increase physical activity in
breast cancer survivors can be effective in the short term [4,5].
However, there are few studies examining maintenance of
longer-term physical activity behavior beyond the intervention
period [9] and those that do suggest that physical activity
declines over time [10-12]. An improved understanding of
maintenance behaviors is needed to optimize interventions to
sustain increases in physical activity over the long term.
Wearable trackers, such as Fitbit, capture physical activity
behaviors and provide self-monitoring feedback, thereby
offering both greater insight into maintenance behaviors and a
potential method to facilitate sustained improvements in
long-term maintenance.
Self-monitoring is one of the key skills to promote behavior
changes [13], and may have a role in promoting sustained
increases in physical activity in breast cancer survivors. The
behavior change techniques framework proposed by Michie
and colleagues [13,14] suggests that self-monitoring is the skill
most strongly associated with intervention success when
combined with at least one other self-regulatory technique from
Control Theory (eg, receiving feedback on performance and
reviewing progress toward goals) [15,16]. According to Control
Theory, feedback loops provide awareness of discrepancies
between performance and goals that can encourage behavior
change [15]. Wearable trackers facilitate self-monitoring and
feedback loops by passively collecting and providing
information and feedback on progress toward individual goals.
Initial studies on Fitbit adoption have demonstrated that they
are effective in increasing physical activity levels when coupled
with other interventions [17-21], but the novelty of wearing the
tracker wears off over time [22]. Additionally, prior studies
have either been short term or had continued contacts with the
participants in their maintenance phase [22-24]. Studies that
have only utilized Fitbit as a means of behavior change show
no significant changes in physical activity [25-27]. This decline
in novelty, short interventional period, and variable additional
support throughout the intervention may negatively affect use
of the wearable technology when external accountability from
the research study is removed [28-31].
This analysis explored adherence to wearing the Fitbit and
physical activity 2 years after the end of a 3-month randomized
controlled trial comparing a physical activity intervention (full
intervention arm) with a waitlist control that received a “light”
https://mhealth.jmir.org/2022/6/e37086
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intervention (light intervention arm) after completing the
12-week assessments [24]. The aims of this study were to (1)
examine patterns of adherence to wearing the Fitbit between
the full intervention arm and the light intervention arm during
their respective 3-month intervention periods and up to 2 years’
follow-up; (2) examine patterns of Fitbit-measured physical
activity between the full intervention arm and the light
intervention arm during their respective 3-month intervention
periods and up to 2 years’ follow-up.

Methods
Participants and Design
Participants in this secondary data analysis were originally
randomized to a 12-week physical activity intervention group
or a waitlist control group. After completing final measures for
the randomized trial at week 12, participants were invited to
enroll in a maintenance study where their Fitbit data would be
collected for the next 2 years and they would complete online
questionnaires every 6 months over the next 2 years (4 times
total). Participants were asked to provide written informed
consent for participating in the maintenance study. Data from
the original randomized trial and the 2-year follow-up were
collected from February 2015 to July 2018. The intervention
trial was registered with Clinicaltrials.gov (NCT02332876).
Eligible participants were female breast cancer survivors, aged
21-85 years, who were diagnosed less than 5 years prior to study
enrollment, had completed chemotherapy or radiation treatment,
were sedentary (defined as self-reporting <60 minutes of
moderate-to-vigorous physical activity [MVPA] in 10-minute
bouts per week), and had access to the internet and a
Fitbit-compatible computer, tablet, or phone. Exclusion criteria
included any medical condition that could make it potentially
unsafe to be in an unsupervised physical activity intervention
(determined by the Physical Activity Readiness Questionnaire
[32]), other primary or recurrent invasive cancer within the last
10 years, and inability to commit to a 12-week intervention. All
participants who returned for the 12-week assessment were
eligible to enroll in the maintenance study.
A detailed description of the original trial’s protocol was
previously published [33]. Briefly, potential participants were
telephone screened, with interested and eligible women
scheduled for an in-person visit to provide signed informed
consent and complete baseline measures. Participants returned
about 1 week later for their second visit where they were
randomly assigned to 1 of 2 groups, an exercise intervention or
waitlist control, in a 1:1 ratio. After randomization, participants
in both groups reviewed the expectations and requirements of
their group assignment with study staff.

Physical Activity Intervention (Full Intervention Arm)
Participants randomized to the full intervention arm had a 30to 45-minute in-person meeting where they went on a 10-minute
walk at moderate intensity and set personalized physical activity
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e37086 | p.238
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goals with a researcher trained in motivational interviewing
aimed at gradually working up to 150 minutes/week of MVPA.
Participants were given a Fitbit One (Fitbit, Inc./Google) to
self-monitor their physical activity, set up the Fitbit with their
coach, taught how to use it, and taken on a 10-minute walk.
Participants were also informed that their health coach would
be reviewing their Fitbit activity data weekly and that they
would receive feedback on the Fitbit data during the scheduled
phone calls and between calls as needed. Participants received
2 scheduled phone calls (2- and 6-week time points) and emails
every 3 days throughout the 12-week intervention. The
intervention was delivered by a clinical psychologist with
extensive training and experience in promoting behavior change
(SJH) and by a staff member who was trained by SJH. For
further details on the intervention, see Hartman et al [33]. No
additional intervention content and support were received during
the 2-year follow-up period.

Waitlist Plus Light Physical Activity Intervention
(Light Intervention Arm)
After completion of measures at the final visit, participants in
the light intervention arm were provided with a “light” version
of the exercise intervention. In a 15-20-minute in-person
meeting, participants in the light intervention arm worked with
a measurement research assistant to set personalized physical
activity goals. The research assistant had received training on
goal setting from SJH, with a brief introduction to using
motivational interviewing. Participants received the Fitbit One
with instructions on how to use it to support self-monitoring.
Different from the full intervention arm, participants did not set
up the Fitbit with their health coach, they were not told that
their health coach could see their data nor that they would
receive any feedback on their Fitbit data. Participants were also
not taken on the 10-minute walk to demonstrate moderate
intensity. Participants were offered the same 2 phone calls (2
and 6 weeks later), but these calls were framed as optional.
Participants received the same automated emails every 3 days
for the next 12 weeks that the full intervention arm received.

Two-Year Maintenance Study Assessments
At the completion of their respective intervention, participants
in both arms were asked to sync and charge their Fitbit at least
once per week. When participants had not synced their Fitbit
for 2 weeks, study staff would contact them to ask them to sync
and provide any tech support if there were challenges syncing.
Participants also received 4 online questionnaires to complete
every 6 months across the 2-year follow-up.

Measures
The Fitbit One, a commercially available accelerometer-based
activity tracker, was used to examine patterns of physical
activity throughout the 12-week intervention. Fitbit uses a
proprietary algorithm to classify each minute as being in
sedentary, light, moderate, or vigorous activity, and provides
metabolic equivalents (METs) for each minute. Data were
wirelessly uploaded to the user’s Fitbit account online and then
downloaded by the research team through a database called
Fitabase (Small Steps Lab), which allows for collecting data at
the minute level. Daily adherence to wearing the Fitbit tracker
https://mhealth.jmir.org/2022/6/e37086
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was defined as wearing the tracker for over 10 hours in a day
or logging at least some activity (over 1 minute of MVPA). This
definition for a valid Fitbit wear day was used because
participants were not instructed to wear the Fitbit all day; rather
they were instructed to use the Fitbit to track activity. Thus,
wearing the tracker specifically to log MVPA was deemed to
be valid wear based on these instructions. Fitbit wear time was
determined by processing of minute-level Fitbit data using the
R function accel.weartime within the “accelerometry” package
[34]. Nonwear was classified using both steps and METs.
Consistent with standard protocols for ActiGraph accelerometry
wear time [35], greater than 90 consecutive minutes of 0
steps/METs with 2-minute tolerance (ie, for 2 minutes with
nonzero counts during nonwear intervals) was deemed nonwear.
Both groups wore the ActiGraph for 7 days prior to receiving
the Fitbit and starting the full or light intervention. The
ActiGraph GT3X+, a well-validated research-grade
accelerometer [36], provided frequency, duration, and intensity
of physical activity. Using standard guidelines, sufficient
ActiGraph wear time was classified as over 10 hours of wear a
day for at least 5 days or over 50 hours across 4 days and
screened for in the ActiLife software using guidelines outlined
by Choi et al [35]. All complete and valid data were processed
in the ActiLife software using the low-frequency extension and
aggregated to 60-second epochs so that published physical
activity cut points could be applied [37]. MVPA was defined
as 1952 or more counts per minute (3.00-7.00 METs). The full
intervention arm wore the Fitbit and ActiGraph concurrently
for 7 days to assess validity of Fitbit-measured MVPA.
Fitbit-measured MVPA was highly correlated with
ActiGraph-measured MVPA collected on overlapping days
(r=0.81: ActiGraph MVPA/day mean 29.9 minutes, SD 25.90
minutes; Fitbit MVPA/day mean 25.8 minutes, SD 28.76
minutes), as we have previously reported [24].
On the questionnaire administered at 6, 12, 18, and 24 months,
participants were asked if they were still wearing their Fitbit.
If they reported they were not wearing it, they were asked the
reason they stopped wearing the Fitbit.

Statistical Analysis
Participants who did not consent for 2-year maintenance study
were excluded from the analysis. Group differences in baseline
characteristics between those who consented to the 2-year study
and those who did not were assessed using 2-sample independent
t test (unpaired) and chi-square test. Baseline characteristics
were summarized between the full intervention arm and the
light intervention arm.

Adherence to Wearing the Fitbit and Daily MVPA
During the 12-Week Intervention Period and 2-Year
Follow-Up
The mean weekly rolling average adherence to wearing the
Fitbit and mean MVPA were calculated by averaging the
outcomes over the first 12-week period and over the 2-year
follow-up period separately for each individual. Descriptive
statistics and boxplots were used to summarize the adherence
to wearing the Fitbit and MVPA at 12-week and 2-year
follow-up as well as the change from 12 weeks to 2 years.
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Comparison of Adherence to Wearing the Fitbit and
MVPA Between the Full Intervention Arm and the
Light Intervention Arm

examined the model’s deviance and the adjusted R2. Graph of
the best fit was used to display the trends of adherence and
MVPA over the study period.

For comparing mean outcomes and mean change in outcomes
between the 2 intervention groups, we used the following linear
mixed effects model:

Comparison of MVPA Between Preintervention and
Postintervention

E(Y) = β0 + β1 × Arm + β2 × Period + β3 × Arm ×
Period + b0 + b1 × Period
where Arm and Period are binary variables for the study arm
(full or light intervention) and study period (12-week or 2-year
follow-up), respectively; random intercept b0 and random slope
b1 are included to account for correlation among repeated
measures within each individual. The coefficient β1 indicates
the mean outcome difference between the full intervention arm
and the light intervention arm at the first 12 weeks; β1 + β3
indicates the mean outcome difference between the 2 arms at
2-year follow-up; β2 indicates the mean outcome change from
the first 12-week and 2-year follow-up for the light intervention
arm; β2 + β3 indicates the mean outcome change between the
first 12-week and 2-year follow-up for the full intervention arm;
β3 indicates the difference in mean outcome change from the
first 12-week and 2-year follow-up between the full intervention
arm and the light intervention arm. The P value for testing the
significance was calculated based on the estimated coefficient
and estimated covariance from the linear mixed effects model.
To compare the trend of adherence and MVPA between the full
intervention arm and the light intervention arm, we used the
generalized additive mixed effects model (GAMM):
g(y) = β0 + β1 × Arm + s(Time) + s(Time) × Arm
where Time is a continuous variable for the study day (day 1,
day 2, …); s(Time) is the smooth term for “Time”; and s(Time)
× Arm is the interaction term between “Time” and “Arm.”
Models with and without prespecified knots were assessed.
We used the minimized generalized cross-validation score for
smoothness selection. To select the best fitted model, in terms
of the interaction term between time and group and knots
specification in the GAMM, we conducted model comparisons
using analysis of variance and model’s Akaike information
criteria. For the goodness of fit of the chosen models, we
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We also used paired t test to compare the MVPA during the
preintervention period (measured by ActiGraph) with MVPA
during the 12-week intervention, and MVPA during the 2-year
follow-up period for both the full intervention arm and the light
intervention arm. We also compared the preintervention MVPA
between the 2 study groups using the 2-sample independent t
test (unpaired).

Ethics Approval
All procedures were approved by the University of California
San Diego Human Subjects Protection Program (IRB#140694).

Results
Participant Characteristics
Of the 911 women who were screened for eligibility, 97 were
eligible and scheduled for a visit, and 87 participants were
randomized. Most common reasons for being ineligible were
being too active (n=225), unable/unwilling to attend clinic visits
(n=106), breast cancer surgery more than 5 years ago (n=81),
and medical exclusion (n=36). Of the 87 randomized, 75 agreed
to enroll in the 2-year maintenance study: 37/43 in the full
intervention arm (86%) and 38/44 in the light intervention arm
(86%). The current analyses comprise data from the 75
participants who enrolled in the maintenance study. There were
no significant (P>.05) differences in demographic or clinical
variables between participants who did and did not enroll in the
maintenance study.
Participants in the 2-year follow-up study were 75 female breast
cancer survivors who were predominantly diagnosed at stage
1. A little more than half had received chemotherapy and at the
start of the original trial they were on average 2.6 years from
the diagnosis. The average age of participants was 57 years (SD
10.4 years), with the majority being non-Hispanic, White, and
having a college education or greater (Table 1). There were no
significant (P>.05) differences between the 2 arms.
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Table 1. Baseline characteristics by intervention group.
Characteristics

Full intervention (n=37)

Light intervention (n=38)

All (n=75)

Age (years), mean (SD)

58.2 (11.5)

56.2 (9.1)

57.2 (10.4)

Married status, n (%)

27 (72.9)

27 (71.1)

54 (72.0)

BMI (kg/m2), mean (SD)

26.7 (6.4)

27.7 (6.4)

27.2 (6.4)

Some college or less

11 (29.7)

9 (23.7)

20 (26.7)

College graduate

15 (40.6)

20 (52.6)

35 (46.7)

Master or higher

11 (29.7)

9 (23.7)

20 (26.7)

Not Hispanic/Latino

30 (81.1)

33 (86.8)

63 (84.0)

Hispanic/Latino

7 (18.9)

5 (13.2)

12 (16.0)

White

30 (80.1)

31 (81.6)

61 (81.3)

Non-White

7 (18.9)

7 (18.4)

14 (18.7)

Stage 1

22 (59.4)

22 (57.9)

44 (58.7)

Stage 2

11 (29.7)

13 (34.2)

24 (32.0)

Stage 3

4 (10.8)

3 (7.9)

7 (9.3)

Received chemotherapy, n (%)

21 (56.7)

20 (52.6)

41 (54.7)

Time since surgery (months), mean (SD)

31.4 (17.0)

30.6 (16.0)

30.9 (16.4)

Education, n (%)

Ethnicity, n (%)

Race, n (%)

Cancer stage, n (%)

Patterns of Adherence to Wearing the Fitbit
Average adherence to wearing the Fitbit was significantly higher
for the full intervention arm during the 12-week intervention
period compared with the light intervention arm during the
12-week intervention period—mean adherence 85% (SD 23%)
for the full intervention arm versus 60% (SD 34%) for the light
intervention arm (P<.001). In addition, average adherence from
the postintervention to 2-year follow-up period significantly
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dropped from the 12-week intervention period for both the full
intervention arm (45%, SD 33%; P<.001) and the light
intervention arm (30%, SD 31%; P<.001). However, during the
postintervention to 2-year period there were no significant
differences in average adherence between the 2 groups (Figure
1)—mean adherence 40% (SD 35%) for the full intervention
arm versus 30% (SD 32%) for the light intervention arm
(P=.71).
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Figure 1. Box-plots of median and interquartile range of adherence to wearing the Fitbit during the 12-week exercise intervention or “light” intervention
period for each study group, and during the post-intervention to 2-year follow-up period for each study group.

We then compared the temporal patterns of adherence between
the 2 groups during the 12-week intervention period and the
postintervention to 2-year period using the GAMM. While
participants in the full intervention arm had significantly higher

(P<.001) average adherence during the 12-week interventional
period (Figure 2), there was no significant difference in the
temporal pattern of adherence across the 12-week period
(P=.24), with both groups having stable adherence over time.

Figure 2. Weekly rolling average adherence to wearing the Fitbit during the 12-week intervention period for the Full Intervention arm and the 12-week
“light” intervention period for the Light Intervention arm, by group.

By contrast, in the postintervention to 2-year period (Figure 3),
although the average adherence across the entire postintervention
period was similar, the daily adherence over time was
significantly different between the 2 groups (P<.001). While
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there were steep initial declines in both arms, adherence in the
full intervention arm declined more gradually over the remainder
of the study period in comparison with the light intervention
arm.
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Figure 3. Weekly rolling average adherence to wearing the Fitbit after completion of the 12-week intervention period, by group.

A total of 67 participants answered the self-report question of
whether or not they were still wearing their Fitbit. Of these, 32
participants reported that they had stopped wearing their Fitbit:
13 (41%) stated that their Fitbit broke, 12 (38%) reported that
they lost their Fitbit or their charger, 6 (19%) stated that they
were no longer interested in wearing the Fitbit, and 3 (9%)
indicated a health issue that stopped them from being active.
Several participants replaced lost or broken Fitbits during the
follow-up years and then subsequently had a lost or broken
Fitbit a second time or lost interest in wearing it.

Patterns of Fitbit-Measured MVPA
Participants in the full intervention arm significantly increased
average minutes of MVPA from preintervention to across the
12-week intervention period (13.95 minutes/week to 27.89
minutes/week; P<.001) and participants in the light intervention
arm showed a trend for increased average minutes of MVPA
from preintervention to across the 12 weeks (14.64
minutes/week to 18.35 minutes/week; P=.07; Table 2). Although
both arms increased MVPA during the 12-week intervention

period, the full intervention arm had significantly higher average
minutes of MVPA than the light intervention arm (27.89
minutes/week versus 18.35 minutes/week, respectively; P<.001;
Table 2). Similar to the adherence results, during the 2-year
postintervention period the average MVPA significantly dropped
from the 12-week intervention period for both the full
intervention arm (21.74 minutes/week at the 2-year follow-up
vs 27.89 minutes/week at the 12-week intervention; P=.002)
and the light intervention arm (15.03 minutes/week at the 2-year
follow-up vs 18.35 minutes/week at the 12-week intervention;
P=.004), but there was no significant difference in average
MVPA between the 2 groups (P=.33). Although average MVPA
decreased during the 2-year follow-up in comparison to
preintervention MVPA, there was a trend for greater average
MVPA for participants in the full intervention arm (21.74
minutes/week at the 2-year follow-up vs 13.95 minutes/week
preintervention; P=.08), but no difference from preintervention
for the light intervention arm (15.03 minutes/week at the 2-year
follow-up vs 14.64 minutes/week preintervention; P=.26).

Table 2. Minutes per day of moderate-to-vigorous physical activity, by group (N=75).

a

Physical activity

Full intervention
MVPA (minutes/week), mean
(SD)

P value for comparison
of preintervention with
postintervention within
the full intervention
group

Light intervention
MVPA (minutes/week), mean
(SD)

P value for compari- P value for
son of preinterven- comparison betion with postinter- tween groups
vention within the
light intervention
group

Preintervention (ActiGraph)

13.95 (11.96)

N/Aa

14.64 (13.46)

N/A

.83

12-week intervention period (Fitbit)

27.89 (16.38)

<.001

18.35 (12.64)

.07

<.001

2-year follow-up (Fitbit)

21.74 (24.65)

.08

15.03 (13.27)

.26

.33

N/A: not applicable.
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We then compared the temporal patterns of activity between
the 2 groups during the 12-week intervention period and from
the postintervention to 2-year period (Figure 4). Similar to the
adherence results, while the full intervention arm had
significantly higher (P=.002) daily MVPA than the light

Hartman et al
intervention arm during the intervention, there was no difference
in the temporal pattern of daily MVPA across the 12-week
period (P=.99), with both groups having relatively stable daily
MVPA.

Figure 4. Daily Fitbit measured MVPA during the 12-week intervention period for the Full Intervention arm and the 12-week “light” intervention
period for the Light Intervention arm, by group.

While the average MVPA for the entire postintervention period
was similar between groups, the daily MVPA over time was
significantly different between the 2 groups (Figure 5; P<.001).
Among participants who continued to adhere to wearing the
Fitbit, the full intervention arm had a relatively stable trend with
a gradual decline in daily MVPA, while the light intervention
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arm had an irregular temporal pattern with fluctuations in MVPA
over time. Of note, with the relatively low level of adherence
that continued to decline over the follow-up period, the curvature
trend of the daily MVPA in the light intervention arm was
measured in a small number of individuals.
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Figure 5. Daily Fitbit measured MVPA after completion of the 12-week intervention period, by group.

Discussion
Principal Findings
This study examined patterns of wearing an activity tracker and
engaging in MVPA during and after completion of a 12-week
randomized trial of a full exercise intervention in comparison
with a light intervention, through 2 years of follow-up. Our
study yielded several key findings. First, the exercise
intervention, which entailed more comprehensive feedback and
external accountability, resulted in greater adherence to wearing
the Fitbit and minutes of MVPA than the light intervention.
Second, both full and light interventional groups had significant
reductions in adherence and physical activity during the
long-term follow-up. Finally, while both groups had similar
average adherence and MVPA during the postintervention to
2-year period, the full intervention group had a more stable
temporal pattern of adherence and daily MVPA during this time
than the light intervention group, in addition to a trend toward
maintaining some gains in MVPA over preintervention levels.
These results provide new insight into wearable technology and
activity patterns during and after completion of an exercise
intervention and suggest the potential importance of sustained
self-monitoring and feedback interventions to maintain increased
activity levels over time.
We found that the full exercise intervention resulted in greater
daily MVPA in comparison with the light intervention during
the 12-week interventional period. The primary added feature
of the full exercise intervention was external accountability,
where participants were aware that their activity would be
checked by their health coach, discussed with them at planned
phone calls, and would receive additional contacts in between
calls based on their Fitbit data. Our results suggest that this
accountability led to greater adherence to wearing the Fitbit and
https://mhealth.jmir.org/2022/6/e37086
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RenderX

MVPA during the intervention period. Wearing the Fitbit did
not decrease over time during the 12-week intervention period
for either study arm. This may have been due to the external
cues and reminders to wear and sync their Fitbit that participants
received from the emails that came 2-3 times a week during
that period, but stopped at 12 weeks, or may have been due to
the novelty of using a Fitbit. However, wearing the Fitbit
decreased after the intervention period with the most commonly
reported reasons for discontinued use of the Fitbit were that it
broke or was lost. Now that most Fitbits are wrist-worn, it may
help to decrease loss of devices, but devices breaking is likely
to be a continued issue that impacts continued wearing of
devices. With the well-established benefits of self-monitoring
for behavior change, identifying ways to increase long-term
engagement with activity trackers is needed.
We also found that both the full and the light intervention group
increased minutes of MVPA from the preintervention to the
intervention period and maintained it during the 12-week
intervention period. The initial increase in MVPA at the start
rather than gradually increasing overtime may have been due
to the intervention’s goal-setting approach that utilized
motivational interviewing, where participants were allowed to
set any starting goal that they chose. With more studies having
day-level physical activity data, future studies could examine
different methods of setting goals and different patterns of
exercise to see if they relate to long-term maintenance of
activity. This study adds to the literature by demonstrating the
importance of additional intervention components, particularly
increasing external accountability, when using activity trackers
to promote exercise, and the challenges with lost and broken
trackers.
Our study is one of the first to use wearable activity trackers to
assess long-term maintenance of behavior after completion of
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a short-term intervention in breast cancer survivors. Although
some prior studies have assessed long-term physical activity,
they have either examined sustained long-term physical activity
interventions or relied upon self-reported MVPA [9]. In our
study, there were significant declines in wearing the Fitbit and
activity levels after the end of the intervention. This is consistent
with previous studies in cancer survivors that have generally
found that activity levels reduce from the end of the
interventional period [9]. Our results suggest that simply
allowing participants to keep a wearable tracker is not sufficient
to maintain activity levels in the long term. As the novelty of
having the tracker wanes, additional measures, such as continued
external accountability or coaching, may be beneficial.
Although there were significant declines in activity levels during
the postintervention follow-up for both groups, it is interesting
that the temporal patterns of both adherence and physical activity
were more stable in those who received the full exercise
intervention. Comparison of these results with previous trials
is difficult as this study took advantage of having minute-level
physical activity data for months, rather than having brief
snapshots of MVPA from 7 days of accelerometer wear or
self-report. By examining patterns of activity over time we see
that even a short-term intensive exercise intervention may result
in some lasting change in behavior patterns beyond the
intervention period. Together, the results suggest that an
intensive short-term physical activity intervention, coupled with
a continued long-term maintenance intervention, may be
necessary to sustain higher activity levels in the long term.
Further study is needed to develop the optimal short- and
long-term strategies to enhance activity tracker use to achieve
sustained physical activity.

Limitations

Hartman et al
limitations that should be noted. The sample size limited our
ability to detect potentially smaller differences between groups,
including average adherence and MVPA in the postintervention
period. In addition, the progressive decline in adherence to
wearing the Fitbit in long-term follow-up meant that there was
a large amount of missing MVPA data. Without other measures
of MVPA we are unable to know how much activity individuals
were engaging in after their Fitbit broke, was lost, or if they
were no longer interested in wearing, and our results are limited
to those who continued to wear their Fitbit. In addition, the
predominantly well-educated, White non-Hispanic sample may
limit external generalizability. The sample also had a majority
of early stage breast cancer survivors and thus may not
generalize to women with more advanced breast cancer.
Although the initial trial was randomized, there is the potential
for selection bias among those participants who decided to
continue in the long-term study. Finally, knowledge of
participation in the study may have conferred some effect of
external accountability among participants that would not be
present outside of the research setting.

Conclusions
This study examined patterns of wearable technology use and
activity levels among breast cancer survivors during and after
completion of a physical activity intervention. We found higher
activity levels among participants receiving an intervention with
greater engagement and accountability, but that activity levels
reduced in follow-up after completion of the intervention. These
results provide important insights regarding behavior during
and after a physical activity intervention, and may help inform
the design of future interventions to more effectively promote,
both short- and long-term, sustained increases in physical
activity.

This study provides unique insight into long-term activity levels
after completion of an exercise intervention, but there are several
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Abstract
In the “Patient Selection” section in Methods, “Patients with chronic foot ulcers were consecutively enrolled from the outpatient
clinic or during admission from June 2019 to December 2019” should instead be “Patients with chronic foot ulcers were
consecutively enrolled from the outpatient clinic or during admission from July 2019 to December 2019”. Similarly, in the
“Methods” section in the Abstract, “Patients who had a chronic foot ulcer (>3 months) and underwent endovascular therapy
between June 2019 and December 2019 were included” should read “Patients who had a chronic foot ulcer (>3 months) and
underwent endovascular therapy between July 2019 and December 2019 were included”. Lastly, in the “Patient Demographics
and Clinical Features” section in Results, “Between June 2019 and December 2019” should instead be “Between July 2019 and
December 2019”.
(JMIR Mhealth Uhealth 2022;10(6):e39749) doi:10.2196/39749
KEYWORDS
In “Mobile Health–Based Thermometer for Monitoring Wound
Healing After Endovascular Therapy in Patients With Chronic
Foot Ulcer: Prospective Cohort Study” (JMIR Mhealth Uhealth
2021;9(5):e26468) the authors noted three errors.
1.

In the “Methods” section in the Abstract, “Patients who
had a chronic foot ulcer (>3 months) and underwent
endovascular therapy between June 2019 and December
2019 were included” has been corrected to “Patients who
had a chronic foot ulcer (>3 months) and underwent
endovascular therapy between July 2019 and December
2019 were included.”
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2.

3.

In the “Patient Selection” section in Methods, “Patients
with chronic foot ulcers were consecutively enrolled from
the outpatient clinic or during admission from June 2019
to December 2019” has been corrected to “Patients with
chronic foot ulcers were consecutively enrolled from the
outpatient clinic or during admission from July 2019 to
December 2019.”
In the “Patient Demographics and Clinical Features” section
in Results, “Between June 2019 and December 2019” has
been corrected to “Between July 2019 and December 2019.”

The correction will appear in the online version of the paper on
the JMIR Publications website on June 1, 2022, together with
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e39749 | p.250
(page number not for citation purposes)
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the publication of this correction notice. Because this was made
after submission to PubMed, PubMed Central, and other full-text
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repositories, the corrected article has also been resubmitted to
those repositories.
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In “Viewing Mobile Health Technology Design Through the
Lens of Amplification Theory” (JMIR Mhealth Uhealth
2022;10(6):e31069) the authors have one correction.
In the original publication, the last name of author 'Maria Cielito
Robles' was listed as 'Cielito Robles'. This has now been
corrected to 'Robles.'

This change is also reflected in the citation information of the
paper as 'Robles MC.'
The correction will appear in the online version of the paper on
the JMIR Publications website on June 28, 2022, together with
the publication of this correction notice. Because this was made
after submission to PubMed, PubMed Central, and other full-text
repositories, the corrected article has also been resubmitted to
those repositories.
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Abstract
Background: Health consumers are increasingly taking a more substantial role in decision-making and self-care regarding their
health. A range of digital technologies is available for laypeople to find, share, and generate health-related information that
supports their health care processes. There is also innovation and interest in home testing enabled by smartphone technology
(smartphone-supported home testing [smart HT]). However, few studies have focused on the process from initial engagement to
acting on the test results, which involves multiple decisions.
Objective: This study aimed to identify and model the key factors leading to health consumers’ engagement and enablement
associated with smart HT. We also explored multiple levels of health care choices resulting from health consumer empowerment
and activation from smart HT use. Understanding the factors and choices associated with engagement, enablement, empowerment,
and activation helps both research and practice to support the intended and optimal use of smart HT.
Methods: This study reports the findings from 2 phases of a more extensive pilot study of smart HT for viral infection. In these
2 phases, we used mixed methods (semistructured interviews and surveys) to shed light on the situated complexities of health
consumers making autonomous decisions to engage with, perform, and act on smart HT, supporting the diagnostic aspects of
their health care. Interview (n=31) and survey (n=282) participants underwent smart HT testing for influenza in earlier pilot
phases. The survey also extended the viral infection context to include questions related to potential smart HT use for SARS-CoV-2
diagnosis.
Results: Our resulting model revealed the smart HT engagement and enablement factors, as well as choices resulting from
empowerment and activation. The model included factors leading to engagement, specifically various intrinsic and extrinsic
influences. Moreover, the model included various enablement factors, including the quality of smart HT and the personal capacity
to perform smart HT. The model also explores various choices resulting from empowerment and activation from the perspectives
of various stakeholders (public vs private) and concerning different levels of impact (personal vs distant).
Conclusions: The findings provide insight into the nuanced and complex ways health consumers make decisions to engage
with and perform smart HT and how they may react to positive results in terms of public-private and personal-distant dimensions.
Moreover, the study illuminates the role that providers and smart HT sources can play to better support digitally engaged health
consumers in the smart HT decision process.
(JMIR Mhealth Uhealth 2022;10(6):e34685) doi:10.2196/34685
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Introduction
Emerging Smartphone-Enabled Home Testing
“If we can get a test that everyone wakes up and, just like they
put in their contact lenses, they take a test, and if it turns
positive, they stay at home...it will stop the vast majority of
transmission and cause these outbreaks to disappear in a matter
of weeks” [1].
Health consumers are increasingly taking a more substantial
role in decision-making and self-care of their health [2,3]. This
role includes using home-based diagnostic tests (also called
home tests, self-tests, or home-use tests), where new
technologies can expand and enhance our ability to “examine
the body’s inner workings and preoffer an exact explanation of
the person’s present medical condition” [4]. Home testing is
convenient and enhances the efficiency of obtaining test results.
Home tests are generally publicly available (eg, can be sold
over the counter). They allow health consumers to obtain and
test self-collected specimens from their location. Home test
consumers can interpret test results independently without the
help of trained health professionals [5]. Home tests differ from
home collection kits (eg, 23AndMe), which require individuals
to self-collect samples at home, mail them to a laboratory or
clinic for analysis, and obtain the results via phone or a
web-based portal. The more immediate results of home testing
also potentially help to avoid the spread of infections [6].
Currently, numerous biotechnical institutions are targeting new
frontiers in self-diagnostic innovations for viral infections that
aim to be client centered, technically robust, and financially
affordable [7-9].
Health information technology (HIT) is now seen as a
fundamental aspect of patient care as it stimulates patient
engagement and encourages personal health management [10].
Furthermore, health care providers increasingly demand patient
interaction with digital health technologies to enroll in care,
access personal health information, communicate with providers,
and monitor health [11]. Coupling technology with testing
supplies needed to obtain specimens (eg, tubes, containers and
swabs) for home tests can support and reinforce the decision
process and ultimate health care path resulting from diagnostic
testing. Specifically, smartphone-supported home testing (smart
HT) is receiving increasing interest and can give health
consumers the ability to play a more active role in the testing
experience [12-14].
Smart HT content and features support engaged health
consumers in testing safely and independently in their homes,
learning how to manage their illness based on test results,
learning how to manage the spread, and sharing test results for
personal or public health networks electronically [15,16]. Smart
HT may be particularly promising to support personal and public
health concerns (ie, contribute to public health surveillance and
management) related to respiratory viruses, such as influenza
and COVID-19. Furthermore, smart HT may leverage new
https://mhealth.jmir.org/2022/6/e34685
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convenient means of connecting to care options, potentially
minimizing the spread of respiratory viruses. Specifically, a
smart HT accommodating a telemedicine encounter allows
enabled health consumers to act on results through an at-home
connection with health providers, thereby expediting suitable
personal care and minimizing contact with others when
quarantine is appropriate.
Consumer health tools, including smart HT, must be effectively
designed and used [10]. Therefore, it is increasingly important
to understand consumer HIT patterns, including who uses
specific technologies, how technologies are accessed, factors
associated with their use, and perceived and actual benefits [10].
Regarding the practicalities of home testing success, there is an
underlying assumption that the home-based tester is engaged
in the testing process, enabled to perform the test, and
empowered to act in ways conducive to their health (and the
health of others) after receiving results. These assumptions
involve multiple critical decisions that health consumers must
make regarding acquiring the test, self-performing the diagnostic
test, and choosing healthy choices and behaviors after testing
(particularly in response to positive test results).

Smart HT Empowerment and Activation Journey
For infectious disease management, the goal of using smart HT
is for individuals to receive test results and take the best course
of action based on their test results for themselves and society.
A holistic understanding of this journey is required for smart
HT to positively affect both individual and public health. Indeed,
feasibility cannot be genuinely achieved until health consumers
intending to use smart HT are aware, engaged, and empowered
and ultimately respond actively to the test results.
Figure 1 illustrates a patient engagement, enablement,
empowerment, and activation process model (hereafter referred
to as the Smart HT–Empowered Activation Model) informed
by work, resulting from an extensive literature review of these
states by Fumagalli et al [17]. This process model was adapted
to the context of smart HT. The path to empowered activation
includes healthy consumers’ responses to critical personal
assessments, leading to emergent states of engagement,
enablement, and empowerment. Our model shows that achieving
each state is ultimately based on a series of autonomous
assessments in response to the following types of questions:
•
•
•

Am I motivated to engage with the test? (state of
engagement)
Am I enabled to perform the test? (state of enablement)
How am I empowered to act on the results of the test? (state
of empowerment and activation)

It is important to note that this process model assumes that a
health consumer is aware of and has access to smart HT.
Awareness of smart HT can result from the potential user being
the recipient of marketing or trial recruitment efforts (eg,
through trial enrollment, marketplace, and provider) that
promote the acquisition of smart HT. The factors associated
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e34685 | p.255
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with awareness have been addressed in prior research [14,18].
Health consumers who are aware of and have access to smart
HT can become engaged, enabled, empowered, and activated

LeRouge et al
through smart HT use (as illustrated in Figure 1). Descriptions
of these emergent states (engagement, enablement,
empowerment, and activation) are presented in Textbox 1.

Figure 1. Smartphone-supported home testing (Smart HT)–Empowered Activation Model (research questions, RQ's, highlighted).

Textbox 1. Descriptions of engagement, enablement, empowerment, and activation.
Engagement
•

Engagement refers to individual motivation to participate in self-management behaviors.

Enablement
•

Enablement comprises 2 components:
•

having appropriate knowledge, skills, and abilities to understand one’s health condition and make decisions.

•

having appropriate contexts to learn such knowledge, skills, and abilities

Empowerment and activation
•

Empowerment is a consequence of enablement and engagement and takes a form of an emergent state and process:
•

As an emergent state, empowerment allows individuals to have an active role in their own care.

•

As a process, empowerment is a process of “activating” individuals, indicating that someone gains knowledge of how to manage their health
condition and access appropriate health care.

Note: Descriptions derived from a literature review performed in Fumagalli et al [17].

According to Fumagalli et al [17], engagement and enablement
are critical for achieving empowerment and activation. In the
context of smart HT, engaged health consumers are those who
develop the motivation to engage with smart HT, specifically
to test for their health condition by using smart HT. However,
engagement alone is not sufficient to achieve empowerment
and activation, as it is also essential for health consumers to
become enabled. Enabled health consumers have the appropriate
knowledge of how to complete smart HT and the capacity to
perform the test. In the context of smart HT, the technological
aspect of the test is an important component supporting health
https://mhealth.jmir.org/2022/6/e34685
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consumers’ efforts to complete the test successfully. Therefore,
various characteristics of technology need to be considered
when exploring enablement.
As health consumers acquire engagement and enablement, they
achieve an emergent state of empowerment and activation.
When viewed as an emergent state, empowered health
consumers possess a higher level of power and appreciation for
their role in the health care process [17]. An activated patient
is “someone who has...the skills and behavioral repertoire to
manage their condition, collaborate with their health providers,
maintain their health functioning, and access appropriate and
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e34685 | p.256
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high-quality care” [17]. Empowerment and activation can be a
recursive process for smart HT as initial empowerment may be
fueled by individual steps completed successfully as smart HT
testing is enacted, which further fuels empowerment for
downstream steps.
When empowerment is coupled with activation, possession of
knowledge, skills, attitudes, and self-awareness can improve
individuals’ life situations. In the context of smart HT, health
consumers become empowered to enact behaviors that could
affect them personally (eg, self-care) and affect the public (eg,
self-isolation to prevent spread) upon receiving positive test
results.
The attainment of enablement and engagement is affected by
multiple factors. The extensive literature that informed the model
in Figure 1 provides some insight into the basic concepts and
definitions of engagement, enablement, empowerment, and
activation (Textbox 1) [17]. However, we still have a limited
understanding of the factors affecting health consumers’ path
toward engagement and enablement and health consumer
choices resulting from empowerment and activation.
HIT studies that address the antecedents of consumer health
technology use [19-21] do not generally distinguish the factors
related to moving toward states of engagement and enablement.
Instead, these HIT studies tend to focus on demographic factors
(eg, race, sex, and socioeconomic status), health conditions (eg,
overweight or obese), or adherence to healthy behaviors (eg,
eating or physical activity patterns) holistically affecting
adoption without recognizing the emergent states in the process
leading to use or acceptance [21-25]. Furthermore, the literature
on HIT adoption does not explore the various pathways for
smart HT–empowered action. Therefore, in the case of smart
HT, we know little about consumers’ choice of options and
intentions once enabled by the test results. Thus, to fully uncover
and understand consumer patterns, it is imperative to understand
the factors influencing the enablement and engagement states
and the movement to the empowerment and activation process
and emergent states.
This study aimed to gain a deeper understanding of the process
related to achieving patient activation for smart HT by
understanding the factors that affect decisions to move along
the empowered activation process. We addressed this
exploration in the context of respiratory viral infection (RVI),
which is a serious public health threat [26], meriting smart HT
exploration and consideration. We specifically targeted the 3
decision points, particularly interactions with smart HT, by
addressing the following research questions (RQs):
•

•

•

RQ1: For a health consumer aware of smart HT for RVIs,
what factors lead to the emergent state of engagement with
smart HT?
RQ2: For a health consumer aware of smart HT for RVIs,
what factors lead to the emergent state of enablement to
perform smart HT?
RQ3: For a health consumer who is enabled and engaged
with smart HT for RVIs, what choices result from the
emergent state of empowerment to act upon the results
(particularly positive test results) obtained through smart
HT?

https://mhealth.jmir.org/2022/6/e34685
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Methods
Study Overview
The focus of this project is a pilot study of an innovation called
flu@home, a smart HT for influenza. This flu@home pilot is
part of a more extensive research study called the Seattle Flu
Study, which explored the feasibility of using home-based
testing for the surveillance and public health management of
viral outbreaks [27,28]. The flu@home smart HT contains 2
major components: a mobile app and an influenza test kit. The
mobile app was designed to screen participants experiencing
influenza-like illness (ILI) symptoms and facilitate testing of
participants. Once screened, the participants used the app to
consent to the research protocol and order their influenza test
kit. The influenza test kit included materials adapted from an
existing point-of-care lateral flow test called the QuickVue
Influenza A+B test (Quidel Corporation). Once participants
received the influenza test kit, the mobile app gave them
instructions to complete the self-test.
The flu@home pilot comprised four phases: (1) flu@home
smart HT usability study, (2) trial of flu@home, (3)
semistructured interviews regarding the experience of using
flu@home, and (4) a survey of those who used flu@home.
Figure 2 summarizes the 4 phases of the study and describes
the objectives of each phase.
Phase 1 (the flu@home smart HT usability study) focused on
the development of flu@home to meet usability standards.
Participants from phase 1 usability assessments used to inform
the software development were not recruited for the subsequent
phases.
After the development of flu@home, phase 2 (trial of
flu@home) was conducted to determine its accuracy. During
phase 2, the participants had a chance to experience the actual
flu@home test. Phase 2 participants were also recruited for
phases 3 and 4, which explored participants’ experiences with
the flu@home test, various factors affecting engagement and
enablement, and choices resulting from empowerment and
activation.
These multiple phases of the flu@home pilot leveraged mixed
methods (both qualitative and quantitative). Mixed methods
can be valuable for developing and evaluating complex
interventions such as smart HT [29,30]. Studies have recognized
that mixed methods add value by identifying the mechanisms
of complex problems, increasing the validity of the findings,
and providing a deeper understanding of the phenomenon of
interest [31,32]. In this study, we used an exploratory sequential
design described by Creswell and Clark [33], which was used
first to explore a phenomenon of interest (through qualitative
methods) and then clarify the findings by leveraging quantitative
methods. In line with this approach, we collected qualitative
data (phase 3) to explore the decision points and factors
associated with engagement, enablement, and empowerment.
We then conducted a quantitative phase (phase 4) to validate
and further explore various factors affecting decision points
associated with engagement and enablement and choices
resulting from empowerment and activation.
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e34685 | p.257
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The inclusion criteria for phase 2, which also applied to phases
3 and 4, involved eligible participants who were aged ≥18 years,
spoke English, had an iPhone or iPad, and had an ILI (defined
as the presence of a cough and at least one or more of the
following symptoms: fever, chills or sweats, muscle, body aches,
or feeling tired or more tired than usual). Recruitment was

LeRouge et al
limited to individuals in the lower 48 states of the United States
to ensure that they received their flu@home test kit within 2
days of enrolling in the study. Overall, 97.9% (724/739) of
participants who completed phase 2 consented to be contacted
for future, related research and were eligible to participate in
phases 3 and 4.

Figure 2. Study phases (phases 3 and 4 [shown in orange] are the objectives that relate to the scope of this paper). PCR: Polymerase chain reaction.

Semistructured Interviews
Participants from phase 2 (trial of flu@home) were invited to
participate in in-depth, semistructured interviews to share their
experiences with the flu@home smart HT and their beliefs and
attitudes toward using smart HT (for influenza) in the future.
Semistructured interviews involved a series of predetermined,
open-ended questions with probes and prompts to elicit further
information about the phenomenon of interest [34]. We used a
phenomenological approach to conduct semistructured
interviews. Phenomenology allows researchers to explore human
experiences to elicit meanings for individuals by analyzing their
perceptions of the phenomenon of interest [35]. In particular,
we leveraged hermeneutic phenomenology [36]. In hermeneutic
phenomenology (as distinguished from transcendental
phenomenology), pre-existing knowledge and researchers’
understanding of concepts related to the phenomenon of interest
cannot be fully bracketed in interpreting participants’
descriptions of the phenomenon [37]. Phenomenological
hermeneutic semistructured interviews were leveraged to gain
insights into factors influencing decision points associated with
engagement, empowerment, and activation, as well as choices
resulting from enablement [38-41].
Our interview guide (Multimedia Appendix 1 [18,42-46]) aligns
with the phenomenological interview method described by
Bevan [47]. The interview guide included a series of broad and
open-ended questions that allowed participants to express their
opinions extensively and freely. We recognized three aspects
https://mhealth.jmir.org/2022/6/e34685
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in developing a phenomenological interview guide: (1)
contextualization (understanding of participants’ context in
which the experience of the phenomenon of interest is situated),
(2) apprehending the phenomenon (questions related to the
specific phenomenon of interest), and (3) clarifying the
phenomenon (eg, imaginative variation) [47]. In alignment with
the principle of contextualization, our interviews started with
general questions related to participants’ general attitudes and
behaviors related to health. After discussing participants’ general
attitudes and behaviors related to health, our interview questions
transitioned to exploring participants’ experiences with
flu@home and the values and gains associated with using
flu@home (ie, apprehending the phenomenon). Although not
specifically referencing our high-level constructs of interest in
the discussion, these questions aimed to explore engagement,
enablement, and activation in more detail. Finally, we clarified
the smart HT phenomenon using imaginative variation [47].
Imaginative variation is leveraged when the researcher
understands a specific element of a participant’s experience,
which is then applied to varying its structural components to
uncover the invariant parts. We used imaginative variation to
explore hypothetical situations, such as using smart HT in the
future for influenza and other medical issues.
Prior literature was reviewed to inform the semistructured
interview questions and a priori coding schema for data analysis.
We looked to the literature that would provide more insight and
detail into elements of the conceptual framework used in this
JMIR Mhealth Uhealth 2022 | vol. 10 | iss. 6 | e34685 | p.258
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study, precisely, factors affecting engagement and enablement
and choices resulting from empowerment and activation (Figure
1). Two studies that included extensive literature review
especially informed our interview content and a priori coding
schema: the Fumagalli Concept Map of Engagement and
Neighboring Concepts [17] and the Digital Health Engagement
Model (DIEGO) [18].
Fumagalli et al [17] indicated that engagement manifests in
patients’ behaviors to improve their role in health care. Patient
motivation to engage in such behaviors can be determined by
intrinsic influences (eg, proactive role in health care resulting
in the patient making appointments, staying informed about
treatment options, and others) and extrinsic influences (eg,
specific characteristics of health intervention) [17,48]. In
alignment with this view of engagement, we focused on 2
categories of factors affecting decision points associated with
engagement: intrinsic and extrinsic influences.
To inform categories of factors associated with enablement, we
referred to applicable high-level concepts in the DIEGO [18]
The DIEGO model contains multiple categories of factors
associated with an individual’s enrollment in and engagement
with digital health interventions. Some categories of factors in
the DIEGO model point to specific aspects of health consumers’
interactions with digital health, which can enable health
consumers to complete a digital health intervention. We
leveraged factors particularly pertinent to health consumers’
ability to complete the intervention: considering the quality (of
the HIT) and assessing personal capacity (for using the HIT).
Finally, to inform the interview questions and high-level codes
for categories of choices resulting from health consumers’
empowerment and activation, we considered the different levels
of impact (patient and public). These different levels of impact
were partially informed by the DIEGO, which examined
individual-level and public-level engagement with digital health
interventions [18]. We subdivided these categories to consider
proximal associations (familiar and distant). Overall, 4
multilevel choices emerged: patient-familiar, patient-distant,
public-familiar, and public-distant. Patient-familiar actions are
defined as actions that individuals take to care for their illness
in a familiar setting (eg, visiting primary care providers or
self-managing the illness). Patient-distant actions are ways in
which individuals can seek care in a more distant manner (eg,
visiting urgent care or seeking telemedicine consultations).
Public-familiar actions are actions that individuals take to
prevent the spread of their illness to family, friends, coworkers,
and people they interact with frequently. Finally, public-distant
actions are those that individuals take to prevent the spread of
their illness in their community at large, such as sharing their
test results to contribute to the awareness of the illness in their
community.
The interview sample size was guided by data saturation, which
is the point at which additional data collection no longer
generates any new insights [49]. Prior studies with similar study
designs indicate that data saturation can generally be achieved
in data samples ranging from 10 to 40 individuals [50-53].
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Therefore, in alignment with prior studies and general
recommendations for sample sizes, we determined a minimum
of 20 interviews to be an appropriate target number.
We recruited participants in 3 waves to include a diverse
representation of geographic locations and ages (to accurately
reflect the targeted user population). The first wave of the
selection process comprised sorting participants into age groups
(18-24, 25-34, 35-44, 45-64, and ≥65 years) and randomly
inviting them to interviews, selecting participants from each
group. During this initial recruitment wave, we sent 60
participants study invitations assuming that 50% of participants
would sign up for an interview based on completion rates of
home collection studies for other health conditions [54-56]. In
the 2 subsequent waves of recruitment, the proportion of
participants recruited from each age group was adjusted to
ensure sample representation across all age groups. Recruitment
continued until at least 3 participants from each age group were
interviewed in each stratum. A total of 115 participants were
invited, and 31 (26.9%) completed the interviews. Table 1
summarizes the participants’ demographics in phase 2 (trial of
flu@home) and phase 3 (specifically, participants who were
invited to participate in the semistructured interviews and
participants who completed the semistructured interviews).
Confidential 40- to 60-minute semistructured interviews were
conducted using Zoom videoconferencing [57]. A total of 3
research team members with backgrounds in HIT, consumer
technologies, and public health conducted the interviews. In
cases where 2 research team members were present, 1 team
member served as the lead interviewer. The other team members
served the role of scribe and active listeners. The 2 team
members conducting the interview held a debriefing session
after each interview to discuss key points to consider for coding
purposes and discuss the interview protocol flow. Deidentified
interview transcripts were uploaded to Dedoose, a software for
qualitative data analysis.
Thematic analysis was conducted to code the deidentified
interview transcripts. Thematic analysis allows the identification,
analysis, description, and reporting of themes found in
qualitative data [58]. We established the validity and reliability
of the thematic analysis results by following the Lincoln and
Guba [52] criteria for conducting qualitative research.
(researcher triangulation, code reviews, expert feedback, and
resolution meetings [52,59]).
First, we inductively coded (ie, created low-level codes) our
interview transcripts without referring to our conceptual model
(Figure 1). Inductive coding allowed us to capture
phenomenological user experiences with flu@home. Second,
after inductive coding, we referred to an a priori high-level
coding schema (Textbox 2) reflective of our conceptual model
(Figure 1). In particular, we reviewed our low-level codes to
determine potential connections with high-level concepts (ie,
engagement, enablement, empowerment, and activation). During
this step, we found conceptual associations between low-level
codes and high-level concepts in the model.
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Table 1. Demographic data of the sample frame (phase 2 participants) used for semistructured interview (phase 3).
Phase (sample size)

Phase 2: trial of flu@home Phase 3: invited to participate in
Phase 3: completed semistruc(n=724), n (%)
semistructured interviews (n=115), n (%) tured interviews (n=31), n (%)

Age (years)
18-24

86 (11.9)

12 (10.4)

3 (9.7)

25-34

204 (28.2)

34 (29.6)

6 (19.4)

35-44

199 (27.5)

38 (33)

11 (35.5)

45-64

188 (25.9)

21 (18.3)

8 (25.8)

≥65

47 (6.5)

10 (8.7)

3 (9.7)

White

510 (70.4)

78 (67.8)

21 (67.7)

Black or African American

63 (8.7)

10 (8.7)

6 (19.4)

Asian

60 (8.3)

8 (6.9)

0 (0)

Native Hawaiian or other Pacific

4 (0.6)

1 (0.9)

1 (3.2)

American Indian or Alaska Native

17 (2.4)

18 (15.7)

1 (3.2)

N/Aa, other, or prefer not to say

70 (9.7)

2 (1.7)

2 (6.5)

West

214 (29.6)

43 (37.4)

14 (45.2)

Midwest

139 (19.2)

21 (18.3)

5 (16.1)

Southwest

12 (1.7)

2 (1.7)

1 (3.2)

Northeast

197 (27.2)

32 (27.8)

4 (12.9)

Southeast

162 (22.4)

17 (14.8)

7 (22.6)

Ethnicity

Islander

Geographic representation

a

N/A: not applicable.

Textbox 2. Categories of factors (engagement; enablement) and choices (empowerment and activation).
Engagement
•

Intrinsic influences

•

Extrinsic influences

Enablement
•

Considering the quality

•

Assessing personal capacity

Empowerment and activation
•

Patient-familiar

•

Patient-distant

•

Public-familiar

•

Public-distant

To enhance research reliability and validity, the research team
used a constant comparison method to refine coding [49,60].
This procedure involved 2 coders (unfamiliar with the
conceptual model) and an internal auditor (a research team
member with extensive qualitative research methods expertise
who was familiar with the conceptual model). The internal
auditor also reviewed the structure, syntax, and labeling of the
final coding schema and performed a code review of 100% of
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the coded quotes to ensure alignment with the final coding
structure. The coding team met regularly to iteratively discuss
and reconcile initial inductive coding, which included ensuring
that codes were supported by linked quotes, refining coding
categories, and reviewing emerging themes. Once a detailed
inductive coding scheme was in place, the coding team
independently and collectively identified and reconciled the
conceptual associations between the low-level codes (created
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because of inductive coding) and high-level concepts (Textbox
2). The team members traced the codes forward from code to
model and backward from model to detailed codes and their
underlying quotes from the transcripts. Throughout both
inductive and deductive coding, the coding team collectively
discussed and resolved any identified issues with codes
associated with supporting quotes, as well as the structure,
syntax, and labeling of the final comprehensive model.
Reconciling points mainly focused on combining various
subcodes and updating the labels and definitions of individual
codes.

Surveys
The survey contained 3 sections. The first section contained
questions about the participants’ prior engagement with the
smart HT for influenza. The second section contained questions
about the impact of the COVID-19 pandemic on participants’
future engagement and enablement decisions associated with
smart HT for influenza. Finally, the third section contained
questions about participants’ potential engagement, enablement,
empowerment, and activation decisions associated with smart
HT for COVID-19. The survey did not ask participants to
provide demographic information, given institutional review
board cautions in asking demographics to preserve the
anonymous nature of the survey (thus, we were unable to
perform an analysis of demographic and categorical data).
Insights from semistructured interviews informed the survey
questions, which were developed to validate and further explore
factors affecting decision points associated with engagement
and enablement, as well as choices resulting from empowerment
and activation. Further exploration of factors was conducted
because of the emergence of the COVID-19 pandemic. The
research team included additional questions related to
engagement, empowerment, and enablement associated with
smart HT for COVID-19. The survey questions used ordinal
and categorical response options. For ordinal questions, the
research team used a 5-item Likert scale for responses ranging
from strongly agree to strongly disagree. The Likert scale is an
efficient and reliable technique for examining individual
attitudes and perceptions [61,62]. Compared with 7- or 10-point
scales, 5-point Likert scales have been shown to reduce survey
fatigue and increase response rates [63,64]. In addition to
Likert-type questions, the survey included a few categorical
responses that aligned with the nature and purpose of the
questions and were not well-suited to a Likert scale. The
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research team reviewed all the survey questions to ensure clarity.
The results are shared in Multimedia Appendix 2, and the
Results section of this paper showcases the survey questions
relevant to this study.
Participants from phase 2 (trial of flu@home) were recruited
to complete the survey (Table 1 shows participants’
demographics from phase 2). The participants received an initial
recruitment email and a follow-up email a week later. They did
not receive compensation for completing the survey, and no
demographic information was collected.
The anonymous survey was administered using Qualtrics Survey
Platform software [65] in June 2020. In total, 38.2% (282/739)
of eligible individuals from phase 2 completed the survey.
Survey data were analyzed using descriptive statistics (mode,
as well as response distribution counts and percentages), as
appropriate for Likert scales [66].

Ethics Approval
The study design was approved by the University of Washington
Institutional Review Board (STUDY00007627).

Results
Smart HT Engagement Overview
We aligned the general structure of our results with the Smart
HT–Empowered Activation Model (Figure 1), which showcases
the emergent states of engagement, enablement, empowerment,
and activation covered by this study. We provide associated
key interviews and survey highlights under the associated Smart
HT–Empowered Activation Model sections. We provide further
details of our findings in Multimedia Appendix 3 (interview
evidence trace table) and Multimedia Appendix 2 (details of
ordinal survey response questions).

Acquisition of Motivation: Smart HT Engagement
Overview
The acquisition of motivation involved both intrinsic and
extrinsic influences. We identified intrinsic influences covering
specific states (eg, mental distress) and traits (eg, personal
agency) of the users. In addition, the identified extrinsic
influences covered specific characteristics of smart HT (eg,
convenience) and environmental conditions (eg, public health
crisis). Figure 3 summarizes these findings.
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Figure 3. Factors affecting engagement. Smart HT: smartphone-supported home testing.

Smart HT Engagement: Intrinsic Influence Factors
Intrinsic influences include personal agency, awareness and
understanding of viral infection (influenza; COVID-19), mental
distress, and illness symptoms.
Personal agency was stated as a contributing factor to engaging
with smart HT. The participants generally expressed high
personal agency in managing their health. Most interview
participants articulated that they believed they were primarily
responsible for managing their health or acted as equal partners
in their care with their providers. Interviewees perceived the
flu@home smart HT as providing them with choice and control
over when and where to conduct diagnostic testing.
This technology appealed to interview participants who
proactively managed their health, as well as individuals who
self-identified as having poor health behaviors. Therefore,
although we recognize that this may play a role in the decision
process for some, there was no general consensus that health
behaviors and attitudes were influential factors in participants’
considerations of engaging with smart HT.
Awareness and understanding of the illness (in this study,
influenza and COVID-19) was a factor in the interview
participants’ consideration of engaging with smart HT.
Interviewees’ beliefs regarding the severity of seasonal influenza
varied greatly. Those who believed influenza was a minor illness
(frequently referencing a cold) were less motivated to engage
with a self-test than those who perceived influenza as a serious
health concern.
Regarding when health consumers might be motivated to
perform a smart HT, survey responses indicated (Multimedia
Appendix 2) that 96.5% (272/282) of participants strongly or
somewhat agreed that they would use the flu@home test if they
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experienced ILI symptoms. Only 32.6% (92/282) of participants
strongly agreed that they would use flu@home testing when
asymptomatic. As for COVID-19 testing, 95.8% (249/260) of
the participants strongly agreed or somewhat agreed that, if
available, they would use a COVID-19 home test when
experiencing COVID-19–related symptoms. Most survey
respondents (196/260, 75.4% strongly agreed or somewhat
agreed) stated that they would use a COVID-19 home test, even
if they did not experience symptoms common to COVID-19.
To further understand the relationship between the acquisition
of information and motivation stages, it is notable that symptom
onset did not necessarily correlate with the preferred timing of
test acquisition. Specifically, some interview participants
indicated that they might opt to proactively purchase smart HT
to keep at home for convenient access when symptoms (and the
need for testing) arise. One of the participants explained the
following:
I should keep some of the kits at home on an ongoing
basis so that anytime I feel I have this fever, sneezing,
runny nose and all those symptoms.
Moreover, interview participants also indicated that mitigating
mental distress at a time when they were also feeling physically
unwell was a motivating factor for smart HT. When asked what
would make them inclined to use a smart HT instead of going
to a physician, one participant said the following:
And I think that it would be more convenient because
sometimes you just don’t feel well and feel like leaving
the house. It’d be nice because I feel like you might
be able to find out results sooner than if you wait to
go to the doctor...I feel like there’s less pressure when
you’re at home, and you’re more relaxed...I shouldn’t
say pressure, but less stress. There’s always some, at
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least for me, levels of extra stress going to the doctor
just in general. Getting out of the house and sitting
in the waiting room, and being back there, and just
kind of like nervous and stuff, waiting to see what the
doctor’s going say.
We further delved into this issue in the survey. Although testing
at home when feeling ill may mitigate the stress of traveling
and waiting to see a provider to perform a diagnostic test, a
concern about the future of home testing is that test results
indicating a serious health condition (such as COVID-19)
delivered without provider support could cause mental distress.
According to our survey results, 74.1% (192/259) of the survey
respondents indicated that they would find testing positive (ie,
learning that they contracted the COVID-19 illness) in the
at-home context (smart HT) no more distressing than learning
of their diagnosis in other health care settings (Multimedia
Appendix 4).

Smart HT Engagement: Extrinsic Influence Factors
Extrinsic influences include convenience, public health crises,
and security and privacy. Participants overwhelmingly shared
that convenience was a primary motivating factor in considering
smart HT use. For example, one of the participants stated the
following:
Just the idea of being able to do home-based checking
interests me. It sounds like it has promise to me. And
I think that a lot of people might use something like
that rather than going through the grief of trying to
get a doctor’s appointment, which is hard to do here.
Convenience of engaging with smart HT manifested in avoiding
the burden of visiting a provider in person. Participants
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mentioned some of the burdens of visiting a provider, including
difficulty in scheduling appointments, finding appointments
that would not require taking time off from work, and difficulty
meeting a provider in person while caring for young children.
Some interview participants indicated that they were particularly
motivated to use smart HT to diagnose their children.
Furthermore, survey respondents indicated that a public health
crisis (ie, the COVID-19 pandemic) affected their decision to
engage with smart HT for viral infections. Participants’ attitudes
toward smart HT were affected by the COVID-19 pandemic
(Multimedia Appendix 2). For example, when asked, “Which
of the following best describes how COVID-19 influences your
thoughts about using flu@home to test for common, seasonal
flu if you have symptoms?” the most common response
(132/263, 50.2%) was, “I am much more likely to use flu@home
for testing of common, seasonal flu.”
Interview participants also identified the security and privacy
of the data generated from smart HT as a factor of engagement.
Participants were most concerned that their health data would
be sold or shared without their consent if tests were provided
via web-based sources.

Acquisition of Ability: Enablement Through Smart
HT
The interview data revealed various factors leading to
participants’ enablement facilitated by smart HT. We
categorized these factors into two groups: (1) considering the
quality of smart HT and (2) assessing personality capacity to
use smart HT (Figure 4).

Figure 4. Factors affecting enablement. Smart HT: smartphone-supported home testing.
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Enablement: Considering the Quality of Smart HT
Regarding the quality of smart HT interactions, interview
participants shared that they valued a digital experience that
segmented the testing process into small, digestible, step-by-step
instructions with illustrations and videos in the app. The
participants also appreciated the built-in timers to reduce the
likelihood of errors.
Interviewees also considered the quality of smart HT health
information. Participants indicated that they understood and
retained content that differentiated common cold and influenza
symptoms, as well as information provided when it was
appropriate to consult a provider. Participants were also
receptive to the flu@home app, including general facts about
influenza, such as how many people are affected each year, and
other information to help remind consumers about the
importance of preventive measures (such as vaccination).
Participants also shared that they would like future iterations
of flu@home to include more health information, such as
explaining “how contagious the flu is,” and recommendations
for managing the illness. For example, one of the participants
described the following:
I think one of the biggest things we do that we
shouldn’t do in this day and age is just trying to take
something [medication] to suppress the symptoms
and then head right back to work or other things. I
think having some statistics or data about the dangers
of taking the flu out of the house...would be really
helpful.
In evaluating the usability of the testing processes, interview
participants described the flu@home system as easy to use,
attributable to clearly labeled kit contents and simple nasal
swabbing procedures with mild or no discomfort. These features
seemed to influence their decision to perform the test.
Incorporating a smartphone app into home testing broadens the
potential features that test developers can incorporate into smart
HT. The study team presented many potential features in
interviews with participants to consider enhanced value. Added
features that appealed to the participants included the ability to
share their home test results with their providers. Many
participants were interested in smart HT that incorporated data
collected from a wearable device. In addition, participants were
interested in receiving alerts if an RVI outbreak occurred in or
near their community. Nearly all participants indicated that they
would be willing to share deidentified data to contribute to their
community's public health management of influenza. However,
participants’ responses varied greatly regarding whether they
would value gamification features in smart HT.

Enablement: Assessing Personal Capacity to Use Smart
HT
The interview participants generally indicated that they felt
capable of completing the smart HT test. Specifically,
participants indicated that they felt enabled to complete the test
with the digital guidance provided in the flu@home app, thus,
informing their belief that they completed the swabbing
procedures as instructed in the app and that they felt capable of
completing the smart HT again in the future.
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Digital health literacy was a critical factor in the assessment of
personal capacity. All participants indicated that they could
download the app, order the kit, and complete the testing without
clinician supervision. They demonstrated that they had the skills
to complete these actions because they completed the pilot study
in phase 1. However, frequent digital health experience (eg,
using mobile apps and wearables) was not a universal factor in
participants’ assessment of their capacity to use smart HT.
Although some participants described their lifestyle as including
the use of a wearable device or health app, others said they had
not found such products to be valuable and did not use digital
health resources unless necessary for clinical care.
Moreover, the location of the testing was another critical factor
in assessing the personal capacity to perform the test.
Participants generally indicated that finding a specific place in
their home was essential for performing the test. Participants
mentioned various locations where they could perform the test
(eg, bathroom, bedroom, and kitchen) and the specific
characteristics of such locations. For instance, some participants
indicated that it was critical for the location where they
performed the test to be clean. In addition, one participant
alluded to privacy as an essential aspect of choosing a location
for the test. This participant said the following:
I feel like I would do it at home because there’s no
other people around. They wouldn’t just see me stick
something, the little test tube up my nose, or whatever.
Can’t even think of what it’s called.

Acquisition of Higher Level of Power: Empowerment
and Activation
Empowerment and Activation Overview
In the case of smart HT, empowerment and activation involve
2 sequential points. The first factor was the intention to perform
the test. The second was the intention to act on confirmation of
influenza results from completing the smart HT test.

Empowerment and Activation: Intention to Test Using
Smart HT
We found evidence that the study population was empowered
to use smart HT to test for viruses. Approximately 81.5%
(207/254) of the participants who completed the survey indicated
that they would prefer to test for viruses at home rather than a
test conducted by a health care provider (Multimedia Appendix
4). Moreover, survey results indicated that 94.6% (265/280) of
participants somewhat to strongly agreed that they would use
the smart HT test kit for influenza in the future, regardless of
pandemic conditions (see Multimedia Appendix 2 for details).
Analogously, interview participants shared that they intended
to acquire and use smart HT in the future, once commercially
available.
Survey responses showed that many people were willing to test
for COVID-19 regularly, every 14 days (97/260, 37.3%), or
monthly (93/260, 35.8%) to ensure that they were healthy and
could interact with others (Multimedia Appendix 4).
Moreover, there were indications that an empowerment and
activation process could have spillover effects on other
possibilities. During the interviews, participants also mentioned
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various other (not necessarily viral) health conditions that they
would be interested in using smart HT in the future: common
cold, dementia, bronchitis, cancer, diabetes, pneumonia, sinus
infections, hepatitis, and many others.

Empowerment and Activation: Intention to Act on
Confirming Influenza Results
The findings indicate that individuals consider actions related
to all four themes regarding acting on positive smart HT
results:(1)
patient-familiar,
(2)
patient-distant,
(3)
public-familiar, and (4) public-distant. Figure 5 summarizes
these findings.
Textbox 3 summarizes the qualitative results that support
multilevel choices resulting from empowerment and activation.
In looking holistically at multilevel choices resulting from
empowerment and activation, some interview participants
gravitated toward patient-familiar means of self-care (eg,
self-management or primary care provider appointment).
However, other interview participants were open to less familiar
forms of care, such as urgent care or emergency room visits or
seeking a telemedicine (virtual) consultation (patient-distant).
Limited access to care for reasons such as rural living status
and insurance coverage were mentioned in the interviews as
deciding factors for self-management of illness or high
motivation for a virtual consultation. In addition, the rationale
shared for virtual consultation included convenience and
treatment expedience (eg, antiviral prescription), potentially
minimizing the chance of spreading the illness and acquiring a
new illness during a provider visit.
To assess whether participants’ attitudes toward telemedicine
(virtual care) changed because of COVID-19, we asked them
to reflect on their initial willingness to seek virtual care. Survey
respondents indicated that they were equally willing to have a
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virtual care appointment (telemedicine) after testing positive
for influenza and COVID-19. Approximately 93.9% (265/282)
of the participants strongly or somewhat agreed that they would
have been willing to have a virtual appointment if the flu@home
results had returned positive. Similarly, 93.1% (242/260) of the
participants somewhat or strongly agreed that they would have
been willing to have a virtual appointment if their COVID-19
test results returned positive.
It is also noteworthy that interview participants reported that
the responsibility of caring for young children influenced their
test result response choices, with parents of young children
sometimes opting for distance care for themselves but preferring
in-person care for their children.
Regarding public considerations, interview participants indicated
that they were receptive to contributing to the public health
management of a viral outbreak (public-familiar). In addition
to the public-familiar means of managing the spread provided
in Multimedia Appendix 4 for influenza, most survey
respondents indicated that they were taking some of the
recommended actions to prevent the spread of COVID-19.
Regarding the public-distant choice, participants indicated that
they were willing to share data for research purposes. Although
the contribution to research generally denotes a distal
relationship, participants indicated that they were more likely
to participate in research studies if they were familiar with the
research organization (trusting the entity to secure their data
and maintain confidentiality). Moreover, most participants
indicated that the COVID-19 pandemic influenced their
motivation to share their smart HT results anonymously for
public surveillance or research purposes. The interview data
also seemed to indicate an escalated motivation for parents to
contribute to the community or public health management of
influenza.

Figure 5. Multilevel choices resulting from empowerment and activation. Smart HT: smartphone-supported home testing.
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Textbox 3. Key findings from interviews related to multilevel choices resulting from empowerment and activation.
Patient-familiar
•

Self-manage: Reasons for self-management included assumptions that a provider would tell them to rest at home and take over-the-counter
medication to manage their illness anyway and the cost of care (particularly for the uninsured). Motivations for moving from self-care included
the perceived need for prescription medication.

•

Primary care provider in person: Participants indicating that they would seek an appointment with their provider frequently referenced an
established, trusting relationship with their primary care provider: some referenced pre-existing conditions that could create health care complexities
with influenza.

Patient-distant
•

Urgent care: Rationale for urgent care as a form of provider engagement included reference to accessibility, namely, urgent care clinic during
weekend or evening hours.

•

Hospital emergency room: Some participants indicated that they would seek care from the emergency room as their default option when unsure
how to manage a health issue.

•

Virtual consultation: Virtual consultation was referenced as a means of convenient verification of diagnosis and a quick means to obtain treatment
(ie, prescriptions).

Public-familiar
•

Prevent spread to family: Although participants referenced both quarantining in and sanitizing their homes to prevent spread to family, they also
shared practical challenges, particularly with quarantine.

•

Prevent spread to coworkers: Participants mentioned the preference to stay home when sick with influenza symptoms to prevent spread to
coworkers and more distant relationships (eg, public transit commuters). There was also mention of practical challenges because of some work
arrangements.

Public—distant
•

Share for research: Some participants felt that anonymously sharing self-test results could contribute to improved influenza vaccine development.

•

Share for public health: Participants were generally willing to share self-test results for surveillance if done anonymously. They also indicated
that they would personally reference a local or neighborhood-level influenza map in making prevention choices.

Discussion
Principal Findings
Smart HT aspires to facilitate the success and impact of
home-based diagnostic testing by coupling the diagnostic
procedure with technological supports [12-14]. Our findings
implicitly signal promising aspects of coupling home-based
medical procedures with digital support. However, for smart
HT to achieve its intended use advantages, health consumers
must have increasing levels of awareness, motivation, and ability
to perform home-based diagnostic tests and act on results
appropriately. Our mixed methods study results provide insight
into the nuanced and myriad factors that affect engagement and
enablement with smart HT for viral infections, as well as how
empowered users intend to respond to smart HT results. Overall,
this study extends a stream of past work by exploring each of
these concepts (patient engagement, empowerment, activation,
and enablement) in the smart HT context [17]. Our final Smart
HT–Empowered Activation Model may have implications for
an increased understanding of engagement, enablement, and
empowerment in other HIT contexts.
Essentially, we contribute to the existing knowledge by opening
the black box of engagement, enablement, and empowerment
by contextualizing these constructs in the context of smart HT
for viral infections. We were guided by the Fumagalli Concept
Map of Engagement and Neighboring Concepts [17] and the
DIEGO [18]. These models are based on an extensive literature
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review that depicts a health consumer’s progression toward the
acquisition of a higher level of power (g, appreciating one’s
role in health care and managing one’s health) that allows them
to directly participate in the care process. Our results identify
factors (from the perspective of the health consumer) that come
into play for the engagement, enablement, and empowerment
emergent states and frame our findings in the Smart
HT–Empowered Activation Model.
Our findings highlight the complexity of digital health
engagement. One of the most apparent elements of complexity
is the number of factors that come into play during the
empowered activation journey. For smart HT information
technology developers, this indicates the importance of having
a strategy to consider, leverage, and support various factors that
lead to successfully performing the test and acting on test results,
essentially, a journey map (as noted in design thinking [67])
that showcases the potential of the technology to support the
test process.
Upon further reviewing our model through the lens of
complexity, it is noteworthy that various factors involving the
acquisition of motivation (engagement) can change over time.
For example, regarding intrinsic factors, changing illness
symptoms and awareness and understanding of RVIs can affect
motivation to engage with smart HT. This timing element is
something to consider, particularly in the role of technology in
message engagement considerations. Public health crises, an
extrinsic example, can influence an individual’s motivation to
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use smart HT. Smart HT technology features can help health
consumers evaluate the safety and feasibility of testing at home
versus seeking testing by other means during public health
crises. This motivating factor begets developers and perhaps
policy makers to promote the use of smart HT with demonstrated
efficacy during a public health crisis.
Regarding intrinsic motivation, smart HT technology can
provide information to enhance a user’s awareness and
understanding of a specific respiratory illness. Providing this
educational information also introduces some assessment
regarding how much information is provided, when to provide
the information, and whether information needs to be tailored
to a particular user’s capabilities, base knowledge, or interest
in the information. Additionally, it is important to note that
some factors of engagement may be more important than others.
For example, there were mixed findings regarding the
importance of participants’ general health behaviors and
attitudes. Some participants indicated that they generally
practiced healthy behaviors, whereas others indicated the
opposite. This factor may be subordinate to other factors (eg,
personal agency and illness symptoms). The relative importance
of these factors should be explored in future research.
Furthermore, regarding the acquisition of motivation
(engagement), we found evidence that individuals did not
anticipate feeling more distress when learning that they have
an RVI at home using smart HT than when learning about their
health status in a clinical setting. However, research indicates
that diagnosing different health conditions such as cancer,
dementia, and COVID-19 can evoke emotional distress [68-70].
Limited research assessing the mental distress of home testing
exists. As more home-based diagnostic tools are developed and
available for consumer use for various health conditions, future
research is needed to understand the mental distress of receiving
different types of diagnoses through a home-based test compared
with clinical settings. Anticipating and mitigating mental
anguish because of a positive test result may be worth
considering in the design and use of smart HT. Pretest and
posttest counseling have been suggested in some forms of home
testing [71]. When relevant, smart HT technology features and
functions may either provide functions to mitigate distress
directly or refer the user to resources for assistance in managing
distress.
The study shows that in the case of contagious diseases, multiple
level factors need to be considered to have a robust smart HT.
The acquisition of a higher level of power (empowerment and
activation) involves decisions at multiple levels, which can have
both personal and far-reaching impacts. For example, informed
individuals may vary in their patient, familiar, distant, and public
actions when testing positive for a viral infection. Ideally, this
choice variance is because of an informed decision process and
not because of missing information or misinformation.
Therefore, a key role of smart HT during the acquisition of
ability (enablement) stage is to prepare the individual performing
the test for the multiple downstream choices resulting from
enablement. In response, developers may want to embed quality
information and various paths of action into the design and
functions of smart HT to support an informed empowerment
and activation decision-making process. The multiple choices
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presented to a patient upon receipt of their positive test results
should be carefully considered when developers design smart
HTs to reduce choice complexity. It is particularly important
to ensure that patients are not overwhelmed with too many
choices, as too many options can impair an individual’s
subsequent self-control (and, therefore, personal agency) [72].
Furthermore, choices should be limited to good choices,
indicating choices that align with the overall purpose of smart
HT. For instance, if a patient tests positive for influenza, smart
HT can provide them with a set of suggestions on managing
their conditions and preventing their spread to other people. In
addition, there can be an option for digitally sharing the results
for research or public health purposes with smart HT. Moreover,
smart HT might provide easy access to a digital provider
(telemedicine) for treatment. To further minimize complexity
and guarantee choices that keep the smart HT user heading in
the direction in which they want to go, developers should try
to limit recommendations or choices to those tailored to
individual smart HT users. In addition, to facilitate
empowerment regarding tailored choices, smart HT should
provide clear guidance regarding the next steps required and
the use of information for each possible option.
In addition to providing a better understanding of the affirmative
path of the Smart HT–Empowered Activation Model, our work
provides a foundation for future work to explore other paths
through the model. For example, future empirical research could
explore the relative importance of the identified factors or
whether the factors would hold in the context of other forms of
smart HT. Regarding the latter, participants did mention
potential interest in various forms of smart HT for both acute
and chronic conditions. Future research could explore and
validate the factors of engagement, empowerment, and
enablement (derived in this study) in other contexts mentioned
by the participants.

Limitations
As with most studies that include qualitative methods, the
generalization of the results must be approached with some
caution. Although the study included a diverse set of participants
in terms of age and geography, it had some limitations. Most
notably, our study population included only participants in the
flu@home study. Attitudes toward home testing may differ
among individuals who did not experience this specific smart
HT or type of respiratory testing. In addition, this study was
conducted early during the COVID-19 pandemic. COVID-19
home testing and self-swabbing availability and experiences
during the pandemic might have implications for smart HT for
influenza and other home-based diagnostic testing. Overall, we
strongly encourage future research to consider our findings in
other smart HT and HIT contexts.

Conclusions
Through our findings, we proposed and informed a Smart
HT–Empowered Activation Model depicting an engagement,
enablement, empowerment, and activation process for smart
HT use. The resulting model underscores the need to understand
and address the path to health consumer empowerment and
activation for smart HT use, resulting in actions that provide
maximum health benefits to individuals and society. Overall,
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this study provides a foundation for researchers and developers
to explore and create successful engagement strategies to align
with consumer digital health opportunities to promote

LeRouge et al
prevention, self-care, and spread control of infectious viruses
such as influenza.
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