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Abstract
With one in five adults in the United States owning a smartwatch or fitness tracker, these devices are poised to impact all aspects
of medicine by offering a more objective approach to replace self-reported data. Oncology has proved to be a prototypical example,
and wearables offer immediate benefits to patients and oncologists with the ability to track symptoms and health metrics in real
time. We aimed to review the recent literature on consumer-grade wearables and its current applications in cancer from the
perspective of both the patient and the provider. The relevant studies suggested that these devices offer benefits, such as improved
medication adherence and accuracy of symptom tracking over self-reported data, as well as insights that increase patient
empowerment. Physical activity is consistently correlated with stronger patient outcomes, and a patient’s real-time metrics were
found to be capable of tracking medication side effects and toxicity. Studies have made associations between wearable data and
telomere shortening, cardiovascular disease, alcohol consumption, sleep apnea, and other conditions. The objective data obtained
by the wearable presents a more complete picture of an individual’s health than the snapshot of a 15-minute office visit and a
single set of vital signs. Real-time metrics can be translated into a digital phenotype that identifies risk factors specific to each
patient, and shared risk factors across one’s social network may uncover common environmental exposures detrimental to one’s
health. Wearable data and its upcoming integration with social media will be the foundation for the next generation of personalized
medicine.
(JMIR Mhealth Uhealth 2021;9(7):e28664) doi:10.2196/28664
KEYWORDS
consumer; wearables; smartwatch; cancer; oncology; chemotherapy; apps

Introduction
In 2020, one in five adults in the United States wore a
smartwatch or similar fitness tracker [1]. As its prevalence
increases, its integration in medical management and research
increases as well. Wearables have introduced objective measures
to replace self-reported data and supply new variables that offer
previously unattainable insights. With increasing options and
entry points for consumer wearables, the prevalence of devices,
such as the Apple Watch, Fitbit, Samsung Galaxy Watch, and
others, is increasing. These consumer wearables are poised to
have an impact across all aspects of medicine, and oncology
has proved to be a prototypical example.
https://mhealth.jmir.org/2021/7/e28664
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Wearable research in oncology applications has demonstrated
benefits, such as improved medication adherence and accuracy
of symptom tracking, over self-reported data, as well as insights
that increase patient empowerment. Physical activity is
consistently correlated with stronger patient outcomes, and a
patient’s real-time metrics were found to be capable of tracking
medication side effects and toxicity. Studies have made
associations between wearable data and telomere shortening,
cardiovascular disease, alcohol consumption, sleep apnea, and
other conditions. Herein, we review the literature on the new
objective measures introduced by consumer-grade wearables
and the current applications in cancer from the perspectives of
both the patient and the provider.
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e28664 | p.4
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Objective Measures
The advent of wearables brings new objective measures along
with the ability to remotely monitor the data being collected in
real time. Before delving into the oncological applications, we
summarize the most prevalent wearable measures as an
introduction to subsequent studies. The accuracy of these
measures, however, remains mostly untested. Some consumers
have reported perceived inaccuracy in step counts and sleep
metrics in Amazon product reviews [2]. The metrics have also
been shown to be affected by a slower gait [3]. Despite this
potential limitation to its objectivity, consumer wearables have
shown validity in tracking physical activity and are a step
forward from self-reported activity data [4].
Of these new measures, physical activity is often the most
commonly used and is usually calculated by consumer devices
as steps or calories per day. Still, as Beauchamp et al highlights
through 25 studies, there exists widespread diversity in metrics
gathered. For example, physical activity may be measured as
not only steps or calories per day, but also steps or calories per
hour, sedentary minutes, standing time, etc. Sleep information
is commonly collected, though this also is reported by differing
metrics including sleep efficiency percentage, sleep hours,
nighttime total wake time, time in bed, and number of
awakenings [5].
Many consumer wearables promote continuous heart rate
measurement and heart rate variability, with the Apple Watch
expanding the concept a step further with a single-lead
electrocardiogram (ECG) in certain models. As will be detailed
further in this article, the focus of the single-lead ECG is atrial
fibrillation detection, but it may also be helpful in QT
prolongation detection.
Together, physical activity, sleep, and heart rate tracking form
the core of consumer wearable measures. Other features include
fall detection, handwashing, and preliminary blood oxygen
saturation. Many more exciting new measures are upcoming
and are mentioned in the discussion on future outlook.

Impact on Oncology Care
Patient Perspective
Apps
A search for “cancer” in any app store reveals dedicated services
aimed to support cancer patients. There is an increasing number
of apps that take advantage of the typical wrist location of the
wearable to send essential alerts to the patient, such as timely
medication reminders to increase adherence. One such app is
the Medopad chemotherapy app, which provides on-wrist
medication reminders, but also allows patients to submit
symptoms and temperatures [6]. The LivingWith: Cancer
Support app by Pfizer maintains the medication reminder system
and adds the ability to track self-reported mood and pain in just
a few taps.
One of the most interesting features comes from the chemoWave
app, which maintains the symptom tracking and medication
logging features, and combines them with wearable data to
generate insights in an easily understandable manner. For
https://mhealth.jmir.org/2021/7/e28664

XSL• FO
RenderX

Fonseka & Woo
example, the app may provide the insight that on days with less
sleep, the patient is 43% more likely to experience a headache
[7]. The app uses artificial intelligence to generate “personal
insights” as in the above example, as well as “global insights”
such as “on days chemoWave users like you took more than
7000 steps, they were 90% more likely to feel better” [8]. This
appears to be the first consumer-level integration of wearable
data with wearable-tracked activity. chemoWave allows users
to generate graphs that detail symptoms, exercise, medications,
water intake, and more. Patients can show these graphs to the
oncologist and assisting doctors to pinpoint changes in patient
activity with associated medications or procedures. The benefits
include increased accuracy compared with self-reported data,
such as having a patient in the office and prompting them to
remember what side effects they experienced on days 3 or 4 of
treatment. Oncologists have used chemoWave to view trends
and better time a patient’s next cycle of chemotherapy.
Communication is also streamlined, as patients are able to send
doctors daily updates through the app [9].
Although not directly related to cancer, the most highly reviewed
app that appears when searching for “cancer” in the Apple App
Store is Motivation-Daily Quotes, with over 444,000 reviews
at an average rating of 4.8/5. Reviews on the Apple App Store
include comments, such as “this app helped me to get through
so many tough times,” and follow a general theme of
appreciating positivity from the app. Users seem to particularly
enjoy the app’s reminder feature. As one user says, “whenever
I need encouragement to continue living my life and keep a
positive mindset, the app throws the perfect quote for the
situation in the perfect moment” [10]. It may not utilize the
wearable’s data collection features, but the app takes advantage
of the proximity and direct interactivity of the wearable to
provide consistent reminders that over time may improve mood
and adherence.
Some of the aforementioned apps allow users to connect with
family members and cancer support groups to further tap into
the motivational aspect. Though functional, these apps are not
always successful. For instance, reviews on the Pfizer app
mention a “clunky interface,” and users have specifically
reported choosing to create a group chat on Facebook instead.
Recently, Facebook announced the development of a smartwatch
intended to connect users with health apps, which is expected
to release in 2022 [11]. Patients who typically receive social
support over Facebook, as with the patient who reviewed the
Pfizer app, may opt for this smartwatch. At a minimum, social
support received through Facebook is likely to be more often
seen by the patient through the smartwatch and may augment
the overall perception of support to a greater degree. Though
only speculation, it is likely that Facebook would incorporate
sharing of tracked measures, such as step counts, which may
increase the timeliness of support messages by alerting the
patient’s support network when physical activity has decreased
persistently. In this way, the wearable would allow a patient’s
supporters to have greater involvement and interactivity in the
patient’s overall health, which may contribute to increased
morale for the patient and respective social network.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e28664 | p.5
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Geriatrics
As cancer remains a significant disease affecting the geriatric
population, it is necessary to consider the relevant applications
and ease of use [12,13]. Less than half of adults over the age of
65 years reported owning a smartphone in 2017, with an increase
of 24% from 2013. Even so, up to two-thirds of adults over the
age of 65 years say they go online [14]. Thus, there may be a
subset of older adults who do not have a smartphone, but use
other devices to go online [15]. In addition, Hoogland et al
showed that despite feeling less confident in using technology,
older adults with cancer were mostly agreeable to using health
information technology to communicate with their oncology
care team [16]. Yet, even if older adults were open to wearables,
most consumer devices require a connected smartphone to
function as intended. The lack of a smartphone therefore
becomes a significant deterrent to wearable use. The Facebook
smartwatch will be independent of any smartphone, perhaps
offering ease of use to elderly patients without a smartphone.
Another challenge identified in elderly populations is lack of
internet access, with one out of three patients without any
connection to home internet [14]. The Facebook smartwatch
will offer its own data connection, further extending coverage
of elderly patients and allowing the benefits of wearables to
reach geriatric cancer patients.

Young Adults
On the other end of the age spectrum, cancer survivors aged 18
years or older tend to struggle with meeting physical activity
recommendations intended to reduce cancer recurrence,
mortality, and adverse chronic conditions. These guidelines
consist of two strength training sessions per week with either
75 minutes of vigorous physical activity or 150 minutes of
moderate activity per week [17]. Miropolsky et al tested the use
of a Fitbit device with 13 young adult cancer survivors and
found that the participants reported the Fitbit device helped
them to reach activity goals. However, this study implemented
a buddy system, in which the cancer survivors chose a friend
to participate in reaching activity goals. Though participants
reported that both the Fitbit device and the buddy system were
significant motivators, the impact of the Fitbit device alone is
unclear. Nonetheless, this study shows that consumer wearables
are a feasible option that may help to increase physical activity
in young adult cancer survivors [18].

Melanoma
Up to this point, the information has been relevant for all
cancers, but the fifth most common cancer, melanoma, presents
a unique opportunity for wearables, as the foremost modifiable
risk factor is an individual’s UV exposure [19,20]. Although
no smartwatches or Fitbit devices can directly measure UV
radiation, a new commercially available wearable called Shade
contains a UV sensor and provides users with a timeframe of
how long they can safely be under the sun. Notifications can
be sent through the on-wrist device and companion app every
time a user comes 20% closer to the UV exposure limit [21]. A
randomized controlled trial involving the use of Shade in
melanoma survivors is underway, with results expected to be
available in 2022 [22]. Nagelhout et al investigated the
feasibility of the Shade wearable and found that 73% of adults
https://mhealth.jmir.org/2021/7/e28664
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and 61% of children selected that they wore the device “all of
the time they were outside” on a questionnaire following a
2-week period with Shade [23]. The largest obstacle may be the
cost at US $499, but nevertheless, the first commercially
available UV sensor is a milestone in consumer wearables and
may be invaluable to patients with a family or personal history
of melanoma to assuage concerns of sun exposure.

Provider Perspective
From the viewpoint of the provider, the focus shifts onto the
role of wearables in the management of patients currently
undergoing cancer treatment, as well as cancer survivors.
Numerous studies have been conducted on this topic, but the
most recent and relevant studies that used typical consumer-level
devices or measures will be briefly summarized. The goal of
this section is not to analyze the directions of future clinical
trials using wearables, but rather to update clinicians on how a
patient’s wearable may provide clinically relevant data in the
near future.

Physical Activity
Several studies have shown that physical activity tracked by
wearables is a strong predictor of outcomes in cancer patients
[24]. In patients undergoing chemotherapy or radiation
treatment, lower step counts were found to be correlated with
lower quality of life, greater hospitalization risk, decreased
adherence, depression, and shorter survival [25-28]. On the
other hand, higher step counts were associated with decreased
postoperative complications in abdominal cancer patients and
better functional status with reduced likelihood of hospitalization
or death [29,30]. A patient, family member, or clinician can
generate a graph of the patient’s step counts before, during, and
after treatment using the wearable’s specific app or one of the
previously discussed apps. This may aid in identifying at-risk
patients and provides another tool to consider in prognosis,
especially if done remotely. In addition to tracking physical
activity, wearables have been shown to increase physical activity
among cancer patients and survivors as well [17,31,32].
Conversely, Rahimy et al found that a Fitbit program for
survivors of endometrial cancer led to a transient 22% increase
in average steps at 6 months, but by the end of the study at 9
months, participants had returned to their baseline activity levels
with no change in BMI. The authors interestingly found step
count to be correlated with emotional well-being (P=.005),
though this result may represent that subjects who are physically
capable of higher step counts are more likely to be healthy, with
less severe residual effects of disease and therefore an improved
emotional well-being [33]. Overall, these studies suggest that
while wearable fitness trackers may motivate some patients,
others may require different interventions to inspire enduring
lifestyle changes.

Chemotherapy Toxicity
Consumer wearable data can be further used to assess
chemotherapy toxicity and side effects using step count, heart
rate, and ECG data. In a pilot study, chemotherapy patients had
their step counts tracked by a smartphone with a pedometer app.
The study found that contacting patients if step counts decreased
by 15% or more helped to identify chemotherapy toxicity [34].
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While virtually all consumer wearables track step count, it is
commonplace to also see wearables that can track heart rate.
However, only relatively newer models of the Apple Watch are
able to record a single-lead ECG. Both heart rate and ECG data
may be used to track side effects in patients taking cardiotoxic
chemotherapy drugs. For example, taxanes and angiogenesis
inhibitors, such as thalidomide, can lead to sinus bradycardia
[35]. Smartwatches can detect bradycardia, and some devices,
such as the Apple Watch, allow a threshold heart rate to be set,
such that the patient is notified if the heart rate falls below a
specified value. Physicians can instruct patients on what heart
rate to specify for the alert and thereby have access to continuous
remote monitoring for bradycardia.

sleep apnea and hypertension with an accuracy of 90% and
82%, respectively [43]. These studies further support the role
of wearable data in ushering in a new era of personalized
medicine, especially in oncology. The massive inflow of
wearable data can be integrated into a straightforward digital
phenotype, enabling clinicians to assess in real time a patient’s
baseline risk factors and any changes that may occur as a result
of disease progression or a side effect of a newly initiated
chemotherapy regimen. A digital phenotype may also guide
interventions, as clinicians can avoid starting a patient on
medications with side effects that can deleteriously interact with
a patient’s risk factors (ie, a cardiotoxic drug in a patient whose
digital phenotype shows significant cardiovascular risk).

Atrial fibrillation is a common side effect of chemotherapy
regimens that include anthracyclines, trastuzumab, busulfan,
and cyclophosphamide [36]. ECG data has the potential to detect
atrial fibrillation, though there is conflicting data as to how often
false positives occur [36-38]. QT interval prolongation may
also be tracked. Timely detection of QT prolongation can
prevent conversion to torsades-de-pointes, a life-threatening
ventricular tachycardia. Studies have previously approved
nonconsumer wearables, such as KardiaMobile-6L, to monitor
the QT interval in COVID-19 patients, as remote monitoring
became a sudden essential need during the COVID-19 pandemic
[39]. Regarding consumer-level wearables, the American Cancer
Society recommends that patients who are starting chemotherapy
drugs associated with QT prolongation should obtain a baseline
12-lead ECG, but subsequent monitoring can be “accurately
and safely performed with topical devices” such as the Apple
Watch [40].

Future Directions and Conclusions

Digital Phenotype

Soon to be uncovered is how the merging of social media and
wearables will expand the landscape. With the imminent launch
of the Facebook smartwatch, social media will be integrated
with wearable data. Thus, oncologists will have the data of not
only their patients, but also each patient’s peers. This will allow
the oncologist to individualize treatment plans to address the
specific risk factors of the patient. For example, location data
of a patient and members of the patient’s social network may
yield data on healthy food access, neighborhood crime rates,
air quality, socioeconomic status, local policies on marijuana
use, etc, which can serve as predictors of an individual’s health
in conjunction with wearable data such as physical activity and
total sleep time [47]. Likewise, any regional exposures, such
as air pollution and lead levels with wearable-measured disease
states (ie, reduced physical activity and increased time at
hospitals), may unveil carcinogenic environmental exposures
[48]. The integration of social media will contribute to the
development of future wearable-derived health predictors and
assist oncologists in tailoring treatment to target risk factors
specific to each patient.

Ultimately, wearables have the potential to create a digital
phenotype of each patient, which is a real-time record of patient
metrics that are translated into stress levels, risk factors, and
other determinants of health [41,42]. This potential was
illustrated by Teo et al, where self-reported demographics,
socioeconomic status, and lifestyle factors were compared with
Fitbit-recorded total sleep time (the amount of time a person is
asleep) and sleep efficiency (the fraction of time spent asleep
over the time a person is in bed) in 482 individuals. The total
sleep time was found to be associated with age, gender, habitual
alcohol consumption, ethnicity, and occupation type.
Interestingly, the authors also sequenced the DNA of study
participants and used quantitative polymerase chain reaction to
estimate telomere length, a biomarker of aging. Users with
insufficient sleep were more likely to show premature telomere
shortening. Subjects who had adequate sleep (7 hours or more)
had telomeres that were 356 base pairs longer on average than
those with insufficient sleep (less than 5 hours) (P=.02). In
addition, sleep efficiency was associated with cardiovascular
disease risk markers such as BMI. The authors compared the
same associations with self-reported sleep data, and no
significant links were found, emphasizing the overall
improvement in data collection with wearables rather than
self-reported information [42].
Furthermore, Tison et al used deep learning algorithms that
showed promise in developing digital biomarkers for screening
https://mhealth.jmir.org/2021/7/e28664
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The impact of wearables has seeped into all fields of research
and poses unique opportunities previously unseen in oncology.
The above studies indicate clear benefits to both patients and
providers. Based on the presented literature, oncologists should
use wearable data to increase treatment adherence and
patient-physician communication, as well as monitor physical
activity and ECG data to guide medical decision-making. The
objective measures introduced by consumer wearables will soon
be joined by others, including oxygen saturation, blood glucose,
and biomarkers in sweat that may indicate cortisol levels [44,45].
Updates to existing consumer devices will include advancements
to ECGs, the ability to detect smoking gestures, and smartwatch
UV radiation sensors [24]. Completely new wearables will enter
the consumer market, such as a headband for the detection of
glioblastoma [46].

Wearables have become increasingly prevalent in the consumer
market, and a look in any direction is likely to reveal a Fitbit,
a smartwatch, or another wearable on someone’s wrist. From
the patient’s perspective, consumer wearables allow for
improved medication adherence, symptom tracking and insights,
communication with physicians and family members,
motivational support, and increased reach to patients who were
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previously inaccessible despite the advent of the smartphone.
From the provider’s perspective, wearables assist in achieving
the benefits of continuous rather than episodic care, especially
in monitoring for medication side effects and toxicity.
Oncologists are able to track changes in a patient’s baseline
metrics outside of the office and infer if any recent treatment
changes were responsible. Real-time metrics can be translated
into a digital phenotype that identifies risk factors specific to
each patient, and shared risk factors across one’s social network

Fonseka & Woo
may uncover common environmental exposures detrimental to
one’s health. The objective data obtained by the wearable,
viewed in the context of one’s social network, presents a more
complete picture of an individual’s health than the snapshot of
a 15-minute office visit and a single set of vital signs. Overall,
wearable data and its upcoming integration with social media
will be the foundation for the next generation of personalized
medicine.
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Abstract
Background: As the world’s population rapidly ages, the number of older adults with cognitive impairment will also increase.
Several studies have identified numerous complex needs of people with dementia, which assistive technologies still fail to support.
Recent trends have led to an increasing focus on the use of embodied conversational agents (ECAs) as virtual entities able to
interact with a person through natural and familiar verbal and nonverbal communication. The use of ECAs could improve the
accessibility and acceptance of assistive technologies matching those high-level needs that are not well covered to date.
Objective: The aim of this thematic literature analysis was to map current studies in the field of designing ECAs for patients
with dementia in order to identify the existing research trend and possible gaps that need to be covered in the near future. The
review questions in this study were as follows: (1) what research frameworks are used to study the interaction between patients
with dementia and ECAs? (2) what are the findings? and (3) what are the barriers reported in these studies?
Methods: Separate literature searches were conducted in PubMed, Web of Science, Scopus, and Embase databases by using
specific umbrella phrases to target the population (patients with dementia) and the technology-based intervention (embodied
conversational agent). Studies that met the inclusion criteria were appraised through the Mixed Methods Appraisal Tool and then
discussed in a thematic analysis.
Results: The search process identified 115 records from the databases and study references. After duplicates (n=45) were
removed, 70 papers remained for the initial screening. A total of 7 studies were finally included in the qualitative synthesis. A
thematic analysis of the reviewed studies identified major themes and subthemes: the research frameworks used to gather users’
perspectives on ECAs (theme 1), the insights shared by the 7 studies as well as the value of user involvement in the development
phases and the challenge of matching the system functionalities with the users’ needs (theme 2), and the main methodological
and technical problems faced by each study team (theme 3).
Conclusions: Our thematic literature analysis shows that the field of ECAs is novel and poorly discussed in the scientific
community and that more sophisticated study designs and proofs of efficacy of the approach are required. Therefore, by analyzing
the main topic of the narrative review, this study underscores the challenge of synchronizing and harmonizing knowledge, efforts,
and challenges in the dementia care field and its person-centered paradigm through the user-centered design approach. Enabling
strict collaboration between interdisciplinary research networks, medical scientists, technology developers, patients, and their
formal and informal caregivers is still a great challenge in the field of technologies for older adults.
(JMIR Mhealth Uhealth 2021;9(7):e25381) doi:10.2196/25381
KEYWORDS
dementia; patient with dementia; older adults with dementia; embodied conversational agent; virtual personal assistant; virtual
agent; virtual companion; design for older adults; patients; elderly; virtual; personal assistant; cognitive; cognitive impairment
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Introduction
Background
The world’s population is rapidly aging and approximately 47
million people are now experiencing dementia worldwide. This
number could triple by 2050 with an incremental estimated cost
that will range from US $818 billion in 2015 to US $2 trillion
by 2030 [1]. Dementia is characterized by the progressive
deterioration of both cognitive and functional abilities that affect
a person’s capability to perform everyday activities [2,3].
Nowadays, the tendency to view dementia solely within a
medical framework is overcome through a new personhood
paradigm based on the identification of the numerous complex
needs of patients with dementia as described by Maslow [4]
and Kitwood [5]. There is consensus that individuals living
independently [6] or in long-term care [7-9] are able to express
needs [10] and preferences [11] consistently, even in the
advanced stage of dementia [12].
Since the challenges of responding to the growing number of
people with dementia and their complex needs are substantial
for governments [13], the field of assistive technologies is
receiving more and more interest. In aged care, the term
“assistive technology” refers to any device, product, or
equipment that helps people to perform a task they would
otherwise be unable to do or that facilitates older adults’
activities of daily living [14]. In dementia care, assistive
technologies (ie, technologies for daily living, meaningful and
pleasurable activities and health care) can compensate for
cognitive impairment, improve quality of life, favor autonomy,
enable people to remain in their homes for longer, and reduce
care costs [15-19]. Actually, a broad spectrum of technologies
supports community-dwelling persons with dementia. These
technologies mostly address basic physiological and safety
needs, whereas little attention is devoted to higher-level needs
such as self-esteem, quality of life, recreational activities or
contrast behavioral issues, for example, aggression and mood
changes [6,20-22]. Recently, several studies [23-27] proposed
the use of screen-based entities designed to stimulate human
face-to-face conversation skills called as embodied
conversational agents (ECAs) or personal virtual assistants
[28,29]. Such virtual entities are able to interact with a person
through verbal and nonverbal communication. There is a
significant and growing list of use cases for ECAs targeting
older adults with or without cognitive impairment or their
caregivers [15]: virtual coaches [30], virtual companions
[31-33], personal virtual assistants [26], virtual butlers [34,35],
and training tools to help formal and informal caregivers [36].
The use of ECAs could improve the accessibility and acceptance
of computer-based assistive technologies when compared to
graphical user and voice interfaces, especially for older adults
with cognitive impairment [37-39], thus matching those
high-level needs that are not satisfactorily covered by assistive
technologies. The extent to which this specific innovation may
be able to support people affected by dementia along the
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progressive nature of the disease represents a great challenge
for the entire scientific community. Unfortunately, it seems that
research in that specific direction is still poor and little is known
on how patients with dementia interact with ECAs and how this
interaction should be designed and managed by the system [15].
Therefore, to bridge this gap, this paper discusses the
implications derived from a thematic literature review of the
available studies focusing on personal virtual assistants in favor
of patients with dementia.

Aim of This Study
The aim of this thematic literature analysis was to map current
studies in the field of designing ECAs for patients with dementia
in order to identify the existing research trends and possible
gaps that need to be covered in the near future. The review
questions were (1) what research frameworks are used to study
the interaction between patients with dementia and ECAs? (2)
what are the findings? and (3) what are the barriers reported in
these studies?

Methods
Design of This Study
Separate literature searches were conducted in PubMed, Web
of Science, Scopus, and Embase databases by using the
following umbrella phrases to target the population and the
specific technology-based intervention: (“patient with dementia”
OR “people with dementia” OR “person with dementia”) AND
(“virtual agent” OR “personal virtual assistant” OR “virtual
companion” OR “embodied conversational agent”). Inclusion
criteria were published papers written in English with the aim
of studying the use of ECAs (1) among older adults (≥65 years)
with dementia living at home, in long-term care, or nursing
homes and their formal and informal caregivers, (2) for coping
in patients with dementia without any restriction in terms of
service applications (ie, cognitive games, reminders, medicine
intake, calendar, etc), (3) for presenting empirical findings about
interactions between users and ECAs, and (4) in randomized
controlled trials (qualitative, quantitative, and the mixed methods
approach were included). There was no restriction on publication
dates, and the searches were finalized in July 2020. Papers were
excluded if reviews, theoretical or technical studies, and
contributions were not original research papers that met the
inclusion criteria or were not written in English. According to
predefined criteria, the screening phase was based on the
analysis of titles and then abstracts. Later, full texts of those
titles/abstracts of screened publications were reviewed
independently by the first and the corresponding author in
August 2020. Another researcher was involved in reaching
consensus in cases of disagreement. Studies that met the
inclusion criteria were included, and the results of the searches
were summarized. Then, we performed a manual thematic
analysis of the findings. We used the Preferred Reporting Items
for Systematic Reviews and Meta-Analysis [40] flowchart in
the retrieval and selection process (Figure 1, Multimedia
Appendix 1).
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Figure 1. Flow diagram of the studies included in the thematic review as well as the main reasons for rejection.

Quality Appraisal
Three authors independently appraised the final papers for their
methodological quality by using the Mixed Methods Appraisal
Tool version 2018 [41]. The Mixed Methods Appraisal Tool
assesses the quality of qualitative, quantitative, and mixed
methods studies and can be used to appraise the quality of
different study designs. Precisely, it focuses on the
methodological criteria and includes 5 core quality criteria for
qualitative, randomized controlled, nonrandomized, quantitative
descriptive, and mixed methods. Owing to these advantages, it
was chosen over other tools prior to starting the narrative review.
The results of each appraisal were compared, and any
disagreement was solved through the intervention of the last
author and discussion among the authors. According to the
scoring system proposed by Pluye et al [42], a quantitative
appraisal score was calculated by assessing the presence/absence
of criteria (yes/no). The quality score was calculated as a
percentage by using the formula: (number of “yes” responses
divided by the number of appropriate criteria) × 100.
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Thematic Analysis
A thematic analysis was conducted to identify themes based on
the 6 phases described by Braun and Clarke [43]. Themes were
coded based on our specific review questions by following these
steps: first, authors read the data from each study; and second,
the corresponding author carried out a systematic manual coding
of the features that led to initial codes before searching for
themes in the third step. Themes were then reviewed for
correlation with codes and the identification of subthemes during
the fourth phase. After defining the themes in phase five,
findings were evaluated for relevance to the research questions.
Finally, the authors discussed the analysis process and reached
consensus on the labelling.

Results
Reviewed Studies
The search process identified 95 records from the databases and
an additional 20 by manually searching those studies’ references.
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After duplicates (n=45) were removed, 70 papers remained for
initial screening by title. This resulted in 37 potentially eligible
abstracts. The abstracts retained were analyzed by authors
according to the research questions in order to obtain the final
list of full-text papers to be reviewed. After the analysis of the
abstracts, 33 of them were excluded as they did not fit the settled
criteria of the target population and the specific
technology-based intervention. A second screening step was
performed for those full-text papers that matched all the criteria
(n=19). From this process, 12 papers were excluded because
(1) studies recruited both patients with dementia and older adults
in good health status (n=3), (2) no empirical feedback from
users was reported (n=3), (3) the intervention was performed
using both ECAs and other technologies (n=2), and (4) the
intervention was not specific for patients with dementia (n=4).
Finally, a total of 7 studies were included.
A summary of the studies and their findings are presented in
Table 1. The 7 studies were conducted in Spain [24], Japan [27],
France [15,44], Canada [45], Italy, and Luxembourg [46,47]
and published between 2008 and 2019. They were heterogeneous
in terms of objectives, population, contexts, and methodologies.
Four of the 7 studies describe the development of 2 specific
agents: Louise [15,44] and Anne [46,47].
The different agents are shown in Figure 2. Carrasco et al [24]
built a prototype that included a tool for real-time streaming of
a realistic avatar, previously programmed by a caregiver, to a
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television. This technique was used to simulate a true virtual
assistant on the television screen. The avatar has a realistic voice
and the lips are in synchronization with its speech to ensure that
its facial movements appear natural. Yasuda et al [27] developed
an agent conversation system shown on a computer screen in
the form of an animated face resembling a 5-year-old grandchild.
This system can detect the end of the speech sound of a subject’s
reply to a question and begins asking the next question. When
the subject speaks, the agent reacts by automatically generating
nods, mouth movements, and acknowledgments. Wargnier et
al [15,44] proposed a prototype of a semiautomatic system that
allows the animation of a female cartoon-like character called
Louise and speech synthesis from text. The character, displayed
on either a computer screen or a television set, is in an idle pose
and moves its lips while speaking. This system includes attention
monitoring and interaction management based on a predefined
script and keyboard inputs of a (presumably hidden) operator.
Konig et al [45] developed an emotionally intelligent cognitive
assistant in the form of a humanoid female character that shows
up on a screen in an inactive pose. de Jong et al [46] and Stara
et al [47] shared the know-how gained in the design and
adaptation of the personal virtual assistant Anne, which is a
friendly, female human-looking avatar talking and interacting
with users on a screen. Older adults can communicate with the
ECA through voice and touch. This system is able to learn
autonomously from its users and gets to know their personal
preferences and needs.
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Table 1. Summary of the reviewed studies.
Studies

Purpose

Type of system

Method for data col- Sample
lection

Carrasco et To validate a funcAvatar displayed on Yes/No questions
al [24]
tional prototype that a standard television and one-to-one obsergives a measure on set
vation
how natural the interaction between
avatars and people
with Alzheimer disease is.

Country, test setting

Findings

21 persons had Alzheimer Spain, day care
disease, with a Global De- center
terioration Scale [48] measure ranging from 3 to 5
(from mild to moderate)

All users engaged
naturally with the
avatar, understood
the information
conveyed by the
avatar, and answered successfully by means of the
television remote
control

To increase the acceptability of the
system by target
users
Yasuda et
al [27]

To investigate the
effectiveness of a
conversation system
based on an animated face of a child

A computer screen Qualitative interthat shows an animat- views
ed face of a child
agent

8 older adults (2 males and Japan, hospital
6 females) had mild
Alzheimer disease, with a
Mini-Mental State Examination [49] mean score of
22.2. The average age was
78.5 years.

All users conversed with the
conversational
agent system and
enjoyed the conversation.

Wargnier
et al [44]

To collect design
guidelines to develop a semiautomated

A semiautomated
cartoon like ECA
prototype that runs
on a standard personal computer with
Microsoft Windows

14 specialists (4 males and France, hospital
10 females) in assistive
technologies for older
adults or care professionals
(medical doctors and neuropsychologists, mostly)

All participants interacted naturally
with the ECA.
Most displayed
high levels of attention. Globally, the
feedbacks turned
out to be rather
positive.

ECAa prototype

Semiautomated
Wizard of Oz, video,
observation, open
interview, questionnaire

Konig et al To identify affective
[45]
identities in patients
with dementia for
the design of cognitive assistive technologies

An intelligent cogni- Qualitative intertive assistant in the view
form of a humanoid
female character
shown on a screen

12 older adult care home
residents (5 males and 7
females) with Alzheimer
disease who showed cognitive and functional impairment to an extent that it
affected their autonomy in
performing certain complex activities of daily living and 9 associated caregivers (2 males and 7 females). The average age of
the residents was 84.5
years.

Wargnier
et al [15]

To conduct a usability study to refine
and validate the
Louise ECA

A semiautomated
cartoon like ECA
prototype that runs
on a standard personal computer under
Microsoft Windows

14 participants (3 males
France, hospital
and 11 females) with mild and University
cognitive impairment
(9/14) or Alzheimer disease (5/14), whose MiniMental State Examination
[49] scores ranged from 8
to 30 (mean 23.8, SD 4.9).
The average age was 78.8
years.

Most of the participants were able to
interact with the
ECA, succeeded in
completing the
proposed tasks,
and enjoyed the
design

de Jong et
al [46]

Report the first iteration of a comprehensive user-centered
development process
of virtual agents for
patients with dementia and their caregivers

A personal assistant Focus group
called Anne that
works on a Surface
Pro tablet under the
Microsoft Windows
10 operating system

16 caregivers: 10 in Lux- Luxembourg,
embourg (6 qualified nurs- Italy, hospital,
ing assistants and 4 infor- day care center
mal carers) and 6 in Italy
(3 care professionals and
3 informal caregivers)

Definition of user
requirements for
the design
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Realistic assistive
scenarios and
semistructured interview

Canada, Universi- Definition of user
ty and Research requirements for
Institute for Ag- the design
ing

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e25381 | p.15
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

a

Rampioni et al

Studies

Purpose

Type of system

Method for data col- Sample
lection

Country, test setting

Findings

Stara et al
[47]

How patients xperience a personal virtual assistant in the
stage of moderate
dementia; how a
personal virtual assistant can be modified
to the requirements
of people in the
stage of moderate
dementia

A personal assistant
called Anne that
works on a Surface
Pro tablet under the
Microsoft Windows
10 operating system

Protected environment test scenarios
with observation of
the interactions between patients and
the personal virtual
assistant and interview to formal caregivers

Italy, Luxembourg, hospital,
day care center

Definition of user
requirements for
the design

5 female patients with
moderate dementia and 2
formal caregivers in Italy;
1 female patient with dementia and 2 formal caregivers in Luxembourg

ECA: embodied conversational agent.

Figure 2. Embodied conversational agents described in the reported studies. A) Carrasco et al [24]; B) Yasuda et al [27]; C) Wargnier et al [15,44];
D) Konig et al [45]; E) de Jong et al [46] and Stara et al [47].

Quality Appraisal of the Selected Studies
The design of the 7 research studies was assessed by using
screening questions and the 5 criteria of the Mixed Methods
Appraisal Tool [41] for qualitative and mixed methods studies
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reported in Textbox 1: (1) appropriateness of objective/research
question, (2) adequacy of the qualitative approach/method, (3)
adequate gathering of findings from data, (4) sufficient
interpretation of results from data, and (5) coherence between
qualitative data sources, collection, analysis, and interpretation.
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Textbox 1. Mixed Methods Appraisal Tool version 2018 criteria to appraise the study design.
Methodological quality criteria
Screening questions (for all types)
S1. Are there clear research questions?
S2. Do the collected data allow to address the research questions?
Qualitative
Q1. Is the qualitative approach appropriate to answer the research question?
Q2. Are the qualitative data collection methods adequate to address the research question?
Q3. Are the findings adequately derived from the data?
Q4. Is the interpretation of results sufficiently substantiated by data?
Q5. Is there coherence between qualitative data sources, collection, analysis, and interpretation?
Mixed methods
M1. Is there an adequate rationale for using a mixed methods design to address the research question?
M2. Are the different components of the study effectively integrated to answer the research question?
M3. Are the outputs of the integration of qualitative and quantitative components adequately interpreted?
M4. Are divergences and inconsistencies between quantitative and qualitative results adequately addressed?
M5. Do the different components of the study adhere to the quality criteria of each tradition of the methods involved?

All the studies used appropriate research design, taking into
account the research questions and problems related to the use
of a specific innovation technology among persons with
dementia. The prevalent data collection methods were open or
semistructured interviews [15,27,45,47], observations
[24,44,47], a questionnaire [24,44], and a focus group [46]. The
findings and interpretations of the results were coherent with

data sources, collection, analysis, and discussion in all the
studies. According to Pluye et al [42], the score for each study
was calculated and then synthetized using 3 different categories:
low score, <35%; medium score, 36%-70%; and high score,
71%-100%. All studies met the 5 quality criteria; therefore, the
score calculation synthesized a high score of methodological
quality results (Table 2).

Table 2. Quality scores of the selected studies.

a

Studies

Screening question Qualitative studies
score
score

Mixed methods Total
studies score
score

Appropriate criteria
(n)

Quantity
score (%)

Score category

Carrasco et al [24]

2

N/Aa

5

7

7

100

High

Yasuda et al [27]

2

5

N/A

7

7

100

High

Wargnier et al [44]

2

N/A

5

7

7

100

High

Konig et al [45]

2

5

N/A

7

7

100

High

Wargnier et al [15]

2

N/A

5

7

7

100

High

de Jong et al [46]

2

5

N/A

7

7

100

High

Stara et al [47]

2

5

N/A

7

7

100

High

N/A: not applicable.

Thematic Analysis
Following the analysis of reviewed studies, 3 major themes and
subthemes within each theme were identified: (1) research
frameworks, (2) efficacy of ECAs, (3) limitations of the studies
and problems faced.

Theme 1: Research Frameworks
All the studies dealt with 2 research questions: (1) could virtual
agent be a technology that patients with dementia can really
use? and (2) which are the design features that can facilitate or
hinder this usage? Methodologically, both qualitative and
quantitative designs were applied to answer these questions
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focusing on meanings and understanding of experiences of
people with dementia and their carers. In all cases, participants
took part in the researches in participatory sessions or
observations to avoid the discomfort of being the subjects of
an experimental study. Overall, the 7 studies came to the general
assumption that the use of ECAs is suitable for people with
dementia. This common evidence based its foundation on the
use of voice as an interaction modality between the systems.
The voice as input/output modality is the natural and familiar
way to engage people with dementia in such researches.
Therefore, from 2008 to 2019, even though the readiness level
of the virtual agents was changed considerably, especially in
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the human-looking appearance, none of the studies shared
skepticism or disadvantages in the use of ECAs by the enrolled
patients. Additionally, the use of common screen devices as the
presentation platform on the television [24], computer
[15,27,44,45], or tablet [47] concur with the positive engagement
of users. A notable consideration that emphasizes this outcome
is the rigorous recruitment strategy followed by each team: as
reported in Table 1, enrolled participants were previously
diagnosed and scored on the Global Deterioration Scale [48]
and the Mini-Mental State Examination [49]. Moreover, the
experimental settings were always under the responsibility of
researchers or formal caregivers in all the studies. However, the
objectives of the 7 studies were different from the research
question about which feature design could improve or impede
the use of virtual characters. This is due, in part, to the specific
purpose of each system under development that varied from
natural interaction [24,27,45] and their specificities [15,44] to
support independent living [46,47]. Features such as interaction
paradigm and prompting style are seen as the main components
that could be personalized and used for matching the needs and
capabilities of users, thereby improving the user experience.
Probably because the ECA field is still green, none of the studies
pursued the general purpose to achieve general features design
as the guidelines for future researches in the field.

Theme 2: Efficacy of ECAs
Findings of the Selected Studies
As previously mentioned, all the studies reported positive
feedback on the use of agents by users: the majority of patients
with dementia naturally interacted and responded to the virtual
character fulfilling the assigned tasks [15,24,27,45]. The
artificial assistant caught the attention of people, and in some
cases, it was seen as a companion by older participants as well
as formal and informal caregivers [46,47]. On the contrary, the
preference of having a “real person helping me rather than a
machine” [45] clearly showed the importance of a human
contact. Moreover, participants with the most severe memory
impairment frequently forgot how to interact with the system
or talk to the ECA and it caused them some frustration or they
seemed to be intimidated by the character [15]. These results
are in line with the findings of the study conducted by Stara et
al [47], who found that patients with moderate dementia spoke
freely to the ECA without using the touch control. Persons with
dementia generally had little experience with mobile technology
before they became affected by dementia; therefore, patients
seemed to have trouble using a touchscreen and navigating the
different applications of the ECA. For that reason, formal
caregivers involved in this research suggested a supervised
usage of the virtual agent in a controlled environment such as
daily centers. Formal caregivers were strongly convinced that
their patients with moderate dementia could not use Anne
independently at home. For them, ECAs could be useful tools
for their daily working activities but only if controlled by
professional staff. Nonetheless, positive results in terms of
efficacy are reported in studies from the perspective of formal
caregivers [44,46,47]. In particular, according to de Jong et al
[46], virtual agents could help and support people with forgetful
problems who are living independently in their homes.
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Value of a User-Driven Approach
User-centered design as “a philosophy based on the needs and
interests of the user, with an emphasis on making products
usable and understandable” [50] is a common methodology
involving end users during all iterations of the design process
[51]. Four of the reviewed studies dealt with the development
of the ECA through this user-driven approach: Louise [15,44]
and Anne [46,47]. Louise was developed by adopting a
co-design living lab approach involving older adults with
dementia and stakeholders such as care professionals. The ECA
called Anne [46,47] was developed using the umbrella
framework of the ISO standard user-centered design [51] and
providing a human-centered perspective through the active
involvement of patients and their formal and informal caregivers.
For us, this underlies key strengths to overcome the main
barriers in applying technology for older adults in general and,
in particular, for people who experience dementia. Therefore,
Louise and Anne could be considered as good examples for the
next generations of ECAs that will benefit from user-centered
design by using input from users, patients, formal and informal
caregivers as well as clinicians and other stakeholders. As
reported by de Jong et al [46] and Konig et al [45], examining
feedback from the point of view of family caregivers or other
carers (ie, nurses, health care professionals, or care workers
who work with persons with dementia) could build more
awareness on how to develop effective technologies. This benefit
can create better design, thus enhancing usability, user
experience, acceptance, and potential market success.
Nonetheless, how users come to accept and use the given
technology was mainly explored by Wargnier et al [15] and
Stara et al [47] who evaluated Louise’s and Anne’s usability
and acceptance through direct observations. In addition,
Carrasco et al [24] observed users during their interactions with
the system and noted their observations in usability reports.
None of the other studies reported in this narrative review
mentioned information on the user-driven approach despite all
the studies being clearly oriented to define the requirements
definitions of the ECAs as a starting point of the development
process. These requirements were analyzed to map
functionalities and preferences for the next iterations. The user
and technical requirements definitions are indeed the first actions
of the user-centered design process [51].
Matching Needs With Technology
People with dementia have many changing needs during the
progression of their disease, varying from memory support to
almost all aspects of daily functioning. In these studies, specific
ECA functions matched the physiological, comfort, and
attachment needs. ECAs described in 3 of the included studies
[24,27,45] sought mainly to overcome the memory problems
of persons with dementia, guide them in their daily activities,
and meet their need for communication and social interaction.
Memory problems are certainly a basic component of dementia,
but communication, emotional, and behavioral problems
represent significant issues too. The evolution of this disease
can easily lead these people to refuse or forget to drink, eat, and
take medication and to feel more alone, apathetic, and isolated.
In these cases, the ECA could play a supporting role not only
in helping patients to perform their daily activities more
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independently but also in stimulating dialogues and encouraging
their participation in the conversation and, consequently, in
maintaining social relationships. For example, in the study of
Yasuda et al [27], a man with early onset dementia said, “In
this system, I can talk freely without any hesitation or anxiety.”
This comment means that conversations with normal people
were stressful to him owing to the difficulty of answering
questions that he cannot reply to. As dementia severity
progresses, depression and boredom increase as well as the
sense of powerlessness, lack of control, and social withdrawal.
For this reason, 4 of the reviewed studies [15,44,46,47] designed
ECAs to meet multiple and more complex user needs. More
precisely, in the studies on Louise [15,44] and Anne [46,47],
the development of multi-purpose tools is described. The virtual
agent Anne [46,47] offers some features such as reminder
(personal and medication agenda), communication (video calls),
information (news), and entertainment (games and music) that
support users in all aspects of daily life. In particular, these
features engage persons with dementia in various activities and
help them pass the time in a more meaningful way and improve
their quality of life. Louise [15,44] proposes others features to
patients such as guiding through a task, cognitive stimulation
exercises, and attention management. In this latter case, the
ECA aimed to compensate for users’ attentional disorders by
performing autonomous prompting (ie, calling the user to regain
attention in case of distractions). In summary, these
multi-purpose agents are able to engage persons with dementia
both emotionally and motivationally and stimulate their
attentional skills, thereby making them feel part of a larger
project and therefore less apathetic and isolated. This
engagement could increase the physical, cognitive, and
emotional well-being of patients but this possibility is only
postulated in the mapped studies.

Theme 3: Limitations of These Studies and the Problems
Faced
Common limitations and problems are reported in the selected
studies. The challenge of small samples is clearly mentioned
even if they underwent the preliminary evaluation of the systems
[15,27,47]. This limitation is strictly correlated to the willingness
to involve the entire spectrum of dementia severity [15,46,47]
in order to adapt the virtual agents to the changing needs of
older patients through various stages of this illness. A problem
that arose concerns the importance of personalized solutions
[47]. For example, a specific personalized prompting style
should be programmed reaffirming the user in his or her overall
persona and situational identity [45]. This means that each user
has different preferences that may influence adherence to the
system. For instance, people who want the ECA to address them
in a very polite manner may reject the ECA considering it
disrespectful if it calls them by their first name and uses a
personal pronoun [15]. In addition, with regard to pleasantness,
in the study of Wargnier et al [44], all users expressed a positive
or very positive opinion and more than half (7/13) said they
would like to be able to personalize the character’s appearance.
Moreover, the ECA’s prompting styles is another feature that
needs to be adapted since patients with neutral valence and
weaker identity profiles prefer to be less in control and,
therefore, did not mind a dominating prompting style. On the
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other hand, users with identities that were positive and powerful
reported they prefer to be in control over what happens to them,
thus preferring more subtle prompts [45].

Discussion
Principal Findings
This review surveyed the literature on the usage of ECAs by
patients with dementia with the aim to identify the current
research trends and possible gaps to cover in the future. Three
main questions piloted this study: (1) what research frameworks
are used to study the interaction between persons with dementia
and ECAs? (2) what are the findings? and (3) what are the
barriers? Only 7 papers were returned from the search. Overall,
the main findings of this narrative review demonstrate that
research on ECAs as an innovative way to cope with dementia
is little covered in the state of the art even though interesting
topics emerged from the mapped studies: the research design
used to perform such studies (theme 1), major findings, the
value of a user-driven approach, the importance of a
well-balanced matching between the system functionalities and
the users’ needs (theme 2), as well as the reported problems
faced by each study team (theme 3). Therefore, this section will
discuss the implications raised through the lens of each theme
reported in this study.
By examining the research frameworks of studies included in
this review, it clearly emerges that the use of ECAs deserves
(1) a more sophisticated study design and (2) proof of the
efficacy of the approach, as in any other technology designed
for people with dementia. The key to managing both demands
is to directly involve older adults with dementia in the design
of services dedicated to them. The early engagement of users
from the outset and across all stages of the development cycle
is relevant for people affected by dementia, since they
progressively lose the ability to generalize between past and
present experiences or to modify cognitive representations. For
this reason, familiarity with the technology to be used is to be
firmly considered and needs to be carefully planned. Indeed,
while healthy adults are easily able to manage routine changes
such as introducing a new device into their home environment,
for older adults with dementia, these novelties can become
extremely distressing and disorientating. Moreover, different
limitations can overburden users: limitations in knowledge and
understanding of the technology and limitations in
communication between the user and the technology. As
discussed in themes 1 and 2, the use of a common television or
computer screen and the possibility of using verbal response as
an input/output mode enables a more natural way of interaction.
This is a valuable benefit for people with mild and moderate
dementia. According to Kaplan and Kaplan [52], familiarity is
the relationship between an individual and something that this
individual has had considerable experience with. The experience
leads to the development of an internal model on how one
expects something to work. Some of the included studies
[15,46,47] revealed that less familiarity (a low experience with
new technologies) and greater dementia severity will almost
certainly lead to greater difficulty in accessing technology and
inevitable intervention of the caregiver who will have to spend
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additional time to teach and support persons with dementia in
using a new tool. This is in line with the state of the art in this
field [53-57]. In fact, familiarity helps in encouraging older
adults to learn and understand how to interact with new
technologies by using their existing knowledge. Moreover,
considering that perceived difficulties become more pronounced
as dementia severity increases, the ability of a system to adapt
to the changing needs and capabilities of users will determine
the successful implementation of this system in everyday use.
The concept of familiarity is not the only principle to follow in
the field of designing ECAs for persons with dementia. In the
last decade, we conceived the important shift to a model of care
centered on the person, which broke the traditional
disease-focused approach. Thanks to this new paradigm, care
and support are seen as ways to prevent functional decline,
frailty, and disability [58] and to create a multifunctional status
(ie, intrinsic capacity) to follow up over time [59,60]. Therefore,
when approaching technological solutions that enable older
people to remain independent at home, it is decisive to embrace
the same paradigm: a model of design that follows the same
path of the model of care, giving value to the person’s functions
and needs [61-65]. Just as it is important to disseminate a model
of care centered on the patients and their needs [66-68], it would
be desirable to have a model of design that allows the
participation of end users to propose more customized and
consequently, more effective solutions. The benefits of a
personalized design will spill over to end users who will achieve
a higher level of well-being because they will see their needs
met and caregivers whose burden will lighten. These concepts
also emerged from some of the included studies [15,45-47]
discussed in the theme 2. According to de Jong et al [46],
persons with dementia cannot be treated as a homogeneous
group and not in the same way. There is no “one right way” to
take care of them, and one tool that will “fit all” cannot be
created. Wargnier et al [15] also recommended a planning of
technological strategies that consider the interpersonal variability
of dementia and its evolution in time for each person. Moreover,
Konig et al [45] underscored the importance of understanding
past and current identities of persons with impaired cognitive
abilities in technology-based efforts to provide individualized
care and to suggest participatory design so that personalized
solutions can be provided and the quality of life can be
enhanced.
This new paradigm emphasizes the power of self-determination
over decisions that affect the individual’s body and mind.
Therefore, the individual dignity and autonomy, which are the
primary values and the fundamental rights of every human
being, are restored. In this new vision, patients actively
participate in clinical decisions outside the old schema of only
being a sick person who needs to be treated. Nowadays,
well-being is the goal of dementia care that offers individualized
interventions and considers the person as a whole, thus
considering individuals’ medical, cognitive, psychological,
environmental, cultural, and social needs [69]. Such
individualized intervention can be co-designed with the direct
involvement of patients. Co-designing creates a common
knowledge base among designers, patients, and other
stakeholders on the quality of life, pains, and gains and on how
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to support the remaining capabilities of persons with dementia
[70]. The value of co-design is well recognized in all the studies
reported in this narrative review. These considerations suggest
that the field of new technologies such as ECAs needs to
synchronize and harmonize knowledge, efforts, and challenges
in the dementia care field and the new person-centered
paradigm. For example, the respect of the principle of familiarity
can promote the major involvement of people with dementia in
the design of artifacts from the initial stage of the development
process. Moreover, this engagement can also provide a sense
of continuity for them, facilitating long-term use and acceptance
of assistive devices along the disease’s progression. At the same
time, usage continuity could open up the possibility of recruiting
bigger samples of patients for enrollment in high-quality
scientific research frameworks, thereby overcoming the
limitations reported in the theme 3.
Another instance of harmonization is to focus on personhood
and needs by clarifying what functionality and attributes are
important in the new products for target users, what motivates
them to use a product, what factors would hinder a positive user
experience with a proposed product, and to conceptualize how
parts of their lives could be improved by technology. Across
the 3 themes analyzed in this review, the user experience of
ECAs could be improved firstly by responding to the changing
needs of people with dementia. This matching will
enable technologies that better support the quality of life of
people with dementia. This is particularly highlighted in the
studies with more advanced ECAs such as Louise [15,44] and
Anne [46,47]. Moreover, as predominantly reported in the 7
research studies, technologies should be able to adapt to the
reserved skills of people with dementia without discouraging
people with dementia from engagement; therefore, the natural
modality of interaction by voice and the use of common screen
devices are significant features to enable positive user
experience. Additionally, as argued in themes 1 and 3, features
such as interaction paradigm and prompting style are seen as
the main components that can be personalized and used for
matching the needs and capabilities of users, thereby improving
the user experience. To date, the predominant use of
technological solutions for safety and security [22] needs to be
overcome by embracing a new paradigm that offers innovation
supporting higher-level needs such as belonging, self-esteem,
identity, and self-actualization [6]. The use of ECAs could be
the future response to these higher-level needs and the
management of everyday life across the disease’s journey. In
any case, this approach seeks coordination between
multidisciplinary teams composed of research elements,
technology developers, health care communities, formal and
informal caregivers, and primary users [6] as the core of the
user-driven approach [51]. As reported in this narrative review,
the significant valence of the user-centered design as well as
the iterative measurements of the usability and acceptance rate
are still milestones to achieve during the research and
devolvement process of technologies for people with dementia.

Comparison With Prior Works and Limitations
To the best of our knowledge, no other narrative reviews are
reported in the literature regarding the research frameworks
used to study the interaction between persons with dementia
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and ECAs and between the mapped outcomes and barriers.
Despite this positive aspect, there are some limitations to this
review. Data sources were drawn from only 4 databases (ie,
Scopus, Web of Science, PubMed, and Embase) and accessed
only during a specific period of time (July 2020). The choice
of using specific phrases to target the population (“patient with
dementia” OR “people with dementia” OR “person with
dementia”) and the specific technology-based intervention
(“virtual agent” OR “personal virtual assistant” OR “virtual
companion” OR “embodied conversational agent”) could have
omitted some results from the search. It is possible that other
literary sources were available in other unselected databases.
However, well-known and broad-spectrum databases were used
in this review. Moreover, we collected a relatively small sample
of studies and excluded non-English language studies. Therefore,
even if the 7 studies included in this paper were homogeneous
in terms of their qualitative research design and their meeting
our inclusion criteria, this may have created some biases. In
addition, some authors of this review are co-authors in 2 of the
reported studies [46,47]. Despite these limitations, our study
offers several research directions, which may take the existing
debates to the next level.

Future of ECAs
This review mapped the actual use of ECAs in the research field
of dementia. The readiness level of this specific
technology-based intervention grew across the years, shifting
from to be initially displayed on a standard television set [24]
and computer screen [15,27,44,45] to mobile standalone
solutions [46,47]. This led to important achievements in the
visual representation as well as in the conversational abilities
of the ECAs that technologically could be seen as the foundation
for advanced applications in the near future as nontherapeutic
interventions to assist individuals with dementia. However,
despite these promising improvements over 12 years, it remains
difficult to prove that ECAs are effective to mimic interpersonal
communication when interacting with users and safe to use in
the care practice. Technological advances in the embodiment,
content, communication modality, and strategy are not indeed
the only axes of improvement since there is still to discover
how preferences regarding the appearance, animation, and
personalized features can influence user acceptance and efficacy
of the intervention. The scarcity of evaluation and
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implementation phase studies underlined the necessity for further
research with larger sample sizes, suitable control groups, and
clinical populations but the emerging interest on the field is a
gaining advancement [71,72]. Anyway, possible steps forward
for the use of such systems in health care delivery can be seen
in integrated platform services. For example, telemedicine,
ambient intelligence, and machine learning systems can be
improved through conversational agents especially in the area
of health counselling, coaching, psychotherapy, and
self-monitoring. Additionally, interactions between virtual
agents and advanced robotics is a new design challenge [73]
that could embody ECAs in social robots enforcing the attention,
facial expressions, and tone of voice of future human-like robots.

Conclusions
This narrative review summarizes the current research on ECAs
for patients with dementia. Technologically, these artificial
characters are very interesting and the mapped studies shared
promising results in terms of engagement of patients.
Unfortunately, until now, it has been difficult to prove that
ECAs are effective and more efforts need to be spent to achieve
to this evidence. Therefore, our thematic analysis reported on
3 main themes, namely, the research frameworks used to gather
users’ perspectives on ECAs (theme 1), the valuable insights
shared by the 7 studies as well as the value of user involvement
in the development phases and the challenge of matching the
system functionalities with users’ needs (theme 2), and the main
methodological and technical problems faced by each study
team (theme 3). It emerged that this specific field of research
is novel and poorly discussed in the scientific community, but
possible steps forward for the use of such systems in health care
delivery are predictable. Moreover, analyzing the main
metaphors across the studies, our work underscored the
challenge to synchronize and harmonize knowledge, efforts,
and challenges within the dementia care field and its
person-centered paradigm. This can be effectively possible by
adopting the well-known but still little used user-centered design
[51] approach, which standardizes the compelling
multidisciplinary vision of research and development of
innovative technologies. The challenge is therefore to enable
strict collaboration between interdisciplinary research networks,
medical scientists, technology developers, patients, and their
formal and informal caregivers.
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Abstract
Background: Breastfeeding is essential for maintaining the health of mothers and babies. Breastfeeding can reduce the infection
rate and mortality in newborns, and can reduce the chances of overweight and obesity in children and adolescents. For mothers,
a longer duration of breastfeeding can reduce the risk of breast cancer, ovarian cancer, and type 2 diabetes. Although breastfeeding
has many benefits, the global breastfeeding rate is low. With the progress of time, the popularity of mobile devices has increased
rapidly, and interventions based on mobile health (mHealth) may have the potential to facilitate the improvement of the breastfeeding
status.
Objective: The main objective of this study was to analyze the existing evidence to determine whether mHealth-based interventions
can improve the status of breastfeeding.
Methods: We systematically searched multiple electronic databases (PubMed, Web of Science, The Cochrane Library, Embase,
CNKI, WanFang, and Vip ) to identify eligible studies published from 1966 to October 29, 2020. Included studies were randomized
controlled trials (RCTs) studying the influence of mHealth on breastfeeding. The Cochrane Collaboration Risk of Bias tool was
used to examine the risk of publication bias. RevMan 5.3 was used to analyze the data.
Results: A total of 15 RCTs with a total sample size of 4366 participates met the inclusion criteria. Compared with usual care,
interventions based on mHealth significantly increased the postpartum exclusive breastfeeding rate (odds ratio [OR] 3.18, 95%
CI 2.20-4.59; P<.001), enhanced breastfeeding self-efficacy (mean difference [MD] 8.15, 95% CI 3.79-12.51; P=.002; I2=88%),
reduced health problems in infants (OR 0.62, 95% CI 0.43-0.90; P=.01; I2=0%), and improved participants’ attitudes toward
breastfeeding compared with usual care (MD 3.94, 95% CI 1.95-5.92; P<.001; I2=0%). There was no significant difference in
the initiation of breastfeeding within an hour of birth between the intervention group and the usual care group (OR 1.26, 95% CI
0.55-2.90; P=.59). In addition, subgroup analysis was carried out according to different subjects and publication times. The results
showed that the breastfeeding rate was not limited by the types of subjects. The breastfeeding rate based on mHealth at 1 month
and 2 months after delivery did not change over the time of publication (2009 to 2020), and the breastfeeding rate based on
mHealth at 3 months and 6 months after delivery gradually increased with time (2009 to 2020).
Conclusions: Interventions based on mHealth can significantly improve the rate of postpartum exclusive breastfeeding,
breastfeeding efficacy, and participants’ attitudes toward breastfeeding, and reduce health problems in infants. Therefore,
encouraging women to join the mHealth team is feasible, and breastfeeding-related information can be provided through simple
measures, such as text messages, phone calls, and the internet, to improve the health of postpartum women and their babies.
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Introduction

Methods

Proper feeding is a prerequisite for the healthy growth of babies.
The World Health Organization (WHO) recommends starting
exclusive breastfeeding within an hour of birth and continuing
it for at least 6 months after delivery. However, maintaining
breastfeeding to 2 years or longer can be beneficial to the health
of both infants and mothers. For babies, early initiation and
exclusive breastfeeding within 6 months can reduce the infection
rate and mortality in newborns, and continuous breastfeeding
for 2 years or longer can reduce the chances of overweight and
obesity in children and adolescents. For mothers, a longer
duration of breastfeeding can reduce the risk of breast cancer,
ovarian cancer, and type 2 diabetes [1].

Search Strategy

Although breastfeeding has many benefits, the rate of exclusive
breastfeeding within 6 months in low-income countries and
middle-income countries is only 37%, and in high-income
countries, the duration of exclusive breastfeeding is shorter than
that in low-income and middle-income countries [2]. Victora
et al reported that a total of 63% of infants younger than 6
months were not breastfed, and the weighted prevalence for 6
months of exclusive breastfeeding was 20.8% [2]. Moreover,
the exclusive rate was found to be only 17% in Chinese urban
areas [3].
Many factors have been identified as having an impact on
breastfeeding outcomes, and a key to solving the problem of
the low breastfeeding rate is to improve awareness among
pregnant women and mothers, as well as perform regular
follow-ups [4]. Face-to-face interventions require high levels
of cooperation in postpartum women, and it is easy for women
to be lost to follow-up. One proposed solution is mobile health
(mHealth), which could provide medical assistance with the
help of electronic mobile devices. Compared to face-to-face
medical assistance, mHealth is cheaper and can have improved
compliance [5]. Thus, mHealth is being applied in an increasing
number of fields [5-7]. A new mother’s mood may change from
extreme joy to tension and anxiety, which may stimulate her to
use electronic mobile devices to search for breastfeeding
knowledge. These therefore provide the best entry point for
mHealth [8]. Information can be provided by professional
medical staff or trained volunteers with breastfeeding experience
[8]. Since volunteers are more likely to resonate with
primiparous mothers, they may be more suitable to help
primiparous women with low income or with basic or no
education.
Previous research into the effectiveness of mHealth-based
interventions for promoting breastfeeding have been
inconclusive. Therefore, the purpose of this study was to
integrate the best evidence to clarify whether these interventions
can improve the current breastfeeding status.
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A systematic search of databases (PubMed, Embase, The
Cochrane Library, and Web of Science) was conducted to
identify eligible studies published from 1966 to October 29,
2020. The retrieval strategy of the PubMed database was as
follows: ((“breastfeeding” OR “exclusive breastfeeding”) AND
(“Mobile Applications” OR “Telemedicine” OR “Text
Messaging” OR “Cell Phone” OR “Smartphone” OR “mHealth”
OR “eHealth” OR “Mobile” OR “Portable Software
Application” OR “Tele*” OR “e-Health” OR “m-Health” OR
“?phone*” OR “Text*” OR “Short Message” OR “SMS” OR
“App” OR “Apps” OR “App-based” OR “Electronic” OR
“Message*” OR “Web” OR “Web-based” OR “Internet*” OR
“Digital*”) AND (“randomized controlled trial” OR “controlled
clinical trial” OR “randomized” OR “placebo” OR “clinical
trials as topic” OR “randomly” OR “trial”) NOT (“animals”)
NOT (“humans” AND “animals)). The detailed search strategy
for each database is presented in Multimedia Appendix 1. To
ensure that the search was comprehensive, we also searched the
reference lists of the studies yielded by the original search. This
study was performed in accordance with the recommendations
of the Preferred Reporting Items for Systematic Reviews and
Meta-Analyses (PRISMA) statement [9].

Study Inclusion Criteria
We included all studies that met the following requirements:
(1) research subjects were pregnant or postpartum women; (2)
the intervention group included studies that involved mHealth
interventions, such as phone calls, text messages, and interactive
computer systems, and the control group received usual care;
(3) the study was a randomized controlled trial (RCT); (4) the
definition of breastfeeding conformed to the WHO definition;
and (5) the study mentioned the calculation of sample size and
reported enough data to calculate the effect size.

Study Exclusion Criteria
Studies were excluded from the meta-analysis if (1) both the
intervention and control groups accepted mHealth treatment;
(2) the data could not be obtained, or the extracted data could
be combined with other data; and (3) the study was not published
in English.

Literature Screening and Data Extraction
Literature screening first involved reading the title and abstract
to determine if the study met the inclusion criteria and then
reading the full text before finally determining whether it should
be included. The main data extracted were (1) the name of the
first author and the date of publication; (2) research
characteristics, such as the mean sample age, interventions, and
sample size; and (3) outcomes, including exclusive breastfeeding
rate, breastfeeding self-efficacy, health problems of infants, rate
of initiation of breastfeeding within an hour of birth, and
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maternal attitude to breastfeeding. Data extraction was
performed independently by two reviewers. Any discrepancies
were resolved by discussion or by a third investigator.

Study Quality Assessment
The bias of RCTs included in the systematic review was
assessed using the Cochrane tool [10]. The following indicators
of internal validity specific to the methodology of an RCT were
collected: (1) random sequence generation, (2) allocation
concealment, (3) blinding of participants and personnel, (4)
blinding of outcome assessment, (5) incomplete outcome data,
(6) selective reporting, and (7) other bias. An additional
researcher was asked to conduct an evaluation to help resolve
disputes that arose during the evaluation process.

Statistical Analysis
The meta-analysis was performed using RevMan 5.3. The odds
ratios (ORs), mean differences (MDs), 95% CIs, and P values
were calculated. Statistical significance was considered at a P

Qian et al
value <.05. The heterogeneity among the included studies was
analyzed by the chi-square test, and the test level was α=.10.
If P was ≥.1 and I2 was ≤50%, a fixed effects model was used
for the meta-analysis. If P was <.1 and I2 was >50%, a random
effects model was used for the meta-analysis. We also used
subgroup analysis to detect the source of heterogeneity and
carried out a sensitivity analysis using the method of one-by-one
exclusion.

Results
Search Results
A total of 1368 papers were found, and further screening yielded
35 papers for the full-text search. Of these, 20 papers were
excluded owing to irrelevant content, failure to meet the
inclusion criteria, and qualitative results. The screening process
is shown in Figure 1.

Figure 1. Screening flowchart.
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Study Characteristics
A total of 15 RCTs were included in this study, and the basic
characteristics of the included studies are shown in Table 1
[4-8,11-20]. The intervention measures included were divided
into (1) telephone support (one article mentioned this
intervention), (2) SMS text messaging (one article), (3) internet

intervention (seven articles), and (4) telephone, SMS text
messaging, and other interventions (six articles). The subjects
of 11 studies were pregnant women, and the subjects of four
studies were postpartum women. The age of the subjects ranged
from 16 to 49 years, and the follow-up duration ranged from
24 hours to 6 months.

Table 1. Characteristics of the clinical trials included in this study.
First author and
year

Mode of intervention

Location

Type of participant

Intervention
subjects, n

Control sub- Outcomes
jects, n

Sari, 2020 [12]

Web-based program

Turkey

Pregnant women

35

36

1. Infant prevalence

Wen, 2020 [13]

Telephone support +
SMS support

Australia

Pregnant women

770

385

1. Exclusive breastfeeding rate

Uscher-Pines, 2019 Video call
[11]

North Central Pennsyl- Postpartum women
vania

94

93

1. Exclusive breastfeeding rate

Puharic, 2019 [5]

Split Dalmatia County Pregnant women

232

123

1. Exclusive breastfeeding rate

Telephone support +
booklet

2. Infant prevalence
3. ⅡFASa
Cavalcanti, 2019
[4]

Online social network Northeast Brazil

Postpartum women

123

128

1. Exclusive breastfeeding rate

Patel, 2018 [20]

Telephone support +
SMS support + standard management

Women in the third
trimester

519

518

1. Exclusive breastfeeding rate

Araban, 2018 [6]

Ahmed, 2017 [17]

Rural India

2. Infant prevalence

SMS support + cours- Iran
es + standard management

Pregnant women

Breastfeeding monitor- Midwestern Hospital
ing system

Postpartum women

56

54

1. Exclusive breastfeeding rate
2. BSESb, BSES-SFc

49

57

1. Exclusive breastfeeding rate
2. Infant prevalence

a

Efrat, 2016 [8]

Telephone support + Spain
standard management

Pregnant women

111

109

1. Exclusive breastfeeding rate

Flax, 2014 [14]

Telephone support +
courses

Nigeria

Pregnant women

196

194

1. Exclusive breastfeeding rate

Bonuck, 2014 [7]

E-prompt

Bronx

First or second
236
trimester of a singleton pregnancy

77

1. Exclusive breastfeeding rate

Scott, 2013 [16]

Web-based program

United States

Pregnant women

49

50

1. ⅡFAS

Tahir, 2012 [18]

Telephone support + Malaysia
standard management

Postpartum women

179

178

1. Exclusive breastfeeding rate

Simonetti, 2011
[19]

Telephone support

Italy

Postpartum women

55

59

1. Exclusive breastfeeding rate

Pate, 2009 [15]

Web-based program

United States

Pregnant women

23

23

1. BSES, BSES-SF

ⅡFAS: Infant Feeding Attitude Scale (17-item 5-point scale).

b

BSES: Breastfeeding Self-Efficacy Scale, a mother’s confidence in her ability to breastfeed.

c

BSES-SF: Breastfeeding Self-Efficacy Scale-Short Form, a measurement of exclusive breastfeeding self-efficacy (14-item 5-point scale).

Risk of Bias
The bias of RCTs included in the systematic review was
assessed using the Cochrane tool, and the results are shown in
Figures 2 and 3. Of the 15 papers included, seven papers did
not mention the generation and allocation of random sequences,
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nine papers did not mention whether the participants and
intervention providers were blinded, and five papers did not
mention whether the evaluator was blinded. All studies reported
the outcome indicators mentioned in the research protocol or
method.
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Figure 2. Bias risk assessment chart.
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Figure 3. Summary of risk of bias.

Meta-analysis Results
Exclusive Breastfeeding Rate at 1 Month After Delivery
A total of seven studies [4,7,8,14,17-19] reported exclusive
breastfeeding rates at 1 month after delivery. The results of
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random effect model analysis showed that mHealth-based
interventions significantly improved the rate of exclusive
breastfeeding compared with usual care (OR 1.83, 95% CI
1.28-2.06; P<.001; I2=74%). The sensitivity analysis showed
that the results were stable. The forest plot is shown in Figure
4.
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Figure 4. Forest plot of exclusive breastfeeding rates.

Exclusive Breastfeeding Rate at 2 Months After Delivery
A total of three studies [4,6,17] reported exclusive breastfeeding
rates at 2 months after delivery. The results of random effect
model analysis showed that mHealth-based interventions
significantly improved the rate compared with usual care (OR
4.51, 95% CI 2.09-9.74; P<.001; I2=66%). Although there was
heterogeneity among the studies, the sensitivity analysis showed
that the results were stable. We conducted a subgroup analysis
to find heterogeneity from intervention measures, sample size,
publication year, types of subjects, etc. The source of
https://mhealth.jmir.org/2021/7/e26098
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RenderX

heterogeneity was not found, and we inferred that heterogeneity
may have been the result of a combination of multiple factors.
The forest plot is shown in Figure 4.

Exclusive Breastfeeding Rate at 3 Months After Delivery
A total of nine studies [4,5,7,8,11,12,14,17,19] reported
exclusive breastfeeding rates at 3 months after delivery. The
results of random effect model analysis showed that
mHealth-based interventions significantly improved the rate
(OR 3.05, 95% CI 1.97-4.73; P<.001; I2=70%). Although the
studies showed heterogeneity, the sensitivity analysis showed
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e26098 | p.32
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that the results were stable. We conducted a subgroup analysis
to find heterogeneity from intervention measures, sample size,
publication year, types of subjects, and average number of
interventions, etc. The source of heterogeneity was not found.
The forest plot is shown in Figure 4.

Exclusive Breastfeeding Rate at 6 Months After Delivery
A total of eight studies [4,5,7,8,13,14,18,20] reported exclusive
breastfeeding rates at 6 months after delivery. The results of
random effect model analysis showed that mHealth-based
interventions significantly improved the rate compared with
usual care (OR 4.70, 95% CI 1.59-13.83; P=.005; I2=94%).
Although there was heterogeneity among the studies, the
sensitivity analysis showed that the results were stable. We
conducted a subgroup analysis to find heterogeneity from
intervention measures, sample size, publication year, types of
subjects, average number of interventions, literature quality,
etc. The source of heterogeneity was not found, and we inferred
that excessive heterogeneity may have been the result of a
combination of multiple factors. The forest plot is shown in
Figure 4.

Subgroup Analysis
In order to explore whether a different starting time of the
intervention has an effect on the rate of exclusive breastfeeding,
a subgroup analysis was carried out according to different types
of subjects. The results of the study showed that there was no
significant difference between the pregnancy group and the
postpartum group for the increase in the rate of exclusive
breastfeeding at 1, 2, 3, and 6 months after delivery, indicating
that the time to start the intervention had no effect on the

Qian et al
increase in the breastfeeding rate. The forest plots are shown in
Figures S1-S4 in Multimedia Appendix 2.
We also conducted a subgroup analysis of the publication year.
We found that the publication time of the study did not influence
the breastfeeding rate at 1 and 2 months after delivery, and the
reason may be that people generally think exclusive
breastfeeding in the short term after delivery is very important.
Therefore, it does not show a significant time effect. However,
with extension of the follow-up, the publication time of the
study had an impact on the breastfeeding rate. The possible
reason is that with the extension of time, people stop exclusive
breastfeeding due to lack of corresponding knowledge. However,
with the comprehensive popularization of mobile devices in
recent years, people’s perceptions have changed in all directions.
They are paying more attention to breastfeeding, and there are
increasing number of ways to obtain breastfeeding knowledge.
Thus, the breastfeeding rate at 3 months after delivery has
gradually increased with time. The forest plots are shown in
Figures S5-S8 in Multimedia Appendix 2.

Breastfeeding Self-Efficacy
A total of three [5,6,15] studies reported on breastfeeding
efficacy. The results of random effects model analysis showed
that mHealth-based interventions significantly improved
breastfeeding efficacy compared with usual care (MD 8.15,
95% CI 3.79-12.51; P<.001; I2=88%). Although there was
heterogeneity among the studies, sensitivity analysis showed
that the results were stable. Through subgroup analysis of the
data, the heterogeneity between the studies was significantly
reduced, indicating that the intervention measures may have
been the main source of the heterogeneity. The forest plots are
shown in Figures 5 and 6.

Figure 5. Forest plot of breastfeeding self-efficacy.

Figure 6. Forest plot of the breastfeeding self-efficacy subgroup.
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Infant Hospitalization
A total of three [5,12,20] studies reported the rate of infant
health problems. The results of fixed effects model analysis
showed that mHealth-based interventions significantly reduced
health problems in infants compared with usual care (OR 0.62,
95% CI 0.43-0.90; P=.01; I2=0%). The sensitivity analysis

Qian et al
showed that the results were unstable. The sensitivity analysis
was performed by removing the studies one by one. However,
after removing the study by Sari et al, there was no significant
difference between the intervention and control groups (OR
0.67, 95% CI 0.46-0.99; P=.05; I2=0%). The forest plot is shown
in Figure 7.

Figure 7. Forest plot of health problems of infants.

Participants’ Attitudes Toward Breastfeeding
A total of two [5,16] studies reported participants’ attitudes
toward breastfeeding. The results of random effects model

analysis showed that mHealth-based interventions significantly
improved participants’ attitudes toward breastfeeding compared
with usual care (MD 3.94, 95% CI 1.95-5.92; P<.001; I2=0%).
The forest plot is shown in Figure 8.

Figure 8. Forest plot of breastfeeding attitudes.

Initiation of Breastfeeding Within an Hour of Birth
Two studies [14,20] reported the rate of initiation of
breastfeeding within an hour of birth. There was no significant

difference in the initiation of breastfeeding within an hour of
birth between the intervention group and the usual care group
(OR 1.26, 95% CI 0.55-2.90; P=.59; I2=92%). The forest plot
is shown in Figure 9.

Figure 9. Forest plot of initiation of breastfeeding within an hour of birth.

Discussion
Principal Findings
In this meta-analysis, we included 15 RCTs comprising 4293
patients. The purpose of this meta-analysis was to evaluate
whether mHealth-based interventions can improve the current
breastfeeding situation compared with usual care. The
meta-analysis showed that these interventions could improve
the rate of exclusive breastfeeding at 1, 2, 3, and 6 months after
delivery, improve breastfeeding efficacy, and reduce health
problems in infants. Since breastfeeding efficacy has a great
impact on postpartum breastfeeding, using mHealth
interventions to enhance breastfeeding efficacy could greatly
https://mhealth.jmir.org/2021/7/e26098
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improve the breastfeeding status. As for breastfeeding attitude
and the proportion of rapid initiation of breastfeeding, there was
no significant difference between the groups. Thus, interventions
based on mHealth are effective for improving the breastfeeding
status.
In terms of health problems in infants, sensitivity analysis
showed that the results were unstable. This may be related to
the inconsistent follow-up duration. One paper assessed the rate
over 3 months, one assessed the rate from 3 to 6 months, and
one assessed the rate in the first 6 months. It may also be related
to the different intervention modes used, which were telephone
support and other interventions, telephone and SMS support,
and internet-based support.
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In terms of the exclusive breastfeeding rate, this study found
that mHealth-based interventions increased the rate, and this is
consistent with a study by Lee et al [21]. However, our
meta-analysis investigated several factors, whereas the previous
meta-analysis [21] mainly studied the effect on the health status
of mothers and babies. Another meta-analysis [22] assessed the
initiation of breastfeeding, breastfeeding efficacy, breastfeeding
attitude, and breastfeeding duration, but there were many
differences between the two studies. First, our study included
15 RCTs, whereas only six RCTs were included in the previous
meta-analysis [22]. Second, our study compared the rate of
exclusive breastfeeding from childbirth to 6 months postpartum,
allowing the effects of mHealth-based interventions to be
directly seen. The previous meta-analysis [22] only compared
the duration of exclusive breastfeeding (not intuitive enough).
Third, whether mobile medicine can increase the breastfeeding
rate within 1 hour of birth has not been found in previous
studies. Fourth, the previous meta-analysis [22] showed that
mHealth interventions did not improve the efficacy of
breastfeeding, whereas our study, which included more RCTs,
did find an improvement with the use of mHealth interventions.
We therefore conclude that mHealth is very important for
promoting breastfeeding. Fifth, we explored whether
interventions in different periods have an impact on the results.
The two existing measures to improve the breastfeeding status
have their own advantages and limitations. One way to
effectively convey health information to mothers who wish to
breastfeed is mHealth-based interventions. The verbal and
nonverbal communication behaviors of mHealth used by the
provider can be used to build trust with the patients to improve
satisfaction and adherence to the treatment plan [23]. mHealth
can be widely applied to areas with low income and low medical
levels in order to reduce medical expenses of postpartum women
and improve their attitude toward breastfeeding. Second, it can
improve maternal well-being and reduce anxiety by providing
maternal and childcare information during pregnancy. With the
improvement in health knowledge, maternal mental health may
also be improved [22]. Third, fathers can also actively participate
in pregnancy and postpartum care through the use of mobile
apps. An increase in paternal participation can improve maternal
confidence and attitudes toward breastfeeding, which can greatly
increase the rate of health care use [24]. Finally, mHealth
procedures can be used to collect pregnancy and child health
data to facilitate the development of related research [21].

Limitations
Breastfeeding can not only reduce the risk of breast cancer and
ovarian cancer, but also promote the healthy growth of babies
[1]. Increasing numbers of mothers are realizing the importance
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of breastfeeding, but due to a lack of knowledge about
breastfeeding, the overall level of breastfeeding in China and
foreign countries is slightly low [2,3]. With the development
of the economy and society, the popularity of the internet and
mobile devices is increasing, which will provide an opportunity
to increase the breastfeeding rate. Our research showed that the
use of mHealth to convey key breastfeeding information to
mothers during pregnancy or after delivery can help increase
the breastfeeding rate. Therefore, we can use mHealth to provide
pregnant or postpartum women with relevant knowledge and
solve the problems that they encounter in the process of
breastfeeding, so as to improve breastfeeding confidence and
attitude, and achieve an increase in the breastfeeding rate.
Women who want to increase the breastfeeding rate can
positively seek help from people with knowledge of
breastfeeding through telephone, text messages, the internet,
and other tools before or after delivery, which can solve the
problems that they encounter during breastfeeding and improve
breastfeeding self-efficacy and attitude. For example, they can
improve self-breastfeeding knowledge by watching
breastfeeding videos on the internet or using electronic devices
to communicate with breastfeeding professionals about the
problems they encounter.
The study has several limitations. First, there was insufficient
literature on several outcomes, which may lead to bias. For
example, the outcome of rapid initiation of breastfeeding
requires more data to obtain more reliable results. Second, the
results of the sensitivity analysis of some outcomes were not
stable, which may lead to bias, and they need to be further
verified by more studies. Third, several articles were not highly
representative. For example, the research subjects in the study
by Flax et al [14] were women with microfinance, and since
this population is not representative, these results should not
necessarily be extrapolated to the whole population. Third, the
source of heterogeneity needs to be further assessed in future
research.

Conclusion
Our study found that interventions based on mHealth can
improve the rate of exclusive breastfeeding, the breastfeeding
attitude of mothers, and breastfeeding efficiency, and reduce
health problems in infants. In view of the universality of mobile
devices, mHealth can be used to promote the health of pregnant
mothers and infants. The meta-analysis found limited
improvement in rapid initiation of breastfeeding with mHealth
interventions. More clinical studies are needed to confirm this
view. In general, interventions based on mHealth can improve
the breastfeeding status.
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Abstract
Background: Several reviews of mobile health (mHealth) physical activity (PA) interventions suggest their beneficial effects
on behavior change in adolescents and adults. Owing to the ubiquitous presence of smartphones, their use in mHealth PA
interventions seems obvious; nevertheless, there are gaps in the literature on the evaluation reporting processes and best practices
of such interventions.
Objective: The primary objective of this review is to analyze the development and evaluation trajectory of smartphone-based
mHealth PA interventions and to review systematic theory- and evidence-based practices and methods that are implemented
along this trajectory. The secondary objective is to identify the range of evidence (both quantitative and qualitative) available on
smartphone-based mHealth PA interventions to provide a comprehensive tabular and narrative review of the available literature
in terms of its nature, features, and volume.
Methods: We conducted a scoping review of qualitative and quantitative studies examining smartphone-based PA interventions
published between 2008 and 2018. In line with scoping review guidelines, studies were not rejected based on their research design
or quality. This review, therefore, includes experimental and descriptive studies, as well as reviews addressing smartphone-based
mHealth interventions aimed at promoting PA in all age groups (with a subanalysis conducted for adolescents). Two groups of
studies were additionally included: reviews or content analyses of PA trackers and meta-analyses exploring behavior change
techniques and their efficacy.
Results: Included articles (N=148) were categorized into 10 groups: commercial smartphone app content analyses,
smartphone-based intervention review studies, activity tracker content analyses, activity tracker review studies, meta-analyses
of PA intervention studies, smartphone-based intervention studies, qualitative formative studies, app development descriptive
studies, qualitative follow-up studies, and other related articles. Only 24 articles targeted children or adolescents (age range: 5-19
years). There is no agreed evaluation framework or taxonomy to code or report smartphone-based PA interventions. Researchers
did not state the coding method, used various evaluation frameworks, or used different versions of behavior change technique
taxonomies. In addition, there is no consensus on the best behavior change theory or model that should be used in smartphone-based
interventions for PA promotion. Commonly reported systematic practices and methods have been successfully identified. They
include PA recommendations, trial designs (randomized controlled trials, experimental trials, and rapid design trials), mixed

https://mhealth.jmir.org/2021/7/e24308

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e24308 | p.38
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Domin et al

methods data collection (surveys, questionnaires, interviews, and focus group discussions), scales to assess app quality, and
industry-recognized reporting guidelines.
Conclusions: Smartphone-based mHealth interventions aimed at promoting PA showed promising results for behavior change.
Although there is a plethora of published studies on the adult target group, the number of studies and consequently the evidence
base for adolescents is limited. Overall, the efficacy of smartphone-based mHealth PA interventions can be considerably improved
through a more systematic approach of developing, reporting, and coding of the interventions.
(JMIR Mhealth Uhealth 2021;9(7):e24308) doi:10.2196/24308
KEYWORDS
scoping review; smartphone application; physical activity; behavior change; mobile health; research design; mHealth; adolescents;
adults; BCT; mobile phonescoping review; smartphone application; physical activity; behavior change; mobile health; research
design; mHealth; adolescents; adults; BCT; mobile phone

Introduction
Background
Physical inactivity has been identified as a global pandemic
and is reported to be the fourth leading cause of death worldwide
[1]. There is strong evidence that physical inactivity shortens
life expectancy and increases the risk of noncommunicable
diseases such as breast and colon cancers, type 2 diabetes, and
coronary heart disease, resulting in 5.3 million deaths annually
worldwide [2]. Moreover, the world economy suffers great
financial losses because of physical inactivity, bearing a yearly
estimated burden of US $53.8 billion health care costs
worldwide [3]. To avoid these health and financial
consequences, it is important to pursue pre-emptive strategies
to identify and mitigate the causes of low levels of physical
activity (PA).
At the same time, the world is facing another life-threatening
pandemic caused by SARS-CoV-2 or COVID-19 [4]. The World
Health Organization (WHO) declared the virus outbreak as a
pandemic on March 11, 2020, and more than 5.5 million cases
of COVID-19 worldwide have been reported since, resulting in
more than 346,600 deaths as of May 26, 2020 [5]. As a response
to this crisis, many governments introduced confinements,
curfews, or quarantines as compulsory or recommended
containment and prevention measures [6]. Several studies have
since found that home quarantine introduces a shift in lifestyle
toward limited socialization and reduced PA, which may
contribute to an exacerbation of already reduced PA levels in
the population and its associated health risks [7,8].
Although confinement measures have been introduced to reduce
the spread of the virus, with some success in flattening the curve,
these interventions to contain the COVID-19 outbreak have
unsurprisingly resulted in an increased use of digital
communication technologies, such as in mobile health (mHealth)
and telehealth approaches in the domains of PA and medicine
[9-12]. In light of these developments, and the resulting increase
in the importance of digital technologies for health, it has
become even more evident that it is crucial to significantly
advance the field of mHealth PA technologies by identifying
knowledge gaps, evaluating reporting processes, and establishing
best practices. This scoping review, therefore, focuses on the
analysis of the development and evaluation trajectory of
mHealth PA interventions and on the review of systematic
https://mhealth.jmir.org/2021/7/e24308
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theory- and evidence-based practices and methods that are
implemented along this trajectory. We describe the advantages
and disadvantages of theory- and evidence-based practices and
methods to present recommendations on how to improve and
accelerate the overall process of the development and evaluation
of mHealth PA interventions. The overall aim of this review is
to provide guidance in the field of smartphone- and
wearable-based mHealth PA interventions.
A major decline in PA levels occurs during the transition from
childhood to adolescence [13,14]. A high percentage of the
global population of adolescents does not reach the levels of
PA recommended by the WHO [15,16]. Insufficient levels of
PA tend to track through childhood and adolescence into
adulthood [17-19]. According to the report Health at a Glance:
Europe 2016 from the Organization for Economic Co-operation
and Development, 36% of the adult population of the European
Union does not meet the recommended levels of PA. According
to the same report, the majority of reported adolescents in the
European Union, by the age of 15, do not even reach 30% of
the recommended PA time [16]. Given the scale of the problem
and the fact that higher PA is associated with physical [20] and
mental [21] health benefits, it is important to develop
interventions that can effectively support and promote PA,
which can reach large numbers of people easily and that can do
this low-touch or remotely, and at low cost.
Face-to-face interventions are resource intensive and limited
because of their attachment to their specific environment and
multicomponent nature [22]. They can be difficult to access
depending on circumstances such as a busy schedule, illness,
childcare, lack of safe and attractive spaces to exercise, or, as
has now been demonstrated, disasters such as the COVID-19
pandemic. Smartphones and affordable wearable sensors have
become ubiquitous in the lives of today’s population [23]. These
devices could be beneficial for the development and delivery
of remote PA interventions [22,24,25]. The advantages of
smartphones and devices integrated into smartphone platforms
include the ability to schedule the delivery of intervention
content that can take into account the time of day and
momentary environment of the user. These technologies offer
the possibility of high-level personalization toward the user and
the unobtrusive and in situ collection of behavioral data [26].
Therefore, smartphone-based interventions are accessible,
scalable, comparatively inexpensive, and can deliver low-touch
or completely remote interventions. These features make
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smartphone-based interventions more advantageous for
self-monitoring of PA compared with stand-alone pedometers
and are preferable over computer-based interventions [27,28].
Several reviews of smartphone-based interventions have outlined
their acceptability, efficacy, and effectiveness in increasing
health behaviors in several age groups [24,29,30].
Despite their strong potential, the evidence concerning
smartphone-based interventions to improve PA and decrease
sedentary behaviors (SBs) is only emerging, and the literature
is poorly systematized, which results in methodological
inconsistencies and significant gaps in our understanding of the
developments in the field of mHealth PA interventions.

Prior Work
There are four recent scoping reviews, which attempted to
address these gaps [31-34]. Lee et al [34] aimed to identify the
efficacy and effectiveness of mHealth PA interventions in
adolescents; Aromatario et al [33] investigated how researchers
conducting studies with mHealth PA and diet apps as a main
component assess the app conditions ofeffectiveness across age
groups; McCallum et al [32] explored the extent to which
evaluations of mHealth PA apps and wearables affect the
effectiveness, engagement, and acceptability of these apps, and
Ly [31] reviewed the literature with the aim of presenting an
account of the current knowledge on the use of mHealth
interventions to enhance PA levels in young adults. These
reviews included studies evaluating a range of different target
populations with various states of health or ill health (without
illness; chronic illness [33], including attention
deficit/hyperactivity disorder [34]; cancer and diabetes [32];
and acute illness [33]) while targeting either PA alone [31], diet
alone [32], or a combination of the two [33]. Finally, yet
importantly, almost all reviews (excluding Aromatario et al
[33], who focused on mHealth app only) included studies with
various modes of delivery of the intervention, such as
smartphone apps, websites, SMS text message, tablets, and
PDAs.
Although these reviews are informative and have their strengths
in different areas, they still fail to provide answers to several
questions. First, behavior change components of mHealth
interventions are often conceptualized as behavior change
techniques (BCTs), which are described systematically in
various BCT taxonomies [35-37]. However, there is no
consensus on a universally accepted behavior change taxonomy.
Therefore, it remains unclear why certain authors prefer one
taxonomy to another. Second, studies on smartphone-based
interventions fall under the domain of mHealth, which is
commonly defined as a medical and public health practice
supported by mobile devices, such as mobile phones, patient
monitoring devices, PDAs, and other wirelessdevices [38]. This
definition is currently argued to be outdated, as PDAs were
largely discontinued after the extensive adoption of smartphones
in the early 2010s, resulting in patient monitoring and other
devices becoming less popular and attractive in health care
compared with smartphones [39-41]. As a result, recent
publications in the mHealth domain are mostly related to
smartphone-based interventions, and it remains unclear whether
it is advantageous to include outdated devices in current reviews
https://mhealth.jmir.org/2021/7/e24308
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[42]. Third, most of the published studies on smartphone-based
interventions include exclusively adults, despite the importance
of PA levels during adolescence. Finally, and most importantly,
current reviews do not provide an exhaustive review of
systematic practices and methods along the trajectory of the
development and evaluation of smartphone-based mHealth
interventions for PA promotion, as they mostly focus on
reviewing specific aspects of interventions, such as effectiveness
and validity. Overall, these reviews lack a clear representation
of the mHealth PA development trajectory and the tools
available for researchers along this trajectory (eg, taxonomies,
theories). We argue that a clearer understanding of these would
significantly improve the quality of development, end product,
and reporting of mHealth interventions and would contribute
to the development of theory-based rather than theory-inspired
interventions.

Goal of This Review
This scoping review addresses these issues. It includes studies
describing or evaluating smartphone apps alone or in
combination with wearables as a primary intervention
component to enhance PA levels, focusing on studies with
healthy individuals without chronic or acute conditions
(excluding cardiovascular diseases and obesity), and targeting
studies with PA as a primary outcome. Although we included
all age groups to provide a comprehensive review, we focused
on one part of the analysis on studies involving adolescents, as
the biggest impact on future generations’ health is to be expected
from changing their behavior. The primary objective of this
scoping review is to analyze the development and evaluation
trajectory of mHealth PA interventions and to reviewsystematic
theory- and evidence-based practices and methods that are
implemented along this trajectory. The secondary objective of
this review is to identify the range of evidence (both quantitative
and qualitative) available on smartphone-based mHealth PA
interventions to provide a comprehensive tabular and narrative
review of the available literature in terms of its nature, features,
and volume.
This review is guided by the following research questions: (1)
What kind of literature is available in the field, and how can
the existing literature be categorized? (2) Which theories and
techniques are implemented in smartphone-based PA
interventions to support behavior changes, and how are these
theories and techniques systematized? (3) Which practices and
methods are used to systematically develop and evaluate
smartphone-based PA interventions? and (4) Which devices
and primary outcomes are used for data collection and analysis
in smartphone-based PA interventions?

Methods
Study Design
Methodological guidelines for scoping reviews developed by
Arksey and O'Malley [43], extended by Levac et al [44] and
Peters et al [45], were accommodated, and the methodology
adopted by McCallum et al [32] was implemented. In
accordance with these guidelines, studies were not rejected
based on their research design or quality.
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Identification of Relevant Articles
The literature search was conducted from September 2017 to
August 2018 in three databases: MEDLINE/PubMed,
ScienceDirect, and ResearchGate. The search was limited to
studies published in 2008 and later, as Apple App Store and
Google Play (formerly known as the Android Market) started
in July and October of that year. Only publications in English
were considered. Full papers, study protocols, conference
proceedings, dissertations, and books were considered eligible.
Reference lists of germane articles and review studies were

Domin et al
manually searched to identify potentially relevant articles. The
articles were initially screened by the first author (AD). As per
best review practice, an assistant reviewer independently
reviewed the eligibility of articles for inclusion in the review.
Inconsistencies were resolved by discussion and consensus
between the 2 reviewers.
Search strategies for MEDLINE/PubMed were developed using
a combination of thesaurus and free terms based on Boolean
logic (Table 1).

Table 1. Search builder for MEDLINE/PubMed.
Search lines

Search terms

Line 1

mobile phone OR cell phone OR smartphone OR smart phone OR smart-phone OR mobile device OR Title or abstract
iphone OR mobile technology OR mhealth OR android

2. AND

app OR apps OR application OR intervention OR trial OR behavior OR behaviour

Title or abstract

3. AND

physical activity OR exercise OR fitness

Title or abstract

4. NOT

heart attack OR heart failure OR cancer OR diabetes OR diabetic OR injury OR injuries OR alcohol Title
OR sexual OR e-learning OR home OR HIV OR pain OR sleep OR smoke OR smoking OR epileptic
OR rehabilitation OR asthma

The use of this search builder was not possible for ResearchGate
and ScienceDirect. Consequently, various combinations of the
following search terms were used: mobile phone, cell phone,
smartphone, smart phone, smart-phone, mobile device, iphone,
mobile technology, mhealth, android, app, apps, application,
intervention, trial, behavior, behaviour, physical activity,
exercise, and fitness.
To select articles that were related to mHealth interventions
with the primary outcome in PA, the following terms were used
to manually filter out articles from the initial search results:
weight, eat, nutrition, diet, and game.

Study Selection
Although all age groups were included, an additional subanalysis
for adolescents’ target groups was conducted (specifically
accounting for BCTs effective for this target population). This
was also done to contrast the differences in BCTs used in
adolescents and other target populations. Studies were included
if (1) the primary component of the intervention involved a
mobile app targeting PA and SB and (2) the study used
smartphones with available embedded sensors alone (stand-alone
intervention) or in conjunction with other external components,
for example, accelerometers, pedometers, and websites accessed
through desktop computers (multicomponent interventions).
Studies were excluded from the review if (1) the intervention
was limited to using text messages only, (2) the app was used
for data collection only (eg, phone-based questionnaires), (3)
the intervention included any mobile device other than
smartphone or PA tracker, for example, PDAs, (4) the
intervention targeted other preventive health issues, such as
alcohol abuse, smoking, and sport injuries, and (5) they focused
on patients with chronic conditions other than cardiovascular
diseases and obesity, for example, diabetes mellitus. This review
includes experimental and descriptive studies, as well as reviews
addressing smartphone-based mHealth interventions aimed at
promoting PA. Two additional groups of studies were included:
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Filtered by

reviews or content analyses of PA trackers and meta-analyses
exploring BCTs and their efficacy. This approach was used to
obtain additional evidence from the domains, which are closely
related to smartphone-based mHealth PA promotions, to provide
theoretical evidence related to the field and to present the latest
developments in the domain. Instead of considering studies
using combined interventions designed to reduce body weight
(ie, PA promotion and dietary interventions), we aimed to
include studies promoting PA and reducing sedentary time, as
it is difficult to disentangle the effects of specific intervention
BCTs on particular behaviors in studies targeting several health
behaviors. For example, a BCT such as adding objects to the
environment as a part of one intervention may be successful in
terms of changing eating behaviors, while having a neutral or
even negative effect on PA outcomes. Therefore, we tried to
avoid drawing conclusions on the effectiveness of BCTs across
interventions targeting PA behavior only and interventions
targeting PA, eating, and other behaviors.

Data Extraction, Collation, Summary, and Reporting
of Results
A data extraction form was developed specifically for this
review and served as a basis for Tables S1-S10 presented in
Multimedia Appendix 1 [2,22,24-30,35-37,46-181]. A mixed
methods descriptive approach was adopted to analyze the
extracted data [32]. The identified articles were categorized into
10 groups: commercial smartphone app content analyses,
smartphone-based intervention review studies, activity tracker
content analyses, activity tracker review studies, meta-analyses
of PA intervention studies, smartphone-based intervention
studies, qualitative formative studies, app development
descriptive studies, qualitative follow-up studies, and other
related articles.
For all groups of publications, data were extracted for author,
year, target group, and targeted behavior. Depending on the
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group, data were further extracted for several additional
categories, as follows:
•

•

•

•

•

•

For commercial smartphone app content analyses, data were
extracted for evaluation framework or taxonomy used for
coding, number of apps included, app market name and
category, and findings related to the theoretical background.
For smartphone-based intervention review studies, data
were extracted for taxonomy used for coding, information
on BCTs, identified psychological theories, number of
studies included, objective, industry-recognized reporting
guidelines.
For activity tracker content analyses, data were extracted
for evaluation criteria or taxonomy used for coding, number
of trackers included, number of BCTs included (mean
value), BCTs present in all included devices, and BCTs
present in none of the included devices.
For activity tracker reviews, data were extracted for
evaluation criteria or taxonomy used for coding, number
of studies included, industry-recognized reporting
guidelines.
For meta-analyses, data were extracted for taxonomy used
for coding, BCTs associated with more effective
interventions, BCTs associated with less effective
interventions, and industry-recognized reporting guidelines.
For smartphone-based intervention studies, data were
extracted for pilot, protocol, sample size, theoretical
background, study design, study duration, stand-alone or
multicomponent intervention, principal outcome measures,
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•

•

•

industry-recognized reporting guidelines, and PA
recommendations.
For qualitative formative studies and qualitative follow-up
studies, data were extracted for sample size, theoretical
background, and method of data collection.
For app development descriptive studies, data were
extracted for sample size, theoretical background,
commonly reported systematic theory or evidence-based
practices, and methods for development, evaluation, and
reporting.
For all other related articles, data were extracted for
keyword, title, type of study or methodology, and objective
and narratively described further.

Results
Summary of Search Results
A total of 1531 articles were identified during the initial database
search. The searches of the MEDLINE and PubMed and
ScienceDirect databases yielded 785 and 546 results,
respectively. ResearchGate database search results were
restricted to 200 because the database search engine generated
an unlimited number of search results. After the removal of
duplicates, 1003 articles were screened for their titles and
abstracts, resulting in 176 full-text articles. Of these, 94 full-text
articles were excluded for the following reasons. The resulting
82 articles were hand-searched for references to relevant articles,
leading to the identification of an additional 66 articles. As a
result, 148 articles were included in the review (Figure 1).
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram.

Categorization of the Literature Available in the Field
To categorize the included studies, we used the stepwise
approach developed by Whittaker et al [182]. Whittaker et al
[182] organized the study methods according to the research
and evaluation steps in the development of an mHealth
intervention. We mapped the identified studies in the same
fashion, aligning the development and evaluation trajectory of
mHealth PA interventions with the study types used along this
trajectory. Although the approach developed by Whittaker et
al [182] was the most fitting, it did not accommodate all the
identified study types; therefore, a more fine-graded stepwise
trajectory was developed. After the literature search was
completed, 148 included studies were divided into 10 groups
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according to the study type (Figure 2), which was in line with
the adopted development and evaluation trajectory. If a study
could not be allocated to one specific category, it was included
in the group Related Articles section. After conducting the
analyses of the included studies, commonly reported systematic
theory or evidence-based practices and methods for
development, evaluation, and reporting of mHealth PA
interventions were identified (Multimedia Appendix 1). This
was the categorization principle used in this review.
To improve further categorization attempts, we refined the
outcome of our analysis, which resulted in the table presented
below (Table 2). This categorization system may be
advantageous for future studies.
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Figure 2. Map of search results by number of studies. PA: physical activity.
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Table 2. Possible categorization approach for smartphone-based interventions for physical activity promotion.
Steps in the development and evaluation process [182] and devel- Common reported systematic theory or evidence- Purpose
opment and evaluation trajectory of mHealtha PAb interventions, based practices and methods for development,
evaluation, and reporting
study type
Formative research
Summarizing findings
•

•

•
•

BCTc taxonomies
Scales to assess app quality
PA recommendations

Smartphone-based intervention review studies

•
•
•

Industry-recognized reporting guidelines
Behavior change theories or models
BCT taxonomies

Activity tracker review studies

•

Industry-recognized reporting guidelines

Activity tracker content analyses

•

BCT taxonomies

•
•

BCT taxonomies
Industry-recognized reporting guidelines

•

Mixed methods data collection (surveys,
•
questionnaires, interviews, and focus groups
discussions)

•
•
•
•

BCT taxonomies
Behavior change theories or models
PA recommendations
Scales to assess app quality

Commercial smartphone app content analyses

•

To critically evaluate the
material that has already
been published
To provide an overview of
the current state of knowledge

Synthesizing findings
Meta-analyses of PA intervention studies

•

To assess the strength of
evidence present through
establishing statistical significance

Qualitative formative research
Qualitative formative studies (assessing general topic
perception by target users)

To inform the development of the intervention

Pretesting
Describing an intervention
App development descriptive studies

•
•

•

To describe the intervention development process
and intervention features
To control acceptability,
engagement, and experiences of proposed intervention to target audience
To improve and refine intervention on the basis of
qualitative feedback

Pilot study
Pilot testing
Pilot trials

•
•
•
•

Behavior change theories or models
PA recommendations
Industry-recognized reporting guidelines

•

•
•
•
•

Behavior change theories or models
•
PA recommendations
Industry-recognized reporting guidelines
Trial designs (RCTs, experimental trials, and
rapid design trials)

•

Trial designs (RCTsd, experimental trials,
and rapid design trials)

To examine content of intervention
To examine feasibility of
a trial approach, trial processes (eg, recruitment,
registration, data collection), methods

Trial protocol
Study protocols
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To describe processes of
trials (eg, recruitment,
registration, data collection)
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Steps in the development and evaluation process [182] and devel- Common reported systematic theory or evidence- Purpose
opment and evaluation trajectory of mHealtha PAb interventions, based practices and methods for development,
evaluation, and reporting
study type
RCTs
Testing
Clinical trials

•
•
•
•

Behavior change theories or models
•
PA recommendations
Industry-recognized reporting guidelines
Trial designs (RCTs, experimental trials, and
rapid design trials)

To examine the effect of
the intervention as a whole
package or the effect of
one of its components

•

Mixed methods data collection (surveys,
•
questionnaires, interviews, and focus groups
discussions)
Behavior change theories or models
•

To control acceptability,
engagement, and experiences of proposed intervention to target audience
To control implementation
issues
To control the effect of the
intervention after dissemination

Qualitative follow-up
Qualitative follow-up evaluation
Qualitative follow-up studies (assessing the developed
intervention by target users)

•

•

a

mHealth: mobile health.

b

PA: physical activity.

c

BCT: behavior change technique.

d

RCT: randomized controlled trial.

Study Characteristics
Overview
The characteristics of the included studies are presented in
Tables S1-S10 of Multimedia Appendix 1. All included articles
(n=148) were separated according to the subject of the article
in the following groups: commercial smartphone app content
analyses (n=11), smartphone-based intervention review studies
(n=13), activity tracker content analyses (n=3), activity tracker
review studies (n=6), meta-analyses of PA intervention studies
(n=6), smartphone-based intervention studies (n=38), qualitative
formative studies (n=6), app development descriptive studies
(n=7), qualitative follow-up studies (n=7), and related articles
(n=51). All articles were published between 2008 and 2018.
The most common targeted behaviors were PA, SB, and dietary
behavior, although the majority of the included articles targeted
a single health behavior, namely PA. Although the majority of
studies included adult populations (125), 24 articles targeted
children and adolescents (age range: 5-19 years).

Commercial Smartphone App Content Analyses
Articles were allocated to this group if the objective of the study
was to analyze the content of commercial apps presented on
digital distribution platforms (ie, App Store, Google Play, and
Microsoft Store). The included studies (n=11) were published
from 2012 to 2018, and most of them targeted the general
population (n=7) and adults (n=2), whereas only 2 targeted
children and adolescents. More than half of the content analyses
targeted PA behavior (n=7); the other reported lifestyle-related
health behaviors, outcomes and aims were SB, diet, health and
fitness, and obesity prevention. Sample sizes ranged between
https://mhealth.jmir.org/2021/7/e24308
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25 and 3336 (mobile) apps, and the most common digital
distribution platform was App Store (n=11). A total of 6 studies
used different variations of the BCT taxonomy (26, 40, and 93
BCTs) as an evaluation or coding framework. The average
number of the BCTs in those studies ranged from fewer than 4
to 8.1, and the most common BCTs for adults included provide
instruction, provide feedback on performance, prompt specific
goal setting, prompt self-monitoring of behavior (26 BCTs
taxonomy [35]), provide instruction on how to perform the
behavior, provide feedback on performance, goal setting
(behavior), prompt self-monitoring of behavior (40 BCTs
taxonomy [36]), instruction on how to perform the
behavior,feedback on behavior, goal setting (behavior), and
self-monitoring of behavior (93 BCTs taxonomy [37]).
Interestingly, this supports the study reporting that the average
number of BCTs used in gamified apps aimed at health
promotion was higher (14 BCTs) [46] than in nongamified
health promotion apps. For children and adolescents, only one
study reported the most frequently used BCTs [47]. They were
providing instructions, general encouragement, contingent
rewards, and feedback on performance (26 BCTs taxonomy).
The two most recent studies [47,48] used the Mobile App Rating
Scale (MARS) to assess the quality of apps. On a 5-point scale,
the overall app quality was moderate: the total MARS score
ranged from 3.6 to 3.88 points.

Smartphone-Based Intervention Review Studies
This group included intervention studies aimed at reviewing
smartphone-based intervention publications. The included
reports (n=13) were published between 2013 and 2017 and
targeted the general population (n=6), adults (n=4), and children
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and adolescents (n=3). More than half of the reviews targeted
PA behavior exclusively (n=7), whereas the other reported
lifestyle-related health behaviors and outcomes and aims were
SB, diet, weight reduction, obesity combatting, healthy nutrition,
and overweight prevention. The number of articles included in
these reviews ranged from 7 to 52. Only two studies used the
taxonomy of BCTs (26 and 93 BCTs) to code the included
interventions [49,50]. These studies reported that for adults the
following BCTs were most frequently employed: goal setting
(behavior), self-monitoring of behavior, social support
(unspecified), feedback on behavior, instruction on how to
perform the behavior, adding objects to the environment,
information about health consequences, and prompts or cues
(93 BCTs taxonomy). For adolescents, prompt self-monitoring
of behavior and provision of feedback on performance
techniques were most often applied (26 BCTs taxonomy). The
other 4 studies provided information about behavioral
components without mentioning any taxonomy used for coding
[24,29,51,52]. Self-monitoring, cues to action, feedback, and
social support were identified as the most commonly used BCTs
[29]. The most efficacious and helpful BCTs were reported to
be goal setting, self-monitoring, performance feedback,
motivational cuing, rewards, social support, and coaching
[24,51,52]. The majority of the identified reviews (n=9) reported
the theoretical background of smartphone-based interventions.
The most frequently used theoretical framework was the Social
Cognitive Theory (n=7), followed by the transtheoretical model
(n=4), Self-Determination Theory (n=4), and the Theory of
Planned Behavior (n=2). The other reported models and
theoretical approaches included the Persuasive Systems Design
Model, the Control Systems Theory of Self-regulation, the
Behavior Change Wheel, the Five A’s Model, the Fogg Behavior
Model, Learning Theory or operant conditioning, Social
Influence Theory, the Theory of Reasoned Action, and Cognitive
Behavior Therapy. Of 13 reviews, 3 used the PRISMA
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses) reporting guidelines [24,25,50].

Activity Tracker Content Analyses
Articles were included in this group if the objective of the
content analysis was to analyze the theoretical components
included in the activity trackers. The included studies (n=3)
were published between 2014 and 2017 and targeted the general
population [53-55]. The majority of the content analyses targeted
PA behavior exclusively (n=2), whereas the other reported
lifestyle-related health behaviors were SB and sleep. The number
of included activity trackers per article ranged from 3 to 13. All
3 studies used the taxonomy of BCTs (40 and 93 BCTs) to code
the included interventions [53-55]. According to these content
analyses, the average number of BCTs included in the activity
monitors ranged between 9 and 25 BCTs (40 BCTs taxonomy).
There was an agreement between 2 studies about BCTs present
in all included devices, which were provide information about
others’ approval, provide normative information about others’
behavior, prompt review of behavioral goal, provide rewards
contingent on successful behavior, prompt self-monitoring of
behavior, prompting focus on past success, provide feedback
on performance, facilitate social comparison, and plan social
support or social change (40 BCTs taxonomy) [53,54].
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According to the same studies, prompt anticipated regret, fear
arousal, prompt self-talk, prompt use of imagery, and general
communication skills training BCTs were not present in any of
the included devices (40 BCTs taxonomy).

Activity Tracker Review Studies
Review studies in this group aimed to provide evidence on the
effectiveness, efficacy, feasibility, validity, or reliability of
activity trackers. The included studies (n=6) were published
between 2012 and 2018 and targeted adults (n=5) and children
and adolescents (n=1) [56-61]. The majority of the reviews
targeted PA behavior exclusively (n=5), whereas the other
reported lifestyle-related health behavior was sleep. The number
of articles included per review ranged between 5 and 134
publications. Five studies used PRISMA or PRISMA-P
(Preferred Reporting Items for Systematic Reviews and
Meta-Analyses Protocols) reporting guidelines [56-60].

Meta-analyses of PA Intervention Studies
Articles were included in this group if the objective of the
meta-analysis was to analyze PA intervention studies and to
define the BCTs that were associated with more or less effective
interventions. It is important to note that all identified
meta-analyses (n=6) reviewed only classic interventions and
did not include smartphone-based interventions [62-67]. Only
one meta-analysis reviewed PA smartphone-based interventions
[50]. However, this meta-analysis was excluded because it did
not provide information on the effectiveness of BCTs because
of the small number of included studies.
Articles included in this group were published between 2009
and 2017 and mainly targeted adults with one exception, where
the targeted group included children and adolescents [65]. All
the included meta-analyses targeted PA, with 3 studies
additionally targeting healthy eating (HE) and diet [62,65,67].
Two studies used 26 BCTs taxonomy for coding, 3 studies used
40 BCTs taxonomy for coding, and 1 study used the latest 93
BCTs taxonomy for coding. Reported results for BCTs
associated with interventions that are more effective were
divergent, with self-monitoring and feedback reported to be
effective according to 4 and 3 meta-analyses, respectively. Every
meta-analysis reported different results for BCTs associated
with less effective interventions. For the adolescent target group,
BCTs (26 BCTs taxonomy) associated with more effective
interventions include provide information on consequences,
provide information about others’ approval, prompt intention
formation, prompt self-monitoring of behavior, and agree on
behavioral contract [65]. The provide instruction BCT was
associated with less effective interventions in adolescents [65].
Only the latest meta-analysis used PRISMA reporting guidelines
[67].

Smartphone-Based Intervention Studies (Study
Protocols, Pilot Trials, and Clinical Trials)
The smartphone-based intervention study group included 38
articles representing 32 research studies published between 2008
and 2018. The majority of these studies targeted adults (n=20),
whereas 12 targeted adolescents, and the sample size ranged
from 8 to 700 participants, and the duration of interventions
ranged from 2-32 weeks (most common duration: 8 weeks).
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e24308 | p.47
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
The participants’ ages ranged from 8-81 years. A total of 14
studies exclusively targeted PA behavior; the other reported
lifestyle-related health behaviors, aims, concepts, outcomes,
and conditions included weight loss, SB, cardiorespiratory
fitness, diet, sleep, fitness, and obesity. The most common study
design was a two-arm randomized controlled trial (RCT; n=10);
for other study designs, the number of intervention groups
ranged between 1 and 4. There was a preponderance in the
number of multicomponent interventions (n=19) over
stand-alone interventions (n=13). The interventions mainly used
newly designed smartphone apps (n=29) rather than
commercially available apps (n=3), the theoretical background
of which was unknown. The most common outcome measures
were minutes spent with moderate-to-vigorous PA (MVPA)
and a daily step count. In total, 14 studies did not report a
theoretical background. For adults, the most frequently used
theoretical framework was Social Cognitive Theory (n=11),
followed by Self-Regulatory Theory (n=3) and the Fogg
Behavior Model (n=2). Of the 12 studies including adolescents,
several (n=4) did not report any theoretical background, and
among those who did, Self-Determination Theory (n=6) was
the most frequently used. The other reported theoretical
frameworks and models include the Theory of Meaning
Behavior, the Five Factor Model of Personality, the Health
Belief Model, the Technology Acceptance Model, the Theory
of Motivation in Videogames, the Transtheoretical Model of
Health Behavior Change, the Functional Triad, the
Transcontextual Model of Motivation, the Synergy Hypothesis,
Learning Theory, Basic Psychological Needs Theory, the
COM-B (Capability, Opportunity, Motivation, Behaviour)
model, and the Behavior Change Wheel. A total of 10 studies
used CONSORT (Consolidated Standards of Reporting Trials)
reporting guidelines, 1 study used SPIRIT (Standard Protocol
Items: Recommendations for Interventional Trials) reporting
guidelines, and 2 studies used both CONSORT and SPIRIT
reporting guidelines.

Qualitative Formative Studies
Articles in this group used a qualitative approach to examine
users’ views of and preferences for app features in terms of
usability and attractiveness, among others, that can inform the
development of future mHealth PA interventions. The identified
studies (n=6) were published between 2011 and 2016 and
included adults (n=5) and adolescents (n=1) target populations
[68-73]. Sample sizes ranged between 14 and 120 participants,
and research designs included focus groups (n=3), web-based
surveys (n=3), and individual interviews (n=3). The studies
focused on the perception of apps targeting PA (n=3), health
behavior change in general (n=2), and health and fitness (n=1).
The app features that were evaluated by participants in the
majority of these studies (n=4) were social networking, context
sensing or personalization, design, self-monitoring, and goal
setting.
Social networking, that is, exposing one’s health behavior
through integration of the PA app in social networks (eg,
Facebook), was generally perceived negatively. Context sensing
or personalization, self-monitoring, and goal setting were
perceived as valued features in smartphone apps. The design of
the app appeared to be a crucial feature, in that users preferred
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a simple and structured layout, which was easy to use, playful,
and fun. Apps were not used or uninstalled if they contained
unnecessary features, required excessive data entry for sign up,
had complicated operating procedures, and required instructions
that were time-consuming or burdensome.

App Development Descriptive Studies
Articles were included in this group if the objective of the study
was to describe the intervention development process and
intervention features. The identified studies (n=7) were
published between 2012 and 2018 and included adults (n=5),
adolescents (n=1), and general populations (n=1) [74-80]. The
intervention groups differed in terms of sample size, ranging
from 10 to 68 participants. The developed interventions mostly
targeted PA (n=6), and other related behaviors, such as SB (n=2)
and weight loss (n=1). Common reported systematic theory or
evidence-based practices and methods for development,
evaluation, and reporting included PA recommendations (n=1)
[76], BCT taxonomies (n=2) [78,80], and MARS (n=1) [79].
The most frequently used theoretical framework was Social
Cognitive Theory (n=5); the other reported theoretical
frameworks and models included Health Belief Model, Theory
of Planned Behavior, Technology Acceptance Model, Fogg
Behavior Model and Self-Determination Theory.

Qualitative Follow-up Studies
This group of studies aimed at assessing the acceptability,
engagement, and experiences of the target audience with the
intervention and the effect of the intervention after
dissemination. The identified studies (n=7) were published
between 2012 and 2017 and included adults (n=4) and
adolescents (n=3) as target populations [81-87]. Sample sizes
ranged between 5 and 68 participants and research designs
included surveys (n=3), interviews (n=2), focus groups (n=1),
and questionnaires (n=1). The apps included in the studies
targeted PA (n=5), fitness (n=1), and well-being (n=1). The
theoretical frameworks and models were reported only in 2
studies, which included the Theory of Planned Behavior in both
studies (n=2) [84,87]. The other reported theoretical frameworks
and models included the Theory of Meaning Behavior, the 5
Factor Model of Personality, and the Functional Triad [84,87].

Related Articles
The related articles group included 51 articles published between
2008 and 2018. These articles were mainly identified through
manual reference searches, and although they were relevant to
the topic of this review, they did not fit into the other groups
presented above. The study types included methodological,
theoretical, conceptual studies; reports; recommendations from
workshops; other literature reviews (reviews of methodological,
theoretical, and conceptual studies); and reviews and trials on
related topics (eg, gamification) that represented theoretical and
methodological findings and recommendations that were
grouped into several topical subgroups: activity tracking,
automation, BCT, behavior change theory, GPS, just-in-time
adaptive interventions, mHealth apps, PA, profiling, and RCT
alternatives for mHealth. Relevant information from these
articles was analyzed and presented narratively in the Discussion
section.
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Discussion
Theories and Techniques Implemented in
Smartphone-Based PA Interventions to Support
Behavior Changes: Current Situation and
Recommendations
The science of behavior change has advanced significantly in
recent years. Nevertheless, many challenges remain concerning
the standardization of the development and reporting of methods
of behavior change interventions. As presented in the tables of
Multimedia Appendix 1, there is a plethora of approaches in
developing smartphone-based PA interventions; however, most
of them have been developed and reported without an explicit
theoretical foundation. This has been described as the
development of theory-inspired interventions (in which the
theoretical background is often chosen depending on the
experiences and preferences of researchers and developers),
rather than theory-based interventions (in which the chosen
theoretical background was measured and tested in the
intervention or conditions) [88].
To accomplish a more standardized methodological approach,
several frameworks have been developed by Michie et al [88]
in the domains of smoking, PA and HE, alcohol consumption,
and safer sex. For the PA and HE domains, these authors
developed the Behavior Change Technique Taxonomy, in which
a BCT is defined as “an observable and replicable component
designed to change behavior” [37]. It is the smallest component
compatible with retaining the postulated active ingredients and
can be used alone or in combination with other BCTs [89]. The
taxonomy itself has been described as “an extensive, integrated,
hierarchical classification system for reliably specifying
intervention components (BCTs)” [88]. There are three versions
of the BCT taxonomy: A Taxonomy of Behavior Change
Techniques (26 BCTs), developed for coding PA and HE
interventions for adults in 2008; The CALO-RE (Coventry,
Aberdeen & London–Refined) taxonomy (40 BCTs), developed
in 2011, which is the extended version of the previous
taxonomy; and finally The Behavior Change Technique
Taxonomy (v1), which is the latest (developed in 2013) 93 BCTs
cross-domain taxonomy, and which is recommended to be used
instead of the previous versions, which are considered as
“domain specific proto-versions” [35-37,89].
In addition, Michie et al [88,183] created a compendium of 83
theories of behavior and behavior change, containing more than
1700 theoretical constructs, some of which can be potentially
considered as so called “theoretical mechanisms of action.” In
this context, mechanisms of action are conceptualized as “a
range of theoretical constructs, defined broadly as the processes
through which a behavior change technique affects behavior”
[88].
To overcome the unsystematic intervention development and
reporting, it is also important to understand how BCTs can be
linked to theoretical mechanisms of action, which is currently
being investigated [88,90]. Such a link will provide a basis for
a systematic and transparent method for developing behavior
change interventions. Until then, the Behavior Change Wheel
was considered the most appropriate development framework
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for selecting appropriate BCTs for specific behavior change
interventions. This framework was also developed by Michie
et al [91,184], introducing a synthesis of 19 behavior change
frameworks, providing a systematic guide for designing and
evaluating behavior change interventions and policies.
Several important tendencies were identified in all the included
groups of studies. First, studies aiming to promote PA via
smartphone-based interventions in adolescents are
underrepresented in comparison with those targeting adults.
While analyzing the studies including adolescents, Schoeppe
et al [24] confirmed that there was no difference in the BCTs
incorporated in apps for adolescents compared with those used
in apps for adults. This is surprising, as adolescents’ motivations,
social environment, and financial opportunities, among others,
are much different from those of adults [185].
Second, the tables in Multimedia Appendix 1 demonstrate that
there is no agreed evaluation framework or taxonomy to code
or report smartphone-based PA interventions. Researchers did
not state the coding methods [24,29,51,52], used various
evaluation frameworks [92-94], or used different versions of
the BCT taxonomy by Michie et al [66,89], who developed all
versions of the BCT taxonomy, recommend using the latest
version, which consists of 93 BCTs, and although several
authors justified their preference for the specific version of the
taxonomy (eg, O’Brien et al [66] stated that the 40 BCTs
CALO-RE taxonomy was used “as it was specifically developed
for use with PA and dietary interventions”), it is evident that
such an approach is disadvantageous because it hinders the
systematic accumulation of evidence. However, this is not
surprising, as the field of mHealth is still a fairly young field
of research, where new, dynamic theories and models of
behavior that better fit the capabilities of mobile systems have
yet to be developed or are currently under development [186].
These new developments in behavioral models and mechanisms
of action must be taken into account for the field to progress.
Thus, while striving for uniformity in reporting, researchers
should periodically upgrade their reporting methods while
maintaining a balance between systematic and innovative
approaches. It is therefore important to realize that as the field
grows, the taxonomy will be extended and modified, and it will
be subject to further refinement and development, as stated by
Michie et al [37].
Third, the tables in Multimedia Appendix 1 demonstrate that
there seems to be no consensus about the optimal behavior
change theory or model that should be used in smartphone-based
interventions for PA promotion. Until now, there has been no
clear evidence for the best behavior change model; however,
the results show that Social Cognitive Theory seems to be the
most favored among researchers. Progress in this field of
research will be hampered if theoretical models on
which interventions are based are not selected according to
explicit criteria but on personal preferences. Although some
researchers continue in their work to eventually provide
systematic solutions, the most coherent approach at this time
seems to consist of selecting BCTs based on the features and
goals of the designed intervention using the Behavior Change
Wheel framework [88,184].
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Reviews of the commercial app market (Table S1 in Multimedia
Appendix 1) also suggest that there is a lack of theory-based
and evidence-based apps [92,95-98]. One should differentiate
those terms; although the first usually refers to the systematic
selection of BCTs and theories or models, the second refers to
the compliance of apps with various national and international
PA norms.
As previously outlined, the included meta-analyses did not
analyze smartphone-based interventions. We decided to include
them here, based on the rationale of Brannon and Cushing [65],
who state that classic and smartphone-based interventions do
not represent disparate bodies of evidence. After comparing
BCTs used in commercial, research-driven apps, activity
trackers, and meta-analyses (corresponding tables in the
Multimedia Appendix 1), it becomes clear that there is no agreed
theoretical or evidence base for the choice of BCTs in
smartphone-based interventions. However, it is still important
to report on and verify accumulated evidence for the field to
progress, while considering its inconclusive nature. For
adolescents, a comparison of the review by Schoeppe [24] and
Brannon and Cushing meta-analysis [65] shows that BCTs
associated with effective interventions provide information
about others’approval and prompt self-monitoring of behavior.
There is a clear need to conduct meta-analyses on mHealth
studies. Until now, such a meta-analysis has been conducted
once by Direito et al [50]; however, the author concentrated
more on RCTs of mHealth technologies, rather than
smartphone-based mHealth interventions tested with more
suitable trial designs. As a result, only RCTs were selected for
this meta-analysis, despite the latest considerations that RCTs
may not provide the most advantageous design for the evaluation
of mHealth interventions [99]. Second, out of the 21 studies
included, only 5 described smartphone-based interventions,
whereas the rest included interventions delivered through a
website, SMS text messages, and PDA devices, that is, modes
of delivery that are often considered outdated in the mHealth
domain.
In general, it is also important to consider the mechanisms of
action and the parameters of effectiveness of coded BCTs.
Although the current approach applied for coding, using the
taxonomy of Michie et al [37], does not consider the context of
BCTs, Kok et al [100] argued that this is crucial. They state that
the taxonomy developed by Michie et al [37] is useful for
coding, but is not a good basis for intervention development,
as it may contain ineffective and even countereffective methods
(BCTs) [100]. Kok et al [100] define the parameters of
effectiveness as “the conditions that must be satisfied in practical
applications for the method (BCT) to be effective” and add that
if parameters of effectiveness for the particular method (BCT)
are violated, it may become less effective or even
countereffective. Consequently, an alternative, that is, A
Taxonomy of Behavior Change Methods, has been designed to
take parameters of effectiveness into consideration, while
developing an intervention [100]. Various researchers, including
Michie et al [88], support the idea that BCTs should not be
treated in a vacuum, considering their context and possible
combinations [101-103].
https://mhealth.jmir.org/2021/7/e24308

XSL• FO
RenderX

Domin et al
When selecting a theoretical model, many researchers seem to
assume that the basic motivation of the user is to become more
physically active, which is not always the case [104]. Therefore,
which models consider the level of motivation before favoring
a specific framework is worth assessing [104]. Interestingly,
the present analysis of intervention studies shows that only
interventions targeting adolescents used Self-Determination
Theory, whereas for adults, Social Cognitive Theory was by
far the most frequently used model. Finally, researchers have
recently started to question whether the theoretical models
developed before the invention of smartphones, and
digitalization in general, are still applicable [51,105,106,186].
Such critiques are justifiable, as digital devices such as
smartphones provide unprecedented opportunities for
observation, data collection, and just-in-time interventions and,
therefore, the interaction between the user and the device
delivering the intervention [26].

Other Commonly Reported Systematic Theory or
Evidence-Based Practices and Methods for the
Development, Evaluation, and Reporting of
Smartphone-Based PA Interventions: Current
Situation and Recommendations
Overview
As is evident from the results in this review and the tables
presented in Multimedia Appendix 1, commonly reported
systematic practices and methods could be successfully
identified. They include PA recommendations, trial designs
(RCT trials, experimental trials, and rapid design trials), mixed
methods data collection (surveys, questionnaires, interviews,
and focus group discussions), scales to assess app quality, and
industry-recognized reporting guidelines. Nevertheless, there
seems to be no consensus on which practices and methods are
preferable to use, which reflects the same tendency as outlined
for theories and techniques. To advance this field of research,
researchers and developers should consider using existing
practices and methods depending on the aims and features of
the developed intervention. The more systematic the
development process, the higher the replicability of the results.
As a result of the current review, we provide a list of best
practices and methods that can be used during the development
evaluation and reporting of PA mHealth interventions.

WHO Global Recommendations on PA for Health
These are evidence-based recommendations of the WHO that
“address the links between the frequency, duration, intensity,
type and total amount of PA needed for the prevention of NCDs”
[15]. Alternatively, researchers can use other public PA
guidelines used by national agencies and health institutions,
such as Canadian Physical Activity Guidelines for Adults,
Physical Activity Guidelines for Americans, American College
of Sports Medicine Guidelines, Center for Disease Control
Guidelines, American Heart Association Guidelines, UK
Department of Health Guidelines, Institute of Medicine
Guidelines, and US Department of Health and Human Services
Guidelines [97,98,107]. Applying one or several of these
guidelines will help researchers to understand PA norms that,
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for instance, can be used as a PA goal for participants or
inclusion and exclusion criteria.

MARS and User Version of the MARS
The MARS scale has been developed quite recently in many of
the most recent mHealth research studies [47,79,108]. This is
a “reliable, multidimensional measure for trialing, classifying,
and rating the quality of mobile health apps” [109]. The MARS
scale is useful if the researcher wishes to reliably rate or see the
possible flaws of the developed mobile app.

Domin et al
methodology of the most recent rapid design, MRT, is currently
being developed, and the first protocols and trials have been
recently published [115,191].

Qualitative Studies

The following industry-recognized reporting guidelines have
been illustrated:

Although there is no one recommended methodology, the most
commonly reported methods in identified studies include
surveys, questionnaires, interviews, and focus group discussions.
On the basis of this review, we cannot recommend any specific
method, yet there is a clear need for more systematic reporting
of results. Nevertheless, the studies summarized in Tables S7-S9
in Multimedia Appendix 1 provide some indication of the most
efficacious and user-attractive features in mobile apps aimed at
PA promotion.

•

1.

Industry-Recognized Reporting Guidelines

•

•

•

PRISMA: this is an evidence-based minimum set of items
for reporting in systematic reviews and meta-analyses [187].
PRISMA-P: this is a set of items aimed at facilitating the
development and reporting of systematic review protocols
[188].
CONSORT statement: this internationally acknowledged
tool can be used to assess the quality of RCT studies and
to design or report an RCT of the highest quality and
standard [189].
SPIRIT: a guideline for minimum content of a clinical trial
protocol [190].

2.

Rapid Design Trials
Although RCT study designs are widely considered a gold
standard for intervention research in many areas, it has been
suggested that they may not be the best approach for the
evaluation of mHealth interventions for several reasons. First,
the duration of the completion of an RCT is long (5.5 years on
average from recruitment to publication of the trial results
[99,110]), which in the modern ever-developing digital world
may be the cause for an app becoming obsolete. Second, an
RCT is a rigid design requiring interventions to remain
unchanged and stable during the entire duration of the trial. This
creates a problem, as software is meant to change, progress,
evolve, and adapt to its user in short periods
[32,51,99,108,110-114]. Therefore, mHealth interventions could
make use of flexible evaluation designs and methodologies,
providing timely information and being responsive and agile.
Consequently, alternative designs and methodologies for the
evaluation of mHealth interventions have been proposed
[32,99,108,110-113]:
1.
2.
3.
4.
5.
6.
7.
8.
9.

Continuous Evaluation of Evolving Behavioral Intervention
Technologies
Sequential Multiple Assignment Randomized Trial
The Multiphase Optimization Strategy
Microrandomized trial (MRT)
Step-wedge design (ie, cluster randomized design)
n-of-1 trials
Practice-Based-Evidence methodology
Trial of Intervention Principles framework
Collaborative Adaptive Interactive Technology framework

However, these designs have rarely been implemented.
According to the most recent review of PA apps, only 2 of 111
included studies used rapid research designs [32]. The
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3.
4.

5.

6.

Design simplicity: Ease of use and navigation through the
app, absence of unnecessary features, unambiguous
information, and a structured layout were all listed as
features that positively affected participants’ engagement.
Apps with excessive data entry for sign up, presenting
features that required instructions, and complicated
operating procedures were negatively perceived by users
[28,29,69-71,81,82,116].
Personal approach for each user- tailored coaching, goals,
feedback, and notifications: Users perceive a personalized
approach as an important factor for motivation and
engagement. Therefore, it is important to consider
sociodemographic user differences [117,118]. Moreover,
the users themselves prefer to be in control of the app’s
features, having the ability to hide or add them
[28,69,71,72,81,82,116].
Reward: A transparent reward system was positively
recognized by users [28,71,82,116].
Self-monitoring and goal setting: These app features were
the key features enjoyed or rated positively by app users
[68,70,72,82].
Gamification: This feature can positively affect user
engagement by bringing more enjoyment to exercise or
activity [119,120].
Social networking: This feature was perceived differently
in various apps:
•
Peer-to-peer influence was delivered through
encouragement, praise, and competition with the
participants’ peers. As indicated by Klasnja and Pratt
[121], the results presented by different researchers are
inconclusive: studies report both positive and null
effects [120-125].
•
Social support from family and friends: As the reviews
show, the effect on participants depends on the
behavioral goals of friends or family members: if the
goals differ, the effect of social support seems to be
low [121].
•
Social modeling (eg, tips for health-related resources
from successful peers) seems to have a positive effect
on participants [121].
•
Integration with social networks (eg, Facebook) was
perceived negatively by app users [69,71,81,82].

These findings demonstrate that a chosen method of social
support can significantly affect the acceptability and usefulness
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of the app among users. Overall, it is important to underline the
necessity of pretesting the app with a specific target audience
to optimally refine the app’s features and components.

Devices and Primary Outcomes Used for Data
Collection and Analysis in Smartphone-Based PA
Interventions: Current Situation and
Recommendations
Smartphone-based interventions can be divided into stand-alone
interventions, where only the app is used and multicomponent
interventions, where the app is one of several intervention
components. The choice of intervention components affects the
intervention outcomes, and, if a multicomponent approach is
chosen, may lead to the inclusion of various devices as
additional components of the intervention.
For the majority of researchers, the selection of
smartphone-based intervention components depends on several
factors, such as the accuracy of data collection, device
compatibility with the user, and durability. As can be seen from
Table S6 in Multimedia Appendix 1, all smartphone-based
intervention data collection components can be divided into
three groups: smartphones, commercial activity trackers, and
medical-grade activity trackers. The selection of a data collection
device is usually well aligned with the chosen outcome
measures.
As presented in Table S6 of Multimedia Appendix 1, a
stand-alone intervention that includes only a smartphone with
the installed app and inbuilt accelerometer can track the most
common PA outcome measures, that is, minutes spent in MVPA
and SB, and daily step count [126]. These data can also be
collected with a range of precision levels (depending, for
instance, on the use of built-in GPS sensors, which can provide
data that are more accurate) [127-129]. The drawbacks of solely
using smartphones include the short battery life of the device,
only moderate accuracy levels, moderate durability, and limited
exposure time (the user will not usually carry the phone during
certain periods of the day) [26,121].
The validation reviews presented in Table S4 of Multimedia
Appendix 1 demonstrate that commercially available, usually
wrist-worn activity trackers can help collect similar data with
higher accuracy levels, although still in a moderate range
[56,60]. In addition, some built-in sensors (eg, heart rate [HR])
can provide supplementary data and improve the accuracy of
MVPA measures. They avoid most of the drawbacks of
smartphone devices, as they provide a long battery life for the
device, high device durability, and extended exposure time.
Commercial activity trackers show good potential in the
implementation of theory-based practices and improve the data
collection procedure in human physiology research for both
adults and adolescents [58,120,130-132,192].
Medical-grade activity trackers (hip, waist, or wrist worn), for
example, ActiGraph devices, provide the highest measurement
accuracy levels; however, they also have certain drawbacks.
The hip and waist location can lead to low user compatibility
levels and reduced exposure, whereas HR can only be measured
with a wireless HR monitor [193].
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Consequently, while developing PA interventions, researchers
should consider these factors and choose the device according
to the characteristics most suitable for their projects. It is
important to note the findings of a recent review, which confirms
that multicomponent interventions tend to be associated with
higher intervention efficacy [24]. Although some researchers
chose to use simplistic outcome measures such as a daily step
count, studies show that a multidimensional approach with
several outcome measures is more comprehensive [107].

Advancing mHealth Further: Technological Advances
Applied in Smartphone-Based mHealth Interventions
Researchers working in the smartphone-based mHealth field
often face problems with participants’ engagement: the
long-term retention levels are usually quite low at 18 months
follow-up measurements [133]. One way to solve this problem
is to make the intervention more attractive to the participants
by personalizing it. Personalized smartphone-based PA mHealth
interventions may be more effective and preferred by
participants over interventions with a generic program and
advices or notifications [28,51]. Various researchers have
suggested that personalization or tailoring of PA interventions
will positively affect participants’ perception and engagement
[59,134-136]. Some studies have attempted to personalize the
intervention components manually and using automated
approaches [137,138]. Manual automation (where the researcher
inputs a large amount of collected data individually into every
participant’s profile) has shown positive trends. Nevertheless,
depending on the number of variables, the number of entries
required for each participant, and the number of participants,
this approach might be too time-consuming to become
impractical [139,140]. More automated approaches, specifically
machine learning or data mining, require minimum assistance
during the utilization period, and are therefore promising for
solving big data challenges, including behavior change
interventions [113,194]. Rabbi et al [138,195] have already
successfully implemented machine-learning solutions in various
smartphone-based mHealth interventions, demonstrating their
potential. However, machine learning science is in its early
stage of development, and some questions still need to be
answered and tested. One of them concerns the level of
automation: Which one should the researcher choose for his or
her particular intervention? Although full manual tracking is
considered outdated and has a high data collection burden, fully
automated tracking requires high data collection accuracy and
may
lower
participants’ self-awareness;
therefore,
semiautomated tracking is currently the best solution [141,142].
As the articles listed in Table S10 of Multimedia Appendix 1
show, numerous technological advances are increasingly being
used in smartphone-based PA mHealth interventions. One
example concerns HR monitoring. Previously, HR monitoring
PA interventions used separate devices. Currently, commercial
activity trackers include built-in HR sensors, which can increase
participants’ acceptance of the intervention. Another example
concerns the use of a smartphone’s inbuilt GPS sensor, which
can provide high accuracy of movement speed and location,
among others; however, it is highly energy consuming and
drains smartphone batteries very fast. The latest power
management algorithms help to reduce the resource demands
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of continuous sensing, which ensures longer usability time,
providing researchers with additional data collection
opportunities [143].
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•

Implications for Future Research
On the basis of this review and in light of the widely used
international reporting guidelines, several recommendations for
future research can be inferred:

•

•

•

•

•

•

•

•

•

Support uniformity of reporting by describing interventions
and procedures in an adequate and consistent manner, using
industry-recognized reporting guidelines, such as PRISMA,
CONSORT, and SPIRIT [196].
Develop and code interventions in a more systematic way,
using recommended practices while taking into account
new models that offer additional opportunities in behavior
research [186]. Currently, the systematic approach is either
not applied or various frameworks are being used (eg,
different versions of taxonomy by Michie), which slows or
even prevents knowledge transfer and evidence
accumulation. After the first results will be yielded in the
development of a methodology for linking BCTs to
theoretical mechanisms and the Human Behavior-Change
Project, more systematic solutions will become available
[88,194].
Meta-analyses, including modern mHealth solutions (eg,
smartphones) and excluding outdated devices or methods
(intervention based solely on SMS, PDAs, etc), provided
there is a sufficient number of studies meeting the inclusion
criteria.
Profit from interdisciplinary collaboration while developing
mHealth interventions. Various researchers and research
groups working on the development of PA mHealth
interventions have underlined the positive effect of
collaboration between related stakeholders and experts in
the domains of behavior change, software development,
machine learning or data science, physiology, and public
health [29,65,70,94,102,106,113,135,144]. A recent
systematic review demonstrated that the collaboration of
experts from various research domains greatly enhances
the quality of the produced publications and research work
in general [145].
Perform more studies designed for adolescents, accounting
for differences in levels of motivation and lifestyle
compared with adults.
Implement rapid study designs while evaluating the
intervention (eg, MRT, Multiphase Optimization Strategy,
Sequential Multiple Assignment Randomized Trial, etc)
[32].
Implement wearable activity monitors with built-in sensors
(eg, HR and GPS) will provide more opportunities for data
collection. Both commercial and research-grade trackers
are advantageous. However, the collaboration of two
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domains, for instance ActiGraph and Garmin, is yet to bring
fruitful results [197].
Implement the latest findings of machine learning or data
mining and artificial intelligence domains into behavior
change interventions [88,138,194].
Improve engagement with smartphone-based mHealth
interventions by testing and implementing meaningful
gamification and social networking features [120].
Build the reward and engagement engine of the app in a
way that users will become autonomously physically active
over time and do not depend on an app, a tracker, or an
intervention in perpetuity.

Strengths and Limitations
The strength of this scoping review is the comprehensive search
strategy, which allows the majority of published related articles
to be included. Therefore, the scope of the review is wider than
the scope of systematic reviews on smartphone-based mHealth
interventions for PA promotion. However, a scoping review
does not consider the methodological quality assessment of the
included studies. Consequently, several studies had moderate
methodological quality, which calls for their findings into
question. It is important to emphasize that the included
interventions developed and evaluated apps and activity trackers
that provide sensor-based feedback on PA. Smartphone-based
interventions related to chronic diseases other than
cardiovascular diseases and obesity (eg, diabetes mellitus),
preventive health issues (eg, alcohol abuse, smoking, and sports
injuries), weight loss, diet, and nutrition were not included in
this review. Finally, yet most importantly, only
smartphone-based mHealth interventions were included in this
review.

Conclusions
Smartphone-based mHealth interventions aimed at PA
promotion in adolescents and adults show promising results for
effective behavior change. Although there is a plethora of
published studies with adults, the number of studies and,
consequently, the evidence base for adolescents is very limited.
In the past few years, a growing number of researchers have
developed multicomponent mHealth interventions that, in
addition to the app, include commercial or research-grade
activity trackers, which can provide additional insight into a
participant’s lifestyle. Overall, the efficacy of smartphone-based
mHealth PA interventions can be considerably improved through
a more systematic approach to developing, reporting, and coding
of the interventions. Specifically, researchers should aim to
develop theory-based rather than theory-inspired interventions,
which is currently challenging, as there is no consensus on
development, evaluation, or coding practice. Finally, the current
stage of behavior science advocates an interdisciplinary
approach to the development of behavior change interventions,
including innovative approaches such as machine learning and
data mining.
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Abstract
Background: Smartphone-based apps represent a major development in health care management. Specifically in headache
care, the use of electronic headache diaries via apps has become increasingly popular. In contrast to the soaring volume of available
data, scientific use of these data resources is sparse.
Objective: In this analysis, we aimed to assess changes in headache and migraine frequency, headache and migraine intensity,
and use of acute medication among people who showed daily use of the headache diary as implemented in the freely available
basic version of the German commercial app, M-sense.
Methods: The basic version of M-sense comprises an electronic headache diary, documentation of lifestyle factors with a
possible impact on headaches, and evaluation of headache patterns. This analysis included all M-sense users who had entered
data into the app on a daily basis for at least 7 months.
Results: We analyzed data from 1545 users. Mean MHD decreased from 9.42 (SD 5.81) at baseline to 6.39 (SD 5.09) after 6
months (P<.001; 95% CI 2.80-3.25). MMD, AMD, and migraine intensity were also significantly reduced. Similar results were
found in 985 users with episodic migraine and in 126 users with chronic migraine.
Conclusions: Among regular users of an electronic headache diary, headache and migraine frequency, in addition to other
headache characteristics, improved over time. The use of an electronic headache diary may support standard headache care.
(JMIR Mhealth Uhealth 2021;9(7):e26401) doi:10.2196/26401
KEYWORDS
headache; migraine; mobile app; headache app; electronic diary; app; pain; frequency; intensity

Introduction
The rapid development of modern technologies has led to major
advances in health care [1,2]. The trend toward eHealth and, in
particular, mobile health (mHealth) has entered the headache
field and includes the use of smartphone-based apps. In recent
years, headache apps have increased not just in number but also
https://mhealth.jmir.org/2021/7/e26401
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in functionality. Functions comprise headache documentation
in so called e-diaries, the recording of lifestyle factors that may
potentially influence headaches, and the automatic incorporation
of external information, such as weather conditions. Some apps
also provide digital-based education programs and self-managed
nonpharmacological interventions, like relaxation methods.
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Tracking headaches and associated symptoms is a pillar of
headache management. Digital headache documentation has
proven to have a higher compliance than do paper headache
diaries [3,4]. From a clinical perspective, proper documentation
can facilitate health care providers in diagnosing headache
disorders, evaluating the course of the disease, and assessing
treatment effects. It also provides patients with a better
understanding and awareness for their headaches [5]. Through
a comprehensive analysis of headache attacks and associated
factors, digital algorithms can recognize and offer a clear
presentation of headache patterns and may improve the
self-management of headaches. Conversely, the constant dealing
with headache symptoms and potential triggers may lead to an
increased focus on the disease. In this way, these apps could
even become stressors themselves and cause a worsening of
headaches [6].
Hence, apps may offer new opportunities but also entail possible
risks in the outpatient care of migraine patients [7]. Previous
studies indicate that the complementary use of smartphone apps
and other internet-based technologies could lead to a better
treatment of headache patients compared to standard care [8].
However, evidence of positive health outcomes through the use
of mHealth is scarce [9]. Most available headache apps lack
scientific evaluation, and uniform quality standards have not
yet been established [10,11].
In this analysis, we aimed to assess the evolution of headache
characteristics among regular users of the freely available basic
version of a commercial headache app (M-sense). We tested
whether headache and migraine frequency, headache and
migraine intensity, and days with intake of acute medication
differed between baseline and after 6 months. In extension
analyses, we compared outcomes at baseline to those at 12
months.

Methods
M-sense
M-sense is a certified German headache app developed by
Newsenselab. In Germany, Austria, and Switzerland, it has been
available for Android since 2016 and for iOS since 2017 [12].
From September 2016 to May 2020, the app was downloaded
approximately 250,000 times and had nearly 85,000 registered
users.
There are 2 versions of the app: a free “basic” version, and an
additional, paid, “active” version. Our study focused on the
basic version. In this version, users can document their headache
information in a diary according to a predefined scheme. This
includes the start and end of the headache, maximal pain
intensity (on a 11-point numeric rating scale from 0 to 10),
unilateral headache (yes or no), throbbing headache (yes or no),
worsening through physical activity (yes or no), nausea (yes or
no), vomitus (yes or no), photophobia (yes or no), phonophobia
(yes or no), and migraine aura (yes or no). For each headache
attack, users can record the intake of acute medication including
the name and dose of the drug and time of intake. A
standardized, validated algorithm based on the International
Classification of Headache Disorders (ICHD-3) criteria [13]
https://mhealth.jmir.org/2021/7/e26401
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classifies single headache attacks as migraine, tension-type
headache (TTH), or nonmigraine or non-TTH [14]. A detailed
description of the classification algorithm can be found in the
publication by Roesch et al [14]. For the purposes of this study,
we assessed migraine days and headache days. A migraine day
was defined as a calendar day on which the user experienced a
qualified migraine attack. To identify if an attack should be
counted as migraine or TTH, we applied all relevant ICHD-3
guidelines [13]. A qualified migraine attack needed to meet the
following ICHD-3 criteria for migraine: a headache with or
without aura lasting at least 4 hours with both features A (at
least 2 of the following: unilateral location, pulsatile quality,
moderate or severe pain intensity, and aggravation caused by
physical activity or avoidance of physical activity) and B (during
headache, at least 1 of the following: nausea and/or vomiting
and/or photophobia and phonophobia). Any headache attacks
accompanied by intake of a migraine-specific medication (eg,
triptans) to treat a headache or accompanied by aura were
defined as migraine regardless of the duration and pain features
or associated symptoms. The ICHD-3 classifications of TTH
and probable migraine differ depending on whether or not a
patient has received a diagnosis. During the onboarding process
of the app, users were asked if they received a headache
diagnosis by a health care professional. In users with a previous
migraine diagnosis, all headaches that fulfilled the criteria of
both TTH and probable migraine were counted as migraine
according to the ICHD-3. A headache day was defined as any
calendar day on which the user experienced a headache attack
(including migraine). The app provides an exportable, graphic
overview of headache attacks, subdivided into migraine, TTH,
and others.
Users can also enter daily data on predefined lifestyle factors
with a possible impact on headaches (eg, sleep duration, sleep
quality, or stress level). In addition, the app collects weather
data. Users can see the course of these factors over time and
their mean values on the days immediately preceding a headache
and on headache days. After 60 days of daily entries, the app
analyzes correlations between the entered factors and headaches
and, if necessary, a further medical consultation is
recommended.

Population and Outcomes
This analysis included all M-sense users who entered data in
the app every day for at least 7 months on a daily basis. No
further inclusion or exclusion criteria were applied.
The primary outcome was the number of monthly headache
days (MHD). Secondary outcomes included monthly migraine
days (MMD), monthly days with intake of acute headache
medication (AMD), mean monthly headache intensity, and mean
monthly migraine intensity.
The outcomes were selected based on recent guidelines for
migraine trials [15]. As recommended in the guidelines for trials
of behavioral treatments for recurrent headache, we focused on
all monthly headache days and not only on moderate or severe
monthly headache days, in addition to monthly migraine days
[16].
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A month was defined as 4 weeks (28 days), beginning with the
first day of app use. Both triptan and nontriptan pain medication
(eg, nonsteroidal anti-inflammatory drugs or paracetamol)
counted as acute headache medication.

include the storage of personal and health data on an Amazon
Web Services (Amazon.com, Inc) server in encrypted form and
the transfer of these data in anonymous form to third parties for
medical research purposes.

We defined the first month after the app installation as baseline.
We compared the primary and secondary outcome measures
between the baseline phase and the sixth month after baseline
(ie, the seventh month of app use).

We used only aggregated data. In accordance with the local
legislation and institutional requirements, use of aggregated
data does not require institutional review board approval.

After analyzing the entire population, we performed subgroup
analyses for users with headache and migraine frequency
compatible with the diagnosis of episodic or chronic migraine
according to the ICHD-3 criteria [13] and based on the first 90
days of app use. Another concomitant headache diagnosis (eg,
TTH in patients with episodic migraine) was possible.

The statistical analysis was performed using R version 3.6.2
(The R Foundation for Statistical Computing). Demographics
and monthly headache characteristics were summarized with
descriptive statistical methods. For categorical variables, we
report absolute frequencies and percentages. For numerical
variables, we report mean and SD.

Additionally, we conducted an analysis for users who continued
to use the app for at least 13 months. In this population, we
compared the aforementioned parameters between the baseline
month and the 12th month after baseline (ie, the 13th month of
app use). We further recorded the headache frequency and
medication use 1, 7, and 13 months after users had begun
accessing the app.

Outcome measures were compared between baseline and the
last considered month using paired samples t tests. Due to the
large sample size, calculation for normal distribution was not
necessary [17]. To compare whether the headache frequencies
at baseline, month 6, and month 12 differed, we used analysis
of variance (ANOVA) for repeated measures. A 2-tailed P value
≤.05 was considered statistically significant.

Data Processing
For data protection reasons, Newsenselab provided a sample
data set containing dummy data in the same format as the real
data set. We tested our analysis code locally against the sample
data set. The Newsenselab team (SS and MAD) then ran the
analysis code on the real, personal data and provided the
aggregated output data. Through this procedure, the research
team had no access to the individual data sets but only to
aggregated results for the predefined sample and outcome
variables.

Ethics
By installing the app, the users agreed to the general terms and
conditions of M-sense as well as the privacy policy. These
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Statistical Analysis

Results
Demographics and Headache Diagnosis
Between September 2016 and May 2020, 1545 users recorded
headache information every day for 7 months (Figure 1). Of the
users with available data, most were female (920/1047, 87.87%)
with a mean age of 37.2 years (SD 11.1).
The app supported the diagnosis of “episodic migraine” in 985
cases and “chronic migraine” in 126 cases. The other users
reported headaches compatible with the diagnosis of TTH or a
not-further-classified headache disorder. Demographic features
for all patients, patients with episodic migraine, and patients
with chronic migraine are shown in Table 1.
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Figure 1. Flowchart of the user selection process.

Table 1. Demographic features of M-sense users with daily data entries for 6 months after baseline. Percentages are calculated for the available data.
Characteristic

All users

Episodic migraine

Chronic migraine

Distribution, n

1545

985

126

Female sex, n (%)

920 (87.9)

607 (89.8)

85 (91.4)

Missing data for sex, n

498

309

33

Age (years), mean (SD)

37.2 (11.1)

37.7 (11.1)

36.7 (11.7)

Missing data for age, n

393

252

23

Changes in Headache Characteristics Over 6 Months
of App Use
During the first month of use, users reported on average 9.42
MHD (SD 5.81), which decreased to 6.39 (SD 5.09) after 6
months (P<.001; 95% CI 2.80-3.25). MMD decreased from
5.44 (SD 4.98) during baseline to 4.28 (SD 4.56) after 6 months
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(P<.001; 95% CI 1.04-1.48). Figure 2 shows MMD and MHD
during the first 6 months of use after baseline.
AMD and migraine intensity also reduced from baseline to the
sixth month after baseline (P<.001 for both). Headache intensity
showed a numerically small, yet statistically significant increase
from a mean 4.57 (SD 1.50) during baseline to a mean 4.71 (SD
1.85) in the sixth month after baseline (P<.001; 95% CI –0.19
to –0.06).
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Figure 2. Monthly headache days and monthly migraine days (mean and SE) during baseline and in the first 6 months of M-sense use after baseline.

Subgroup analysis revealed a significant reduction in MMD,
MHD, and AMD for both users with episodic and chronic
headache in the sixth month after baseline. The slight increase
in headache intensity remained significant only for users with
episodic migraine, rising from a mean 4.77 (SD 1.47) during

baseline to a mean 4.88 (SD 1.73) in the sixth month after
baseline (P=.02; 95% CI –0.19 to –0.02), but not for users with
chronic migraine. Headache characteristics for all patients,
patients with episodic migraine, and patients with chronic
migraine are shown in Table 2.

Table 2. Headache or migraine frequency and intensity, and use of acute medication during baseline at the third and the sixth month after baseline for
all M-sense users, users with episodic migraine, and users with chronic migraine.
Baseline, mean (SD) Month 6, mean (SD) P valuea

95% CI

Monthly headache days

9.42 (5.81)

6.39 (5.09)

<.001

2.80 to 3.25

Monthly migraine days

5.44 (4.98)

4.28 (4.56)

<.001

0.96 to 1.35

Monthly days with acute medication use

5.62 (4.64)

4.35 (4.08)

<.001

1.08 to 1.45

Mean monthly headache intensity

4.57 (1.50)

4.71 (1.85)

<.001

–0.19 to –0.06

Mean monthly migraine intensity

5.42 (1.78)

5.22 (1.85)

<.001

0.09 to 0.27

Monthly headache days

8.23 (4.01)

5.63 (3.71)

<.001

2.35 to 2.85

Monthly migraine days

5.64 (3.61)

4.38 (3.54)

<.001

1.04 to 1.48

Monthly days with acute medication use

5.64 (4.43)

4.39 (3.91)

<.001

1.03 to 1.47

Mean monthly headache intensity

4.77 (1.47)

4.88 (1.73)

.02

–0.19 to –0.02

Mean monthly migraine intensity

5.36 (1.64)

5.19 (1.86)

.002

0.06 to 0.26

Monthly headache days

21.08 (4.90)

15.03 (7.03)

<.001

4.91 to 7.18

Monthly migraine days

15.84 (6.02)

12.05 (7.21)

<.001

2.54 to 5.04

Monthly days with acute medication use

8.79 (6.09)

6.71 (6.03)

<.001

1.29 to 2.85

Mean monthly headache intensity

5.40 (1.69)

5.50 (1.90)

.21

–0.34 to 0.08

Mean monthly migraine intensity

5.83 (1.46)

5.81 (1.72)

.22

–0.19 to 0.22

Outcomes
All M-sense users (N=1545)

M-sense users with episodic migraine (n=985)

M-sense users with chronic migraine (n=126)

a

P values as calculated with paired samples t test.
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Extended Analysis up to Month 12
For the extension up to 1 year, we analyzed the data of 812
users. Of the 559 users with available data, most (500/559,
89.4%) were female and on average 37.16 (SD 11.04) years
old. The app algorithm supported the diagnosis of episodic
migraine in 504 cases, chronic migraine in 68 cases, and another
headache diagnosis in 240 cases.
These users reported a mean MHD of 9.27 (SD 5.88) during
the baseline month, which gradually declined to 6.03 (SD 5.13)

Raffaelli et al
after 12 months (P<.001; 95% CI 2.90 to 3.57), as shown in
Figure 3. MMD were reduced from a mean 5.20 (SD 4.95)
during baseline to a mean 4.14 (SD 4.50) after 12 months
(P<.001; 95% CI 0.79-1.33). Users also documented a decreased
number of AMD (baseline: mean 5.54, SD 4.67; month 12:
mean 4.16, SD 3.96; P<.001; 95% CI 1.19-1.64). Mean migraine
intensity decreased significantly from baseline to month 12
(P=.004), while mean headache intensity was higher in month
12 (P=.02). Separate analyses for users with episodic and
chronic migraine revealed similar results (Table 3).

Figure 3. Monthly headache days, monthly migraine days, and monthly days with acute medication use (mean and SE) during baseline, and after 6
and 12 months of app use. Outcomes were compared using repeated-measures analysis of variance. AMD: days with acute medication use; HMD:
monthly headache days; MMD: monthly migraine days .*P<.001.
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Table 3. Headache and migraine frequency and intensity, and use of acute medication during baseline and the 12th month after baseline for all M-sense
users, users with episodic migraine, and users with chronic migraine.
Baseline, mean (SD) Month 12, mean (SD)

P valuea

95% CI

Monthly headache days

9.27 (5.88)

6.03 (5.13)

<.001

2.90 to 3.57

Monthly migraine days

5.20 (4.95)

4.14 (4.50)

<.001

0.79 to 1.33

Monthly days with acute medication use

5.54 (4.67)

4.16 (3.96)

<.001

1.19 to 1.64

Mean monthly headache intensity

4.40 (1.52)

4.66 (1.78)

.02

–0.24 to –0.03

Mean monthly migraine intensity

5.33 (1.86)

5.11 (1.74)

.004

0.06 to 0.32

Monthly headache days

8.09 (4.03)

5.42 (3.77)

<.001

2.29 to 3.04

Monthly migraine days

5.48 (3.53)

4.35 (3.69)

<.001

0.80 to 1.46

Monthly days with acute medication use

5.65 (4.67)

4.31 (4.03)

<.001

0.99 to 1.70

Mean monthly headache intensity

4.68 (1.52)

5.04 (1.74)

.26

–0.18 to 0.05

Mean monthly migraine intensity

5.23 (1.86)

5.04 (1.74)

.02

0.03 to 0.34

Monthly headache days

21.31 (4.99)

14.21 (7.42)

<.001

5.28 to 8.92

Monthly migraine days

15.38 (6.36)

11.06 (7.30)

<.001

2.65 to 5.99

Monthly days with acute medication use

8.87 (5.63)

6.18 (5.17)

<.001

1.60 to 3.78

Mean monthly headache intensity

5.32 (1.70)

5.44 (1.89)

.45

–0.41 to 0.18

Mean monthly migraine intensity

5.80 (1.59)

5.82 (1.76)

.99

–0.28 to 0.28

Outcomes
All M-sense users (N=812)

M-sense users with episodic migraine (n=504)

M-sense users with chronic migraine (n=68)

a

P values as calculated with paired samples t test.

Discussion
We observed a significant improvement of headaches in patients
who used the electronic headache diary on the M-sense app on
a daily basis. The frequency of monthly migraine and headache
days, days with use of acute medication, and migraine intensity
declined over 6 months of daily app use. This decrease remained
for regular users of the app after 12 months. These changes
applied to the entire user population and to the subpopulations
with episodic migraine and chronic migraine.

issue in paper calendars. In a study on chronic pain, 80
participants were asked to complete standardized pain
assessments 3 times a day either in a paper or in an electronic
calendar for 3 weeks [3]. The electronic diary was completed
in 94% of cases within a predefined 30-minute time window,
while this was the case for only 11% of entries in the paper
calendar [3]. The group with the paper calendar documented
about one-third of data after more than 1 day [3].

The observed changes in headache frequency are comparable
to those of open-label studies with nonpharmacological
treatments for headache prevention. Previous research on
cognitive-behavioral treatment, relaxation training, or aerobic
exercise in patients with primary headache disorders reported
a reduction of 2 to 3 MHD after approximately 6 months of
treatment, which is in the range of our analysis [18-20]. Of note,
our population achieved this clinically meaningful improvement
without any specific intervention apart from the basic M-sense
app.

In our analysis, users documented headache information every
day. Although completing diaries daily could be challenging
[21], this allows for better data quality and validity. Completers
of a daily internet-based migraine diary reported that it was a
“major commitment but worthwhile” [22] and that it contributed
to a better understanding of their headache disorder. An
interactive visual presentation also facilitates data interpretation
[23]. The graphic visualization of headache attacks in a monthly
calendar may contribute to recognizing headache patterns over
time and to raising self-awareness of the headache disorder [24].
Self-awareness in turn can lead to behavioral changes and a
better treatment choice and adherence [25,26].

The main function of the basic version of the app is the
electronic headache diary. The documentation of headache
episodes in an app offers various advantages over a
paper-and-pencil calendar. Most people have access to their
smartphone at all times. This allows a more rapid “real-time”
documentation in an app, while paper documentation is usually
performed at a later time point and may be affected by a recall
bias [3]. Backfilling of entries for several days is a common

Another core function of the basic M-sense app is the recording
of lifestyle factors that may trigger migraine attacks. The
identification of individual trigger factors might also induce
changes in behavior and influence the course of the headache
disorders [27]. However, we cannot provide data on the number
of individuals who used the trigger analysis on a regular basis.
It was our primary goal to observe headache characteristics in
users of a headache app in a real-world setting and not to analyze
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the single, specific functions. Therefore, we considered all
offered app functions as part of a whole and not separately.
Future research analyzing or comparing single app functions
could provide further insights into the effectiveness of different
features for different groups of users. Individual customization
options might then enable users to adapt the app interface to
their needs and obtain the largest possible benefits.
Comparisons between our analysis and other research on
headache apps are only possible to a limited extent. In a review
from 2016, Mosadeghi et al [28] identified only 6 studies about
mobile apps for headache disorders. None of these studies
assessed the change of headache characteristics during the use
of a headache app and only evaluated the usability and feasibility
of the apps through user surveys. In 2019, Göbel et al [29]
reported results regarding the use of Migräne-App. Like
M-sense, this app includes the documentation of headache
information in a diary and the registration of weather data.
Further features include a search function for headache experts,
instructions for progressive muscle relaxation, a media library
with educational resources, and an aura simulation. In contrast
to M-sense, it does not record or analyze other lifestyle factors.
Via an online survey, users of Migräne-App were questioned
about their app use, their satisfaction with the app, and also
about changes in headache patterns during the app use. Similar
to our results, 1464 users reported a reduction of about 3 MHD
and 1 AMD after using the app for more than 1 year. In contrast
to our analysis, users manually entered their headache data from
the app in an online survey, while we analyzed data directly
from the app and therefore encountered a much lower risk of
bias.
The main strengths of this analysis are the large sample size
and the minimization of missing data, as we selected only users
with daily app entries for up to 1 year. However, this could have
led to a selection bias in favor of users who experienced
noticeable benefits through the app, as users who experienced
no benefit might have stopped using the app earlier.
Furthermore, the daily use of an app also indicates a dedication
to managing disease, which might have led to other preventive
actions outside the use of the app. We had no further information
about other pharmaceutical and nonpharmaceutical preventive
therapies used by patients during the observation period that
might have contributed to the change of headache frequency
and intensity. We also cannot provide data about the frequency
of app use in nondaily users or about how many users stopped
using the app, as we received aggregated data only for the
predefined population. The assessment of app-related risks was
not within the scope of our analysis.

Raffaelli et al
Another limitation concerns the classification of single headache
attacks via the app algorithm. During app installation, users
could indicate a pre-existing headache diagnosis. In users
without a known headache diagnosis, TTH could be
overrepresented because headache attacks with the
characteristics of both probable migraine and TTH were
classified by the algorithm as TTH according to the “general
rule of hierarchy” in the ICHD-3 criteria [13]. However, in
patients with a previous migraine diagnosis, these attacks were
classified as migraine [14]. Further limitations relate to the
definition of the episodic migraine and chronic migraine
subgroups based on the classification by the app. To diagnose
a headache disorder solely on the ground of the app data is not
justified because characteristics and signs for other primary
headaches or secondary headaches are not collected by M-sense
and a physical examination is not included in the assessment.
A definite headache diagnosis is only possible by the integration
of the app data with the clinical assessment of a physician.
Hence, we cannot rule out the possibility that some patients
included in the study experienced headache disorders other than
migraine or TTH.
Moreover, we included only those users who downloaded the
basic version of M-sense. Other studies suggested a benefit of
behavioral interventions through headache apps [30]. A
multicenter, randomized controlled trial (SMARTGEM) is
currently being conducted in Germany to test if the advanced
active version of M-sense can confer a further advantage
compared to the simple documentation of the basic version [31].
The first results are expected by the end of 2021. Through the
Digital Healthcare Act (Digitale-Versorgung-Gesetz), physicians
in Germany will be able to prescribe health care apps, and the
costs will be reimbursed by statutory health insurance [32].
Therefore, evaluation of app-related health benefits will not
only have clinical relevance but also major relevance in health
economics.
In conclusion, our study found a decline in the mean values of
headache and migraine characteristics after 6 months compared
to baseline for people who regularly used an app as a headache
diary. The reductions extended to 1 year for those who continued
to regularly use the app. These results suggest that the regular
use of an app to monitor headache and migraine characteristics
may support standard headache care. Headache documentation
in an app could help to raise awareness for headache disorders
and to identify possible patterns and aggravating factors. It
enables patients to take a more active role in managing their
headache and feel more in control of their health, resulting in
the improvement of headache over time. Based on our findings,
the regular use of a headache app could represent an effective
measure to complement the therapy of primary headaches.
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Abstract
Background: Asthma affects 235 million people worldwide. Supported self-management, including an action plan agreed with
clinicians, improves asthma outcomes. Internet-of-things (IoT) systems with artificial intelligence (AI) can provide customized
support for a range of self-management functions, but trust is vital to encourage patients’ adoption of such systems. Many models
for understanding trust exist, some explicitly designed for eHealth, but no studies have used these models to explore trust in the
context of using IoT systems to support asthma self-management.
Objective: In this study, we aim to use the McKnight model to explore the functionality, helpfulness, and reliability domains
of patients’ and clinicians’ trust in IoT systems to deliver the 14 components of self-management support defined by the PRISMS
(Practical Reviews in Self-Management Support) taxonomy.
Methods: We used think-aloud techniques in semistructured interviews to explore the views of patients and clinicians. Patients
were recruited from research registers and social media and purposively sampled to include a range of ages, genders, action plan
ownership, asthma duration, hospital admissions, and experience with mobile apps. Clinicians (primary, secondary, and
community-based) were recruited from professional networks. Interviews were transcribed verbatim, and thematic analysis was
used to explore perceptions of the functionality, helpfulness, and reliability of IoT features to support components of supported
self-management.
Results: A total of 12 patients and 12 clinicians were interviewed. Regarding perceived functionality, most patients considered
that an IoT system had functionality that could support a broad range of self-management tasks. They wanted a system to provide
customized advice involving AI. With regard to perceived helpfulness, they considered that IoT systems could usefully provide
integrated support for a number of recognized components of self-management support. In terms of perceived reliability, they
believed they could rely on the system to log their asthma condition and provide preset action plan advice triggered by their logs.
However, they were less confident that the system could operate continuously and without errors in providing advice. They were
not confident that AI could generate new advice or reach diagnostic conclusions without the interpretation of their trusted clinicians.
Clinicians wanted clinical evidence before trusting the system.
Conclusions: IoT systems including AI were regarded as offering potentially helpful functionality in mediating the action plans
developed with a trusted clinician, although our technologically adept participants were not yet ready to trust AI to generate novel
advice. Research is needed to ensure that technological capability does not outstrip the trust of individuals using it.
(JMIR Mhealth Uhealth 2021;9(7):e24127) doi:10.2196/24127
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Introduction
Background
Asthma is a variable long-term condition that affects 235 million
people worldwide [1]. In everyday life, patients decide how to
maintain control of their asthma and what to do if their condition
worsens. When they are unsure what to do, they contact their
health care advisor; within the UK health care system, this would
normally be the general practitioner (GP) or primary care asthma
nurse. Supported self-management of asthma has many
components [2] but specifically includes provision by the
patients’ usual health care professional of a personalized action
plan summarizing agreed decisions (eg, medication adjustment
or emergency strategies) [3-5].
With the increasing availability of sensors and improved
coverage of wireless networks, an internet-of-things (IoT)
system has the capability to observe patients’ status and
medication use and support self-management. Devices have the
intelligence to perform a task independently or connect to other
sensory networks, platforms, and mobile phones to perform
multiple tasks. Artificial intelligence (AI) may be narrow
(artificial narrow intelligence: systems that interact with users
based on a set of planned rules) or can mimic, equal, or
ultimately surpass human intelligence to create new ways to
interact with users (described as artificial general intelligence
or artificial superintelligence, respectively) [6].
The IoT has been used to support clinical management in a
range of contexts (eg, asthma, diabetes, and hypertension), with
examples including diagnosis, remote monitoring, remote
consultation, self-management, emergency care, and home
rehabilitation [7-13]. Traditional trust between patients and their
clinicians is associated with improved medication adherence
and health outcomes [14-18] and can be harnessed to encourage
adoption and continued use of digital health systems [19-21].
Underpinning this is a gradual shift in trust from the clinician
to technology.

The Concept of Trust
The concept of trust is elusive [22] but is typically illustrated
as a relationship between 2 agents (a trustor and a trustee) [23].
Terms such as confidence, have faith in, and believe in are
commonly used, and in the health care context, multiple
attributes have been summarized broadly as “The belief that a
doctor is working in the patient’s best interest” [14]. The term
e-trust has been used to describe the trust between a human
agent (eg, patient, clinician, or health carer) and a digital artifact
agent (eg, whether it can achieve a given goal) [24]. However,
in an IoT system there may also be trust among artifact agents;
for example, an AI system may rely on (or trust) the technical
specifications of a smart device and system to collect and
transfer accurate data on which to base advice to the user.
In the context of supported self-management, patients are the
core users of digital health services such as health information
websites, web-based consultations, or online support groups.
https://mhealth.jmir.org/2021/7/e24127
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Patients adopt telehealth for many reasons, such as personal,
technological, institutional, and legislative, but in the decision
of delegating a specific task to an intelligent system, a
fundamental factor is whether the patient trusts that the system
can fulfill their expectations. Models of e-trust have defined
multiple factors required for the trustor to decide to trust a digital
health system broadly classified as follows [25-30]:
•

•
•

•

Personal factors such as altruism, ease of use, self-efficacy,
sociodemographic
characteristics,
usefulness,
recommendation by others, fair use of data, and cost.
Technological
factors
such
as
customization,
interoperability, and data privacy.
Institutional factors such as ability (or not) to improve
communication with their clinician, professional training,
the accuracy of the information provided to the clinical
service, service provider’s reputation, the organization’s
nature, or business model.
These might be added to legislative factors in the context
of health care, as (for example) medical device registration
requires evidence of technological performance,
effectiveness, and safety, which demonstrates that a product
is worthy of trust [31-34].

The McKnight model [35], in comparison with e-trust models,
is based on an interpersonal trust model between the human
agent and the digital artifact agents and sees trust in technology
as task specific (aligned with the Castelfranchi and Falcone [23]
cognitive trust model for human agents [36]). This model
conceptualizes three dimensions of task-specific trust in
technology: functionality, helpfulness, and reliability. In the
context of supporting asthma self-management, functionality
is how patients and clinicians believe an IoT system has the
features and capability to accomplish a range of
self-management tasks. Helpfulness is the degree to which
patients and clinicians believe an IoT system can provide an
adequate, responsive, and useful aid to support their asthma
self-management tasks and decisions. Reliability is whether
patients and clinicians believe an IoT system can operate
continuously and properly to support tasks.

Trust in the Context of Digital Support for
Self-management
Although there are many trust models [20,37], including some
in eHealth [29,30,38], no studies have used existing models
explicitly to explore trust in using IoT systems to support asthma
self-management. The McKnight trust model is task specific,
enabling a comprehensive investigation of the app features and
various device combinations of the IoT system as opposed to
examining the digital health system as a black box. Therefore,
using asthma as an example, we aim to use the McKnight trust
model to explore the domains of trust beliefs between patients
or clinicians and IoT systems in the context of the PRISMS
(Practical Reviews in Self-Management Support) taxonomy, a
framework defining components of self-management support
in long-term conditions [2].
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Methods
Ethical Considerations
The study was conducted between May 2019 and January 2020
with the approval of the London Fulham Research Ethics
Committee (ref: 19/LO/0703), sponsored by the University of
Edinburgh and the National Health Service (NHS) Lothian
(Academic and Clinical Central Office for Research and
Development) and funded by the Chief Scientist Office/Asthma
UK Innovation Grant (ref: CSO-AUK-2018-03). All participants
provided informed consent before the interviews.

Design
We used semistructured interviews to explore patients’ and
clinicians’ trust in using IoT systems to support asthma
self-management. Purposive sampling (see Purposive Sampling
section) continued until we achieved data saturation with regard
to our aim; we estimated from previous studies that this would
be 12 patients and 12 clinicians [39].

Patient Recruitment
We recruited people (aged ≥16 years) with active asthma
(defined as a physician diagnosis of asthma and at least one
asthma treatment prescribed in the previous year [40]) in the
United Kingdom. We wanted to explore the perceived trust
between patients and technology, so we excluded children and
adolescents as the involvement of a parent or guardian would
have added an additional person to the interactions. We recruited
patients through volunteer databases (Scottish Health Research
Register [41], Register for Asthma Research [42], Asthma UK
volunteer database, and social media of Asthma UK and Asthma
UK for Applied Research).
Potential participants were invited to register their interest on
our recruitment webpage, which provided an information sheet.
They were asked to confirm their eligibility (diagnosed with
asthma by their GP, ≥16 years, and living in the United
Kingdom), provide their demographics, and give us consent to
contact them to complete registration.

Purposive Sampling
From the information provided, we purposively sampled patients
to achieve maximum diversity of perceptions about the use of
technology to support self-management. Sampling was based
on the following criteria:
•
•
•
•
•

Age range (16-25 years, 26-45 years, 46-65 years, and ≥65
years)
Ownership of action plan (or not)
Duration of asthma (diagnosed within <6 months, 6-12
months, 1-10 years, or >10 years)
Admission to hospital in the past 12 months (or not)
App download experience (ie, can download apps by
themselves, have asked someone to download apps for
them, or have never downloaded an app)

Clinicians’ Recruitment
We recruited primary, secondary, and tertiary care clinicians
who provided routine care for children or adults with asthma.
We posted advertisements in the newsletter and social media
https://mhealth.jmir.org/2021/7/e24127
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of the NHS Research Scotland Primary Care Network and
professional bodies such as the Primary Care Respiratory
Society [43]. We also invited individual clinicians known to
have an interest in asthma and technology.

Data Collection
We conducted in-depth semistructured interviews with patients
to understand their perceived use of self-management support
features and specifically explore their perceived trust in using
IoT systems to support their self-management. The potential
features we explored were from our previous work and the scope
of commercially available devices. We provided images of smart
devices and data (Multimedia Appendix 1) and asked patients
to design a personalized IoT system incorporating the features
they thought would help them live with asthma. We used
think-aloud techniques to explore their trust (or not) in using
the IoT system they had created to support their
self-management. Clinicians were asked to formulate IoT
systems that would support self-management and the care they
provide for people with asthma and explored their trust in the
features and the IoT system (see Multimedia Appendix 2 for
the topic guide).

Data Synthesis and Analysis
Interviews were digitally recorded, transcribed, and analyzed
using NVivo version 12 (QSR International) [44]. We used the
McKnight trust model [35] to categorize patients’ and clinicians’
perceptions of their trust in the functionality, helpfulness, and
reliability of using IoT systems to support asthma
self-management.
We used a framework analysis [45], creating a matrix of
self-management support features against perceptions of the
McKnight trust model (or not) expressed by patients and
clinicians. All interview data related to trust were extracted into
the matrix and aligned with the features to which they referred.
To increase applicability to other long-term conditions and
because the perceived trust domains (functionality, helpfulness,
and reliability) in the McKnight model are task specific, we
mapped the perceptions of trust to components used to support
self-management in long-term conditions, as described in the
Practical Systematic Review of Self-Management Support
taxonomy for long-term conditions [2]. We were alert to other
trust-related themes that did not fit the matrix either because
they did not reflect the domains of functionality, helpfulness,
and reliability or because they were overarching rather than
task-related.
A research team member (CYH) coded 1 patient and 1 clinician
interview, which was then reviewed by another researcher (HP).
The 2 researchers discussed their decisions and standardized
the coding for the rest of the transcriptions. CYH coded all the
data related to perceived trust (or not). HP reviewed the matrix
for quality control.

Reflexivity and Interpretation
CYH has research expertise in exploring user preferences for
asthma apps and academic interest in developing IoT systems
to support asthma self-management. She discussed the coding
and interpretation of results with the study team members from
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different backgrounds and experiences, including GPs, a patient,
and a technology developer, to ensure a broad interpretation.

Results
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gender, and action plan ownership for interviews (Textbox 1).
The resultant maximum variation sample included more women
(8 women and 4 men). None had been diagnosed with asthma
for less than a year, and all were confident in their ability to
download an app without asking for help.

Participants
Patients
From 362 expressions of interest (268, 74% women), we
purposively sampled 12 (3.3%) patients with a range of ages,
Textbox 1. Patients’ and professionals’ demographics.
Patients (N=12)
•

Age (years): spread across 4 age groups from teenage or young adults to ≥65 years: 16-25 years (n=3), 26-45 years (n=2), 46-65 years (n=3),
and ≥65 years (n=4).

•

Gender: 8 women and 4 men.

•

Ownership of an asthma action plan: only 4 had been given a written action plan. Of the 8 who did not have an action plan, 5 had been “told
what to do.” Of the 5 participants who had been “told what to do,” 2 were aged 46-65 years, and 3 were ≥65 years.

•

Duration of asthma: 8 (4 men) had had asthma for more than 10 years; none were newly diagnosed.

•

Hospital admissions in the previous 12 months: only 4 had had a hospital admission in the previous year, 3 of whom were still under a specialist
clinic. None of the male participants had had an admission.

•

Experience in using apps: all the participants were confident to download an app by themselves.

Clinicians (N=12)
•

•

•

Primary care clinicians, n=4 (2 general practitioners [GPs] and 2 asthma nurses).
•

Gender: 1 man and 3 women.

•

Practice experience: GPs with 8 years’ experience; asthma nurses with 20 years’ experience. GPs had research experience in digital health
for patients with asthma.

•

Technology experience: asthma nurses had experience in using remote telemonitoring for hypertension.

Secondary care clinicians, n=4 (1 respiratory consultant and 3 respiratory pediatricians).
•

Gender: 1 man and 3 women.

•

Practice experience: respiratory consultant: diagnostics, asthma management, and severe asthma care; respiratory pediatricians: asthma
management in a range of asthma severities.

•

Technology experience: 1 had used an asthma app, 1 uses smart inhalers in their service and research, and 2 had research experience in
asthma technology.

Pharmacists, n=4 (1 hospital pharmacist and 3 primary care support pharmacists or prescribing advisors).
•

Gender: 1 man and 3 women.

•

Practice experience: 1-14 years’ experience in reviewing asthma medications.

•

Technology experience: all used web-based repeat prescriptions services; 1 developed an asthma app.

Clinicians
We recruited 12 UK clinicians (GPs, asthma nurses, pharmacists,
consultant chest physicians, and respiratory pediatricians) who
provided care for people with asthma. Most had experience
using technologies such as smart inhalers, mobile apps, and
SMS text messages to support respiratory patients in their
practices or hospitals.

reliability [35]) are synthesized below. Multimedia Appendix
3 lists the perceived trust in functionality, helpfulness, and
reliability in IoT features related to generic long-term conditions
or asthma self-management tasks. Finally, we considered the
overarching domain of trust in data security, which was clearly
important to our participants, reflecting not only the properties
of the technology but also the context within which it was
implemented.

Overview of Results
Perceptions related to the 3 domains of the McKnight model of
task-specific trust in technology (functionality, helpfulness, and
https://mhealth.jmir.org/2021/7/e24127
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there wasn’t huge engagement with it but we’ve
introduced an app-based system for ordering. A
younger population who is ordering things like
asthma inhalers and contraceptive pills and so on
have really engaged with that actually quite well.
[HCP7, pharmacist in practice, male]

Perceived Functionality of IoT Components to Support
Self-management
Most patients perceived that the IoT had functionality that could
well support a range of self-management tasks (Multimedia
Appendix 3 lists examples of tasks that participants trusted the
IoT to deliver). This belief was often based on past technological
experiences:
I do use technology to control my asthma, so I keep
copies of my peak flows and I can do charts on my
laptop so, when I am deteriorating and I end up in
hospital, I can take this with me and show them that
obviously it’s happened over a period of days. And I
use alarms on my phone as well so I can wake up and
have my medication because I have to have
four-hourly nebulisers as well at the minute to control
it. [P6, 16-25 years, female]
I tend to put a reminder on my phone so I can have
the one (asthma review) in a year’s time, but it is a
bit of effort. [P10, 16-25 years, female]
Some patients perceived that the IoT system could have the
functionality to support how they lived with asthma, although
these features were not yet available in the market:
I think if there was something similar [to energy
saving tips in a smart home] on the app where you’re
using the app but it gives you a tip each day that you
know, “air pollution could be a trigger for your
asthma” or “washing can be a trigger for asthma”,
then that might give you some additional information.
[P7, 46-65 years, male]
I think kind of mindfulness breathing exercises you
can find on, like, YouTube. If it was, like, breathing
exercises to assess the asthma, it might be the sort of
thing I might try once and see what I thought of it and
if I thought it was useful I might try it again. [P10,
16-25 years, female]
Some clinicians perceived that the IoT had the functionality to
engage patients to look after their asthma and support
self-management. They believed (in the future) systems could
transfer patients’ manual or auto logs to a health care
professional for review or flag up when inhaler medication
needed to be replenished. In contrast, others doubted whether
technology could change patients’ behavior:
There isn’t an app that I’m aware of that can link
with the GP systems. So if that is possible from a
technology perspective, inputting how much they’re
using and there’s a log then of when they have their
new prescription, and then that app then talks to the
GP system it can flag when they get to a certain level
and order a repeat, I think that’s perfectly feasible.
[HCP2, pharmacist in hospital, female]
I think patients either are physically active or they’re
not, and the app’s not going to make them physically
active if they’re not. [HCP5, consultant chest
physician, female]
In the last few months in my pharmacy we’ve
introduced...well, we always had online ordering but
https://mhealth.jmir.org/2021/7/e24127
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Perceived Helpfulness of Supporting Components of
Self-management
Most patients had a perception that IoT systems could provide
a useful service to provide integrated support for a number of
recognized components of self-management support [39]
(Multimedia Appendix 3 lists some examples of tasks that
participants thought would be helpful for the IoT to provide).
They wanted IoT systems to log data about their asthma
symptoms, peak flow, medication use, inhaler technique, indoor
or outdoor environmental data, activity intensity, and weight,
and perceived it would be helpful if these data could be collected
effortlessly, such as a voice assistant asking about their asthma
(eg, “Good morning! Did your asthma disturb your sleep last
night?”) or automatic data collection from wearable devices or
environmental sensors in their living areas. Some specific ways
in which they thought an IoT system would be useful if they
could help them look after their asthma by providing customized
alerts and advice were the following:
•

•
•
•

Identifying unusual asthma symptoms or peak flows and
automatically providing customized information about their
asthma and advice on medication adjustment and follow-up
actions (suggesting and counting the number of rescue puffs
to be taken in an emergency, calling medical help)
Alerting them if their inhaler technique was incorrect
Detecting unusual use of rescue inhalers to help them
identify what triggered their asthma
Reminding them to comply with their preventer inhaler

In addition, they thought that an IoT system would be helpful
in supporting their communication with clinicians. Most
participants believed it would be helpful to be able to ask quick
questions or arrange follow-up consultations with clinicians via
text, WhatsApp, or email and then be able to share their data
with clinicians to assess their asthma status. Some patients
thought objective evidence from logs would help explain their
asthma to their friends or senior colleagues at work:
I’ve missed so many events in my life because of my
asthma and I think it’s difficult to say to someone. I
think if you had this medical evidence behind you,
they’d understand without you having to explain it.
[P6, 16-25 years, female]
I think particularly my parents. I live in a flat on my
own and if for whatever reason during the night I was
suddenly puffing my blue inhaler multiple times, I’d
almost want a warning siren to be sent to my parents
just in case I’m really struggling. [P12, 26-45 years,
female]
A patient who had had a recent hospital admission thought it
would be helpful to automatically share their asthma logs with
the emergency department and share test reports between
different hospitals to prevent treatment delay. Some patients
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described how they panicked when they were very short of
breath and could lose track of how many puffs of their reliever
inhaler they had taken in a short period. A system that counted
the doses of reliever inhaler they had taken and warned them
in real time about overdose would be a helpful safety net.
Patients with multimorbidity wanted the system to integrate
information from different health care specialists about all their
treatments and provide medication advice to reduce the side
effects of different drugs.
Most clinicians agreed that receiving data about peak flow and
symptoms would help them assess asthma status in reviews,
but also highlighted the benefits of an IoT system that could
transfer objective data on incorrect or correct inhaler technique
and medication use to help assess the adherence and suitability
of the inhaler device:
Because very often patients don’t remember to bring
their inhaler with them so it’s difficult to always test
when they’re in the clinic. So if you’re being alerted
to that, when they’re doing it at home, then that’s
perfect, because if you ask a patient are you doing it
right, they always say “yes”. [HCP1, GP, female]
If I’ve got some hard data on their peak flow and their
symptoms over the last couple of months, and their
adherence, that gives me a much better idea of what
I need to do with them, so that’s incredibly helpful
for me. [HCP5, consultant chest physician, female]

Perceived Reliability
Patients and clinicians discussed reliability—whether they
trusted the IoT system would operate continuously and without
error—in two contexts: logging data and providing advice.

Logging Data
Some patients observed that a system that logged data (such as
coughing, sleep disturbance, and medication use) automatically
in the background would reduce missing data. They believed
that smart peak flow meters and smart inhalers could reliably
capture data, although there were caveats. Some patients did
not always carry these devices with them or had more than one
reliever inhaler in use (at home, at work, and in the car), and a
reliable system would need to accommodate these behaviors.
Some patients suggested that a voice assistant was easier to use,
but others raised concerns about its accuracy. Most clinicians
agreed that automatic logs are more accurate, as they reduce
human error:
If it can capture most things, like obviously in the air
it’s cold or there’s pollen or there’s pollution, I could
probably trust it quite a bit, that, because it’s solid
data that’s already captured in other places. [P1,
46-65 years, female]
I think it (an IoT system) might be more accurate as
well than say if I did it (logging) myself. [P11, 16-25
years, female]
I know some people say that sometimes they [patients]
come in and they sit in the waiting room and they’re
filling in the results. [HCP4, prescribing support
pharmacist in practice, female]
https://mhealth.jmir.org/2021/7/e24127
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I suppose adding technology in to it might make it
more accurate and take out the human error and that.
[HCP10, GP, male]

Providing Advice
Most patients believed that the system could accurately highlight
the advice on an agreed action plan when their condition was
getting worse but were skeptical that the system could safely
generate new advice. They would trust the system to reliably
prompt an alarm when their condition worsened or if they took
their inhaler incorrectly, identify environmental triggers and
recommend avoidance, and remind them of the actions suggested
on an agreed action plan. In contrast, all patients preferred their
clinician to interpret the data and decide on new advice.
Similarly, patients did not believe that the system could take
human factors (such as the impact of psychological or emotional
context) into account when reaching a diagnosis. Clinicians
were also comfortable with an IoT-based early warning system
to alert patients to seek further assistance when their condition
worsened but considered the automatic generation of new advice
as an unproven route. They also cited the importance of personal
relationships. They accepted that AI may be used to generate
new intelligent advice to patients in the future but would need
evidence to prove clinical accuracy before trusting in its
reliability:
Well, again it goes through two stages, so if I’m really
bad, maybe a message to say I’m really bad
and...probably notice my wife first (to make decisions)
and then the health care professional (to arrange
follow up actions)...I wouldn’t want that to trigger
an appointment with a health care professional. [P4,
26-45 years, male]
Like if it was suggesting changes to me, that feels
more like the time that I would actually have to have
a conversation with the GP or nurse rather than my
phone triggering stuff like that. [P12, 26-45 years,
female]
So if there’s some sort of really intelligent system that
can work out how to do an asthma action plan for
somebody based on intelligent peak flow monitoring
and intelligent looking at the symptoms and all of
that, great, but until we’ve got that we need a human
being I think to sit with the patient and make an
asthma action plan. Because even as an experienced
clinician it can be quite challenging sometimes
because you have to know quite a lot about asthma
to do them. [HCP5, consultant chest physician,
female]
I don’t think we’re at a stage where a system can
advise patients. I would be a little bit nervous about
it. I’d have to have proof that that actually works
because I think I would recognize that in my practice
I establish a relationship with a patient. A machine
advice, automated advice doesn’t necessarily
understand that. [HCP11, pediatrician, male]
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Trust in Data Security
Privacy of personal data was a strong overarching theme that
emerged in the interviews. Although clearly relevant to trust
but not task specific (as in the McKnight trust model), patients
were found to accept the health services to implement IoT
systems if they knew how their data would be used. Attitudes
varied, with a patient suggesting they were not concerned about
data security, whereas another explained that they were not
happy to use a voice assistant because it was connected to the
cloud service. Most patients and clinicians wanted to use SMS
text messages or emails for follow-up questions, although both
suggested that the General Data Protection Regulation was a
barrier to adopting these services in the NHS. Clinicians
balanced the data privacy risk and the helpfulness of the services
and thought that explaining to patients about the use of their
data and having their consent was a pragmatic approach, as
opposed to blocking the service completely:
That (Email communication) would be useful
sometimes, but they (health care professionals)
wouldn’t do it, so I don’t really know...(the clinicians)
they’d be worried about that (spam in email), same
with text messages and WhatsApp...It might work from
my side, but I don’t think it would work from their
side. [P5, >65 years, male]
The NHS contract can be difficult, with regards to
GDPR and so on, so nearly everything is done via
phone, and if you can’t speak to an actual person, we
don’t routinely leave messages and so on. [HCP7,
pharmacist in practice, male]
This is personal data but it’s only about your health
condition. So in one way I wouldn’t be that worried
about that so much because actually that’s just about
one condition that actually you want to make sure
that people know about so that you actually get
treated properly. [HCP4, prescribing support
pharmacist in practice, female]

Discussion
Principal Findings
Most patients believed IoT systems to be functional and helpful
in supporting a broad range of self-management tasks, but they
raised some concerns about reliability. They believed IoT
systems could collect their data accurately from devices, check
for incorrect inhaler techniques, and advise them on treatment
options based on the thresholds and actions agreed with
clinicians (eg, in an action plan) and customized to their
situation. However, they doubted whether the system could
interpret their data to generate novel advice or reach diagnostic
conclusions. They would want to check with a health care
professional for reassurance and human advice before acting
on AI-determined actions. Most patients’ beliefs resonated with
those of the clinicians. Before trusting and adopting
AI-developed advice, clinicians wanted evidence to reassure
them about accuracy. Pragmatic approaches are required to
deliver services based on the requirements of the General Data
Protection Regulation. Our study did not find a diversity of
views among different ages and genders, possibly because all
https://mhealth.jmir.org/2021/7/e24127
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participants had experience with technology and were the end
users of similar NHS asthma care services in the United
Kingdom. Racial biases, sociocultural norms, and an
understanding of AI are other potential factors that need to be
considered when developing IoT-supported services applicable
to diverse communities.

Strength and Limitations
We explored perceived trust in IoT systems from the perspective
of patients and clinicians; however, there are some limitations.
First, patients and clinicians based their opinions on their past
experience of existing technologies and arrangements within
current health care services. Our clinician participants were
interested in technology and asthma, which will have influenced
their opinions that were based on their experience, personal
interest, age, and gender. The views from these groups of
participants may not apply to users with limited access to
technology or lack of experience with digital options. Real-life
experiences with an IoT system may have generated new
themes. However, our findings represent perceived expectations
from patients and clinicians and can therefore inform future IoT
system design and underpin further investigation. Second,
because of time and resource limitations, we did not interview
children (patients aged ≤16 years) and their parents, although
we included experienced pediatricians to explore some of the
issues from their perspective. Third, we could not recruit patients
who were newly diagnosed (0-1 year) with asthma who may
have had specific requirements, although our experienced
asthma patients provided some feedback on their needs or
expectations when they were newly diagnosed. Fourth, all of
our participants were confident in using technology such as
social media, web information, voice assistants, and activity
trackers. Hence, participants may be biased in assessing
perceived functionality, helpfulness, and reliability because of
their past use of technologies. However, their real-life
experience enabled them to give examples of IoT features that
they considered trustworthy (or not) from personal experience.
Finally, the McKnight domains used in this study were limited
to perceived functionality, helpfulness, and reliability; other
domains such as perceived ease of use, perceived value, and
the source of the recommendation (eg, an app recommended
by a clinician that the patient believes understands their asthma
may engender more trust in technology than an app
recommended by a clinician that the patient does not know or
trust) [21,46] may also be important to the perceived trust in
the asthma self-management IoT system.

Interpretation in Relation to the Published Literature
Our findings show that patients and clinicians both recognized
the potential of IoT systems to provide a range of customized
support for self-management, which they believed would help
them look after their asthma. They trusted smart devices to
observe their status accurately and had confidence that the
system could trigger advice previously agreed with the clinician
when they experienced unusual asthma symptoms or reduced
peak flows. They found it acceptable for systems to detect errors,
correct inhaler techniques, and address noncompliance to
medication. These functions imply that IoT systems can be
trusted to include AI that can learn about an individual’s asthma
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e24127 | p.81
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throughout time and provide advice based on a set of rules.
However, neither patients nor clinicians trusted the IoT system
to mimic clinicians’ intelligence and create new
self-management advice, preferring a human check to reassure
that the AI advice was applicable to the individual before
deciding what to do. This resonates with the findings of a recent
review on AI clinical interventions in the context of other
long-term conditions, such as depression, weight, nutrition, limb
pain, and smoking cessation management [47]. People trusted
a customized system including elements that imitated
human-human (patient-clinician) interactions and provided easy
communication channels between the patient and clinician.
Furthermore, the involvement of clinicians was pivotal to
encourage patients’ adoption and adherence to digitized
self-management [21].
Technically, patients and clinicians are reluctant to move from
using narrow intelligence that follows preset rules (artificial
narrow intelligence) to general (artificial general intelligence)
or superintelligence (artificial superintelligence) in which the
system initiates rules. Although there are high-level guiding
principles [48,49] and governance recommendations [50] to
ensure that future AI designs are ethically and technically
trustworthy [51] (eg, to ensure the use of AI is fair, is
transparent, and meets universal human values), they focus on
the trust between AI and the community. Few have explicitly
considered trust between AI and individual patients in the
context of supported self-management.
Patients are not yet ready to transfer their trust from the clinician
(a human) they know to an IoT system (a machine) generating
self-management advice through AI. In the traditional
self-management model, the GP or asthma nurse assesses the
patient’s condition and agrees with self-management advice in
a face-to-face consultation. In the new IoT self-management
model, the app interface, smart devices, or lifelike robots (in
the near future) have the responsibility to sense the patients’
condition, which replaces the clinicians’ intelligence in giving
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self-management advice to patients. The decision process is an
impenetrable black box for patients and clinicians. In contrast,
clinicians in the traditional model can discuss options with the
patient and consider aspects such as patients’ mood, personality,
self-management habits, and experiences so that the final
decision is (relatively) transparent. This may be a reason many
patients trust that AI-based IoT systems can record their asthma
condition better than themselves, but none have shifted their
trust from the clinician to the AI in terms of issuing new advice.
From e-commerce literature, we know that it is possible to shift
people’s trust from a known person, organization, or shop to
an electronic service related to the known entity [30,52,53] or
recommended by the known person, organization, or shop [54].
Iterative interaction with an automated system or lifelike robot
can build up trust for first-time users who are curious about new
systems and robots but struggle to use them in their daily lives
[55,56]. In the health care context, studies of apps and
e-consultations have suggested the potential to transfer trust
from a physical health care service (eg, appointment booking
and monitoring physiological parameters or activity after
discharge from hospital) to an app [57-59]. However, to
encourage clinicians to recommend an AI system to patients,
strong clinical evidence is required to earn their trust. Currently,
there is little evidence in the context of asthma self-management
to reassure clinicians or patients.

Conclusions
Introducing IoT systems involving advice from AI to support
self-management requires more than just functionality that can
deliver tasks users regard as helpful. There is a need to increase
the trust of users in the reliability of systems as AI moves from
the currently acceptable narrow intelligence directed by
clinician-determined action plans to a future in which advice is
generated by the IoT system. Our technologically adept
participants were not yet ready for this step; research is needed
to ensure that technological capability does not outstrip the trust
of the individuals using it.
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Abstract
Background: Travel to clinics for chronic wound management is burdensome to patients. Remote assessment and management
of wounds using mobile and telehealth approaches can reduce this burden and improve patient outcomes. An essential step in
wound documentation is the capture of wound images, but poor image quality can have a negative influence on the reliability of
the assessment. To date, no study has investigated the quality of remotely acquired wound images and whether these are suitable
for wound self-management and telemedical interpretation of wound status.
Objective: Our goal was to develop a mobile health (mHealth) tool for the remote self-assessment of digital ulcers (DUs) in
patients with systemic sclerosis (SSc). We aimed to define and validate objective measures for assessing the image quality,
evaluate whether an automated feedback feature based on real-time assessment of image quality improves the overall quality of
acquired wound images, and evaluate the feasibility of deploying the mHealth tool for home-based chronic wound self-monitoring
by patients with SSc.
Methods: We developed an mHealth tool composed of a wound imaging and management app, a custom color reference sticker,
and a smartphone holder. We introduced 2 objective image quality parameters based on the sharpness and presence of the color
checker to assess the quality of the image during acquisition and enable a quality feedback mechanism in an advanced version
of the app. We randomly assigned patients with SSc and DU to the 2 device groups (basic and feedback) to self-document their
DU at home over 8 weeks. The color checker detection ratio (CCDR) and color checker sharpness (CCS) were compared between
the 2 groups. We evaluated the feasibility of the mHealth tool by analyzing the usability feedback from questionnaires, user
behavior and timings, and the overall quality of the wound images.
Results: A total of 21 patients were enrolled, of which 15 patients were included in the image quality analysis. The average
CCDR was 0.96 (191/199) in the feedback group and 0.86 (158/183) in the basic group. The feedback group showed significantly
higher (P<.001) CCS compared to the basic group. The usability questionnaire results showed that the majority of patients were
satisfied with the tool, but could benefit from disease-specific adaptations. The median assessment duration was <50 seconds in
all patients, indicating the mHealth tool was efficient to use and could be integrated into the daily routine of patients.
Conclusions: We developed an mHealth tool that enables patients with SSc to acquire good-quality DU images and demonstrated
that it is feasible to deploy such an app in this patient group. The feedback mechanism improved the overall image quality. The
introduced technical solutions consist of a further step towards reliable and trustworthy digital health for home-based
self-management of wounds.
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Introduction
Background
Chronic wounds do not heal within the expected time and can
lead to severe complications if not treated appropriately.
Therefore, chronic wounds require stringent management,
including regular observation, assessment, documentation, and
care of the wound by a medical professional. This management
is tedious for patients as they need to visit the clinic frequently
for specialist consultation, wound documentation, and adjunct
therapies [1]. Furthermore, it strains the health care system, as
it requires considerable clinical as well as financial resources.
Repetitive wound documentation is tedious but essential to
chronic wound care [2]. Treatment plans and scheduling of
follow-up assessments are based on the information found in
the wound documentation. Wound information such as wound
location, depth, size, edges, and surrounding skin conditions is
often documented, but can vary in detail among different clinical
practices [2]. Therefore, the introduction of digitalization of
chronic wound management to reduce the burden for patients,
clinicians, and the health care system is desirable.
As part of the digitalization of chronic wound care, remote
assessment of chronic wounds using mobile technology is
raising great interest. Telemedicine approaches could reduce
the constraints of time and geographical location and therefore
reduce trips to clinics. It has been shown that connecting
home-care nurses to hospital-based wound experts can
significantly improve the likelihood of wound healing [3] and
patient outcomes [4]. Patients sending wound images and
symptom questionnaires enables remote follow-up monitoring
for post-surgical wounds [5]. Smartphone apps with visual
wound analytics and feedback to engage patients in self-care
of diabetic foot ulcers resonated positively with the users in a
usability study [6]. This study did not evaluate the accuracy of
the automated wound image analysis. However, it highlighted
the need for user-friendly image acquisition methods that assist
the user in controlling the factors influencing the wound image
quality.
Wound images constitute an essential part of chronic wound
documentation during routine clinical assessment. Clinicians
consult the images to assess wound changes [7]. Wound images
are also used to determine wound dimensions and tissue
conditions by measuring the wound area and color change over
time [8]. However, current documentation approaches depend
largely on routines established in the clinics, which are rarely
standardized across institutions. Wound images are primarily
taken by clinical staff with digital cameras and manually
uploaded to the clinical information system to perform basic
assessments, such as checking the wound history [7] and
measuring the wound area [9].

https://mhealth.jmir.org/2021/7/e26149

XSL• FO
RenderX

The quality of wound images is essential for further analysis
and processing. In clinical practice, high-quality images,
characterized by attributes such as proper lighting condition
and wound positioning, are prerequisites for wound experts to
perform the wound assessment accurately and reliably, including
visually inspecting the development of wound status and
measuring the wound area from an image [10]. For automated
image analysis, high-quality images, with characteristics such
as proper lighting condition, corrected color, adequate sharpness,
clear wound boundary, and often, the use of an associated color
and size reference, are important for algorithms to perform
specific tasks such as wound segmentation [11] or wound
classification [12] with good performance. Specifications of
cameras on modern smartphones are sufficient to be used in
clinical practice [13]. However, image quality is largely based
on environmental conditions and the person who captures the
image. In mobile health (mHealth) applications, remote sensing
and documentation by nonexperts are unsupervised and often
prone to noise and artifacts [14]. For example, the reliability
and accuracy of a teledermatoscopy-based diagnosis increased
when the image quality improved [15]. Specifically, it is
important to reduce blurriness and keep environmental
conditions such as image angle and lighting consistent without
over- or underexposure when capturing wound images, so that
the wound size can be reliably calculated and the colors of
wound areas can be correctly defined [16]. It is challenging to
control the aforementioned conditions in a remote setting and
with smartphones, especially for patients with little prior
knowledge of technical and clinical requirements for wound
images. Neither current clinical practices nor existing apps for
remote wound monitoring have standardized procedures
implemented for taking high-quality wound images. To our
knowledge, no quality assurance measures for image quality
have been proposed. In studies, low-quality images that are not
useful are simply discarded and excluded from the analysis [16].
Therefore, it is crucial for mHealth systems that support remote
documentation of chronic wounds to facilitate the high-quality
acquisition of images that is sufficient for both visual clinical
interpretation and automated processing.
Our goal was to develop an mHealth tool to facilitate the remote
assessment of digital ulcers (DUs) and support patients with
systemic sclerosis (SSc) in the self-management of their DUs.
The tool should provide functions to self-document their wounds
at home, including an image acquisition system that can ensure
clinical-grade data quality. Such a system would enable
telemedical functions for clinicians and reduce the burden of
travel to the clinics for the patients.

Systemic Sclerosis and Digital Ulcers
SSc is a systemic autoimmune disease characterized by fibrosis
and microangiopathy. DUs are common in SSc, with an
occurrence probability of up to 70% at a 10-year observation
period [17]. Between one-third and two-thirds of patients with
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SSc develop recurrent DUs [18]. DUs are slow to heal and may
complicate with bone infection and amputation, which
significantly influence the patient’s quality of life and hand
function [19]. The management of SSc-associated DUs often
requires repeated presentation in a specialized clinic for
assessment and adapted treatment, which may include wound
debridation and specific topical measures. For this, patients face
considerable burden from traveling to the clinics at a fixed time
interval, and a timely assessment is not always achieved. There
is a great unmet need for patients with SSc and DUs to be able
to document their wounds remotely, in order to facilitate close
follow-up by clinicians, enabling early detection of
complications and reducing the burden induced by unnecessary
travel to the clinic.

Digital Health Tools for Wound Assessment
Many studies have investigated digital health tools for the
assessment of wounds. Overall, these studies highlight the
feasibility of remote wound care and self-documentation.
However, only one study has evaluated the remote assessment
of DUs so far [20]. Patients with SSc were using their own
smartphone camera to take images of the DUs for a maximum
of 35 days at home. While the study demonstrated the feasibility
of home-based documentation of DUs, it was limited to 4
patients. No information on image quality was obtained, and
images were manually collected and transferred to a database.
A large proportion of existing wound imaging and
documentation apps focus on the assessment of diabetic foot
ulcers. Yap et al [21] presented a mobile app aiming to
standardize diabetic foot images by creating an outline of a
precaptured foot image and aligning the foot when taking a new
image. The images were taken in a clinical environment and it
was up to the medical professional to decide whether to save
the image, which might be challenging to translate to patient
self-assessment. Patients are confronted with high uncertainty
about the status of their own wound and might not be aware of
the important parameters to control during wound image
acquisition. Several apps integrate semi-automated wound
measurement algorithms providing wound size and diameter
[6,9]. However, the wound measurements require manual
localization of the wound. Little evidence exists on the accuracy
of such systems, due to the absence of validation studies on real
wounds. To test interrater variability, plastic wound models
have been used [9].
Besides an image-capturing app, supporting infrastructure is
needed to enable ease of use and good-quality imaging results.
The use of reference markers for color and size normalization
is common [9]. Wang et al [22] developed a capturing box to
capture wounds on feet that are otherwise not easily accessible.
The box contains a mirror, and patients place their foot on a
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glass plate next to the phone that captures the mirror reflection
inside the box. Alternatively, the front-facing camera can be
used together with voice commands [6]. Neither of these studies
investigated objective image quality of the obtained wound
images, in particular when obtained by a nonmedically trained
user.
We developed an mHealth tool to enable wound
self-documentation by patients with SSc and DUs. Our specific
aims of this study were to (1) define objective measures for
assessing the quality of wound images taken by patients using
this tool unsupervised at home, (2) compare whether an
automated real-time feedback feature on wound image quality
improves the quality of the transmitted wound images, and (3)
evaluate the feasibility of implementing this mHealth tool for
home-based chronic wound monitoring and self-management
by patients with SSc.

Methods
The newly developed mHealth tool was composed of a
smartphone with a custom wound imaging and management
app, a custom color reference sticker, and a smartphone holder.
All components were designed to facilitate standardized wound
image acquisition that is consistent over time and does not
require supervision or advanced training of the user. With a
randomized study design in a home-based setting, we tested
and compared 2 versions of the smartphone app (basic and with
feedback) that differed in the way the app interacts with the
patient during image acquisition. The version with feedback
relied on real-time algorithms to assess image quality.

mHealth Tool Development
Wound Management App
The smartphone app implemented a simple workflow to take
wound pictures (Figure 1). It essentially consisted of a first-time
patient login; first-time metadata entry (ie, wound locations),
which was replaced with a selection in subsequent use; image
acquisition; and background process that included secure upload
to a REDCap study database [23] via an application
programming interface (API) when an internet connection was
available. The app was developed for the Android operating
system. Two versions of the app were developed with the goal
of improving the overall image quality. The basic app version
did not provide any feedback on image quality other than
showing the freshly acquired image for subjective review, which
is native to the Android operating system. The version with
feedback included specifically developed mechanisms to interact
with the user and communicate quality improvement
opportunities at the time of image acquisition (Figure 1).
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Figure 1. Flowchart of the interaction steps for a user for (A) the basic app and (B) additional feedback mechanisms for the version with feedback,
which is illustrated with screenshots showing (C) a history image in the left corner of the screen to guide patients to create consistent fields of view
across assessments, (D) feedback messages based on the automated detection of image quality, and (E) automated color reference detection to determine
the image quality.

Quality Feedback Mechanisms
For developing the feedback mechanisms, an objective measure
for image quality was needed. We focused on the evaluation of
image sharpness as it is a parameter that also measures how
well the object of interest is in focus and has traditionally been
an important parameter in image quality evaluation in other
areas of application. Sharper images contain finer details and
lead to more reliable object recognition and classification [24].
Blurry images negatively influence the performance of
automated image processing algorithms [25]. In addition, it is
recommended to discard blurry wound images and not use them
for wound assessment, as they could mislead diagnosis or alter
derived conclusions [16]. Therefore, it was desirable to identify
unsuitable images early in the process and encourage repetition
of the image acquisition at the instance where the user is already
engaged with the process. For this purpose, we defined the
sharpness as the variance of the Laplacian [26]. The Laplacian
is a second derivative operator to high-pass spatial frequencies,
which are associated with sharp edges, and it is sensitive to the
rapid intensity changes in an image [26]. The variance reflects
the spread of intensity changes. Thus, sharper images have
higher Laplacian variance.
An additional objective measure for quality available in our
system was the desired presence of the color reference sticker
in the wound image. Therefore, we implemented an automatic
color reference sticker detection routine into the imaging
process. First, the color checker position was detected in the
field of view by analyzing the rectangular morphology and
exceeding a predefined threshold of its size, and then the
sharpness of the sticker was analyzed. When the color reference
sticker was detected and the corresponding region of interest
was deemed sharp enough by exceeding a predefined threshold,
the app provided the patient with a feedback message indicating

https://mhealth.jmir.org/2021/7/e26149

XSL• FO
RenderX

that the image is deemed to be of good quality and can be saved.
Otherwise, the user was prompted to retake the image.
As a third feedback mechanism, we provided a subjective
comparison between the current image preview and a previously
taken image of the same wound. The historical image was
displayed in the left corner of the image preview screen. The
intention of this was to encourage the patient to maintain a
consistent field of view across multiple capturing sessions.

Color Reference Sticker
We developed a customized color reference sticker as part of a
larger project named SwissWOU, which is a subproject of the
SKINTEGRITY Flagship of the Universities and Hospitals of
Zurich, with the aim of developing a large wound image
database for wound research. The color reference sticker
contained 36 color patches that included all the colors for regular
photography color calibration [27] and an additional set of skin
and wound-specific color shades (total size 30 x 30 mm).

Smartphone Holder
Patients with SSc often have severely reduced hand and finger
function [19], limiting the range of motion and possibilities to
interact with a smartphone. To ease the image-taking procedure
and address the patient’s needs, we designed a smartphone
holder (Figure 2). Patients placed the smartphone on top of the
smartphone holder. Their finger was placed on the bottom plate
or, in the case of fingertip wounds, through a hole in the bottom
plate. The color reference sticker was also placed on the bottom
plate adjacent to the finger placement area. An additional LED
light ring assured a homogeneous lighting condition and
prevented strong shadows. The smartphone holder provided a
constant distance between the camera and the wound and
consistent illumination, thereby also contributing to the
consistency of image quality across time series.
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Figure 2. (A) 3D schematic of the mobile health tool and (B) experimental setup.

Experimental Protocol
The study protocol followed the ethical principles for research
involving humans according to the Declaration of Helsinki and
was approved by the institutional ethics committee (ETH EK
2019-N-22). We recruited consecutive patients with SSc who
attended the Department of Rheumatology at the University
Hospital Zurich, Switzerland, for routine or emergency
consultations from May 2019 to May 2020. Adult patients
fulfilling classification criteria for SSc [28] and having at least
one DU on the fingers were included after written informed
consent. First, patients performed a practical baseline test and
filled in a questionnaire on mobile literacy and familiarity with
smartphone camera usage. We identified patients who were
familiar with using basic smartphone functions and also patients
who were accustomed to photography. Based on this test, we
stratified patients into experienced users and nonexperienced
users, based on the combined criteria of whether they used the
smartphone multiple times a day or used it at least once a day
and were familiar with taking photos or videos. We randomly
assigned the patients to 2 device groups (feedback and basic
groups), while balancing the user experience between the
groups. After this randomization, all patients were given an
Android smartphone with all required apps pre-installed and
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the smartphone holder to keep for the duration of the study. We
then instructed them on how to use the mHealth tool, explained
the study protocol, and walked them step by step through the
image-taking process of the corresponding app version (feedback
or basic) once. Questions from patients were then answered.
Under supervision, the patients then used the tool by themselves
to take the first set of images of their wounds.
The data acquisition at home followed a regular protocol (Figure
3). Both groups were asked to perform the wound assessments
with the app every third day for the duration of 8 weeks (16
assessments). The assessment consisted of taking wound images
and completing pain level questionnaires. The patient had to
first login to unlock the app, place the smartphone on the
smartphone holder, turn on the LED light ring, select the wound
location, take an image, and if it was deemed of good quality,
save the image or otherwise retake an image. After completing
the wound image capture, patients evaluated their pain levels.
At the end of the 8th week, data collection for the randomized
app and image quality evaluation was completed, and a usability
questionnaire was delivered. For an additional week on every
third day (2-3 assessments), patients got to explore and test the
alternate app version from the other group and evaluate the
usability of this version as well. At the end of the study, patients
returned the mHealth tool by mail.
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Figure 3. Overview of the wound assessment protocol performed at the patient’s home for both the feedback and basic groups, which involved wound
assessments every third day (16 times in total) for the first 8 weeks, after which, patients completed the usability questionnaires. In week 9, patients
switched to the alternative app version and performed image assessments every third day (2-3 times), after which they evaluated the usability.

Analysis
Image Quality Comparison
To evaluate and compare the image quality between the
randomized groups, we calculated the following image quality
parameters.
We defined the color checker detection ratio (CCDR) as the
number of images with clearly visible color reference stickers
detected over the total number of images collected (Equation
1). We calculated the CCDR across each group and patient

We compared the sharpness of images between groups, where
the variance of the Laplacian was selected as a measure for
sharpness [26]. Since the variance of the Laplacian is dependent
on the image content and the variability of wounds across
subjects was not negligible, we restricted the region of interest
to the color reference sticker, which was expected to be available
and constant across all wound images. We evaluated the color
checker sharpness (CCS) of each image where the color
reference sticker area was manually labeled by a researcher
after the data acquisition. The median CCS for each patient was
evaluated to compare between groups.
In addition to the above-calculated quality measurements,
subjective image quality was obtained. A research assistant was
trained to evaluate the quality of wound images. She labeled
all the images blinded to the randomized groups and applied a
binary label. The binary label indicated whether the image was
usable for the unambiguous identification of the finger and
wound area. The ratios of usable images across each group and
patient were calculated.
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Statistical Analysis of Image Quality Comparison
We performed a Wilcoxon rank-sum test to compare whether
there were statistically significant differences in the image
quality between the 2 groups for the images that were collected
from the first 8-week documentation period. The analysis was
carried out with the Python SciPy library (version 1.4.1) [29].
A P value <.01 was considered statistically significant.

Feasibility Evaluation
The feasibility of the mHealth intervention was determined by
analyzing the usability feedback from the questionnaires, the
user behavior throughout the study, and the overall quality of
wound images as described in the previous section.
The patients rated the usability of the mHealth tool with a
questionnaire after each type of use (basic or feedback app) had
ended. The questionnaires consisted of questions on the overall
mHealth tool experience and the subcomponents like the
smartphone holder and the versions of the app. The usability
questions originated from the Post-Study System Usability
Questionnaire [30], which is widely used to measure users’
perceived satisfaction, such as software, system, or product at
the end of a study, and were adapted to the specific functions
of our application. Additionally, we asked questions about
whether the patients were willing to continue using the tool and
which app version they preferred. Each question was answered
on a 7-point Likert scale, where 1 indicated “strongly agree”
and 7 indicated “strongly disagree.” For analysis, we aggregated
the answers in bar plots.
The monitoring of user behavior was focused on whether the
patients (1) were able to self-document their wound images and
follow the study protocol with good adherence, (2) were efficient
in using the app to capture images, and (3) dropped out of the
study. The self-documentation was evaluated based on the
patients’ compliance with the image documentation routine
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given by the protocol. We calculated the number of image
capturing assessment days actually performed divided by the
assessment days that were assigned to be performed during the
8 weeks (16 assessments). When a patient took more days of
assessments than expected (eg, ratio higher than 1), we then
assigned the ratio as 1. We evaluated the efficiency by
calculating the duration of each assessment by measuring the
time between starting the app and the end of the assessment.
For patients who documented multiple wounds, we only
measured the time until saving the first wound image. We
eliminated duration outliers from the analysis as they may have
resulted from other distractions unrelated to the imaging task.
Outliers were defined as a measurement duration of more than
3 scaled median absolute deviations away from the median
duration over all assessments from each patient. For each group,
we then calculated median durations and fitted a linear trend
over time to evaluate the assessment efficiency.

Results
A total of 21 patients were recruited and randomized into
feedback (10 patients) and basic (11 patients) groups. During
the course of the study, 6 patients returned the mHealth tool
before completing the protocol and were subsequently excluded
from the image quality analysis (Table 1). All dropouts
happened in the first 2 weeks (Table 2) and were by female
participants (Table 1). They had balanced strata (Table 1), and
2 belonged to the feedback group and 4 to the basic group (Table
2). The reasons for not continuing with the study were severe
illness (3 patients), overwhelmed after instructions (2 patients),
and overwhelmed after subsequent usage (1 patient; Table 2).
Of the 15 patients who completed the study, 8 were in the
feedback group, and 7 were in the basic group. All of the
included patients were in the experienced smartphone user group
strata (Table 1). A total of 382 wound images were collected
during the intervention period, and 24 images were collected
during week 9 after switching apps for the second usability
evaluation (Table 1).

Table 1. Metadata for the patient randomization, dropouts, and number of images from each group.
Patient characteristics

Intervention period (Weeks 1-8)

Week 9

Feedback (n=8)

Basic (n=7)

Feedback (n=4)

Basic (n=4)

47 (11)

52 (9)

N/Aa

N/A

48 (13)

Male

4

1

N/A

N/A

0

Female

4

6

N/A

N/A

6

Not familiar

0

0

N/A

N/A

3

Familiar

8

7

N/A

N/A

3

Total number of images

199

183

15

9

N/A

Distribution of images per patient, mean (SD)

24.88 (11.21)

26.14 (10.59)

1.88 (1.76)

1.29 (1.39)

N/A

Number of images with color checker detected

191

158

N/A

N/A

N/A

Subjective qualityc, n

180

155

15

7

N/A

Age (years), mean (SD)

Dropouts (n=6)

Sex, n

Strata ratiob, n

a

N/A: not applicable.

b

Ratio of the number of patients that were not familiar to those who were familiar with smartphone camera usage.

c

Number of images manually labeled as good quality by the research assistant.

Table 2. Study dropouts and time since recruitment, by dropout reason.
Patient characteristics

Overwhelmed at instruction (n=2) Severe illness (n=3)

Overwhelmed during usage (n=1)

Time since recruitment for each patient (days)

0, 0

3, 6, 9

13

Not familiar

1

2

0

Familiar

1

1

1

Feedback

1

0

1

Basic

1

3

0

Strata ratioa, n

Group, n

a

Ratio of the number of patients that were not familiar to those who were familiar with smartphone camera usage.
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Image Quality Comparison
Color Checker Detection Ratio
The CCDR was 0.96 (191/199) in the feedback group compared

Zhang et al
to 0.86 (158/183) in the basic group. As depicted in the boxplot
in Figure 4, the feedback group faced less variance (median 1;
25th percentile=0.93; 75th percentile=1) compared to the basic
group (median 0.94; 25th percentile=0.76; 75th percentile=1).

Figure 4. (A) Color checker detection ratio (CCDR) and (B) color checker sharpness (CCS) per patient for the feedback and basic groups. The grey
dots indicate each individual patient. The central, bottom, and top edges of the boxes indicate the median, 25th percentile, and 75th percentile, respectively;
the whiskers indicate the outliers.

Color Checker Sharpness
The feedback group achieved higher median CCS across patients
(median 804) compared to the basic group (median 700; Figure
4). The feedback group also showed overall higher CCS

distribution across all images (median 894; 25th percentile=710;
75th percentile=999 ) compared to the basic group (median 700;
25th percentile=549; 75th percentile=867) as depicted in Figure
5. The Wilcoxon rank-sum test showed a significant difference
(P<.001) between the 2 groups.

Figure 5. Comparison of the color checker sharpness (CCS) distribution for all images between the feedback and basic groups. The central, bottom,
and top edges of the boxes indicate the median, 25th percentile, and 75th percentile. ***P<.001.

https://mhealth.jmir.org/2021/7/e26149

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e26149 | p.93
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Manually Labeled Image Quality
In the feedback group, 90% (180/199) of the images were
subjectively labeled as usable compared to 85% (155/183) in
the basic group (Table 1). The feedback group had a higher ratio

Zhang et al
of images per patient that were manually labeled as usable
(median 0.93; 25th percentile=0.82; 75th percentile=1) than the
basic group (median 0.87; 25th percentile=0.81; 75th
percentile=0.88) as depicted in Figure 6.

Figure 6. Distribution of subjective image quality, which was measured as the ratio of images that were labeled as usable, for the manually labeled
images for the feedback and basic groups. The grey dots indicate each individual patient. The central, bottom, and top edges of the boxes indicate the
median, 25th percentile, and 75th percentile, respectively.

Feasibility Evaluation
The median ratios of the patients’ compliance to the image
documentation routine were 0.77 (25th percentile=0.59; 75th
percentile=0.91) for the feedback group and 0.94 (25th
percentile=0.59, 75th percentile=0.98) for the basic group
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(Figure 7). The overall median compliance ratio for both groups
was 0.88 (25th percentile=0.58; 75th percentile=0.94)
The median durations for one image assessment were 42 seconds
(overall), 47 seconds (feedback group), and 42 seconds (basic
group). The assessment durations showed a decreasing trend
for both the feedback and basic groups (Figure 8).
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Figure 7. Ratio of patients’ compliance to the documentation routine for the feedback and basic groups. The grey dots indicate each individual patient.

Figure 8. Durations of image assessments over the 8-week study period, consisting of 16 interventions for the (A) feedback and (B) basic groups. The
solid lines are the linearly fitted trends per group.

The usability rating showed an overall higher user agreement
for the feedback app (range 1.13-2.63) compared to the basic
app (range 1.40-3.60) after the 8th week (Figure 9). The
smartphone holder obtained an agreement between 1.29 and
2.86 for both groups, and the mHealth tool as a whole was rated
between 2.67 and 4.07. At week 9, after switching the app
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version, the feedback group rated the basic version app (range
1.00-3.00) similarly to the previously used feedback app (Figure
9). The basic group rated the feedback version app lower (range
2.25-3.75) than their scores for the basic version app (Figure
9).
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Figure 9. Results of the usability evaluation, in which each question was answered on a 7-point Likert scale (1=strongly agree, 7=strongly disagree).
The average rating is shown in brackets on the barplot. *The 3rd question from “System” and its rating were reversed from its original form (Does my
illness affect the usability of the system?).

A total of 7 patients indicated an interest in using the system in
the future (Figure 10). They provided several reasons:
…be able to communicate changes without going to
the hospital to check.
…provide information to support wound healing.
…monitor how the wound is changing and to be able
to intervene more quickly…
The responses from the 4 patients who answered “no” were:

…only when I feel that my condition is getting worse.
I don’t see what to use it for.
I would find a solution that is easier for me.
Because not all wounds can be photographed.
Of the 8 patients in the feedback group, 6 preferred the feedback
app over the basic app (Figure 10), while 2 of 4 patients from
the basic group preferred the basic app.

Figure 10. Additional questionnaire with 4 questions about (A) the patients’ willingness to continue using the system, (B,C) their preference on the
app version, and (D) whether the app added value for them.
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Discussion
Principal Findings
We developed an mHealth tool for SSc patients with DUs to
remotely self-document wound images in a standardized way
and introduced an image quality–based feedback mechanism
to encourage higher data integrity through targeted
human-machine interaction. To our knowledge, this was the
first time that a research study systematically evaluated the
quality of patient self-documented wound images with a
randomized protocol. We introduced objective image quality
parameters such as CCDR and CCS that use the standardized
region of interest of a color reference sticker to enable a
reproducible quality estimation. These objective image quality
metrics, along with subjective expert image assessments, showed
that using the feedback mechanism yielded a higher image
quality compared to using the basic app without real-time
feedback. More specifically, the CCDR, CCS per patient, and
manually labeled image quality were higher for the feedback
group compared to the basic group. The feedback group
achieved significantly higher CCS over all image distributions
compared to the basic group. Overall, the high number of
good-quality images obtained and the usability evaluation
indicated that home-based DU assessment by SSc patients who
are familiar with digital tools is feasible.
The importance of taking high-quality wound images for
diagnostic and treatment monitoring purposes cannot be
emphasized enough. From a technical point of view, modern
smartphones are designed to capture high-resolution images
with color representations comparable to professional digital
cameras [13]. However, capturing images of wounds for clinical
applications is more critical and has more stringent requirements,
because bad image quality could negatively influence the
diagnosis and management plan [15]. With our automatic
feedback mechanism that processed images in real-time at the
smartphone frontend, we improved the image quality during
the process of image collection. This approach increased the
reliability and consistency of images and avoided postprocessing
or discarding of poor images, therefore also increasing the
integrity of the data. Such an increase could positively impact
further processing of the images, such as automated
classification and segmentation algorithms or assessments of
abnormalities during telemedical consultations. Whether the
increase in quality has an impact on such applications and can
influence patient health outcomes need to be investigated in a
separate study.
We expected to observe a benefit from the real-time feedback
mechanism. Other digital health applications previously reported
such benefits. For example, respiratory rate counters that provide
audio and visual feedback enable direct comparison of
measurements with the breathing subject. Such comparison
leads to improved respiratory rate estimations and repeated
measurements where no initial agreement between feedback
and subjects can be observed [31]. Furthermore, computing a
signal quality index that is displayed in real time with a color
coding in the background of a vital sign trace assists the user
in recording good-quality pulse oximetry recordings [32]. In
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fact, specifications in standards for medical pulse oximeters
(ISO 80601-2-61) enforce a real-time indication for signal
inadequacy [33]. However, standards leave it up to the
manufacturer to define the quality indicator metric and its
display method. Therefore, it is important to test its performance,
usability, and feasibility in a user study as part of the medical
device validation and certification process. The proposed
randomization of users in 2 groups that use 2 different mHealth
tools is a direct way to evaluate which tool can provide better
quality data.
The usability questionnaires were another way to evaluate the
feasibility and showed that the majority of the patients were
satisfied with the system. All questions except one received a
rating ≤3.75 on a 7-point Likert scale. The question of whether
the usability of the system was influenced by the patient’s illness
received a rating of 4.07. A closer investigation of this result
revealed 2 reasons that should be considered in further designs.
First, hand function of some patients was severely impacted by
the disease. Two patients brought forward that it was not easy
to place their fingers correctly in the smartphone holder box to
capture all angles of the wounds. Second, one patient stated that
it was more difficult to get a sharp image from specific wound
locations. This indicates that there is still room for improvement
of the mHealth tool design. For patients whose hand function
is severely impaired by the disease or whose fingers are affected
on both hands, an obvious solution to avoid additional painful
interaction with the system could be assistance from a second
person (eg, family member or home care staff) or the integration
of voice commands, which has already been proposed for
diabetic foot ulcer management [6]. Additional technical
developments might be required for this (ie, an algorithm for
the automated election of the focus point).
We re-evaluated the usability after switching the app version
and using the alternative for another week. Interestingly, the
feedback group did provide a similar usability rating for the
basic app version, while the basic group had lower usability
ratings for the feedback app version. An explanation could be
that the basic group did not receive training on the feedback
mechanisms, which might have led to confusion and lower
usability. This would suggest that adequate training is needed
before using the mHealth tools and could lead to better
acceptance of the intervention.
We reported 6 patients who dropped out during the course of
the study. The dropouts occurred immediately after recruiting
or at an early stage of the study. The main reason for dropout
was due to severe illness and the need for hospitalization, so
that the assessment had to be stopped. It is interesting to note
that all 3 subjects that were placed in the “not familiar with
smartphone use” strata left the study prematurely. While this is
too small a number to draw conclusions, it may indicate that
familiarity with smartphone use could be a prerequisite for
patients to engage with an mHealth approach to wound
documentation. This important parameter, together with low
recruiting rates, should be closely monitored in subsequent
studies and analyzed to determine whether they indicate that
the use of technology might not be suitable for all patient groups
or demographics.
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We demonstrated that remote self-management of wounds by
patients with SSc is feasible. An overall rate of routine
documentation of 88% was achieved by patients, indicating
good adherence to the suggested protocol. Independent of the
app version, the obtained image quality was sufficient for further
use (>84% of images got a usable label from the subjective
expert assessment). The median image assessment duration was
within the range of 50 seconds, indicating that the mHealth tool
is efficient to use and can be integrated into the daily routine
of a patient. While our analysis was limited to 15 patients, this
number was sufficient to highlight the preferences of participants
and demonstrate the benefits of real-time feedback on improving
wound image quality. The usability results indicated that, with
small adaptations and optimizations of the design, satisfaction
of the patients could be further improved. With 64% of the
patients willing to continue using the current version of the
mHealth tool, these adaptations will be well justified.

The impact of a home-based mHealth tool for
self-documentation of wounds and telemedical application for
patients with SSc was evident. First of all, patients identified
that such tools could reduce unnecessary travel to the clinics.
In addition, during the COVID-19 pandemic, patients with SSc
were considered more vulnerable to infection due to
immunosuppressive treatment that dampens the immune system
[36]. Therefore, patients with autoimmune diseases were
recommended to avoid crowds and unnecessary travel or
hospital visits [36]. In such a context, telemedicine consultations
could serve as a valid tool for enhancing disease management
without additionally endangering the patients. No less important,
the transmission of wound images with the mHealth tool could
enable clinicians or decision support algorithms to detect
abnormal wound conditions, such as new or worsening ulcers,
earlier [37], leading to more timely referral and earlier treatment.

The technical features of the mHealth tool could also be
improved in further design iterations. Currently, the
image-taking process was based on the standard camera sensor
of the smartphone, which produced 2D RGB images that can
be used for documenting the wound and assessing basic wound
characteristics such as area and color. More advanced measuring
approaches could involve the recording of 3D wound images
for wound depth assessment [34] or using additional sensor
modalities, such as a thermal or infrared sensor to visualize the
perfusion changes in and around a wound [35]. Such modalities
would be even more difficult to subjectively assess for quality
by a lay user because they are less common and require more
advanced user interaction. Therefore, integrating automated
quality mechanisms would be of utmost importance also in these
approaches. However, different objective metrics will need to
be developed.

There is a great need for mobile solutions to support
self-documentation of chronic wounds, as well as to enable
clinical-grade wound image acquisition at the patient’s home.
We developed an mHealth tool that provides such health services
and enables telemedical support for patients with SSc and DUs.
We demonstrated that it is feasible to deploy such an app in this
patient group and high-quality wound images can be consistently
acquired. System usability had positive ratings, with room for
improvement to address the disease-specific needs of patients.
Introducing a feedback mechanism identifying image quality
deficiencies and encouraging repetition of the imaging process
improved overall image quality when compared to a solution
without such a feedback mechanism. The mHealth tool can be
further investigated to evaluate the clinical efficacy and
effectiveness and establish whether patient outcomes could be
improved with this sensor-based telemedicine intervention.

Conclusions
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Abstract
Background: Smartphone mobile apps are frequently used in standalone or multimodal smoking cessation interventions.
However, factors that impede or improve app usage are poorly understood.
Objective: This study used the supportive accountability model to investigate factors that influence app usage in the context of
a trial designed to reduce maternal smoking in low-income and predominantly minority communities.
Methods: We conducted a secondary analysis of data (N=181) from a randomized controlled trial that included a smoking
cessation app (QuitPal-m). Supportive accountability was measured by the number of times a participant was advised by their
cessation counselor to use QuitPal-m. Participants reported app use helpfulness and barriers. Investigators tracked reported phone
and technical problems that impeded app use.
Results: Most participants rated the app as very helpful (103/155, 66.5%), but daily use declined rapidly over time. App use
was positively related to the level of perceived app helpfulness (P=.02) and education (P=.002) and inversely related to perceived
barriers (P=.003), phone technical problems (P<.001), and cigarettes smoked per day at the end of treatment (P<.001). Participants
used the app a greater proportion of the days following app advice than those preceding app advice (0.45 versus 0.34; P<.001).
The positive relation between counselor app advice and app usage 24 hours after receiving advice was stronger among smokers
with no plan to quit than in those planning to quit (P=.03), independent of education and phone or app problems.
Conclusions: Findings show the utility of supportive accountability for increasing smoking cessation app use in a predominantly
low-income, minority population, particularly if quit motivation is low. Results also highlight the importance of addressing
personal and phone/technical barriers in addition to adding supportive accountability.
Trial Registration: ClinicalTrials.gov NCT02602288; https://clinicaltrials.gov/ct2/show/NCT02602288
(JMIR Mhealth Uhealth 2021;9(7):e28175) doi:10.2196/28175
KEYWORDS
tobacco cessation; smoking; mHealth; mobile apps; smartphone; mobile phone; adherence; engagement; minority health

Introduction
Mobile apps can offer convenient, low-cost, and on-demand
support and intervention for smoking cessation. According to
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estimates, approximately 63%-76% of smokers own a
smartphone [1,2], and hundreds of thousands of smokers
download cessation apps monthly [3]. Mobile apps could serve
as a standalone intervention or an adjunct to other behavioral
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interventions, such as telephone quitlines. Unfortunately, users’
low engagement with smoking cessation apps makes it difficult
to evaluate their effectiveness [4]. In general, app abandonment
is problematic: approximately one-fifth of apps are abandoned
after one use [5] and over half within a month [6]. Presumably,
greater utilization of cessation apps would increase their
effectiveness. One study showed that fully adherent users of
smoking cessation apps were more than four times as likely to
abstain as nonadherent users, but only 24% were fully adherent
[7]. This study aims to identify factors that increase smoking
cessation app use to inform theory and future interventions.
The investigation was guided by the supportive accountability
model, which maintains that adherence to eHealth interventions,
including mobile health apps, can be increased through
accountability to a supportive, trustworthy person with relevant
expertise, such as a health coach or medical provider [8]. The
model aligns with prior health behavior research and theory on
treatment adherence. For example, social support from
interventionists is positively related to treatment adherence
across various medical treatments and health-related behaviors
[9]. In one smoking cessation treatment study, social support
was associated with higher nicotine patch adherence [10].
Clinical practice guidelines also underscore the importance of
intratreatment support in professionally delivered cessation
interventions [11]. The quality of support is important.
Accountability born out of a drive to please a respected coach
or health care provider is likely to be more effective than
accountability born out of duress (eg, shame, fear, perceived
penalties) [12].
Drawing upon self-determination theory [13], the supportive
accountability model predicts that motivation to change a
behavior can moderate the effect of supportive accountability
on health behavior change [8]. Specifically, the more
intrinsically motivated a person is to change a behavior, the less
social support (ie, extrinsic motivation) they may require.
Intrinsic motivation, which is reflected in behavior change
intentions [14], has been linked to behavior change efforts and
success. For example, higher intention to quit smoking has been
linked positively to smoking abstinence [15], quit attempts, and
use of electronic nicotine devices to reduce smoking [16].
Another corollary based on self-determination theory is that
supportive accountability will become less necessary as
individuals progress from being extrinsically motivated to being
internally motivated to reach their goals [8]. Indeed, under these
latter conditions, ongoing supportive messaging could be
construed as controlling or signal that the support provider
doubts the support recipient’s ability.
This observational study investigates the relations between
supportive accountability, motivation, and smoking cessation
app use in the context of a clinical trial aimed to promote
smoking cessation among low-income maternal smokers. The
trial, Babies Living Safe and Smokefree (BLiSS) [17], targeted
mothers who smoke and live in predominantly low-income and
minority neighborhoods in a major US city. This population
was targeted because children in these communities have an
excess burden of environmental tobacco smoke exposure (TSE)
[18]. We were especially interested in evaluating the uptake
and usage of a mobile smoking cessation app in this population
https://mhealth.jmir.org/2021/7/e28175

XSL• FO
RenderX

Lepore et al
because compared to non-Hispanic White smokers,
non-Hispanic Black and Hispanic smokers are less likely to use
tobacco-cessation aids during a quit attempt [19]. Identifying
correlates of app utilization in this high-risk population could
inform future smoking cessation interventions that incorporate
mobile apps. Further, this analysis provides a theoretical test of
the supportive accountability model in an understudied
population.
We tested two hypotheses based on the supportive accountability
model:
1.

2.

A higher percentage of smokers will use a cessation app
on their phone in the 24 hours after receiving prompts about
app usage from a cessation counselor (ie, supportive
accountability) than in the 24 hours preceding such prompts.
The relation between prompting and app usage will be
stronger among participants not planning to quit in the next
three months than among participants planning to quit in
the next three months (ie, motivation as a moderator).

We also explored correlates and potential barriers to app usage.
As the target population is low income, we anticipated some
potential technical and phone-related barriers (eg, service
disruptions due to late payments, phone sharing) as well as
practical barriers (eg, no time, lack of interest). Finally, we
explored whether app usage correlated with amount of smoking
at end of treatment.

Methods
Study Overview
This investigation used secondary data collected as part of the
BLiSS trial [17]. BLiSS used a randomized two-group design
with three measurement points: baseline, 3-month follow-up,
and 12-month follow-up. Outcomes include bioverified child
TSE and bioverified maternal quit status. Maternal smokers
with children <6 years old were recruited from
government-subsidized clinics that deliver the Special
Supplemental Nutrition Program for Women, Infants, and
Children (WIC). All study participants received a WIC
system-level intervention based on the Ask, Advise, Refer
(AAR) clinical best practice guidelines established by the
American Academy of Pediatrics [20]. WIC nutrition counselors
delivered AAR. After a WIC referral, the trial's project manager
randomized eligible and consented mothers to either a 3-month
multimodal behavioral intervention (AAR + MBI) targeting
parental smoking, or a 3-month attention control intervention
(AAR + Control) targeting family nutrition. The appropriate
Institutional Review Board approved all study procedures, and
all participants provided informed consent to participate. This
observational study is limited to the participants in the AAR +
MBI arm of the BLiSS trial and app usage patterns and
correlates, not trial outcomes.

Participants
Trial eligibility criteria included the following: received WIC
clinic AAR intervention; English-speaking; at least 18 years
old; report smoking; own a smartphone; and report their child
aged <6 years is exposed to tobacco smoke. Exclusion criteria
included the following: currently pregnant; presenting issues
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e28175 | p.103
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
that could interfere with their ability to provide informed consent
or follow study procedures, such as psychosis, inadequate health
literacy, or non-nicotine drug dependence. All BLiSS
participants randomized to the AAR + MBI treatment arm
(N=199) were potentially eligible for inclusion in this
observation study. However, 18 participants were excluded
from all analyses, leaving a sample of 181. Reasons for
exclusion included technical problems downloading the mobile
app (n=6), issues with the back-end software that tracked
participants' app usage (n=6), and participant withdrawal from
the trial before receiving intervention or app advice (n=6).
Comparisons of excluded and nonexcluded participants revealed
no statistically significant differences in age, race, marital status,
employment status, education level, or phone operating system.

Procedures
After WIC staff referred mothers to the trial, trained research
assistants screened for eligibility, administered informed
consent, and collected baseline self-report data using
computer-assisted telephone interviews. Participants were then
randomized to either the AAR + MBI or AAR + Control
condition. The AAR + MBI intervention included messaging
about child TSE harms as well as support and guidance with
skills training and problem-solving delivered via multiple
channels: the project quitline, providing up to 5 telephone
counseling sessions over 3 months; cessation mobile app; print
materials for the participant and their family; intersession text
follow-up, reminders, and support, as well as educational video
clips that reinforced telephone session and written materials
content; and 8 weeks of nicotine replacement therapy and
instructional support.
After randomization, participants in the AAR + MBI condition
had an orientation home visit that provided a review of
intervention objectives, a binder of intervention print materials,
and an illustrated guide to using the mobile app. Research staff
also assisted participants in downloading the mobile app and
showed them a brief video tutorial on how to use the app.
Telephone counselors delivering the skills training and support
intervention received intensive training in tobacco treatment
enhanced with support, advice, and problem solving around
protecting children from tobacco smoke exposure and creating
a smoke-free home and car. Importantly, they were trained in
how to use a telephone counseling process that would promote
participants' mobile app usage to complement and extend
treatment beyond the phone sessions. For example, telephone
counseling included guidance on goal setting, building social
support, and improving skills (eg, self-monitoring) to reduce
child TSE, identify smoking triggers, and manage urges to
smoke. The mobile app has tools that support all these processes.
The BLiSS mobile app was a modified version of the National
Cancer Institute's QuitPal app [21]. The content and tools
provided by the QuitPal app are grounded in evidence-based
research and US clinical practice guidelines for treating tobacco
use and dependence, which makes it stand out among smoking
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cessation apps [3,22]. Originally designed as a standalone
intervention for iOS-based phones, the modified QuitPal app
(QuitPal-m) works on both iOS and Android platforms. Key
features are shown in Figure 1. QuitPal-m includes features that
promote goal setting (eg, quit date, financial goals), real-time
self-monitoring of number of cigarettes smoked and cigarettes
smoked with children in the same room, and monitoring of
mood and context associated with smoking episodes. The app
has algorithms that use tracking data and goals to send
personalized notifications with tips about smoking triggers and
managing cravings, as well as motivational reminders that
coincide with progress (eg, health milestones and money saved
by reducing or quitting smoking). Other features include goal
progress summary and connectivity to the BLiSS quitline and
to social media to alert friends of progress and build support
for quitting. A video recording tool from the original QuitPal
app was excluded from QuitPal-m to facilitate ease of use and
to emphasize content and processes covered in the telephone
counseling sessions.
An innovative feature of QuitPal-m is a web-linked portal that
connects telephone counselors to a dashboard that displays
participant app usage (Figure 1). Counselors were trained to
review dashboard data before counseling phone sessions to
guide their supportive feedback about app usage and the
behavior change progress during phone sessions. Counselors
aimed to drive participants' early adoption of tracking and
responding to app reminders. Counselors also could provide
positive reinforcement about tracking efforts and progress,
review behavioral patterns emerging over time, and offer to
troubleshoot challenges to app usage and behavior change efforts
with nonusers. For those participants who readily engaged with
the self-monitoring functions of the app, counselors could shift
their attention to suggesting how the app could be used to
address specific cessation challenges raised during counseling
calls. Typically, app advice was provided in each counseling
phone session, unless time was limited and other topics took
precedence based on a participant’s progress. For example, if
a participant missed a phone session, a counselor might have
to cover topics from two sessions and not have a chance to
address app usage. Counselors' session notes included a field
for recording if app usage was discussed as part of the
counseling session.
During the home visit orientation to the app, participants were
told that the smoking self-monitoring, or tracking, features were
the most important and should be used daily. Home visitors
demonstrated how to enter data into the app. Participants also
were informed about the counselor dashboard and how telephone
counselors would routinely monitor app entries to learn more
about participants' smoking habits and guide their advice about
the participants' behavior change efforts. Finally, they were told
that the counselor would remind them or initiate troubleshooting
when app use adherence was low. Thus, participants were aware
of the expectations, monitoring, and accountability related to
app usage from the beginning of the intervention.
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Figure 1. QuitPal-m app features and illustration of web-enabled counselor dashboard.

Measures
QuitPal-m App Adherence
Adherence is defined as the active use of the app as
recommended [23]. In this study, BLiSS AAR + MBI
participants were encouraged to use the app daily. Thus, the
primary outcome of interest was the number of days the app
was used (range 0 to 91). Each participant's phone was linked
to a back-end software program that recorded the days when
the app was launched, as well as specific features that were
accessed and any inputted data. To count as use, a participant
had to launch the app and use one of the eight features (eg, input
smoking data, view savings, request a tip).

Adherence to Usage Advice
Another important outcome to test the supportive accountability
model was the proportion of days that participants used the app
24 hours before and 24 hours after receiving advice from their
counselor to do so. This usage was calculated by dividing the
total number of days the app was used 24 hours after (or before)
advice was offered divided by the total number of days advice
was offered. For example, if a person received advice on three
days and used the app within 24 hours on each of those three
days, they would score 100 (3/3). If they only used the app
within 24 hours on two of the days, they would score 66 (2/3).
Thus, scores could range from 0 to 100.

App Helpfulness and Barriers to Use
Participants rated the app helpfulness on a 4-point scale (1=not
at all, 2=a little helpful, 3=somewhat helpful, 4=very helpful)
postintervention. They also reported (no/yes) whether they
experienced any of the following barriers to app usage during
the intervention: forgetting, lack of interest, lack of time, and
confusion/difficulty using the app. In addition, we tracked phone
and technical problems reported throughout the study that
interfered with app use (eg, phone not in service, app freezing).
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Motivation and Smoking Behavior
To assess participants' motivation/determination to quit smoking,
we included a baseline question about whether they planned to
quit smoking in the next 3 months (no/yes). We also included
a self-report measure of average cigarettes smoked per day in
the past week at the 3-month end-of-treatment period.

Results
The sample (N=181) was comprised of mothers who were
mostly single (113/181, 62.4%), Black (123/181, 68.0%), and
unemployed (105/181, 58.0%). The highest level of education
completed for the majority was high school or less (111/181,
61.3%). The most common phone operating system was Android
(144/181, 79.6%), followed by iOS (37/181, 20.4%). At
baseline, over three-fourths (138/181, 76.2%) of the participants
reported that they were planning to quit smoking in the next
three months.
On average, participants received advice to use the app 3 times
(median 3; mean 2.98, SD 1.58) over the course of the
intervention. A total of 10 of the 181 participants (5.5%)
received no advice: 9 because they could not be reached for
phone intervention sessions and 1 because the interventionist
did not have an opportunity to bring it up during the single
phone session the participant completed. Patterns of app usage
are shown in Table 1. The most frequently used feature was the
tracking of cigarettes smoked, with all other features used rarely.
As shown in Figure 2, app usage was greatest during the first
week of treatment and declined rapidly over time. On average,
participants used the app on 16 days over the entire intervention
period, and fewer than 50% (80/181) used the app after week
4. No participants used the app daily, as recommended, although
one person used the app 87/91 days.
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Table 1. Patterns of app usage (N=181).
Variable

Mean (SD)

Range

Days app used (out of 91)

16.48 (17.52)

0-87

Times tracking feature used

63.64 (81.68)

0-443

Times savings feature used

1.72 (3.09)

0-26

Times graph feature used

1.36 (2.43)

0-16

Times tips feature used

0.92 (1.85)

0-16

Times summary feature used

1.23 (2.46)

0-15

Times friend alert feature used

0.87 (1.69)

0-14

Times my health feature used

1.48 (2.17)

0-12

Times quitline phone number used

0.39 (0.87)

0-14

Figure 2. Percent of participants using QuitPal-m app by intervention week (N=181).

Examining the relation of days of app usage to
sociodemographic factors revealed a single significant
association, with education: participants used the app on
significantly more days if they had more than a high school
education (mean 21.49, SD 21.37) than if their highest education
was high school or less (mean 13.32, SD 13.77; t179=3.13,
P=.002). Frequency of app usage was unrelated to participants'
age, number of years smoking, level of dependence on
cigarettes, marital/partnered status, and employment status.
Consistent with the study’s premise that greater adherence to
app use can improve outcomes, more days of app use was
negatively correlated with number of cigarettes smoked per day
at the end of treatment (r=–.25, P<.001).
Of the 155 participants who completed the postintervention
survey, most rated the app as very helpful (103/155, 66.5%) or
somewhat helpful (26/155, 16.8%), a minority (23/155, 14.8%)
rated it as not at all/a little helpful, and a few did not answer
(3/155, 2%). Participants who rated the app as very helpful
tended to open the app on significantly more days (mean 20.56,
SD 19.44) than their counterparts who rated it less helpful (mean
13.56, SD 13.26; t153=2.34, P=.02). A large minority (71/171,
41.5%) reported experiencing barriers to app usage during the
intervention. Ordered from most to least common, barriers
included the following: forgetfulness (28/171, 16.4%), lack of
https://mhealth.jmir.org/2021/7/e28175
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time (28/171, 16.4%), lack of interest (26/171, 15.2%), and
confusing/difficult to use (26/171, 2.3%). Participants who
reported any barrier during the intervention opened the app on
significantly fewer days (mean 12.51, SD 14.08) than their
counterparts who reported no barriers (mean 20.58, SD 19.29;
t169=3.00, P=.003).
A sizeable proportion (68/181, 37.6%) of the participants
reported phone and other technical problems that occasionally
interfered with using the app at some time during the
intervention. This is in addition to the 12 who were excluded
from the study due to app download and back-end issues from
the start. The most frequently reported problem was intermittent
service disruptions due to running out of minutes or being unable
to pay bills on time (33/181, 18.2%), followed by deleting the
app due to software problems (eg, app freezing) or insufficient
memory for the app (23/181, 12.7%), followed by getting a new
phone and having difficulty downloading the app again (12/181,
6.6%). Certain problems, such as phone service disruption,
affect some app features and functions, such as communication
between the app and the counselor dashboard, but not other
features, such as tracking, savings, and tips. Participants who
experienced phone/technical problems used the app on
significantly fewer days (mean 11.40, SD 13.04) than their
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counterparts who did not experience these problems (mean
21.49, SD 19.86; t179=4.04, P<.001).
Finally, we analyzed patterns of usage following advice from
the counselor and whether motivation/determination to quit
moderated the effects of counselor advice on app usage. These
analyses excluded the 10 participants who received no advice.
Paired t tests showed that, on average, participants used the app
a greater proportion of the days following app advice (mean
0.45, SD .37) than days preceding app advice (mean 0.34, SD
.35; t170=4.35, P<.001). To investigate if supportive
accountability increased app usage, particularly among those
who were not planning to quit (low motivation), we used
multiple regression. The outcome was proportion of days using
the app within 24 hours after receiving counselor advice. The
predictors included total number of times advice was given,
plan to quit in next three months (yes/no), and the interaction

Lepore et al
between amount of advice and plan to quit. Variables were
centered around zero prior to creating the cross-products for the
interaction term. Other covariates included factors known to
predict the number of days participants used the app: education,
app ever unavailable due to phone/technical problems, and
perceived barriers to app usage.
As shown in Table 2, there was a significant main effect of
advice, no main effect of planning to quit, and a significant
advice × planning to quit interaction on likelihood of app usage
within 24 hours after receiving advice. Figure 3 plots the
interaction. Simple effects reveal that counselor advice was
positively and significantly related to more app usage among
those participants who were not planning to quit at the beginning
of the study (ie, they were least motivated to change behavior).
The simple slope relating advice to app usage was positive but
not statistically significant among those who were planning to
quit at the beginning of the study.

Table 2. Regression models predicting proportion of days app was used within 24 hours after receiving app advice from a counselor (N=171).

a

Predictor

B (SE)

T value

P value

Constant

.56 (.05)

12.10

<.001

Highest education levela

.06 (.05)

1.12

.27

App ever unavailable due to phone/technical problemsb

–.16 (.06)

–2.82

.005

Reported any barriers to app useb

–.16 (.05)

–3.00

.003

Total counselor advice to use app

.05 (.02)

3.28

.001

Plan to quit in next 3 monthsb

.05 (.06)

.79

.43

Total advice × plan to quit

–.08 (.04)

–2.25

.03

0=high school or less, 1=more than high school.

b

0=no, 1=yes.

Figure 3. Relation between counselor app advice and proportion of days app was used within 24 hours after advice as a function of motivation to quit
smoking (N=171).
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Discussion
Principal Results
Overall adherence to daily app use goals was low and declined
steadily over the course of the intervention. Consistent with the
supportive accountability model [8], counselor monitoring and
supportive advice about app usage was positively associated
with app usage. Also consistent with the model, accountability
to a counselor appeared to increase app engagement more among
smokers who were not planning to quit than among their
counterparts who were already planning to quit. Thus, adding
supportive accountability to tobacco cessation interventions
that deploy mobile apps can improve adherence, which we
hypothesize would enhance intervention effectiveness in
research or practice contexts. The observed negative correlation
between days of app use and cigarettes smoked per day at the
end of treatment is consistent with this expectation. Personal
and nuisance factors also were linked to lower app use, including
lower educational achievement, perceived barriers (eg,
forgetfulness, no time or interest), and phone/technical problems.
Altogether, these findings suggest that accountability to a
trusted, supportive expert can increase adherence to mobile app
treatment elements, but other factors also play a role.
The current findings suggest that supportive accountability is
a promising method to improve adherence to mobile app use,
especially among users with low levels of motivation to change.
The interaction between accountability and motivation suggests
that increased motivation is a primary mechanism of supportive
accountability in app adherence. Intervention models, such as
BLiSS, that incorporate mobile apps and interaction with
counselors can build accountability directly into the counseling
protocol. Folding in supportive accountability processes and
messaging into treatment-goal setting and skills-training
elements of behavioral interventions can maximize the chance
that participants benefit as much as possible from app
engagement. For example, getting participants to engage in
self-monitoring/tracking as “homework” and taking stock of
their smoking patterns, including triggers and consequences of
smoking that sustain the behavior, may boost intervention
efficacy. Emphasizing accountability messaging with
nonadherent users could have the twin virtues of supporting
users with the greatest need and of not alienating users who are
already highly engaged.
A final noteworthy finding was the relatively high participant
ratings of the helpfulness of the app. Further, the more satisfied
participants were with the app, the more they tended to use it.
Thus, increasing user satisfaction could help to promote more
engagement. These findings appear to conflict with the overall
low engagement and rapid drop-off in app use during the
intervention. It is possible that participants were able to extract
the primary value from the app in less time than we originally
predicted. In retrospect, we realize that it would not take more
than a week or two of tracking for users and counselors to
recognize smoking behavior patterns and, on that basis, make
smoking avoidance/cessation strategies. In addition, after several
days of using the tracking feature, the app generates automated
notifications about health improvements and personalized tips
https://mhealth.jmir.org/2021/7/e28175
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for avoiding smoking without the user having to launch the app
daily and manually input data. Apps that use other strategies to
address smoking, such as stress management, may be helpful
over longer periods of time when relapse prevention is
important. However, for initial quit attempts, when it is
important to identify and address factors that trigger and sustain
smoking, an app with a more circumscribed time of use may
be sufficient.
An interesting question for future research is whether the
medium and source of supportive accountability influences
adherence levels. For example, is an SMS text message from a
counselor as effective as direct contact and collaborative
problem solving that can occur during a live counseling session?
Is a supportive accountability approach as effective at improving
app adherence when it is automated or delivered by an embodied
conversational agent (eg, a computer-generated avatar of a
counselor) versus a live human? Unlike common reminder
software, embodied agents can be verbally expressive and mimic
human gestures, which could elicit social responses from people
that parallel human-human social interaction. If effective, such
an approach would reduce some of the burden on the
interventionist.
A related question is how much encouragement or nudging from
a coach is beneficial for promoting app usage? The supportive
accountability model suggests that once an individual has
internal motivation to change a behavior, ongoing accounting
may backfire, or at least show diminished returns. In this study,
the amount of direct advice from the health counselor was
deliberately modest and it was front-loaded to the early weeks
of the intervention. However, as we did not experimentally
manipulate frequency and intensity of supportive
accountability-driven app advice and feedback, it raises the
question of whether more advice might have resulted in greater
adherence.
In thinking broadly about the challenges of app engagement, it
is important to consider the social and economic contexts that
influence user engagement. In this study, participants were
drawn from predominantly minority and low-income
communities. As reflected in some of the observed barriers (eg,
phone service disruptions, phone sharing, time constraints),
participants' life circumstances would have undermined
adherence even among those motivated and otherwise engaged
in the overarching multimodal intervention. Linking the
QuitPal-m app to wearable smoking sensors [24] might
overcome some contextual factors (eg, time constraints) that
disrupt app usage and reduce the burden of tracking smoking.
The introduction and eventual widespread availability of 5G
will potentially overcome other barriers, such as app
connectivity problems. Another noted barrier was lack of
interest, which might be improved by amplifying some of the
game-like elements of QuitPal-m, such as social connectivity,
financial savings graphs, and praise for achieving goals [25].

Limitations
This study has some noteworthy limitations. The primary one
is the lack of experimental data. Instead of manipulating levels
of supportive accountability, we measured it and observed how
it related to app use behaviors. This correlational design is
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subject to internal validity threats, including the possibility that
something other than accountability increased participants' app
use after receiving counselor advice. For example, maybe the
call itself served as a reminder and did not require the counselor
to specifically discuss the app. Future research will need to add
randomization and control conditions to rule out alternative
explanations of findings. Another limitation is that participants
used their own cell phones and service plans. This introduced
extraneous factors that interfered with app use independent of
users' intentions/desires to use the app. A controlled study would
be able to isolate the effects of supportive accountability by
providing a device and service, ensuring equitable access for
all participants.

Lepore et al

Conclusions
The findings show the potential utility of supportive
accountability for increasing use of a smoking cessation app in
a low-income, predominantly minority population. Consistent
with the model advanced by Mohr and colleagues [8], supportive
accountability-driven app advice was most helpful for smokers
with low motivation to change their smoking behavior. This
finding suggests that it might be possible to target messaging
based on individuals' stage of change, or progress in treatment
(eg, preparing to quit, initial quit phase, or efforts to maintain
longer-term abstinence). Finally, we found that participants'
social and economic life contexts influenced app use. Addressing
these factors, including time constraints, interest level, and
access to affordable high-quality phones/devices and service
will also help improve app use.
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Abstract
Background: Resilience is the capability, resources, and processes that are available to a person or system to adapt successfully
in the face of stress or adversity. Given that resilience can be enhanced, using advances in technology to deliver and evaluate the
impact of resilience interventions is warranted. Evidence supports the effectiveness of the resilience-building JoyPop app in
improving resilience-related outcomes after use; however, experiential data from users is also needed to provide a more
comprehensive account of its utility.
Objective: The aim of this study was to explore users’ experiences with the JoyPop app and their perspectives on its utility.
Methods: This qualitative description study involved a combination of group and one-on-one semistructured interviews with
a subset of first-year undergraduate students who participated in a larger evaluation of the JoyPop app. Participants used the app
for a 4-week period and were subsequently asked about their frequency of app use, most and least used features (and associated
reasons), most and least helpful features (and associated reasons), barriers to use, facilitators of use and continuation, and
recommendations for improvement. Data were coded and categorized through inductive content analysis.
Results: The sample of 30 participants included 24 females and 6 males, with a mean age of 18.77 years (SD 2.30). App use
ranged from 1 to 5 times daily (mean 2.11, SD 0.74), with the majority indicating that they used the app at least twice daily. The
Rate My Mood, Journal, and SquareMoves features were reported to be used most often, while the Rate My Mood, Journal, and
Breathing Exercises features were identified as the most helpful. A number of themes and subthemes pertaining to facilitators of
app use (prompts, creating routine, self-monitoring opportunities, expressive opportunities), barriers to app use (editing, lack of
variety, student lifestyle), outcomes of app use (increased awareness, checking in with oneself, helpful distraction, emotional
control), and recommendations for app improvement (adding more features, enhancing existing features, enhancing tracking
abilities, providing personalization) were identified.
Conclusions: This study provides insight into the aspects of the JoyPop app that motivated and benefitted users, as well as
measures that can be taken to improve user experiences and promote longer-term uptake. Users were willing to engage with the
app and incorporate it into their routine, and they valued the ability to self-monitor, express emotion, and engage in distraction.
(JMIR Mhealth Uhealth 2021;9(7):e28677) doi:10.2196/28677
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resilience; smartphone; app; innovation; qualitative; perspective; mHealth; emotion; mental health
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Introduction
Background
Resilience is the multifaceted capability of an organism or
system to adapt to challenging circumstances [1,2]. As adaptive
creatures, humans must continually cope with stressors as they
arise and find ways to flourish despite setbacks. A large part of
this ability to cope and adapt involves the use of foundational
skills that underlie resilience, including self-regulation processes
such as emotion regulation [3-7].
Because resilience is developed and shaped over time, the
argument follows that resilience can be promoted [8]. It is
beneficial to assist individuals during moderately stressful
experiences by providing them with self-regulatory skills (eg,
emotion regulation) when they need them so that these skills
might be added to their coping repertoire over time and become
habitual resilient responses in times of stress [8]. The objective
of this study was to explore user experiences with a
resilience-building intervention (the JoyPop app [9,10]) and
their perspectives on its utility.

Building Resilience
Mobile health (mHealth) app use has greatly expanded in recent
years, with the benefit of reaching a wider population than
traditional health interventions [11] and providing greater ease
of access [12,13]. Recent evidence has demonstrated that
mHealth interventions, including apps, are feasible and effective
methods of increasing symptom reporting and improving
medication and treatment adherence and health knowledge in
those with chronic health conditions [14-16]. Evidence to date
has also supported an mHealth approach for many different
mental health–related targets, such as mood disorders, stress,
and substance use [17,18], with emerging support for mHealth
approaches to resilience [9]. Focusing on building resilience
through mHealth approaches is in line with the recent
recommendations that mental health-related apps be geared
toward general well-being and fostering self-regulatory skills
(eg, emotion regulation) as opposed to focused on addressing
specific mental health disorders [19].

Evaluating mHealth Apps
Although there is promise in promoting resilience with apps,
evaluating an app’s utility requires a multimethod approach that
includes a quantitative examination of changes seen in target
outcomes following app use, along with qualitative data
exploring users’ perspectives on the app and its utility. Although
establishing the effectiveness of an app via quantitative data is
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important and often lacking [20], doing so does not ensure that
an app will be used or accepted by the target audience [21].
Interestingly, the alignment of an app with evidence-based
interventions is often unrelated to its popularity [22], and some
of the more popular apps contain little evidence-based content
[23]. Obtaining user perspectives can provide insight into
patterns of use and continuation over time [18,24-26].
User acceptance and uptake of an app have often been measured
through proxy metrics, such as utilization data and download
rates; however, qualitative data can better reveal the features
and functions that draw users in and keep them engaged [27,28].
This is made especially clear by the evident eagerness of app
users to communicate their desires and preferences. For
example, app reviews posted to popular web-based stores (eg,
Google Play Store, Apple App Store) often contain requests for
certain features and design changes [25,27]. Obtaining user
input throughout the design and evolution process helps to
ensure that the needs of the target audience are met and would
likely increase the possibility of uptake [25,27]. Gleaning
perspectives from users is also in line with a proposed Canadian
assessment framework for e–mental health apps, which indicates
that apps should be user-centered and user-desirable such that
they reflect the needs and expectations of potential users [29].

Evaluation of the JoyPop App
The resilience-building JoyPop app (see Figure 1) targets
self-regulation through features that promote self-reflection and
self-awareness [10]. As documented by MacIsaac et al [9], the
JoyPop app was developed to focus on daily self-regulation
through evidence-based techniques. Rate My Mood is a
self-monitoring feature meant to increase insight and regulation
of emotions [30,31]. The Breathing Exercises are intended to
decrease arousal in support of increased self-regulation [32].
The Journal feature encourages self-reflection and includes a
positive focus that is supported by research [33,34].
SquareMoves is a Tetris-like game that is included for its ability
to induce a “flow”-like state in which the user is completely
involved in the activity, thereby providing a positive distraction
and decreased negative self-focus [35]. The Art feature allows
users to express their creativity through doodling, which can
be used as a nonverbal emotional outlet [36]. Social connection
to one’s support network is provided with the Circle of Trust
feature, which allows users to input contact information and
quickly reach out to their supports when help or connection is
needed. Direct access to established helplines is also provided
through the app; this function has been identified as important
to mHealth app users [19,25,27,37].
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Figure 1. Features of the JoyPop app. LGBTQ: lesbian, gay, bisexual, transgender, queer.

The JoyPop app was designed with youth, who have
demonstrated a willingness to use mHealth apps [28,38], as a
target audience. Research conducted by a federally funded
Canadian team examining pathways to resilience for youth who
had experienced adversity informed early decisions on feature
inclusion [39-43]. In addition, consultation with youth, service
providers, and clinician-scientists informed initial discussions
with app developers at Clearbridge Mobile (Wekerle and Smith
2021, unpublished data). Once an initial version of the app was
developed, youth involved with child welfare and victim services
as well as providers who worked with youth provided input that
https://mhealth.jmir.org/2021/7/e28677
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was used to revise the features and design. Additional
information on JoyPop is available on the web [10].
Research to date suggests that the JoyPop app contributes to
positive changes in outcomes related to resilience among youth.
In a sample of undergraduate students making the transition to
university who were asked to use the app for 4 weeks,
improvements in emotion regulation and depression symptoms
were evidenced with each additional day a participant used the
app [9]. Further, improvements in emotion regulation were
especially evident for individuals who had experienced a greater
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degree of adversity during childhood. While the transition to
university is associated with new and exciting opportunities, it
is also marked by stress and an increased prevalence of mental
health difficulties [44,45], making it an important time to support
resilience and adaptive coping skills.
Gathering qualitative evidence on users’ experiences with the
app and perspectives of its utility is important for a
comprehensive evaluation. For instance, because the JoyPop
app contains numerous features that might differentially
contribute to changes in outcomes, a qualitative assessment
could elucidate which features and functions participants felt
were most used and most helpful. Moreover, with the goal of
promoting autonomous use of the app outside of a research
context, a qualitative assessment would help gather feedback
on factors facilitating continued long-term use.

Objective
The objective of this study was to describe users’ experiences
with the JoyPop app and their perspectives on its utility. A priori
hypotheses were not specified due to the nature of the qualitative
research design.

Methods
Design
This study was part of the larger program of research examining
the outcomes associated with using the JoyPop app [9].
Qualitative description, a naturalistic inquiry approach, was
used as an overarching framework, as this method is most
appropriate when a straightforward description of a phenomenon
is sought [46,47]. Ethical approval was received from Lakehead
University’s Research Ethics Board prior to commencing the
study.

Participants
Undergraduate students who were enrolled in their first year at
a mid-size Canadian university (ie, Lakehead University), were
fluent in English, and had an iPhone were eligible for the larger
study. As documented elsewhere [9], participants attended 3
group laboratory sessions: pre-app, mid-app (after 2 weeks of
app use), and post-app (after 4 weeks of app use). During these
sessions, participants received information about the JoyPop
app, were provided with support in accessing the app, and
completed self-report measures assessing quantitative outcomes.
Participants were asked to use the JoyPop app at least twice per
day over the 4-week study period; no additional requirements
were made with respect to feature use or time spent using the
app. Each morning and evening (ie, twice per day), participants
were sent reminder emails to use the app.
Prior to their post-app session, participants were presented with
the option of sharing their experiences using the app and
perspectives on its utility by participating in this qualitative
description study. Those who expressed interest were invited
to participate and received CAD $10 (US $8.13) upon
completion.
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Data Collection
Data were collected from February to March 2019 through a
combination of group and one-on-one semistructured interviews
immediately following participants’ completion of their
self-report measures during the post-app laboratory session.
Because the nature of each laboratory session was group based,
this same format was selected for the interviews in an effort to
maximize involvement while minimizing scheduling challenges
and participant burden. This structure also enabled questions
to be asked systematically in a direct manner by the interviewer
to each participant on an individual level (in contrast with a
focus group, where participants interact more with one another)
[48-50]. One-on-one interviews were conducted when only 1
participant among those attending the post-app session expressed
interest in participating or when a participant wished to
participate but had a scheduling conflict with the group-based
session. All interviews were conducted in a private board room
on the Lakehead University campus.
The interview guide (see Multimedia Appendix 1), created for
the purposes of the study, asked participants about their
frequency of app use, most and least used features (and
associated reasons), most and least helpful features (and
associated reasons), barriers to use, facilitators of initial and
continued use, and recommendations for improvement. The
same interview guide was used during all group and one-on-one
interviews. Interviewers (AM and SM) were enrolled in a
master’s degree program in clinical psychology at Lakehead
University with training and supervision related to interviewing
and qualitative data collection. Interviewers were supervised
by ARM, who is a Registered Clinical Psychologist with
extensive training in interviewing and experience conducting
qualitative research. Interviewers expanded beyond the interview
guide (ie, probes and prompts) throughout each interview to
promote elaboration on given responses. To ensure that input
was received from all participants, interviewers sought to
encourage responses through direct questioning, provision of
elongated pauses, and reflective listening [46]. Each interview
was audio recorded and transcribed verbatim.

Data Analysis
All transcripts were deidentified and analyzed by ESP and KW
independently. The data analysts first read and reread the
transcripts to become familiar with the data. Inductive content
analysis, whereby themes are not predetermined but emerge
organically, was then used to code and categorize the text [51].
This involved the application of open coding (ie, writing detailed
notes, headings, keywords, and commonly used phrases while
reading). A list of reoccurring categories was then created and
grouped into higher-order themes [46,51]. Following
independent analysis, the data analysts met on multiple
occasions and used an iterative, constant comparative method
to discuss their findings and agree upon the organizing thematic
framework. When differing interpretations occurred, the
researchers continued discussions until consensus was reached
[52]. Following this manual analysis phase, the transcripts were
imported into NVivo Software 12 (QSR International) to verify
the consistency and hierarchy of the resultant themes. Finally,
the thematic framework was reviewed and discussed by all
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members of the researcher team to ensure consensus and that
interpretations aligned with participants’ meanings and
experiences [46,53]. Frequencies were applied to provide an
account of overall app and specific feature use.
To enhance the trustworthiness of the data and limit researcher
biases [46,54,55], several strategies were integrated into the
data collection and analysis phases. For example, to promote
credibility, member checking was done between questions to
ensure the interviewers understood participant responses
correctly [53]. The researchers also kept detailed notes
throughout the duration of the study in the form of an audit trail
to enable a transparent account of the data analysis process [46].
In addition, to enhance the dependability of the data and endorse
neutrality, the analysis was conducted by two independent
researchers (ESP, KW) who were trained in qualitative
methodologies but removed from the conceptualization and
data collection phases of the study.

were pursuing degrees within the area of health and behavioral
sciences (eg, kinesiology, psychology, nursing), while 5/30
(17%) were undeclared/undecided. The remaining participants
were pursuing degrees in science and environmental studies
(7/30, 23%; eg, biology, geography), business administration
(2/30, 7%; eg, business), or social sciences and humanities (2/30,
7%; eg, social work, political science). We conducted 8
group-based (3 with n=2; 4 with n=3; 1 with n=5) and 7
one-on-one interviews. On average, the group interviews were
16.19 minutes long, and the one-on-one interviews were 8.79
minutes long.

Overall Use

Results

At the outset of each interview, participants were asked how
often they used the JoyPop app over the preceding 4 weeks.
Use ranged from 1 to 5 times daily (mean 2.11, SD 0.74), with
the majority indicating that they used the app at least twice
daily. Some participants specifically reported that they used it
first thing in the morning and again in the evening before going
to sleep.

Participant Demographics

Feature Use and Perceived Helpfulness

A sample of 30 first-year undergraduate students was enrolled
in the study. Participants were predominantly female (24/30,
80%) and 18.77 years old on average (SD 2.30). Their ages
ranged from 16-29 years, with the majority of the sample being
aged 19 years or younger (28/30, 93%). Most participants
self-identified as White (21/30, 70%), Asian (6/30, 20%), or
Black (2/30, 7%). Close to half (14/30, 47%) of the participants

A summary of the use of specific features and their perceived
helpfulness is presented in Table 1. Most participants indicated
that the Rate My Mood, Journal, or SquareMoves features were
used most often. Most participants identified either the Rate
My Mood, Journal, or Breathing Exercises as most helpful. The
Art feature was rated as the least used and reported most often
as being the least helpful.

Table 1. Feature use and helpfulness (N=30).
Feature

a

Value, n (%)a
Most used

Least used

Most helpful

Least helpful

Rate My Mood

16 (53)

0 (0)

8 (27)

3 (10)

Journal

15 (50)

8 (27)

8 (27)

5 (17)

SquareMoves

16 (53)

5 (17)

3 (10)

3 (10)

Breathing Exercises

9 (30)

5 (17)

10 (33)

1 (3)

Art

2 (7)

13 (43)

0 (0)

8 (27)

Helplines

0 (0)

1 (3)

0 (0)

2 (7)

Circle of Trust

0 (0)

12 (40)

0 (0)

4 (13)

Some participants identified >1 feature when asked about the most/least used and most/least helpful features.

User Perspectives
In addition to summarizing the reported use and helpfulness,
analyses of the transcripts revealed a number of themes and
subthemes pertaining to facilitators of app use, barriers to app
use, outcomes of app use, and recommendations for app
improvement. Each theme and its associated subthemes are
described below along with illustrative quotes.

Facilitators of App Use
Participants described several positive attributes of the JoyPop
app that facilitated their enjoyment and/or continued use. The
most commonly discussed attributes included prompts; creating
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routine; self-monitoring
opportunities.

opportunities;

and

expressive

Prompts
Many participants noted their appreciation for the two types of
prompts associated with the study design or app itself.
Specifically, receiving email reminders to use the app and the
prompts built into the Journal feature (ie, meant to provide
suggestions for topics to write about) were identified as helpful.
I like to write and like, get my expressions out. But
sometimes I like, struggle to start. So, having the
prompts was nice... [Participant 4]
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At first, I felt like I didn’t really need the app…when
I got the reminder and I kept on using it, I felt like it
was actually really helpful. [Participant 27]

Creating Routine
Participants discussed how over time, they developed a routine
with using the JoyPop app. Many shared how they used it in
the morning to start their day and in the evening to “decompress”
and process the day’s events. Several participants also noted
that the more they used the app, the easier and more enjoyable
it became.
At first, it was just like “Oh, I have to use the app.”
… And after a while, I just found myself just kind of
using it on my own, not really thinking about having
to do it, but wanting to do it. [Participant 8]
Yeah it definitely got better with time. And like,
incorporating the breathing exercises into like, your
everyday routine. I found it really helpful. [Participant
10]

Self-Monitoring Opportunities
Many participants commented about appreciating the ability to
look back at their calendar and journal entries over time, which
enabled them to review and reflect on previous feelings and
circumstances. This act of self-monitoring was deemed to be
helpful in gaining perspective on one’s feelings and current
state and also facilitated continued use of the JoyPop app. Some
participants also reported using various app features in tandem,
such as journaling following their mood rating, which likely
contributed to ongoing self-monitoring.
Look[ing] back, even if I was like, having a bad day
I’d be like, “Oh, I was really happy on this day.” And
if like, I’m feeling bad one day I could look back and
see like, “Oh, this week I was really, really happy”
kind of thing. [Participant 5]
I liked being able to rate my mood and then go into
the journal setting and be able to like, write down
things that were happening that day, so I could go
and look back. [Participant 13]

Expressive Opportunities
Some participants shared how using the JoyPop app enabled
them to express themselves and that this was a positive feature
that encouraged future use. Some noted prior difficulty
communicating their feelings verbally and stated that through
the app, they were able to express their emotions more readily
via the Journal or Rate My Mood features.
It helps give students like, the opportunity to have a
way to express themselves... the journal [feature] for
example. But also, like keeping track of how they’re
feeling and keeping themselves in check by having
like, that visual… showing them where they’re at with
their emotions. [Participant 4]
[I found that journaling] was really helpful at the end
of the day, just to kind of unload everything…[it]
unpacked my day so I found that was really helpful.
[Participant 18]
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Barriers to App Use
In addition to factors that facilitated enjoyment and ongoing
use of the JoyPop app, participants noted some factors that they
felt interfered with their use. The primary barriers were related
to editing, lack of variety, and student lifestyle.

Editing
Some participants discussed the inability to make changes to
their data in some of the features. For example, a few expressed
that they did not feel comfortable writing in the Journal if they
were not able to later edit or retract their entry. Similar
sentiments were expressed by some participants regarding not
being able to save their drawings in the Art feature. Participants
expressed that the option to edit or save their data would have
motivated them to use certain features more often.
I didn’t like how you couldn’t edit [the journal
entries] because, [I’m] someone who can get anxious
about making mistakes… [Participant 1]
It didn’t save my mood and stuff, you know?… I also
didn’t like that I couldn’t save my drawings. Like, or
attach a drawing to a mood or something like that.
[Participant 17]

Lack of Variety
Some participants commented on the limited prompt variety in
the Journal feature, indicating that once they had responded to
all the available prompts, they felt less inclined to continue to
use the feature. Some participants similarly noted that because
the Rate My Mood feature included a limited number of
emotions, they felt that their true feelings may not have been
captured.
I think the quotes being the same every time when you
fill out the [journal] got kind of [frustrating].
[Participant 1]
I liked the rate my mood the least… it was just like,
a happy or sad thing. Would’ve been nice be able to
have something that it’s like, there’s different moods
to rate. So like maybe I was feeling very happy but
there would have been one to track, like how nervous
I was feeling or how distressed like I feel. Like, more
options would have been nice. [Participant 3]

Student Lifestyle
Some participants commented that, at times, the busy lifestyle
and fatigue associated with being a student interfered with using
the app. These participants indicated that “life” affected their
use of the JoyPop app, and they mentioned feeling that there
was not enough time to use it due to competing priorities and
responsibilities.
[If] I was like, really busy studying, like during
midterms [I would use it less]. [Participant 3]
If I was busy at the moment…if I was working on
schoolwork or something…it wouldn’t happen.
[Participant 28]
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Outcomes Related to App Use
During the interviews, participants expressed several positive
outcomes related to their use of the JoyPop app. These were
categorized into four main subthemes: increased awareness;
checking in with oneself; helpful distraction; and emotional
control. While most participants noted positive outcomes, a few
mentioned experiencing increased stress while using the app.

Increased Awareness
Many participants expressed how the JoyPop app enhanced
their self-awareness in terms of being better able to recognize
and differentiate their emotions. In addition, a few participants
shared that after using the app, they began thinking more about
the “why” behind their emotions, and how their feelings were
related to mental and physical health.
It kinda gave me some time to reflect back on…certain
things…After a point, I started noticing a pattern of
why this one emotion I kept linking with a certain
event, and then it kinda made me internalize like, “Am
I depending too much on this event to make me feel
a certain way?” [Participant 6]
I was really impressed with the fact that it brought
my attention more to how I was feeling. So, instead
of just acknowledging that I was stressed and then
managing with that, it really brought attention to why
I was feeling that and just acknowledging that, which
I thought was really cool. [Participant 18]

Checking in With Oneself
The notion of taking or making time to check in with oneself
was discussed frequently. In particular, participants mentioned
benefits associated with pausing and reflecting on how they
were feeling and what they might need in the moment (eg, to
focus on their breathing). Related to their increased awareness,
participants also expressed that because they were more aware
of how they were feeling, they were able to “reset” and get
things “back in check.”
It’s just nice to start your day off or end your day off
with…taking a moment for yourself and like…getting
your breathing in check and your emotions back in
check. [Participant 4]
[It] kind of like, forced me to take time throughout
the day to reflect upon how I was feeling. [Participant
8]

Helpful Distraction
Many participants expressed that some features of the JoyPop
app helped them to “take their mind off of” negative feelings
or stressors they were experiencing. The distraction provided
by the Journal and SquareMoves were deemed particularly
useful and enabled the participants to focus on “something else.”
I liked the journal one the most I think, ’cause it was
like, different. It was kind of like, distracting to take
your mind off of whatever you might have been feeling
at the time. [Participant 5]
There were times when I’d be like on my phone and
like, bored and stressed out, and just looking for a
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distraction and then I was like, “Ok, this was
something I could do right now.” [Participant 11]
I think the [SquareMoves feature] was probably the
most helpful in terms of like, turning off my thoughts
and focusing on something else. [Participant 22]

Emotional Control
Related to their increased awareness, many participants shared
how the JoyPop app helped them to have more active control
over their emotions. Using specific features (eg, Journal,
Breathing Exercises) was discussed often as a means of
managing emotions directly, especially in relation to
school-specific situations (eg, midterm examinations, studying).
Take a couple more minutes and like, go through the
events of my day… I kinda found that…as a good way
to kinda, balance my emotions. [Participant 6]
It really helps to calm down: the breathing exercises.
It really helps like when I’m…angry… it helped a lot.
[Participant 16]
It definitely helped me figure [my feelings] out…
actually helped me to relate my mood… Often I would
feel better afterwards because I’d be like, “Ok. I know
how to deal with this now”… rather than just sitting
there and stewing not knowing what to do. [Participant
28]

Increased Stress
A few participants believed that the app or specific features of
the app contributed to increased stress. For example, one
participant explained that they felt there were too many buttons
popping up which distracted them while using the app.
Too many buttons to hit or same quotes popping up
or it was just…Even though it wasn’t the app causing
the stress, I found that in this situation it couldn’t get
me out of it… [It] was too many buttons and
distracting colors to help. [Participant 1]
[Using the breathing feature] …I feel stressed and
stuff when I use this. [Participant 18]

Recommendations for App Improvements
Suggestions for improving the JoyPop app involved four main
subthemes: adding more features; enhancing existing features;
enhancing tracking abilities; and providing personalization.

Adding More Features
Many participants suggested adding more features for future
app users. Specifically, participants recommended adding more
activities (eg, games and varied breathing exercises or strategies
for relaxation). The notion of incorporating accountability was
also discussed by a few participants, with suggestions to increase
social connectedness through the app and adding a reward
system tied to use patterns. Finally, a few participants felt that
reminders sent through their phone (eg, via pop-up notifications)
would lead to increased app use.
Some apps use like, this notification. Like, they notify
you after not using [it] for an hour. So, maybe adding
[more notifications on the app]. [Participant 26]
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I think having more activities on it…or being able to
connect with people through the app rather than
having to call them…getting their opinion on coping
strategies, or… maybe having them to… check in on
you every once in a while… like have accountability.
[Participant 28]

Enhancing Existing Features
Some participants noted that more mood options would be
beneficial in the Rate My Mood feature. Because only four
emotions were included, the participants felt that their true
feelings may not have been captured. Another common
suggestion by participants was to include more prompts in the
Journal feature. One participant suggested adding prompts to
the Art feature as well.
[Adding] sound for the breathing so I can like, close
my eyes or not like, stare down at my phone.
[Participant 2]
I like the idea of like the prompts for drawing or like
a coloring book idea. [Participant 18]
Um, definitely the rate the mood thing: adding more
moods so then people can kinda have more options.
[P23]

Enhancing Tracking Abilities
Having the ability to track emotions over time was also
discussed by several participants. For instance, participants
suggested that having a chart or graph within the app would be
helpful to look back at and compare their emotions over time.
Some means of actually being able to properly like…
track all of my moods and how I’m feeling… it would
be a good way of like, expressing myself and then
being able to reflect on it if I wanted to. [Participant
3]

Providing Personalization
A few participants suggested offering users the ability to
personalize the app based on their personality or preferences.
Others thought personalization based on locations might be
beneficial.
Having different versions of it for your personality
types. Like certain things that are geared more
towards your personality than others… there are a
lot more creative and artistic people that would gear
from the creative parts, but then there are the people
who are less creative that will not use it at all or can’t
draw. So…different versions of it too for each
personality type would definitely… help it. [Participant
21]
Like, you could put your location in [the app] and
then it will bring up the local places around you
[helplines, resources]. [Participant 23]

Mushquash et al

Discussion
Principal Findings
Consistent with recent recommendations to evaluate the utility
and usability of mHealth apps [18,23-25], this study sought to
obtain user perspectives on the JoyPop app. Overall, we found
that different features of the app varied in their uptake and
perceived benefit to users. The app seemed to remind
participants to take a moment for themselves to self-monitor
and express their emotions, distract themselves from the stress
of daily life, and gain emotional awareness and control strategies
in the process. The establishment of routine, potentially via
prompts, also appeared to facilitate app use. At the same time,
certain feature limitations and a busy lifestyle seemed to
dissuade use, and for a few participants, the app was perceived
to add to their stress. Participants were eager to share many
recommendations for feature additions and changes.
Complementary to previous research on the effectiveness of the
JoyPop app [9], the current study speaks to its usability and
functionality and aspects that can be improved in this regard,
as both effectiveness and usability are vital to establishing the
merit of an mHealth app.
Certain aspects of participants’ experience with the JoyPop app
emerged as key facilitators of continued use. First, one major
subtheme was the creation of routine, whereby the drive to use
the app seemed to progress from wanting to adhere to study
requirements to eventually desiring to use the JoyPop app and
feeling it had become a habitual part of one’s day. This idea of
habit formation is intriguing, as it is consistent with prior work
on the factors associated with technology uptake [56,57]. Habit
formation constitutes a process by which app use comes to be
associated with certain environmental or contextual cues, and
such cues may trigger the behavior in the future with some
degree of automaticity [56]. Accordingly, one feature of the
study that may have encouraged habit formation was the
inclusion of consistently timed email prompts (each morning,
each evening) reminding participants to use the app. This may
have encouraged an association between time of day and app
use. In line with this, appreciation of these prompts emerged as
another subtheme, consistent with prior research [19,21,24,27].
Outside of the mHealth app literature, it is encouraging that app
use became routine for these study participants considering the
merits of practicing self-regulation skills regularly. When a
person uses strategies like those provided in the JoyPop app
when they are not necessarily distressed, the strategies are
well-practiced and ready to be used when distress does occur,
potentially obviating the need for later reactive strategies [58].
It should be noted, however, that a few participants commented
that if they were too busy with school life, they would use the
app less, suggesting that the power of routine may not be strong
enough to promote app use during especially stressful times for
students.
Other facilitators of app use endorsed by participants were the
self-monitoring and expressive opportunities provided by the
JoyPop app. Consistent with this, the features that most clearly
support these functions were among the most used and most
helpful features according to participants, such as the Rate My
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Mood and Journal features. Prior studies have consistently
indicated that self-monitoring and tracking of one’s mood is a
highly desired feature of mental health–related apps
[18,21,24,27], and our findings are no exception. The importance
of self-monitoring to participants was further demonstrated by
their desire for more tracking abilities within the app, such as
being able to look back at one’s mood ratings or see charts and
graphs of mood changes over time. This is consistent with prior
research indicating that enhanced tracking ability is one of the
most common app features requested by users [13,18].
Self-monitoring and the ability to identify patterns in emotional
responding is integral to many forms of psychotherapy [59],
and it seems to be an aspect that participants also value and
desire to engage in further.
Related to the self-monitoring and expressive opportunities that
facilitated app use were the perceived outcomes described by
participants of checking in with oneself, increased awareness,
and emotional control. The JoyPop app appeared to serve as a
signal to participants to pause their day to check in on how they
were doing and assess how they might improve their mood if
needed. By engaging in this self-monitoring and expression of
emotion, the participants seemed to gain awareness and
understanding of their emotions to better regulate them.
Specifically, they indicated that the Journal and Rate My Mood
features helped them learn to label and communicate their
feelings, while the Breathing Exercises also provided a more
direct form of emotion regulation. These findings are in line
with general theories of self-regulation, which emphasize a
connection between self-reflection, understanding, and
regulation [31,60]. Further, the participants’ perceptions of
improved emotion regulation were mirrored by our quantitative
results, which spoke to a reduction in emotion dysregulation
with each additional day of app use over 4 weeks [9]. As such,
there is encouraging convergence of quantitative and qualitative
findings.
Another outcome of app use was that participants found it acted
as a helpful distraction. Both SquareMoves and the Journal
feature were mentioned within this subtheme, such that
participants reported they felt these activities helped them take
their mind off negative emotions and thoughts and focus on
something else. Interestingly, in our tally of feature use and
helpfulness, SquareMoves was indicated as one of the most
used features; however, it was rarely mentioned as the most
helpful feature. This finding suggests that it was the
entertainment or distraction value of the feature that fostered
continued use. Models of technology acceptance highlight
entertainment factors as an important motive to using mHealth
apps [21,57], such that “gamification,” or including game-like
design elements, can be useful to increase user engagement with
apps [61]. As such, the helpfulness of SquareMoves may have
been masked by its entertainment value; however, distraction
can still function as a valid form of emotion regulation,
particularly in situations when emotion is overwhelming [62].
In essence, some students may have used the app for fun or as
a distraction, which can still indirectly support emotion
regulation.
In terms of constructive criticism, participants described barriers
to app use and recommendations for app improvements. They
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desired enhanced functionality of certain features, such as the
Journal (more prompts, the ability to edit entries) and the Rate
My Mood feature (greater variety of mood states). They also
desired more features overall and were forthcoming with
suggestions about features that should be added. This is in line
with prior research on mHealth apps, which suggests that app
users desire a sufficient number and diverse array of features
that are also flexible enough to accommodate various needs
[18,21,25,27]. Indeed, reviews of mood-monitoring apps on
popular app download sites often cite a lack of features as a
primary reason for user dissatisfaction with apps [27]. Further,
participants in our study recommended that features should be
more personalized. Similarly, previous studies have found that
users want customization and some degree of control over app
features [21,25,27,37,63]. Finally, captured under the subtheme
of increased stress, 2 participants commented that the appearance
of the app contained too many buttons, distracting colors, and
repetitive appearance of quotes, which rendered the app less
helpful. Appearance and design tend to be major themes of user
feedback on mHealth apps [18,21,24,25,27,29,37,64], and users
may not use an app that is not user friendly even if they can see
its benefit [24]. Therefore, these comments represent important
feedback. However, the relatively few comments of this nature
suggest that the general look-and-feel of the JoyPop app was
acceptable to most participants.
Certain features did not appear instrumental to the uptake and
perceived helpfulness of the JoyPop app. These included the
Circle of Trust and Art features, which were either rarely
mentioned or mentioned as the least used and least helpful
features. With respect to the Circle of Trust feature, this finding
is somewhat surprising, as having some aspect of social support
and feeling part of a community have been cited as important
to app users in prior research [18,25,37,63]. The social support
in these studies, however, pertained to the ability to share app
data with other users or in an online forum, including with close
others or anonymously with other app users [21,24,25,37]. This
is different from the social support included in the JoyPop app,
which allows users to input and contact family, peers, and other
support persons in times of need. Peng et al [21] noted that some
participants felt that seeing others using the app through data
sharing would motivate them to use the app. Similarly, our
results indicated some participant desire to enhance the social
aspect of the app in a similar fashion, such as being able to
communicate with others directly in the app so that users might
hold each other accountable. With respect to the Art feature,
this activity may have been relatively unused due to the inability
to save drawings, which was one drawback expressed by
participants. However, ongoing evaluation among more diverse
groups would be warranted, as it is possible that our student
sample, which consisted mainly of students pursuing health or
science degrees, may have been less interested in or drawn to
the Art feature.

Strengths, Limitations, and Future Directions
This study had many strengths. Obtaining user input on
experiences with the JoyPop app and their perspectives on its
utility aligns with recommendations of the value of user
involvement in the design of digital health interventions [64-67].
With respect to data collection and analysis, the authors who
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e28677 | p.120
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conducted the analyses were independent from the study
conceptualization and data collection to avoid interpretation
bias. Additionally, the questions chosen for the interview guide
served several functions that are important to comprehensive
app evaluations, including discovering what is important to
users for long-term uptake of the app, which remains an ongoing
issue for many app endeavors [26].
A limitation to the current study is that participants were
predominantly female, which reflects the composition of the
larger sample of participants who used the app from which this
subsample was drawn [9]. Certainly, there are potential gender
differences in youths’ preferences for and use of mental
health-based apps [37]. Male students are also relatively
underrepresented in studies of mental health interventions for
university students in general [68]. Given that our sample
consisted of university students in their late teens, additional
research examining younger youths’ perspectives on the app
will be important before wider implementation occurs.
A further limitation is the variation in the number of participants
who attended each interview session, which ranged from 1 to
5. A larger group may have resulted in some participants sharing
more than others, which may have created differences in how
much certain perspectives were amplified. In addition,
participants may have been less willing to share negative
feedback about the JoyPop app in the presence of the
interviewers; however, certain questions were meant to
specifically elicit negative or constructive feedback (eg, least
used/least helpful features, barriers to use, recommendations
for improvement), which should have encouraged participants
to provide honest feedback about the app.
Continuing to seek and incorporate feedback from users into
evolving versions of the JoyPop app is an important future
direction. Understanding user perspectives on the utility,
features, and design of the app will aid in ensuring its continued
use and engagement [64-67]. Consistent with participant
recommendations to add more features and enhance existing
features, a new SleepEase feature offering relaxation exercises
and tips for preparing the body for sleep has been added to the
latest version [69]. In addition, more journal prompts have been
added, and users are now informed during the orientation to the
app about methods they can use to save their Art drawings (eg,
by screenshotting and saving them directly to their devices).
Consideration of participants’ suggestions for increased

Mushquash et al
personalization (eg, location-based and culture-related
customization) of the JoyPop app will be important in future
updates; for instance, the latest iteration of the JoyPop app
includes a French-language version.
Although the JoyPop app was designed specifically to draw
attention toward positive mood states, consistent with consumer
desire for positivity in mHealth apps [20,40], it is important to
consider participant requests for opportunities to rate and track
a range of emotions over time. Should additional mood ratings
and tracking abilities be added to subsequent versions of the
JoyPop app, ongoing evaluation of the consequences of this
change would be warranted to ensure that no unintended
negative consequences emerge (eg, worse mood after reviewing
past mood ratings). Following recommendations in two recent
reviews, additional research exploring the economic impact of
app-based interventions is an important next step [70,71]. For
instance, it will be important to examine the economic impact,
including cost-effectiveness and cost utility, of integrating an
intervention such as the JoyPop app into school or mental health
settings for youth. Finally, due to ongoing disruptions related
to the COVID-19 pandemic, including prolonged changes to
education, mental health service delivery, and social practices,
optimizing digital approaches to service delivery (eg, mHealth
apps) is a growing global priority [72,73]. As such, exploring
whether the JoyPop app can aid in buffering against the negative
effects of stress brought on by the ongoing global pandemic, or
how users’ perspectives on the app may vary within the context
of the pandemic, is warranted.

Conclusion
In sum, this qualitative study of users’ experiences with the
JoyPop app provides insight into aspects of the app that
motivated and benefitted users, as well as actions that can be
taken to improve user experiences and promote longer-term
uptake. Students in our study demonstrated a willingness to
engage with the app and incorporate it into their routine, while
valuing the ability to self-monitor, express emotion, and engage
in distraction. They preferred and used some features over others
and were forthcoming with various suggestions for
improvement. Their feedback underscores the value of
considering user input in the continual development and
evolution of apps, and it will be instrumental in ensuring the
JoyPop app meets the needs of its users.
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Abstract
Background: Obesity is a major public health problem globally and in Europe. The prevalence of childhood obesity is also
soaring. Several parameters of the living environment are contributing to this increase, such as the density of fast food retailers,
and thus, preventive health policies against childhood obesity must focus on the environment to which children are exposed.
Currently, there are no systems in place to objectively measure the effect of living environment parameters on obesogenic behaviors
and obesity. The H2020 project “BigO: Big Data Against Childhood Obesity” aims to tackle childhood obesity by creating new
sources of evidence based on big data.
Objective: This paper introduces the Obesity Prevention dashboard (OPdashboard), implemented in the context of BigO, which
offers an interactive data platform for the exploration of objective obesity-related behaviors and local environments based on the
data recorded using the BigO mHealth (mobile health) app.
Methods: The OPdashboard, which can be accessed on the web, allows for (1) the real-time monitoring of children’s obesogenic
behaviors in a city area, (2) the extraction of associations between these behaviors and the local environment, and (3) the evaluation
of interventions over time. More than 3700 children from 33 schools and 2 clinics in 5 European cities have been monitored using
a custom-made mobile app created to extract behavioral patterns by capturing accelerometer and geolocation data. Online databases
were assessed in order to obtain a description of the environment. The dashboard’s functionality was evaluated during a focus
group discussion with public health experts.
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Results: The preliminary association outcomes in 2 European cities, namely Thessaloniki, Greece, and Stockholm, Sweden,
indicated a correlation between children’s eating and physical activity behaviors and the availability of food-related places or
sports facilities close to schools. In addition, the OPdashboard was used to assess changes to children’s physical activity levels
as a result of the health policies implemented to decelerate the COVID-19 outbreak. The preliminary outcomes of the analysis
revealed that in urban areas the decrease in physical activity was statistically significant, while a slight increase was observed in
the suburbs. These findings indicate the importance of the availability of open spaces for behavioral change in children. Discussions
with public health experts outlined the dashboard’s potential to aid in a better understanding of the interplay between children’s
obesogenic behaviors and the environment, and improvements were suggested.
Conclusions: Our analyses serve as an initial investigation using the OPdashboard. Additional factors must be incorporated in
order to optimize its use and obtain a clearer understanding of the results. The unique big data that are available through the
OPdashboard can lead to the implementation of models that are able to predict population behavior. The OPdashboard can be
considered as a tool that will increase our understanding of the underlying factors in childhood obesity and inform the design of
regional interventions both for prevention and treatment.
(JMIR Mhealth Uhealth 2021;9(7):e26290) doi:10.2196/26290
KEYWORDS
public health authorities; childhood obesity; children’s behavior; environment; COVID-19; big data; mHealth; uHealth; intervention

Introduction
Obesity remains a major health problem worldwide, increasing
the risk for the development of noncommunicable diseases,
such as diabetes, coronary heart disease, and cancer [1,2]. Its
global prevalence has increased dramatically in the last 40 years,
resulting in a great economic burden for health care systems
[3]. A concerning increase in overweight and obesity among
children has also been noted. In 2013, over 42 million children
were considered overweight or obese, and approximately 70
million children will be overweight or obese by 2025 [4,5]. In
Europe, the prevalence of overweight and obesity in children
varies across countries [6], peaking at just over 40% [4,7].
Children with obesity are more likely to be obese until adulthood
[8], thereby increasing the risk for chronic disease development
[9,10].
Existing evidence indicates that interventions targeting various
elements of children’s behavioral patterns, such as what and
how they eat and how they move [11], in addition to the living
environmental factors to which they are exposed (elsewhere
referred to as “ecological” parameters), can yield positive
outcomes [8]. To date, the primary sources of evidence for the
evaluation of childhood obesity in a given area are self-reporting
questionnaires, patient electronic health records, as well as a
limited number of focused studies that use objective
measurements reflecting children’s behavioral patterns [8].
On a social level, certain environmental factors and
socioeconomic parameters have been shown to be associated
with obesity in children, such as (1) the ethnicity of the
population [12] (pointing to a generalized genetic effect on a
population level but mostly toward specific socioeconomic
conditions and cultural effects [13], (2) the immediate
socioeconomic environment (eg, the “neighborhood” [14],
including the immediate proximity to fast food restaurants [15]
and the availability of exercise facilities [16]), and (3) exposure
to food-related advertising [17].
However, the local environmental context, including the local
food environment (eg, the proximity to fast foods), and the local
https://mhealth.jmir.org/2021/7/e26290
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urban characteristics are particularly difficult to quantify, usually
requiring extensive, expensive, and long-term studies, making
it, until recently, extremely difficult to use those results in a
context-based fashion in society.
Fortunately, the widespread adoption and maturation of new
technologies, such as the use of mobile phones or smartwatches
[18], especially by youth, allow for the collection of a significant
volume of information under real-life conditions, which can
lead to the extraction of user behavioral patterns [19,20].
Equally, the extensive use of the internet and social media has
led to the creation of open databases, such as Google Maps,
related to the availability of certain type of places in the local
environment. These new technologies, elsewhere referred to as
“mobile sensing” [21], open new horizons as a source of
objective information. They allow for the more detailed
evaluation of environmental effects, not only of the immediate
place of residence of the individuals, but also of the areas which
they frequent (a data collection challenge previously identified
under the term “residential fallacy effect”) [22].
The Big Data Against Childhood Obesity program [23] is a
European-funded research project aiming to tackle the problem
of childhood obesity using big data collected by children using
their smartphones. BigO collects and analyzes big data on
children’s behavior and their environment to enable public
health authorities to plan and execute effective programs
addressing obesity. The BigO system has been developed as a
tool for public health authorities to evaluate localized obesogenic
behaviors at the population level and to facilitate decision
making as well as intervention planning through a powerful
analytical framework and a purpose-built dashboard.
This paper presents the Obesity Prevention Dashboard
(OPdashboard), which has been developed in the context of the
BigO study and can be used to visually explore aggregated
children’s localized behaviors and environment characteristics
and to automatically extract associations among them. The
potential users of the OPdashboard are health researchers in the
domains of epidemiology and childhood obesity, as well as any
relevant public health agency or authority. A custom-made
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e26290 | p.127
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mobile app was used to collect big data from participating
children and adolescents in 5 different European countries (see
the Data section); the extracted information has been visualized
in the OPdashboard. In brief, the functionality includes: (1)
real-time monitoring and visualization of children’s behavior,
(2) extraction of associations between behavior and environment
in the areas close to schools, (3) evaluation of interventions as
well as (4) the design of interventions using behavioral
prediction models. Each of the functionalities are described in
more detail in the OPdashboard Functionality section. In the
Results section, the effect of the living environment close to
schools on children’s behavior is described.
Lastly, we also explored the impact of COVID-19. The
emergence of the COVID-19 pandemic resulted in the adoption
of measures, at a national level, to decelerate disease spread in
the population. Those interventions varied across countries,
ranging from social distancing recommendations to partial or
total lockdown. Data analysis based on wearable activity trackers
has shown that home confinement policies affected physical
activity levels in the general population [24]. An evaluation of
these measures, in terms of behavioral changes associated with
characteristics of the local environment, may reveal additional
information to health authorities.
In addition, the effect of COVID-19–related measures
implemented in Greece on the children’s behavior is presented
in the Results section. The evaluation of the OPdashboard’s
functionality and usefulness was performed by experts in the
field of childhood obesity and public health policy, as described
in the Evaluation section. The OPdashboard will be made freely
available to the scientific community via a web interface after
the conclusion of the BigO program. The expected impact of
the OPdashboard, as well as its limitations, are discussed in the
final section.

Methods
Data
Within BigO, the cornerstone of the data collection process is
citizen science, which is a relatively new scientific approach to
gather big data, where the general population actively
contributes to scientific research [25]. In that vein, school
students, aged 9 to 18 years, were recruited and following an
informed parental consent process, agreed to participate in data
collection as part of citizen science projects, using a custom
mHealth (mobile health) app available for both Android and
iOS devices [26]. Several questions related to children’s daily
mood and sleeping behavior are asked through the myBigO
app. In addition, the app allows the users to submit photos
related to eating behavior. Awards, in terms of virtual badges,
are provided to frequent users in order to maximize adherence
to data collection. Furthermore, objectively collected GPS and
accelerometer data, via the myBigO app, were analyzed in order
to extract aggregated population-level obesogenic behavioral
indicators identified within a specific geographical region [20].
The geohash geocoding system [27] was adopted as a spatial
structure describing a broader geographical area, the size of
which varies according to the length of the codes considered.
In the OPdashboard, geohashes of 6 and 7 digits were used to
https://mhealth.jmir.org/2021/7/e26290
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reflect an area of 1.22 km × 610 m and 153 m × 153 m on the
equator, respectively, with a reduction in width the further away
from the equator. The aggregation to geohash level was done
as a privacy preservation measure in order to avoid potential
subject identification from GPS data.
Per Diou et al [20], personal sensory data, such as GPS and
accelerometry, were used to extract individual indicators. The
aggregated behaviors were calculated either based on the unique
individuals visiting a geohash, or based on all values across the
visits, even if they are visits from the same individual, while
various geohash sizes are supported through the OPdashboard.
Furthermore, aggregations are also performed based on the
individuals living in a geohash. The rationale behind this
approach is the “residential fallacy” effect [22], which underlines
the importance of the nonresidential places visited in order to
estimate residential effects.
In order to have a more reliable estimation of a behavior in a
geohash area, the aggregation was performed only in case more
than 5 values were recorded there (ie, from unique visits or
unique visitors, respectively). All data were transmitted with
end-to-end encryption and stored on secure servers. The stored
data did not contain any directly identifiable information (eg,
names or emails).
In keeping with co-design principles, a Delphi panel was carried
out with public health experts across Europe with a remit in
obesity prevention in order to prioritize the elements of interest
(behavior and environmental and socioeconomic parameters)
that should be measured and visualized as part of the
OPdashboard [28]. Proposals were then assessed based on the
feasibility of the measurements during the BigO project, and
finally 38 behavior indicators, 40 environmental parameters,
and 6 socioeconomic parameters were defined.
Behavior indicators were distinguished into two main categories.
The first category was related to eating behavior and addressed
food consumption and frequency of visitations to food-related
locations, whereas the second category was related to physical
activity behavior and addressed the frequency of visits to
sports-related places and measurements of physical activity,
such as number of steps per day. More information related to
the methodology adopted for the extraction of the behavioral
indicators based on the raw accelerometry and geolocation data
can be found in Papapanagiotou et al [29]. Table 1 provides a
subset of the behavioral indicators that have been calculated in
the context of BigO. Through the OPdashboard, only aggregated
behaviors are presented and no individual data are available.
Similarly, 40 environment characteristics of interest were
identified and included in the BigO system (Table 2). These
broadly describe the availability of diverse type of places in a
geographical region of a geohash and were collected through
open and online data sources [20].
Finally, the socioeconomic characteristics of the local area were
also highlighted by public health obesity experts as being crucial
for the evaluation of childhood obesity [13]. In this respect,
taking also into account the availability of the data in a regional
level from national databases and Eurostat, a number of
socioeconomic factors were also considered. However, this
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e26290 | p.128
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information is not available at the geohash level and was thus

measured in the broader geographical area of a municipality.

Table 1. A subset of the behaviors used in BigO.
Behavior

How it was computed

Average steps per hour across visits to the
region

For each visit to the region, take the total number of steps during the visit, as well as the duration of the
visit and compute the average steps/hour. This behavior is the average of these values across visits (even
if they are visits from the same individual). For the computation of this indicator, only visits that last 1
minute or more are considered.

Average steps per hour across visitors of
the region

For each unique visitor of the region, take the total number of steps during his or her visits, as well as
the total time he or she spent in the region, and compute the average steps/hour. This indicator is the
average of these values across unique visitors. For the computation of this indicator, only visits that last
1 minute or more are considered.

Percentage of visits to the region that inCompute the percentage of visits to the region that include at least one visit to a food-related place. For
clude at least one visit to a food-related lo- the computation of this indicator, only visits that last 1 minute or more are considered.
cation
Percentage of visits that include at least one For each visit to the region, take the number of visits to an athletics or sports facility. This indicator is
visit to an athletics or sports facility
the average across visits. For the computation of this indicator, only visits that last 10 minutes or more
are considered.
Average daily number of steps for residents For each resident of the region, compute his or her steps using the recorded data across all the areas that
of the region
the resident visited. Based on this, compute his or her daily average number of steps for days with more
than 60 minutes of recorded data (days with fewer data points are discarded). This indicator is the average
of this value across the residents of the region but corresponds to the behaviors that might have happened
anywhere on the map.

Table 2. A subset of the environmental characteristics used in BigO.
Environmental characteristic

How it was computed

Number of athletics or sports facilities in
the region

Using publicly available data sources, compute the number of athletics or sports facilities in the region.

Number of fast food outlets in the region

Using publicly available data sources, compute the number of fast food outlets in the region.

Average number of restaurants within a
Create a 30-meter point grid inside the region. For each point, compute the number of restaurants within
100-meter radius from locations within the a 100-meter radius. This value is the average across all points inside the region.
region

OPdashboard

requirements and requirements relevant to the developed
interface design.

The OPdashboard is a web application for public health
scientists and policy makers, which supports decision making
and planning of localized interventions to reduce the prevalence
of childhood obesity. The OPdashboard is freely available and
the beta version can be accessed online [30].

According to the feedback from the focus groups, the following
functionalities were recommended for integration into the
OPdashboard:

Requirements
Methodologically, the development of the OPdashboard has
taken jointly into account (1) expert-driven predevelopment
requirements and (2) mid-development expert evaluation with
regards to relevance within the childhood obesity and public
health domains.
Based on public health experts’ knowledge, a set of mock-ups
were designed. In order to ensure that the specific functionality
of the OPdashboard meets the practical needs of public health
authorities, focus groups and interviews with experts in nutrition,
obesity, behavior, and public health were arranged to
demonstrate and elicit feedback on the proposed functionality
of the system. Based on the presented methodology and through
systematic evaluation of the collected feedback, a list of
requirements were defined reflecting both the functionality
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•
•

Explore: description of aggregated local data on children’s
behaviors, socioeconomics, and environment;
Explain: visual comparisons between behaviors and the
environment in a given area, as well as the extraction of
associations;
Compare: comparison of behaviors across time, which can
be used to monitor and evaluate an intervention;
Predict: simulation of behavioral change upon changes in
an environment characteristic.

The first version of the OPdashboard focused on the first three
of these functionalities. In the future, it is anticipated that
predictive models of high accuracy will be developed based on
the ongoing big data collection, supporting the design of future
interventions.

Technical Implementation
All the data required by the OPdashboard are stored in a Mongo
database (MongoDB), which is a cross-platform
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e26290 | p.129
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document-oriented database management system. A number of
RESTful web services [31] have been developed using the Jersey
framework [32]. These services access the MongoDB with the
help of the MongoDB Java Driver [33], using a Mongo account
defined specifically for the service that is granted with the proper
set of permissions (only read/select access on specific Mongo
collections). The endpoints offered by the service require
authorization via a valid, BigO-generated, JSON (JavaScript
Object Notation) web token (JWT) [34].
The interactive web application was implemented using the R
Studio Shiny server [35]. Shiny allows simple HTML pages to
interactively execute R scripts and takes advantage of R’s
visualizing capabilities to graphically present the analysis results
on the webpage. In order to consolidate the user experience,
Shiny applications can be further extended by using JavaScript
and jQuery. The R-script execution and the use of the analysis
and visualization mechanisms inside the HTML pages are
controlled via the user interface–rendering engine of the Shiny
web server.

Extraction of Associations
Regarding the extraction of associations between the behaviors
and the environment, a number of studies propose that the
proximity of fast food outlets to schools may have an effect on
adolescent eating patterns and may contribute to obesity [15,36].
In this respect, the analysis was based on the extraction of
associations between the population behavior and the
environment close to schools. For the definition of this area,
only the geohashes where the distance between the center of
the geohash and the location of the school is less than 1000 m
were considered. For this analysis, a 7-digit geohash was used.
For these areas, each behavior detected within a geohash area
was correlated with the environmental characteristics of the
respective geohash in order to investigate the existence of a
correlation between them. The Pearson correlation coefficient
was computed which is defined as:

where X and Y denote the 2 variables, cov is the covariance, and
σ the standard deviation of a variable. The P values for the
estimation of the statistical significance of the correlation
coefficients are also computed. The linear correlation analysis
is made available on the dashboard in order to provide a
preliminary understanding of the data.
It is worthy to mention that cultural and ethnic backgrounds
also have the potential to affect users’ behavior and their
association with the environment [37], especially considering
the case of BigO where data are distributed across different
countries. In order to minimize the effect of possible
confounders that can bias the results, the analysis was performed
separately for each city.

Comparison in Time: The COVID-19 Paradigm
The compare functionality of the OPdashboard allows for the
comparison of obesogenic behaviors in different time frames.
These time frames represent the period before and after
interventions that focus on the modification of obesogenic
https://mhealth.jmir.org/2021/7/e26290
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behaviors or exposure to obesogenic environments to support
a healthier lifestyle. Due to the lack of typical obesity-related
interventions in the before period, mainly because of the
COVID-19 pandemic, the paradigm presented here was based
on a scenario that monitored children’s behavioral change as a
result of the nation-wide measures undertaken to limit the spread
of COVID-19 in Greece [38].
Greece adopted strict measures to restrain the pandemic, leading
to the closure of schools on March 11, 2020, while a lockdown
was implemented on March 23. Since the goal of the analysis
was to investigate the effect of the adopted policies on children’s
behavior, the analysis was carried out on the Greek population,
and in the city of Thessaloniki in particular, where the majority
of the data were collected. The target behavior was steps per
hour since visits to specific places were prohibited during the
lockdown and only outdoor activity was allowed for all citizens.
The analysis was made for all 8 municipalities of Thessaloniki,
while the behavior for each municipality was calculated as the
aggregation of all the geohashes within the boundaries of each
municipality where the behavior from at least one user was
identified. For this analysis, 7-digit geohashes were considered.
In this respect, the aggregated steps per hour in each
municipality of Thessaloniki, before and after school closure,
were compared. The period before was defined as ranging from
January 8, 2020, when schools in Greece opened after the
Christmas holidays, to March 10, 2020. The after period was
defined as March 11-31, 2020. Recruitment was low after this
date, and data for the post–March 31 period was not considered
in the analysis. The two-sample t test was used to investigate
the existence of statistically significant differences in behavior
across time.

Predictive Models
The OPdashboard allows for the downloading of the aggregated
behaviors at the geohash level of detail. This functionality offers
the possibility to further analyze the data and to implement
models that are able to predict the behavior of the population
based on the environment. Initial works carried out by the BigO
team have used such data in order to predict children’s physical
activity, achieving a prediction accuracy of 81% [39]. However,
the implementation of such models as well as the investigation
of their accuracy is beyond the scope of this work. Nonetheless,
such models have been integrated in the OPdashboard, offering
a visual interpretation of behavior in a city when no behavioral
data are available in specific regions.
In addition, the OPdashboard offers the possibility to design
specific interventions in a region and predict their effect on
certain obesogenic behaviors in children. The design of the
interventions can be made graphically by modifying the
characteristics of the environment (eg, adding or removing
public parks in a region), while the effect of the intervention
can be assessed using the map view.

OPdashboard Evaluation
The OPdashboard was demonstrated to a wide audience during
the European Childhood Obesity Group Conference while a
focus group comprising experts in public health, statistical
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e26290 | p.130
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epidemiology, and clinical endocrinology was organized in
order to obtain feedback on the dashboard’s usability.
After the live demonstration of the OPdashboard, the following
questions were posed to the experts:
•

In your opinion, what is the value of the BigO system for
local population behavioral assessment?
In your opinion, what is the value of the BigO system in
discovering associations between localized behaviors and
environments? What additional steps would be necessary
to discover causal relationships?
In your opinion, which users/public authorities would most
benefit from BigO? (eg, epidemiologists, population health
consultants, local governments, educational policy makers)
In your opinion, what are the main barriers for the adoption
of BigO by public health authorities?

•

•

•

This discussion was recorded using a microphone, and a report
was produced. The outcome of this focus group helped define
the improvements needed and are described in the Evaluation
section.

Filos et al
deployed in 33 schools and 2 pediatric clinics in 5 different
European cities (Athens, Thessaloniki, and Larissa from Greece;
Stockholm from Sweden; and Dublin from Ireland) [40]. Ethical
approval was received from each country separately. Each child
was asked to use the myBigO app for at least 2 weeks. A steady
flow of recruitment was followed; however, an expected
decrease occurred during the summer because of the summer
holidays and school closure. Most of the children used the app
during the 2-week period, while a small minority continued to
use it for more than 2 weeks
More than 3700 children, aged 9 to 18 years, participated in
data collection, between the start of March 2018 until the end
of March 2020, providing approximately 107 years of
accelerometry data and 73 years of GPS data [40]. This was the
first time such an amount of big data has been collected
contemporaneously, on an individual basis within a region,
allowing for the extraction of childhood obesogenic behavior
accurately. The majority of the schools included in the analysis
are located in the city of Thessaloniki, Greece, and Stockholm,
Sweden, and thus the analysis in the following sections will be
based on the schools from these cities only, as seen in Table 3.

Results
Data Overview
The OPdashboard constitutes a live system, where more and
more schools are added over time. By April 2020, BigO was
Table 3. Details on the collected data from Thessaloniki, Greece, and Stockholm, Sweden.
Characteristic

Location
Thessaloniki

Stockholm

Children, n

839

671

Age (years), mean (SD)

13.5 (2.2)

15.3 (1.8)

Male

454

375

Female

380

265

Not available

5

31

Z-score >1 (%)

26.1

18.3

Schools, n

24

5

Accelerometer (hours)

179,969.48

78,903.17

GPS (hours)

112,624.13

225,337.67

Sex, n

OPdashboard Functionality
In this section, the current version of the OPdashboard is
presented. It focused on the data exploration (“explore”) and
the extraction of associations (“explain”) between children’s
behavior and the environment close to schools. Regarding the
“compare” functionality, the analysis focused on the comparison
of the population’s steps per hour before and after the
implementation of national health policies due to COVID-19.
The “predict” functionality was not presented here for the
reasons made clear earlier.
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Data Exploration Overview
The main screen of the web interface is shown in Figure 1. It
is divided into two main areas, one focusing on the selection of
the variables to be analyzed (control panel), whereas in the
second area the results are visualized (main panel). The available
selections include behavior and environmental characteristics
as well as the city of interest, in terms of the broader
metropolitan area, which can be further divided into the level
of available municipalities.
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Figure 1. The OPdashboard main page with the control panel (left) and the main panel (right).

Furthermore, the user can select the representation level,
including the region view, where the population-aggregated
value of the variable is depicted for the selected municipalities
of the city, and the geohash view, where the aggregation is made
at the geohash level. Filters related to the BMI z-score and
gender can also be applied in order to focus on specific groups
of children. Finally, a list of regional socioeconomic information
related to (1) the total population, (2) their educational level,
(3) the percentage of young people, and (4) the unemployment
rate is also provided in a tabular format.
At the top of the analysis panel, the
button serves as a tool
to provide additional information regarding the selected behavior
or environment characteristic, highlighting its importance as
well as describing how it was measured.
The dashboards are provided within the analysis panel, allowing
the user to have a clear overview of the indicators and their
distribution across the regions. For data exploration, both bar
charts and map views are provided to the user. A tabular
representation of the socioeconomic data for the selected regions
is provided as this information can be considered as a
confounder contributing to a specific behavior or environmental
characteristic.
The bar charts provide in a sorted format the aggregated value
in each municipality of the city. This comprehensive
visualization allows for the direct comparison of different
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variables across several municipalities of the city, as well as
between each municipality and the average value across the
selected regions.
The map view allows user to quantify the value of each variable
within a geographical area. This information can be depicted
as an aggregation of the behavior across the municipality, or it
can be represented in more detail using the geohash visualization
(Figure 2). Blue pins on the map highlight the location of the
schools that have been included in the BigO pilots.
The coloring format used in the aforementioned visualizations
ranges from red to green or vice versa, according to the type of
indicator. In other words, the coloring changes from red to green
as the number of steps per hour increases. On the other hand,
when the small value represents a healthy state (eg, low number
of visits to fast food restaurants, low number of food outlets in
the region), then the coloring changes from green to red to
indicate an increase in the number of food outlets in the region.
The maximum value for each variable was extracted either by
a review of the literature, or derived as the 95th percentile based
on the collected data. In addition, the OPdashboard allows for
a visual comparison between behaviors and/or the environment
through bar charts (Figure 3). The user can extract the data, in
a JSON format, in order to perform further analysis.
The visualization of a behavior at the geohash level of detail
was made only for those geohashes where a behavior was
observed.
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Figure 2. Geohash distribution of food-related locations within a 100-meter radius from each geohash (left) and the steps per hour (right) for the city
of Thessaloniki. Using mouseover, the user can access more information related to the number of contributors and the actual value in each geohash.
Note: the geohash is visible only in cases where the aggregation was based on more than 5 contributions. The visual exploration reveals the high density
of food-related places in the downtown of Thessaloniki and high activity among the children near the coastline of the city. The blue pins denote the
location of schools. Source: OpenStreetMap [41].

Figure 3. Regional representation of the steps per hour in the regions where schools are located (A) and the number of indoor recreational or sports
facilities in those areas (B). The visual comparison between the two variables reveals an association between them (C). In (C), the color of the second
indicator is set to gray in order to avoid any confusion to the user.

https://mhealth.jmir.org/2021/7/e26290

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e26290 | p.133
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Associations Between the Environment and Behaviors
Close to Schools
The analysis performed here was based on the data collected in
Thessaloniki and Stockholm, where the majority of schools are
located. In order to increase the reliability of the results, only
the geohashes visited by more than 5 unique users or visited
more than 5 times were analyzed. Figure 4 provides a visual
representation of the behaviors identified close to schools and
the respective environment in the city of Thessaloniki. Through
the OPdashboard, the user can select a subset of schools in order
to focus the analysis on a specific population.
In total, 12 behavioral indicators were analyzed. Those behaviors
were categorized into two groups—the first one reflects the
activity (eg, steps/minute or % of sedentary behavior) while the
second reflects the visits to a specific place (eg, % of visits to
fast food places). For the first group of behaviors, the
associations were computed based on environmental

Filos et al
characteristics either reflecting the availability of food stores
or sports-related facilities. For the second group, the analysis
was focused on the extraction of associations between the
behavior and the density of the respective places (eg, % of fast
food or takeaway visits with the density of fast food or takeaway
shops in the geohash).
The OPdashboard offers automated analysis for Stockholm and
Thessaloniki. The results of the Pearson correlation analysis
are provided in Table 4. The results for Thessaloniki reveal the
existence of statistically significant correlations between
physical activity levels and the availability of food stores and
sports facilities close to schools—that the higher the density of
these shops or facilities in an area, the greater the chances a
child will visit them (Table 4). In other words, in Thessaloniki,
the use of resources in the areas close to schools was high. In
order to explain this difference, additional confounders must
be taken into account, such as the total population in these areas,
the age of the children, and psychological factors [16].

Figure 4. An area of Thessaloniki where 4 schools are located (blue pins). The blue circles (1000-meter radius) define the regions under analysis close
to schools. In the right image, the steps per hour for each geohash are depicted, whereas the density of food-related places for the same region is depicted
on the left. Visual observation of the images revealed that there should exist a correlation between the density of food-related places close to schools
and the steps per hour performed by the children in those areas. Source: OpenStreetMap [41].
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Table 4. Correlation analysis for each behavior and the most relevant environmental characteristic within a 1-km radius from a school for students in
Thessaloniki (24 schools). “Food” and “Sports” are computed as the summation of all relevant environmental characteristics reflecting the availability
of food places or sports-related facilities. “Visitors” indicate the aggregation of behaviors from unique children visiting a geohash, while “visits” indicate
aggregation from all the visits to a geohash even when performed by the same children. For the areas close to schools, 281 geohashes with more than
5 unique visitors and 523 geohashes with more than 5 visits were analyzed.
Behavior and environment

Thessaloniki
Correlation (CI)

P value

Food

0.123 (0.006-0.237)

.04

Sports

0.128 (0.011-0.241)

.03

Food

0.129 (0.043-0.212)

.003

Sports

0.141 (0.056-0.224)

.001

Food places

0.221 (0.138-0.301)

<.001

Fast food or takeaway places

0.302 (0.222-0.378)

<.001

Supermarkets or grocery stores

0.209 (0.211-0.368)

<.001

Athletics or sports facilities

0.325 (0.246-0.400)

<.001

Indoor recreation facilities

0.305 (0.225-0.381)

<.001

Public parks

0.248 (0.166-0.327)

<.001

Steps/hour (visitors)

Steps/hour (visits)

% visits to

Comparison of Children’s Activity in Time
For the period before school closures (January 8 to March 10,
2020), 1802 geohashes were analyzed where at least one visit
by a child was performed and a behavior was detected (Figure
5). On the other hand, in the period between March 11-31, 2020,
427 geohashes were analyzed. This expected decrease in the
number of geohashes is attributed to the restrictions on
population mobility as the result of the COVID-19 pandemic.
A decrease in the average steps per hour was detected for the
visitors of 6 municipalities within the Thessaloniki metropolitan
area, while on the other hand, a slight increase was found for 2
municipalities. In particular, for the municipalities of
Ampelokipoi-Menemeni and Kordelio-Evosmos, a statistically
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significant reduction in steps per hour was observed. Upon
closer analysis, one can observe that the municipalities where
an increase in physical activity was observed were suburban
areas with ample open spaces. This observation implies that
school closures provided an opportunity for children to exercise
outside. On the contrary, the highest decrease was observed in
the westside regions, possibly due to the lack of open spaces.
Finally, statistically significant differences were also observed
in the downtown area of the metropolitan part of Thessaloniki,
covering the area close to the coast. Under normal conditions,
children visit the coast to spend their free time; however, after
the closing of schools and probably due to the fear of
COVID-19, children ceased visiting this area, as shown in Table
5.
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Figure 5. Effect of school closure due to COVID-19 on children’s physical activity levels. The steps per hour for the period between January 8, 2020
(opening of schools after the Christmas holidays) and March 10, 2020 (school closure) are depicted on the left, while on the right, the steps per hour
for the period between March 11 and 31 (end of data collection) is depicted. The black lines define the boundaries of each municipality in the city of
Thessaloniki. Source: OpenStreetMap [41].

Table 5. Effect of school closures on the aggregated number of steps per hour in Thessaloniki as a measure to restrain the COVID-19 pandemic.
Municipality

Before

After

P value

Geohashes, n

Average steps per hour

Geohashes, n

Average steps per hour

Thermis

132

163.09

7

206.07

.74

Pylaia-Chortiatis

793

379.32

275

401.90

.37

Kalamaria

81

304.20

15

160.85

.09

Thessaloniki

421

468.90

60

358.62

.03

Ampelokipoi-Menemeni

87

561.37

14

46.45

<.001

Neapoli-Sykies

138

484.42

24

388.25

.22

Kordelio-Evosmos

45

516.75

11

226.35

.02

Paulou Mela

105

434.89

21

415.46

.81

Total

1802

404.54

427

367.86

.06

Evaluation
The evaluation of the first version of the OPdashboard regarding
its usability and prospect of use, mainly focusing on data
exploration, was performed in a focus group that took place in
Katowice, Poland, on November 14, 2019, as a parallel session
of the ongoing meeting of the European Children Obesity Group.
During the focus group, a live demonstration of the
OPdashboard was performed, and no technical issues arose.
The focus group participants mentioned the existence of many
applications, software, and geographical information systems
(GIS) that take data from national authorities or Eurostat and
present them in map views and dashboards; however, it was
noted that there was nothing available with this type of
behavioral data from children at the local level and in such
detail. The integration of these data with nationally collected
statistics was considered by the participants to be a major
strength of the OPdashboard.
https://mhealth.jmir.org/2021/7/e26290
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In addition, during the focus group, it was mentioned that the
OPdashboard potentially offers a very powerful interface with
a dashboard and maps, providing insightful information on local
data. This visual tool could be very useful to local health
authorities to explore localized childhood behaviors and big
effects. The OPdashboard therefore offers a contribution to
science and public health (and clinical management) as well as
the collection and use of big data in finding solutions to real-life
problems.
Furthermore, regarding the analysis of the available data, it was
highlighted that the analysis must focus on local use and avoid
comparisons across countries. The main reason mentioned was
a lack of standardization in the classifications of environmental
parameters when using data from various countries to look at
relationships. A large number of confounders must also be
considered in order to extract causal relations between
obesogenic behaviors and the environment.
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One additional aspect that may affect the analysis is the
estimation of the lack of standardization for the characterization
of the environment. In the BigO system, environmental
parameters such as points of interest use the data from GIS and
online data sources, such as Google Maps, Foursquare, and
OpenStreetMap. However, there are big differences in this
terminology between countries. For example, fast food stores
offer different types of foods in Greece (healthy foods can also
be available in Greek fast food stores) and Sweden. If
international comparisons are made, the analysis that is made
through the OPdashboard must take into account the
heterogeneity of classifications in environmental variables.
The OPdashboard can be used for the evaluation of
interventions, through analysis made longitudinally with time,
or for the design of health policies through the application of
predictive models. In this respect, during the focus group, it
was mentioned that the users who would benefit most from the
OPdashboard will be local authorities, central governments,
educational policy makers, and researchers (eg, epidemiologists)
since these user groups play an important role in the
development of effective interventions or actions to address
local childhood obesity–related issues. Finally, engaged citizens
may also find the system valuable due to high interest in
exploring data from their region and country.
It was identified that confidentiality and privacy of data may
be the main barrier against the adoption of the OPdashboard,
and BigO in general, by health authorities.
In conclusion, it was underlined that BigO, and the OPdashboard
in particular, can be very helpful to public health authorities for
planning interventions and observing their effect in the local
population.

Discussion
Principal Findings
The increased prevalence of obesity and overweight in children
in European countries has been identified as a major public
health issue that must be addressed. Child and adolescent obesity
can occur into adulthood and is associated with increased
morbidity and mortality. Modern technologies and their
widespread adoption by children and adolescents can facilitate
a better understanding of children’s obesogenic behavior,
particularly those that increase the likelihood of developing
obesity early in life. In addition, the characteristics of the
environment in which children move, eat, and live can promote
obesogenic behaviors, and these must be considered in order to
design effective localized interventions at the population level.
In this paper, we presented the OPdashboard, which is an
interactive tool that may be used for the extraction of
associations between children’s obesogenic behaviors and the
local environment using big data. The OPdashboard is freely
available and the beta version can be accessed online [30]. The
main functionalities of the OPdashboard include data
exploration, extraction of associations, evaluation of
interventions, and prediction of a behavior after an intervention.
The OPdashboard was implemented as a web interface for
potential users like (1) local health authorities and policy makers
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who develop and deliver actions to change obesogenic factors
and reduce obesity, (2) researchers focusing on understanding
obesity and the factors that influence it (eg, data scientists,
epidemiologists), and (3) public and local educational and social
services. In addition, citizens who are interested in exploring
the data of their region and/or country can also benefit from the
provided tools. The OPdashboard was implemented in the
context of the BigO program [23], which aims to tackle the
problem of childhood obesity.
Over 3700 children from more than 33 schools and 2 clinics in
5 European cities used a custom-made mHealth app, through
which accelerometry and geolocation data were recorded. The
big data collected led to the extraction of population behaviors
in specific geographical areas while online databases were used
for the collection of data related to the characteristics of the
environment.
The web interface of the OPdashboard was implemented in R
while RESTful web services were developed in order to access
data stored in the MongoDB database. The data exploration
functionality was evaluated by a focus group, where experts in
the field of public health, statistical epidemiology, and clinical
endocrinology participated, highlighting the usefulness of such
a tool for the understanding of obesity in association with the
environment.
Our findings indicated that the greater the density of food- or
sports-related places in the areas proximal to schools, the greater
the probability that children will visit them. These results
highlight the effect of the local environmental factors on
children’s behavior, as previously documented in several studies
[15,16].
The outbreak of the COVID-19 pandemic triggered an
assessment of children’s behavioral change as a result of the
health-related policies implemented. In this respect, the effect
of school closure in Greece on children’s physical activity was
studied. It was found that school closure led to an expected
decrease in children’s physical activity in the city of
Thessaloniki. However, the decrease was statistically significant
in urban areas, while in the suburbs, the decrease was not so
apparent. On the contrary, in some municipalities, an increase
in children’s physical activity levels was observed. This finding
might be the result of a different mix of underlying
socioeconomic, cultural, and environmental factors related to
obesogenic behaviors among children that was not addressed
in the design of this study.
A recent systematic review on the use of telehealth for the
treatment of childhood obesity was shown to be promising,
particularly for reaching rural and less accessible patients, and
carefully designed mHealth interventions have the potential for
improving this reach, given the increasing popularity of mobile
devices [42]. However, the prevention of obesity, or nutritional
disorders in general, using mHealth apps is still under
development, with some studies evaluating the feasibility of
using such apps for the prevention of nutritional disorders using
food intake metrics, activity level metrics, and questionnaires
[43]. The impact of preventive interventions through advanced
mHealth systems is expected to increase due to a lack of
large-scale databases, a gap that our OPdashboard system tries
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to close. Furthermore, given that pediatricians and other health
professionals involved in the management of childhood obesity
appear inclined to incorporate mHealth systems into their
practice [44], we expect the OPdashboard to be adopted by the
medical community as is the case with the educational
community.
The unique big data that are available through the OPdashboard
can lead to the implementation of models that are able to predict
population behavior, allowing for the design of localized
interventions. The OPdashboard can be considered as a tool
that will increase our understanding of the underlying factors
in childhood obesity and the design of regional interventions
both for prevention and treatment.

Limitations
Limitations include problems regarding data sparseness such
as missing data; lack of continuous monitoring at the individual
level; and variations in the accuracy of the estimates, which
may lead to bias or inaccurate correlation estimates. Overcoming
these limitations is in progress.
There is also an underestimation of daily physical activity as
the dashboard relies on smartphone-based accelerometry
measurements, and smartphones are not carried continuously
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by children. Sports activities are usually missed. In some
countries such as Greece, students may not be allowed to use
their smartphones in school, further limiting the collection of
accelerometry data during the day.
Furthermore, to ensure completeness of the analysis, additional
confounders affecting children’s behaviors must be studied,
which were not considered here. These cofounders include,
among others, psychological, socioeconomical, or cultural
factors. Additionally, the age, gender, and BMI z-score of the
children was not considered in the analysis. An analysis of the
type of meals based on photos taken by the children using the
myBigO app could provide more insights on children’s
obesogenic behaviors; however, this was out of the scope of
this study.
Finally, another limitation of the study was the high
administrative load due to the exclusive use of paper-based
parental consent for children’s participation, which resulted in
low participant numbers in some schools. Following the decision
of the ethics review boards in Greece and Sweden, electronic
consent via the mHealth app, which could facilitate user
registration, was deemed inappropriate due to the young age of
the participants and the sensitive nature of the collected data.
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Abstract
Background: Globally, 71% of deaths occur due to noncommunicable diseases (NCDs). Poor diet quality and physical activity
have a significant impact on NCDs. At present, behavior change interventions using smartphone apps have rapidly increased
worldwide to prevent NCDs. However, most previous studies on the use and effectiveness of apps have been conducted in
Organization for Economic Co-operation and Development (OECD) countries. As such, relevant research in low-income countries
is scarce.
Objective: This retrospective cohort study aims to investigate the characteristics of adherence to the use of the Noom app. We
also aim to compare the effects of using the app on body weight changes over time according to adherence to the use of the app
between users in low-income and OECD countries. In addition, the differences in weight loss are compared among users who
use the free and paid versions of the app.
Methods: A secondary data analysis was conducted using repeated measures. The data were collected from users in low-income
countries (n=312) and OECD countries (n=8041) who used the app for 12 months. The app provided programs for the
self-monitoring of physical activity, dietary intake, and body weight. Descriptive statistics, independent two-tailed t tests, chi-square
tests, and linear mixed models were used for the analysis.
Results: During the first 3 months of using the Noom app, users from OECD countries entered data into the app more frequently;
however, users in low-income countries entered data more frequently from 3 months to 12 months. Users in OECD countries
consumed significantly more calories than those in low-income countries for 12 months. The body weight of all users significantly
decreased over time (−1.8 kg; P<.001); however, no statistically significant differences in the change in body weight for 12
months were observed between users from low-income and OECD countries (β=−.2; P=.19). The users who frequently monitored
their lunch (β=−.1; P<.001), dinner (β=−.1; P<.001), body weight (β=−.1; P<.001), evening snack (β=−.1; P<.001), and exercise
(β=−.03; P<.001) exhibited significant weight loss over time. We found no significant differences in the body weight changes
between users who used the free and paid versions of the app (β=−.2; P=.19).
Conclusions: This study found that using the app has a significant effect on weight loss regardless of users’ country of residence.
The results of this study suggest that the frequency of monitoring health-related behaviors by entering data into the app plays a
pivotal role in losing weight. In conclusion, regardless of where users live and what versions of the app they use, it is important
to monitor health-related behaviors by frequently entering data into the app to efficiently lose weight.
(JMIR Mhealth Uhealth 2021;9(7):e13496) doi:10.2196/13496
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Introduction
Background
Annually, approximately 41 million people (or 71% of all deaths
globally) die of noncommunicable diseases (NCDs), such as
cardiovascular diseases, cancers, and diabetes [1]. Accordingly,
poor diet quality and physical inactivity, which are the key
factors for the prevalence of NCDs and mortality worldwide,
are considered priority areas for global action [2]. Improving
physical activity (PA) and dietary intake have been emphasized
to prevent NCDs [3].
Given the global scale of NCDs, effective preventative
interventions that can reach a wide range of populations at low
costs are urgently needed [4]. It has been recognized that
technology can support health improvements worldwide [1].
Specifically, because of the lowering prices of smartphones and
the easy access they provide, mobile technology is expected to
play a particularly important role in improving health-related
behaviors in low-, middle-, and high-income countries [5].
Currently, smartphones are arguably the most prosperous and
expeditiously adopted modern technology in the world. In
low-income countries, access to smartphones increased from
4% to 94% from 2000 to 2015 [6].

Objectives
The growth in mobile technologies has stimulated the growth
of smartphone health and fitness apps [7]. The apps that target
health promotion have become a central part of people’s lives
and have demonstrated large increases in use [8]. According to
previous studies, smartphone health apps have a positive impact
on the improvement of health-related behaviors and outcomes,
such as dietary intake, PA, and weight loss [9].
However, despite the growing use of apps that target
health-related behavior change, the long-term effects of such
apps on targeted health behaviors and outcomes, such as diet,
PA, and weight loss, particularly among users in low-income
countries, remains unclear [10,11]. Most previous studies were
conducted in wealthy countries with highly developed
technologies. To fill this gap in the literature, this study was
conducted to compare the characteristics of adherence with
using a smartphone app (Noom) and the effectiveness of the
apps between low-income and Organization for Economic
Co-operation and Development (OECD) countries.
The hypotheses tested in this study were as follows:
•

•

H1: There would be differences in adherence to the use of
self-monitoring data entry of diet, PA, and body weight
between users from low-income countries and OECD
countries.
H2: There would be differences in body weight changes
over time between users from low-income and OECD
countries.
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•

H3: There would be differences in body weight changes
between users of the paid and free versions of the app.

Methods
Study Design
This study was a retrospective cohort study that aimed to
compare the use and effectiveness of a smartphone health app
on changes in body weight over time between low-income and
OECD countries.

Setting
Low-Income Countries
The list of low-income countries was derived from a report by
the International Statistical Institute. The gross national income,
derived from the World Bank County classification, was used
as a measure of a country’s income. Countries with gross
national income per capita slightly over US $12,476 were
considered as low-income countries [12]. In this study, we
focused on data from 31 low-income countries (Multimedia
Appendix 1).

OECD Countries
The OECD is an intergovernmental economic organization with
36 member countries [13]. Most OECD countries are
high-income economies with a high human development index
and are regarded as high-income countries [14]. The data of
users from 32 OECD countries were included in this study
(Multimedia Appendix 2).

Participants
The data were provided by the Noom Coach (Noom Inc) app
company. Individuals who used the Noom Coach app for 12
months between October 2012 and April 2014 and provided
relevant data (demographic characteristics, exercise, dietary
intake, and weight) were included. The participants used the
exercise data entry function, dietary data entry function, or
weight data entry function. As the age of 42 years is the default
value in the age tab of the app, we excluded all users who
indicated 42 years as their age, assuming that all these users did
not correctly indicate their age when they started using the app.
Accordingly, from 48,095 cases in the original data set, 4026
cases were removed. From the remaining 44,069 users, we
selected 12,173 users who used the app for 12 months. On
deletion of users who did not enter all necessary data (n=3638),
the final data set contained a total of 8353 users.

Intervention: Noom Coach
Noom Coach is a smartphone app for weight loss that tracks
dietary intake, PA, and body weight. Created in 2012, this app
is now available in 5 languages (English, Korean, Japanese,
German, and Spanish) from the Google Play store; the iOS
version is also available. With more than 10 million downloads
worldwide, this app has been consistently ranked as the most
effective weight loss app [15,16].
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When app users log in for the first time, they are asked to enter
the expected body weight and record their present body weight
and height. During the period of using the Noom Coach app,
users are requested to record their daily dietary intake and the
number of footsteps as their PA. On the basis of the data entered
by users, the app reports the trends in body weight changes,
calories, and nutritional summaries. To support the achievement
of the desired body weight, the app provides tailored feedback,
including types of exercise. The app is available in 2 versions:
free and paid. The free version includes functions such as food
logging, weight tracking, and helpful tips. The paid version
offers more services, including supportive advice from a
specialist, new recipes of dietary intake, workout guides,
tracking progress, and one-to-one coaching.

Statistical Methods
All statistical analyses were performed using SPSS (version
24.0; IBM Corporation). Appropriate descriptive statistic
analyses were conducted on baseline variables, such as age,
sex, body weight, BMI, and the frequency of data entry on each
section of diet and exercise. To analyze the differences between
users of the app in OECD countries and low-income countries,
independent two-tailed sample t tests were conducted. Moreover,
the progression of body weight over time was described
graphically. A linear mixed model (LMM) was used to evaluate
the differences in body weight changes over time between the
low-income and OECD countries. Statistical significance was
determined at P<.05 (2-sided). Before conducting the analysis,
all assumptions were checked and met. The dispersion of the
outcome variable of body weight was checked before conducting
the LMM. All assumptions were met to conduct an LMM.
LMM with random intercepts was used to evaluate the effects
of time and the effects of gender, age, group (OECD countries
vs low-income countries), frequency of exercise data entry,
frequency of breakfast data entry, frequency of morning snack
data entry, frequency of lunch data entry, frequency of afternoon
snack data entry, frequency of dinner data entry, and frequency
of evening snack data entry on the weight changes over time.
From the unconditional model, the value of intraclass
correlations was 0.9, which confirmed the use of the LMM for
further analysis. From the results of the conditional model, the
random effects model was selected for the LMM. Individual
univariate LMMs were conducted with each independent
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variable to select all significant variables. All significant
variables were entered into the LMM model, and then backward
eliminations were conducted until the minimum values of
Akaike information criterion and Bayesian information criterion
were reached, indicating the best model that predicted the body
weight changes over time.

Variables
In this study, adherence to app use was defined as the frequency
of exercise, diet (breakfast, breakfast snacks, lunch, afternoon
snacks, dinner, and dinner snacks), or the frequency of weight
data entry [11]. The outcome variable was body weight (kg)
changes from baseline to 12 months. If there were no body
weight indications at baseline or at 3, 6, 9, and 12 months, the
values were replaced with the average weight calculated by
averaging the body weight before and after 7 days at each time
point. Age and sex were used as the self-reported baseline
values. BMI (kg/m2) was calculated using weight in kilograms
divided by height in meters squared. BMI was divided into the
following 4 categories: underweight (≤18.5 kg), normal
(18.5-24.9 kg), overweight (25-29.9 kg), and obese (≥30 kg)
[17]. The frequencies of data entry for exercise, breakfast,
morning snack, lunch, afternoon snack, dinner, and evening
snack were the sum of the number of days with values every 3
months. The average calories for exercise, breakfast, morning
snack, lunch, afternoon snack, dinner, and evening snack were
calculated by averaging the calories consumed before and after
7 days at each time point.

Results
Characteristics of Participants
The baseline characteristics of the participants (N=8343) are
summarized in Table 1. Of the 8343 users, 8041 (96.38%) were
from OECD countries and 312 (3.88%) were from low-income
countries. The mean ages of users from low-income countries
and OECD countries were 32.43 years (SD 9.5; range 18-66)
and 36.1 years (SD 11.7; range 13-76), respectively. Most users
in each group were female (6024/8343, 72.2%). The mean
values of body weight of users from low-income and OECD
countries were 74.6 kg and 82.2 kg at baseline, respectively.
Most users in low-income countries (208/312, 66.7%) and
OECD countries (5468/8041, 68%) were obese.
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Table 1. Demographic characteristics at baseline (N=8353).
Characteristics

Organization for Economic Co-operation and Development countries Low-income countries (n=312)
(n=8041)

Age (years), mean (SD; range)

36.1 (11.7; 13.0-76.0)

32.4 (9.5; 18.0-66.0)

Male

2017 (25.08)

112 (35.9)

Female

6024 (74.92)

200 (64.1)

82.2 (21.2; 39.0-188.7)

74.6 (17.1; 49.0-158.8)

Underweight

63 (0.78)

2 (0.64)

Normal weight

1400 (17.41)

60 (19.23)

Overweight

1110 (13.80)

42 (13.46)

Obese

5468 (68)

208 (66.67)

Gender, n (%)

Weight (kg), mean (SD; range)
BMI (kg/m2), n (%)

Frequency of exercise entry, mean (SD; 123.6 (97.4; 0.0-360.0)
range)

126.2 (96.6; 0.0-360.0)

Frequency of breakfast data entry, mean 198.5 (99.6; 0.0-360.0)
(SD; range)

199.3 (103.8; 0.0-360.0)

Frequency of morning snack data entry, 89.0 (85.8; 0.0-360.0)
mean (SD; range)

114.8 (99.7; 0.0-360.0)

Frequency of lunch data entry, mean
(SD; range)

179.7 (104.5; 0.0-360.0)

183.1 (99.0; 0.0-360.0)

Frequency of afternoon snack data entry, 102.0 (84.9; 0.0-360.0)
mean (SD; range)

120.4 (97.1; 0.0-360.0)

Frequency of dinner data entry, mean
(SD; range)

152.5 (100.8; 0.0-360.0)

149.4 (106.3; 0.0-360.0)

Frequency of evening snack data entry,
mean (SD; range)

57.5 (70.1; 0.0-360.0)

62.7 (76.0; 0.0-360.0)

Exercise, mean (SD; range)

305.8 (192.2; 0.0-1300.0)

280.4 (190.1; 0.0-1300.0)

Breakfast, mean (SD; range)

288.1 (110.3; 0.0-700.0)

293.8 (112.0; 0.0-700.0)

Morning snack, mean (SD; range)

179.7 (95.4; 0.0-1244.4)

187.4 (107.6; 0.0-1200.0)

Lunch, mean (SD; range)

413.9 (151.0; 0.0-1419.7)

226.6 (107.2; 0.0-1400.0)

Afternoon snack, mean (SD; range)

225.0 (122.0; 0.0-1500.0)

401.9 (171.2; 0.0-1108.2)

Dinner, mean (SD; range)

458.8 (173.0; 0.0-1436.7)

223.7 (125.0; 0.0-714.7)

Evening snack, mean (SD; range)

235.5 (123.7; 0.0-978.0)

157.9 (74.6; 0.0-157.9)

The average frequencies of data entry of users from OECD
countries for exercise, breakfast, morning snack, lunch,
afternoon snack, dinner, and evening snack were 123.6, 198.5,
89.0, 183.1, 102.0, 152.5, and 57.5, respectively. The average
frequencies of data entry of users from low-income countries
for exercise, breakfast, morning snack, lunch, afternoon snack,
dinner, and evening snack were 126.2, 199.3, 114.8, 179.7,
120.4, 149.4, and 62.7, respectively. The mean calories of
exercise, breakfast, morning snack, lunch, afternoon snack,
dinner, and evening snack of users from OECD countries were
305.8, 288.1, 179.7, 413.9, 225.0, 458.8, and 235.5, respectively.
The mean calories of exercise, breakfast, morning snack, lunch,
afternoon snack, dinner, and evening snack of users from
low-income countries were 280.4, 293.8, 187.4, 226.6, 401.9,
223.7, and 157.9, respectively. The values corresponding to
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each item represent the average value over a period when users
use the app.

Comparison of Frequency of Self-Monitoring Data
Entry Between Low-Income and OECD Countries at
Each Time Point
Independent two-tailed sample t tests were conducted to
compare the frequency of data entry and calories between users
from low-income and OECD countries. There were significant
differences in the frequency of data entering for breakfast
(t8351=−2.6; P=.009), morning snack (t8351=3.1; P=.002), lunch
(t8351=−3.1; P=.002), and dinner (t8351=−2.9; P=.003) data
between baseline and 3 months. At this time point, users from
OECD countries entered their data (except for those on morning
snack) more frequently than those from low-income countries.
Between 3 and 6 months, users from low-income countries
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entered morning snack (t8351=5.0; P<.001) and afternoon snack
data (t8351=3.6; P<.001) significantly more frequently. Users in
low-income countries entered morning snack (t8351=4.3; P<.001)
and afternoon snack data (t8351=2.8; P=.005) more times than
those in OECD countries between 6 and 9 months. Between 9
and 12 months, there was a significant difference in the values

for morning snack (t8351=3.8; P<.001) and afternoon snack data
(t8351=2.3; P<.02) entering between the users from low-income
and OECD countries (Table 2). These results support hypothesis
1, as there were differences in adherence to the use of
self-monitoring data entry between users from low-income
countries and OECD countries.

Table 2. Results of independent two-tailed t tests to compare the difference in frequency of data entry between Organization for Economic Co-operation
and Development (n=8041) and low-income countries (n=312).
Characteristics

a

Time 1 (baseline to 3 months),
mean (SD)

Time 2 (3-6 months), mean
(SD)

Time 3 (6-9 months), mean
(SD)

Time 4 (9-12 months), mean
(SD)

OECDa

Low-income

OECD

OECD

OECD

Frequency of exercise
data entry

35.1 (23.0)

36.2 (24.5)

28.4 (23.6) 29.7 (24.3)

22.2 (22.5) 23.3 (23.0)

18.5 (21.1) 19.4 (21.1)

Frequency of breakfast
data entry

51.5 (30.0)b

46.9 (32.1)b

50.9 (28.1) 51.7 (27.3)

40.0 (29.7) 40.4 (30.5)

32.9 (29.1) 33.9 (29.9)

Frequency of morning
snack data entry

22.4 (22.2)b

26.4 (26.4)b

21.7
(22.3)

b

Low-income

28.2 (25.8)b

(20.5)

Frequency of lunch data 48.4 (29.4)b
entry

43.1 (32.1)b

47.1 (47.5) 47.5 (28.4)

Frequency of afternoon 27.7 (23.0)
snack data entry

29.2 (26.4)

25.5

Frequency of dinner
data entry

42.8 (29.1)

Frequency of evening
snack data entry

16.5 (18.1)

(22.6)
b

37.8 (30.7)
17.1 (20.5)

b

b

16.4

30.3 (24.9)b

b

Low-income

21.5 (24.6)b

(19.2)

36.2 (28.9) 36.8 (30.3)
18.8
(21.2)

b

13.4

22.3 (24.3)b

b

Low-income

17.8 (23.4)b

29.5 (28.2) 30.3 (29.3)
15.2
(19.8)

b

17.9 (22.6)b

38.7 (28.0) 38.8 (22.6)

29.1 (27.8) 29.3 (28.2)

23.6 (26.3) 23.8 (27.1)

13.6 (17.5) 15.0 (19.3)

21.1 (16.8) 21.1 (18.0)

8.0 (14.9)

8.9 (16.1)

OECD: Organization for Economic Co-operation and Development.

b

Significant at the P<.05 level.

Body Weight Changes Between Users in Low-Income
and OECD Countries From Baseline to 12 Months
Figure 1 shows the body weight (kg) changes of users from the
low-income and OECD countries at each time point. The body
weight of users from the low-income and OECD countries was
78.3 and 82.3 at baseline, respectively. From baseline to 6
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months, users in both types of countries exhibited a dramatic
reduction in their body weight, about 5 kg, which then slightly
decreased until 12 months (Figure 1). There were no statistically
significant differences in the degree of weight loss between
users from the low-income and OECD countries at each time
point (baseline to 3 months, 3-6 months, 6-9 months, and 9-12
months; Table 3).
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Figure 1. Comparison of body weight changes over time between Organization for Economic Co-operation and Development (n=8041) and low-income
countries (n=312). OECD: Organization for Economic Co-operation and Development.

Table 3. Difference in the degree of weight loss between Organization for Economic Co-operation and Development (n=8041) and low-income (n=312)
countries at each time point.
Time

Organization for Economic Co-operation and Development Low-income countries,
countries, mean (SD)
mean (SD)

t test (df)

P value

95% CI

Baseline to 3
months

−2.7 (5.1)

−2.4 (7.7)

0.7 (8351)

.46

−0.4 to 0.8

3-6 months

−2.4 (3.8)

−2.3 (3.2)

0.4 (8351)

.67

−0.3 to 0.5

6-9 months

−0.8 (3.7)

−0.9 (2.1)

−0.5 (8351)

.63

−0.5 to 0.3

9-12 months

−0.2 (4.8)

−0.03 (2.1)

0.6 (8351)

.54

−0.4 to 0.7

Comparison of Body Weight Changes Over Time
Between Users From Low-Income and OECD
Countries and Between Users of the Paid and Free
Versions of the App
The change in body weight over time was not significantly
different between the users from low-income and OECD
countries (β=−.2; P=.19). However, there were differences in
body weight changes over time according to adherence to the
app. For every increase of 1 unit in frequency of exercise
(β=−.004; P<.001), lunch (β=−.01; P<.001), dinner (β=−.01;
P<.001), evening snack (β=−.01; P<.001), or weight (β=−.01;
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P<.001), body weight statistically significantly decreased. The
changes in body weight differed by gender, as demonstrated by
the interaction between time and sex (β=.7; P<.001). For every
increase of 1 unit in age, the body weight increased by 0.002
(P=.03; Table 4). There was no significant difference in body
weight changes over time based on the version of the app (free
version vs paid version; β=−.01; P=.91). On the basis of the
results, the hypothesis that there would be differences in body
weight change over time according to smartphone adherence
between users from low-income and OECD countries and the
hypothesis that there would be differences in body weight
changes between users of the paid and free versions of the app
had to be rejected.
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Table 4. Compare the difference in body weight changes over time between low-income (n=312) and Organization for Economic Co-operation and
Development (n=8041) countries.
Parameter

Estimate (SE; 95% CI)

t test (df)

P value

Intercept

89.8 (1.2; 87.4–92.3)

72.2 (8380.0)

<.001

Time

−1.7 (0.1; −1.9 to −1.4)

−12.8 (8524.7)

<.001

Age

0.1 (0.01; 0.04–0.1)

6.6 (8347.3)

<.001

−19.0 (0.5; −20.0 to −18.0)

−37.4 (8809.2)

<.001

OECD

5.7 (1.2; 3.4–8.0)

4.8 (8346.2)

<.001

Frequency of lunch data entry

−0.04 (0.01; −0.1 to −0.03)

−7.7 (30380.0)

<.001

Frequency of dinner data entry

0.03 (0.01; 0.02–0.1)

5.2 (30493.1)

<.001

Frequency of weight data entry

−0.02 (0.003; −0.02 to −0.01)

−5.0 (31933.7)

<.001

Frequency of evening snack data entry

0.02 (0.01; 0.01–0.03)

3.2 (31694.5)

.001

Interaction between time and gender

0.7 (0.1; 0.6–0.8)

12.7 (8369.0)

<.001

Interaction between time and frequency of lunch data entry

0.01 (0.001; 0.01–0.01)

5.7 (32911.1)

<.001

Interaction between time and frequency of dinner data entry

−0.01 (0.002; −0.01 to −0.01)

−4.9 (33057.6)

<.001

Interaction between time and frequency of body weight data entry

−0.01 (0.001; −0.01 to −0.003)

−4.1 (33075.5)

<.001

Interaction between time and frequency of evening snack data entry

−0.01 (0.002; −0.01 to −0.004)

−4.4 (33007.3)

<.001

Interaction between time and frequency of exercise data entry

−0.003 (0.0004; −0.004 to −0.003)

−7.6 (33510.8)

<.001

Interaction between time and age

0.002 (0.001; −0.0001 to 0.003)

1.8 (8299.9)

.03

Interaction between time and OECD

−0.2 (0.12; −0.4 to 0.1)

−1.3 (8304.4)

.19

Gender
a

a

OECD: Organization for Economic Co-operation and Development.

Comparison of Consumed Calories Between Users
From the Low-Income and OECD Countries at Each
Time Point
There were significant differences in calorie consumption for
each category between the users from low-income and OECD
countries. Between baseline and 3 months, users from OECD
countries consumed significantly more calories for breakfast
(t8351=−2.5; P=.01), lunch (t8351=−3.5; P<.001), afternoon snack
(t8351=−2.0; P=.04), dinner (t8351=−6.7; P<.001), and evening
snacks (t8351=−2.2; P=.03). Compared with users from
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low-income countries, users from OECD countries also
consumed significantly more calories for exercise (t8351=−2.7;
P=.008) and dinner (t8351=−5.2; P<.001) between 3 and 6
months. There was also a statistically significant difference in
calories of exercise (t8351=−2.6; P=.01) and dinner (t8351=−3.9;
P<.001) for both groups between 6 and 9 months. Users from
OECD countries consumed more calories for exercise and
dinner. Between 9 months and 12 months, users from the OECD
countries consumed significantly higher amounts of dinner
calories than users from low-income countries (t8351=−4.7;
P<.001; Table 5).
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Table 5. Results of independent two-tailed t tests of average consumed calories between Organization for Economic Co-operation and Development
(n=8041) and low-income countries (n=312).
Characteristics

Calories of exercise

Time 2 (baseline to 3 months),
mean (SD)

Time 3 (3-6 months), mean
(SD)

Time 4 (6-9 months), mean
(SD)

Time 5 (9-12 months), mean
(SD)

OECDa

Low-Income

OECD

Low-Income

OECD

OECD

Low-Income

277.0 (189.1)

259.8 (192.6)

286.3

252.9 (182.8)b 277.6
(232.3)b

243.4 (202.7)b 270.4
(241.1)

231.6 (214.9)

(217.9)b
Calories of breakfast
data

263.6 (130.8)b

245.0 (145.1)b

280.8
(125.7)

280.0 (126.7)

276.5
(134.2)

280.3 (141.1)

270.1
(142.3)

281.8 (151.9)

Calories of morning
snack

152.1 (149.6)

149.6 (122.1)

169.1
(120.8)

169.4 (105.0)

158.5
(126.6)

171.6 (132.7)

149.6
(136.4)

162.4 (132.5)

Calories of lunch

366.8 (175.9)b

331.0 (192.1)b

402.0
(163.8)

388.0 (170.4)

392.4
(382.6)

382.6 (199.1)

381.5
(197.9)

374.6 (210.2)

Calories of afternoon
snack

188.9 (113.7)b

175.2 (121.6)b

207.4
(118.4)

216.2 (108.8)

197.8
(132.6)

203.8 (133.6)

185.6
(140.0)

188.5 (134.8)

Calories of dinner

402.5 (208.4)b

321.4 (192.9)b

442.2
(197.2)

Calories of evening
snack
a

Low-Income

192.4 (138.7)b

174.3 (146.2)b

b

203.0
(149.4)

383.1 (176.6)b 417.7
(223.0)b

367.5 (227.0)b 405.4
(244.1)b

339.1 (235.8)b

187.9 (152.3)

173.8 (163.0)

149.5 (164.8)

178.2
(171.4)

162.3
(166.3)

OECD: Organization for Economic Co-operation and Development.

b

Significant at the P<.05 level.

Comparison of the Total Frequency of Data Entry and
Overall Calorie Consumption Between Users From
Low-Income and OECD Countries
Independent two-tailed sample t tests were conducted to
compare the total frequency and overall calorie consumption
between users from low-income and OECD countries. There

was a statistically significant difference in the frequency of data
entry of morning snack (t8351=−5.4; P<.001) and afternoon snack
(t8351=3.9; P<.001) between the two groups of users (Table 6).
There were also significant differences in the average calories
for exercise (t8351=−2.4; P=.02) and dinner (t8351=−5.9; P<.001;
Table 7).

Table 6. Results of independent two-tailed t tests to compare the total frequency of data entry between Organization for Economic Co-operation and
Development (n=8041) and low-income countries (n=312).
Characteristics

Organization for Economic Co-operation and Development countries (n=8041), mean (SD)

Low-income countries
(n=321), mean (SD)

t test (df)

P value

t-value (95%
CI)

Total frequency of exercise
data entry

123.6 (97.4)

126.2 (96.6)

0.1 (8351)

.65

−8.4 to 13.6

Total frequency of breakfast 198.5 (99.4)
data entry

199.3 (103.8)

−0.2
(8351)

.88

−10.4 to
12.1

Total frequency of morning
snack data entry

88.0 (85.1)

114.8 (99.7)

−5.4
(8351)

<.001

17.1 to 36.5

Total frequency of lunch
data entry

183.2 (98.7)

179.7 (104.5)

−0.9
(8351)

.53

−14.8 to 7.6

Total frequency of afternoon 101.3 (84.4)
snack data entry

120.4 (97.1)

3.9 (8351)

<.001

9.5 to 28.7

Total frequency of dinner
data entry

152.6 (100.6)

149.36 (106.3)

1.1 (8351)

.58

−15.3 to 8.8

Total frequency of evening
snack data entry

57.3 (69.9)

62.74 (76.0)

−0.3
(8351)

.18

−7.3 to 9.2
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Table 7. Results of independent two-tailed t tests to compare the overall calories between Organization for Economic Co-operation and Development
(n=8041) and low-income countries (n=312).
Characteristics

Organization for Economic Co-operation and Development countries, mean (SD)

Low-income countries,
mean (SD)

t test (df)

P value

t-value (95%
CI)

Exercise

306.8 (192.2)

280.4 (190.1)

−2.4
(8351)

.02

−48.2 to −4.7

Breakfast

287.9 (110.2)

293.8 (112.0)

1.0 (8351)

.35

−6.6 to 18.4

Morning snack

179.4 (94.8)

187.4 (107.6)

1.1 (8351)

.15

−2.8 to 18.8

Lunch

414.1 (150.5)

408.6 (163.4)

−0.6
(8351)

.53

−22.5 to 11.6

Afternoon snack

224.9 (122.5)

226.6 (107.2)

1.2 (8351)

.81

−12.1 to 15.5

Dinner

461.0 (172.7)

401.9 (171.2)

−5.9
(8351)

<.001

−78.7 to −39.6

Evening snack

236.0 (123.6)

223.7 (125.0)

−1.8
(8351)

.09

−26.2 to 1.8

Discussion
Principal Findings
The results of this study suggest that there are significant
differences in using the app between users from low-income
and OECD countries. At most time points, users from
low-income countries entered more data into the app than users
from OECD countries. However, all users exhibited a decrease
in the frequency of app use over time. There has been
insufficient research on adherence to mobile health (mHealth)
apps, especially regarding users in low-income countries.
Accordingly, it is difficult to understand the level of adherence
to the use of mHealth apps and to compare differences in
adherence rates among different groups of users. However,
achieving long-term health-related goals, such as weight loss,
requires constant and committed participation in using the
mHealth app. In addition, the low retention rate of using
mHealth apps has been recognized as a critical problem.
Therefore, further research on adherence to using mHealth apps
is needed.
According to a recent study, more than two-thirds of people
who downloaded an mHealth app used it only once or stopped
using it within a short time [18]. Similarly, Lee et al [19]
reported the use of mHealth apps to gradually reduce over time.
To benefit from an mHealth app, users should continue to use
it for a sufficient amount of time so that it can be incorporated
into their daily lives [20]. Furthermore, users should put much
effort into using mHealth apps for a long time because changing
habitual behavior takes a substantial amount of time [19].
Accordingly, researchers and app developers should investigate
and adopt essential features that would encourage users to keep
using mHealth apps to accomplish their health outcomes.
In our results, the frequency of data entry was significantly
associated with weight loss over time. Specifically, users who
frequently monitored their lunch, dinner, body weight, evening
snack, or exercise exhibited significant weight loss over time.
As previous studies established that eating a late and large
amount of dinner is associated with weight gain [21,22], it can
be assumed that those users who more frequently track their
https://mhealth.jmir.org/2021/7/e13496
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exercise and dinner calories try to increase their movement and
reduce dinner calories or make an effort to eat dinner in small
quantities and earlier than usual. Similar to our findings, a
systematic review found a significant relationship between the
frequency of self-monitoring for diet and PA and weight loss
[23]. Furthermore, Conroy et al [24] found that higher mean
rates of PA self-monitoring were associated with a greater
reduction in weight. Moreover, Peterson et al [25] reported that
the total number of food records can be a predictor of weight
loss, regardless of the type of meals. On the basis of this
evidence, it can be concluded that people who more consistently
track their food, exercise, and body weight by using the app are
more likely to lose weight [26].
In fact, there is insufficient research on the importance of having
separate data entries for meals and snacks on weight loss.
However, it can be assumed that people can understand their
current eating habits and the nutrient value of food by tracking
meals and snacks. Through this process, they might enhance
their ability to balance total calories and macronutrients
throughout the day and reduce their body weight in the long
term [27]. Regular weighing is another essential and simple
way to lose weight by boosting motivation [28]. A study found
that people who never weighed themselves or only weighed
themselves once per week did not exhibit weight reduction.
However, those who weighed themselves almost daily exhibited
significant weight loss within 1 year [29]. The monitoring and
logging of exercise can encourage people to move more
throughout the day; therefore, people can efficiently reduce
their body weight [30]. To summarize, many studies have found
that monitoring health-related behaviors or weight can increase
people’s perceptions of the effects of changing behaviors related
to weight loss [29,31,32].
It was found that there were no significant differences in weight
change between users living in low-income or OECD countries.
Specifically, we found that self-monitoring of PA, diet, or body
weight through a smartphone app can be a useful tool to lose
weight regardless of the users’ country of residence. Users from
the low-income and OECD countries showed statistically
significant weight loss at 9 months after starting using the app;
however, users from OECD countries regained their weight and
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e13496 | p.150
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returned to their original body weight in 12 months. Lifestyle,
including not only diet and PA patterns, varies considerably
across countries [33]. Specifically, although high-income
countries generally have better diets based on healthy foods,
they also have substantially poorer diets because of a higher
intake of unhealthy foods compared with low-income countries
[34]. In addition, high-income countries are often linked to low
levels of PA levels [35]. These reasons could have influenced
the weight gain of users from OECD countries in this study.
However, further research on the reasons that made users from
OECD countries gain weight is needed.
In this study, we assumed that the users of the paid version of
the app would show more body weight reduction than users
who used the free version of the app. Our prediction was based
on the fact that the paid version offers a variety of features,
including customized diet planning, one-on-one coaching, social
support, weight recording logs, and food and exercise tracking,
whereas the free version only allows users to log and track their
data on diet, exercise, and weight [36]. However, the results
showed that there were no statistically significant differences
in body weight changes over time between the users of the 2
versions of the app. A previous systematic review found that
self-monitoring of diet, exercise, and weight is the core feature
of behavioral weight loss intervention programs [37]. However,
there is a lack of information about the features of smartphone
health apps that are the most valuable in terms of weight loss.
To develop an efficient and effective app for weight loss, further
research is required to identify such features.
The imminent global threat of NCDs calls for urgent solutions
that would extend existing health systems into the community
[38]. In recent years, smartphone health care apps have attracted
significant attention as effective interventions to prevent NCDs
[39]. However, despite the widespread use of smartphone apps
as interventions to lose weight, previous research on body
weight changes according to using smartphone health apps in
low-income countries remains scarce [40]. This study compared
the use of an app and its effectiveness on body weight changes
over time in low-income and OECD countries. The results
showed no significant differences in the use and effectiveness
of the app between users from the two groups of countries.
Although the app provides a specialized diet and PA monitoring
programs in many languages and targets diverse populations
around the world, the number of users in OECD countries is
more than 4 times the number in low-income countries.
Although it is difficult to conclude that our data set contained

Han & Rhee
all users’ information about the app, this information provides
a need to consider the barriers and challenges of smartphone
use in low-income countries. As smartphone apps can provide
extraordinary health opportunities to users from low-income
countries, which seriously lack health infrastructure and clinical
resources, many efforts to enhance the use of smartphone health
apps are needed so that these apps to reach their full potential
in low-income countries [6].
This study has several limitations. First, as our study was a
retrospective cohort study, the results may be limited by the
observational nature of the data set. To accurately evaluate the
effectiveness of the app, well-developed randomized controlled
trials should be conducted. Second, our data set included only
a representative selection of OECD and low-income countries,
which might have affected the generalizability of our findings.
Third, our analysis did not include some important demographic
factors, socioeconomic factors, and lifestyle variables that could
affect the use of the smartphone app and body weight changes.
Fourth, the users downloaded and used the app with the intention
of monitoring their diet and PA and to voluntarily lose weight.
Therefore, this might have made the results significant in this
analysis. Fifth, it is possible that users may engage in a suitable
diet and PA without logging or self-reporting. Finally, the
analyzed data were self-reported, which might have affected
the accuracy of our conclusions. Despite the aforementioned
limitations, the results of this study provide valuable insights
for investigators, engineers, politicians, policymakers,
government authorities, health care providers, and the general
population worldwide in terms of highlighting the benefits of
using health care smartphone apps in health promotion. Our
results also highlight the strong potential of the studied app [41].

Conclusions
In conclusion, this study is the first to investigate the
effectiveness of using a smartphone app on losing body weight
between users from low-income and OECD countries. On the
basis of the results, it can be concluded that the frequent input
of self-monitoring data, the main function of the Noom app,
can be an effective approach to weight loss. We also found no
significant differences in body weight changes between users
from the two groups of countries, suggesting that the smartphone
app can be an effective and general way to lose weight
regardless of the users’ country of residence. In addition, we
also found that using even the free version of the app increases
the frequency of self-monitoring and thus positively affects
weight loss.
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Abstract
Background: Depressive symptoms are one of the most common and ever-increasing mental health problems among students
worldwide. Conventional treatment options, particularly psychotherapy, do not reach all students in need of help. Internet- and
mobile-based interventions are promising alternatives for narrowing the treatment gap.
Objective: In the framework of a randomized controlled trial, we aim to investigate the effectiveness, acceptance, and side
effects of a self-help smartphone app (MCT & More) based on cognitive behavioral therapy, mindfulness, acceptance and
commitment therapy, and metacognitive training in a sample of students with self-reported depressive symptoms. Furthermore,
we were interested in examining the influence of treatment expectations and attitudes toward internet- and mobile-based
interventions on treatment adherence and effectiveness.
Methods: A total of 400 students were recruited via open access websites and randomized to either the intervention group
(n=200), who received access to the self-help smartphone app MCT & More for a period of 4 weeks, or to a wait-list control
group (n=200). The Patient Health Questionnaire-9 (depression) served as the primary outcome parameter, and the Rosenberg
Self-esteem Scale (self-esteem) and the global item of the World Health Organization Quality of Life-abbreviated version (quality
of life) served as the secondary outcome parameters. The Attitudes Towards Psychological Online Interventions was used to
measure attitudes toward internet- and mobile-based interventions. Outcome expectations were assessed using the Patient
Questionnaire on Therapy Expectation and Evaluation, and side effects were assessed using the Inventory for Assessing Negative
Effects of Psychotherapy.
Results: Per-protocol (PP), complete-case, and intention-to-treat analyses showed a significantly higher reduction in depressive
symptoms (PP: F1222=3.98; P=.047; d=0.26) and a significantly higher increase in self-esteem (PP: F1220=8.79; P=.003; d=0.77)
in the intervention group than in the wait-list control group. Most participants regularly used the self-help smartphone app (91/120,
75.8%, at least once a week). The more positive the attitude toward internet- and mobile-based interventions (r=0.260; P=.004)
and the more positive the outcome expectation (r=0.236; P=.009), the more frequently the self-help smartphone app was used.
Conclusions: The effectiveness of the self-help smartphone app MCT & More was demonstrated among students with depressive
symptoms compared with a wait-list control group. The app could be offered regularly as a low-threshold intervention to enhance
students’ health.
Trial Registration: German Clinical Trials Register DRKS00020941; https://tinyurl.com/pr84w6er
(JMIR Mhealth Uhealth 2021;9(7):e26498) doi:10.2196/26498
KEYWORDS
mHealth; depression; depressive symptoms; students’ mental health; self-help smartphone app; mobile phone; self-esteem
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Introduction
Background
Universities worldwide are confronted with increasing rates of
mental health problems among students [1]. In Germany, 15.6%
of the university students state that they are currently affected
by depressive symptoms (women: 16.9% and men: 14%) [2].
Adjustments to the new living environment (eg, moving away
from home and new social environment), expectations of
academic performance (eg, final grade in the master’s program),
and other stressors resulting from the university program (50%
of male and 65% of female students cite their studies as the
most common cause of stress) render students particularly
vulnerable to developing mental disorders [3]. Mental disorders
such as depressive symptoms affect the social and general
functioning of students, thereby negatively influencing the
course of their study [4] and leading to a deterioration in
academic performance. High depression scores among students
have been shown to be associated with a low grade point average
[5], and depressive symptoms during examination periods
predict low future grades [6]. In addition, students with health
problems (mental and physical) take long study durations,
change their course of study or university more often, and are
less likely to have a secure livelihood [4].
Despite their negative impact on functioning, mental disorders
among students often remain undertreated [7]. The treatment
gap can be attributed to the lack of available psychotherapy,
especially in rural areas [8]; self-stigmatization [9]; fear of being
stigmatized by others [10]; the preference to solve the problem
independently [8]; fear of having to talk about one’s own
problems to a psychotherapist; or the high treatment costs that
may arise. Furthermore, depressive symptoms are often not
recognized or misinterpreted by primary care physicians [11],
leading to reduced help-seeking behavior [12]. Due to the
treatment gap, universities are encouraged to initiate help offers
that better reach the affected students [2].

The Potential of Internet-Based Interventions in the
Treatment of Depression
In Germany, virtually all individuals (>99%) aged between 16
and 44 years use the internet [13]. German students belong to
the generation of digital natives (confident in using computer
technology), so it is assumed that students can easily use
internet-based interventions [14]. The benefits of internet-based
interventions are, inter alia, the high level of autonomy and
privacy. They can be used from any location and are often
available free of charge or at a low cost. They are not intended
to replace traditional psychotherapy but to expand conventional
care [15]. In the last decade, numerous internet-based
interventions, especially for the treatment of anxiety disorders
and depression, have been developed and tested for their efficacy
[16-18]. Systematic reviews and meta-analyses have shown that
they can improve mental health problems such as depression,
anxiety, and stress among students [14,19,20].
Internet-based interventions can be categorized as either guided
or self-guided. Although guided internet-based interventions
are supported by a therapist or a trained person (eg, via frequent
https://mhealth.jmir.org/2021/7/e26498
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email correspondence or telephone support), self-guided ones
do not provide additional human support. A recent meta-analysis
indicated that guided internet-based interventions show higher
effect sizes than self-guided ones (guided: g=0.65 and unguided:
g=0.27) [21]. However, self-guided internet-based interventions
have the advantage that they can be made available to a broad
population requiring few resources (no psychotherapists
required, can be used at any time without waiting time, and low
costs for users [22]), making self-guided internet-based
interventions easier to implement at universities. Studies have
shown that guided and unguided internet-based interventions
show similar effectiveness in direct comparison (ie, when the
same intervention is evaluated as guided and unguided) [23,24].

Advantages of Mobile-Based Interventions
Smartphones are the most used technological devices among
students on campus [25]. On average, students use their
smartphones for approximately 5 hours a day and check their
smartphones 28 times daily, which suggests that mobile-based
interventions could be highly appealing to students.
Mobile-based interventions have already proven to be an
effective strategy for improving health-promoting behavior in
the general population (eg, physical activity and weight control)
[26]. Recent studies have also indicated the effectiveness of
self-help smartphone apps in treating depressive symptoms in
university students [27,28]. One of the benefits of mobile-based
interventions is that smartphones can be accessed almost
anytime and are independent of location [29,30]. Therefore,
these exercises can be easily integrated into everyday life of
students. Furthermore, mobile-based interventions provide the
possibility to link users with other forms of support (eg,
telephone numbers for acute crises) and to send reminders to
the users. By sending reminders, the adherence of the users can
be increased in self-guided treatment for anxiety and depression
(eg, course completion with reminders: 58% and course
completion without reminders: 35%) [31].
However, not all health care apps adequately protect the
sensitive health data of the users (eg, commercialization of app
users’ data) [32], and many German-language depression apps
show limitations in quality (eg, in functionality, information
quality, esthetics, and user involvement) [33]. Therefore, there
is a need for high-quality apps, which are being investigated
with regard to their benefits and risks [33]. Previous
meta-analyses have found small effect sizes (Hedges
g=0.22-0.33) [34,35] in reducing depressive symptoms.
Furthermore, a recent study suggested that the actual treatment
outcome (reduction in depressive symptoms) for mobile-based
interventions can be predicted by the expected treatment
outcome (usefulness for the patient: B=0.364 and perception of
how logical the treatment is: B=0.528) [36].

Objective of the Study
The overall goal of the study is to improve the health of students
at German universities. The aim of this study is to examine the
acceptance and efficacy of the self-help smartphone app MCT
& More among German students with depressive symptoms in
comparison with a wait-list control group. To our knowledge,
little research has been conducted on the effectiveness and
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acceptance of self-help smartphone apps for students with
depressive symptoms (especially in German-speaking countries).
A previous version of the app was positively evaluated by the
users. In a randomized controlled trial (intervention group and
wait-list control group) comprising 90 participants with reported
depressive symptoms, it was shown that the app was effective
in reducing depressive symptoms when used regularly (ie,
several times a week, P=.05) app was effective in reducing
depressive symptoms when used regularly (ie, several times a
week) [37]. It was expected that the use of the self-help
smartphone app would lead to a stronger reduction in depressive
symptoms and to a higher increase in self-esteem and quality
of life in the intervention group than in the wait-list control
group after the intervention period. Another novel aspect we
aimed to investigate was whether the effect of the app can be
predicted by the attitudes toward the internet- and mobile-based
interventions and the expected outcome. Moreover, we examined
the possible side effects of self-help smartphone apps, which,
to our knowledge, have barely been studied to date. Furthermore,
an exploratory moderation analysis was conducted to identify
possible moderators that affect differential symptom
improvement (per-protocol [PP] sample).

Methods
Design
Two web-based assessments were performed at baseline (t0)
and 4 weeks later (t1). All participants provided web-based
informed consent at the beginning of the baseline assessment.
No personal information was requested at any time, except for
an anonymous email address (instructions to create an
anonymous email address were given) and a personal codeword
(consisting of the first letters of the parents’ names and some
figures of their dates of birth). The collected data were
anonymized and stored electronically on a password-protected
computer. By providing the codeword or the anonymized email
address, the data could be deleted at the request of the
participants. At the end of the postassessment period, both
groups were given access to a self-help manual, as an incentive,
to improve emotional problems. As common in web-based trials,
blinding of participants was not possible. The study was
conducted in accordance with the Declaration of Helsinki. The
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local psychological ethics committee of the Center for
Psychosocial Medicine of the University Medical Center
Hamburg-Eppendorf assessed the study project as ethically
unobjectionable (approval number: LPEK-0122).

Participants
We recruited participants via web-based platforms and forums
by posting an invitation to the study with a link to the web-based
baseline assessment. At the beginning of the baseline
assessment, participants received detailed information about
the study’s goals and procedures and were informed about the
underlying data protection. An electronic informed consent
form was obtained from each participant.
The following inclusion criteria had to be met: student at a
German university (whether the participants were actually
students was checked by asking questions about the study system
in Germany, which are difficult to answer correctly for
nonstudents, eg, “What scoring system is used to measure your
academic performance?”), aged at least 18 years, willing to
provide informed consent, having access to the internet and a
smartphone, having depressive symptoms (measured by Patient
Health Questionnaire [PHQ-9], total score>0), willingness to
participate in 2 pseudonymous web-based assessments,
willingness to use the self-help smartphone app for a period of
4 weeks on one’s own responsibility, willingness to leave an
anonymous email address, no acute suicidal tendencies
(measured with item 9 of PHQ-9, cut-off>1), and no current or
past bipolar or psychotic disorder. Other psychiatric diagnoses
were not a criterion for exclusion. Parallel treatments (eg,
psychotherapy or pharmacotherapy) could be continued during
participation. If the inclusion criteria were not met, the
participants were automatically excluded from the web-based
assessment. Then, participants were informed about the reason
for exclusion and received information about other help-seeking
resources, such as telephone numbers for acute crisis.
Data collection took place in Germany from March 16, 2020
(first baseline assessment) to July 06, 2020 (last postassessment).
During this period, Germany experienced the first wave of the
COVID-19 pandemic. A total of 246 participants had to be
excluded because the inclusion criteria were not met. The final
sample consisted of 400 individuals (Figure 1).
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Figure 1. Flowchart. CC: complete-case; ITT: intention-to-treat; MCT: metacognitive training; PP: per-protocol.

Procedure
At both measurement points (t0 and t1), data were collected
using the survey software Qualtrics. Multiple registrations from
one device were detected and prevented by the program. In the
baseline assessment, sociodemographic and psychopathological
data as well as the attitude toward internet- and mobile-based
interventions and expected treatment outcomes were assessed.
After the 4-week intervention period, all participants were
invited via email to participate in the postassessment and were
asked to provide their anonymous email address and personal
code again to ensure a correct matching of predata and postdata.
Afterward, the participants filled out the same
psychopathological questionnaires used in the baseline
assessment. In addition, the participants were asked about use
frequency (“How often have you used the app during the last 4
weeks?”), side effects, and satisfaction with the self-help
smartphone app (refer to the Measures section). The study was
conducted at Hamburg-Eppendorf University Medical Center
(Germany).
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Randomization
Randomization was performed using Qualtrics survey software
after the baseline assessment. The option equal distribution
ensured that there was a balanced distribution between the 2
groups. The allocation rule was set to 1:1.

Sample Size
The calculation of the sample size for an analysis of covariance
(ANCOVA) with 2 groups was performed using G*Power. The
results indicated a sample size of 351 participants based on a
small effect of f=0.15, with α=.05, and a power of 0.80.
Considering a dropout rate of 15%, the final sample should
include 413 participants. The calculation is based on the results
of a meta-analysis investigating the effectiveness of smartphone
app interventions for depression [34].

Measures
PHQ-9: Depression Module
The self-assessment questionnaire PHQ-9 [38] is the depression
module of the Patient Health Questionnaire and is used to
measure symptoms of major depression according to the
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Diagnostic and Statistical Manual of Mental Disorders-IV. The
symptoms are assessed using 9 items on a 4-point rating scale
ranging from not at all (0) to almost daily (3). A total score
between 0 and 27 can be calculated. Sum scores of 0-4 indicate
none or minimal depressive symptoms, 5-9 indicate mild
depressive symptoms, 10-14 indicate moderate depressive
symptoms, and 15-27 indicate severe depressive symptoms.
The internal consistency ranges from Cronbach α=.86 to .89
[38,39].

Rosenberg Self-esteem Scale
The Rosenberg Self-esteem Scale (RSE) is a self-assessment
questionnaire presenting 10 statements on self-esteem, which
are rated on a 4-point rating scale (1 to 4) from strongly agree
to strongly disagree. The total score ranges from 10 to 40 points.
High scores indicated high self-esteem. Its internal consistency
ranges from Cronbach α=.77 to .88 [40].

World Health Organization Quality of Life-Abbreviated
Version
In this study, the first item of the World Health Organization
Quality of Life-abbreviated version (WHOQOL-BREF; “How
would you assess your quality of life?”) with the response
options very poor (1) to very good (5) was chosen to measure
quality of life. The WHOQOL-BREF [41] is a self-assessment
tool with 26 items (4 domains) and represents a short version
of the questionnaire World Health Organization Quality of
Life-100, which is based on the World Health Organization’s
concept of quality of life. All domain scores were fairly to
moderately correlated with the global quality of life [42,43]. In
a sample of medical students, the internal consistency was
Cronbach α=.896 [44].

Attitude Toward Psychological Online Interventions
Attitude Toward Psychological Online Interventions (APOI)
[45] is a self-assessment tool consisting of 4 dimensions: (1)
skepticism and risk perception, (2) trust in therapeutic efficacy,
(3) perception of deficits in mechanization, and (4) perception
of the advantages of anonymity. The questionnaire consists of
16 items and can be rated on a 5-point rating scale ranging from
do not agree at all to fully agree. The total scale ranges from
16 to 80. A high total score indicates a positive attitude. All 4
dimensions were equally weighted. The APOI has an internal
consistency of Cronbach α=.77 [45].

Patient Questionnaire on Therapy Expectation and
Evaluation
The Patient Questionnaire on Therapy Expectation and
Evaluation (PATHEV) [46] is a self-assessment questionnaire
that measures therapy expectations and consists of 10 items.
The instrument covers 3 subscales: (1) hope of improvement,
(2) fear of change, and (3) suitability. Ten statements are
presented, which are rated on a 5-point rating scale ranging
from not correct at all to completely correct. The higher the
sum of the subscales, the stronger the hope of improvement,
fear of change, and suitability. The total scale ranges from 11
to 55, and the internal consistency ranges from Cronbach α=.73
to .83. The questionnaire was adapted to internet- and
mobile-based interventions (eg, “I consider the treatment
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principle of psychological internet- and mobile-based
interventions to be reasonable”).

Patient Satisfaction (Fragebogen zur
Patientenzufriedenheit)
The instrument Fragebogen zur Patientenzufriedenheit (ZUF-8)
[47] is the German version of the Client Satisfaction
Questionnaire-8. The self-assessment questionnaire consists of
8 items that are used to assess patient satisfaction with a
treatment, such as psychotherapy, in a 1D and global way. The
items can be rated on a 4-point rating scale (eg, excellent, good,
less good, and bad). A total score (8-32) can be calculated,
whereby a high score indicates a high level of satisfaction. The
internal consistency ranges from Cronbach α=.87 to .93 [47,48].

Inventory for Assessing Negative Effects of
Psychotherapy
The Inventory for Assessing Negative Effects of Psychotherapy
(INEP) [49] is a German self-assessment tool with 21 items and
focuses on the side effects of psychotherapy regarding
intrapersonal changes, partnership, stigma and financial worries,
family, friends, dependency, and therapeutic relationship. The
instrument consists of 2 scales: side effects (scale 1) and
therapeutic misbehavior (scale 2). For the first 6 questions, a
7-point rating scale (−3 to +3, bipolar response format) can be
used to indicate the extent to which the respective areas of life
have developed positively or negatively from the start of the
intervention or whether they have remained unchanged. A
unipolar response format is used for questions 7-21 to determine
whether a negative effect is experienced and with what intensity
(0 to +3) it is perceived. A total score can be calculated for items
1-15, reflecting the number of experienced side effects.
Furthermore, the intensity of the experienced side effects can
be determined by calculating an average score (1-3, where 3
indicates a high intensity of the side effect). The INEP had an
internal consistency of Cronbach α=.86 [49]. As no therapeutic
relationship could be developed during the use of the self-help
smartphone app, items 16-21 were excluded from the
assessment. The wording was slightly adapted (self-help app
instead of psychotherapy).

Intervention
During the 4-week intervention period, the intervention group
had free access to the self-help smartphone app MCT & More
(Textbox 1), which is primarily intended for individuals with
depressive symptoms.
The basic package of the self-help smartphone app mood
comprises 57 short exercises on the following topics: cognitive
strategies, communication and interaction, positive activities,
and mindfulness and imagination. The program package
gambling was developed especially for individuals with
gambling problems, and the program package metacognitive
training was intended for individuals with psychotic
experiences. These program packages are deactivated by default
settings but can also be useful for people who are not affected
by the addressed symptoms. They can be activated in the app
by the users themselves. The exercises take only a few minutes
and are designed to be easy to use in the everyday life of
students (Figure 2).
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Textbox 1. Module descriptions of the MCT & More smartphone app.
Modules and Their Descriptions
•

Cognitive strategies
•

•

Positive activities
•

•

Modification of cognitive biases and dysfunctional beliefs and reducing stigmatization and shame

Gambling
•

•

Conscious perception and experience of the current moment, acceptance, gratitude, focusing on positive things, and relaxation

Metacognitive training
•

•

Dealing with feedback, ways to improve communication skills, setting boundaries, and approaching others

Mindfulness and imagination
•

•

Behavior activation; interaction of body and emotion; and focus on positive things in life, own values and skills

Communication and interaction
•

•

Techniques to better perceive and understand own thinking and to break through adverse behavior patterns (eg, cognitive reframing and
motivational techniques)

Modification of gambling-specific cognitive distortions, support with financial burdens, and dealing with relapses and gambling impulses

My exercises
•

Own exercises can be created

Figure 2. Screenshots of exercises.

The contents and exercises are based on group metacognitive
training (MCT) [50], cognitive behavioral therapy [51,52], and
third wave techniques (eg, acceptance and mindfulness) [53,54].
The metacognitive training (MCT) was originally developed
for people with psychosis [50]. Inspired by metacognitive
training (MCT), a (group) training specifically for depression
has evolved (metacognitive training for depression, D-MCT)
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[55]. Meta-analyses showed that metacognitive training (MCT)
is effective in reducing anxiety, depression, and dysfunctional
metacognitions (g=1.81-2.06) [56,57]. The app can be used as
an add-on of metacognitive training for depression (D-MCT)
but can also be used standalone. Metacognitive training for
depression (D-MCT) focuses on the modification of cognitive
biases and beliefs associated with the onset and maintenance
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of mental disorders such as psychosis and depression [50,55].
The training seeks to enable individuals to recognize and correct
automatic and unconscious thought patterns. It also targets
dysfunctional assumptions about thought processes as well as
dysfunctional coping strategies (eg, social withdrawal, thought
suppression, and rumination). On the basis of the principle that
taking care of personal psychological well-being is a bit like
brushing one’s teeth, the exercises should be performed regularly
so that they become routine. Therefore, the app sends daily
reminders via push messages. In addition, the MCT & More
app contains gamification elements. Depending on the number
of exercises completed, users can collect bronze, silver, or gold
medals and obtain an open umbrella as a symbol for long-term
protection. The app also offers the ability to create their own
exercises. A learning algorithm, that is, an automatic adaptation
to the user’s behavior, was not integrated (the app does not fall
under the Medical Devices Act). The app MCT & More is
currently available in German, English, Arabic, Turkish, Persian,
and Serbian and can be downloaded free of charge for both
Android and iOS operating systems.
The app has been continuously developed (eg, gamification
elements, design, program packages gambling and metacognitive
training, additional exercises in the other program packages,
and various language versions) since the last evaluation [37].
The self-help smartphone app did not undergo major changes
during the evaluation process of this study.

Statistical Analyses
IBM Statistics 26 was used for statistical analysis. Independent
samples t tests and chi-square tests were performed to compute
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group differences in baseline characteristics. Between-group
differences over time (preintervention to postintervention) were
calculated using ANCOVA with baseline scores as covariates.
Pre-post differences were defined as within-group factors and
groups as between-group factors. Paired samples t tests were
used to analyze within-group differences. To determine the
efficacy of the self-help smartphone app, intention-to-treat (ITT),
PP, and complete-case (CC) analyses were performed. In the
ITT analyses, all participants for whom baseline data were
available were included in the evaluation. Missing data for the
postvalues were calculated using expectation maximization.
The PP analyses included only those participants who used the
intervention as intended (at least once a week) and completed
the postassessment. CC analyses included all participants who
completed the postassessment (regardless of whether and how
often the intervention was used). In the guidelines of the
CONSORT (Consolidated Standards of Reporting Trials), it is
recommended to perform both ITT and PP analyses in
randomized controlled trials. With their conservative approach,
ITT analyses comply with the guidelines of Good Clinical
Practice and can be considered the gold standard for the
evaluation of treatment effects [58,59]. In the PP analyses, the
evaluation of the treatment effect is carried out under ideal
conditions, so they provide an estimation of the actual efficacy.
Furthermore, an explorative moderation analysis was carried
out for the PP sample to identify possible moderators (included
moderator variables were sociodemographic data, psychometric
scales, and medication; Table 1) that affected differential
symptom improvement (outcome measure: PHQ-9) using SPSS
macro PROCESS by Hayes [60].
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Table 1. Demographic description of the intention-to-treat sample (N=400).
Baseline characteristics

Intervention group (n=200)

Wait-list control group (n=200)

Chi-square test (df) t test (df)

P value

Male, n (%)

24 (12)

19 (9.5)

1.0 (2)

N/Aa

.60

Age (years), mean (SD)

23.13 (3.56)

22.84 (3.15)

N/A

−0.86 (398)

.39

German, n (%)

190 (95)

194 (97)

1.0 (1)

N/A

.31

School education (years),
mean (SD)

12.39 (1)

12.48 (0.92)

N/A

0.91 (398)

.37

1.3 (3)

N/A

.73

5.1 (6)

N/A

.53

Sociodemographic data

Marital status, n (%)
Single

99 (49.5)

94 (47)

Relationship

95 (47.5)

101 (50.5)

Married

5 (2.5)

5 (2.5)

Divorced

1 (0.5)

0 (0)

Field of study, n (%)
Engineering

4 (2)

3 (1.5)

Natural sciences

9 (4.5)

13 (6.5)

Medical science or health

61 (30.5)

59 (29.5)

Legal sciences or economics 24 (12)

19 (9.5)

Linguistics or culture

10 (5)

6 (3)

Social sciences

88 (44)

90 (45)

Others

4 (2)

10 (5)

5.6 (3.63)

5.57 (3.57)

N/A

−1.18 (398)

.24

Semester, mean (SD)

Psychometric scales or psychiatric disorders, n (%)
None

100 (50)

104 (52)

0.2 (1)

N/A

.69

Anxiety

54 (27)

40 (20)

2.7 (1)

N/A

.10

Depression

72 (36)

69 (34.5)

0.1 (1)

N/A

.75

PTSDb

11 (5.5)

11 (5.5)

0.0 (1)

N/A

.99

Alcohol or drug addiction

7 (3.5)

1 (0.5)

4.6 (1)

N/A

.03

OCDc

5 (2.5)

17 (8.5)

6.9 (1)

N/A

.008

Eating disorder

9 (4.5)

9 (4.5)

0.00 (1)

N/A

.99

Personality disorder

9 (4.5)

1 (0.5)

6.6 (1)

N/A

.01

ADDd

4 (2)

2 (1.0)

0.7 (1)

N/A

.41

Others

5 (2.5)

2 (1)

0.4 (1)

N/A

.56

None

155 (77.5)

157 (78.5)

0.1 (1)

N/A

.81

Antidepressants

16 (8.0)

17 (8.5)

0.0 (1)

N/A

.86

PHQ-9e

11.13 (4.99)

10.98 (4.42)

N/A

−0.31 (398)

.76

WHOQOL-BREFf

3.64 (0.85)

3.7 (0.75)

N/A

0.69 (398)

.49

RSEg

25.73 (6.12)

26.62 (5.83)

N/A

1.49 (398)

.14

APOIh

50.27 (7.34)

49.92 (8.06)

N/A

−.46 (398)

.65

PATHEVi

35.69 (5.61)

36.35 (5.07)

N/A

1.15 (398)

.25

Medication, n (%)

Measurements, mean (SD)

Psychotherapy experiences
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Baseline characteristics

Intervention group (n=200)

Bruhns et al
Wait-list control group (n=200)

Previous treatments, n (%)
None

107 (53.5)

109 (54.5)

Short-term

39 (19.5)

49 (24.5)

Long-term

27 (13.5)

28 (14)

More than one

27 (13.5)

14 (7)

Assessment, n (%)
Positive

72 (36)

59 (29.5)

Neutral

23 (11.5)

33 (16.5)

Negative

20 (10)

7 (3.5)

Chi-square test (df) t test (df)

P value

5.3 (3)

N/A

.15

10.7 (3)

N/A

.01

4.5 (3)

N/A

.21

Others
Fear of stigma, n (%)

a

Yes or rather yes

127 (63.5)

121 (60.5)

No

73 (36.5)

79 (39.5)

N/A: not applicable.

b

PTSD: posttraumatic stress disorder.

c

OCD: obsessive-compulsive disorder.

d

ADD: attention deficit disorder.

e

PHQ-9: Patient Health Questionnaire-9.

f

WHOQOL-BREF: World Health Organization Quality of Life-abbreviated version.

g

RSE: Rosenberg Self-esteem Scale.

h

APOI: Attitude Toward Psychological Online Interventions.

i

PATHEV: Patient Questionnaire on Therapy Expectation and Evaluation.

Results
Sample Characteristics
A total of 400 participants (intervention group: 200 and wait-list
control group: 200) were included in the analyses. Table 1 shows
the demographic and psychopathological data of the participants
at baseline.
The overall sample had an average age of 22.98 years (SD 3.36)
and consisted of 10.8% (43/400) men and 88.5% (354/400)
women. In addition, 0.8% (3/400) of participants stated diverse
as their gender. The average PHQ-9 score was 11.1 (SD 4.71;
moderate symptoms 10-14). Among the participants, 4.3%
(17/400) met the criteria for severe depressive symptoms
(PHQ-9 score>19), 20.3% (81/400) for moderately severe
depressive symptoms (PHQ-9 score=15-19), 35.8% (143/400)
for moderate depressive symptoms (PHQ-9 score=10-14), 32.3%
(129/400) for mild depressive symptoms (PHQ-9 score=5-9),
and 7.5% (30/400) for minimal depressive symptoms (PHQ-9
score=1-4). In addition, 46% (184/400) of participants stated
that they had received psychotherapeutic treatment at least once.
The randomization was successful (Table 1). There were no
significant differences between the groups in terms of age and
gender or in primary and secondary outcome parameters
(depressive symptoms, self-esteem, and quality of life). There
were also no significant differences between the groups in terms
of expected treatment outcomes and attitudes toward internet-
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and mobile-based interventions. However, the intervention
group showed a significantly higher number of participants with
an alcohol and drug addiction (intervention group: n=7; wait
list control group: n=1) as well as a personality disorder
(intervention group: n=9; wait list control group: n=1) and a
significantly lower number of participants with an
obsessive-compulsive disorder (intervention group: n=5; wait
list control group: n=17). In addition, participants in the wait-list
control group reported a neutral experience with psychotherapy
more often (wait list control group: n=33; intervention group:
n=23) and a positive experience (wait list control group: n=59;
intervention group: n=72) and negative experience (wait list
control group: n=7; intervention group: n=20) less often (Table
1).

Within-Group Differences
The results of paired samples t tests showed a significant
reduction in depressive symptoms, both in the intervention
group (t89=4.88; P<.001; d=−0.38) and in the wait-list control
group (t134=2.7; P=.007; d=−0.21) from t0 to t1 (Table 2).
Results of paired samples t tests also indicated a significant
increase in scores on the self-esteem scale (RSE) for the
intervention group (t89=−6.47; P<.001; d=0.38) and the wait-list
control group (t132=−3.46; P=.001; d=0.16). For both groups,
the results of the paired samples t test did not show a significant
increase in quality of life (WHOQOL-BREF).
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Table 2. Outcome measures at each assessment time for per-protocol sample (used program at least once a week; n=225).

a

Measurements

Intervention group (n=90)

Wait-list control group (n=135)

Questionnaires

Pre, mean
(SD)

Post, mean
(SD)

Cohen d (95% P value
CI)

Pre, mean
(SD)

Post, mean
(SD)

Cohen d (95% P value
CI)

PHQ-9a

11.27 (5.03)

9.30 (5.22)b

−0.38 (−0.8 to <.001
0.03)

11.10 (4.42)

10.17 (4.32)c

−0.21 (−0.55
to 0.13)

RSEb

25.56 (6.41)

28.00 (6.44)b

0.38 (−0.04 to <.001
0.80)

26.59 (6.02)

27.57 (6.43)b

0.16 (−0.18 to .001
0.50)

WHOQOL-BREFc

3.74 (0.80)

3.86 (0.82)

0.15 (−0.27 to .12
0.65)

3.67 (0.76)

3.76 (0.72)

0.12 (−0.22 to .19
0.46)

.007

PHQ-9: Patient Health Questionnaire-9.

b

RSE: Rosenberg Self-esteem Scale.

c

WHOQOL-BREF: World Health Organization Quality of Life-abbreviated version.

Between-Group Differences
For the primary outcome parameter (depressive symptoms,
PHQ-9), the results of the ANCOVA were significant for ITT
(F1398=3.94; P=.048), PP (F1223=3.98; P=.047), and CC
(F1261=4.60; P=.03; Table 3).
For reducing depressive symptoms, a small effect size of
ηp²=0.018 (d=0.26) was found in the PP sample. Furthermore,
the results of the ANCOVA showed statistical significance for

the secondary outcome parameter self-esteem (RSE) for ITT
(F1398=6.80; P=.009), PP (F1221=8.79; P=.003), and CC
(F1259=7.26; P=.008). The analyses resulted in a medium to
large effect size for the increase in self-esteem (ηp²=0.038;
d=0.77) in the PP sample across time. There was no significant
improvement across time in quality of life (WHOQOL-BREF),
as analyzed using an ANCOVA with baseline score as covariate
in any of the samples: (ITT: F1398=0.56; P=.46; PP: F1223=0.41;
P=.52; and CC: F1261=0.81; P=.37).

Table 3. Analysis of covariances with respective baseline values as covariates.
Measurements

a

CCa (n=263)

PPb (n=225)

ITTc (n=400)

F test (df)

P value

ηp²

F test (df)

P value

ηp²

F test (df)

P value

ηp²

PHQ-9d

4.60 (1398)

.03

0.017

3.98 (1222)

.047

0.018

3.94 (1261)

.048

0.010

RSEe

7.26 (1398)

.008

0.027

8.79 (1220)

.003

0.038

6.80 (1259)

.009

0.017

WHOQOL-BREFf

0.81 (1398)

.37

0.003

0.41 (1223)

.52

0.002

0.56 (1261)

.47

0.001

CC: complete-cases.

b

PP: per-protocol.

c

ITT: intention-to-treat.

d

PHQ-9: Patient Health Questionnaire-9.

e

RSE: Rosenberg Self-esteem Scale.

f

WHOQOL-BREF: World Health Organization Quality of Life-abbreviated version.

Study Completion and App Use
Out of 400 participants, 263 (65.8%) completed the
postassessment, 128 (64%) in the intervention group and 135
(67.5%) in the wait-list control group. Regarding study
completion, there was no difference between the groups
(χ²1=0.5; P=.46). Furthermore, participants who completed the
study differed only in terms of their treatment expectations.
Participants who completed the study expected a more positive
treatment outcome (t0) than participants who did not complete
the study (t398=−2.12; P=.04).
In the intervention group, 60% (120/400) of participants reported
how often they used the self-help smartphone app during the
intervention period (completed the daily exercise). The self-help
smartphone app was used by 23.3% (28/400) of participants
daily, by 17.5% (21/400) of participants 4-6 times a week, by
https://mhealth.jmir.org/2021/7/e26498
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25% (30/400) of participants 2-3 times a week, by 10% (12/400)
of participants once a week, by 19.2% (23/400) of participants
1-3 times in total, and by 5% (6/400) of participants not at all.
The improvement in symptoms (PHQ-9) did not correlate with
use frequency (r=0.020; P=.83). However, use frequency
correlated with the expected treatment outcomes (r=0.236;
P=.009) and attitude toward internet- and mobile-based
interventions (r=0.260; P=.004; 1=not at all to 6=daily). The
more positive the attitude toward internet- and mobile-based
interventions and the more positive the expected treatment
outcomes, the more often the self-help smartphone app was
used.

Attitude and Expectation
In total, of the 400 participants, 232 (58%) had a positive attitude
toward internet- and mobile-based interventions, 30 (7.5%) had
a neutral attitude toward internet- and mobile-based
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interventions, and 138 (34.5%) had a negative attitude toward
internet- and mobile-based interventions. Although 87.3%
(349/400) of participants believed that internet- and
mobile-based interventions are therapeutically effective
(optimism regarding personal therapeutic goal clarification,
emotional expectation of helpful efficacy, expectation of
learning new skills, cognitive acceptance of the methodology),
31.8% (127/400) of participants also stated that they were
skeptical about internet- and mobile-based interventions and
that they perceived risks (regarding professionalism, side effects,
and feasibility). In addition, 67.8% (271/400) of participants
perceived difficulties caused by automation (poor crisis
management, low learning success, poorer cognitive
understanding of therapy contents, and lower motivation because
of lack of personal contact). The advantages of anonymity were
reported by 45.5% (182/400) of participants (increased
discretion, personally increased self-autonomy, reduction of
self-stigmatization, and stigmatization by other persons).
Of the 400 participants, 257 (64.3%) indicated a positive
expectation and 117 (29.3%) indicated a negative expectation
of treatment outcome regarding the self-help smartphone app.
Approximately half of the participants (191/400, 47.8%) did
not expect the self-help smartphone app to reduce their
symptoms and indicated that this is not the right program for
them (172/400, 43%). Only a few participants (38/400, 9.5%)
were afraid of change as a result of the self-help smartphone
app. The effectiveness of the app could not be predicted by
attitudes toward internet- and mobile-based interventions
(β=−.006; t275=−0.17; P=.87; R2<0.001; F1275=0.03; P=.87).

Side Effects
Of the 119 participants (intervention group) who completed the
questionnaire on side effects (INEP), 51 (42.9%) reported at
least one positive side effect. The most commonly reported
positive side effect was that participants felt better when using
the self-help smartphone app (43/119, 36.1%). Furthermore,
17.6% (21/119) of participants stated that they experienced less
pain from events from the past, 14.3% (17/119) stated that they
experienced fewer conflicts in their partnership, 13.6% (16/119)
stated that they had a better relationship with their friends,
10.9% (13/119) stated that they had a better relationship with
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their family, and 8.4% (10/119) stated that trusting others was
easier for them.
Overall, of the 119 participants 27 (22.7%) reported a negative
side effect. Fear of stigmatization was the most common
negative side effect (12/119, 10.1%). In addition, 6.7% (8/119)
of participants reported that they had longer phases in which
they felt bad, 5.9% (7/119) of participants reported that they
had problems with insurance, 5% (6/119) of participants reported
that they experienced more pain from events from the past, 1.7%
(2/119) of participants reported that they felt worse, 1.7%
(2/119) of participants reported that they were more concerned
about financial issues, 0.8% (1/119) of participants reported
that trusting others is more difficult for them, 0.8% (1/119) of
participants reported that they had a worse relationship with
their family, and 0.8% (1/119) of participants reported that they
had a worse relationship with their friends. None of the
participants stated that they had changed as a person to the
negative, that they had suicidal thoughts or intentions for the
first time, or that they experienced more conflicts in their
partnership.
The most intense change was observed in the improvement
(positive side effect; mean 2.62, SD 0.65) and deterioration
(negative side effect; mean 3.00, SD 0) of the relationship with
the families. In comparison with the negative side effects,
positive side effects were mentioned 3 times more frequently
(negative: 41/158, 25.9% and positive: 120/158, 75.9%).

Moderation Analysis
The results of the interaction effect of the explorative moderation
analysis are shown in Table 4.
The analysis revealed that participants in the intervention group
who had a higher expectation of treatment outcome (P=.02;
PATHEV total score) and more hope (P=.049; PATHEV hope
scale) showed a higher improvement in depressive symptoms
(PHQ-9) than the wait-list control group. In addition,
participants in the intervention group who were more worried
that the app would not help them (P=.03) and participants in
the intervention group who stated a higher reduced or excessive
need to eat (P=.02) showed a less improved outcome (PHQ-9)
than the wait-list control group.
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Table 4. Moderators for Patient Health Questionnaire-9 improvement (dependent variable: Patient Health Questionnaire-9 total difference scores and
independent variable: group, means are centered); results of per-protocol sample (N=225).

a

Moderator

Ba (SE)

t test (df)

P value

LLCIb

ULCIc

P valued for −1
SD

P valued for 0

P valued for +1
SD

PATHEVe total
scale

0.218 (0.090)

2.428 (117)

.02

0.041

0.396

.65

.04

.002

PATHEV hope scale 0.321 (0.162)

1.982 (117)

.049

0.002

0.641

.90

.07

.006

PATHEV item 1

−1.023 (0.464)

−2.204 (117) .03

−1.937

−0.108

.004

.14

.70

PHQ-9f item 5

−1.058 (0.466)

−2.272 (223) .02

−1.975

−0.140

.003

.01

.36

B: interaction coefficient.

b

LLCI: lower limit confidence interval.

c

ULCI: upper limit confidence interval.

d

The last 3 columns present the simple slopes.

e

PATHEV: Patient Questionnaire on Therapy Expectation and Evaluation.

f

PHQ-9: Patient Health Questionnaire-9.

Subjective Appraisal
In the intervention group, 119 participants completed the
questionnaire on patient satisfaction (ZUF-8). Table 5 shows
the users’ subjective appraisal for each item.
The average total score was mean 20.28 (SD 5.36; 8=very
dissatisfied to 32=very satisfied). The quality of the self-help

smartphone app was rated positively by 64.7% (77/119) of
participants. For each item, the positive evaluations outweighed
the negative evaluations. In addition to ZUF-8, 3 further
questions were asked regarding participant satisfaction. The
majority of participants found the language 84.9% (101/119),
text length 77.3% (92/119), and number of exercises 49.6%
(59/119) in the self-help smartphone app to be just right.

Table 5. Subjective appraisal using Fragebogen zur Patientenzufriedenheit of MCT & More (n=119).
ZUF-8a item

Mean (SD)

Positiveb, n (%)

1. How do you rate the quality of the program? (excellent, good vs not that good, or not good)c

2.29 (0.61)

77 (64.7)

2. Did you receive the type of treatment you expected to receive? (absolutely, a lot vs a little, or not at
all)

2.45 (0.78)

59 (49.6)

3. To what extent did the program help you cope with your problems? (absolutely, a lot vs a little, or

2.63 (0.79)

56 (47.1)

4. Would you recommend the program to a friend with similar symptoms? (yes, probably yes vs probably 2.61 (0.92)
not, or no)

52 (43.7)

5. How happy are you about the extent of the help you have received through using the program? (very 2.50 (0.82)
satisfied, mostly satisfied vs somewhat dissatisfied, or dissatisfied)

66 (55.5)

6. Did the program help you to cope with your problems more successfully? (absolutely, a lot vs a little, 2.39 (0.63)

66 (55.5)

not at all)c

or not at all)c
7. How satisfied are you with the program in general? (very satisfied, mostly satisfied vs somewhat un- 2.42 (0.85)
satisfied, or unsatisfied)

8. Would you use the program again? (Yes, probably yes vs probably not, or no)
a

67 (56.3)

c

2.44 (0.92)

59 (49.6)

ZUF-8: Fragebogen zur Patientenzufriedenheit (German version of the Client Satisfaction Questionnaire-8).

b

4-point rating scale: 1 and 2 were rated as negative and 3 and 4 as positive. In the table it is stated how often the question has been answered positively
(rated 3 or 4).
c

A lower score indicates a more positive response (inverted scores).

Discussion
Principal Findings
The study demonstrates the effectiveness of the self-help
smartphone app MCT & More in students with depressive
symptoms. As expected, the app led to a significant reduction
in depressive symptoms and a significant increase in self-esteem
https://mhealth.jmir.org/2021/7/e26498
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in the intervention period of 4 weeks. In our study, a small effect
size of d=0.26 (PHQ-9; PP sample) in reducing depressive
symptoms was found, which is comparable with the effect size
found in a meta-analysis of smartphone apps for depressive
symptoms (g=0.22) [34] and is slightly higher than the effect
size reported in a more recent meta-analysis in which the sample
consisted of university students with depressive symptoms
(g=0.18) [20]. In addition, a medium to large effect size of
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d=0.77 (RSE; PP sample) was found for the increase in
self-esteem, which corresponds to the findings of a study on a
self-help web-based intervention, which was mainly focused
on the treatment of depressive symptoms [61]. Contrary to our
expectations, the use of the self-help smartphone app did not
lead to a significant increase in quality of life
(WHOQOL-BREF). The WHOQOL-BREF defines quality of
life as the individual perception of one’s own life situation [41].
It is possible that an improvement in the life situation only
occurs after a longer period and would have been shown in
follow-up examinations [61]. The quality of life was assessed
using a single global item. It is possible that improvements
would have been found on the subscales of the
WHOQOL-BREF (eg, psychological quality of life and social
relationships). In the intervention group and the wait-list control
group, a significant reduction in depressive symptoms and a
significant increase in self-esteem were observed after the
intervention period of 4 weeks. Despite the improvements in
the wait-list control group, significant group differences were
found (significantly higher improvement in the intervention
group). The improvement in the wait-list control group may be
because of changes in external circumstances, the use of other
services, or spontaneous remissions [62]. As the survey took
place during the COVID-19 pandemic, depressive symptoms
among students may have been more severe than usual [63]. In
addition, the quality of life may have been reduced [64].

Adherence and Acceptance
Most participants used the self-help smartphone app regularly
(91/129, 75.8%) at least once a week; self-assessment) and
completed the study (263/400, 65.8%). Participants who
completed the postassessment expected a more positive
treatment outcome at the baseline assessment than the
participants who dropped out of the study (t398=−2.12; P=.04).
This result was also found by Mira et al [36] and underlines the
relevance of the expected treatment outcome at the beginning
of the intervention for participants’ study adherence. The
reduction in symptoms (PHQ-9) did not correlate with the
frequency of use of the self-help smartphone app. Other
researchers who investigated the relationship between frequency
of use and symptom reduction also concluded that using apps
with a medium frequency only leads to a little additional benefit
than using apps with low frequency [65]. It should be considered
that the assumption of a linear relationship between frequency
of use and symptom reduction might be too simplistic and that
further variables need to be evaluated to better understand the
relationship. A possible explanation may also be that, because
the intervention was not linear or sequential, participants may
have been more likely to use only the parts of the intervention
they needed. For some, a low dose may have been sufficient
for symptom improvement, whereas other users may have
required to use the program more often.

Attitudes and Expectations
The students’ overall expectation of treatment outcomes and
their attitude toward internet- and mobile-based interventions
was moderate. Almost half of the students (192/400, 48%) did
not expect any improvement from the app, and about one-third
of the students (140/400, 35%) had a negative attitude toward
https://mhealth.jmir.org/2021/7/e26498
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internet- and mobile-based interventions. These findings are
consistent with the results of another German study, in which
41% of the respondents (patients with depressive symptoms in
primary care) indicated a low acceptance of internet- and
mobile-based interventions for depression [66]. However, other
studies conducted in Germany found a more positive attitude
toward internet- and mobile-based interventions for depressive
symptoms (total scale: mean 55.86, baseline total scale
intervention group: mean 56.13, and baseline total scale control
group: mean 55.59) [67,68]. It is possible that the attitude toward
internet- and mobile-based interventions was lower in this study
(mean 50.09; higher scores indicate a more positive attitude)
because of the young age of the sample. In Germany, younger
people report a more negative attitude toward internet- and
mobile-based interventions than older people [69]. The attitude
could possibly be improved by showing information videos that
address potential barriers of acceptance (eg, low expectations
regarding efficacy and worries about data security) before use
[66]. Furthermore, the more positive the attitude toward internetand mobile-based interventions and the more positive the
expectations of the treatment outcome, the more frequently the
self-help smartphone app was used, which was also found in
other studies [70,71].
Most of the students trusted the therapeutic efficacy (328/400,
82%), which seems contradictory at first, as about half of the
participants (192/400, 48%) did not expect any improvement.
It is possible that the participants were generally convinced of
the efficacy of internet- and mobile-based interventions (APOI
queries a general attitude) but did not expect any improvement
for themselves (PATHEV refers to their own symptomatology).
Individuals with depressive symptoms often do not believe their
symptoms will improve because they often express feelings of
hopelessness [72].
The moderation analysis revealed that participants in the
intervention group who indicated a higher expectation of
treatment outcome (PATHEV total score) and more hope
(PATHEV scale hope) achieved a higher reduction in depressive
symptoms (PHQ-9) than those in the wait-list control group.
The results of the linear regression showed that the attitude
toward internet- and mobile-based interventions did not allow
a prediction of the effectiveness. In addition, participants who
were more worried that the app would not help them (PATHEV,
item 5) showed less improvement in symptoms (PHQ-9). These
findings are in contrast with the results of Lüdtke et al [37],
who found no impact (moderation analysis) of expected
treatment outcome (University of Rhode Island Change
Assessment) on symptom reduction. This could be because of
the use of different measurements. However, Schröder et al [68]
found that participants with a more positive attitude (APOI) at
the beginning of an internet intervention experienced a stronger
reduction in symptoms than participants with a more negative
attitude. Another recent study on the effectiveness of a self-help
smartphone app for depression showed that the expected
treatment outcome was a predictor of symptom reduction [36].

Subjective Appraisal
The majority of the participants were satisfied with the quality
of the self-help smartphone app (77/119, 64.7%) and the extent
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of help (66/119, 55.5%). Another study evaluating a cognitive
behavioral therapy–based self-help web-based program among
students with depressive symptoms also found a moderate
overall satisfaction (study by Santucci et al [73]: total
satisfaction score (ZUF-8): mean 21.70 (SD 5.20) and total
satisfaction score (ZUF-8) of this study: mean 20.28 (SD 5.36)).
In a pilot study of the self-help smartphone app MCT & More,
the participants reported a higher overall satisfaction (eg, 88.5%
of the participants were satisfied with the quality of the self-help
smartphone app [37]). This could be because of the different
average ages of the samples (pilot study: 43 years and this study:
23 years). Older age is associated with greater intervention
effects [74] and more positive attitudes toward internet-based
interventions [69], which may lead to higher satisfaction.

Strength and Limitations
No psychiatric diagnosis was required to participate in the study,
and participation was possible even with mild depressive
symptoms, which led to a heterogeneity of depression levels.
This has the advantage that a wider range of individuals with a
desire for treatment was reached (regardless of whether they
fulfilled the criteria of a diagnosis). On the other hand, it has
been shown that individuals with severe depressive symptoms
benefit more from low-threshold psychological interventions
than mildly depressed individuals [75]. In contrast, a
meta-analysis showed that self-guided internet-based
interventions are effective regardless of symptom severity [17].
Furthermore, treatment adherence was rather high (91/120,
75.8% used the app at least once a week), which allowed the
potential of the app to be well exploited. As the study was
conducted on the web, the data collected were based on
self-assessments of the participants. Therefore, it could not be
eliminated that socially desirable or dishonest statements were
made that could have distorted the results. In addition, despite
the integrated control questions on studying, it could not be
completely prevented that individuals who were not enrolled
at a German university also took part in the study. An
unambiguous verification of the student status (eg, via enrolment
certificates) was not possible because of data privacy reasons.
There was no structural equality between the sample and the
general population (students in Germany) regarding gender and
subject groups [13,76]. The higher proportion of women could
be because women are more often affected by depression than
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men (women: 10.8% and men: 7.6%) and that this difference
is particularly evident in young adulthood [77,78]. Furthermore,
the study showed baseline differences regarding some comorbid
self-reported diagnoses and the evaluation of previous therapy
experiences. Nevertheless, randomization was largely considered
successful. Follow-up investigations were not possible because
of the time frame of the study. For this reason, no conclusions
can be drawn regarding the medium- or long-term effects of the
self-help smartphone app.

Conclusions
The effectiveness of the self-help smartphone app MCT & More
was demonstrated in students with depressive symptoms,
although the overall outcome expectation and attitude toward
internet- and mobile-based interventions were only moderate.
Despite the improvements in the wait-list control group,
significant group differences were found. The use of the app
led to a significantly higher reduction in depressive symptoms
(d=0.26) and a significantly higher increase in self-esteem
(d=0.77). The expected treatment outcome and the attitude
toward internet- and mobile-based interventions were correlated
with the frequency of use. The more positive the attitude and
the more positive the result expectation, the more frequently
the self-help smartphone app was used. Participants who
indicated a higher expectation of treatment outcome and more
hope achieved a higher reduction in depressive symptoms. In
addition, participants who were more worried that the app would
not help them and participants who stated a higher reduced or
excessive need to eat showed less improvement in symptoms.
Future studies should investigate further variables (with respect
to personal characteristics and app features) that positively
influence the effectiveness of identifying ways of increasing
efficacy. To make self-help smartphone apps as target
group–specific as possible, further subgroups should be
identified for which a particularly high or low effectiveness is
shown. In addition, follow-up studies are required to determine
the long-term effects. It should be investigated how attitudes
toward internet- and mobile-based interventions and the
expected treatment outcome can be improved to establish
effective self-help smartphone apps as low-threshold offers at
universities and to promote treatment adherence. The self-help
smartphone app could be used regularly at German universities
as a low-threshold program to enhance students’ health.
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Abstract
Background: Life skills are abilities for adaptive and positive behavior that enable individuals to deal effectively with the
demands and challenges of everyday life. Life-skills training programs conducted within the school curriculum are effective in
preventing the onset and escalation of substance use among adolescents. However, their dissemination is impeded due to their
large resource requirements. Life-skills training provided via mobile phones may provide a more economic and scalable approach.
Objective: The goal of this study was to test the appropriateness (ie, acceptance, use, and evaluation) and short-term efficacy
of a mobile phone–based life-skills training program to prevent substance use among adolescents within a controlled trial.
Methods: The study design was a two-arm, parallel-group, cluster-randomized controlled trial with assessments at baseline and
follow-up assessments after 6 and 18 months. This report includes outcomes measured up to the 6-month follow-up. The efficacy
of the intervention was tested in comparison to an assessment-only control group. The automated intervention program SmartCoach
included online feedback and individually tailored text messages provided over 22 weeks. The contents were based on social
cognitive theory and addressed self-management skills, social skills, and substance use resistance skills. Linear mixed models
and generalized linear mixed models, as well as logistic or linear regressions, were used to investigate changes between baseline
and 6-month follow-up in the following outcomes: 30-day prevalence rates of problem drinking, tobacco use, and cannabis use
as well as quantity of alcohol use, quantity of cigarettes smoked, cannabis use days, perceived stress, well-being, and social skills.
Results: A total of 1759 students from 89 Swiss secondary and upper secondary school classes were invited to participate in
the study. Of these, 1473 (83.7%) students participated in the study; the mean age was 15.4 years (SD 1.0) and 55.2% (813/1473)
were female. Follow-up assessments at 6 months were completed by 1233 (83.7%) study participants. On average, program
participants responded to half (23.6 out of 50) of the prompted activities. Program evaluations underlined its appropriateness for
the target group of secondary school students, with the majority rating the program as helpful and individually tailored. The
results concerning the initial effectiveness of this program based on 6-month follow-up data are promising, with three of nine
outcomes of the intention-to-treat analyses showing beneficial developments of statistical significance (ie, quantity of alcohol
use, quantity of tobacco use, and perceived stress; P<.05) and another three outcomes (ie, problem drinking prevalence, cannabis
use days, and social skills) showing beneficial developments of borderline significance (P<.10).
Conclusions: The results showed good acceptance of this intervention program that could be easily and economically implemented
in school classes. Initial results on program efficacy indicate that it might be effective in both preventing or reducing substance
use and fostering life skills; however, data from the final 18-month follow-up assessments will be more conclusive.
Trial Registration: ISRCTN Registry ISRCTN41347061; https://doi.org/10.1186/ISRCTN41347061
(JMIR Mhealth Uhealth 2021;9(7):e26951) doi:10.2196/26951
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Introduction
During adolescence numerous biological, psychological, and
social transitions take place, which determine a young person’s
development and future [1,2]. These transitions allow
adolescents to develop skills in order to achieve greater
autonomy, build relationships with peers, develop a positive
body image, and find one’s identity. However, they are also
accompanied by an increased willingness to take risks during
a time when the cognitive functions of the brain (eg, to regulate
emotions) are not yet fully developed [3]. Shifts in emotional
regulation as well as increased risk behavior increase the
susceptibility of an individual to develop mental and substance
use disorders. These disorders are largely responsible for the
health burden of 10- to 24-year-old individuals [4]. Substance
use, as well as the development of substance use disorders,
co-occur with mental disorders and typically first arise
throughout the adolescent years [1].
The prevalence of lifetime and recent alcohol and tobacco use
increases sharply in both genders from 11 to 15 years of age
[5]. In Switzerland, the lifetime prevalence of alcohol use
increased from 22% among 11-year-old boys to 70% among
15-year-old boys, and from 11% among 11-year-old girls to
69% among 15-year-old girls [6]. The proportion of pupils who
reported having smoked cigarettes at least once in their life
increased from 6% among 11-year-old boys to 35% among
15-year-old boys, and from 2% among 11-year-old girls to 30%
among 15-year-old girls. This age range reflects a critical time
when substance prevention programs should be implemented.
A systematic review of studies, which examined the efficacy
of prevention, early intervention, and harm reduction in
adolescents for tobacco, alcohol, and illicit drugs, illustrated
the effectiveness of taxation, public consumption bans,
advertising restrictions, and minimum legal age. Additionally,
promising effectiveness of preventive interventions, which
provide life-skills training in educational settings, was shown
[7]. Using schools as a medium to reach adolescents with
preventive interventions is particularly suitable, as it facilitates
the delivery and access to adolescents within compulsory
secondary education. A Cochrane review on school-based
programs for the prevention of tobacco smoking demonstrated
a significant intervention effect from the combination of social
competence and social influence interventions [8]. Another
Cochrane review on school-based prevention programs for
alcohol misuse among young people concluded that certain
generic psychosocial and developmental prevention programs
can be effective [9]. A large proportion of generic programs
tending to social competencies and social influences, which
were referenced in the reviews mentioned above, are defined
as life-skills training and are based on Bandura’s social learning
theory [10]. This theory explains that children and adolescents
discover substance use by modeling, imitation, and
reinforcement, which is influenced by individual cognitions and
attitudes. Moreover, in light of the social influences approach
[11], substance use susceptibility increases as a result of a lack
of personal and social skills, and adolescents begin drug use
because of pressure from friends, family, and the media.
According to the definition from the World Health Organization,
https://mhealth.jmir.org/2021/7/e26951
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life skills are “abilities for adaptive and positive behavior that
enable individuals to deal effectively with the demands and
challenges of everyday life” [11].
Life-skills intervention programs to prevent substance use
[12-14] primarily combine training in self-management skills
(eg, adapting to stress, emotional self-regulation, and goal
setting), social skills (eg, assertiveness and communication
skills), and skills facilitating the resistance to substance use (eg,
opposing peer pressure to drink alcohol, identifying and resisting
media influences that promote cigarette smoking, and correcting
normative misperceptions of substance use). In spite of the fact
that these life-skills training programs were compelling at
preventing the onset [8,14,15] of using an explicit substance or
at reducing problematic substance use [9], their implementation
and dispersal in schools present genuine difficulties [16]:
teachers or other professionals need time, training, knowledge,
and skills to prepare and administer such programs [17].
Digital interventions have great potential to overcome the
above-mentioned obstacles that hinder successful program
implementation and larger-scale dissemination of life-skills
training in schools. These programs have a large reach at low
cost and offer the ability to deliver uniquely personalized content
automatically, which can be accessed anytime and anywhere.
Furthermore, digital interventions might be more appealing for
adolescents because they can better ensure privacy and tailor
contents to their needs. A systematic review of digital alcohol
and other drug prevention programs [18] identified nine trials,
six of which demonstrated significant, but modest, effects for
alcohol and/or other drug use outcomes. The programs were
delivered in the United States, Australia, and the Netherlands
and provided between 1 and 12 online curriculum-based
standard lessons or tailored feedback. All programs were
universal (ie, delivered interventions to all students regardless
of their level of risk) and were primarily based on principles of
the social learning theory [10], the social influences approach
[19], and the social cognitive theory [20,21].
A promising way of delivering preventive services, besides
conventional personal computers, is to do so remotely by using
mobile technologies. Almost all (99%) adolescents between the
ages of 12 and 19 years in Switzerland, as in most other
developed countries, own a mobile phone. Compared to services
that can only be accessed at particular times or places, they
provide a targeted and confidential means of intervention
delivery [22]. Mobile phone–based interventions can provide
almost constant support to users, in comparison to interventions
that can only be accessed at specific times or locations, and they
provide a discrete and confidential means of intervention
delivery [23]. Mobile phone text messaging, in particular, is a
suitable means of delivering individually tailored messages via
mobile phones. This interactive service allows cost-effective,
instantaneous, direct delivery of messages to individuals. Recent
reviews underline the potential efficacy of text messaging–based
interventions to reduce alcohol and tobacco use for different
at-risk target groups, including adolescents and young adults
[24,25].
Ready4life is a mobile phone–based life-skills training program
for substance use prevention. Its acceptance and potential
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effectiveness was tested within a pre-post study in Switzerland
[26]. Program participants were vocational school students with
a mean age of 17 years, who received up to three weekly text
messages over 6 months. The ready4life program was based on
social cognitive theory and addressed self-management skills,
social skills, and substance use resistance skills. Active program
engagement was encouraged through interactive features, such
as quiz questions, message and picture contests, and integration
of a friendly competition with prizes, in which program users
collected credits with each interaction. A total of 4 out of 5
eligible students participated in the program and the associated
study. Pre-post comparisons, between baseline and follow-up
assessments, revealed decreased perceived stress and increases
in several life skills that were addressed. The proportion of
adolescents with at-risk alcohol use significantly declined from
20% at baseline to 16% at follow-up.
Based on these promising findings [26], a similar universal
prevention program was developed for the target group of
secondary school students; these students are slightly younger
than vocational school students and their substance use is not
yet fully advanced [5]. Our main hypothesis concerning the
final follow-up at month 18 is that the individually tailored
intervention program will be more effective than assessment
only in preventing the onset and escalation of problematic
alcohol and tobacco use.
This study presents (1) the results on appropriateness
(acceptance, use, and evaluation of duration, intensity, tailoring,
helpfulness, comprehensibility, etc) of this program as well as
(2) initial results on its efficacy considering 6-month follow-up
assessments of this controlled trial.

Methods
Objectives and Study Design
This study aimed at testing the acceptance and short-term
efficacy of SmartCoach, a mobile phone–based life-skills
training program to prevent substance use among secondary
school students. The efficacy of the intervention was tested in
comparison to an assessment-only control group, considering
data from the first follow-up assessment after 6 months.

Participants, Setting, and Procedure
We tested the intervention program in secondary and upper
secondary school students, typically aged between 14 and 17
years. Secondary schools in the German-speaking part of
Switzerland were invited to participate in the study by
cooperating regional centers for addiction prevention.
Employees of these centers arranged 60-minute information
sessions in participating secondary school classes during regular
school lessons reserved for health education. These information
sessions were led by junior scientists from the Swiss Research
Institute for Public Health and Addiction, who were experienced
in work with young people, experienced in the provision of
preventive interventions, and trained on the study and the
program to be delivered.
The parents of secondary school students below the age of 16
years were informed at least one week in advance of this session.
They received a letter including information about the study
https://mhealth.jmir.org/2021/7/e26951
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and the intervention program and were asked to give written
informed consent regarding their child’s participation in the
study. Adolescents aged 16 years or older gave their own
informed consent.
Within the first half of the information sessions in the school
classes, the junior scientists raised awareness about the
importance of life skills to effectively cope with the demands
and challenges of everyday life. For this purpose, they used
video sequences demonstrating typical stressors and demands
for this age group (eg, search for an apprenticeship, exam stress,
and peer pressure for substance use) and different strategies to
cope with them. The importance of emotional regulation skills
and social skills to effectively cope with these stressors were
discussed based on case vignettes. Subsequently, the students
were informed about, and invited to participate in, a study testing
innovative channels for the provision of life-skills training. To
ensure adherence to the study protocol and representativeness
of the sample [27], a reward of CHF 10 (US $10.90) for
participation in each of the two follow-up assessments was
announced.
Students were invited to participate in the study if they met the
following criteria: (1) were a minimum age of 14 years, (2)
owned a mobile phone, and (3) provided parental informed
consent if they were under 15 years of age. Informed consent
was obtained online from all study participants. Subsequently,
they were invited to choose a username, provide their mobile
phone number, and fill in the baseline assessment directly on
their mobile phone.
Participants of the intervention group received additional
questions, which were necessary for the tailoring of the
intervention content. Furthermore, for participants of the
intervention group, the mobile phone–based intervention
program and its association with a friendly competition was
described in detail. Subsequently, participants of the intervention
group received individually tailored web-based feedback directly
on their mobile phone (see Intervention Program section).
During the subsequent 6 months, participants of the intervention
group received individually tailored mobile phone–based
life-skills training.
Participants of the assessment-only control group were thanked
for their study participation and were informed about their group
assignment and their reward for participation in the follow-up
assessment.
Follow-up assessments in both study groups were conducted
using a similar procedure: participants were invited to the online
follow-up assessments via SMS text messaging, which included
a link to the follow-up survey. Nonresponders were additionally
addressed via computer-assisted telephone interviews conducted
by research assistants. Study participants were recruited between
March 2019 and March 2020. The 6-month follow-up
assessments were conducted between August 2019 and
September 2020.

Ethical Review and Trial Registration
The study protocol was approved on June 21, 2018, by the Ethics
Committee of the Faculty of Arts and Sciences at the University
of Zurich, Switzerland (approval No. 18.6.5). The trial was
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executed in compliance with the Helsinki Declaration. The trial
was registered on July 21, 2018, at the ISRCTN Registry
(ISRCTN41347061).

Randomization and Allocation Concealment
To avoid spillover effects within school classes, we conducted
a cluster-randomized controlled trial using a school class as a
randomization unit. Due to the heterogeneity of students in the
different secondary schools, we used a separate randomization
list for each school (ie, stratified randomization). Furthermore,
to approximate equality of sample sizes in the study groups, we
used block randomization with computer-generated randomly
permuted blocks of 4 cases [28].
Junior scientists supervising the baseline assessment were
blinded to the group allocation of school classes. In addition,
group allocation was not revealed to participants until they had
provided their informed consent, username, mobile phone
number, and baseline data. Furthermore, the research assistants
who performed the computer-assisted follow-up assessments
for primary and secondary outcomes were blinded to the group
allocation.

Intervention Program
Theoretical Background and Intervention Contents
The intervention elements of the program were based on social
cognitive theory [20,21]. The key concepts of this theory, which
were addressed within SmartCoach, were (1) outcome
expectations, (2) self-efficacy, (3) observational learning, (4)
facilitation, and (5) self-regulation. Their implementation within
the SmartCoach program is described in more detail within the
study protocol [29].

Technological Background
The intervention program was developed using the MobileCoach
system. Technical details of the system are described elsewhere
[30,31]. The MobileCoach system is available as an open-source
project. Password protection and Secure Sockets Layer encoding
were used to ensure the privacy and safety of data transfer.

Individually Tailored Feedback
Individually tailored web-based feedback was provided to study
participants of the intervention group immediately after
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completion of the online baseline assessment within the school
classes. It comprised seven screens, including textual and
graphical feedback on stress in general, individual level of stress
in various domains, individual applied and suggested coping
strategies, as well as individual level of social skills. Instruments
for the assessment of stress and coping strategies were derived
from the Juvenir 4.0 study, a national survey on stress in
adolescents with more than 1500 participants [32]. Data from
this survey were also used to provide age- and gender-specific
feedback on individual stress level.

Text Messages
For a period of 22 weeks, program participants received between
two and four individualized text messages per week on their
mobile phone. These messages were generated and sent by the
fully automated system. Within the first 7 weeks, the messages
focused on self-management skills (eg, coping with stress,
emotional self-regulation, or management of feelings of anger
and frustration). In weeks 8 to 17, the messages focused on
social skills (eg, making requests, refusing unreasonable
requests, and meeting new people). In weeks 18 to 22, the text
messages focused on substance use resistance skills (eg,
recognizing and resisting media influences, correcting normative
misperceptions of substance use, or understanding the
associations of self-management skills and social skills with
substance use). The messages were tailored according to the
individual data from the baseline assessment and were based
on text messaging assessments during the program runtime (eg,
on substance use or on the individual’s emotional state).
Several interactive features, such as quiz questions, tasks to
create individually tailored if-then behavior plans based on
implementation intentions, and message contests, were
implemented within the program. Due to the wide dissemination
of smartphones among adolescents [22], several messages also
included hyperlinks to audio files (eg, audio testimonials and
motivational podcasts) as well as to thematically appropriate
video clips, pictures, and related websites. Table 1 displays the
sequence and content of the text messages.
Figures 1 and 2 show a selection of intervention elements from
the SmartCoach program.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e26951 | p.177
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Haug et al

Table 1. Sequence and content of text messages within the SmartCoach program.
Week No.

Content

Required activities

1

Introduction to self-management skills

Reply to quiz question

Origin and function of stress

Click on video link

Quiz on common stressors

Reply to quiz question

2

Click on video link
3

Tailored stress reduction strategies for individual stressors

Reply to text message with options
Click on video or website link

4

Self-challenge on general stress reduction strategies

Reply to text message with options
Reply to text message on successful application of chosen strategy

5

Quiz on eustress versus distress

Reply to quiz question
Click on video link

6

Tailored stress reduction strategies for individual stressors

Reply to text message with options
Click on video or website link

7

Group contest on preferred stress management strategy

Post a picture and text message on individually preferred strategy
Voting of others’ posts
Viewing of most-voted posts

8

Introduction to socials skills

Click on link to an overview picture

Quiz on social skills

Reply to quiz question
Click on link to picture

9

Tailored strategies for improving personal social skills

Reply to text message with options
Click on video or website link

10

Quiz on use of body language in different situations

Reply to quiz question
Click on video link

11

Tailored strategies for improving personal social skills

Reply to text message with options
Click on video or website link

12

13

Self-challenge on strategies to improve social skills in different
areas

Reply to text message with options

Origin of smartphone addiction

Reply to quiz question

Reply to text message on successful application of chosen strategy

Click on video link
14

Quiz on associations between smartphone use and stress, tailored Reply to quiz question
to gender
Click on video links

15

Self-challenge on smartphone detox

Reply to text message with options
Reply to text message on successful detox in chosen situation
Click on video link

16

Quiz on recognition of peer pressure

Click on link to the first part of the video
Reply to quiz question
Click on link to the second part of the video

17

Group contest on favorite social situation

Post a picture and text message on favorite social situation
Voting of others’ posts
Viewing of others’ posts

18

Introduction to substance use resistance skills

Click on link to an overview picture

Quiz on substance use prevalence (alcohol and tobacco) in reference group and normative feedback

Reply to quiz question

19

Quiz on the presence of tobacco advertisements directed to adoles- Reply to quiz question
cents in everyday life
Click on video link

20

Quiz on risks of alcohol use

Reply to quiz question
Click on website link

21

Tailored information on social consequences of alcohol use
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Week No.

Content

Required activities

22

Group contest on motivation for abstinence or low-risk alcohol
use

Post a motivational text message
Voting of others’ posts
Viewing of others’ posts

Figure 1. Screenshots (translated into English) from the SmartCoach program: baseline assessment (left) and feedback on social skills (right).
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Figure 2. Screenshots (translated into English) from the SmartCoach program: text messages (left), video clips (middle), and friendly competition
(right).

Prize Draw
To stimulate active program engagement, program use was
associated with a friendly competition, which allowed program
users to collect credits for each interaction (eg, answering
monitoring text messages, participating in quizzes, creating
messages or pictures within contests, and accessing video links
integrated in text messages). The more credits participants
collected, the higher their chances of winning one of 10 prizes,
which were part of a prize draw (10 cash prizes of CHF 50 [US
$54.50] each) after program completion. Participants were able
to compare their number of credits with that of other program
participants in their group (ie, similar starting date) at any time
from an individual profile page. As can be seen in Figure 2 on
the right, this was a mixture of feedback on the absolute number
of credits for a participant and the relative score compared to
the average number of credits for the reference group. However,
the absolute individual score was ultimately decisive for the
chances of winning a prize, so a win was possible when reaching
the bronze level (25 credits), the chance was twice as high when
reaching the silver level (50 credits), and there was a three-fold
chance of winning when reaching the gold level (75 credits).

Assessments and Outcomes

analyzed the log files of the MobileCoach system, in which all
incoming and outgoing text messages were recorded. Using
these log files, we also assessed the number of activities
performed (eg, replies to text messaging prompts, accessing
weblinks within text messages, and participating in contests)
during the program. At follow-up, we assessed another aspect
of SMS usage by asking the participants whether they usually
(1) read through the text messages thoroughly, (2) took only a
short look at them, or (3) did not read the text messages.
Furthermore, we evaluated whether (1) the number of received
text messages was felt to be appropriate, (2) the duration of the
program was adequate, (3) the participants would recommend
the program to others, (4) the text messages were
comprehensible, (5) the text messages were helpful, and (6) the
text messages were perceived as individually tailored. Finally,
program participants were asked to rate the program and
different program elements, using the response categories very
good, good, less than good, bad, and don’t know.

Outcomes
Baseline and follow-up assessments included the following:
1.

Demographics
At baseline, demographic variables (ie, age, sex, and
immigration background) as well as type of school (ie,
secondary or upper secondary school) were assessed.

Program Use and Evaluation
To obtain the number of program participants who unsubscribed
from the program within the program runtime of 6 months, we
https://mhealth.jmir.org/2021/7/e26951
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RenderX

2.

Problem drinking and alcohol use in the preceding 30 days,
assessed by the short form of the Alcohol Use Disorders
Identification Test–Consumption Items (AUDIT-C) [33].
This test is comprised of three items: (1) frequency of
alcohol consumption, (2) quantity of alcohol consumption,
and (3) binge drinking. Pictures were used to illustrate the
quantity of a standard drink, which corresponded to 12 g
to 14 g of pure alcohol. Based on a validation study of a
large German sample, a cutoff score of ≥5 was used [34].
The 30-day point prevalence rate for smoking abstinence
(ie, not having smoked a puff within the past 30 days
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3.

4.

5.

6.

7.

according to the criteria of the Society for Nicotine and
Tobacco Research [35]).
Quantity of cigarettes smoked in the preceding 30 days,
assessing by the number of smoking days and the typical
number of cigarettes smoked per smoking day.
Cannabis use in the preceding 30 days, assessed by an item
of the HBSC (Health Behaviour in School-aged Children)
study [36] addressing the number of cannabis consumption
days.
Perceived stress, assessed by a single item from the Swiss
Juvenir study [32]—“How often have you had the feeling
of being overstressed or overwhelmed in the last
month?”—with answer options ranging from 1 (never) to
5 (all the time).
Well-being, assessed by the 5-item World Health
Organization Well-Being Index (WHO-5) [37], with the
final score ranging from 0, representing the worst
imaginable well-being, to 100, representing the best
imaginable well-being.
Social skills, assessed by the brief version of the 10-item
Interpersonal Competence Questionnaire (ICQ-10) [38]
addressing the following domains: (1) initiation of
relationships, (2) negative assertion, (3) disclosure of
personal information, (4) emotional support, and (5) conflict
management.

The primary outcomes, according to the study protocol [29],
are (1) prevalence of problem drinking in the preceding 30 days
according to the AUDIT-C and (2) prevalence of cigarette
smoking in the preceding 30 days (ie, having smoked at least a
puff, according to the criteria of the Society for Nicotine and
Tobacco Research [35]). Secondary outcomes were (1)
prevalence of cannabis use in the preceding 30 days (ie, having
used cannabis at least once), (2) quantity of alcohol use in the
preceding 30 days, (3) quantity of cigarettes smoked in the
previous 30 days, (4) frequency of cannabis use in the preceding
30 days, (5) perceived stress, (6) well-being, and (7) social
skills.

Data Analyses
Descriptive statistics were used to present indicators of program
use and evaluation. In order to examine baseline differences
between participants of the intervention and control groups, we
performed chi-square tests for categorical variables as well as
t tests and Mann-Whitney U tests for continuous variables. The
same tests were applied to assess whether participants who were
lost to follow-up differed from those who responded, as a
function of the study group.
We analyzed data according to the intention-to-treat (ITT)
principle. For the ITT analyses, we used multiple imputation
procedures as described elsewhere [39]. We imputed for each
group separately to preserve homogeneity within the groups
and potential interventional effects. Overall predictors of missing
data at follow-up were gender, immigration background,
education, and number of students within a school class.
Differential predictors of missing data at follow-up were
problem drinking, tobacco smoking, and use of the program.
Thus, these predictors were part of all imputation models for
the study’s primary and secondary outcomes. The remaining
https://mhealth.jmir.org/2021/7/e26951
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study outcome predictors were variables that correlated at least
weakly with these (r>0.20). Binary variables were imputed
using logistic regression, categorical variables using multinomial
logit models, and continuous variables using predictive mean
matching. We examined 50 data sets and no systematic bias in
convergence was revealed; thus, the final inferences were
derived from this solution.
Next, we calculated the intraclass correlation (ICC) for primary
and secondary outcomes. In our study, the ICC determines the
extent to which study outcomes vary across classrooms. If an
ICC is close to 0, standard regressions provide unbiased
coefficients, whereas an ICC higher than 0 indicates that
hierarchical models are needed to avoid a type I statistical error.
In previous studies, ICCs between 0.05 and 0.10 were
considered negligible [40,41]. However, it is an open debate as
to how well the ICC performs depending on the underlying data
[42]. Thus, we opted for a conservative approach and conducted
linear mixed models (LMMs) and generalized linear mixed
models (GLMMs) where the ICC was higher than 5%, and
logistic or linear regressions where the ICC was below 5%.
Within LMMs and GLMMs, we modeled a random intercept
for school class, while predictors and covariates were identical
to logistic or linear regressions. Analyses of binary outcomes
focused on follow-up values. Independent variables included
baseline values for the binary variables of interest, group as a
predictor, and variables for which baseline differences were
observed as covariates. Analyses of continuous outcomes
included change in score from baseline to follow-up as the
dependent variable. Independent variables included group as a
predictor and variables for which baseline differences were
observed. We included in all models a covariate that modeled
the possible effect of the lockdown measures undertaken in
Switzerland between February 28 and June 22, 2020, because
of the COVID-19 pandemic. During this period, several parts
of students’ lives were affected (eg, schools and/or bars were
closed), which may have had an effect on our outcomes. The
results from the imputed data set were cross-checked with the
nonimputed data set. Results with a type I error rate of P<.05
on two-sided tests were considered statistically significant.
Analyses were performed using SPSS, version 25 (IBM Corp),
and R, version 3.6.1 (The R Foundation). Multiple imputation
was conducted with the mice (multivariate imputation by
chained equations) package in R [43], and LMM and GLMM
were conducted with the lme4 (linear mixed-effects 4) package
in R [44].

Results
Study Participants
Figure 3 depicts participants’ progression through the trial. At
the online screening assessment, 1759 students were present in
89 classes. Of these, 1623 (92.3%) students received parental
approval to participate, and 1473 (83.7%) students ultimately
participated in the study. A total of 44 classes containing 750
students in total were randomly assigned to the intervention
group, and 45 classes containing 723 students in total were
assigned to the control group. Follow-up assessments at 6
months were completed by 597 out of 750 (79.6%) participants
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in the intervention group and 636 out of 723 (88.0%) participants
in the control group.

prevalence of tobacco smoking and problem drinking, quantity
of alcohol use, and perceived stress.

Baseline characteristics for the study sample are shown in Table
2. The mean age was 15.4 years (SD 1.0), and 55.2% (813/1473)
of the participants were female.

Concerning attrition bias, the analysis revealed that intervention
group participants who were lost to follow-up reported more
frequent tobacco use (Wald=6.38, df=1; P=.01) and problem
drinking (Wald=8.97, df=1; P=.003) at baseline than controls.

Baseline differences between the intervention and control groups
were revealed for immigration background, education,
Figure 3. Participants’ progression through the trial.
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Table 2. Baseline characteristics of the study sample.
Variable

Intervention group Control group
(n=750)
(n=723)

Total (N=1473)

.34b

Sex, n (%)
Male

327 (43.6)

333 (46.1)

660 (44.8)

Female

423 (56.4)

390 (53.9)

813 (55.2)

15.4 (1.0)

15.5 (1.0)

15.4 (1.0)

Age (years), mean (SD)

P valuea

.052c
<.001b

Immigration background, n (%)
No immigration background

389 (51.9)

309 (42.7)

698 (47.4)

One parent born outside Switzerland

173 (23.1)

168 (23.2)

341 (23.2)

Both parents born outside Switzerland

188 (25.1)

246 (34.0)

434 (29.5)
.007b

Type of school, n (%)
Secondary school

165 (22.0)

203 (28.1)

368 (25.0)

Upper secondary school

585 (78.0)

520 (71.9)

1105 (75.0)
.09b

Tobacco smoking, preceding 30 days, n (%)
No

659 (87.9)

614 (84.9)

1273 (86.4)

Yes

91 (12.1)

109 (15.1)

200 (13.6)

5.3 (1.5)

7.9 (1.8)

6.6 (1.2)

.10d

No

636 (84.8)

573 (79.3)

1209 (82.1)

.006b

Yes

114 (15.2)

150 (20.7)

264 (17.9)

5.9 (16.3)

7.5 (16.4)

6.7 (16.4)

Quantity of cigarettes smoked, preceding 30 days, mean (SD)
Problem drinking, preceding 30 days, n (%)

Quantity of alcohol use, preceding 30 days, mean (SD)

.95b

Cannabis use, preceding 30 days, n (%)

a

.003d

No

644 (85.9)

620 (85.8)

1264 (85.8)

Yes

106 (14.1)

103 (14.2)

209 (14.2)

Cannabis use days, preceding 30 days, mean (SD)

0.77 (3.4)

0.78 (3.5)

0.78 (3.5)

.95b

Perceived stress scoree, mean (SD)

2.9 (0.9)

3.0 (0.9)

2.99 (0.9)

.04c

Well-being score (WHO-5f), mean (SD)

52.9 (17.3)

51.6 (17.3)

52.3 (17.3)

.11c

Social skills score (ICQ-10g), mean (SD)

14.9 (2.2)

14.9 (2.2)

14.9 (2.2)

.45c

P values for the comparison of the intervention and control groups.

b

P value calculated from chi-square test.

c

P value calculated from t test.

d

P value calculated from Mann-Whitney U test.

e

Perceived stress scores range from 1 (never) to 5 (all the time).

f

WHO-5: 5-item World Health Organization Well-Being Index; final scores range from 0 (worst imaginable well-being) to 100 (best imaginable
well-being).
g

ICQ-10: 10-item Interpersonal Competence Questionnaire; final scores range from 5 (always poor/unable to handle social situations) to 20 (always
good/able to handle social situations).

Program Use and Evaluation
During the intervention program, which lasted for 22 weeks,
40 of the 750 (5.3%) program participants withdrew their
participation. A total of 50 activities (eg, replying to text
messaging prompts, accessing weblinks within text messages,
and participating in contests) were prompted over the 6-month
https://mhealth.jmir.org/2021/7/e26951
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program. The mean number of activities carried out by
participants was 23.6 (SD 15.9). A total of 9.6% (72/750) of
participants did not take part in any of the activities prompted
by the program. Low engagement with the program was
established for 149 out of 750 (19.9%) students, who interacted
with it only 1 to 10 times. A total of 14.0% (105/750) of the
participants interacted 11 to 20 times, 13.3% (100/750)
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interacted 21 to 30 times, 24.9% (187/750) interacted 31 to 40
times, and 18.3% (137/750) interacted 41 to 50 times.
Of 597 participants with valid follow-up data, 563 (94.3%)
answered the question regarding whether they had read the text
messages. Of these, 70.9% (399/563) indicated that they read
the SMS messages thoroughly, 27.0% (152/563) reported that
they took a quick look at the SMS messages, and 1.6% (12/563)
chose the predefined response category I did not read the SMS
messages. The number of text messages received was rated as
appropriate by 78.6% (442/562) of participants; 12.0% (90/562)
would have preferred fewer messages, and 5.3% (30/562) would
have preferred more text messages. Three-quarters of the
participants rated the total length of the program as adequate
(424/561, 75.6%); 7.5% (42/561) would shorten the program,
and 12.7% (95/561) would extend the program. Over half of
the participants (378/560, 67.5%) would recommend the
program to others, while 32.5% (182/560) would not.

Haug et al
Almost all participants reported that the text messages were
comprehensible (544/550, 98.9%). Participants were also asked
if the text messages were helpful, and 384 out of 550 (69.8%)
agreed that they were. A majority (327/550, 59.5%) indicated
that they perceived the text messages as individually tailored
to them.
Figure 4 presents additional evaluations of the program and
specific program elements. The program, overall, was evaluated
as very good or good by 83.6% (469/561) of the participants.
Out of the specific program elements, the prizes, the text
messages in general, the web-based feedback, and the quiz
questions received the best evaluations, with more than 82.2%
(461/561) of participants rating them as good or very good. The
picture and message contests received the poorest ratings: 44.9%
(252/561) of the participants rated them as good or very good.

Figure 4. Evaluations of the program and specific program elements by program participants (n=560). Values are presented for percentages >5.0%.

Initial Efficacy Based on 6-Month Follow-Up
The results of the complete-case (CC) and ITT analyses
examining prevalence of problem drinking, tobacco smoking,
and cannabis use are displayed in Table 3.
In the 30 days preceding the 6-month follow-up assessment,
prevalence of problem drinking increased by 2.5% (from 15.2%
to 17.7%) in the intervention group and by 3.4% (from 20.7%
to 24.1%) in the control group, relative to that observed at
baseline. This group effect was significant in the CC analysis
(odds ratio [OR] 0.64, 95% CI 0.44-0.91; P=.01) but not in the
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ITT analysis (OR 0.71, 95% CI 0.49-1.03; P=.07). The
prevalence of tobacco smoking also showed a steeper increase
for controls (from 15.1% to 18.5%) compared to those who
received the intervention (from 12.1% to 14.5%) from baseline
to the 6-month follow-up, but this effect was not significant,
neither in the ITT analysis (OR 0.83, 95% CI 0.50-1.36; P=.46)
nor in the CC analysis (OR 0.82, 95% CI 0.46-1.43; P=.48).
No significant group effect was observed for the pre-post
difference in prevalence of cannabis smoking (+2.3% vs +1.3%;
PITT=.21; PCC=.60).
Results for continuous outcomes are summarized in Table 4.
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Table 3. Intervention effects for dichotomous outcomes.
Outcome

Intervention group (n=750)

Control group (n=723)

z

P value

Odds ratio
(95% CI)

Baseline, n
(%)

Follow-up, n Diffa, Baseline, n
(%)
%
(%)

Follow-up, n
(%)
Diff, %

114 (15.2)

88/597
(14.7)

–0.5

149/635
(23.5)

2.8

75/597
(12.6)

0.5

114/635
(18.0)

2.9

79/596
(13.3)

–0.8

101/635
(15.9)

1.7

133 (17.7)

2.5

174 (24.1)

3.4

Complete-case analysis
Problem drinking in past
30 daysb
Tobacco smoking in past

91 (12.1)

30 daysb
Cannabis use in past 30
days

106 (14.1)

c

150 (20.7)

109 (15.1)

103 (14.2)

–0.45

.01

0.64
(0.44-0.91)

–0.20

.48

0.82
(0.46-1.43)

–0.11

.60

0.90
(0.60-1.34)

Intention-to-treat analysis
Problem drinking in past

114 (15.2)

150 (20.7)

–0.34

.07

30 daysb
Tobacco smoking in past

(0.49-1.03)
91 (12.1)

109 (14.5)

2.4

109 (15.1)

134 (18.5)

3.4

–0.19

.46

30 daysb
Cannabis use in past 30
days
a

0.71

0.83
(0.50-1.36)

106 (14.1)

123 (16.4)

2.3

103 (14.2)

c

112 (15.5)

1.3

0.21

.21

1.24
(0.89-1.73)

Diff: difference.

b

Based on generalized linear mixed models with a random effect for school classes, group as fixed factor, follow-up scores as outcomes, and baseline
scores, lockdown experience, immigration background, school type, perceived stress, and problematic alcohol use at baseline as covariates.
c

Based on generalized linear model with the follow-up scores as outcomes, group as predictor, and the baseline score, lockdown experience, immigration
background, school type, perceived stress, and problematic alcohol use at baseline as covariates.

Quantity of alcohol consumed per month decreased by 0.6
standard drinks in the intervention group and increased by 0.7
standard drinks in the control group (PITT=.03; PCC=.06) from
baseline to the follow-up assessment. Further, a significant
group effect was observed for pre-post differences in cigarette
smoking (–1.7 cigarettes per month in the intervention group
and +5.0 cigarettes per month in the control group; PITT=.01;
PCC=.07) and reported stress (–0.2 in the intervention group and
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no change in the control group; PITT=.02; PCC=.03). No
significant group effect was observed for frequency of cannabis
smoking (+0.01 days in the intervention group and +0.39 days
in the control group; PITT=.053; PCC=.02). Pre-post differences
in well-being (+4.7 in the intervention group and +3.3 in the
control group; PITT=.16; PCC=.24) and social skills (+0.5 in the
intervention group and +0.3 in the control group; PITT=.07;
PCC=.10) also did not differ significantly between groups.
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Table 4. Intervention effects for continuous outcomes.
Outcome

Intervention group (n=750)

Control group (n=723)

t test (df)

P value

Effect size d
(95% CI)

Baseline

Follow-up

Diffa,
mean Baseline

Follow-up

Diff,
mean

4.7 (11.9)

–1.2

8.1 (17.1)

0.6

Complete-case analysis, mean (SD)
Quantity of alcohol use in

5.9 (16.3)

7.5 (16.4)

past 30 daysb
Quantity of cigarettes

5.3 (41.8)

3.3 (20.7)

–2.0

7.9 (47.8)

12.5 (69.9)

4.6

smoked in past 30 daysb
Cannabis smoking days in 0.8 (3.4)
past 30 days

c

Perceived stress score in
past 30 days

0.7 (2.9)

–0.9

0.8 (3.5)

1.2 (4.5)

0.4

b

2.9 (0.9)

2.8 (0.9)

–0.1

3.0 (0.9)

3.0 (1.0)

0

d

Well-being score (WHO-

52.9 (17.3)

56.9 (16.8)

4.0

51.6 (17.3)

54.3 (18.0)

2.7

5e)d
Social skills score (ICQ-

14.9 (2.2)

15.4 (2.1)

0.5

14.9 (2.2)

15.2 (2.2)

0.3

10f)b

–1.64
(1224)

.06

–5.01
(1223)

.07

–0.45
(1209)

.02

–0.19
(1209)

.03

1.64
(1211)

.24

0.20
(1184)

.10

–1.74
(1465)

.03

–6.66
(1466)

.01

–0.33
(1466)

.053

–0.21
(1473)

.02

2.04
(1473)

.16

0.20
(1465)

.07

–0.05
(–0.16 to 0.06)
–0.11
(–0.22 to 0.006)
–0.15
(–0.27 to –0.04)
–0.13
(–0.25 to –0.02)
0.05
(–0.06 to 0.17)
0.08
(–0.03 to 0.19)

Intention-to-treat-analysis, mean (SD)
Quantity of alcohol use in
past 30 days

5.9 (16.3)

5.3 (13.1)

–0.6

7.5 (16.4)

8.1 (16.8)

0.7

b

Quantity of cigarettes

5.3 (41.8)

3.6 (21.1)

–1.7

7.9 (47.8)

12.9 (68.6)

5.0

smoked in past 30 daysb
Cannabis use days in past

0.8 (3.4)

0.8 (2.9)

0.0

0.8 (3.5)

1.2 (4.6)

0.4

30 daysb
Perceived stress score in
past 30 days

2.9 (0.9)

2.7 (0.9)

–0.2

3.0 (0.9)

3.0 (1.0)

0

d

Well-being score (WHO-

52.9 (17.3)

57.6 (17.1)

4.7

51.6 (17.3)

54.9 (18.6)

3.3

5)d
Social skills score (ICQ-

14.9 (2.2)

15.4 (2.1)

0.5

14.9 (2.2)

10)b
a

15.2 (2.2)

0.3

–0.08
(–0.18 to 0.02)
–0.13
(–0.23 to –0.03)
–0.12
(–0.22 to –0.01)
–0.15
(–0.25 to –0.05)
0.07
(–0.04 to 0.17)
0.08
(–0.02 to 0.18)

Diff: difference.

b

Based on linear models with the change scores from baseline to follow-up as outcomes, group as predictor, and lockdown experience, immigration
background, school type, perceived stress, and problematic alcohol use at baseline as covariates.
c

Perceived stress scores range from 1 (never) to 5 (all the time).

d

Based on linear mixed models with a random effect for school classes, group as fixed factor, change scores from baseline to follow-up as outcomes,
and lockdown experience, immigration background, school type, perceived stress, and problematic alcohol use at baseline as covariates.
e

WHO-5: 5-item World Health Organization Well-Being Index; final scores range from 0 (worst imaginable well-being) to 100 (best imaginable
well-being).
f

ICQ-10: 10-item Interpersonal Competence Questionnaire; final scores range from 5 (always poor/unable to handle social situations) to 20 (always
good/able to handle social situations).

Discussion
Principal Findings
This study tested the appropriateness and initial effectiveness
of SmartCoach, a mobile phone–based life-skills training
program for substance use prevention in a sample of proactively
recruited secondary school students in Switzerland. Three main
findings were revealed: (1) 4 out of 5 secondary school students
(84%) participated in the study, showing a high interest in this
https://mhealth.jmir.org/2021/7/e26951
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interventional approach; (2) overall program use and
engagement was good; and (3) initial results on program efficacy
showed a significant intervention effect for some of the
considered outcomes, including quantity of alcohol consumed
per month, quantity of cigarettes smoked per month, and
reported stress.
The proactive invitation for program and study participation in
secondary and upper secondary schools, in combination with
the offer of a low-threshold mobile phone–based intervention,
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permitted us to reach 4 out of 5 adolescents for participation in
the SmartCoach program and/or the associated study. Given
the program duration of 22 weeks and that program participants
needed to indicate their mobile phone number, this high
participation rate of 84% is remarkable. Compared to the related
ready4life program for life-skills training among vocational
school students, the participation rate was similar, with 82% of
students present within the school classes that could be recruited
[26]. In contrast, substance-specific mobile phone–based
programs, conducted in the same setting and using similar
recruitment procedures, achieved slightly lower participation
rates, with 50% to 75% of smokers participating in comparable
programs to support smoking cessation [45-47] and around 75%
in comparable programs for the prevention of problem drinking
[48,49]. This preference for general life-skills training programs
compared to substance-related programs might reflect the higher
attractiveness of life skills–related topics, like stress
management or social-skills training, but might also be
associated with stigma and prejudice about substance-related
disorders [50,51].
Concerning program use and engagement, the overall results
were positive, with the majority of students (95%) remaining
registered for the program for the total duration of 6 months
and, on average, with program participants responding to half
(mean of 23.6 out of 50) of the prompted activities. Program
evaluations underlined its appropriateness for the target group
of secondary school students, with the majority rating the
program as helpful and individually tailored. However, 10%
failed to engage in any of the 50 program activities, and another
20% showed low engagement, with less than 10 program
interactions. Based on these findings, there is clearly room for
improvement in terms of active program engagement,
particularly concerning the picture and message contests, which
received the poorest ratings among all program elements. The
poor rating for this highly interactive element might be due to
the limitations of mobile phone text messaging to receive and
send pictures, which could be implemented more elegantly
within a chat-based native smartphone app; however, direct
comparisons of coaching programs based on SMS text
messaging and smartphone apps concerning engagement and
efficacy are still pending [52]. Compared to other text
messaging–based prevention programs for adolescents, program
engagement with SmartCoach was similar: the mean number
of activities carried out by participants in the ready4life
life-skills training program among vocational school students
was 15.5 out of 39 possible activities [26]; within a smoking
cessation program for vocational and upper secondary school
students, participants answered a mean of 6.6 (SD 3.5) out of
11 text message prompts [53].
Further measures to increase program engagement based on the
recommendations from a recent review [54] might be
customizable features to provide a tailored experience and
promote a sense of agency. For the SmartCoach program, this
could include more flexibility concerning timing and extent of
the intervention (eg, by the provision of fixed content at certain
points in time and optional content, which the user can request
flexibly). Furthermore, the provision of the right type of support
at the right time by adapting to an individual’s changing internal
https://mhealth.jmir.org/2021/7/e26951
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and contextual state, as conceptualized in just-in-time adaptive
interventions (JITAIs) [55], has the potential to increase program
engagement and effectiveness. Although JITAIs are typically
provided via smartphone apps, a recently published study
demonstrated that a text messaging–based just-in-time planning
intervention was effective in reducing alcohol use among
adolescents [56].
The results concerning the initial effectiveness of this program
based on 6-month follow-up data are promising, with three of
nine outcomes of the ITT analyses showing beneficial
developments of statistical significance (ie, stress, quantity of
alcohol use, and quantity of tobacco use; P<.05) and another
three outcomes (ie, problem drinking prevalence, cannabis use
days, and social skills) showing beneficial developments of
borderline significance (P<.10). As the metric measures of
substance use are more sensitive to change than the binary
prevalence measures, which present the main outcomes of this
study and provided the basis for the power calculations, these
initial results are not conclusive for the effects of the primary
outcomes of this study.

Limitations
The main limitations of this study are as follows:
1.

2.

3.
4.

5.

6.

Power calculations were based on the 18-month follow-up
assessment [29]; therefore, all results concerning efficacy
of the program should be considered as preliminary.
All data relied on self-report and the associated possibility
that results may have been influenced by social desirability
and a potential recall bias. Measures used to avoid underor overreporting of substance use included assurance of
confidentiality and anonymous assessments conducted via
online survey and without personal contact, which may
have increased the reliability of self-reported data.
Cluster randomization according to school class did not
result in a balancing of all baseline characteristics.
There was selective attrition in the intervention group for
persons with higher tobacco use and problem drinking at
baseline. Although multiple imputations were used to
compensate for this imbalance as much as possible, it would
be interesting to investigate the reasons for this selective
attrition. It is possible that the program reinforced cognitive
dissonance and, associated with this, created a reactance
toward the program. For future programs, this would mean
that content should be chosen very carefully in this respect.
Some of the follow-up assessments were conducted during
the lockdown restrictions due to the COVID-19 pandemic.
This might have affected the generalizability of the results;
however, this potential effect was addressed by the inclusion
of a corresponding dummy covariate within all outcome
analyses.
The results could not be generalized to secondary and upper
secondary schools in Switzerland, as we recruited a
convenience sample of school classes willing to participate
in the study. However, the comparison of substance use
prevalence rates among a representative sample of
15-year-old students in Switzerland [6] and the baseline
characteristics of the study sample did not reveal major
deviations. The 30-day point prevalence rates for tobacco
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smoking were 14% in this study and 16% in the
representative survey. For cannabis use, 30-day point
prevalence was also 14% in this study and 11% in the
survey. Concerning alcohol, the figures are not directly
comparable, with 18% of the study sample showing problem
drinking in the previous 30 days according to the AUDIT-C
[33] and 25% practicing binge drinking in the representative
sample [6].

Conclusions and Outlook
This is the first study that tested the appropriateness and efficacy
of a mobile phone–delivered life-skills training program for
substance use prevention among adolescents within a controlled
trial. Our results suggest that this program, which delivers
individualized messages and interactive activities integrated

Haug et al
within a friendly competition, is both appropriate and promising
in its effectiveness. Given that the program could be presented
and introduced by research workers to students within one
school lesson, it could be easily and economically implemented.
Our initial results indicate that the program might be effective
in both preventing or reducing substance use and fostering life
skills, such as coping with stress. However, data from the final
18-month follow-up will provide more robust results, including
regarding potential moderators and mediators of program
efficacy. Concerning moderators, it would be of particular
interest to examine whether individuals with higher levels of
substance use could also benefit from life-skills training
programs. It would also be of particular interest to test which
of the life skills addressed and successfully modified might
prevent or decrease substance use.
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Abstract
Background: Electronic self-monitoring technology has the potential to provide unique insights into important behaviors for
inducing weight loss.
Objective: The aim of this study is to investigate the effects of electronic self-monitoring behavior (using the commercial Lose
It! app) and weight loss interventions (with differing amounts of counselor feedback and support) on 4- and 12-month weight
loss.
Methods: In this secondary analysis of the Fit Blue study, we compared the results of two interventions of a randomized
controlled trial. Counselor-initiated participants received consistent support from the interventionists, and self-paced participants
received assistance upon request. The participants (N=191), who were active duty military personnel, were encouraged to
self-monitor their diet and exercise with the Lose It! app or website. We examined the associations between intervention assignment
and self-monitoring behaviors. We conducted a mediation analysis of the intervention assignment for weight loss through multiple
mediators—app use (calculated from the first principal component [PC] of electronically collected variables), number of weigh-ins,
and 4-month weight change. We used linear regression to predict weight loss at 4 and 12 months, and the accuracy was measured
using cross-validation.
Results: On average, the counselor-initiated–treatment participants used the app more frequently than the self-paced–treatment
participants. The first PC represented app use frequencies, the second represented calories recorded, and the third represented
reported exercise frequency and exercise caloric expenditure. We found that 4-month weight loss was partially mediated through
app use (ie, the first PC; 60.3%) and the number of weigh-ins (55.8%). However, the 12-month weight loss was almost fully
mediated by 4-month weight loss (94.8%). Linear regression using app data from the first 8 weeks, the number of self–weigh-ins
at 8 weeks, and baseline data explained approximately 30% of the variance in 4-month weight loss. App use frequency (first PC;
P=.001), self-monitored caloric intake (second PC; P=.001), and the frequency of self-weighing at 8 weeks (P=.008) were
important predictors of 4-month weight loss. Predictions for 12-month weight with the same variables produced an R2 value of
5%; only the number of self–weigh-ins was a significant predictor of 12-month weight loss. The R2 value using 4-month weight
loss as a predictor was 31%. Self-reported exercise did not contribute to either model (4 months: P=.77; 12 months: P=.15).
Conclusions: We found that app use and daily reported caloric intake had a substantial impact on weight loss prediction at 4
months. Our analysis did not find evidence of an association between participant self-monitoring exercise information and weight
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loss. As 12-month weight loss was completely mediated by 4-month weight loss, intervention targets should focus on promoting
early and frequent dietary intake self-monitoring and self-weighing to promote early weight loss, which leads to long-term
success.
Trial Registration: ClinicalTrials.gov NCT02063178; https://clinicaltrials.gov/ct2/show/NCT02063178
(JMIR Mhealth Uhealth 2021;9(7):e18741) doi:10.2196/18741
KEYWORDS
weight loss; self-monitoring; obesity; apps; behavioral intervention

Introduction
Background
Consistent dietary and physical activity self-monitoring is an
important component of successful weight loss in both
traditional in-person behavioral weight loss programs [1,2] and
technology-based programs [2-5]. Technology may also increase
self-monitoring adherence [2,6-8]. Perhaps because
technology-based dietary and physical activity self-monitoring
requires minimal effort [9], commercial technology-based
dietary and physical activity monitoring programs have grown
in quantity and popularity with apps such as Lose It!, which has
reported more than 30 million downloads to date, and
MyFitnessPal, which had 225 million users in 2018 [10,11].
Self-weighing is another form of self-monitoring that facilitates
weight loss [12-14], perhaps because of the behavioral changes
in diet or exercise that occur as participants become more aware
of their weight trajectories [15,16]. Until recently, many studies
involving self-weighing relied on questionnaires in which
participants could specify their weighing frequency [12]; now,
it is possible to directly measure adherence to self-weighing
through smart scales that record a participant’s weight and
self-weighing habits and transmit this information through
wireless cellular technology.
Early performance (ie, self-monitoring adherence and weight
loss) in a weight loss program is an indicator of long-term
weight loss [17-20]. Tsai et al [17] showed that more detailed
food records before randomization led to greater weight loss at
1 year. Similarly, Krukowski et al [19] found that early dietary
and physical activity self-monitoring is a predictor of weight
loss success. In a study by Unick et al [20], weight change at 2
months was predictive of weight change 8 years later. Early
identification of participants who are not self-monitoring and
who may be at most risk of not losing weight gives clinicians
and researchers the opportunity to target those falling behind
with additional resources.

Objectives
The first aim of our investigation was to increase our
understanding of self-monitoring behaviors that lead to
successful weight loss by using a commercial weight loss app,
Lose It!. The second aim was to study if app use predicted
weight loss at 4 and 12 months using participant data at an early
stage (eg, 4 weeks, 8 weeks, and 4 months) to better identify
individuals who might need early attention. As the app use data
were composed of many interrelated variables, we summarized
the variables using principal component analysis (PCA), which
https://mhealth.jmir.org/2021/7/e18741
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also addresses multicollinearity. We implemented a mediation
analysis under the counterfactual framework to understand the
mechanism of action of intervention assignment on weight loss
at 4 and 12 months. We performed linear regression models
with variables from the PCA analysis from the first 4 and 8
weeks of this study to predict weight loss at 4 and 12 months
in the participants.
The prediction analysis allowed us to statistically model the
relationship between the weight loss variables (at 4 and 12
months) and our set of independent predictors. It revealed the
relationships among the variables; however, it did not indicate
whether these relationships are causal. The complementary
mediation analysis permitted us to make causal inferences about
the effect of treatment assignment on weight loss through the
mediators.

Methods
Study Design
This is a secondary analysis of the Fit Blue study, which was
adapted from the Look AHEAD (Action for Health in Diabetes)
Intensive Lifestyle Intervention [21-23] for a military lifestyle.
The participants were randomly assigned to 1 of 2 treatment
groups using a randomized block design with block size 4 [24].
The 2 treatment groups, counselor-initiated treatment and
self-paced treatment, differed in the amount of self-initiation
required to receive treatment. The counselor-initiated group
received 28 phone calls over 12 months with counselors, regular
feedback through email on their self-monitored entries on the
same schedule as their phone sessions, 28 lesson materials, meal
replacements, individualized detailed exercise and meal plans,
and access to materials such as food scales, exercise videos,
resource books, and cookbooks. They were also encouraged to
participate in four challenges to boost their motivation. The
self-paced participants could receive the same number of phone
sessions and email feedback as the counselor-initiated
participants upon request. The self-paced participants also had
access to lesson materials and exercise and meal plans, although
they had to initiate the request for assistance. Further details
about the study design, meal replacements, and study website
can be found elsewhere [24]. The main outcome as well as the
treatment engagement outcomes have been previously published
[25].
The behavioral change goals were standard across the two
conditions. All participants were asked to record their daily
dietary intake and physical activity for 12 months on the Lose
It! app or website. Lose It! premium accounts were created for
all participants. They were encouraged to track their diet, caloric
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intake, and exercise using the app. The Lose It! app gave the
participants access to a database with more than 7 million foods
and corresponding nutritional information [26]. They were
encouraged to lose 10% or more of their initial body weight at
a rate of 1-2 pounds per week. Participants with a starting weight
of less than 79 kg, between 79 kg and 97.5 kg, and more than
97.5 kg were given daily calorie goals of 1200-1300 kcal,
1500-1600 kcal, and 1800-1900 kcal, respectively. All
participants were given a daily goal of consuming no more than
30% of calories from fat. In addition, the participants received
a personalized exercise plan based on their self-reported physical
activity at the baseline visit. They were asked to gradually
increase aerobic exercise from their current level reported at
baseline until reaching 225-250 minutes weekly, at which point
they were to maintain this amount of exercise. A BodyTrace
e-scale was provided to each participant, and they were
requested to self-weigh daily. In addition, they were asked to
attend two in-person follow-up data collection visits at 4 and
12 months.

4 and 12 months over the baseline weight. We log-transformed
the weight change to stabilize variance and address the skewness
of the distribution. As we are mostly interested in the
participant’s achievement, the weight loss ratio was classified
as success (≥5% loss), some loss (2.3%-5%), or no loss (<2.3%).
A 5% weight loss represents a benchmark at which point clinical
benefits are observed [28]. Weight loss of less than 2.3% (or
approximately 2.3 kg) has been used in previous research to
denote weight stability [29].

Participants

Sociodemographic Characteristics

A total of 248 active duty military personnel at Joint Base San
Antonio (previously named Lackland Air Force Base) in San
Antonio, Texas, participated in the Fit Blue study [24]. To be
eligible to participate, participants had to meet the following
criteria: aged 18 years or older, BMI of 25 kg/m2 or more, access
to a computer and email, and clearance from a health care
provider. In addition, 1 week of monitoring dietary intake and
physical activity on Lose It! was required for eligibility [24,27].

Age, education level, race, and gender were collected through
a baseline questionnaire.

Participant recruitment began in December 2013 and ended in
March 2016. The Fit Blue study was approved by the
institutional review board of the Wilford Hall Ambulatory
Surgical Center and acknowledged by the institutional review
board of the University of Tennessee Health Science Center.
The study approval was maintained over the course of the study,
and a data and safety monitoring officer reviewed the
accumulated data.

Measures
Physical Measurements
The primary outcome was weight change (in kilograms)
measured on a calibrated scale (Tanita BWB-800S) in street
clothes and without shoes. Height (in centimeters) was measured
without shoes using a wall-mounted stadiometer. These
measures were recorded at the baseline, 4-month weigh-in, and
12-month data collection visits. Our outcome variable, that is,
weight loss, was modeled as the log ratio of the final weight at
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Weight Self-Monitoring Behaviors
The participants were asked to monitor their weight daily using
the BodyTrace e-scale. The time-stamped weights were
transmitted to the study team over cellular technology, and they
were also uploaded to each participant’s personalized website
to view their progress. The self-weighing variable represents
the number of days the participants weighed themselves using
the BodyTrace e-scale. We included only the plausible values
filtered by the True Profile Finder algorithm [30].

Dietary and Physical Activity Monitoring Behaviors
The participants recorded their daily consumption (ie, food and
beverage items along with their calories) and exercise (ie, type
and duration) using Lose It!. The participants were able to log
food items for meals, snacks, and beverages, as well as exercise
type and volume. They could also use the app to log their
weight, which was counted as logging but not as the
self-weighing variable. A total of 9 logging-specific measures
were calculated to quantify logging behavior, and six caloric
measures were estimated to assess caloric intake. We measured
the average of the total number of days each week that
participants logged at least 1 entry for food, beverage, exercise,
or weight.
The independent variables included in the analysis (Figure 1)
were categorized into two groups: baseline variables and
electronically collected variables. The baseline variables
consisted of age and treatment assignment. The electronically
collected variables consisted of the frequency of 16
self-weighing and Lose It! app variables (Textbox 1). Each of
the measures was calculated for a specific time period (ie, the
first 4 weeks, the first 8 weeks, 4 months, and 12 months)
depending on the analysis. The time periods used are mentioned
in the analysis sections.
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Figure 1. Diagram of variables used in prediction models and mediation analysis.

Textbox 1. Description of the electronically collected variables.
Logging measures
•

LoggedWeekDays and LoggedWeekendDays are the number of weekdays and weekend days, respectively, that include at least 1 entry for food,
beverage, exercise, or weight.

•

TotalLoggedDays is the total number of days with at least 1 entry for food, beverage, exercise, or weight.

•

TotalFoodDays is the total number of days with at least 1 food or beverage entry.

•

TotalExerciseDays is the total number of days with at least 1 entry for exercise.

•

TotalBreakfastDays, TotalLunchDays, TotalDinnerDays, and TotalSnackDays are the total number of days with at least 1 entry for breakfast,
lunch, dinner, and snack, respectively.

Caloric measures
•

AverageDailyIntakeCalories is the average daily intake of calories from food over the total number of days with at least 1 food entry. The entries
for daily calories that exceeded an upper bound (ie, 4000 kcal for women and 5000 kcal for men) and lower bound (ie, 600 kcal for women and
800 kcal for men) were excluded for implausibility [31].

•

AverageDailyExerciseCalories is the average daily calories burned through exercise over the total number of days with at least 1 entry for exercise.

•

AverageDailyBreakfastCalories, AverageDailyLunchCalories, AverageDailyDinnerCalories, and AverageDailySnackCalories are the average
daily caloric intake values over the total number of days with at least 1 entry for breakfast, lunch, dinner, and snack, respectively.

Statistical Analysis
Overview
The analysis was conducted using R version 4.0.4 [32]. We
summarized the data and created graphics for descriptive
analysis using the tidyverse package (version 1.3.0) [33].
Descriptive statistics were calculated to examine changes in
logging frequency over the course of the study. We considered
all sociodemographic variables collected for analysis and
https://mhealth.jmir.org/2021/7/e18741
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included them only if they were associated with a P value of
.20 or less with the weight loss outcome. Using this criterion,
only age was included in the final analysis.

Loss to Follow-up
As this is a longitudinal study, not all individuals’ weights were
observed at the 4- and 12-month visits. Our main analysis
included only individuals with complete weight data. However,
we also investigated the sensitivity of the effect of the missing
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e18741 | p.195
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data using three different analyses. In the last observation carried
forward analysis, we assumed that there was no change in the
participants’ weight after missing a visit. With a more
conservative approach, the baseline observation carried forward
analysis assumption is that the participants who missed a visit
returned to their baseline weight. Neither method showed a
substantial difference in the outcome. The results are detailed
in the supplemental material available on a GitHub repository
[34].

Principal Component Analysis
We performed a PCA on the Lose It! app variables to reduce
the number of variables considered and still capture the useful
information in these variables. The PCA also had the additional
advantage of addressing multicollinearity in the variables [35].
Each principal component (PC) was a linear combination of the

Farage et al
original variables and was uncorrelated with the other PCs. The
PC that captured the largest variance was called the first PC,
and the PC that captured the second largest variance was called
the second PC, and so on [36,37]. In our case, we had 15
electronically collected variables, of which some were highly
correlated with each other. The PCA reduced the number of
uncorrelated variables to a much smaller number. We used the
packages FactoMineR (version 2.4) [38] and factoextra (version
1.0.7) [39] to obtain the PCs and the new uncorrelated variables.
We used a scree plot to determine the number of PCs to include
in the analysis. The PCs that jointly explained 70% of the
variance in the data were included in the analysis. Depending
on the analysis of interest, PCA was applied to the variables
measured over a specific period. Textbox 2 specifies these
periods and the data used in the corresponding analyses.

Textbox 2. Time period for the electronically collected variables according to the analysis.
Mediation for 4-month weight loss
•

Baseline to 4 months

Mediation for 12-month weight loss
•

Baseline to 12 months

Prediction of the 4-month weight loss
•

Baseline to 4 weeks or baseline to 8 weeks data

Prediction of the 12-month weight loss
•

Baseline to 4 weeks or baseline to 8 weeks data

To identify the most important variables that explain the
variations in our data, we studied the quality of the
representation and the contribution of the variables. The quality
of representation of a variable is determined by the square of
the correlation coefficient between a variable and a PC. The
contribution of a variable for a given PC is estimated by the
ratio of its squared correlation coefficient over the sum of all
squared correlation coefficients between each variable and the
given component [39].

Mediation
We conducted a causal mediation analysis to understand
whether, and how much of, the intervention assignment effect
on weight loss operates through intermediate variables such as
app use and self-weighing frequency. Figure 2 depicts the
hypothesized causal framework underlying our mediation
analysis. The analysis was based on a counterfactual framework
using a linear regression analytic approach [40]. Simply put,
this framework partitions the total effect (TE) of the intervention
assignment into the sum of the average causal mediation effect
(ACME) and average direct effect. It can be shown that this
approach can be used with both linear and nonlinear models
and is equivalent to the traditional approach of MacKinnon et
al [41] when some conditions hold [42]. In the counterfactual
framework, we need to assume two statements to make valid
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inferences about the causal mediation analysis. This assumption
is known as the sequential ignorability assumption. First, the
treatment variable is statistically independent of the outcome
and mediator variable; second, the mediator is independent of
the outcome, given the observed exposure and pretreatment
confounders. The counterfactual framework introduced by Imai
et al [42] allows us to assess the robustness of our causal
conclusions with respect to the violation of the sequential
ignorability assumption. To establish if any association existed
between the intervention assignment variable and the outcome
of weight loss (at 4 and 12 months) and each mediator, we used
the two-tailed t statistic. Significance was established using
10,000 permutations. In the causal mediation analysis [42], if
the treatment assignment has no effect on the mediator, then
the causal mediation effect is zero. The randomized exposure
variable (ie, intervention assignment) has two states: self-paced
or counselor-initiated. We conducted two mediation analyses
for two outcomes: the 4-month weight loss and the 12-month
weight loss. In the first mediation analysis, we considered two
mediators of the 4-month weight loss: app use (calculated from
the first PC of the electronically collected variables) and the
frequency of self-weighing. In the second mediation analysis,
we considered the mediation of the 12-month weight loss by
the 4-month weight loss itself (Figure 2).

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e18741 | p.196
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Farage et al

Figure 2. Diagram representing our causal model for treatment assignment, mediators, and outcomes. Arrows show the direction of causation. Dashed
arrows represent mediated effects, and solid arrows represent direct effects. a: Causal model for the 4-month weight loss outcome. b: Causal model for
the 12-month weight loss outcome.

The mediation analysis included all the data accumulated during
the entire study, up to 4 months and 12 months, according to
the period of interest. In all models for mediation, we included
baseline covariates (age). To estimate the ACME (ie, indirect
effect) and the average direct effect from the model-based causal
mediation analysis, we used the package mediation (version
4.5.0) [43]. The uncertainty estimates were computed using a
nonparametric bootstrap [43,44] with 10,000 simulations. The
main motivation is not only to investigate whether a mediation
exists, but also to determine if it is partially or fully mediated.
It is fully mediated only if the direct effect is zero and partially
mediated otherwise. As we had multiple mediators, we were
interested in identifying the mediator that conveyed the greatest
effect on weight loss [40,45-47].

Weight Loss Predictions Through Linear Regression
We used the mediation results to guide our variable selection
process for the prediction. Five models were considered for
4-month weight loss, and six models were considered for
12-month weight loss. These models used a combination of
baseline and electronically collected variables (ie, frequency of
self-weighing and app variables summarized by PCA) as
predictor variables. We predicted 4-month weight loss and
12-month weight loss using three different sets of predictor
variables: (1) only baseline variables (ie, age and treatment
assignment), (2) only electronically collected variables from
the first 4 weeks, and (3) baseline and electronically collected
variables from the first 4 weeks combined. The latter two models
were repeated using electronically collected variables from the
first 8 weeks. Finally, we considered one more model for
12-month weight loss using 4-month weight loss as the only
predictor variable.
We used five-fold cross-validation to evaluate the linear
regression models. The PCA was conducted using four out of
five folds, including samples with a response value and
incomplete samples without response values [48]. The resulting
PCs were used to create a linear regression model. The model
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predicted log weight loss for the fifth fold composed of complete
samples. This process was repeated until all participants’ weight
loss was predicted. We categorized actual and predicted weight
loss values as successful weight loss, some loss, or no loss.
Prediction accuracy was evaluated using R2, the Spearman rank
correlation coefficient (ρ), and the multi-class area under the
receiver operating characteristic curve (AUC) value. The folds
and cross-validation were performed using the caret package
(version 6.0-80).

Results
Overview
Owing to technical problems when downloading the data for
57 of the participants, 191 of the 248 randomized subjects were
included in the analysis (including 103 in the counselor-initiated
treatment and 88 in the self-paced treatment). Approximately
80.6% (154/191) of the participants attended the 4-month data
collection visit, and approximately 80.1% (153/191) participated
in the 12-month data collection visit. The study demographics
are summarized in Table 1. At 4 months, the counselor-initiated
treatment lost an average of 3.7 kg (SD 3.6), and the self-paced
treatment lost 0.6 kg (SD 3.1). At 12 months, the
counselor-initiated treatment lost 2.4 kg (SD 5.0) on average,
and the self-paced treatment gained 0.2 kg (SD 5.1). Figure 3
shows the differences in the number of days with at least 1 item
logged per week between the treatment groups. The
counselor-initiated treatment ’s average number of days with
at least 1 item logged (ie, food, beverage, exercise, or weight
entries) decreased from 6.48 days per week (week 1) to 5.03
days per week (week 16) over the first 4 months of the study
and dropped to 0.70 days per week (week 52) by 12 months.
The logging instances for the self-paced treatment decreased
from 5.55 days per week (week 1) to 1.99 days per week (week
16) at 4 months and finally to 0.01 days per week (week 52)
days by 12 months.
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Table 1. Demographics of counselor-initiated and self-paced participants (N=191).
Characteristics

Counselor-initiated participants
(n=103)

Self-paced participants (n=88)

Total (N=191)

Gender, n (%)

.99

Female

53 (51.5)

46 (52.3)

99 (51.8)

Male

50 (48.5)

42 (47.7)

92 (48.2)

Race, n (%)

.66

Black or African American

22 (21.4)

16 (18.2)

38 (19.9)

White

65 (63.1)

61 (69.3)

126 (65.9)

Other

16 (15.5)

11 (12.5)

27 (14.1)

Education, n (%)

.55

Less than college

46 (44.7)

44 (50)

90 (47.1)

College or above

57 (55.3)

44 (50)

101 (52.9)

BMI (kg/m2), n (%)

.37

Overweight (BMI 25-29.9)

51 (49.5)

37 (42)

88 (46.1)

Obese (BMI≥30)

52 (50.5)

51 (58)

103 (53.9)

35.5 (8.2)

33.9 (6.8)

34.8 (7.6)

Age (years), mean (SD)

P value

.14

Figure 3. Number of days per week with at least one logging (by week and treatment groups) during the first 4 months.

The app variables were summarized using PCA with data from
the first 4 and 8 weeks. A total of 72.8% of the variation in the
8-week data was captured in the first two components.
Although the PCs are linear combinations of the original
variables, they have some interpretive value, that is, we still
preserved some cohesive interpretations of the three first PCs.
Figure 4 shows that PC1 mainly comprises app variables
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describing the frequency with which the participants used the
app; therefore, we labeled PC1 app-use, and it explains 57.5%
of the variance. PC2 mostly describes daily caloric intake that
was self-monitored by the participants, and it explains 15.3%
of the variance. We labeled PC2 app-calories. The inclusion of
PC3 explains 9.4% of the variance (82.2% total), and because
this component represents the participants’ exercise
self-monitoring, it is labeled app-exercise.
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Figure 4. The contribution of variable results (top) for the first 3 PCs from the 8-week PC analysis runs on a scale of 0 to 100. The darker and larger
a circle, the more it contributed to a PC. The quality of the representation of variable results (bottom) are on a scale of 0 to 1. The darker and larger a
circle, the more it is represented by a PC compared with other PCs. PC: principal component.

Mediation
We estimated the significance of the relationship between the
intervention
assignment
variable
(self-paced
or
counselor-initiated) and weight loss for two different periods
(ie, baseline to 4 months and baseline to 12 months). There was
a significant relationship between the treatment assignment
variable (self-paced or counselor-initiated) and weight loss at
4 months (P<.001) and 12-months (P=.002).
For the two periods of interest (4 months and 12 months),
treatment assignment was significantly associated (P<.001)
with each mediator: the app-use component (PC1), the
app-calories component (PC2), self-weighing frequency, and
4-month weight loss. However, treatment assignment was not
associated with the app-exercise component (PC3; P=.73). We
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considered only app-use (PC1) as a mediator because it
explained more than 50% of the variance by itself in comparison
with app-calories (PC2; <20%) and app-exercise (PC3; <10%),
which explained a much smaller proportion of the variance.
During the first 4 months (Table 2), we found that the indirect
intervention’s effect on weight loss transmitted through app-use
(PC1) and self-weighing frequency roughly accounted for 60%
and 55% of the TE, respectively. For weight loss at 12 months,
the indirect effect (ACME: 0.030, 90% CI 0.0017-0.046)
through the 4-month weight loss accounted for 94% of the TE.
The TE denotes how much weight loss would change overall
if treatment assignment was changed from the self-paced to the
counselor-initiated intervention. Table S7 in Multimedia
Appendix 1 [44] contains the results of the sensitivity analysis;
more details are provided in the GitHub repository [34].
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Table 2. The 4- and 12-month mediation estimates the total effect, average direct effect (ADE), average causal mediation effect (ACME), and proportion
mediated effect.
Total effect (90% CI)

ADEa (90% CI)

ACMEb (90% CI)

Proportion mediated, %

App-use (PC1a)

0.034 (0.023 to 0.045)

0.013 (0.002 to 0.025)

0.021 (0.012 to 0.029)

60.3

Self-weighing frequency

0.034 (0.023 to 0.045)

0.015 (0.004 to 0.026)

0.019 (0.012 to 0.027)

55.8

0.032 (0.015 to 0.048)

0.002 (−0.012 to 0.031)

0.03 (0.019 to 0.043)

94.8

Mediator
4-month mediation

12-month mediation
4-month weight loss
a

PC1: principal component 1.

Weight Loss Predictions Through Linear Regression
The cross-validated linear models built on baseline variables
and electronically collected variables (ie, app-use [PC1],
app-calories [PC2], app-exercise [PC3], and self-weighing
frequency) were first compared for weight loss prediction
accuracy using 4-week data. For 4-month weight loss, the
8-week model explained approximately 4% more variance than
the model built on 4-week data (R2=0.30 and 0.26, respectively).

For 12-month weight loss, R2 also slightly increased when
8-week data were used compared with using 4-week data
(R2=0.08 and 0.06, respectively).
As results with 8-week data showed marginal improvement
when compared with those using 4-week data, this study
primarily focuses on analysis with 8-week data. The results
from the 8-week model performance are shown in Table 3. More
information on the 4-week results and scatterplots of the models
can be found in Multimedia Appendix 1.

Table 3. Accuracy of 8-week models for predicting 4-month and 12-month weight losses.
Model

4-month prediction
R2

ρ

mAUCa

R2

ρ

mAUC

0.16

0.41

0.65

0.06

0.25

0.58

App-use (PC1 )+app-calories (PC2 )+self-weighing frequency

0.31

0.58

0.74

0.07

0.29

0.57

Baseline variables+app-use (PC1)+app-calories (PC2)+self-weighing frequency

0.30

0.58

0.73

0.08

0.29

0.58

4-month weight loss

N/Ad

N/A

N/A

0.31

0.52

0.66

Baseline variables (ie, age and treatment assignment)
b

a

12-month prediction

c

mAUC: multi-class area under the receiver operating characteristic curve.

b

PC1: principal component 1.

c

PC2: principal component 2.

d

N/A: not applicable.

For 4-month predictions, cross-validation of only the baseline
variables using a linear model resulted in modest R2 and ρ values
(R2=0.16; ρ=0.41; AUC=0.65). Adding the electronically
collected variables (ie, app-use [PC1], app-calories [PC2], and
self-weighing frequency at 8 weeks) to the model explained
approximately 15% more variance than the baseline variables
alone (R2=0.30; ρ=0.58; AUC=0.73). The 12-month predictions
were less successful than the 4-month predictions when
considering a combination of baseline variables and
electronically collected variables (Table 3). Using all analysis
variables only accounted for 8% of the variance in the data
(ρ=0.29; AUC=0.58) for the 12-month prediction. For both the
4-month and 12-month results, predictions based on only
electronically collected variables tended to be slightly better
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than the predictions from the models that included baseline
variables. This suggests that treatment assignment and age do
not improve out-of-sample prediction when technological
variables are already in the model.
The final linear model predicting 4-month weight loss,
summarized in Table 4, was generated with baseline variables,
the app-use component, the app-calories component, and the
frequency of self-weighing at 8 weeks. The model revealed that
the components of app-use and app-calories as well as the
frequency of weighing were significant at the P=.01 level. After
accounting for these variables, treatment assignment and age
were found to be not significant. The adjusted R2 value for the
model was 0.32. If the app-exercise component (PC3) was
included, it was found to be not significant.
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Table 4. Linear regression model summary predicting 4-month weight loss with 8-week data.

a

Coefficients

b (SE)

t test (df)

P value

Intercept

−1.89E−02 (1.67E−02)

−1.14 (148)

.25

App-use (PC1a)

4.51E−03 (1.35E−03)

3.34 (148)

.001

App-calories (PC2b)

6.20E−03 (2.06E−03)

3.01 (148)

.003

Treatment assignment

8.71E−03 (7.30E−03)

1.19 (148)

.23

Age

3.98E−04 (3.97E−04)

1 (148)

.32

Self-weighing frequency at 8 weeks

6.58E−04 (2.41E−04)

2.73 (148)

.007

PC1: principal component 1.

b

PC2: principal component 2.

For 12-month predictions (Table 5), the components of app-use
and app-calories were not statistically significant predictors.
Treatment assignment and the component of app-exercise were

also not significant. However, age and the frequency of
self-weighing were significant predictors.

Table 5. Linear regression results predicting 12-month weight loss with 8-week data.
Coefficients

b (SE)

t test (df)

P value

−6.69E−02 (2.62E−01)

−2.55 (147)

.01

App-use (PC1 )

2.96E−03 (2.05E−03)

1.45 (147)

.15

App-calories (PC2b)

4.01E−03 (3.17E−03)

1.26 (147)

.21

Treatment assignment

6.27E−03 (1.12E−02)

0.56 (147)

.58

Age

1.34E−03 (6.08E−04)

2.21 (147)

.03

Self-weighing frequency at 8 weeks

7.84E−04 (3.77E−04)

2.08 (147)

.04

Intercept
a

a

PC1: principal component 1.

b

PC2: principal component 2.

Although predicting 12-month weight loss with baseline and
electronic data from the first 8 weeks resulted in low accuracy,
using only 4-month weight loss as a predictor resulted in an R2
of 0.31 (ρ=.52; multi-class AUC=.66).

Discussion
Principal Findings
Our results suggest that early study self-monitoring data,
specifically PCs representing app use and self-monitoring of
caloric intake and frequency of self-weighing, predict weight
loss at 4 months, consistent with previous research indicating
early self-monitoring predictors of treatment success [17,19].
Data from the first 8 weeks generated slightly more accurate
weight loss predictions than data from the first 4 weeks; these
results are consistent with those of Unick et al [20], who found
that weight loss at 1 and 2 months was associated with 8-year
weight loss. Predicting 12-month weight loss using early study
data proved to be more challenging; however, 4-month weight
loss was predictive of 12-month weight loss, which follows the
results of previous research that indicated that early weight
change can predict long-term weight change [18,20,49].
Our mediation results (Table 2) showed that app-use and the
frequency of self-weighing partially mediated the relationship
between treatment assignment and weight loss during the first
https://mhealth.jmir.org/2021/7/e18741
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4 months. This suggests that the intervention not only directly
affected 4-month weight loss but also indirectly affected weight
change through weighing and app use behavior. However, the
intervention mainly had a short-term effect because the results
demonstrate a full mediation effect on the association between
treatment assignment and 12-month weight loss through the
4-month weight loss.
Predictive modeling results revealed consistent self-monitoring
to be an important aspect of 4-month weight loss, which reflects
the findings of many previous studies [1,2]. The decrease in
app use over time also followed a similar pattern to previous
findings in web-based and traditional self-monitoring studies
[19,50,51]. Our descriptive results on the differences in logging
trends between the treatment groups provide preliminary
evidence that self-monitoring with regular feedback may
improve self-monitoring consistency, which differs from the
results of some previous studies that show that there is no
difference in adherence between a treatment group that receives
feedback and a group that receives no feedback [3].
The regression results also demonstrated that the PC
representing exercise self-monitoring was not a significant
predictor of short-term weight loss. Previous research has shown
that exercise is more crucial in maintaining weight than losing
weight [52-54]. Although we did not measure exercise (ie, the
behavior) in the study, self-monitoring exercise seemed to add
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little benefit to short-term weight loss. Nonetheless, weight loss
interventions should continue to encourage participants to
increase their physical activity because of its role in weight
maintenance; however, interventionists could focus on stressing
the importance of self-monitoring caloric intake and
self-weighing over monitoring exercise during the early intense
weight loss period.
Overall, our results indicate that short-term weight loss leads
to long-term weight loss, which is consistent with previous
research. It is likely that the intervention establishes certain
behaviors that induce weight loss at 4 months, some of which
are continued at 12 months. The counselor-initiated condition
seemed to establish more of these behaviors by 4 months, and
the counselor-initiated–treatment participants were more
successful at self-monitoring.

Strengths and Limitations
The strengths of the study include that it was a randomized
clinical trial and one of the few studies that used data from a
popular commercial app. In addition, the context of the
randomized intervention study allowed us to conduct a causal
mediation analysis to understand whether the intervention
assignment directly and indirectly affected weight loss. Further,
this is one of few weight control studies in the military.
By including a behavioral run-in period of dietary
self-monitoring (as in previous studies [17]) in addition to
requiring a medical clearance letter, it is possible that the
participants may have been more motivated and well-informed
about the study activities than those who did not complete these
tasks. However, an examination of the characteristics of the
randomized individuals compared with those of the individuals
who were not randomized [27] showed that higher educational
status was the only independent predictor of randomization. It
is also interesting to note that it was initially expected that most

Farage et al
of the participants would be motivated to join the study to assist
them in passing the military fitness test. However, when the
motivators for weight loss in this sample were examined, it was
found that the most frequently endorsed motivators were
improved physical health, improved fitness, improved quality
of life, and a desire for longevity [55].
A limitation of using a commercial app in analysis is that the
researchers have little control over the format in which they
collect and receive data. In this study, a large portion of the
nutrient information was not available because of the methods
that the participants chose to log their calories. For instance,
some participants logged calories directly without food
description or nutrient details (eg, a lump sum of 2000 calories
for the full day without further details); therefore, we were
unable to use the nutrient reports in the analysis. We were also
unable to include data from 57 participants because of technical
errors in the data retrieval process because of a clerical mistake.
This differential missingness between the 2 intervention
conditions could have introduced bias; however, we note that
the cause of the missing data was the data acquisition process
and unrelated to the identity or behavior of the participants.

Conclusions
We found that long-term weight loss was completely mediated
through short-term weight loss, reiterating the importance of
interventions that produce strong successes quickly.
Approximately one-third of the 12-month weight loss was
explained by weight loss at 4 months. More than half of the
effect of the behavioral intervention on weight loss at 4 months
was mediated through self-monitoring app use and self-weighing
frequency, indicating the potency of these self-regulatory
behaviors. As we did not find evidence of an effect of
self-monitored exercise, it suggests that diet self-monitoring
should be prioritized for successful weight loss.
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Abstract
Background: Most mental health disorders are first experienced in childhood. The rising rates of mental health difficulties in
children highlight the need for innovative approaches to supporting children and preventing these difficulties. School-based digital
interventions that address shared risk factors and symptoms, such as emotion dysregulation, present exciting opportunities to
enhance mental health support for children on a larger scale.
Objective: This study investigates the use of a new app-based intervention designed to support children’s emotion regulation
in schools. The aim is to optimize the usability, acceptability, and utility of the app and explore its scope for implementation with
the target user in the school context.
Methods: As part of an interdisciplinary development framework, the app is being evaluated in a 3-month trial across 4 primary
schools. In total, 144 children (aged 10-12 years) took part and accessed the intervention app in the classroom or at home. Outcomes
regarding usability, acceptability, and implementation opportunities were assessed through digital user data, self-report
questionnaires (132/144, 91.6%), and semistructured interviews with children (19/144, 13.2%) and teachers (6/8, 75%).
Results: The app usage data showed that 30% (128/426) of the users were returning users. Self-report data indicated that 40.1%
(53/132) of the children had not used the app, whereas 57.5% (76/132) had used it once or more. Of the children who had used
the app, 67% (51/76) reported that the app was helpful. Interviews with children and teachers suggested positive experiences
with the app and that it helped them to calm down and relax. Children reported that they perceived the app as acceptable, usable,
and helpful. In terms of the intervention’s usability, most features functioned well; however, certain technical issues were reported,
which may have led to reduced engagement levels. Teachers not only reported overall positive experiences but also discussed
access difficulties and reported a lack of content as one of the main barriers to implementing the app. Having a web-based app
significantly enhanced accessibility across devices and settings and provided teachers with more opportunities to use it. We
identified the need for new, activating app features in addition to the existing, primarily relaxing ones. The findings indicated
that it is possible to use and evaluate an app intervention in the school context and that the app could help enhance children’s
emotion regulation. We discuss areas for improvement regarding the app, study design, and future implementation strategies.
Conclusions: We share important insights with regard to the development, implementation, and evaluation of a new app for
supporting children’s emotion regulation in schools. Our results demonstrate that mental health apps represent a promising means
to facilitate effective mental health service provision in and outside of the school context. Important lessons learned are shared
to support other researchers and clinicians on similar journeys.
(JMIR Mhealth Uhealth 2021;9(7):e21837) doi:10.2196/21837
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Introduction
Background
Approximately 10%-20% of children and young people
worldwide experience mental health problems, making it one
of the leading causes of disability in this population [1-3].
Considering the significant impact of mental health problems
on other developmental outcomes (eg, academic achievement
and physical health) [4,5], human and economic costs are
substantial, calling for new, innovative approaches to support
children and to prevent this problem. To address this challenge,
this study explores the use of a newly developed web-based app
as a universal school intervention to support children’s mental
health and well-being by strengthening their emotion regulation
skills.
Schools have long been identified as an ideal setting to provide
youth mental health support [6,7] because of the considerable
amount of time children spend at school. Moreover, it has been
suggested that implementing mental health interventions in
schools can help overcome important social and environmental
barriers to accessing mental health services, such as costs, family
demographic factors, transport, and social stigma [8,9]. Evidence
from 52 systematic reviews and meta-analyses has suggested
that schools are key facilitators for the development and
implementation of effective mental health interventions [10].
However, environment-specific challenges, such as increased
pressure on teachers to meet academic targets, are pertinent to
the implementation of new interventions in schools. Thus,
interventions that require a significant amount of time and effort
from teachers are often discarded [11]. Digital interventions
provide an effective means to overcome such challenges, as
they minimize costs, time, and personal resources in comparison
with face-to-face interventions [11].

Digital Mental Health Interventions for Children and
Young People
Digital mental health interventions have received increasing
attention in recent years [12], with growing evidence supporting
their effectiveness in clinical and community settings [13,14].
Owing to the rapid and consistent progress of technology,
children and young people are increasingly adopting mobile
apps, and their usage should therefore be considered in today’s
youth mental health provision. We built on these developments
and designed a new web-based app to support children in the
school context, which remains widely underexplored. To date,
only a few app interventions have been developed and evaluated,
specifically for children and young people [15,16], and even
less so in the school setting, with some exceptions [17]. Early
findings from this research indicated that school mental health
apps were perceived as potentially useful. However, they also
highlighted that future studies need to focus more on refining
and adjusting digital interventions to meet young users’ needs
and make them suitable for the context in which they are being
delivered [18]. In line with this, it was highlighted that an
iterative approach of testing, evaluating, and refining is integral
to the development and design of digital interventions.
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Newer evaluation guidelines for digital interventions
consistently emphasize that any early evaluation attempts should
focus on optimizing a digital intervention to ensure adequate
levels of usability, acceptability, and engagement before any
feasibility or efficacy testing [19,20]. Given that effectiveness
trials are highly resource demanding, it is recommended that
researchers follow a staged and iterative evaluation process
[21], particularly with digital interventions. Digital interventions
come with an added layer of complexity due to the underlying
technology, which needs to be tested for its stability and
usability first, as any issue with the technology would otherwise
have a tremendous effect on the intervention’s implementation
success and effectiveness as a whole [22,23]. Pursuant to this,
the primary aim of this study is to optimize the existing app
intervention by exploring its usability and acceptability from a
user’s perspective as well as the possibility of implementing
and evaluating it within the school context.
A closer look at the digital mental health landscape indicates
that most interventions aim to support specific mental health
disorders or symptoms [6,13,18]. However, especially in
children where comorbidity rates (ie, transitioning between
disorders and showing symptoms from more than one disorder)
are high, it has been shown that transdiagnostic interventions
are not only highly beneficial for this group but also that
traditional psychological interventions can be further improved
by adding a transdiagnostic focus [24]. Furthermore,
transdiagnostic interventions have also been regarded as highly
suitable for the school context, as they reduce the burden on
teachers having to deliver multiple, highly fragmented, targeted
interventions [25].
Evidence suggests that emotion regulation is an important
transdiagnostic mechanism that underlies a wide range of mental
health disorders and predicts later levels of psychopathology.
Emotion regulation can be described as the extrinsic and intrinsic
processes through which individuals monitor, evaluate, and
modify emotional reactions to accomplish their goals [26]. There
has been an increasing interest in emotion regulation as a
treatment and prevention target because of growing evidence
demonstrating that emotion regulation difficulties are not only
present in most mental health disorders but are also a significant
risk factor for future mental health difficulties [27,28]. This is
supported by a number of systematic reviews [29] and
meta-analyses [30,31], which have indicated that positive
changes in emotion regulation are associated with a reduction
in anxiety, depression, substance abuse, eating, and borderline
personality disorder symptoms.
However, most digital mental health interventions have been
developed for specific disorders, thereby leaving a significant
gap in technologies addressing transdiagnostic factors such as
emotion regulation. Although this could ultimately support a
wider range of mental health problems, it is also highly suitable
for the school context [32]. Most existing digital emotion
regulation interventions have focused on emotion regulation
deficits specific to either autism spectrum disorders or
attention-deficit/hyperactivity disorder [33,34]. Although it has
been shown that these interventions could potentially improve
some of the specific deficits [35-37], the interventions were
specifically designed for this unique population, thereby making
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it difficult to transfer them to a wider population. A very limited
amount of research has explored the use of mobile apps to
enhance emotion regulation in young people more generally
[38] or as a means to prevent difficulties from arising. One
exception is the new music app by Hides et al [38], which aims
to enhance emotion regulation in adolescents and young adults.
Their initial findings based on 169 young people (age=16-25)
suggested that the app could potentially enhance emotion
regulation in this population; however, further testing is required
to determine its effectiveness.
To the best of our knowledge, there is currently no app
intervention that targets emotion regulation in late childhood
or preadolescence, despite an increasing number of scholars
highlighting this period as a critical developmental stage to
achieve maximum effect [39] in terms of youth mental health
prevention. More specifically, past evidence has indicated that
the median onset for most mental health disorders lies at the
age of 11 years [40], with the majority reaching a peak during
adolescence [41]. Recent developmental models suggest that
adolescents are particularly prone to developing social-emotional
disorders, which are triggered by a combination of
developmental changes and preadolescent risk factors related
to emotion regulation [39]. It has been argued that
developmental changes hamper important emotion regulation
processes, which subsequently lead to increased mental health
difficulties later in adolescents [42]. Moreover, in the United
Kingdom and many other countries, late childhood is marked
by a transition period in which children have to leave primary
school to enter secondary school. This period is frequently
experienced as highly stressful by children [43], thereby
supporting our case to strengthen children’s emotion regulation
before this significant transition period.
Taken together, we believe that by addressing emotion
regulation during childhood, our app intervention presents a
promising means not only to prevent mental health difficulties
from arising but also to serve as an early intervention tool for
children who might already be experiencing such difficulties.

This Study
There is a significant lack of digital mental health interventions
for children that target important transdiagnostic factors, such
as emotion regulation. The development of an acceptable,
usable, and engaging emotion regulation app, which can be
implemented successfully in the school context, will be highly
beneficial for supporting children’s mental health on a larger
scale. Therefore, this study explores and evaluates the use of a
new emotion regulation app for children with the primary aim
of optimizing it further and informing future development stages
with the ultimate goal of making it highly suitable for the user
group and context [18].
The following research questions are addressed:
1.
2.
3.

How acceptable and usable is the app from the children’s
perspective in the school context?
How do children interact and engage with the app at school?
What are the perceived barriers to and facilitators of
implementing and delivering the intervention in the school
context?
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4.
5.

How can the existing app intervention be further improved?
What possibilities, facilitators, and barriers exist in terms
of evaluating the app in the school setting?

Methods
Recruitment and Participants
The study was advertised on the Anna Freud National Centre
for Children and Families organization’s website and in a
newsletter that was sent out monthly to a network of schools
and related organizations across the United Kingdom. Newsletter
recipients had previously signed up to receive newsletters.
Initially, 19 schools indicated an interest in participation. Of
the 19 schools, 11 were primary schools and were invited to an
initial phone call. During the initial phone call, we discussed
the research project and intervention as well as the schools’
involvement if they agreed to take part in it. Only primary
schools in the United Kingdom with access to tablets and
wireless internet were eligible. Following the initial phone call,
4 schools were excluded: 3 were not primary schools and one
had no phone or tablet policy. Three other schools stepped down
before the start of the trial for the following reasons: (1) the
research aspect of the intervention would take up too much time,
(2) for a large percentage of parents, English was not their first
language; hence, they struggled to understand the consent forms
or information sheets, and (3) a lack of parental engagement.
Ultimately, 4 primary schools participated in this trial. Only
children between the ages of 10 and 12 years with parental
consent and child assent were eligible to participate, which
resulted in data of 144 children at baseline and 132 children
postintervention. Children’s ages ranged between 10 and 11
years (mean 10.5, SD 0.49). Of the total sample, 56.3% (81/144)
indicated that they were White, 6.9% (10/144) were Black,
18.8% (27/144) were Asian, 15.3% (22/144) were mixed, and
2.8% (4/144) chose other as their ethnicity. Of the 144 children
taking part, 166 (81.1%) children indicated that English was
their first language, 25 (17.4%) children were not, and 2 (1.4%)
children preferred not to provide that information. A total of 6
female teachers participated in postintervention interviews; 2
teachers from 1 school were not available because of their
illness.

Intervention
Intervention Development and Design Process
The app has been designed as a school-based universal
intervention for children at the end of their primary school years
(age: 10-12 years). The app is considered as a complex mental
health intervention as it involves a set of multiple,
interconnected, and interacting components [44,45]. As part of
the development process, we created a new design and
development framework based on the Medical Research Council
(MRC) framework [44,46], the Patient-Clinician-Designer
Framework [47], and the co-operative inquiry framework to
co-design with children by Druin [48].
At this stage, we only focused on the first three phases of the
MRC framework: theory, modeling, and exploratory trials. The
theory stage concerns the exploration of relevant theory and a
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e21837 | p.208
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review of existing evidence to ensure that the most reliable
intervention components are chosen. The intervention modeling
stage suggests that the researchers focus on identifying potential
underlying mechanisms that influence the preferred outcome,
which are then included in the intervention. Following the design
of the initial intervention, the researcher is advised to explore
its components further through exploratory trials to identify
constant and variable components, including acceptability of
intervention, compliance, delivery, recruitment, and retention
rate.
The MRC framework provides valuable guidelines for the
development and evaluation of complex interventions; however,
it provides little information with regard to the actual design of
appropriate content [49]. Hence, we drew on two other
frameworks rooted in the field of human-computer interaction
and design. The Patient-Clinician-Designer Framework provides
guidance on the design structure and content creation process
of digital interventions for mental illness [47]. It aims to meet
the complex requirements when designing user-centered
interventions for mental illness by considering different
perspectives (eg, in this study, teachers, parents, and children)
and design goals.

Moltrecht et al
As our main target group is children, we also drew on the
co-operative inquiry framework by Druin [48], which provides
specific techniques on involving young users in the design
process of technologies. The co-operative inquiry framework
highlights the importance of involving children as partners in
the whole process, instead of merely letting them test the almost
finished prototype or end product. Druin [48,50] also emphasizes
on the benefits of conducting fieldwork (ie, contextual inquiry),
especially when working with children, which allows researchers
to detect relevant contextual information, including patterns of
activities, ways of communication and other artifacts. In
addition, it has been reported that discussing design features in
the relevant context (eg, school or home) makes it easier for
children to express ideas and provide suggestions.
By combining the three frameworks from different fields, we
hope to ensure a truly interdisciplinary approach to developing
the app, the lack of which has been frequently criticized in many
digital interventions [16,51]. Our development framework
consisted of three stages, with each stage using a unique set of
objectives, methodologies, and stakeholders (Figure 1). A more
detailed description of the development and design process was
published as a preprint by the first author (BM) and can be found
in a study by Moltrecht et al [52].

Figure 1. The 3-stage interdisciplinary development process, including research activities and stakeholders.

Intervention Description
During the onboarding process, users were presented with a
video that explains the purpose of the app and its usage. Next,
the user was guided through a process to set up an account and
then select a preferred color scheme and profile picture.
Once the user entered the home screen, they could choose from
four modules: play (including four games), relax (includes
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mindfulness and relaxation exercises), watch (includes
psychoeducational animations), and tools (includes a list of
emotion regulation strategies), which provide users with the
opportunity to learn, practice, and develop new emotion
regulation skills (Figure 2, Figure 3). The content is presented
through audio tracks, images, animated films, and games. A
more detailed presentation of each module can be found in
Multimedia Appendix 1 as well as the following preprint, which
was published in a study by Moltrecht et al [52].
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Figure 2. Home screen of the app with 4 main modules and the activated digital agent showing the “tell me something” and “check-in” function.

Figure 3. In-app content of the “play”, “relax”, and “watch” modules.

An animated agent is located at the bottom-right corner of the
home screen and opens two more features when the user taps
on it. These features are (1) tell me something, which activates
jokes and funny facts with the aim to increase levels of
engagement; and (2) a check-in function, where users can select
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from a range of emotions about how they feel and are
subsequently provided with more information about the
particular feeling and suggestions for potentially helpful
strategies (Figure 4).
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Figure 4. Check-in function in the app with "feeling frustrated" being selected.

Teachers and children were instructed to freely explore different
ways of using the app intervention. By providing them with the
link to the app, it was also possible for children to explore the
app outside the school context if they wanted to. This flexible
approach was adopted so that children and teachers could use
the intervention in their preferred ways and hopefully perceive
it as less of a burden. Furthermore, we expected this to increase
our understanding about app usage and implementation in future
trials.

Technical Specifications
The intervention was developed as a responsive web-based app,
which was believed to increase the accessibility of the app, as
it allowed users to access it across different mobile devices, as
well as desktop computers and smartboards. Although it worked
across multiple platforms, it was optimized for tablets, as young
children are more likely to have access to tablets at school and
at home [53].
The app is delivered through the browser, meaning over-the-wire
updates can be pushed out instantly, and the app uses advanced
HTML5, CSS3, and JavaScript (ES6) techniques to render a
smooth and performant user experience. The underlying
development platform used was Meteor.js, a full-stack Node.js
application development framework, hosted on a resilient AWS
EC2 (Amazon Elastic Compute Cloud) instance with a
MongoDB database hosted via MongoDB Atlas. The app only
requires an internet connection when users access it for the first
time, after which it can be saved to the home screen of the
https://mhealth.jmir.org/2021/7/e21837
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device. This feature was chosen to mitigate the risk that the
intervention could not be accessed when schools had reduced
or limited Wi-Fi infrastructure. The app does not store any
individual user data and adheres to the existing general data
protection regulations.

Measures
Demographics
Children reported age, gender, ethnicity, and their primary
language spoken.

Internalizing and Externalizing Symptoms
The Short Mood and Feelings Questionnaire consists of 13 items
that assess depressive symptoms in children and adolescents
[54]. The Short Mood and Feelings Questionnaire has been
shown to have good construct and internal validity across
clinical (Cronbach α=.85) and community samples [55].
Furthermore, 5 items (“I get very angry,” “I lose my temper,”
“I hit out when I am angry,” “I do things to hurt people,” and
“I break things on purpose”) of the Me & My Feelings
Questionnaire were added to assess externalizing symptoms
[56]. The Me & My Feelings Questionnaire was developed as
a self-reported mental health measure for the school setting and
has been shown to have good psychometric properties across
clinical and community samples (Cronbach α=.78-.82) [56,57].
Items on both scales were rated on a 3-point Likert scale,
ranging from “Not true” (1), “Sometimes” (2), and “True” (3).
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With both scales combined, scores ranged between 18 and 54,
with higher scores indicating greater levels of symptoms.

Well-being
The Satisfaction with Life Scale for Children [58] was used to
assess participants’ personal perceptions of their well-being and
satisfaction in life. The Satisfaction with Life Scale for Children
consists of five items that are rated on a 5-point Likert scale,
ranging from “disagree a lot” (1) to “agree a lot” (5) and has
been reported to have good psychometric properties (Cronbach
α=.84 [58]). Higher scores indicated greater levels of satisfaction
with life and well-being.

Emotion Regulation
The How I feel - Questionnaire is a multidimensional self-report
scale to assess emotional arousal and regulation abilities in
children. It consists of 30 items rated on a 5-point Likert scale
ranging from “very true of me” (5) to “not at all true of me”
(1). The items assess the frequency, intensity, and regulation
of five different emotions: sadness, fear, anger, happiness, and
excitement. There are three subscales: (1) a positive emotion
subscale, where higher scores indicate that happiness and
excitement are experienced with high frequency and intensity;
(2) a negative emotion subscale with high scores indicating that
fear, anger, and sadness are experienced with high frequency
and intensity; and (3) an emotion regulation subscale, where
high scores reflect a strong ability to regulate the frequency and
intensity of either positive or negative emotions.
The How I feel - Questionnaire has been reported to be a reliable
and valid measure (Cronbach α=.84-.90) for research and for
school interventions targeting pupils’ emotion regulation
[59,60].

Engagement
Engagement data were collected through Google Analytics and
paper questionnaires, in which children were asked how often
they had been using the app in the past 3 months.
Teachers were provided with a logbook, which they were asked
to complete on a weekly basis to describe how often and in what
way they used the app in their classrooms. Items in the logbook
included (1) what was the average time or preferred way to use
the app, (2) how did children engage with the app (eg, tablet or
smartphone), (3) how often was the app used due to classroom
disruptions, and (4) average time to reinstate children into the
class after app use?

Usability and Acceptability of App and Evaluation
Measures
To increase our understanding of the usability and acceptability
of the app intervention, we conducted brief semistructured
interviews with teachers and children after the 3-month
intervention phase. A detailed interview schedule can be found
in Multimedia Appendix 2. The interview assessed (1) what
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children and teachers thought about the app; (2) whether it was
easy to use; (3) what aspects of the app they found helpful or
unhelpful; and (4) how they used the app, what aspects of it,
and in what situations.
The research team also explored the usability of the evaluation
methods used. The researchers were present when the children
filled in the questionnaires to observe if they experienced any
difficulties when completing them. Furthermore, the research
team kept a logbook of significant events and conversations
with teachers or any reported difficulties during the study.

Study Design and Procedure
The University College London Research Ethics Committee
approved this study (approval number: 7969/001).
Schools signed a memorandum of understanding, which
explained the nature of the project and outlined the timeframes
and responsibilities of the research team and the school. Parental
consent, child assent forms, and parent and child information
sheets were sent to the school and distributed by the class
teacher. The research team visited the schools on the first day
of the intervention to collect parent consent forms and child
assent forms. Parents who indicated on the form that they had
any remaining questions, where contacted by the research team
to answer any remaining questions and obtain their oral consent
over the phone, which was audio-recorded. Questionnaires were
distributed to all participating children and the app was
introduced to the class. After 6 weeks, the research team
contacted the school to discuss the use of the app and any
difficulties. Following a 3-month intervention phase,
questionnaires were distributed again, and a researcher visited
each classroom to observe the use of the app. Following this,
semistructured interviews with 19 children and 6 teachers were
conducted. Some teachers either had spoken to the children
beforehand if they wanted to take part in the interviews or had
asked the whole class in the presence of the researchers who
would like to tell the researchers more about using the app at
school. The research team highlighted to all children and
teachers that honest answers were the most helpful and that they
should not feel shy to report any negative experiences. All
interviews with the children were audio-recorded with encrypted
dictaphones and later transcribed. Owing to logistical issues,
teacher interviews were not audio-recorded, and answers were
written down by a researcher during the interview.

Analytic Strategy
Quantitative Data
Quantitative data from the questionnaires were used to calculate
descriptive statistics for the baseline and postintervention
assessments using SPSS (IBM Corporation).
Google Analytics data are presented below (Figure 5) to show
overall usage and engagement.
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Figure 5. Engagement data as derived from Google Analytics.

Qualitative Data
The transcribed interviews and notes taken during the interviews
were analyzed using thematic analysis [61].
Thematic analysis is a flexible method that can be used to
analyze qualitative data by identifying patterns in the data. In
this study, no existing framework was used but patterns were
identified with the specific research questions regarding
usability, acceptance, user-intervention interaction, and
implementation in mind. Braun and Clarke [61] outlined 6 steps
as a structured but flexible way to conduct thematic analysis
(the article by Braun and Clarke [61] provides a detailed
description of the six steps).

Results
Participants, Recruitment, and Retention
In total, 19 schools indicated an interest in taking part, of which
we assessed 11 schools for their eligibility. Seven of these
schools met our criteria and were eligible for participation. Of
the seven eligible schools, 3 schools stepped down before the
trial (see the reasons provided in the Recruitment and
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Participants section). In the final study, which included 4
primary schools, a 57% (4/7) retention rate was achieved.
In total, 144 children (female: n=79; male: n=62; not specified:
n=3) completed the surveys at baseline and 132 children
completed the surveys postintervention, thereby resulting in an
attrition rate of 91.6% (132/144).
Six out of eight teachers, all female, participated in the
postintervention interviews. None of the teachers completed
the weekly usage logbook.

Mental Health and Emotion Regulation Measures
The mean scores and SDs for pre- and postintervention
assessments are presented in Table 1. Between 87.5% (126/144)
and 91.6% (132/144) of the children completed the measures
at baseline and follow-up. Although the mean scores and SDs
are comparable with those found in other population and
community samples [56,60,62], children in this study reported
some difficulties with items on how they feel. Some children
were unsure about the difference between items asking them
about strong feelings and items asking them about powerful
feelings.
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Table 1. Descriptive statistics for mental health and emotion regulation questionnaires (N=144).
Outcome

Participants, n (%)

Score, mean (SD)

SMFQa baseline

144 (100)

25.09 (6)

SMFQ postintervention

132 (91.6)

24.22 (5.99)

SWLS-Cb baseline

140 (97.2)

4.13 (0.79)

SWLS-C postintervention

126 (87.5)

4.13 (0.83)

HIFQ-PES baseline

144 (100)

3.87 (0.84)

HIFQ-PES postintervention

132 (91.6)

3.72 (0.87)

HIFQ-NESd baseline

144 (100)

2.11 (0.79)

HIFQ-NES postintervention

132 (91.6)

1.88 (0.72)

HIFQ-ERSe baseline

144 (100)

3.37 (0.83)

HIFQ-ERS postintervention

132 (91.6)

3.35 (0.87)

c

a

SMFQ: Short Mood and Feelings Questionnaire. Lower scores indicate fewer internalizing and externalizing difficulties.

b

SWLS-C: Satisfaction With Life Scale. Greater scores (maximum total score=5) indicate greater satisfaction with life.

c

HIFQ-PES: How I feel - Questionnaire–Positive Emotion Scale. Greater scores indicate a greater frequency and intensity of happiness and excitement.

d

HIFQ-NES: How I feel - Questionnaire–Negative Emotion Scale. Greater scores indicate a greater frequency and intensity of sadness, anger, and
anxiety.
e

HIFQ-ERS: How I feel - Questionnaire–Emotion Regulation Scale. Greater scores indicate the greater regulation of the frequency and intensity of
emotions.

Engagement
In total, 57.5% (76/132) of all children from all schools indicated
that they had used the app at least once, whereas 40.1% (53/132)
indicated that they had never used the app in the past 3 months.
At postassessment, 7.6% (10/132) of the children reported that
they had used the app weekly. Of the 76 children who indicated
that they had used the app, 67% (51/76) said that they found it
helpful, and 58% (44/76) said that they would recommend the
app to a friend.
No data were gathered through the teacher logbooks; therefore,
we were unable to analyze any quantitative data on average
usage times per classroom over the 12 weeks or in what way
the app was engaged with over time.
Data collected via Google Analytics indicated that 426 users
had accessed the website, of which 30% (128/426) were
returning users and 70.2% (299/426) were new visitors.
Furthermore, the average time spent on the app per session was
6 minutes and 22 seconds and the play module was most
frequently visited, followed by relax and watch.

Qualitative Outcomes
Children’s Reported Usability and Acceptability
In total, 19 children shared their experiences using the app
during the interviews. Most children reported positive
experiences with the app and provided insights regarding
specific strengths and weaknesses.

Feeling Calm and Relaxed
Nearly all children reported that using the app made them feel
calm and relaxed. They indicated using the app, especially
during stressful times (eg, test at school, argument with friend
or sibling, or having a bad day at school). Some children
https://mhealth.jmir.org/2021/7/e21837
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reported using the app to fall asleep at night. Children seemed
to enjoy two features in particular, the Water Ripples game and
the music function:
I think the app’s helpful, um, if you’re stressed or if
you like, it’s a good way to relax and you can use it
to calm down.

Helpfulness
Most children reported that they found some of the features (ie,
check-in function, videos, and tools list) particularly helpful
and useful:
...the thing I also found was quite helpful was where
you could sort of tell how you were feeling, and it
sorta gave what you should do.
They explained that it increased their understanding or
knowledge of their feelings and provided suggestions regarding
possible solutions or actions to take:
...like it makes you understand it, your feelings are
something in you and it’s ok to have them.

Design and Technical Issues
With respect to the app’s limitations, the children most
frequently reported technical or design issues. Most commonly
mentioned were problems (eg, “didn’t work,” “too slow,” or
“took too long to load”) related to the Reveal game and video
clips, which appeared to happen more frequently on some
devices than others (this was assumingly related to certain
web-browsers). Furthermore, children mentioned that they
would prefer to have more options to choose from for the color
scheme and design of the home screen and other personalization
features.
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Feelings of Anger
A few children reported that they found the app to be less helpful
when they were very emotional or experiencing strong feelings
of anger:
I liked the app. Although it did not help me with my
anger, no one could help me with this yet.
In relation to this, one child explained that when they were
angry, they preferred to “do something to kind of get it out”
instead of engaging in calming or relaxing exercises.

Children’s Interaction With the Intervention
Children reported different preferences for where, when, and
how to use the app.

Location
Most children used the app at school where it was introduced
to them. Some children reported using the app primarily during
times when teachers allowed them to choose an activity for a
certain amount of time. Other children said that they had agreed
with their teacher to use it in certain situations when they
struggled to concentrate or participate in class. Almost half of
the children (9/19, 47%) reported that they also used the app at
home.

Emotional Prompts
Many children suggested that the app is most suitable during
stressful times or when someone struggles with their feelings.
They provided examples, including having a fight with someone,
not being able to concentrate, or feeling bored:
The best way to use the app is if you’re stressed out,
or um, if you need something to take your mind off
something.
Children reported less frequent use of the app during less
stressful times and when they felt generally happy:
It’s not for someone who is happy, but some people
get a bit angry sometimes, I'd recommend it to them.

Design Prompts
Although most children reported that the app was easy to use
(“I just knew how to use it”), it became apparent that some
features, such as the help function, had not been accessed or
had not been discovered by them. Furthermore, children reported
that they had forgotten about the app when they had not used
it for a while.

Moltrecht et al

Teacher-Reported Facilitators to and Barriers of
Implementation and Delivery
Access Barriers
Teachers also mentioned that the app was hard to find if the
link was not available or in reach, which seemed to inhibit the
use of the app from the teacher’s perspective.

Technical Issues
Teachers reported experiencing technical issues of video
crashing or content taking too long to load, which was perceived
as a barrier to using it.

Flexible Use
Every teacher reported a slightly different way of using the app
in their classroom, with some preferring a whole-class approach
and others directing individuals to the app. The freedom to use
the intervention in different ways was perceived as a facilitator,
as it made it easier for them to find opportunities to use the app
in the classroom.

Compatibility With Teaching Style
Teachers were more likely to use the app if they were compatible
with their existing teaching methods and did not require
additional work or adjustments. Moreover, teachers liked that
they could direct children individually to the app, when needed,
and that it “doesn’t take away too much time from the teaching”
or interrupts the classroom atmosphere.
Furthermore, in classrooms where mindfulness and relaxation
exercises were already used in other ways, teachers reported to
primarily use the relaxation module by projecting the exercises
on the smartboard or playing the music, which seemed to “[help]
to calm them [the children] down during work times.”
In relation to this, teachers provided further app suggestions to
support their teaching (eg, a timer and noise meter with a traffic
light system to signal children when they are too noisy) and
could therefore further facilitate the implementation of the app.
Teachers who did not see suitable opportunities to integrate the
app in their teaching reported that it took them some time to
“remember the app” and that there was a tendency to rely on
“old habits” or methods in difficult situations (“in the heat of
the moment”). They also reported feeling confident that using
the app could become a habit.

Recommendations for Further Improvements

Access Barriers

Content and Functionality

As the app was web-based, many children were not able to find
or download the app through the app store, which they reported
was their primary way to access apps. Hence, this was one of
the major barriers to accessing the app. One child said, “I
couldn't remember what it was called, so I couldn’t find it.”

Both children and teachers reported that they would like more
content. Some children reported that they “got a bit bored” by
having to play the same game. Others mentioned that there were
“only four videos” to watch, which resulted in decreased
interaction with the app over time. In line with this, teachers
indicated that it was more likely that they continued using the
app if there were updates that were more frequent, including
new content.

Furthermore, in relation to the school setting, children reported
difficulties accessing tablets as they were either not permanently
available or locked in a drawer, so they had to ask for it. The
latter was also perceived as a barrier, as children were too shy
to request it and “didn’t want to ask the teacher for it.”
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Furthermore, children reported a wish for more features, such
as making the embodied agent more responsive, so that more
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interactions are possible. One child compared it with “a robot
that you can talk to.”

Individual Needs
Some teachers mentioned that activating features, would be
helpful “for children with too much energy,” “when they are
angry,” or after “a long time of sitting.” One teacher suggested
the use of dance videos as an activating exercise during breaks.
In addition, teachers saw a need for more interventions that
specifically support children with learning disabilities or autism
spectrum disorder, as they seem to be more likely to experience
specific emotion regulation difficulties associated with the
disorder.

Discussion
Acceptability and Usability of the App
Through questionnaires and postintervention interviews, the
present study collected data on the perceived usability and
acceptability of the app. The interviews suggest that children
perceived the app as acceptable, usable, and helpful. The
interviews provided preliminary evidence that the app helped
children to calm down and relax in stressful situations, and
potentially increased their understanding and knowledge of
emotions. However, this needs to be thoroughly tested in future
studies.
Some children reported that they found the app to be less helpful
when they experienced anger. This suggests that there is a need
for different types of support with respect to different emotional
experiences. A similar idea was suggested in past research with
infants, whereby certain strategies (ie, distraction) were more
effective in regulating anger than fear [63].
In terms of the intervention’s usability, most parts of the
intervention functioned well; however, certain technical issues
were reported that led to reduced engagement levels. These
issues must be addressed before future evaluations.

Interaction and Engagement
Children reported that they used the app primarily at school,
whereas others accessed it at home. Most indicated that stressful
situations were one of the main motives for accessing the app.
Children and teachers did not receive specific instructions on
how to use the app; therefore, differences occurred between
classes, with some teachers directing certain children to the app
in a special area in the classroom, whereas others used it
primarily with the whole classroom. Children were provided
with a link to the app at school and they could access it at home
if they followed the same link. Although this made it more
difficult to exactly track usage, the open approach helped us
understand how and when children used the app depending on
the context (eg, listening to music to concentrate in class vs
listening to music to fall asleep at home).
Engagement data from Google Analytics suggested that 30%
(128/426) to 37.1% (158/426) of the users repeatedly accessed
the app over a 3-month period. Although this number would
ideally be higher, it is similar to adherence rates reported for
other mental health apps [64].
https://mhealth.jmir.org/2021/7/e21837
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In an attempt to mitigate low levels of engagement, one of the
most common limitations in digital health interventions, we
involved children and young people throughout the development
and design of the app intervention. Interviews with the children
indicated that the Water Ripples game was perceived as one of
the most positive and helpful features in the app, which supports
our interdisciplinary development approach.
With respect to children’s and teachers’ requests for having
more content updates to maintain the level of novelty, future
research could explore the use of timed updates, whereby
sections of the content are released one after another. We
recognize that this was only one piece of the puzzle. Issues
surrounding user engagement are a recurring topic in the field,
posing the question of how much engagement is actually needed
for an intervention to be effective. The data from this study do
not provide sufficient evidence to determine this, and further
research is required.
Nevertheless, based on the children’s reports, it can be assumed
that some of the features positively influenced user engagement,
such as the digital agent, which should be further explored (eg,
chatbots and getting clothes or objects as rewards to change its
appearance).

Delivery and Implementation
Teachers play a significant role in the intervention’s
implementation and delivery. Therefore, we tried to gain insights
into potential barriers to and facilitators for implementing the
app in a school setting.
Although teachers reported positive experiences, they also
reported access difficulties and lack of content as the main
barriers to implementing the intervention. Our findings suggest
that teachers are more likely to use the app if they are compatible
with their existing teaching methods. Teachers who saw fewer
natural opportunities to integrate it reported more barriers to
use the app. This is in line with previous research findings [18]
and highlights the importance of considering teachers’
perspectives when agreeing on design goals and intervention
features. At the same time, teachers’ requests and any
subsequent design implications will have to be carefully
considered in relation to the intervention’s overall goal (ie,
supporting children’s emotion regulation) and any conflicting
interests with young users’ requests need to be mediated. For
instance, although some teachers suggested features such as a
noise meter, the research team needs to explore whether such
a feature would primarily benefit teachers (eg, as a classroom
management strategy) or young users as well.
Another barrier related to the school environment was the small
number of tablets available per class, which limited the
accessibility of the intervention. In addition, some schools only
provided access to tablets upon request, thereby limiting ease
of access. However, the possibility of accessing the app through
other devices, such as computers or smartboards, enhanced the
general uptake of the intervention in the school context.
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Possibilities, Facilitators to, and Barriers of Conducting
a School-Based App Evaluation
Important conclusions can be drawn regarding the possibility
of evaluating the app in a school setting. In terms of school
recruitment, we retained 57% (4/7) of the originally recruited
schools, which could be further improved. Schools reported
that they feared that their resources were limited to facilitate
the research. Furthermore, some schools reported that there
were significant issues due to unmet translation needs, which
suggests that translated information sheets and consent forms
should be made available in a future trial. Some schools also
mentioned that it would have been helpful if the research team
had provided guidance that was more specific on the app usage
or if the research team had explored different means to use the
app with the teachers beforehand.
In terms of the measures used, a high number of questionnaires
were completed at baseline and follow-up (baseline: 126/144,
87.5%; follow-up: 132/144, 91.6%), thereby suggesting
acceptable completion rates. However, none of the teachers
completed the weekly logbooks, and it was not possible to record
any of the interviews with the teachers, which highlights specific
barriers in terms of data collection from teachers.
Despite the identified barriers, the findings suggest that it is
possible to implement and evaluate the app in a school setting.
However, we suggest that a comprehensive feasibility trial is
conducted next to ensure (1) an enhanced recruitment and
assessment strategy, (2) improved integration of the app
intervention in the school curriculum and teaching methods,
and (3) easier access to the app by making it available on the
app store. In line with this, we also suggest that a set of
feasibility criteria is defined beforehand, so that informed
decisions can be made as to whether an effectiveness trial is the
next appropriate step [65].

Considerations for Future App Features and Research
In addition to the suggestions above, we would like to share
further lessons learned, which will hopefully help improve the
present and similar school-based app interventions.

The School Setting
With respect to one of the primary design goals and the
prioritization of engagement, we opted for a multimedia app
that included various audio and video materials. However, this
partly presented itself as unsuitable for the school environment,
as sounds can be disturbing or require access to headphones.
This observation emphasizes that new types of interventions
are accompanied by new challenges, which need to be explored
further and taken into account.

Specific Emotion Regulation App Features
On the basis of previous research, we included a range of
mindfulness and relaxation exercises [66], which children
experienced as positive. Although mindfulness and relaxation
apps have gained increased popularity, this study shows that
for certain negative emotions, activating features instead of
calming features could be equally important. These features
seem to tap into a different set of emotion regulation strategies
(eg, behavior activation and physical activity), which should
https://mhealth.jmir.org/2021/7/e21837
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not be neglected [67,68]. The finding that some children needed
something else when they were angry is in line with emotion
regulation research indicates that effective emotion regulation
not only is merely about the frequency by which we apply
certain strategies [69,70] but also is about whether we have
access to a diverse set of emotion regulation strategies that can
be flexibly applied depending on the situation’s demands
[71,72]. This highlights the complexity of the emotion regulation
construct, which is sometimes applied in an overly simplistic
manner [73,74]. To account for this complexity, we chose to
develop psychoeducational films to introduce children to the
more complex concept of emotion regulation. Interviews showed
that films could have the potential to increase children’s
understanding and knowledge of emotion regulation, but more
research is needed to prove this.
Another important feature to enhance emotion regulation was
the check-in function, which was designed to support children
by accessing adaptive emotion regulation strategies and
increasing their awareness of the diverse range of emotions.
Research has shown that both are related to positive mental
health outcomes [75-77]. Children in this study found this
feature helpful and used it either as a guide to identify their
feelings or to explore and learn about different strategies. We
believe that this feature could also serve as an ideal assessment
tool for collecting data about users’ day-to-day feelings.
Concerning the help function, we found that many children had
not used or seen it until a researcher mentioned it in the
interview. After consulting the children, most agreed that it was
a good idea to provide guided support for emotionally intense
situations. However, they also explained that having it in the
app did not address their needs in the situation, due to a lack of
permanent or immediate access to a device. We suggest that
future research could explore this idea further through wearable
devices, which also provide an ideal opportunity to integrate
advanced health technology concepts, such as just-in-time
adaptive interventions [78].

Strengths and Limitations
A significant strength of this research concerns the development
process of the app, for which we included children and young
people at every stage and adopted a truly interdisciplinary
approach [52]. Another strength relates to the collaborative
approach with schools, which has various benefits. It ensured
regular access to the user group and helped identify
context-specific design goals at an early stage. Teachers also
contributed tremendously to their views and expertise from
working with the user group. The lack of teachers’ roles as
intervention deliverers is a limitation that needs to be addressed
further. Furthermore, teachers had very limited time available;
therefore, we suggest conducting more regular classroom
observations to adjust the app for the classroom setting.
Finally, we would like to mention that in some cases, teachers
played a significant role in selecting children for the interviews.
Although we asked teachers to provide us with a representative
sample, it is possible that teachers unconsciously selected
children who were more likely to report positive aspects. This
assumption is based on previous research showing that children
with certain characteristics, such as lower academic achievement
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or greater externalizing tendencies, were less likely to be
considered for taking part in research [79].

Conclusions
We explored the possibilities of using, implementing, and
evaluating a new app intervention to improve children’s emotion
regulation abilities in the school context. The results suggest
that the intervention presents a promising opportunity to enhance
emotion regulation abilities by considering the complex nature
of the construct itself. The app aims to assist children with their
emotion regulation abilities by offering guidance in identifying
feelings and selecting adaptive emotion regulation strategies.

Moltrecht et al
The app was perceived as acceptable and usable, although some
technological issues need to be addressed before any further
evaluation. The data provided valuable insights regarding
important facilitators and barriers to implementing and
evaluating the app in the school setting. Important lessons
learned are shared and will hopefully be beneficial in the
development and evaluation of similar interventions. We hope
that this work will motivate the development of further
technology-based interventions that target transdiagnostic
mechanisms such as emotion regulation in youth, as these are
of particular importance considering the high comorbidity rates
and less specific symptom profiles in children and young people.
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Abstract
Background: Childhood obesity is a major public health issue. The increase in the consumption of foods with poor nutritional
value, such as processed foods, contributes to this. Breakfast cereals are often advertised as a healthy way to start the day, but
the healthiness of these products varies greatly.
Objective: Our main objective was to gather information about the nutritional characteristics of ready-to-eat breakfast cereals
in Sweden and to investigate the healthiness of products targeted at children compared to other cereals by use of the FoodSwitch
platform. A secondary objective was to evaluate the alignment between the Keyhole symbol and the Health Star Rating.
Methods: The FoodSwitch app is a mobile health (mHealth) tool used to present nutrition data and healthier alternative products
to consumers. Ready-to-eat breakfast cereals from the largest Swedish grocery retailers were collected using the FoodSwitch
platform. Products were defined as targeting children if they presented features addressing children on the package.
Results: Overall, information on 261 ready-to-eat cereals was examined. Of this total, 8% (n=21) were targeted at children.
Child-targeted cereals were higher in sugar (22.3 g/100 g vs 12.8 g/100 g, P<.001) and lower in fiber (6.2 g/100 g vs 9.8 g/100
g, P<.001) and protein (8.1 g/100 g vs 10.5 g/100 g, P<.001). Total fat (3 g/100 g vs 10.5 g/100 g, P<.001) and saturated fat (0.8
g/100 g vs 2.6 g/100 g, P<.001) were also lower. No difference was found in salt content (P=.61). Fewer child-targeted breakfast
cereals displayed an on-pack Keyhole label (n=1, 5% vs n=53, 22%; P=.06), and the mean Health Star Rating value was 3.5 for
child-targeted cereals compared to others (mean 3.8, P=.07). A correlation was found between the Keyhole symbol and the Health
Star Rating.
Conclusions: Ready-to-eat breakfast cereals targeted at children were less healthy in terms of sugar and fiber content compared
to products not targeted at children. There is a need to improve the nutritional quality of child-targeted cereals.
(JMIR Mhealth Uhealth 2021;9(7):e17780) doi:10.2196/17780
KEYWORDS
breakfast cereals; child-targeted cereals; front-of-pack labels; Keyhole symbol; Health Star Rating; FoodSwitch; diet; food intake

Introduction
Childhood obesity is a major public health issue. Over 40 million
children under 5 years of age are overweight worldwide with a
https://mhealth.jmir.org/2021/7/e17780
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majority living in low- or middle-income countries [1]. The
increasing rates of obesity in children are linked to
noncommunicable diseases such as type 2 diabetes and
cardiovascular diseases in young adults [2]. In addition,
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individuals with obesity at an early age are more prone to obesity
later in life [3]. Unhealthy diet is the leading risk factor for
obesity in children and adults. Processed foods, which are energy
dense and of poor nutritional value, are a major cause of obesity
[4]. In the last few decades, the consumption of processed and
ultraprocessed food has increased and correlates with the
elevated prevalence of obesity [5].

non–child-targeted, ready-to-eat cereals. Furthermore, we aim
to assess the alignment of the Nordic Keyhole symbol and the
HSR system for these products.

Ready-to-eat breakfast cereals include a large range of products
from unprocessed to ultraprocessed. This large diversity in
products and the omnipresence of nutritional claims on the
packages of breakfast cereals make it hard for the consumer to
identify actual healthy options. In addition, there are data
suggesting that highly advertised products targeted at children
may be less healthy [6]. To help consumers, front-of-pack
nutrition labels have been created. There are many types of
labeling, often specific to a country or area, but all aim to
promote healthier food choices and, in the long term, to urge
manufacturers to reformulate their products [7]. The Swedish
National Food Administration introduced the Keyhole symbol
that endorses products with healthier fat composition, less sugars
and salt, and more dietary fiber, whole grains, fruits, and
vegetables than other similar foods [8]. The Health Star Rating
(HSR), developed by the Australian government, grades foods
from 0.5 to 5 stars [9]. Grades are attributed based on energy
content, saturated fat, sugar, salt, protein, fiber, as well as fruit,
vegetable, nut, and legume content, in the product. In other
countries different front-of-pack labels are used. For instance,
nutrient-specific labels that assess the percentage of each
nutrients (eg, Traffic Lights labeling and nutrient-specific
warnings that indicate an excessive amount of critical nutrients).
The weakness of most systems is that they remain voluntary
and rely on industry interest. In addition, the coexistence of
numerous front-of-pack labels in the marketplace, as well as
the great disparity between their criteria, can be confusing for
consumers [10].

Ready-to-eat cereals from 4 supermarkets (ICA, Coop, Hemköp,
and Lidl), representing 90% of the market share in Sweden,
were analyzed [16]. The largest supermarkets in the Stockholm
area were targeted to ensure the presence of the entire range of
products. Prior to data collection, which took place in February
and March 2019, consent forms were sent to the store managers.
One store denied us permission without giving more details on
why they chose to do so, and thus this retailer was not included.
On site, the cereal department and all shelves containing
breakfast cereals, including gluten-free sections, were identified.
Oatmeal for porridge was regarded as a grain and not used as
a breakfast cereal per se. Muesli, however, was included. There
is a thin line between cereal bars and candy, and cereal bars are
categorized differently from breakfast cereal on the FoodSwitch
platform. Thus, they were not deemed breakfast cereal and were
excluded.

The use of mobile apps could be an innovative alternative way
for consumers to access more information on the nutrients and
healthiness of the foods they buy. Today, 88% of people in
Sweden over the age of 12 years own a smartphone, which
offers great potential for mobile health (mHealth) apps in all
age groups [11]. The FoodSwitch app, developed by the George
Institute for Global Health in Australia, was designed to offer
a tool to promote healthier food choices and is currently being
used in Australia, New Zealand, China, the United Kingdom,
India, the United States, Kuwait, South Africa, Fiji, and Hong
Kong. By scanning bar codes of packaged foods, the consumer
obtains at-a-glance information on the product as well as
suggestions of similar healthier products [12]. The FoodSwitch
solution includes the FoodSwitch app, a database with packaged
products organized in a categorized system that is applicable
to all countries and enables comparisons, and a data collection
application (DataCollector). The FoodSwitch database has been
previously used in several studies to measure the healthiness of
packaged food, to evaluate variations in specific nutrients, and
to compare front-of-pack labeling systems [13-15].
In this study, we aim to use the FoodSwitch platform in the
Swedish market to compare the healthiness and nutritional
values of ready-to-eat breakfast cereals targeted at children to
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Methods
Data Collection

The DataCollector app of the FoodSwitch platform (Android,
version 2.7) from the George Institute for Global Health was
used to collect information from packages. First, the bar codes
were scanned using a smartphone camera. Then, numerous
pictures of the front of the pack, the Nutrition Information Panel
(NIP), and the ingredients were taken to collect all relevant
information.
All products were manually entered in the system by 1
researcher (AM). The NIP, the gluten status and the Keyhole
symbol, if present, were recorded. All child-targeted information
on the package was identified. The criteria were as follows: the
presence of cartoons, games, toys, children’s movie references,
or text addressed to children on the package. A second
researcher (V-ML) reviewed all the information entered and
confirmed the presence of marketing targeted at children.
Finally, products were categorized and an HSR was generated.
HSR scores of 0.5 to 5 stars in 10 half-star increments were
assigned to all scanned products, where a higher number of stars
represents healthier products. In the HSR system, each packaged
food item is categorized into 1 of 6 categories depending on
food type. All breakfast cereals were assigned to category 2.
The HSR score was calculated via baseline and modifying points
using the following formula: HSR score = baseline points –
modifying points. Baseline points depended on energy content,
saturated fat, sugar, and salt, and modifying points were based
on protein, fiber, fruit, and vegetable content. The final
assignment of the HSR score depended on which category the
product was assigned to [17].

Statistical Analysis
Categorical variables were summarized as the number of
products and corresponding percentages, and continuous
variables were summarized as mean (SD) and median (IQR).
A Kolmogorov-Smirnov test was used to determine whether
the data were normally distributed or not. A Mann-Whitney U
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e17780 | p.224
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test and an independent-samples t test were used to compare
the nutritional values and HSR of child-targeted cereals to the
nontargeted ones for nonnormal and normal distribution,
respectively. In addition, the HSR scores were divided into two
groups, healthier (HSR≥3.5) and less healthy (HSR<3.5) [18].
After dichotomization of HSR scores, the Fisher exact test was
performed to assess correlation to the presence of the Keyhole
symbol. The significance level was set to P<.05. The statistical
analysis was performed using SPSS Statistics 25 (IBM Corp).

Ethical Considerations
This was a study of packaged food supplies in supermarkets in
Sweden and did not involve study participants or animal testing.
Therefore, no ethical permission was sought.

Results
By use of the data collection application of the FoodSwitch
platform, we collected information on a total of 261 ready-to-eat
breakfast cereals, of which 21 (8%) were targeted at children
and 240 (92%) were not. Table 1 summarizes the nutritional
content from the NIP of all products as well as their HSR score
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and the number of products displaying the Keyhole symbol.
Child-targeted cereals contained more sugars, with a mean
carbohydrate content of 78.3 g compared to 62.0 g per 100 g
for the non–child-targeted group (P<.001). This applied to sugar
as well, where the mean in child-targeted products was nearly
twice as high than in the non–child-targeted ones (22.3 g vs
12.8 g per 100 g, P<.001). Total fat, saturated fat, fiber, and
protein were all lower in the child-targeted cereals compared
to the cereals not targeted at children (P<.001 for all). There
was no difference in salt content (P=.61) between the groups.
The main categories of cereals not targeted at children were
muesli and granola, while cocoa-based and sweetened cereals
accounted for the majority of child-targeted cereals (Table S1
in Multimedia Appendix 1).
Figure 1 shows that on-pack Keyhole labeling was aligned with
products considered as “healthy” (≥3.5) according to the HSR
(P<.001). No products with an HSR score <4 were labeled with
the Keyhole symbol. However, 60% (n=92) of products with 4
stars or more were not Keyhole labeled. According to the HSR,
there was no significant difference between cereals targeted at
children and those that were not (mean 3.5 for the child-targeted
group vs 3.8 for the non–child-targeted group, P=.07).
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Table 1. Nutritional overview of ready-to-eat breakfast cereals targeted at children (n=21) compared to those not targeted at children (n=240) and their
estimated healthiness. The mean fiber amount in child-targeted cereals was based on 20 products since 1 product did not display its fiber content.
Nutritiona

Child-targeted cereals

Non–child-targeted cereals

Energy (kJ/100 g)

.18

Mean (SD)

1628 (68)

1699 (202)

Median (IQR)

1618 (49)

1647 (225)

Total fat (g/100 g)

<.001

Mean (SD)

3.0 (2.8)

10.5 (9.6)

Median (IQR)

2.3 (1.5)

7.6 (12.8)

Saturated fat (g/100 g)

<.001

Mean (SD)

0.8 (0.8)

2.6 (3.0)

Median (IQR)

0.6 (0.6)

1.8 (3.0)

Carbohydrates (g/100 g)

<.001

Mean (SD)

78.3 (5.3)

62.0 (13.5)

Median (IQR)

78.0 (6.1)

62.0 (13.4)

Sugars (g/100 g)

<.001

Mean (SD)

22.3 (7.5)

12.8 (7.8)

Median (IQR)

23.5 (13.0)

11.0 (12.1)

Protein (g/100 g)

.002

Mean (SD)

8.1 (1.7)

10.5 (2.6)

Median (IQR)

8.2 (2.2

10.0 (3.2))

Fiber (g/100 g)

.01

Mean (SD)

6.2 (2.5)

9.8 (5.0)

Median (IQR)

6.8 (3.6)

9.0 (4.8)

Salt (g/100 g)

.61

Mean (SD)

0.5 (0.3)

0.5 (0.4)

Median (IQR)

0.6 (0.6)

0.4 (0.6)

HSRc score

a

.07

Mean (SD)

3.5 (0.5)

3.8 (0.9)

Median (IQR)

3.8 (1.0)

4.0 (1.5)

1 (5)

53 (22)

Keyhole symbol, n (%)

P valueb

.06

Data are n (%) for the categorical variable and mean (SD) and median (IQR) for continuous variables.

b

Comparison of child-targeted versus non–child-targeted breakfast cereals was analyzed with a Mann-Whitney U test.

c

HSR: Health Score Rating.
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Figure 1. The calculated Health Star Rating (HSR) score of breakfast cereals in supermarkets in Sweden (light blue) and the HSR scores of packaged
products displaying an on-pack Keyhole symbol (dark blue).

Discussion
Principal Findings
This study compared the healthiness of ready-to-eat breakfast
cereals targeted at children to cereal products not specifically
targeted at children across supermarkets in Sweden using the
FoodSwitch platform. Despite lower levels of saturated fat, the
child-targeted cereals were overall less healthy, according to
the nutritional content. Child-targeted products had a greater
amount of sugar, with a mean nearly 2 times higher than the
cereals not branded toward children. Furthermore, they were
lower in fiber and protein. Our results are in line with 3 similar
studies conducted in Canada, Australia, New Zealand,
Guatemala, and the United States [19-23]. However, this is the
first study focusing on the healthiness of packaged cereal
products in Europe. Interestingly, the number of products
targeted at children is relatively small. Compared to the markets
analyzed in other countries, we obtained the smallest ratio
between child-targeted cereals and non–child-targeted ones
[19-23]. A few cereals rated high in healthiness according to
the HSR system although these had a high sugar content. This
aligns with previous findings showing that the HSR rating
algorithm does not sufficiently penalize products with a high
added sugar content [24].

Societal Relevance
In a context where childhood obesity is at the heart of public
health concerns, our findings are highly relevant. The direct
link between added sugar intake and obesity is well established
[25,26]. Recently, the American Heart Association reported
associations between added sugars and cardiovascular disease
risk factors among children at levels well below the actual
https://mhealth.jmir.org/2021/7/e17780
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average intake [27]. Therefore, sugar levels in foods intended
for children should be as low as possible or at least be similar
to products not branded toward children. Dietary fibers are
known to improve satiety, and fiber consumption is associated
with lower body weight [28]. Even though it has been shown
that consumers of breakfast cereals are more likely to reach the
recommended daily amount of fiber, there should be no
difference in fiber between food items branded toward children
and cereals not targeted at children [29]. The presence of more
total fat and saturated fat in non–child-targeted products was
probably due to cereal type. When the products were
categorized, we noticed that granola and muesli accounted for
a majority. These types of cereals often contain nuts and seeds,
which are high in fat. Salt content was similarly low in all
products. In fact, many sodium-reduction initiatives have been
introduced as part of the European Union salt reduction
framework [30]. One study showed a significant drop in salt
levels in breakfast cereals in the United Kingdom [31]. We can
assume that the same happened in Sweden since the brands sold
in both countries are very similar; however, this would be
possible to investigate in the future by using this study as the
reference values for 2019.
Marketing toward children often depicts cartoon characters to
influence their food preferences [32]. In addition, children
exposed to child-targeted cereals via TV commercials tend to
have higher intake of these advertised cereals [33].
Problematically, products advertised to children are often of
poor nutritional quality, as demonstrated in our study [34].
Unfortunately, packaging also affects parents, and parents being
role models influence the eating habits of their children [35].
In fact, children depend on their parents’ food choices. Finally,
it has been shown that NIPs and front-of-pack labels can
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e17780 | p.227
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
sometimes be difficult to interpret [36]. Therefore, there is a
need to provide easy-to-understand solutions to better guide
consumers and implement healthy dietary habits from the
earliest age.

Potential for the FoodSwitch Platform in Sweden
A substantial part of the foods sold and eaten in high-income
countries is preprepared packaged foods, and processed foods
are largely responsible for an excessive intake of saturated fat,
energy, added sugars, and sodium in the diet [37]. Thus, the
food industry plays an increasingly important role in public
health. The aim of the FoodSwitch platform is to change
consumers’ behaviors and legislators’ actions. Front-of-pack
labels are well established in influencing consumers toward
healthier food choices. The Keyhole symbol used in Sweden
was implemented 30 years ago. This front-of-pack logo is well
known by Swedes as well as Scandinavians [38]. Although it
is hard to assess its effect, it seems to positively affect the
consumers’ behavior [39]. Unfortunately, not all manufacturers
use the logo even though it is free of charge. The criteria
required to make a product eligible for the Keyhole symbol are
numerous and vary according to product type. Thus, producers
might not be aware when a product meets the standard.
Moreover, displaying the symbol induces extra costs for new
packaging. Manufacturers often prioritize the sales of their
foods. Therefore, another reason for the lack of compliance to
the Keyhole symbol might be that producers are not convinced

Mottas et al
of any added value by the logo on their products. Throughout
our investigation, we realized that many products considered
as “healthy” by the HSR system (>3.5) did not display the
Keyhole symbol. It is very likely that some of them were
suitable to be branded with the Keyhole symbol.
Because of this, introducing the FoodSwitch app in Sweden
could be of interest to Swedish consumers. First, it would allow
a virtual front-of-pack labeling of all products (Figure 2). In
fact, with information from the database, the app could generate
the HSR score and the Traffic Lights label for any packaged
product and suggest a healthier alternative. However, these two
front-of-pack labeling systems used in the FoodSwitch app to
direct consumers toward a healthier food choice are not used
in Sweden. Fortunately, both the HSR and Traffic Lights label
are self-explanatory and should not impede compliance of
Swedish users to the mobile app’s recommendations. In addition,
it would be possible to add a filter on the app that would
generate the Keyhole symbol. Second, the implementation of
FoodSwitch in Sweden could pressure manufacturers to
reformulate their products. If consumers choose healthier
packaged foods, producers would have to adapt to evolving
client demand. Finally, the FoodSwitch database would be a
very useful tool for conducting research on many aspects of the
packaged food market. Through crowdsourcing, the information
from packaged foods are always updated, which allows a
tracking of the nutritional composition of the food supply over
time.

Figure 2. Screenshots of the Australian version of the FoodSwitch app displaying the estimated healthiness of products using Health Star Ratings
(panels A and C) and Traffic Lights ratings (panels B and D) for the scanned products Dorset Cereals Really Nutty Muesli (panels A and B) and Kellogg’s
Special K Original (panels C and D), and suggestions for healthier options.

Strengths, Limitations, and Future Directions

prior to data entry. Once entered, the data were checked by a
second researcher.

We consider the conclusions drawn from our primary
investigation to be reliable for the Swedish market because we
visited the largest grocery retailers, representing 90% of market
shares [16]. Another strength is the reliability of our data. During
data collection, the data were double-checked by the collector

Limitations include possible transcribing errors and, in some
cases, minor discrepancies that can occur between the NIP
information shown on the package and the real value [40]. In
terms of the method of assessing the healthiness of products,
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in Europe, displaying fiber content on the package is not
mandatory [41]; however, it is often included on the NIP and
only one product in our sample did not display fiber content.
Finally, another limitation is that our results are limited to the
Swedish market.
A further research objective could be to expand this assessment
of nutrition to all child-targeted products. Additionally, data
collection of breakfast cereals can be redone to provide a
longitudinal perspective.

Mottas et al

Conclusion
In conclusion, we showed that the nutritional quality of
ready-to-eat cereals targeted at children was overall not
significantly unhealthier than ready-to-eat breakfast cereals not
targeted at children. However, cereals targeted at children were
high in sugar and low in fiber. Thus, we conclude that there is
a need to improve the dietary quality of child-targeted breakfast
cereals in Sweden.
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Abstract
Background: Atherosclerotic cardiovascular disease (ASCVD) is the leading cause of mortality worldwide, with a prevalence
of approximately 100 million patients. There is evidence that antiplatelet agents and antihypertensive medications could reduce
the risk of new vascular events in this population; however, treatment adherence is very low. An SMS text messaging intervention
was recently developed based on behavior change techniques to increase adherence to pharmacological treatment among patients
with a history of ASCVD.
Objective: This study aims to evaluate the efficacy and safety of an SMS text messaging intervention to improve adherence to
cardiovascular medications in patients with ASCVD.
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Methods: A randomized controlled clinical trial for patients with a prior diagnosis of cardiovascular events, such as acute
myocardial infarction, unstable angina, cerebrovascular disease, or peripheral artery disease, in one center in Colombia was
conducted. Patients randomized to the intervention arm were assigned to receive SMS text messages daily for the first 4 weeks,
5 SMS text messages on week 5, 3 SMS text messages each in weeks 6 and 7, and 1 SMS text message weekly from week 8 until
week 52. In contrast, patients in the control arm received a monthly SMS text message reminding them of the next study appointment
and the importance of the study, requesting information about changes in their phone number, and thanking them for participating
in the study. The primary endpoint was the change in low-density lipoprotein cholesterol (LDL-C) levels, whereas the secondary
endpoints were the changes in thromboxane B2 levels, heart rate, systolic and diastolic blood pressure, medication adherence,
cardiac and noncardiac mortality, and hospitalization. Linear regression analyses and bivariate tests were performed.
Results: Of the 930 randomized patients, 805 (86.5%) completed follow-up and were analyzed for the primary endpoint. There
was no evidence that the intervention changed the primary outcome (LDL-C levels; P=.41) or any of the secondary outcomes
evaluated (all P>.05). There was also no evidence that the intervention was associated with adverse events.
Conclusions: In this study, there was no evidence that a behavior modification intervention delivered by SMS text messaging
improved LDL-C levels, blood pressure levels, or adherence at 12 months. More research is needed to evaluate whether different
SMS text messaging strategies, including personalized messages and different timings, are effective; future studies should include
mixed methods to better understand why, for whom, and in which context (eg, health system or social environment) SMS text
messaging interventions work (or not) to improve adherence in patients with ASCVD.
Trial Registration: ClinicalTrials.gov NCT03098186; https://clinicaltrials.gov/ct2/show/NCT03098186
International Registered Report Identifier (IRRID): RR2-10.1136/bmjopen-2018-028017
(JMIR Mhealth Uhealth 2021;9(7):e25548) doi:10.2196/25548
KEYWORDS
randomized controlled trial; Colombia; text messaging; cardiovascular disease; secondary prevention

Introduction
Background
Cardiovascular diseases are the leading cause of mortality
worldwide. In 2017, approximately 17.5 million people died
from cardiovascular diseases. Atherosclerotic cardiovascular
disease (ASCVD) was responsible for 7.3 million deaths in
2007, which increased to 8.93 million in 2017. During the same
period, mortality associated with cerebrovascular disease
increased from 5.29 to 6.17 million events. Moreover, 82% of
deaths in people ≤70 years occurred in low- and middle-income
countries [1].
In 2015, more than 100 million people worldwide were
diagnosed with ASCVD [2]. This population has been estimated
to have a four- to five-fold increased risk of a new
cardiovascular event in comparison with individuals without
ASCVD history [3].
Robust evidence indicates that the use of antiplatelet agents,
β-blocker agents, angiotensin-converting enzyme inhibitors
(ACEIs), and statins reduces the incidence of fatal and nonfatal
cardiovascular events in this population and is cost-effective.
These medications are recommended by all international
guidelines for the management of ASCVD [4,5].
However, long-term adherence to medication regimens continues
to be suboptimal, and many patients stop medication for various
reasons other than adverse side effects [6,7]. Only less than half
of the patients with known ASCVD in high-income countries
are receiving this group of cardiovascular medications, and the
situation is much worse in low- to middle-income countries
(LMICs), where only 1 in 20 patients with ASCVD received
all four types of cardiovascular drugs in 2011 [8].
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The widespread use of mobile devices allows the
implementation of strategies such as text messaging to increase
medication adherence. It has shown some promising results
among patients with diabetes [9], HIV [10], and tuberculosis
[11] and may therefore help improve adherence for patients
with ASCVD [12,13]. In addition, access to the use of mobile
telephones globally has increased in recent years. For example,
in Colombia, telephone coverage increased from 84% in 2009
to 98.1% in 2019 [14].
A 2017 Cochrane review [15] evaluated the effects of SMS text
messaging on medication adherence in patients with ASCVD.
The review included 7 trials (n=1310) and reported the beneficial
effect of SMS text messaging on adherence to medications in
6 of these trials. However, the quality of the evidence was very
low. The Cochrane review identified the following limitations:
(1) trials had small sample sizes (n=34-521); (2) most trials had
a short follow-up period (<6 months); (3) the primary outcomes
reported were of limited clinical relevance; (4) most studies
recruited only patients with acute coronary syndrome and
excluded an important group of patients with other arterial
occlusive events (eg, stroke, peripheral vascular disease, and
programmed coronary revascularization) who should be
amenable for this type of intervention; (5) few studies were
performed in LMICs; and (6) most trials did not describe the
processes for SMS text messaging content generation, and the
few trials that did report these processes did not target the key
knowledge and attitudinal factors that are known to influence
adherence to medication; instead, the interventions were simple
reminders [15]. In summary, although there are some promising
small studies, there is a need to provide high-quality evidence
to assess the effect of SMS text messaging using behavior
change techniques to increase long-term medication adherence
in patients with ASCVD in LMICs.
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Aims
This study aims to fill this gap and provide evidence on whether
theory-based and context-specific SMS text messages increase
medication adherence for the secondary prevention of ASCVD
in Colombia. We developed an intervention (ie, SMS text
message) following the recommendations of Abroms et al [16]:
a review of the literature, conduct of qualitative studies, and
use of formal theories and behavior change techniques
(Transtheoretical Model of Behavior Change). Details of our
intervention development have been described previously
[17,18].
The main aim of this study is to evaluate the efficacy and safety
of an SMS text messaging intervention delivered by mobile
phones to improve adherence to cardiovascular medications in
patients with ASCVD. The intervention efficacy was assessed
by measuring blood serum low-density lipoprotein cholesterol
(LDL-C) levels as an indicator of adherence to statins, systolic
blood pressure (SBP) as an indicator of adherence to
blood-lowering therapies (ACEI or angiotensin II receptor
blockers [ARBs]), and heart rate (HR) as an indication of
adherence to β-blockers. The secondary objectives are to assess
the impact of SMS text messaging on self-reported adherence
to medications, hospitalizations, and the composite end point
of incident major adverse cardiovascular events at 12 months.

Methods
The full methodology of TXT2HEART Colombia has been
previously published [17] and is summarized here. We report
the following CONSORT (Consolidated Standards of Reporting
Trials) recommendations [19].

Study Design and Participants
In this two-arm parallel, single-blind individually randomized
controlled trial, adult patients aged ≥18 years with a history of
at least one of the following arterial occlusive events were
included: acute coronary syndrome (unstable angina or acute
myocardial infarction with or without ST elevation), stable
angina, ischemic cerebrovascular disease, peripheral arterial
disease, or coronary revascularization (coronary artery bypass
surgery or percutaneous transluminal coronary angioplasty).
Patients had to own a mobile phone and were able to read the
SMS text message. They were excluded if they had a known
contraindication to take all appropriate cardiovascular secondary
prevention medications. All patients were recruited from a single
center, the Fundación Cardiovascular de Colombia, a tertiary
hospital serving as a reference center for cardiovascular diseases
in Northeastern Colombia. The hospital has a clinical studies
office and has been certified in good clinical practice by national
and international authorities. All electronic health records were
scanned using SQL queries, identifying patients with at least
one month and without a maximum limit of time elapsed since
the last hospitalization for ASCVD. The records were then
manually inspected by 2 experienced medical doctors.
Qualifying patients were contacted by phone, and if they met
the inclusion criteria and were currently admitted or attended
the outpatient clinic with a diagnosis of ASCVD, they were
invited to participate. The process for evaluating potentially
eligible individuals is described in Multimedia Appendix 1.
https://mhealth.jmir.org/2021/7/e25548
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Written informed consent was obtained from all subjects before
the study.

Intervention
The intervention consisted of behavior modification techniques
based on the Transtheoretical Model [16] to be delivered via
SMS text messaging. In our previous study [18], a protocol was
carried out to determine the content, quantity, and frequency of
SMS text messages through focus groups, validation of experts,
user feedback, and pretest. The messages included information
on the health implications of adherence to health habits (or lack
thereof) and indications and recommendations on how to take
their medication and promote healthy medication habits. They
provided or encouraged social support activities for correct
compliance with the prescribed treatment. The result of that
study was 86 SMS text messages (including 12 SMS text
messages of control and one welcome to the study), which were
the messages used as an intervention in this clinical trial and
the methodology of its delivery.
SMS text messages were sent through an automated text
messaging platform (Telerivet), which was fed directly with
data registered in Commcare, the platform for patient
registration. Volunteers were informed about the unidirectional
nature of the text messages and warned that no replies were
expected. If the patients replied the word “PARE” or “Detener”
(stop in Spanish), then no more messages were delivered. Text
messaging was started a day after patient randomization.
Messages were delivered every day for the first 4 weeks, and
then five messages were delivered in week 5. From week 6
onward, three messages were delivered per week; from week 8
until week 52, one message was delivered per week. Messages
were delivered on random weekdays from 8 AM to 6 PM to
prevent patients from predicting delivery times, in accordance
with a previous validation with study subjects. If the patient
withdrew from the study or died, we stopped sending the SMS
text messages. No tailoring considerations or modifications
were made during the trial.

Control Group
Patients in the control group only received SMS text messages
regarding the next study appointment, requesting information
about changes in their phone number, acknowledging them for
participating in the study, and reminding them of the importance
of the study. Messages were sent every month. These messages
were also sent to the intervention group and were generated
during SMS text message validation in the general population.
Examples of TXT2HEART Colombia SMS text messages are
included in Multimedia Appendix 2.

Outcomes
The primary outcome was a change in plasma LDL-C levels at
12 months. Blood samples were obtained at the start and end
of the study appointment. An improvement in LDL-C levels
was considered a surrogate indicator of adherence to statin
treatment. The secondary outcomes were SBP as an indicator
of adherence to blood-lowering therapies (ACEI or ARBs), HR
as
an
indicator
of
adherence
to
β-blockers,
11-dehydrothromboxaneB2 urine levels adjusted for creatinine
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as an indicator of adherence to antiplatelet therapy, self-reported
adherence to cardiovascular medications used in secondary
prevention as measured using the Medication Adherence Report
Scale-5 (MARS-5) questionnaire, and rates of cardiovascular
death or hospitalization due to cardiovascular disease and
noncardiovascular death or hospitalization due to
noncardiovascular disease. We also included road traffic crashes
(the only potential known hazard of SMS text messaging) and
death due to all causes as secondary outcomes.
The psychometric properties of the MARS-5 have been
previously reported [20]. The MARS-5 demonstrated acceptable
reliability (internal and test-retest) and validity (criterion-related
and construct validity). Internal reliability (Cronbach α) ranged
from .67 to .89 across all patient groups; the test-retest reliability
(Pearson r) was 0.97 for hypertension. Criterion-related validity
was established with more adherent patients with hypertension
showing better blood pressure control (χ21=4.2; P=.04).
Construct validity with beliefs about medicines was
demonstrated; higher adherence was associated with stronger
beliefs in treatment necessity and lower concerns about the
medication.
All study participants were seen twice upon admission to the
study for baseline assessment and randomization and at the end
of the follow-up period for a 12-month office visit. A follow-up
telephone call was made 3 months after randomization asking
about new hospital admissions, all-cause death, or cardiovascular
death, and adverse events were also recorded. SBP, resting HR,
and urinary levels of thromboxane B2 were recorded at the first
and final visits. Self-informed cardiovascular medication
prescription compliance was assessed using the MARS-5 at
both visits. The scale was applied by trained personnel,
considering automatic compliance if a total score of 25 was
achieved. Subjective medication intake compliance was assessed
on days 7 and 30. Data obtained about recurrent ASCVD were
requested on the phone interview or by physical examination;
oral reports by patients or relatives were allowed; and
cardiovascular or any cause mortality was recorded. Information
obtained on the phone was confirmed in all cases by reviewing
medical case notes, registries, or death certificates. Written
evidence for any event was requested via electronic mail,
WhatsApp messaging, or case note copies. If death or any major
event or hospital admission occurred during the follow-up
period, a hard copy of the death certificate from the patients’
relatives or case notes was requested on the 12-month follow-up
visit. At the final follow-up, all biomarkers were processed
simultaneously to avoid interference due to the reactive
processing, and the simple handling protocol depicted in the
protocol was followed [17]. At the initial appointment, we
recorded at least three different phone numbers and a complete
house address for each subject. A study identification card was
provided with a written record of the date of the last visit to the
trial, name of the principal investigator, and clinic contact phone
numbers. To ensure no loss of follow-up, any home-number
modifications were actively searched and recorded. The
appointment follow-up interval was kept to avoid any
interference with the study results.
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Sample Size
The original sample size of the study was 1600 participants,
based on a 97% power to detect a 10% difference between arms
in adherence. In the published protocol [17] of this trial, a table
with power calculations under different assumptions was
included. However, due to limited study funding, the final
sample recruited was 930 participants, 805 (86.5%) of whom
reported LDL-C at the final visit. With 400 patients per arm
(based on an expected mean reduction of 80 mg/dl on plasma
levels of LDL-C in an adherence population and an expected
mean reduction of 16 mg/dl on a nonadherent population to
atorvastatin 20 mg) and assuming a 5% type I error, a power
>92% was estimated to detect a 10% difference in protocol
compliance between both intervention arms. A table with power
calculations for this sample size under different assumptions is
included in Multimedia Appendix 3.

Randomization
Block randomization was used, with block sizes of 5 patients
each in a 1:1 allocation ratio, and assignment was done
automatically using a remote computer-based randomization.
Once the patient met the inclusion and exclusion criteria and
signed the consent form, the data capture platform Commcare
(Dimagi) applied a logarithm of randomization assigning the
arm for the patient. This information was not shown to the
interviewer to maintain blindness, although he did confirm its
effective completion on the digital form. The data capture
platform accessed the services of the SMS text messaging
platform (Telerivet), categorizing the SMS text messaging group
to send according to the assigned group.

Blinding
Owing to the nature of the intervention, the participants could
not be blinded. However, all investigation personnel inputting
data were blinded to the individual’s group assignment, and all
patients were asked not to reveal their allocation details to the
study personnel. The study had an engineer who was the only
person who could access the messaging and database platforms.
He could access the data to sort patient queries or help solve
reception or technical issues. He was specifically trained on the
importance of maintaining blinding. Investigators handling and
analyzing the data were blinded to the intervention assigned.

Statistical Analysis
The distributions of the baseline characteristics were compared
between the intervention and control groups for all randomized
patients, those who completed the follow-up and those who did
not complete the follow-up, performing an intention to treat
analysis. Analysis of the continuous outcomes (ie, LDL-C,
thromboxane, HR, SBP, diastolic blood pressure [DBP], and
quantitative measures of adherence) was performed using linear
regression models. In each model, the dependent variable was
the difference between 12-month follow-up and the baseline of
the outcome, and the main explanatory variable was the
intervention group. Furthermore, the Patient Health
Questionnaire-9 (PHQ-9) scale (to measure depression) was
collected at baseline, as it was considered a potential
confounding factor for adherence to medication. All linear
regression models were adjusted by the baseline value of the
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outcome, centered on the mean. The effect of the intervention
was the difference between the arms in the expected change in
an individual and the average outcome value at baseline. Binary
outcomes (ie, hospitalization and mortality) were analyzed by
comparing the proportion of occurrence in both arms. No
adverse events were reported; therefore, we did not conduct any
analyses regarding this outcome. All P values were from
two-sided tests, and the data were analyzed using Stata version
14.0 (StataCorp). No interim analyses were performed.

Ethical Considerations
The Ethics Committee of the Fundación Cardiovascular de
Colombia evaluated and approved the trial (reference 375-2015).
The study was conducted in compliance with the protocol,
regulatory requirements, Good Clinical Practice, the Declaration
of Helsinki, and the clinical investigations guidelines of the
Fundación Cardiovascular de Colombia.

Data Availability
The data sets generated during this study are not publicly
available because availability was not included in the study plan
approved by the ethics committee but are available from the
corresponding author on reasonable request.

Results
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assigned to the intervention arm and 50.3% (468/930) were
included in the control arm (Figure 1), of which 1.7% (16/930)
of patients replied “stop” to the messages (6 in intervention
group and 10 control), all of whom were followed up until the
end of the study. In total, 13.4% (125/930) losses to follow-up
occurred, 71 in the intervention group and 54 in the control
group.
A total of 86.8% (805/930) of participants completed the trial
follow-up at 12 months for the primary outcome (intervention
group: n=391; control: n=414; Figure 1). Retention did not differ
between two arms (71/462, 15.4% in the intervention group vs
54/468, 11.5% in the control group; P=.09). The main predictors
of retention were male sex (OR 1.61, 95% CI 1.05-2.46; P=.03)
and high total PHQ-9 score (OR 0.37, 95% CI 0.15-0.92; P=.03).
The effect of these predictors did not differ between the groups
(interaction test values: P=.23 and P=.80, respectively). The
characteristics of the participants who completed the follow-up
and those who did not are reported in Multimedia Appendix 4.
For secondary outcomes, HR, SBP, and DBP of 850 patients
were evaluated. For TxBA2, only 801 patients were evaluated
because 4 patients were unable to deliver the urine sample. In
addition, 807 patients were assessed using the MARS-5. New
cardiovascular events were evaluated in 910 patients and
mortality was evaluated in 919 patients through telephone
interviews.

Participant Flow
From April 18, 2017, to August 21, 2018, 930 patients were
randomized. A total of 49.7% (462/930) of patients were
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Figure 1. CONSORT (Consolidated Standards of Reporting Trials) diagram.

Baseline Characteristics
The baseline characteristics of the participants (N=930), which
were similar between the two groups, are summarized in Table
1. Overall, most participants (729/930, 78.4%) were men, and
the mean age was 63.5 years (SD 9.8); 88.9% (827/930) were
using statins, 94.52% (879/930) were on antiplatelet aggregation
therapy, and β-blocker use was reported in 83.2% (774/930) of
participants, whereas ACEI or ARBs use was observed in 68.1%
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(633/930) of participants. The average MARS-5 score at baseline
was 22.8, and 41.72% (388/930) of participants considered
adherent (MARS-5 score=25). Clinical and laboratory
characteristics such as PHQ-9, BMI, LDL-C, SBP, DBP, HR,
and thromboxane B2 were similar between the two groups
(Table 1). The baseline characteristics of participants with
primary outcome completers and primary outcome
noncompleters are shown in Multimedia Appendix 4, and the
MARS-5 scores at baseline are shown in Figure 2.
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Table 1. Characteristics of study participants at baseline (N=930).
Characteristics

Control group (n=468)

Intervention group (n=462)

Participants
(N=930)

Age (years), mean (SD)

63.1 (10)

64.0 (9.7)

63.5 (9.8)

Female

92 (19.7)

109 (23.6)

201 (21.6)

Male

376 (80.3)

353 (76.4)

729 (78.4)

Less than 3 months

62 (13.3)

43 (9.3)

105 (11.3)

3 to 12 months

84 (17.9)

97 (21)

181 (19.5)

1 to 3 years

144 (30.8)

122 (26.4)

266 (28.6)

More than 3 years

178 (38)

200 (43.3)

378 (40.7)

Acute coronary syndrome

336 (71.8)

327 (70.8)

663 (71.3)

Stable angina

33 (7.1)

23 (5)

56 (6)

Ischemic cerebrovascular disease

21 (4.5)

21 (4.6)

42 (4.5)

Peripheral arterial disease

15 (3.2)

21 (4.6)

36 (3.9)

Coronary revascularization

63 (13.5)

70 (15.2)

133 (14.3)

Statins

414 (88.5)

413 (89.4)

827 (88.9)

ACEIa or ARBsb

327 (69.9)

306 (66.2)

633 (68.1)

β-blocker

382 (81.6)

392 (84.9)

774 (83.2)

Platelet aggregation inhibitors

442 (94.4)

437 (94.6)

879 (94.5)

MARS-5c score, mean (SD)

22.8 (3.78)

23 (3.31)

22.9 (3.6)

Adherent (MARS-5 score=25 points), n (%)

199 (42.5)

189 (40.9)

388 (41.7)

Last 7 days (0-10 scale)

9.1 (2.04)

9.1 (2.19)

9.1 (2.1)

30 days (0-10 scale)

9.1 (1.95)

9.1 (2.05)

9.1 (2)

Minimal depression (<5)

343 (73.3)

323 (69.9)

666 (71.6)

Moderate depression (5-14)

112 (24)

127 (27.5)

239 (25.7)

Moderately severe depression or severe (>14)

12 (2.6)

13 (2.8)

25 (2.7)

Smoker

16 (3.4)

12 (2.6)

28 (3)

Never smoked

168 (35.9)

185 (40)

353 (38)

Past smoker

284 (60.7)

265 (57.4)

549 (59)

BMI (m/kg2), mean (SD)

27.9 (4.2)

27.3 (4.2)

27.6 (4.2)

LDLe (mg/dl), mean (SD)

88.2 (37.4)

88.5 (38.0)

88.4 (37.7)

SBPf (mmHg), mean (SD)

128.2 (20.8)

129.9 (20.9)

129.0 (20.9)

DBPg (mmHg), mean (SD)

71.5 (11.7)

71.9 (11.3)

71.7 (11.5)

Heart rate (bpm), mean (SD)

68.9 (11.7)

68.8 (10.6)

68.8 (11.1)

Thromboxane B2h (ng/ml), mean (SD)

64.1 (147.2)

64.2 (167.7)

64.2 (157.6)

Gender, n (%)

Time since the last event, n (%)

Type event, n (%)

Prescribed medications, n (%)

Self-reported adherence, mean (SD)

PHQ-9d, n (%)

Smoking, n (%)

a

ACEI: angiotensin-converting enzyme inhibitor.
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b

ARB: angiotensin II receptor blocker.

c

MARS-5: Medication Adherence Report Scale-5.

d

PHQ-9: Patient Health Questionnaire-9.

e

LDL: low-density lipoprotein.

f

SBP: systolic blood pressure.

g

DBP: diastolic blood pressure.

h

Creatinine adjusted (mg/dl).

Figure 2. Distribution of the MARS-5 scores at baseline. Graphs by Intervention. MARS-5: Medication Adherence Report Scale-5.

Outcomes

or clinical events (hospitalization or death) at one year of
follow-up (Table 2).

We did not find evidence (P=.41) that the intervention was
more effective than the control according to changing plasma
LDL-C levels (adjusted by baseline value) at 12 months. We
also did not find significant differences between the two groups
in terms of secondary outcomes analyzed including thromboxane
B2 levels, HR, SBP, DBP, adherence measured by MARS-5,

There were no adverse events related to this study. In total, three
falls that required hospitalization were reported; in all of them,
medical evaluation and patient interviews were performed,
eliminating any relationship between mobile phone use and fall
events. No traffic accidents occurred.
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Table 2. Summary of primary and secondary outcomesa.
Outcome

Differenceb

Baseline
Control

Intervention

Control
(n=468)

88.0
(36.9)

88.0 (37.5) 5.1 (31.8)

Difference adjusted by baseline
Intervention
(n=462)

Coefficient (95%
CI)

Odds ratio
(95%
CI)

Risk ratio
(95%
CI)

P value

7.0 (33.8)

1.85 (−2.5 to 6.2)

N/Ad

N/A

.42

−18.6 (94.0)

−0.28 (−10.54 to
10.0)

N/A

N/A

.96

Primary outcome, mean (SD)
LDLc (mg/dl)
Secondary outcome
58.8
Thromboxane B2 (ng/ml)e, mean 61.2
(133.2) (138.1)
(SD)

−19.6 (131.0)

Heart rate (bpm), mean (SD)

68.6
(11.6)

68.5 (10.5) −0.1 (13.9)

0.6 (10.5)

0.54 (−1.0 to 2.1)

N/A

N/A

.48

SBPf (mmHg), mean (SD)

128.0
(21.2)

129.3
(20.6)

0.8 (20.7)

0.14 (−2.3 to 2.6)

N/A

N/A

.91

DBPg (mmHg), mean (SD)

71.5
(11.9)

71.7 (11.3) 0.7 (11.7)

−0.1 (10.7)

−0.70 (−2.0 to 0.6) N/A

N/A

.30

MARS-5h (score), mean (SD)

22.8
(3. 8)

23.1 (3.1)

0.2 (3.7)

−0.02 (3.4)

−0.01 (−0.4 to 0.4) N/A

N/A

.96

Self-reported adherence (7 days), 9.1
mean (SD)
(2.1)

9.2 (2.0)

0.1 (2.0)

0.2 (2.0)

0.05 (−0.2 to 0.3)

N/A

N/A

.69

Self-reported adherence (30
days), mean (SD)

9.2 (1.9)

0.1 (1.9)

0.1 (2.0)

0.02 (−0.2 to 0.2)

N/A

N/A

.83

Change in adherencei, mean (SD) N/A

N/A

1.2 (0.2)

1.1 (0.20)

N/A

0.94
(0.6 to
1.5)

N/A

.81

Hospitalization for cardiovascu- N/A

N/A

32 (6.8)

27 (5.8)

N/A

N/A

0.85
(0.5 to
1.4)

.54

Hospitalization for any causek, n N/A
(%)

N/A

49 (10.5)

50 (10.8)

N/A

N/A

1.03
(0.71 to
1.5)

.92

Death from cardiovascular

N/A

N/A

3 (0.6)

2 (0.4)

N/A

N/A

0.68
(0.1 to
4.0)

.99

N/A

N/A

8 (1.7)

14 (3)

N/A

N/A

1.80
(0.8 to
4.3)

.20

9.1
(2.0)

1.3 (19.4)

lar eventsj, n (%)

eventsl, n (%)
Death from any causej, n (%)

a

Sample sizes may vary slightly because some individuals have missing values.

b

Calculated as the difference between final and baseline measurements.

c

LDL: low-density lipoprotein.

d

N/A: not applicable.

e

Creatinine adjusted (mg/dl)

f

SBP: systolic blood pressure.

g

DBP: diastolic blood pressure.

h

MARS-5: Medication Adherence Report Scale-5.

i

Within each group is the number of patients that lose adherence over those that became adherent.

j

Within each group is the proportion of patients who experienced the event.
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Discussion
Principal Findings
In this study, a behavioral modification intervention delivered
by SMS text messages did not decrease LDL-C level, the
primary outcome, and did not find evidence of an impact on
any of the other biological markers assessed, including blood
pressure, HR, or thromboxane; clinical events; or medication
adherence, as measured by the MARS-5 or self-reporting.
This study has many strengths. First, a thorough and detailed
formative research was followed to develop a tailored behavioral
modification intervention, which has been previously published
[17] alongside the study protocol. Different outcomes have been
collected, including self-reporting of adherence, validated
adherence tools (ie, the MARS-5 has demonstrated acceptable
reliability [internal and test-retest] and validity [criterion-related
and construct validity]) [20], and proxy biological markers, and
they were triangulated to evaluate adherence. A rigorous plan
was put in place to ensure that the intervention was delivered
appropriately, study investigators collecting data were blinded
to the patient allocation arm, and most patients were followed
up for the primary and secondary outcomes at 12 months.
Finally, even if the sample size was smaller than originally
planned, to the best of our knowledge, this study is the largest
to date to assess the effect of a behavioral modification
intervention delivered by SMS text messages to increase
adherence in people with ASCVD.

Limitations
This study also presented some limitations; although sending
text messages could be confirmed, neither the correct reading
of the message nor the stage of the transtheoretical behavioral
modification reached by each participant was evaluated [18].
In addition, the inability to blind patients would have increased
the likelihood of underreporting nonadherence. This is a
common problem with self-reports when patients may
exaggerate their adherence if they believe that reports of
nonadherence will disappoint their health provider
(self-presentational bias) [21]. The MARS-5 addresses this
problem by taking steps to diminish self-presentational bias.
Introductory statements normalize nonadherence, conveying a
no-blame approach [8]. As another step to minimize
self-presentational bias, patients were told that their responses
to the study questionnaires would not be seen by the health care
professionals providing care. In addition, we conducted a case
analysis on all lost cases, assuming that all related losses were
random, but due to the low rate of loss to follow-up and that its
main predictors (sex and PHQ-9) were similar in both arms of
the study, we do not consider that these losses had a major
impact on the results of the trial.
Another limitation was that SMS text messages were not
customized according to the patient categories. However, as
mentioned earlier, this formative research was detailed, and a
formal theory was applied to develop the content of the
messages. Unfortunately, due to the lack of funding, we could
not conduct a comprehensive mixed methods process evaluation
to shed light on some of the mechanisms and contexts that could
explain the effect on specific subgroups of patients. Finally,
https://mhealth.jmir.org/2021/7/e25548
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measuring adherence is always challenging; a validated scale
(ie, MARS-5) was used and self-reporting measures were used,
but pill count was not taken into consideration; however, the
direct measurement of adherence was complemented with
indirect measurements, such as those for LDL-C, blood pressure,
HR, and thromboxane.
A previous Cochrane review [15] published in 2017 identified
studies reporting positive effects; however, all studies had small
sample sizes and high risk of bias and therefore provided a low
level of evidence. The TEXT ME study was a randomized
controlled trial that included 710 patients with coronary artery
disease who did not report medication adherence but did report
that four text messages sent per week led to reductions in LDL-C
levels and blood pressure at 6 months [22]; however, a more
recent multi-center randomized controlled trial in China
including 822 patients with coronary artery disease reported
that SMS text messages did not reduce blood pressure or LDL-C
levels at 6 months [23].
The lack of evidence of a beneficial effect reported by the
intervention could be due to different reasons; the study might
have lacked the power to detect an effect as the sample size was
lower than intended; however, with 930 patients, it was well
powered to detect a reasonable, modest, clinical benefit. The
lack of benefit could be potentially explained by the fact that
the baseline levels of medication adherence were already quite
high, with a mean MARS-5 of 9.1 out of 10 at 7 and 30 days;
therefore, there was little room for improvement. Another
possible explanation could be related to intervention content.
Although the intervention went beyond simple prompts and
reminders (a thorough process was followed with the objective
of changing beliefs and motivations), it was not tailored enough
to change beliefs and motivations in the study context, or
perhaps in this highly adherent population, these issues were
not the main drivers of nonadherence. The findings could also
be related to issues related to the delivery of the SMS text
messages (ie, timing, frequency, and length of intervention),
due to the effects of fatigue, overload, or loss of interest in SMS
text messages. SMS text messaging interventions have been
shown to be effective in modifying lifestyle issues (eg, tobacco
cessation) where the goals of the patient and the intervention
are closely aligned; however, they might be less effective on
adherence [24]. Another possible explanation is that the results
were measured at 12 months, and it has been shown that
adherence interventions are more effective in the short term (3
to 6 months) [25]. Planning only one intermediate measure at
3 months to assess the presence of rehospitalizations or death
may limit the comparison of this study with others, but the
protocol prioritized the pragmatic conditions of the trial,
avoiding face-to-face contacts (eg, adherence questions), because
this would represent an additional study activity to the real
scenario of the patients, leading to a potential Hawthorne effect
that can alter the results of the effectiveness of SMS text
messages. Another explanation for the difference found in the
studies included in the Cochrane review could be related to the
fact that only a third of the patients recruited in our study had
an index event within the last year.
Finally, having data from a single site is a limitation in
generalizing our results to different scenarios; however, it is
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e25548 | p.241
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important to note that the institution where the study was
conducted is a reference center in Northeastern Colombia, and
its area of influence included a population of 5 million.

Conclusions
This study did not find evidence that a behavior modification
intervention delivered by SMS text messaging improves
medication adherence, LDL-C, or blood pressure levels at 12
months. Although its potential use to increase medication
adherence in patients with ASCVD remains as a potentially
attractive and scalable solution to a very important problem,

Bermon et al
further research is needed. Future research should include
interventions, including SMS text messages blended with other
components, tailored to the specific issues and beliefs of
individual participants. Implementation studies using mixed
methods and innovative approaches that evaluate how different
intervention
characteristics
(behavioral
modification
component), SMS text message delivery strategies (eg, timing
of initiation, frequency, duration, and personalization), and
context (eg, type of patients, health system, and social
environment) influence the effect of this intervention should be
conducted.
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Abstract
Background: Digital technologies have evolved dramatically in recent years, finding applications in a variety of aspects of
everyday life. Smartphones and mobile apps are being used for a steadily increasing number of tasks, including health monitoring.
A large number of nutrition and diet apps are available, and some of them are very popular in terms of user downloads, highlighting
a trend toward diet monitoring and assessment.
Objective: We sought to explore the perspectives of end users on the features, current use, and acceptance of nutrition and diet
mHealth apps with a survey. We expect that this study can provide user insights to assist researchers and developers in achieving
innovative dietary assessments.
Methods: A multidisciplinary team designed and compiled the survey. Before its release, it was pilot-tested by 18 end users.
A 19-question survey was finally developed and was translated into six languages: English, German, French, Spanish, Italian,
and Greek. The participants were mainly recruited via social media platforms and mailing lists of universities, university hospitals,
and patient associations.
Results: A total of 2382 respondents (1891 female, 79.4%; 474 male, 19.9%; and 17 neither, 0.7%) with a mean age of 27.2
years (SD 8.5) completed the survey. Approximately half of the participants (1227/2382, 51.5%) had used a nutrition and diet
app. The primary criteria for selecting such an app were ease of use (1570/2382, 65.9%), free cost (1413/2382, 59.3%), and ability
to produce automatic readings of caloric content (1231/2382, 51.7%) and macronutrient content (1117/2382, 46.9%) (ie, food
type and portion size are estimated by the system without any contribution from the user). An app was less likely to be selected
if it incorrectly estimated portion size, calories, or nutrient content (798/2382, 33.5%). Other important limitations included the
use of a database that does not include local foods (655/2382, 27.5%) or that may omit major foods (977/2382, 41%).
Conclusions: This comprehensive study in a mostly European population assessed the preferences and perspectives of potential
nutrition and diet app users. Understanding user needs will benefit researchers who develop tools for innovative dietary assessment
as well as those who assist research on behavioral changes related to nutrition.
(JMIR Mhealth Uhealth 2021;9(7):e27885) doi:10.2196/27885
KEYWORDS
dietary assessment; end-users; mHealth; mobile apps; smartphone; survey; apps; nutrition; diet; mobile health; users; behavior;
behavior change
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Introduction
To optimally quantify food intake, it is essential to assess
nutritional risk, understand dietary patterns, and identify
nutrition-related health problems. Accuracy and efficiency in
tracking dietary intake requires tools that are validated and easy
to use, as conventional methods of assessing diets are prone to
errors [1].
Digital technologies, particularly the use of mobile apps, have
evolved dramatically in recent years. An estimated 3.7 billion
app downloads were performed in 2017. At that time, there were
325,000 mobile health (mHealth) apps available in app stores
related to health and fitness [2]. Data collected by smartphones
help users improve their self-management and assist behavior
changes. Moreover, mobile apps enhance communication
between customers and health care professionals, reduce health
costs, and improve the dissemination of public health
information [3].
The large number of nutrition and diet apps and their numbers
of downloads indicate that there is great interest in diet
monitoring and assessment [4]. Nutrition and diet apps are
among the most widely mHealth used services to promote a
healthy lifestyle. Image-based apps that use artificial intelligence
(AI) and computer vision are able to recognize the type of food,
segment the different parts of the meal, and accurately calculate
a meal’s energy content, macronutrients, and partial
micronutrients [5,6]. A wide variety of factors influence the
uptake and impact of mHealth services, which are related both
to the individual person (eg, health-related goals) and the
technology (eg, usability and accuracy) [6]. To be able to
efficiently use those apps, users need to be able to assess them.
However, comparing and evaluating these apps is difficult [6].
Nutrition and diet app engagement relies on several elements,
such as the time and effort required to manually track food
intake [7]. Although some attempts have been made to reduce
the effort involved in taking food records (eg, digital scales) [8]
or with the list of food items in nutrient databases [9], these
features have not yet been integrated into commercially available
nutrition and diet apps.
There are few literature reports on the characteristics and
preferences of potential nutrition and diet app users. Social
norms appear to play a significant role in adopting nutrition and
diet apps, as more technically skilled individuals are generally
more likely to engage with digital media [10]. Lee et al [11]
reported that five factors played a major role in predicting
intention to continue using nutrition and diet apps, namely,
recordability, networkability, credibility, comprehensibility,
and trendiness. A survey of college-aged individuals in the
United States investigated their perspectives on health and
fitness apps, and it was reported that the respondents valued the
low cost and simplicity of the apps as well as the enjoyment of
using them [12]. A review on determining the components that
facilitate user engagement with digital health interventions to
encourage behavior change and weight management showed
how crucial it is to incorporate user perspectives from a very
early stage of app development to promote app engagement
[13].
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There are very few broad studies that investigate users’ opinions
on nutrition and diet apps. To increase acceptance and adoption
of those apps, it is necessary to gain insight into user
perspectives on nutrition and diet apps while encouraging
engagement for continued use. In this study, we aimed to explore
the perspectives of users on the features, current use, and
acceptance of nutrition and diet apps. To the best of our
knowledge, this is the most comprehensive nutrition and diet
app user survey, both in sample size and questionnaire detail.

Methods
Survey
We performed a web-based quantitative survey to collect data
on nutrition and diet apps and how users perceive them. We
adopted the process of drafting, reviewing, and finalizing the
questionnaire used in another survey, and the precise procedure
can be found in an earlier paper [14]. The following is a brief
description of the basic steps taken.
Based on a thorough literature review of surveys on mHealth
apps used for dietary monitoring and assessment, we developed
22 preliminary questions. These questions covered basic
demographic information, current use of nutrition and diet apps,
criteria for nutrition and diet app selection, and barriers to using
these apps. Furthermore, respondents were asked to state their
opinion on the importance of specific features as well as their
preferences for logging meals and how the results were
presented. Next, an interdisciplinary team of experts in AI,
computer scientists, dietitians, physicians, pharmacists, and
psychologists reviewed the questions and made suggestions for
revision.
The survey was submitted for a pilot test to determine whether
it was simple, clear, concise, and user friendly. The group of
24 users invited to this pilot survey comprised 11 colleagues
from the ARTORG Center for Biomedical Research
(nonmembers of the research group) and 13 members of the
general public. Of these, 75% (18/24) agreed to take part in the
survey. All the participants held a BSc degree, their age range
was 22-41 years, and they were familiar with app use. They
were asked to provide feedback on the structure, content,
readability, flow of questions, and duration of the survey. The
interdisciplinary team revised the survey based on the feedback
received.
The final survey consisted of 19 questions in English. The
survey was also translated into German, French, Italian, Spanish,
and Greek by certified translators. It was structured in a
multiple-choice format, and data were collected and managed
using Research Electronic Data Capture (REDCap); participants
took 5-10 minutes to complete the survey.
Details regarding the structure of the survey are described in
the following sections. Additionally, a comprehensive Checklist
for Reporting Results of Internet E-Surveys (CHERRIES) [15]
is provided in Multimedia Appendix 1.

Inclusion and Exclusion Criteria
Eligible respondents were adults who were able to understand
one of the following languages: English, German, French,
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Italian, Spanish, or Greek. Signed informed consent was required
prior to participation. Exclusion criteria included any inability
to understand and comply with written and verbal instructions,
or inability to give consent.

Recruitment
The respondents were recruited via (1) social media platforms
(ie, Twitter, Facebook), (2) mailing lists of the collaborative
universities across Europe, (3) patient associations and
foundations, and (4) outpatients of collaborating university
hospitals.

Statistical Analysis
Descriptive statistics were used to present quantitative data
(only from completed surveys). A chi-square test of
independence was performed to examine the differences between
groups. Multiple binary logistic regressions were performed to
explain relationships between independent variables (eg, age,
sex, education, BMI) and categorical dependent variable (ie,
users who used a nutrition and diet app). The results were
expressed as odds ratios (ORs) with 95% confidence intervals
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representing the odds that a participant will use a nutrition and
diet app based on their aforementioned variables compared to
the odds that they will not use it. Statistical significance was
indicated with P=.04. RStudio, version 1.0.153 (RStudio PBC)
was used for the statistical analysis.

Ethical Approval
The study was reviewed and declared exempt from ethics review
by the Cantonal Ethics Committee, Bern, Switzerland (KEK
2019-00102).

Results
A total of 3587 people accessed the survey link, and 2399
completed the survey (66.9%). After 17 respondents from were
eliminated from the sample for not providing informed consent,
data from 2382 respondents (2382/3587, 66.4%) were included
in our analyses. The vast majority of the respondents were from
Europe (2333/2382, 97.9%). The demographic characteristics
of the respondents are provided in Table 1.
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Table 1. Demographic characteristics of the survey respondents (N=2382).
Characteristic

Value

Sex, n (%)
Female

1891 (79.4)

Male

474 (19.9)

Neither/prefer not to disclose

17 (0.7)

Age (years)
Average (SD)

27.2 (8.5)

Range, n (%)
18-29

1770 (74.3)

30-39

413 (17.3)

40-49

111 (4.7)

50-59

64 (2.7)

≥60

24 (1.0)

2

BMI (kg/m ), n (%)
18.5-24.9 (normal weight)

1759 (73.8)

25-29.9 (overweight)

392 (16.5)

<18.5 (underweight)

111 (4.7)

30-34.9 (class I obesity)

82 (3.4)

35-39.9 (class II obesity)

30 (1.3)

>40 (class III obesity)

8 (0.3)

Smoker, n (%)
No

2014 (84.5)

Yes

349 (14.7)

No answer

19 (0.8)

Highest educational level, n (%)
Bachelor’s degree

958 (40.2)

High school/apprenticeship

744 (31.2)

Master’s degree

512 (21.5)

PhD

114 (4.8)

Other

41 (1.7)

Primary/intermediate School

8 (0.3)

No schooling completed

5 (0.2)

Diseases or conditions,a n (%)
No illnesses or health problems

1495 (62.8)

Overweight/obesity

194 (8.1)

Lactose intolerance

138 (5.8)

Inflammatory bowel syndrome

137 (5.8)

Anemia

105 (4.4)

Food allergy

105 (4.4)

Eating disorders

93 (3.9)

Acid reflux

92 (3.9)

High total cholesterol

62 (2.6)
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Characteristic

Value

Other diseases/conditionsb

322 (13.5)

No answer

53 (2.2)

Smartphone user, n (%)
No

154 (6.5)

Yes

2228 (93.5)

Operating system, n (%)

a

Android

1381 (61.9)

iOS (Apple iPhone)

828 (37.2)

Windows

4 (0.2)

I do not know/I do not want to answer

11 (0.5)

Other

4 (0.2)

Multiple answers could be selected.

b

Any disease/condition with a prevalence of <2.5% was summed in “Other diseases/conditions.”

Tracking of Food Intake
It was reported that 29.1% (693/2382) of the respondents tracked
their food intake and their tracking methods. Asked about which
methods they used, 40.4% (280/693) declared that they used
apps, 36.4% (252/693) chose paper and pencil methods, and
22.1% (153/693) preferred other methods. Moreover, 8.2%
(57/695) tracked their food by photos/videos, and 4% (28/700)
did not express their opinion.

Use of Nutrition and Diet Apps
In total, 51.5% (1227/2382) of the respondents had used a
nutrition and diet app. Among these, 20.1% (247/1227) used
the app daily, and 8.3% (102/1227) mentioned using the app
only for specific foods or beverages. We also asked how the
users identified those apps. Most of the respondents reported
finding them via the App Store/Google Play store (467/1227,
38.1%), via social media (192/1227, 15.6%), or on a friend’s
recommendation (156/1227, 12.7%). Only 2% (25/1227) found
the apps through their dietitian, 0.7% (8/1227) found them
through their medical doctor, and 0.5% (6/1227) expressed no
opinion. Finally, 5% (59/1227) mentioned other sources, such
as recommendations on the web or from their fitness trainers.
The 2 most popular apps were MyFitnessPal (239/1227, 19.5%)
and Yazio (184/1227, 15%). Both apps are primarily used as
calorie counters.

Reasons for Not Having Used a Nutrition and Diet App
When respondents were asked about the reasons for never
having used a nutrition and diet app, the majority (667/1155,
57.8%) indicated that they were not interested, and
approximately one-third (340/1155, 29.4%) considered nutrition
and diet apps to be too time consuming. Other frequently
mentioned reasons were lack of awareness of the apps’ existence
(194/1155, 16.8%) and privacy as well as security concerns
(184/1155, 15.9%). A few respondents preferred paper and
pencil methods (44/1155, 3.8%). Free text responses provided
additional reasons for nonuse, which included the strong focus
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of the currently available apps on weight loss and the fear of
developing eating disorders. Of those who had not used a
nutrition and diet app (1155/2382), 40.3% (465/1155) were
optimistic about trying one in the future, 49.6% (573/1155)
were negative, and 10.1% (117/1155) did not express their
opinion.

Associations Between Different Variables and Nutrition
and Diet App Use
Nutrition and diet app users and nonusers differed significantly
by gender (P<.001), BMI (P<.001), and educational level
(P=.003). Logistic regression, when adjusted for gender, BMI,
and educational level, indicated that the odds that an individual
used a nutrition and diet app were 2.5 times greater for male
participants compared to female participants (OR 2.45, 95% CI
1.96-3.06; P<.001).
Based on the participants’ self-reported weight and height, we
described the distribution of nutrition and diet app use according
to the World Health Organization classification of BMI. Thus,
54.1% (60/111) of participants in the underweight category,
54.2% (954/1759) of those in the normal weight category, 44.6%
(175/392) of those in the overweight category, and 31.7%
(38/120) of those in the obese category reported that they had
used nutrition and diet apps. According to the logistic regression
model mentioned above, overweight reduces the likelihood of
using nutrition and diet apps compared to normal weight (OR
0.59, 95% CI 0.47-0.74; P<.001). Individuals with class I or II
obesity are less likely to use an app than individuals with normal
weight (obese class I: OR 0.42, 95% CI 0.26-0.67, P<.001;
obese class II: OR 0.27, 95% CI 0.1-0.62, P=.03).
With regard to the level of education, the logistic regression
model showed that having completed only high school or having
obtained a PhD increased the probability of using a nutrition
and diet app (high school: OR 1.24, 95% CI 1.02-1.51, P=.03;
PhD: OR 1.64, 95% CI 1.08-2.49, P=.02). Figure 1 shows the
results of the logistic regression for the variables in relation to
the use of nutrition and diet apps.
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Figure 1. Forest plot showing the influence of BMI, educational levels, and sex on the use of nutrition and diet apps. *P<.05; **P<.01; ***P<.001.

We also investigated the respondents who were living with a
disease or health condition and had used a nutrition and diet
app. We focused on the most prominent diseases and conditions
in our sample (obesity/overweight, lactose intolerance, irritable
bowel syndrome [IBS], anemia, food allergy, eating disorders,
acid reflux, high cholesterol levels). Only 32.5% (63/194) of
people who declared they were living with obesity or overweight
were using nutrition and diet apps. The percentage of people
who used nutrition and diet apps and were affected by lactose
intolerance was 42.8 (59/138), with 31.4% (43/137) for people

with IBS, 32.4% (34/105) for people with anemia, 42.9%
(45/105) for people with food allergies, 13% (12/93) for people
with eating disorders, 38% (35/92) for people with acid reflux,
and 47% (29/62) for people with high cholesterol levels.
According to the logistic regression model between app users
and each disease, individuals with overweight/obesity, IBS,
anemia, or eating disorders were less likely to use a nutrition
and diet app than individuals who did not have the respective
conditions. The ORs for the most prominent diseases are
provided in detail in Table 2.

Table 2. Logistic regression of nutrition-related diseases and the use of nutrition and diet apps.
Disease

Odds ratio (95% CI)

Overweight/obesity* (n=194)

0.49 (0.34-0.70)

Lactose intolerance (n=138)

0.90 (0.61-1.32)

Irritable bowel syndrome** (n=137)

0.58 (0.38-0.86)

Anemia** (n=105)

0.49 (0.31-0.77)

Food allergy (n=105)

0.88 (0.56-1.35)

Eating disorders* (n=93)

0.16 (0.08-0.29)

Acid reflux (n=92)

0.82 (0.51-1.30)

*P<.001.
**P<.01.

Criteria for Selecting and Reasons for Not Selecting a
Nutrition and Diet App Among the Whole Sample
A detailed overview of the criteria for selecting a nutrition and
diet app is provided in Table 3. The most prominent criteria
were that the app was easy to use, was free of charge, supported
automatic calorie/nutrient estimation, and integrated automatic
food recording (eg, bar code readers, meal images).
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Asked to indicate what they considered to be barriers to selecting
a nutrition and diet app, participants reported that they would
not choose such an app if major foods were missing, if it gave
incorrect estimations of calories or nutrients, if local foods were
not supported, or if the estimation of portion size was not
accurate. They also emphasized the vital role of personalization
(language, measurement units, etc) in the apps. A detailed list
of the barriers and their selection frequencies are provided in
Table 3.
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Table 3. Criteria for selecting and reasons for not selecting nutrition and diet apps (N=2382).
Criteria and barriers

Value, n (%)

Criteria for selecting a nutrition and diet app
Easy to use/convenient

1570 (65.9)

Costless/free of charge

1413 (59.3)

Automatic calorie estimation is supported

1231 (51.7)

Automatic nutrient estimation is supported

1117 (46.9)

Automatic food recording is supported

1115 (46.8)

Validated and certified

1036 (43.5)

Self-explanatory (no need for training)

953 (40)

History records are supported

755 (31.7)

Recipe and menu import functions are supported

729 (30.6)

Provides an option for adding nutritionally related events (eg, reflux)

443 (18.6)

A link for data transmission (eg, other apps) is supported

217 (9.1)

No opinion

195 (8.2)

Other

95 (4)

Barriers to selecting a nutrition and diet app
Major foods are missing

977 (41.0)

Incorrect calorie and nutrient estimation

798 (33.5)

Local foods are not supported

655 (27.5)

Unconvincing portion size estimation

648 (27.2)

Not personalized

503 (25.1)

Not validated and not certified

567 (23.8)

No opinion

522 (21.9)

Only manual entry of food type is allowed

464 (19.5)

Incorrect automatic food item recognition

448 (18.8)

Recipes are not considered for nutrient estimations

376 (15.8)

Only manual entry of portion size is allowed

345 (14.5)

User is required to be tech savvy

310 (13.0)

History records are not supported

295 (12.4)

Sharing of history records is not supported

88 (3.7)

Other

83 (3.5)

Importance of Specific Features in Nutrition and Diet
App Selection
Asked to rate the importance of specific features for a nutrition
and diet app on a scale from 1 (not important at all) to 5
(extremely important), users considered user-friendliness,
self-explanatory nature of the app, provision of real-time results,
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and the app being free of charge as important characteristics
(Figure 2). Moreover, the automatic estimation and recording
of results was judged as important. On the other hand,
respondents ranked the ability to share history records and the
fact that the data could be shared with other apps as least
important.
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Figure 2. Importance of features of nutrition and diet apps (%).

Comparing the Criteria for and Barriers to Nutrition
and Diet App Use of Users and Nonusers
We also investigated possible differences between the users and
nonusers of nutrition and diet apps. In fact, both groups
mentioned that their top 3 reasons for selecting a nutrition and
diet app were free cost, ease of use, and integration features that
automatically estimated energy and nutrient content. The main
difference identified was that nutrition and diet app users stated
that validation of the apps was among the top 5 important criteria
for choosing an app, while nonusers mentioned that automatic
food recording would be of great importance if it were supported
by nutrition and diet apps.
In terms of barriers, both groups reported that they would not
choose an app with incorrect energy and nutrient estimates that
did not provide correct portion sizes. Regarding differences,
app users viewed not including the most important foods in the
app’s nutritional database as a major barrier. In contrast,
nonusers stated that lack of personalization and lack of inclusion
of local foods in the nutrient database would be their greatest
barriers.

Preferences Regarding On-screen Display of Nutrient
Content and Time Required to Capture Data
When respondents were asked about their preferences regarding
on-screen display of the calorie estimations of a meal, 43.3%
(1031/2382) indicated that they would prefer to receive the exact
value. Regarding the on-screen display of macronutrients, 26.6%
(632/2382) would prefer they be presented as a traffic light
system (green for low, yellow for moderate, red for high), and
26.5% (631/2382) favored the display of either an accurate value
or a combination of a traffic light system and accurate values.
The respondents were also asked about their preferences for the
display of the amount of food or drink; they were mostly in
favor of values (eg, grams, milliliters) (1284/2382, 53.9%),
while a considerable number of respondents (784/2382, 32.9%)
preferred common household measures (eg, cups, spoons).
Fewer respondents (191/2382, 8%) preferred an abstract portion
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size (small, medium, large), and 5.2% (124/2382) expressed no
opinion.
When asked about the relationship between the response time
and the accuracy of the results, respondents were given the
following choices: (1) taking 2 photos and obtaining results
within 5 seconds that were as accurate as results from a dietitian,
(2) taking just 1 photo and obtaining results in real time that
were less accurate than those from a dietitian, and (3) recording
a video and obtaining results after 5 seconds that were more
accurate than those from a dietitian. Most of the respondents
preferred the second option (1305/2382, 54.8%), followed by
the third (721/2382, 30.3%) and the first (354/2382, 14.9%).

Discussion
Principal Findings
We investigated users’ perspectives and preferences regarding
nutrition and diet apps. Approximately half of our respondents
(1227/2382, 51.5%) reported having used a nutrition and diet
app. These results are consistent with data obtained among 1191
respondents in a study investigating weight-management apps
in Saudi Arabia, in which 43.1% (513/1190) of the respondents
had used weight management apps [16]. A similar
cross-sectional survey by Krebs et al [17] among US mobile
phone users (n=1604) found that 58.2% (934/1604) of the
respondents had downloaded a health-related mobile app.
In our study, the most frequently chosen criteria for selecting
a nutrition and diet app were ease of use (1570/2382, 65.9%);
lack of cost (1413/2382, 59.3%); automatic energy estimation
(1231/2382, 51.7%); automatic nutrient estimation (1117/2382,
46.9%); and automatic food recording (1115/2382, 46.8%).
These results reflect those of several studies that investigated
the usability of apps as a valuable factor and that concluded that
complex and difficult-to-use apps would not be preferred
[16-21]. In a study conducted by König et al [7] in 2018
regarding the adoption of nutrition and fitness apps, it was stated
that the decision to use an app may be influenced by whether
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the data collection is active or passive. For instance, fitness apps
that gather data automatically have better use rates than apps
with manual data entry [7]. In terms of automatic (ie, AI)
features in nutrition apps, however, despite the implied support
from the AI technology to yield easy-to-use apps, [4] an analysis
of popular nutrition apps (n=13) found no application of AI
technologies (eg, image recognition or natural language
processing) in those apps.

Issues of App Accuracy and Food Databases as
Barriers
One-third of the participants (794/2382) in our study mentioned
that incorrect nutrient and energy output would be a barrier to
selecting a specific nutrition and diet app. This is also in
accordance with observations from another study, which showed
that the accuracy and trustworthiness of these apps are
important. Respondents expressed concerns stemming either
from the inherent characteristics of the apps, such as whether
they were developed by experts, or from uncertainty coming
from the user (eg, human errors of forgetting) [18]. In fact, in
a study that aimed to analyze common user errors when using
an image-based app, 12.8% of the acquired images had to be
discarded due to mistakes in the capturing procedure [22].
Our study also revealed that respondents would not select apps
that had issues related to their food and nutrient databases, such
as absence of major or local foods and incorrect estimations of
calories or nutrients. Respondents in a qualitative study for
weight management (n=24) considered that larger databases
were more convenient and easier to use than smaller databases,
even though they had difficulty identifying the right foods
among the numerous food options [13]. Another database-related
barrier reported by some respondents was that of missing foods
(ie, ethnic/traditional foods) and misreported content (ie,
provision of content of calories but not of macronutrients) in
the databases [21]. The same concern was reported by users in
another study, in which some respondents expressed doubts
about the accuracy of nutrient databases and others expressed
concerns about incorrect micronutrient calculations [21].
Moreover, in a qualitative study exploring the experiences of
mHealth app use by young adults (n=19), it was mentioned that
respondents were doubtful about the reliability of the portion
size estimation, which may lead to lower confidence in
monitoring intake [23].

User Preferences Concerning Nutrient and Energy
Output of Nutrition and Diet Apps
Participants in our study preferred the display of energy and
macronutrient content over other options, the former as an
accurate value and the latter as an accurate value or traffic light
system. In a study of nutrition and diet apps in China, it was
found that the most frequently provided output was energy
(38/44, 86%); however, none of the detected apps provided any
information on macronutrients or salt [24], [23]. Mixed results
were found in a study of 24 healthy volunteers, in which color
coding was found to be effective by some respondents, while
others considered that this approach might promote negative
feelings. Some female respondents (n=8) mentioned that they
were concerned because the apps might make them compulsive
about using them. It was implied that these apps could lead to
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the development of eating disorders, as they mostly target
calories and body weight [21].
In our study, some respondents indicated that current apps focus
largely on weight loss rather than on behavioral change,
implying a heightened risk that app users could develop an
eating disorder. The dynamic nature of weight loss was
discussed in [24]. The authors considered that apps can
contribute to the development or exacerbation of eating disorders
but can also be used to treat these disorders.

Reasons for Not Having Used Nutrition and Diet Apps
The majority of the 48.5% (1155/2382) self-declared nonusers
of nutrition and diet apps in our survey said they did not use
them due to lack of interest. Approximately one-third of
nonusers believed that nutrition and diet apps are
time-consuming, and smaller proportions reported lack of
knowledge of their existence as well as lack of trust as reasons
for nonuse. These findings are in line with a survey conducted
among 1604 US citizens, in which 42% of respondents
(674/1604) reported never having used a health app. Among
these nonusers, the main reasons for nonuse were lack of
interest, high app cost, and lack of need [17].
Furthermore, in a qualitative study on health apps conducted
among 20 adolescents, the main barriers to using the apps
included unfamiliarity with app functionalities and ignorance
of their existence. In general, many adolescents did not consider
health management as a high priority among their interests [19].
Similarly, another qualitative study [20] examined user
perspectives (44/77 participants, 57%, owned health apps) in
terms of the content elements of health apps that encourage or
hinder their use. Those who did not use apps mentioned
impeding factors that included unfamiliarity with health apps
(8/33, 25%). Additionally, in corroboration of our findings,
some respondents indicated that they had no need for health
apps, either because they were using other tools such as websites
or because they did not consider themselves in need of such an
app because they had already adopted healthy habits. In the
same study, a lack of app literacy was noted in that participants
did not know which apps were considered good or did not know
how to use them [20].
In our study, we found that people with specific nutrition-related
diseases, such as obesity, IBS, anemia, or eating disorders, were
less likely to use a nutrition and diet app than individuals without
the respective conditions. Although we had expected the
opposite outcome, we can only speculate that this finding can
be attributed to unfamiliarity with the available apps or possible
difficulties in finding an app that is dedicated to their condition
or is trustworthy. Further research is needed to confirm those
findings and explore the aforementioned contradiction.

Where Do Users Hear About or Find Nutrition and
Diet Apps?
Slightly over half of the participants in our study reported having
used nutrition and diet apps. The majority found them by
searching app stores, reading about them on social media, or
receiving a recommendation from a friend. Similar findings
from another study [17] revealed that respondents learned about
the apps from app stores (327/934, 35%) or from friends or
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family (287/934, 30.7%), but only 20.37% (210/1031) learned
about the apps from a physician’s recommendation [17]. Our
results match those observed by Peng et al [20], who found that
respondents were recommended a health app via a family
member or friend; this suggests a substantial social influence.
Analogously, the same outcome was found in a web-based
survey, in which the participants selected apps based on
recommendation from friends or family (154/513, 30%) or from
social media influencers (93/513, 18.1%) [16].

Comparison of Criteria and Barriers for App Users
in the General Public and Health Care Professionals
Who Recommend Nutrition and Diet Apps
A survey of health care professionals (n=1001) [14] showed
that they would choose an app if it were easy to use (872/1001,
87.1%) and free of charge (727/1001, 72.6%). However, they
also prioritized validation of the app (682/1001, 68.1%) and
only then considered the importance of an automatic system for
recording food (566/1001, 56.5%), followed by automatic
nutritional estimation (525/1001, 52.4%). In terms of barriers,
health care professionals agree with users from the general
public that food database inaccuracy, missing food items, and
lack of personalization are critical issues. However, the fourth
criterion for health care professionals was technical knowledge
(433/1001, 43.3%), whereas few (310/2382, 13%) end users
mentioned that technical knowledge would hinder their use of
such apps.

Perception of Obesity
Approximately one-fifth of individuals in our study (476/2382)
were classified as either overweight or obese based on BMI
calculations of self-reported weight and height. However, when
the individuals were asked if they had any health or medical
conditions, only 8.1% (194/2382) declared that they were obese
or overweight, thus showing a possible weight misperception.
Data from the National Health and Nutrition Examination
Survey of 4784 individuals living with overweight or obesity
showed that 71% (3397/4784) of the participants misperceived
their weight. This misperception was associated with lower
likelihood of interest in weight loss and less physical activity
[25]. Moreover, another study found that people can report their
weight and height with reasonable accuracy, but most people
with obesity do not consider themselves as obese. It was also
noted that adults with obesity who were unable to correctly
classify themselves as such may neglect health messages related
to obesity and lack motivation to lose weight [26].

Strengths and Limitations
This is the largest study to date that documents the perspectives
of European citizens in relation to nutrition and diet apps. These
results add to the rapidly expanding field of apps in dietary
monitoring and assessment by enhancing the understanding of
the needs of users; thus, it creates a clearer idea of their
preferences. Another strength is that the survey was made
available in 6 different languages, namely, English, Spanish,
German, French, Italian, and Greek, which has not been
implemented in any other study on this topic. Furthermore, we
aimed to minimize bias in terms of the investigators' professions.
For this reason, the study was designed by a multidisciplinary
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team that represented diverse opinions from different scientific
fields. Moreover, the distribution of the survey was not restricted
to specific user groups but aimed to reach a general population
sample. In addition, the distribution of the survey was not
limited to social media but was also extended to mailing lists
of collaborating universities, patient associations and
foundations, and outpatients of collaborating university
hospitals.
As a potential limitation, users with greater interest in nutrition
apps or those with prior experience using them may have
introduced self-selection bias, as they were more likely to
participate in the survey. Our sample consisted to a large extent
of Swiss and Greek persons; therefore, we cannot generalize
our findings to the whole European population. Another
drawback is that the survey was limited to people who had
internet access. Additionally, in our study, 4.7% (112/2382) of
the respondents were underweight, 73.8% (1758/2382) were in
the normal weight range, 16.5% (393/2382) were overweight,
and 5% (119/2382) had obesity. However, the findings of the
current study do not support the European data. More
specifically, the average BMI in the European Union population
in 2014 was as follows: 2.3% underweight, 46.1% normal
weight, 35.7% overweight, and 15.9% obese [27]. Given the
convenience sampling that was adopted, the generalizability of
these findings may not represent the distribution of nutrition
and diet app users.

Future Work
The insights gained from this study may provide a foundation
for further studies that will include a broader sample size
consisting of larger percentages of participants from different
European countries. Larger studies are needed to be able to draw
reliable conclusions on the overall opinions of smartphone users
on nutrition and diet apps. Interpreting user perspectives on
nutrition and diet apps provides important clues for app
development and improvement. However, intervention studies
are needed to test the usability of the apps as well as whether
this theory-based information could lead to persistent nutrition
and diet app use.
Future apps that focus on eating disorder recovery should
explore the different types of feedback in terms of visualization.
This is an important aspect in that colors may considerably
impact users’ emotional responses, and red and green patterns
seem to promote negative behaviors [28]. Weight loss and
calorie counting should be treated with caution, because patients
may engage in compulsive logging; accurate macronutrient and
energy tracking may then encourage unhealthy diets or
disordered eating behavior.
Finally, in our study, only 1% (25/2382) of respondents reported
that an app was recommended to them by their dietitian. Because
nutrition and diet app technology is pervasive, continuous
professional development is crucial for health care professionals,
especially dietitians, who are responsible for assessing people's
nutritional status. Therefore, these professionals should be well
informed and keep up to date to be able to suggest reliable apps
to their clients and patients. Thereby, the apps would act as
invaluable tools for better self-management and dietary
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monitoring, while the users would be aware of which apps they
should avoid.

Conclusions
This comprehensive study in a mostly European population
assessed the preferences and perspectives of potential nutrition
and diet app users. The findings suggest that users would select
nutrition and diet apps that are easy to use, are free of charge,
and automatically estimate the energy and nutrient content of
foods with automatic food recording capabilities. Significant
barriers to selecting a nutrition and diet app include inaccurate

Vasiloglou et al
food databases that omit key foods, inaccurate energy and
nutrient estimations, and lack of validation and personalization.
Understanding user needs will benefit both researchers who
develop tools for innovative dietary assessment and those who
assist research on behavioral changes related to nutrition.
Researchers from different fields, such as nutrition, medicine,
computer science, and AI, who are involved in nutrition and
diet app development need the insight of the user perspective
to design and develop apps that meet users’ requirements and
needs.
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Abstract
Background: Despite the increasing use of mobile health (mHealth) services, such as mHealth apps or SMS text messaging
services, that support the patient self-management of chronic conditions, many existing mHealth services lack theoretical guidance.
In addition, although often the target audience for requirement acquisition at the initial mHealth app design stage, it is a common
challenge for them to fully conceptualize their needs for mHealth services that help self-manage chronic conditions.
Objective: This study proposes a novel co-design approach with the initial requirements for mHealth services proposed by
clinicians based on their experiences in guiding patients to self-manage chronic conditions. A design case is presented to illustrate
our innovative approach to designing an mHealth app that supports the self-management of patients with obesity in their preparation
for elective surgery.
Methods: We adopted a clinician-led co-design approach. The co-design approach consisted of the following four cyclic phases:
understanding user needs, identifying an applicable underlying theory, integrating the theory into the prototype design, and
evaluating and refining the prototype mHealth services with patients. Expert panel discussions, a literature review, intervention
mapping, and patient focus group discussions were conducted in these four phases.
Results: In stage 1, the expert panel proposed the following three common user needs: motivational, educational, and supportive
needs. In stage 2, the team selected the Social Cognitive Theory to guide the app design. In stage 3, the team designed and
developed the key functions of the mHealth app, including automatic push notifications; web-based resources; goal setting and
monitoring; and interactive health-related exchanges that encourage physical activity, healthy eating, psychological preparation,
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and a positive outlook for elective surgery. Push notifications were designed in response to a patient’s risk level, as informed by
the person’s response to a baseline health survey. In stage 4, the prototype mHealth app was used to capture further requirements
from patients in the two focus group discussions. Focus group participants affirmed the potential benefits of the app and suggested
more requirements for the function, presentation, and personalization needs. The app was improved based on these suggestions.
Conclusions: This study reports an innovative co-design approach that was used to leverage the clinical experiences of clinicians
to produce the initial prototype app and the approach taken to allow patients to effectively voice their needs and expectations for
the mHealth app in a focus group discussion. This approach can be generalized to the design of any mHealth service that aims
to support the patient self-management of chronic conditions.
(JMIR Mhealth Uhealth 2021;9(7):e20650) doi:10.2196/20650
KEYWORDS
mHealth; smartphone; mobile apps; chronic disease; surgery; obesity; theory; community-based participatory research; mobile
phone

Introduction

can be implemented in more interactive and dynamic
functionalities in mHealth apps to motivate patients [28].

Background

Despite their increasing popularity, the reported effectiveness
of mHealth services for self-management of chronic conditions
has been mixed [1,2,29-32]. The frequency with which large
numbers of such services enter the market, coupled with the
limited time that professional clinicians have available, has
inhibited clinician participation in mHealth app design or
evaluation [1]. Heterogeneity in mHealth design and purpose
also leads to different levels of app usage. For example, apps
only being designed as data collection tools instead of
comprehensive interventions might not lead to positive changes
in health behavior [28]. Similarly, merely providing health
information on a regular basis is proven to be ineffective unless
reinforcement and motivation are provided [33,34]. As
mentioned earlier, inadequate application of the behavioral
change theory to guide the design and implementation of
mHealth services also leads to unsatisfactory intervention effects
[23,31,35,36]. In addition, although often the target audience
for requirement acquisition at the initial mHealth app design
stage, it is a common challenge for patients to fully
conceptualize their needs for mHealth services that support
them to self-manage chronic conditions [32]. These may lead
to the ineffectiveness of mHealth services [3,9,10,13,14].

With the ubiquity of smartphones and the internet, there has
been an increasing use of mobile health (mHealth) services in
health care systems worldwide to support the patient
self-management of chronic conditions, such as hypertension,
diabetes, and obesity [1-4]. This has become even more salient
since 2020, as the demand for and use of telemedicine services
has increased due to the COVID-19 pandemic [4,5]. The use of
mobile apps to collect various patient data, such as ecological
momentary assessment or experience sampling, has gained
momentum to support self-monitoring, develop self-awareness,
and promote behavioral change [6,7].
The design techniques of mHealth services have also been
continuously evolving, from traditional system design methods
focusing on their appearance, functionality, and values to
interactive design methods focusing on the way users interact
with mHealth services. Common interactive design methods
include user-centered design [8-10], activity-centered design
[11], and goal-directed design [3,12], focusing on the object,
process, and outcome of product use, respectively. To increase
user engagement and meet the needs of multidisciplinary
collaboration, the development team can also invite all
stakeholders, such as domain experts, users, and researchers,
to participate in the design and development, known as
co-design [13,14]. This is especially relevant when addressing
specific diseases or improving physical and mental well-being.
Behavioral change theories and models, such as the Social
Cognitive Theory (SCT) [15] and Health Belief Model (HBM)
[16], drawn from psychology and sociology [17-19], focus on
predicting and explaining human behavior and the wide range
of factors that affect these behaviors, such as emotions, habits,
and daily routines. These theories provide a roadmap for
scientific research and practice [20] and are useful in guiding
the implementation of successful mHealth services [21].
mHealth services based on sound behavioral change theories
are more likely to lead to positive changes in health behavior
[22,23], that is, to lead to successful changes in physical activity
and healthy eating [24,25]. Behavioral change techniques
include monitoring, intention building, goal setting and planning,
progress reflecting, and performance reporting [26,27]. They
https://mhealth.jmir.org/2021/7/e20650
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Research Aim
To address the abovementioned limitations for the design of
effective mHealth services that support the patient
self-management of chronic conditions, this study proposes a
novel approach with the initial requirements for mHealth
services proposed by clinicians based on their experiences in
guiding patients to self-manage chronic conditions. We adopted
a co-design approach with multidisciplinary collaboration to
improve knowledge about patients’ need for mHealth services.

A Design Case of mHealth Services for Preoperative
Obesity Management
Obesity has increasingly become a global public health
challenge, with 5.9 million Australians (31.3%) having a BMI
≥30 kg/m2 in 2017-2018 [37]. Obesity can complicate
procedures such as siting intravenous cannulae and inserting
endotracheal tubes. It may affect weight-based decisions such
as ventilator settings or drug doses and can also make surgical
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access more difficult [38,39]. Obesity is also a risk factor for
short-term postoperative complications such as infection, deep
vein thrombosis, poor wound healing, blood loss, respiratory
problems, and myocardial infarction [38,40,41]. In Australia,
the average waiting time for elective surgery in public hospitals
is 41 days [42]. Losing weight and improving preoperative
fitness through lifestyle changes during this period, known as
prehabilitation, is gaining increasing attention [43,44].
Common methods of prehabilitation include engagement in
regular physical activities, dietary optimization, and
psychological support [45,46]. Current evidence suggests that
higher preoperative fitness can lead to fewer last-minute
cancelations, better postoperative outcomes, and shorter patient
waiting times [47-49]. However, many local health care systems
do not have enough resources to help patients with obesity
improve their preoperative fitness for surgery, even when the
period between the booking and performance of surgery can be
up to 12 months. Moreover, dietary modifications and changes
in physical activity are difficult to maintain [50,51]. Therefore,
innovative methods are needed to encourage and motivate
patients with obesity to improve their physical fitness, dietary
habits, and mental well-being before elective surgery.
To date, the use of mHealth services to improve preoperative
fitness is in its infancy [52,53]. There are bariatric
surgery-specific apps available in app stores; however, no
studies have reported the use of a behavioral theory to guide
the development of mHealth services to deliver health and
weight management coaching to patients with obesity before
elective surgery [54,55]. Considering that there is still room for
further research on embedding a relevant behavioral theory
within mHealth apps to improve effectiveness, a case is
presented to illustrate our innovative approach to designing an
mHealth app that supports self-management of patients with
obesity in their preparation for elective surgery.

Methods
Overview
A clinician lead co-design approach was undertaken by a
multidisciplinary team for designing mHealth services to support
the patient self-management of chronic conditions. The
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experience-based co-design principle [56] and the guidelines
for developing complex interventions to improve health and
health care published by the UK Medical Research Council [57]
have been followed to design the mHealth app.
Experience-based co-design claims that all stakeholders,
including researchers, developers, and service users, participate
in the design process and develop a set of feasible service plans
or care paths by gathering their experiences [56,58,59]. The
Medical Research Council framework defines a series of actions
for intervention development [57]. On the basis of these
references, we formulated four iterative phases for the prototype
mHealth app design: understanding user needs, identifying
applicable underlying theories, integrating theory into the
prototype design and development, and evaluating and refining
the prototype mobile app (Figure 1 [57]).
In phase 1, we aimed to understand user needs through an expert
panel discussion. The panel included domain experts in the
medical field and health information systems. Domain (medical)
experts can put forward specific challenges that patients may
face in the self-management of chronic diseases based on their
clinical experience and can also provide various targeted
professional assessments and interventions for integration into
the mHealth service. Health information system experts can
effectively transform this information into system requirements
and design considerations to achieve an optimal design solution.
In phase 2, a literature review was conducted to compare the
relevant theories and to select the optimal one, as suggested by
the empirical studies to guide the mHealth service design, in
accordance with the guidance of Nash and Barnier [20] and
Yang and Van Stee [21]. In phase 3, the selected theory was
implemented in the prototype mHealth design and development
using the intervention mapping approach, that is, using theory
and the corresponding constructs to propose the relevant
functions of the mHealth service, which is widely used for the
development of theory-based health promotion programs [60].
In phase 4, a focus group discussion was conducted with
patients. The patients were provided with the opportunity to
interact with a living prototype mHealth service, which
facilitates the identification of their needs and their desired
functions of the mHealth service. The tangible feedback
provided the research team with evidence to further improve
the design of mHealth services.
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Figure 1. Stakeholders, procedures, and methods of the intervention development process.

Phase 1: Understanding User Needs
A multidisciplinary team of 12 experts conducted panel
discussions at the University of Wollongong, Australia, to
understand potential user needs; 8 team members hold a PhD
and 4 hold master’s or bachelor’s (with Honors) degrees as their
highest qualification. In total, 9 panel members had more than
5 years of research experience related to health sciences.
A clinical anesthetist (NAS), with a 20-year clinical experience
in Wollongong Hospital, described the issues related to obesity,
anesthesia, and surgery, which provided information on user
needs from a clinical perspective. She noted that the challenge
of obesity is particularly problematic in the local area, the
Illawarra Shoalhaven Local Health District, New South Wales,
Australia, in which the prevalence of obesity is higher than the
national figure (36% compared with 28%) [61]. According to
local audit data, one-third of patients scheduled for elective
surgery waited more than three months between booking and
operation, and about half of them gained weight while on the
waiting list. In Wollongong Hospital, approximately 55% of
the 6000 patients who undergo elective surgery each year have
obesity [62].
Together with an eHealth researcher (PY), these authors
proposed that an mHealth intervention could potentially address
the needs of this population. An accredited clinical psychologist
(VB), accredited practicing dietitian (YP), and accredited
exercise physiologist (GEP) provided specific input in their
areas of expertise. Researchers in health information systems
and software engineering were involved in designing technical
solutions for delivering the intervention.

Phase 2: Identifying Applicable Underlying Theory
After understanding the preliminary user needs, the researchers
conducted a literature review to identify applicable underlying
theories to guide the app design. Three interdisciplinary
databases (Scopus, PubMed, and PMC) were searched, which
allowed the inclusion of peer-reviewed English-language journal
articles. Terms, that is, Medical Subject Headings and their
https://mhealth.jmir.org/2021/7/e20650
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variants, applied were theory or model, intervention or program,
and behavioral change. Empirical studies and systematic
reviews that reported the explicit use of theory to guide
lifestyle-related behavioral changes were included in the study.
Studies that did not report why or how the theory was used were
excluded. The data were extracted in a Microsoft Excel
spreadsheet for constant comparison and analysis. The team
then selected the most suitable theory to guide the prototype
design for this study.

Phase 3: Integrating Theory Into the Prototype Design
and Development
After selecting the SCT as the most applicable theory, we used
it as a framework to integrate the prototype design, following
the intervention mapping protocol [60]. First, we listed all user
needs based on their understanding of health issues, risk groups,
behavioral and environmental determinants, and available
resources. Second, we listed the constructs of the selected theory
and the evidence-based intervention techniques used to guide
the behavioral changes that fit the abovementioned intervention
context. Third, we mapped these intervention techniques to the
app design to build different functional modules. Fourth, we
designed the system architecture, functional modules, user
interface, and database and integrated these components into a
coherent program (ie, that of a prototype mobile app), through
several iterations. React Native, an open-source framework that
uses JavaScript and React to develop native, iOS, and Android
mobile apps, was used in the development [63].

Phase 4: Evaluating and Refining the Prototype Mobile
App
The prototype mobile app was pilot used by patients with obesity
to gauge their perceptions of its usefulness and usability. The
pilot trial was conducted in November 2019 in two focus group
discussions with 6 people per group. Participants were recruited
via purposive sampling of patients with obesity who were
undergoing weight loss treatment at a hospital in the
South-Western Sydney Local Health Service via existing
networks. The inclusion criteria were patients who (1) were
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aged ≥18 years, (2) had a BMI ≥35 kg/m2, (3) were
English-speaking with self-elected adequate reading skills, and
(4) provided informed consent to participate in the study. A
clinic nurse initially discussed the project and sought verbal
consent from each patient to participate in the focus group
discussion. One week later, patients were sent a text message
asking for confirmation of their verbal consent. Ethical approval
for the study was obtained from the University of Wollongong
and Illawarra and Shoalhaven Local Health District Health and
Medical Human Research Ethics Committee (2018/175;
HREC/18/WGONG/64).
One researcher (LH), with prior training in research theory and
experience in conducting and observing qualitative research,
moderated the semistructured focus group discussions. For each
group, she gave a brief introduction to the participants and asked
them to sign a written consent form. She then distributed 3
mobile phones and 3 mobile tablets with the app preinstalled
for all participants and instructed them on its use. After the time
spent with the app, a semistructured list of questions was
deliberated in the group, discussing the relevant functions of
the app (Multimedia Appendix 1). The conversation continued
until all of the relevant issues and opinions were openly raised
and discussed, beyond answering the interview questions.
The focus group discussions were audio-recorded and
transcribed verbatim; 3 other researchers were present as
observers and took notes to record the nonverbal characteristics
of the focus groups, such as gender. The total discussion time
for each group was approximately 1 hour and 30 minutes.
The transcripts were analyzed using a content analysis approach
to capture patient feedback [64]. Each original sentence was
judged by 2 researchers independently to see if it contained a
suggestion that would be useful for improving app functionality.
These suggestions were listed in point form and circulated to
the expert team. The developers discussed the approved and
feasible suggestions for further modification.

Results
Phase 1: Understanding User Needs
The expert panel discussion proposed three kinds of potential
needs for patients with obesity to improve fitness before surgery:
motivational needs, educational needs, and supportive needs.

Motivational Needs
Many individuals find it difficult to maintain sufficient
motivation to lose weight over time. Many have repeated failed
experiences, often with initial weight loss followed by regaining
weight, which can further decrease confidence and motivation
[50,65]. It is well recognized that supporting motivation is
essential for sustainable behavioral change [3,27,66,67].

Educational Needs
Educating patients with obesity about the general health risks
associated with obesity remains important. Most studies have
not considered risks that are specifically associated with
anesthesia and surgery, and many do not realize that obesity
itself poses an additional perioperative risk. Therefore, we felt
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it important to educate patients faced with upcoming surgery
about the related risks in a manner that was personally tailored
to their specific situation. The aim of increasing awareness was
to capitalize on the potential teachable moment of surgical
booking to encourage behavioral change [68-70].

Supportive Needs
Even if patients are aware of obesity-related health risks, many
need ongoing guidance about strategies and encouragement to
stay motivated in changing their lifestyles to lose weight.
Therefore, it is essential to provide timely, relevant information
and regular interactions to improve patient skills and encourage
a positive attitude toward behavioral change. Regular reminders
are an effective means of providing personalized, targeted
support [66,67].

Phase 2: Identifying Applicable Underlying Theory
In addition to the SCT and HBM, theories relating to health
behavior include the Theory of Planned Behavior [71],
Self-determination Theory [72], Transtheoretical Model [73],
Community Organization Model [74], and Diffusion of
Innovation Theory [75] (see the detailed comparison in
Multimedia Appendix 2).
As the HBM and Theory of Planned Behavior focus only on
rational reasoning, ruling out unconscious, spontaneous behavior
and its emotional effects [53,76], and the Self-determination
Theory is confined to explaining only behavioral motivations,
none of these was considered suitable as a guide for the
development of interventions that provide comprehensive health
care support, such as health education and reminders [72]. The
Transtheoretical Model cannot explain how an individual thinks
he or she is ready to cope with a change or not, which would
have caused difficulty in mapping intervention techniques to
the behavioral determinant factors, thus weakening the
explanatory capacity of the theory [77]. The Community
Organization Model and Diffusion of Innovation Theory are
both focused on initiatives to support community health
promotion at the population level; therefore, they are not
intended to guide the development of interventions to support
behavioral change for individual patients [78]. Finally, the SCT
was selected to guide the design and development of the app.
The SCT explains an individual’s behavior through a reciprocal
model of interactions among behavior, personal factors, and the
social environment. It is a theory that synthesizes a wide range
of behavioral, cognitive, and environmental determinants of
behavioral change, such as self-efficacy, observational learning,
outcome expectations, and additional reinforcement [46]. This
theory not only explains the behavior of individuals under
rational circumstances but also describes the influence and
interaction of internal cognitive and external environmental
influences on human behavior [15], so it can be applied to guide
the design of complex interventions to support the management
of chronic conditions. Moreover, the SCT considers that people
learn not only through their own experience but also through
imitating behaviors and the results of these behaviors. We felt
that this was consistent with the purpose of this study to provide
professional coaching to guide patients with obesity in terms
of preoperative weight loss and fitness improvement. Therefore,
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the SCT was chosen as the most appropriate theory to guide the
intervention design in our study.

push notifications, view patients’ interactions with the mobile
app, and formulate text interventions.

Phase 3: Integrating Theory Into the Prototype Design
and Development

At the initial log-in to the app, patients are requested to answer
the questionnaire surveys about their mobile phone usage
experience, level of physical activity, diet, psychological
well-being, and preoperative health. The system classifies their
level of function as high or low based on these data and will
provide corresponding push notifications automatically; 96 push
notifications were designed by four domain experts, that is, the
clinician, the clinical psychologist, the practicing dietitian, and
the exercise physiologist, based on advice from the Australian
Dietary Guidelines and Australia’s Physical Activity and
Sedentary Behavior Guidelines and the research evidence
[79-81] (see exemplar notifications in Table 2).

The SCT contains seven significant constructs: self-control,
self-efficacy, expectations, expectancies, reinforcement,
behavior capacity, and observational learning. All of these
constructs were used to guide the design of conceptual
intervention techniques and functions in the app (Table 1).
Our app, Fitness4Surgery, consists of two interfaces (Figure 2
and Multimedia Appendix 3): a mobile interface for patients to
self-manage their obesity and a web-based portal for the health
care administrators to edit, modify, and update the content of

Table 1. User needs, theoretical construct, conceptual intervention techniques, and app functionalities.
User needs and theoretical construct

Conceptual intervention techniques

App functionalities

Self-control

•

Let users set goals and encourage them to monitor
their own behavior toward the achievement of these
goals

•

Self-efficacy

•

Let users start by setting small, progressive, and real- •
istic goals

Provide some simple exemplar goals in “My
Goals”

Expectations

•

Let users know about the benefits of fitness for surgery •

Provide an introductory video about the significance of fitness for surgery

Expectancies

•

Allow users to track and monitor their own changes •
in weight, diet, and physical activity. Provide feedback
and let users evaluate what they value
•

Build a functional module named “My Steps”
to record the number of steps each day
Build a functional module named “Surveys”
and ask the users to complete these surveys
Send different push notifications according
to different responses for feedback

Motivational needs

•

Build a functional module named “My
Goals”

•

Let users recognize and praise their achievements by •
specifying rewards

Make a trophy pop out once a user achieves
their goal

Behavior capacity

•

Teach users how to self-manage diet, physical activity, •
mood, and medical conditions

Translate relevant educational information
into push notifications and send them to the
users

Observational learning

•

Let users watch some actions and outcomes of others’ •
behavior

Provide an introductory video about how to
achieve fitness for surgery

•

Remind users to perform the behavioral change toward •
fitness for surgery
•
Provide users with toolkits and resources that make
the new behaviors easier to perform

Send push notifications
Build a functional module named ”My Resources“

Reinforcements

Educational needs

Supportive needs
Reinforcements

•
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Figure 2. Working mechanisms of Fitness4Surgery.

Table 2. Exemplar push notifications in the four domains.
Domain and content

Risks for the group of patients

Physical activity
"Limit sitting time to a maximum of 30 minutes."

Low

"Limit sitting time to a maximum of 20 minutes."

High

"Each day this week take a photo of your meal."

High or low

Diet

Psychology
"You’ve got this! Stick with it. Set goals and take them one step at a time. It will be worth it!"

High or low

Medical advice
"Reducing weight before your surgery can benefit your recovery and prevent unwanted complications.

High or low

a

Work out your target weight by speaking to your general practitioner or head to Get Healthy NSW by
phone or on the web for more help."
a

NSW: New South Wales.

Patients with obesity are asked to set goals on the app. Once a
goal is reached, a trophy pop will be displayed on the screen as
a reward. They will be presented with links to existing health
resources, such as the Heart Foundation [82] and Get Healthy
New South Wales [83]. The patient-only use of the app keeps
the data entered by the patient confidential. Patients can show
the records to their doctors for discussion if they wish. There
is a large variation in each clinician’s approach to managing
obesity [84]; therefore, the app did not cover this function. A
notification will be automatically sent to patients every month
to ask them to update their responses to the surveys.

https://mhealth.jmir.org/2021/7/e20650

XSL• FO
RenderX

Phase 4: Evaluating and Refining the Prototype Mobile
App
Evaluation
Overview
The focus group participants reported two perceived benefits
of the app: usefulness and ease of use. They also discussed areas
that needed improvement for the four functional modules, that
is, Survey, My Goals, My Resources, and push notifications
(Table 3).
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Table 3. Data analysis of the focus group discussion.
Theme, category, and topic

Exemplar quote

Perceived benefits
Usefulness
Evaluate health conditions and health “Well, yes it’s a good app, because it’s got a lot of benefits; our progress, our goals, resources we
literacy before surgery
can use, so, yes, it’s probably good for everybody here.” [group 1-05, female]
Access to health-related knowledge,
skills, and referrals

“Looking at the resources that they’ve offered, it’s a personal lifestyle app.” [group 2-05, male]

Improving the patients’ motivation

“If it’s just going to be a tool for yourself, perhaps an inspirational tool?” [group 1-01, male]

Ease of use
Easy to use the system

“Yes, I think it’s good, it’s quite easy to follow, because I’m not very good at this, but I found it quite
easy.” [group 1-02, female]

Improvement
Survey
Inflexibility

“I physically cannot walk ten minutes, so my answer to the question is zero, but when I tried to
complete the page, it’s telling me it’s incomplete, so all the information I put in is going to be junked
(deleted).” [group 2-03, female]

Ambiguity

“Click on what? No, something’s wrong.” [group 1-02, female]

My Goals
Insufficient feature

“When you complete the survey at the start about you, yes, you’ve got a baseline, but over a period
of time, the app is not collecting anything.” [group 2-02, male]

Suboptimal interface design

“What about a graph about filling out or achieving the goals and seeing...something visual.” [group
1-05, female]

Lack of tracking

“...is there a place where you can monitor your weight loss as you go?” [group 1-06, female]

My Resources
Insufficient information and referrals “...it does need more resources in it” [group 2-02, male]
Push notifications
Personalization

“Maybe there’s an option that you can turn that setting on or off...So, I like to stipulate what time
(messages arrive).” [group 1-06, female]

Perceived Benefits
Overall, the participants reported that the app could be useful,
and they were looking forward to using this product for their
surgical preparation. They felt that the app would help them (1)
evaluate their health conditions and health literacy before
surgery; (2) access health-related knowledge, skills, and
referrals; and (3) improve their motivation by setting goals and
rewarding their achievements. Some praised the ease of use of
the app, even if they were not proficient in using smartphones.
Improvement
Survey
The participants raised two issues regarding the module. First,
the operability of the system was not sufficiently flexible. They
found that some questions in the questionnaire were irrelevant
to their own situation. As all questions were mandatory, it was
difficult to continue entering the data. Therefore, they suggested
that some questions should be optional, which would allow
them to skip the questions that were irrelevant to them or move
through this section more quickly if they wished to. The second
was semantic ambiguity. A few participants were confused
about the meaning of certain questions and did not know how
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they should answer. They suggested modifying the expression
of some questions to make them easier to understand.
My Goals
The participants raised three issues regarding the module. The
first issue was monotony. They stated that it was boring because
of its simplistic function and presentation, with an inadequate
interface design. They suggested having some preset common
goals as examples for users to choose from while retaining the
flexibility to set their own goals. In particular, they felt that the
color scheme was uninspired, with insufficient incentives
provided to achieve their preset goals. They strongly requested
the use of different colors, shapes, and icons to enrich the
interface, with the provision of visual rewards once goals were
completed, such as the appearance of animated trophies or
fireworks. The second issue was functional. The participants
felt that the timeframe for goals was important but not currently
well defined. The third issue was the lack of a tracking
mechanism. They felt disappointed because they could not
monitor their progress toward achieving their goals. They also
described several functions that they expected or found in other
apps.
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My Resources
The participants were generally satisfied with this module,
except that some requested the provision of more psychological
support. One participant requested a recipe section in the app.

Resources. The user information includes the name, profile,
step count, and weight record. The display of weight at multiple
points over time encourages users to progress toward their target
weight.

Push Notifications
The main focus of this discussion was on the optimal delivery
time and frequency of these notifications. Some felt that daily
notifications would help remind them of healthy routines,
whereas others felt that excessive reminders could be
overwhelming. One suggestion that was supported by the
participants in both groups was that the app should allow users
to set the timing that suited them to receive push notifications
and that they could turn the reminder on or off themselves.

In the My Goals module, the ability to select preset goals from
a list was added to the free-text space. Once a goal is achieved,
the user clicks once to record it and receives a star as a reward;
10 stars can be exchanged for a trophy and 10 trophies for a
firework. A progress tracking function was also incorporated
into the module.

After Focus Group Refinements
The refined design of the interface was simplified into three
pages: Home, Messages, and Settings (Figure 3). The Home
page consists of two major parts: user information and four
buttons—My Goals, My Weight, My Surveys, and My

A new module, My Weight, was added to the Home page, where
users can read the changes in weight and BMI, both numerically
and graphically. This allows users to track and monitor their
own changes in weight, which addresses the application of
expectancies in the SCT.
Apart from color and layout adjustments, the functions of My
Surveys and My Resources remained unchanged. Users were
able to answer the surveys at any time, and the results were
recorded in a new area accessible for later review.

Figure 3. Screenshots of key functional modules of the refined Home page of the Fitness4Surgery app. (A) Home page, (B) goal selection, (C) achieved
goals record, (D) weight and BMI record, (E) survey record, and (F) web-based resources.

Discussion
Principal Findings
To date, limited evidence exists regarding the use of a behavioral
theory to guide the development of mobile services to support
the patient self-management of chronic conditions, particularly
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in the context of prehabilitation for patients with obesity who
are awaiting surgery. Guided by an existing framework for
developing complex interventions to improve health and health
care, this multidisciplinary study proposed a clinician-led,
experience-based co-design approach and implemented it in
developing a prototype mobile app, Fitness4Surgery, to provide
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guidance and support for patients with obesity to change
lifestyle, lose weight, and improve fitness. The approach
consisted of four iterative phases: understanding user needs,
identifying theory, integrating theory into the design, and
evaluating the prototype. In each phase, we engaged as many
relevant stakeholders as possible for the consultation and
gathered multiple sources of evidence from expert panel
discussions, literature review, intervention mapping, and focus
group discussions. Therefore, we adopted an evidence-based
approach to design our mHealth service by drawing on
experiences from clinicians, patients, researchers, and software
developers.
To the best of our knowledge, this study is the first to articulate
a detailed co-design approach that leverages the clinical
experiences of clinicians and multidisciplinary teams to produce

the initial prototype app. The prototype allowed the patients
who participated in the focus group discussions to directly
interact with the mobile app and experience its functions. This
hands-on experience enabled them to draw on their needs and
expectations for the mHealth app. The research output is useful
for designing innovative digital interventions to provide
just-in-time support for patients, which is low cost and easy to
access [85]. This provides a useful alternative solution to address
the service gap due to a shortage of funding and lack of human
resources to provide these services face-to-face to vulnerable
patients in the public health care system. mHealth services are
also advantageous in the current period of the COVID-19
pandemic when social distancing is required [4,5]. Compared
with similar studies published, our research contributes three
distinct innovations to advance the design of mHealth apps
(Table 4).

Table 4. A comparison of the contribution of this study and the existing literature.

a

Study

Aim

Design technique

Theory used

Theory mapping

User or clinician design and test

This study

To support patients with
obesity to lose weight and
improve fitness before
surgery

Experience-based
co-design

SCTa

Yes

Yes, expert panel discussion and
focus groups

Smaradottir et al,
2020 [10]

To support chronic pain
management

User-centered design

No

N/Ab

Yes, a cocreation workshop

Wachtler et al,
2018 [8]

To improve treatment alloca- User-centered detion for depression
sign

Theory of agent-orient- No
ed modeling

Yes, two focus groups

Morita et al, 2019
[9]

To support asthma selfmanagement

No

Yes, semistructured interviews

Duan et al, 2020
[3]

To improve patient compli- Goal-directed deance with hypertension self- sign
management

HBMc and technology No
acceptance model

Yes, persona establishment
(questionnaire and interview)

Fore et al, 2013
[12]

To support chronic care for
pediatric inflammatory
bowel disease

Goal-directed design

No

N/A

Yes, semistructured interview

Woods et al, 2019
[13]

To support heart failure self- Nurse-led co-demanagement
sign

No

N/A

Yes, interviews and workshops

Martin et al, 2020
[14]

To improve obesity-related
health behaviors of adolescents

Behavior change
wheel, positive psy-

No

Yes, workshop

User-centered design

Co-design

N/A

chology, SDTd, and
nudging theory

SCT: Social Cognitive Theory.

b

N/A: not applicable.

c

HBM: Health Belief Model.

d

SDT: Self-determination Theory.

First, only a few of the mHealth developments for supporting
behavioral change in recent years have reported the use of a
specific theory [3,8,14]. Our research analyzed and compared
common theories related to behavioral changes. In addition to
guiding ideology at a high level, the theory-based design also
involves the in-depth mining and analysis of all relevant
constructs in theory and the mapping of the constructs to each
user’s needs to conceptualize a series of corresponding
intervention techniques. These techniques were then converted
to different real functionalities and were built into different
function modules in the app, ensuring scientific rigor and
practicality. The three proposed types of user needs are
https://mhealth.jmir.org/2021/7/e20650

XSL• FO
RenderX

consistent with those addressed by similar mHealth interventions
in alcohol and HIV areas [66,86]. Huygens et al [87] conducted
a comprehensive qualitative focus group discussion with patients
with chronic diseases to explore their expectations and needs
for using mHealth for self-management purposes. Patients with
obesity perceived need fulfillment and disease control as
determinants of their willingness to use the app, which reflects
the advantages of ecological momentary assessment and
intervention [6,87,88].
Second, user interviews are traditionally conducted to gather
user needs from the first stage [3,8-10,12-14], but in our study,
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clinicians proposed patient needs as the first step toward app
content and design. This approach had two advantages. The
first advantage was that clinicians’ suggestions based on
scientific and public health reports and their years of field
observation were practical and valuable in guiding the design
of intervention content and delivery. The second advantage was
that patients are often not fully aware of the scientific
background of their health conditions [32]. Providing patients
with a prototype for a trial and revising the app based on their
feedback made our use of resources as effective and efficient
as possible. This agrees with the concept of formative research
in which health care researchers or practitioners identify a
community of interest, describe the features of the community
associated with a specific medical issue, and define the initial
needs, which are then tested in the population of interest [89].
The qualitative data collected in this stage can provide rich
insights into the use of mHealth technology and the most
effective engagement strategies [90]. Although we did not
deliberately pursue information saturation as part of our
qualitative approach, the ideas gathered from different
disciplines had many common and overlapping points that
guided app development. Focus group interviews with the
patients played an additional role. While suggesting several
improvements, their attitude toward usefulness and ease of use
of the app was positive, indicating the potential value of this
app.
Patient feedback affirmed two indicators for measuring the level
of acceptance in the technology acceptance model: usefulness
and ease of use [91]. This reflects the scientific rigor of our
design. The patients also indicated a limitation of the app, that
is, insufficient information content and clarity, which is a known
factor to affect the success of mHealth systems [32]. This
reminded us about the importance of targeting information
delivery to fit patients’ health literacy. The main limitation of
our prototype was a lack of personalization, which has been
identified in previous studies [1,29,30].
Third, most current app-based interventions specifically target
bariatric surgery [54,55]. Our research extends the scope of
potentially effective mHealth interventions to any elective
surgery, making the product much more generalizable to a wider
audience.

Limitations and Future Work

Song et al
demographic groups were not evenly distributed. This could
have led to a biased finding of the patient’s level of acceptance
and satisfaction with the mHealth app [92]. In the large scope
trial, stratified sampling can be used to avoid this problem.
Second, the technology is rapidly changing. The current version
of the app is relatively simple, despite meeting our identified
requirements. Further development is required to develop
intelligent and personalized functions. Third, the reuse of lessons
may be limited by the small scope of the study at one site.
However, the health informatics experts in our team have
extensive experience in the development and evaluation of
eHealth solutions. Moreover, the app design is underpinned by
a carefully selected theory based on sound literature research,
leading to robust functionality. Therefore, the design process
is useful for other similar learning initiatives.
Future research will be conducted to evaluate the effectiveness
of the app, with measures including user satisfaction and
perioperative efficiency and outcomes. The app also has the
potential to be used postoperatively and preoperatively to
provide ongoing motivation and resources to users. This
mHealth platform may be particularly useful when face-to-face
health care options are limited, such as in regional and remote
communities, and during periods with social distancing
restrictions. Moreover, the integration of the app-based system
with existing electronic health records or tools used by clinicians
in the health system could also be further investigated.

Conclusions
This study reports an innovative co-design approach with
clinicians and patients to address the challenges facing
participative co-design with patients’ mHealth services that
support their self-management of chronic conditions. It presents
a detailed process to leverage the experiences of clinicians to
produce the initial prototype app. Hands-on interaction with
the prototype mHealth app in focus group discussions allowed
the patients to effectively articulate their needs and expectations
for the mHealth app. This research also presents a method to
integrate theory into mHealth design, which addresses a missing
link in the design of mHealth services that support the patient
self-management of chronic conditions. The reported design
approach can be generalized to the design of any mHealth
services that aim to support the patient self-management of
chronic conditions.

This study had some limitations. First, participants in the focus
groups were recruited via purposive sampling, so the diverse
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Abstract
Background: Patients with ankylosing spondylitis (AS), a chronic systematic inflammatory disease, require long-term treatment
and management. Mobile health (mHealth) apps can deliver health services through mobile devices, facilitate long-term disease
management, support patient–health care provider communication, and enable patients to engage in disease management. There
are some apps targeted at patients with AS, but the feature and quality of these apps have not been systematically examined.
Objective: The aim of this study was to identify existing, publicly available Chinese mHealth apps for AS management and to
evaluate their features and quality.
Methods: We systematically searched potential apps for AS management on the Apple and Huawei App Stores, using 4 search
terms: ankylosing spondylitis, spondyloarthritis, rheumatic disease, and arthritis. Apps were included if they were in the Chinese
language, targeted at patients with AS, could be downloaded and run on Android and/or iOS operating systems, and incorporated
elements of disease management and/or patient education. We excluded apps that were not for patient use, not relevant to AS,
or had not been updated since 2018. Apps that met the inclusion criteria were downloaded for final analysis. We formulated a
list of app quality measures from and consistent with international guidelines for mHealth apps and AS management to evaluate
the features and quality of the included app. The user version of the Mobile App Rating Scale (uMARS) was also used to rate
the apps’ quality.
Results: Of the 354 apps screened, 5 met the inclusion criteria and were included in our analysis. All apps were free, and most
apps (4/5, 80%) had a privacy policy. Of the 5 apps, 1 (20%) involved medical professionals in the development process, 2 (40%)
were developed by companies, and 2 (40%) were developed by medical institutions. All apps provided educational information
about AS. Around half of the apps had functions like a basic information record (ie, users can input gender, age, disease history,
etc) (n=3, 60%), patient–health care provider (and patient-patient) communication (n=2, 40%), symptom tracking (n=2, 40%),
and information sharing (n=3, 60%). Only 1 (20%) app provided comprehensive functions that adhered to international guidelines
for AS management and mHealth apps. The overall uMARS scores ranged from 2.7 to 4.2; only 1 app, with an overall uMARS
score of 4.2, was considered as a high-quality app.
Conclusions: Most apps lacked comprehensive functions for AS management. One high-quality app provided comprehensive
functions to help patients manage their conditions. This study assessed and summarized the features and quality of the apps but
did not evaluate their efficacy. Future studies should evaluate the feasibility and efficacy of these apps. International guidelines
and regulations for the design, development, validation, and implementation of mHealth apps are needed in the future. Meanwhile,
health care providers, patients with AS, and app developers should collaborate to develop high-quality, evidence-based apps that
take into account patients’ needs and health care professionals’ perspectives.
(JMIR Mhealth Uhealth 2021;9(7):e27234) doi:10.2196/27234
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ankylosing spondylitis; app; eHealth; mHealth; smartphone; mobile phone
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Introduction
Ankylosing spondylitis (AS) is a chronic systematic
inflammatory disease that often causes structural impairment,
functional disability, and impaired quality of life [1,2]. AS often
affects young people at their most productive age (approximately
20-35 years) and has a lifelong impact on their life [1]. AS can
interfere with work and schooling, and can impose substantial
physical and social burdens on patients [3]. The guidelines of
the European League Against Rheumatism (EULAR)
recommend that AS requires long-term management, including
pharmacological and nonpharmacological treatment, to control
inflammation, prevent structural damage, and optimize function
and quality of life [4]. The management of long-term conditions
requires timely health care and treatment [5].
The traditional approach to AS management requires
face-to-face rheumatology clinic appointments and treatment
[6,7]. Patients with chronic diseases may have difficulty in
attending regular rheumatology clinic appointments and
obtaining timely treatment due to transportation difficulties,
physical limitations, time constraints, and geographical barriers
[8,9]. Moreover, China has a large population, with a broad
geographical distribution of patients with AS; around 90%
rheumatologists work at tertiary hospitals [10-12]. The barriers
to receiving timely treatment and health care are much more
prominent in China [11,13].
Mobile health (mHealth) has the potential to facilitate long-term
disease management and deliver timely health care to
hard-to-reach populations [14,15]. mHealth is defined as medical
and public health practice supported by mobile devices, such
as mobile phones, personal digital assistants, and other wireless
devices [16,17]. mHealth apps can overcome barriers of time
and geography to deliver health services through mobile devices
and increase access to health care service [18]. Mobile apps
offer a solution for patients with chronic diseases to monitor
chronic conditions, support patient–health care provider
communication, provide health advice, and enable patients to
engage in disease management [10]. Many mHealth apps have
been developed to help individuals with chronic diseases, such
as asthma, rheumatoid arthritis, and inflammatory bowel disease,
to manage their conditions [16,19-21]. Prior work has supported
the usefulness of mHealth apps for enhancing disease
management and improving clinical outcomes among patients
with chronic diseases [15,22].
In China, 932 million people used smartphones to access the
internet, and 3.59 million mobile apps were available as of 2020
[23]. Thus, mHealth interventions are increasingly accessible
for Chinese people [10]. In the area of rheumatology, many
studies revealed that mHealth apps for patients with rheumatoid
arthritis have the potential to monitor their disease and support
high-quality medical care [14,16,20,24]. Patients with AS may
be one of the best target users of mHealth apps because AS
affects young people (approximately 20-35 years) [10]. Young
people are more likely to be acceptable to receiving an mHealth
intervention [25,26].
Limited published works in the literature have focused on
mHealth apps for AS management in China [7,27]. Although
https://mhealth.jmir.org/2021/7/e27234
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the Smart System of Disease Management (SSDM) was used
for AS management, the characteristics and functions of the
SSDM have not been clearly described in the literature [7,27].
Our search of app stores found that there are some publicly
available apps for AS management despite limited published
works. However, there is little information to users on which
apps provide evidence-based tools [20]. A previous review
revealed that many apps are not supported by research, do not
provide evidence-based therapies, and do not follow clinical
guidelines [28]. Kwan et al [29] reviewed English-language
apps for monitoring disease activity in patients with
spondyloarthritis and found only 2 high-quality apps. However,
the characteristics and functionalities of Chinese mHealth apps
for AS management have not been systematically evaluated
(eg, in terms of star rating, privacy policy, evidence-based
content, and functionality).
The purpose of this study was to identify existing, publicly
available apps targeted at patients with AS for disease
management, formulate a list of app assessment measures from
and consistent with evidence-based guidelines to evaluate the
features and quality of these apps, and rate app quality using
the user version of the Mobile App Rating Scale (uMARS).
This will help patients choose a high-quality app for managing
their disease and identify gaps in the current apps available for
AS management.

Methods
App Selection
We conducted a systematic search of all potential apps targeted
at patients with AS in November 2020. Android and iOS are
the two most popular smartphone operating systems among
Chinese smartphone users [30]. The Huawei App Store is one
of the biggest Android app stores in China [31]. Thus, we
searched for iOS apps in the Apple App Store and Android apps
in the Huawei App Store. Preliminary test searches were
conducted to determine the search terms before the final search.
To ensure all potential apps were screened, our final search
terms included ankylosing spondylitis or spondyloarthritis or
rheumatic disease or arthritis in both the Huawei and Apple
app stores. The final search was conducted following the
PRISMA (Preferred Reporting Items for Systematic Reviews
and Meta-Analyses) guidelines for systematic reviews. Two
reviewers independently downloaded potential apps to test
devices for screening according to the inclusion and exclusion
criteria. The inclusion criteria for the apps were (1) targeted at
patients with AS; (2) in the Chinese language; (3) available for
downloading from the Huawei and/or Apple App Stores; (4)
able to run on Android and/or iOS operating systems; (4)
incorporated at least one of the following elements of disease
management and/or patient education: educational information,
medication management, exercise management, psychological
strategy, symptom management, etc. Apps were excluded if
they were not for patient use or not relevant to AS (eg, apps for
other chronic conditions or other use). We also excluded apps
that had not been updated since 2018. Android apps were
downloaded and tested using the Huawei ATH-AL00 with
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Android version 5.1.1, and iOS apps were downloaded and
tested using the iPhone 11 with iOS 13.3.1 installed.

App Quality Measures
We systematically searched guidelines and recommendations
for mHealth apps and AS management to identify app quality
measures [3,4,32-35]. We formulated a list of quality assessment
measures from and consistent with guidelines from the EULAR
[4,32-34], the American College of Rheumatology [3], and the
French Society for Rheumatology [35]. Then, rheumatologists
and rheumatology nurses modified the app quality assessment
measures. Finally, the list of app quality measures included two

domains: basic characteristics and functionalities. Basic
characteristics related to the following features extracted: app
name, developer, operating system (iOS or Android), version,
provider involvement, star rating (out of 5), number of reviews,
number of downloads (only available for Android apps), cost,
and privacy policy. Functionalities of the included apps were
analyzed as follows: basic information record, educational
information, communication, symptom tracking, general or
psychological health tracking, medication management, visuals
or analysis, exercise management, reminder feature, and
information sharing. The app quality measures are shown in
Table 1.

Table 1. App quality measures of apps for patients with ankylosing spondylitis.
Assessment measure

Description and definition

Basic characteristics
App name

App name as shown in the Huawei and/or Apple app stores

Developer

Name of the developer (ie, who developed and uploaded the app)

Operating system

iOS and/or Android operating systems

Version

Latest update version and date of update

Provider involvement

Involvement of relevant health care providers in the design, development, and validation of
the app

Star rating

Star rating score (out of 5) that users left on the Huawei and/or Apple app stores

Number of reviews

Number of reviews that users left on the Huawei and/or Apple app stores

Number of downloads

Number of downloads since the app released

Cost

Free apps or the cost of apps

Privacy policy

Information on how user data are stored and shared

Functionalities
Basic information record

Enables users to record their basic information (eg, gender, age, disease history)

Educational information

The information content is up to date, scientifically justifiable, acceptable to users, and evidence-based. The content includes disease overview, pathogenesis, treatment goal and options,
exercise advice, medication, joint protection, and health advice for daily life

Communication

Facilitates patient–health care provider communication and patient-patient communication

Symptom tracking

Prompts users to assess their general symptoms as follows: disease activity, pain, fatigue,
morning stiffness, and functional ability

General or psychological health tracking

Allows users to record information about their general or psychological health, such as sleep
quality, depression, anxiety, quality of life, and general health

Medication management

Allows users to record medication name, dosing, time, and frequency

Visuals or analysis

Displays recorded information as graphs or tables

Exercise management

Allows users to record information pertaining to exercise (eg, frequency, time, type)

Reminders

Allows users to set reminders for appointments or when to take their medication

Information sharing

Allows users to share educational information and/or their disease data with health care
providers or others

App Rating Using the uMARS
We also used the uMARS to evaluate the quality of apps [36],
which is a simplified version of the MARS that has been used
to assess the quality of mHealth apps [36,37]. The uMARS is
a 20-item measure that comprises 4 objective quality subscales
(engagement, functionality, aesthetics, information quality) and
1 subjective quality subscale [36]. We did not include the latter
https://mhealth.jmir.org/2021/7/e27234
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quality of apps. All items were rated on a 5-point Likert scale
from 1 (inadequate) to 5 (excellent). Mean scores were
calculated for each subscale and a mean total score was
calculated across all 4 subscales [36]. Apps that scored ≥3 out
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and scores higher than 4 were rated as high quality [38]. Two
trained reviewers independently rated the apps using the
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uMARS. Subsequently, they discussed inconsistencies and
doubts about the apps and reached a consensus on the final
uMARS scores.

Data Abstraction
Two reviewers independently downloaded the apps that met
the inclusion criteria and evaluated them using our list of quality
assessment measures. In addition, they rated the app quality
using the uMARS. The main features and quality of all apps
were recorded, including basic characteristics, functional
features, and uMARS rating.

Results
App Selection
Our searches from the Apple App Store retrieved 51 apps. We
excluded apps that were duplicates (n=13), not in Chinese (n=1),
not relevant to AS (eg, many apps focused on other chronic
conditions or provided general health information) (n=28), only
for clinician use (n=3), disease activity calculators (n=1), or last

Song & Chen
updated in 2017 (n=1). Of the remaining 4 apps, 1 app was not
able to run on the iOS operating system and was excluded from
the study, leaving 3 apps for the final analysis. A total of 303
Android apps were retrieved from the Huawei App Store. Of
these, 299 apps were excluded because they were duplicates
(n=73), not relevant to AS (eg, many apps focused on other
chronic conditions, or were intended for other use including
online shopping, work, and games) (n=223), only for clinician
use (n=2), or could not run on the Android operating system
(n=1). Four Android apps were included for analysis. A total
of 5 apps were included in the final analysis since 2 apps were
available on both the Android and iOS operating systems (Figure
1). Since the 2 apps had the same functionalities on both the
iOS and Android operating systems, they were described once.
The 5 apps were iRheuma, Wen Wen Feng Shi, Feng Shi Mian
Yi Kou Dai Shu, Lei Feng Shi Hu Zhu, and Jian Feng Yuan.
iRheuma is an app by the SSDM, which is part of a series of
doctor-patient interactive apps developed for the
self-management of patients with chronic diseases.

Figure 1. Flow diagram for the systematic search and selection of apps from the Apple and Huawei app stores. AS: ankylosing spondylitis.

https://mhealth.jmir.org/2021/7/e27234

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e27234 | p.277
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Song & Chen

App Characteristics
The basic characteristics of the app, based on the app quality
measures, are summarized in Tables 2 and 3. All apps were
specific to people with AS, but some apps were also relevant
to other rheumatic diseases, such as rheumatoid arthritis and
gout. Two apps (40%) were developed by companies, and 2
apps (40%) by medical institutions. Four apps (80%) were last
updated in 2020, and 1 app was updated in 2018. Only 1 app,
Feng Shi Mian Yi Kou Dai Shu, described medical professionals

involvement in the development of this app. However, we did
not know if patients with AS and/or health care providers were
involved in the development of the other apps since these apps
did not provide information about their design and development.
Two app (40%) received no review, and there was only 1 app
(20%) with more than 10 app store reviews. Of the 4 Android
apps with available download data, 3 (60%) were downloaded
more than 10,000 times, and 1 (20%) was downloaded 450,000
times. All apps were free for users, and most apps (n=4, 80%)
had a privacy policy.

Table 2. Operating system, developer, version, and health care provider involvement of the included apps.
App name

Date of latest
update

iOS version

Shanghai Gete Internet
Technology Co, Ltd

Dec 2020

3.12.4

3.12.4

N/Aa

Shanghai Wenyun
Biotechnology Co, Ltd

Dec 2020

3.2.4

3.2.3

N/A

Android
Feng Shi Mian Yi Kou
Dai Shu

iOS

St. Bear Inc

May 2020

3.1

—b

Yes

Lei Feng Shi Hu Zhu

Android

Hu Ze Min Rheumatoid
Hospital of TCM

Jul 2020

—

3.8.7

N/A

Jian Feng Yuan

Android

Not stated

Dec 2018

—

2.1

N/A

iRheuma

Operating system

iOS,
Android

Wen Wen Feng Shi

a

iOS,

Developer

Android

Provider involvement

version

N/A: not applicable.

b

Not available.

Table 3. Star rating, number of reviews and downloads, cost, and privacy policy of the included apps.

a

App name

Star rating

Reviews, n

Downloads, n

Cost

Privacy policy

iRheuma

4.2 (iOS); 4.3 (Android)

54 (iOS);10 (Android)

450,000

Free

Yes

Wen Wen Feng Shi

4.4 (iOS); 5 (Android)

28 (iOS); 1 (Android)

90,000

Free

Yes

a

Feng Shi Mian Yi Kou
Dai Shu

N/A

0

N/A

Free

Yes

Lei Feng Shi Hu Zhu

3.7

2

20,000

Free

Yes

Jian Feng Yuan

N/A

0

<10,000

Free

No

N/A: not applicable.

App Functionalities
The functionalities of the included apps, based on the app quality
measures, are shown in Table 4. All apps provided educational
information about AS, including disease overview, pathogenesis
and cause, symptoms, pharmacological treatment, exercise, and
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health advice, but none were to tailored individual needs and
preferences. Four apps (80%) updated their educational
information. Of the 5 included apps, only Wen Wen Feng Shi
provided educational materials, including the pathogenesis,
cause and treatment of AS, health advice on exercise and
lifestyle, and updated medical news.
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Table 4. Functionalities of the included apps.
Functionality

iRheuma

Wen Wen Feng Shi

Feng Shi Mian Yi
Kou Dai Shu

Lei Feng Shi Hu
Zhu

Jian Feng Yuan

Educational information

✓a

✓

✓

✓

✓

Basic information record

✓

✓

✓

Communication

✓

✓

Symptom tracking

✓

✓

General or psychological health tracking

✓

Medication management

✓

Laboratory result tracking

✓

Visuals or analysis

✓

Exercise management

a

Reminders

✓

Information sharing

✓

✓

✓

Check mark indicates presence of feature.

Three apps (60%) allowed users to record their basic
information, such as gender, age, health history, and medical
record. Two apps (40%) had a communication feature. iRheuma
enabled users to directly consult doctors through text message,
telephone call, and video call, but the communication function
did not run well because many doctors did not provide online
consultation services. Jian Feng Yuan only supported
patient-patient communication via a message board.
Symptom tracking was available for 2 apps (40%): iRheuma
and Jian Feng Yuan. iRheuma assessed users’ disease activity
and functional ability using validated instrument (ie, Ankylosing
Spondylitis Disease Activity Score [ASDAS]; Bath Ankylosing
Spondylitis Disease Activity Index [BASDAI]; Bath Ankylosing
Spondylitis Functional Index [BASFI]). If patients inputted
their data, iRheuma could give patients feedback on disease
activity and function, and provide individual health advice. Jian
Feng Yuan used only the ASDAS to assess users’ disease
activity and calculated an ASDAS score.
iRheuma also provided general or psychological health tracking,
medication management, laboratory result tracking, visuals or
analysis, and reminders. iRheuma used validated instruments
(Hospital Anxiety and Depression Scale, Pittsburgh Sleep
Quality Index, Medical Outcomes Study Short Form 36-item
Health Survey) to assess patients’ health and to give them
feedback and tailored health advice. iRheuma enabled users to
record their medication and laboratory results, and to set
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reminders to take their medication. This app could create graphs
from user-reported data to track users’ symptoms and laboratory
results.
No app had an exercise management feature. Three apps (60%)
supported an information-sharing function, but they only
allowed users to share health information with other people via
WeChat, Tencent QQ, and email. Some functions of the included
apps did not run well due to technical issues. Among these apps,
iRheuma was downloaded 450,000 times more than other apps.

Additional Functionalities
Two apps (40%) supported online shopping. Users could
purchase medications, medical devices, and medical books on
these apps. One app provided questions about the Modified
New York Classification Criteria for AS [39] to screen for AS.
Two apps (40%) enabled users to make appointments with
doctors. Most apps (4/5, 80%) linked to a WeChat public
account with content and functions similar that in the app.

App Rating Based on the uMARS
Table 5 shows the uMARS ratings for all included apps. The
overall uMARS scores for the apps ranged from 2.7 to 4.2.
Three (60%) apps scored more than 3 out of 5; only iRheuma
(4.2) app scored than 4 out of 5. Information quality scores
(2.8-4.5) showed the greatest variability. The engagement scores
(2.2-3.8) were the lowest of the 4 subscales.
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Table 5. The user version of the Mobile App Rating Scale (uMARS) scores of the included apps.
App name

uMARS subscale score

Overall score

Engagement

Functionality

Aesthetics

Information quality

iOS

3.8

4.3

4.3

4.5

4.2

Android

3.8

4.3

4.3

4.5

4.2

iOS

2.6

3.5

3.7

3.5

3.3

Android

2.6

3.5

3.7

3.5

3.3

2.4

3.3

3.0

2.8

2.9

2.2

3.0

2.7

2.8

2.7

2.8

3.0

3.7

3.3

3.2

iRheuma

Wen Wen Feng Shi

Feng Shi Mian Yi Kou Dai Shu
iOS
Lei Feng Shi Hu Zhu
Android
Jian Feng Yuan
Android

Discussion
Principal Findings
This study utilized a systematic approach to identify and
evaluate 5 mHealth apps for AS management in China. We
found only 1 app (with an overall uMARS score of 4.2) that
provided comprehensive functions that adhered to
evidence-based guidelines for AS management. This result was
line with previous reviews of apps on gout and rheumatoid
arthritis [20,40]. Most apps in the study did not provide further
information regarding the development process of the apps.
Similarly, Najm et al [18] also found that the development
process of most apps were not sufficient or were not described
in the existing literature, which might raise questions about
apps’ credibility. Thus, international guidelines and regulations
for the design, development, and validation of mHealth apps
are needed in the future. Additionally, our results were in line
with previous evidence that most apps designed for patient use
did not involve health care providers or patients in the
development stage [18]. Prior evidence suggested that the
development and validation of self-management apps should
involve target users and health care providers [32,41].
The EULAR has recommended that mHealth apps should be
relevant and tailored to the individual needs of people with
rheumatic and musculoskeletal disease [32,34]. In our study,
educational information in most of the apps was not tailored to
patients’ needs and preferences. It may be that patients and
health care professionals were not involved in the development
of the apps [18]. Moreover, the educational information in some
apps was not divided into different disease modules, which may
make it difficult for users to find information on AS. We did
not systematically evaluate patient acceptability of these apps
due to lack of a quantitative assessment. Future mobile apps
should provide evidence-based educational information and
increase apps’ usability based on patients’ needs and health care
professionals’ perspectives.
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Many symptom-tracking apps for rheumatic disease did not use
validated instruments [16,29]; only 2 apps in this study used
validated instruments to track patients’ symptoms. iRheuma
used the ASDAS, BASDAI, and BASFI to track users’ disease
activity and functional ability. Moreover, iRheuma was also
able to provide feedback on users’ conditions and encourage
users to consult with doctors, which may enable users to better
understand their conditions and monitor their disease. Another
app, Jian Feng Yuan, could calculate users’ disease activity
(using the ASDAS). Both apps lacked the ability to directly
transmit data to health care providers. Although evidence has
suggested that mobile apps that use a validated instrument and
have a tracking function may be useful for patients with arthritis
for symptom monitoring [16,29], most of these apps, as well as
the ones from our study, were not assessed in clinical trials.
Thus, future studies should explore the effects of these apps on
health and economic outcomes.
In this study, 1 app had a reminder feature. Prior work has
suggested that apps with such a function may be effective in
improving medication adherence in nonadherent patients [42].
It is important to integrate this function into clinical practice.
However, the feasibility and effects of reminder apps have not
been well studied. Future studies should explore the efficacy
of reminder apps in large populations.
Of the included 5 apps, only iRheuma provided comprehensive
functions, including direct communication, health tracking,
medication management, and laboratory results tracking. These
functions may help patients better manage their conditions.
Additionally, we found that iRheuma was the most frequently
downloaded app of the 5 apps, indicating that multifunction
apps may be attractive for patients with AS. Luo et al [20]
revealed that only 25% of reviewed apps provided symptom
tracking and education for patients about management strategies
[20]. Although international guidelines have revealed the
importance of exercise for AS management [3,43,44], none of
the apps provided this function. Future studies should develop
comprehensive, evidence-based apps for patients with AS.
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The overall uMARS scores ranged from 2.7 to 4.2, indicating
inconsistent quality among the included apps. This result is
similar to previous studies reviewing mHealth apps [29,45].
Only 1 app (iRheuma) provided comprehensive functions for
AS management and was considered high quality based on the
uMARS. The 2 highest scoring apps, iRheuma (4.2) and Wen
Wen Feng Shi (3.3), were most frequently downloaded,
indicating that the high-quality apps may be useful for targeted
users. Engagement scores were lower compared to the other 3
subscales, and nearly half (2/5, 40%) of the apps were
considered to be of poor quality. Thus, future studies and
practice should improve apps’ quality for AS management,
especially engagement quality.

Strengths and Limitations
Strengths of this study included the assessment of a broad range
of app characteristics, including basic characteristics,
functionalities, and app ratings using uMARS scores. This study
also had several limitations. One limitation is that we only
focused on Chinese-language apps available on the two most
popular operating systems (Android and iOS), and thus missed
apps available in other languages or on other operating systems.
Although WeChat public accounts have been increasingly used
as mHealth tools in China [46], we did not include WeChat
public accounts for AS management, such as the Smart-phone
SpondyloArthritis Management System [11]. We searched for
apps in two of the most popular app stores (the Huawei and
Apple App Stores) for Android and iOS operating systems in
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China, but apps exclusively in other app stores (eg, Microsoft)
were not included in this study. This study also only focused
on publicly available apps. Apps available in the published
literature were not included since limited published works have
focused on apps for AS management. The uMARS does not
focus on AS management apps. Thus, we developed a list of
app quality assessment measures based on evidence-based
guidelines and recommendations for mHealth apps and AS
management. The app quality measures have not been validated,
which may limit the findings of this study.

Conclusions
This study found a lack in high-quality apps available to assist
in the management of AS in China. Only 1 out of the 5 apps
was of high quality and provided comprehensive functions to
help patients manage their conditions. Most apps lacked key
features for disease management, such as symptom tracking,
medication management, and reminders. This study only
assessed the app quality and did not evaluate the usability and
efficacy of the included apps. Future studies and clinical practice
should explore the efficacy and feasibility of mHealth apps.
International guidelines and regulations for the design,
development, validation, and implementation of mHealth apps
are also needed in the future. In the meantime, health care
providers, patients with AS, and app developers should
collaborate to develop high-quality, evidence-based apps that
consider patients’ needs and health care professionals’
perspectives.
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Abstract
Background: There is a robust market for mobile health (mHealth) apps focused on self-guided interventions to address a high
prevalence of mental health disorders and behavioral health needs in the general population. Disseminating mental health
interventions via mHealth technologies may help overcome barriers in access to care and has broad consumer appeal. However,
development and testing of mental health apps in formal research settings are limited and far outpaced by everyday consumer
use. In addition to prioritizing efficacy and effectiveness testing, researchers should examine and test app design elements that
impact the user experience, increase engagement, and lead to sustained use over time.
Objective: The aim of this study was to evaluate the objective and subjective quality of apps that are successful across both
research and consumer sectors, and the relationships between objective app quality, subjective user ratings, and evidence-based
behavior change techniques. This will help inform user-centered design considerations for mHealth researchers to maximize
design elements and features associated with consumer appeal, engagement, and sustainability.
Methods: We conducted a user-centered design analysis of popular consumer apps with scientific backing utilizing the
well-validated Mobile Application Rating Scale (MARS). Popular consumer apps with research support were identified via a
systematic search of the App Store iOS (Apple Inc) and Google Play (Google LLC) and literature review. We evaluated the
quality metrics of 19 mental health apps along 4 MARS subscales, namely, Engagement, Functionality, Aesthetics, and Information
Quality. MARS total and subscale scores range from 1 to 5, with higher scores representing better quality. We then extracted
user ratings from app download platforms and coded apps for evidence-based treatment components. We calculated Pearson
correlation coefficients to identify associations between MARS scores, App Store iOS/Google Play consumer ratings, and number
of evidence-based treatment components.
Results: The mean MARS score was 3.52 (SD 0.71), consumer rating was 4.22 (SD 0.54), and number of evidence-based
treatment components was 2.32 (SD 1.42). Consumer ratings were significantly correlated with the MARS Functionality subscale
(r=0.74, P<.001), Aesthetics subscale (r=0.70, P<.01), and total score (r=0.58, P=.01). Number of evidence-based intervention
components was not associated with MARS scores (r=0.085, P=.73) or consumer ratings (r=–0.329, P=.16).
Conclusions: In our analysis of popular research-supported consumer apps, objective app quality and subjective consumer
ratings were generally high. App functionality and aesthetics were highly consistent with consumer appeal, whereas evidence-based
components were not. In addition to designing treatments that work, we recommend that researchers prioritize aspects of app
design that impact the user experience for engagement and sustainability (eg, ease of use, navigation, visual appeal). This will
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help translate evidence-based interventions to the competitive consumer app market, thus bridging the gap between research
development and real-world implementation.
(JMIR Mhealth Uhealth 2021;9(7):e29689) doi:10.2196/29689
KEYWORDS
mobile health; mental health; behavioral health; user-centered design; evidence-based health management; smartphones; mobile
phones

Introduction
In the Digital Age, smartphones have permeated all aspects of
personal and professional life. There is a robust market for
mobile health (mHealth) apps focused on self-help for mental
health and behavioral health needs [1,2]. Despite the widespread
appeal of mHealth for mental health, we raise 2 important
considerations for its adoption. First, development and testing
of mental health apps in formal research settings are limited
and far outpaced by everyday consumer use [2-5]. Second, app
design elements such as engagement and functionality impact
whether users continue to use a mobile app for sustained
behavior change over time beyond initial download [6].
The aim of this study was to conduct a user-centered design
analysis of the usability, engagement, and quality of popular
evidence-based apps for mental health self-management utilizing
the well-established Mobile Application Rating Scale (MARS)
[7]. Previous publications have utilized the MARS to evaluate
apps on an eclectic array of health-related topics including blood
pressure, mindfulness, nutrition, diet and physical activity,
deafness and hard-of-hearing, and drug–drug interactions [8-13].
This study evaluated the quality of mental health apps that are
successful across both research and commercial sectors. We
evaluated the relationships between objective app quality,
subjective user ratings, and evidence-based behavior change
techniques. This will help inform design considerations for
mHealth researchers to maximize consumer appeal, engagement,
and sustainability.

Methods
Overview
In a recent review of consumer apps, we identified 21 mental
health self-management apps that were publicly available and
research supported [5]. Two have since been removed by the
developers, consistent with previous findings that consumer
apps are retired at a rapid rate [5]. For this pool of 19 apps, we
conducted the following data collection and analyses (February
to April 2021) to address the current study objectives: MARS
evaluations by 2 independent coders, extraction of consumer
ratings from the App Store iOS (Apple Inc) and Google Play
(Google LLC), coding of evidence-based treatment components,
and correlation analyses.
We utilized the MARS, a validated objective measure for
assessing the quality of mHealth apps [7]. The 23-item MARS
provides a total score and Engagement, Functionality,
Aesthetics, and Information Quality subscale scores. MARS
total score and subscale scores range from 1 to 5, with higher
scores representing better quality. Independent raters (NL and
https://mhealth.jmir.org/2021/7/e29689
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AO) downloaded and evaluated each app; individual item scores
were averaged between raters according to accepted standards
[11]. App consumer ratings were extracted and averaged across
App Store iOS and Google Play. We coded app content as
evidence-based behavior change techniques (ie, based in
behavior change theory or psychological interventions shown
to be efficacious or effective) or not evidence based (ie, digital
content/modules such as daily inspirational quotes that are not
a component of traditional evidence-based mental health
interventions).

Statistical Analysis
Interrater reliability was assessed using the intraclass correlation
coefficient (ICC) according to established guidelines; we ran a
2-way mixed effects, average measures model with a consistency
of agreement definition [14,15]. We calculated Cronbach α to
assess the internal consistency of the MARS [16,17]. Descriptive
statistics were used to summarize MARS scores, consumer
ratings, and number of evidence-based treatment components.
Pearson correlation coefficients were calculated to compare (1)
the MARS overall score with consumer ratings, (2) the MARS
subscale scores with consumer ratings, and (3) number of
evidence-based treatment components with MARS and
consumer ratings. All analyses were conducted in IBM SPSS
Statistics version 27.

Results
The MARS demonstrated high interrater reliability (ICC 0.97,
95% CI 0.97-0.98), and the total score had high internal
consistency (Cronbach α=.99). Table 1 shows the MARS total
score and subscale scores, mean consumer ratings obtained from
app download platforms, and number of evidence-based
treatment components for each of the 19 apps. The MARS total
mean score for all apps was 3.52 (SD 0.71; range 2.22-4.32).
The MARS subscale mean scores were as follows: Engagement,
3.98 (SD 0.82; range 2.30-4.80); Functionality, 3.42 (SD 0.80;
range 2.00-4.63); Aesthetics, 3.23 (SD 0.90; range 1.67-4.67);
and Information Quality, 3.47 (0.69; range 2.00-4.29).
Average consumer ratings across the App Store iOS and Google
Play were 4.22 (SD 0.54; range 3.24-4.86). Average number of
evidence-based treatment components was 2.32 (SD 1.42; range
1-5). Notably, 8/19 (42%) of apps consisted of a singular
approach to treatment (ie, had only 1 evidence-based treatment
component). Headspace had both the highest MARS total score
and highest consumer rating, and is a unimodal intervention
that teaches mindfulness meditation for emotion regulation and
health behavior change.
Each of the MARS subscales was significantly correlated with
each other (r=0.63-0.88, P<.01) and the MARS total score
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(r=0.84-0.91, P<.001). Consumer ratings were correlated with
the MARS Functionality subscale (r=0.74, P<.001; Figure 1),
Aesthetics subscale (r=0.70, P<.01; Figure 2), and total score

(r=0.58, P=.01; Figure 3). Number of evidence-based treatment
components was not significantly associated with MARS scores
(r=0.09, P=.73) or average consumer ratings (r=–.33, P=.17).

Table 1. MARS scores, consumer ratings, and number of evidence-based treatment components.
App name

MARS scores

Consumer ratings

Total number of
evidence-based
components

Engagement

Functionality

Aesthetics

Information
quality

Total
score

Average user Total number of
ratings
ratings

10% Happier

3.80

4.50

4.33

3.43

4.02

4.80

96,707

3

AEON Mindfulness

2.80

3.00

2.17

2.71

2.67

4.00

45

1

Calm

4.60

4.13

4.67

3.43

4.21

4.66

1,431,242

1

DeStressify

4.10

3.00

2.33

3.36

3.20

4.15

17

3

Habitica

4.20

3.00

3.00

2.57

3.19

4.28

19,354

1

Happify

4.50

3.75

3.67

3.57

3.87

4.22

5615

4

Headspace

4.40

4.25

4.33

4.29

4.32

4.86

861,451

1

MindSurf

3.00

2.00

1.67

2.21

2.22

3.24

18

4

MoodMission

4.50

2.25

2.67

3.86

3.32

3.31

203

5

One Moment Medita- 2.30
tion

2.38

2.33

2.00

2.25

4.81

1281

1

Pacifica/Sanvello

4.80

4.00

4.17

4.00

4.24

4.62

32,749

5

Provider Resilience

3.40

3.25

3.00

4.00

3.41

3.43

43

2

PTSD Coach

4.60

3.75

4.00

4.07

4.11

4.66

1781

3

Smiling Mind

3.60

3.50

3.50

4.07

3.67

3.86

3600

2

Stop, Breathe and
4.60
Think/MyLife Meditation

4.13

3.83

3.79

4.09

4.68

39,329

1

SuperBetter

4.60

4.00

3.67

4.07

4.00

4.50

12,737

1

T2 Mood Tracker

2.40

2.25

2.00

2.71

2.34

3.60

1875

1

Virtual Hope Box

4.80

3.25

2.50

4.00

3.64

3.86

1133

3

Woebot

4.60

4.63

3.50

3.71

4.11

4.73

13,041

2
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Figure 1. MARS Functionality subscale score × consumer rating scatterplot of 19 apps with variations in bubble size proportionate to app’s total
number of consumer ratings. MARS: Mobile Application Rating Scale.
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Figure 2. MARS Aesthetics subscale score × consumer rating scatterplot of 19 apps with variations in bubble size proportionate to app’s total number
of consumer ratings. MARS: Mobile Application Rating Scale.
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Figure 3. MARS total score × consumer rating scatterplot of 19 apps with variations in bubble size proportionate to app’s total number of consumer
ratings. MARS: Mobile Application Rating Scale.

Discussion
Principal Findings
In this paper, we described an analysis of the usability and
quality of popular research-supported consumer mental health
apps using the MARS which provides a bite-sized synthesis of
app usability and quality that are easily accessible to consumers
and researchers alike [1,18]. The mental health apps we
evaluated were of good quality overall. We observed overall
MARS scores that were comparable to other reviews of
self-management apps [12,19,20]. Previous research has
compared MARS scores with consumer ratings for various
health-related apps; results varied in whether MARS scores
were correlated with consumer ratings [8,9,12].
With regard to popular research-supported mental health apps,
we draw the following conclusions: First, we found that
consumer ratings were related to objective quality of the app
overall. This suggests alignment between subjective assessment
of quality by app users and objective assessment of quality by
researchers. Second, consumer ratings were related to
https://mhealth.jmir.org/2021/7/e29689
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functionality and aesthetics. This suggests that design elements
such as ease of use, navigation, graphics, and visual appeal may
be more likely to impact the positivity of the user experience.
Third, evidence-based treatment components were not associated
with app quality or consumer ratings, and almost half of the
apps had a singular skill focus. This suggests that quantity of
evidence-based behavior change techniques designed and tested
in traditional face-to-face mental health interventions is not
what appeals to app consumers. Perhaps unimodal rather than
multimodal intervention approaches lend themselves better to
a self-guided format and decreases user burden.

Limitations
This study did not evaluate all mental health apps available for
public download, nor would it be feasible to do so. Rather, our
analysis focused on a small targeted subset of apps identified
in a prior publication that we utilized to address a new research
question focused on objective and subjective app quality and
user-centered design considerations for engagement and
sustainability. Thus, our analysis may not represent the whole
of all available resources. Apps were limited to English language
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e29689 | p.290
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that were available in the United States, downloadable on major
app platforms, and with peer-reviewed publications.

Conclusions and Implications
We found that objective app quality—and functionality and
aesthetics in particular—was highly consistent with consumer
appeal. Quantity of evidence-based—and presumably
effective—behavior change techniques was not associated with
app quality or consumer appeal. To translate evidence-based
interventions to the competitive consumer app space, researchers

Lau et al
should prioritize aspects of design that impact the user
experience such as ease of use, navigation, graphics, and visual
appeal. This work may be informed by user-centered design
approaches in which iterative development of apps prioritize
end user’s needs in the contexts in which the intervention will
be implemented [21]. In addition, the complexity of
evidence-based multimodal interventions may hinder chances
of mHealth adoption. Adapting and optimizing design features
to the individuals and settings that are unique to the digital space
will help engage and retain users over time.
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Abstract
Background: Globally, 3.7 million people die of sudden cardiac death annually. Following the World Health Organization
endorsement of the Kids Save Lives statements, initiatives to train school-age children in basic life support (BLS) have been
widespread. Mobile phone apps, combined with gamification, represent an opportunity for including mobile learning (m-learning)
in teaching schoolchildren BLS as an additional teaching method; however, the quality of these apps is questionable.
Objective: This study aims to systematically evaluate the quality, usability, evidence-based content, and gamification features
(GFs) of commercially available m-learning apps for teaching guideline-directed BLS knowledge and skills to school-aged
children.
Methods: We searched the Google Play Store and Apple iOS App Store using multiple terms (eg, cardiopulmonary resuscitation
[CPR] or BLS). Apps meeting the inclusion criteria were evaluated by 15 emergency health care professionals using the user
version of the Mobile Application Rating Scale and System Usability Scale. We modified a five-finger mnemonic for teaching
schoolchildren BLS and reviewed the apps’ BLS content using standardized criteria based on three CPR guidelines. GFs in the
apps were evaluated using a gamification taxonomy.
Results: Of the 1207 potentially relevant apps, only 6 (0.49%) met the inclusion criteria. Most apps were excluded because the
content was not related to teaching schoolchildren BLS. The mean total scores for the user version of the Mobile Application
Rating Scale and System Usability Scale score were 3.2/5 points (95% CI 3.0-3.4) and 47.1/100 points (95% CI 42.1-52.1),
respectively. Half of the apps taught hands-only CPR, whereas the other half also included ventilation. All the apps indicated
when to start chest compressions, and only 1 app taught BLS using an automated external defibrillator. Gamification was well
integrated into the m-learning apps for teaching schoolchildren BLS, whereas the personal and fictional, educational, and
performance gamification groups represented most GFs.
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Conclusions: Improving the quality and usability of BLS content in apps and combining them with GFs can offer educators
novel m-learning tools to teach schoolchildren BLS skills.
(JMIR Mhealth Uhealth 2021;9(7):e25437) doi:10.2196/25437
KEYWORDS
cardiopulmonary resuscitation; basic life support; mobile learning; mobile phone; gamification; schoolchildren

Introduction

Methods

Background

Searching, Screening, and Reviewing of Commercially
Available Apps

Sudden cardiac arrest is a leading cause of mortality, responsible
for 3.7 million deaths per year [1-5]. Most deaths occur in the
community and can be prevented with basic life support (BLS)
[6], specifically cardiopulmonary resuscitation (CPR), which
doubles the chances of survival [6-8]. The European
Resuscitation Council (ERC) [9] and American Heart
Association (AHA) [10] guidelines recommend that lay persons
respond immediately after a patient collapses and before the
arrival of emergency paramedic personnel; however, CPR
bystander response rates are <50%, primarily because of low
self-efficacy and knowledge of safely conducting CPR by the
lay public [6,11,12].
Following the World Health Organization endorsement of the
Kids Save Lives statement [13], initiatives to include BLS
training in primary and secondary schools have been
implemented in the hope of increasing rates of bystander CPR
[14-16]. Early findings demonstrate that when schoolchildren
were educated in BLS, bystander rates of CPR have doubled
[17]. Proponents of educating schoolchildren in BLS can do so
using interactive digital technologies, including mobile learning
(m-learning) [18,19] with gamification features (GFs) [20,21].
Gamification, popularly defined as “the use of game design
elements in non-game contexts,” [20] has emerged as a means
of harnessing competitiveness by integrating gamification
elements such as leaderboards, rewards, badges, avatars, and
competitions to engage and motivate consumers [21,22]. The
most common tools for teaching BLS to schoolchildren include
self-made games [23-25], posters [26], songs [27], and manikins
[23,28,29].

Objectives
The ERC guidelines for resuscitation recommend that the use
and development of technology and social media should be
encouraged and the impact, assessed [30]. Reviews of apps
offering real-time instructions for adult learning and bystander
CPR have been published [31,32]; however, they exclude
school-aged children. This study aims to systematically evaluate
the quality, usability, evidence-based content, and gamification
features of commercially available m-learning apps for teaching
guideline-directed BLS knowledge and skills to school-aged
children.
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We conducted a systematic search of commercially available
apps using a rigorous methodology that has been previously
published [33,34]. The PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analyses) checklist [35] is
available in Multimedia Appendix 1. We searched the Google
Play Store [36] (for Android apps) and the App Store (for Apple
iOS apps) [37] in May 2020. We created inclusion criteria
including the population (schoolchildren aged 6-13 years),
intervention (free apps without in-app purchases that contain
GFs for schoolchildren to learn CPR), and outcomes (app
contents for teaching CPR by emergency health care
professionals) [38].
Our search strategy was conducted in three rounds. First, the
apps were searched using search strings (cardiopulmonary
resuscitation, CPR BLS, CPR BLS kids game, CPR BLS game,
and CPR BLS kids). After removing duplicates, the apps were
screened based on their title, icons, screenshots, photography,
pictures, videos, and descriptions by 2 independent investigators.
During this round, apps were excluded based on three criteria:
(1) irrelevant to BLS, m-learning, and gamification; (2)
irrelevant to BLS, relevant to m-learning and gamification; and
(3) irrelevant to m-learning and gamification, relevant to BLS.
In the third round, the apps were downloaded onto the Samsung
Galaxy S8 (Android 9.0 Pie) and iPhone 7 (iOS 12.3.1 Apple
Inc) mobile phones for Android and iOS apps, respectively, and
content was fully reviewed. During this round, apps were
excluded based on nine criteria: (1) without or only one GF, (2)
irrelevant to BLS, (3) need of specific equipment, (4) without
app interaction, (5) technical problems, (6) not for free, (7) not
available, (8) not targeting schoolchildren age, and (9) not in
English. To ensure consistency, when discrepancies arose, a
consensus was reached through discussion by the researchers.
The PRISMA flow diagram [35] was used to represent the
selection of the included and excluded apps (Figure 1). If the
apps were found in both the Google Play Store [36] and Apple
App Store [37], they were reviewed in the Google Play Store
[39].
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Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram of app selection. BLS: basic life support.

Evaluator’s Recruitment
The inclusion criteria for the selection of emergency health care
professionals were as follows: above 18 years, CPR training
certification by an established medical association, and more
than 5 years of experience teaching emergency medicine. A
total of 15 emergency health care professionals rated each app
independently in a laboratory environment using two validated
rating tools, the user version of the Mobile Application Rating
Scale (uMARS) [40] and System Usability Scale (SUS) [41].
The duration of each app review was recorded, and 3 additional
https://mhealth.jmir.org/2021/7/e25437
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investigators with expertise in consumer health informatics and
emergency medicine reviewed each app and rated them for BLS
content.

Ethics Approval
The study was conducted in a central European country
(Slovenia). All emergency health care professionals signed
informed consent to participate, and ethics approval was
obtained from the two Health Care Centre in the north-eastern
part of Slovenia.
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Measures and Rating Tools
Rating Tools for App Quality and Usability
uMARS provides a multidimensional measure of performance
indicators, functionality, esthetics, and quality of information.
Apps’ subjective quality was not assessed. All items were rated
on a 5-point Likert scale ranging from 1 (inadequate) to 5
(excellent). The SUS includes 10 statements on a 5-point Likert
scale with both positive and negative statements about usability.
The total score for the SUS is 100 points, which is divided into
six usability categories including worst imaginable (0-25 SUS
score), poor (25.1-51.6 SUS score), ok (51.7-62.6 SUS score),
good (62.7-72.5 SUS score), excellent (72.6-84.0 SUS score),
and best imaginable (84.1-100 SUS score) [42-44]. The uMARS
and SUS have been used in similar studies [31,32,34,45-47].

Rating Tool for BLS-Related Content Based on CPR
Evidence
In total, 3 investigators evaluated evidence-based BLS in each
app using the ERC [9,48], AHA [10,49], and Australian
Resuscitation Council [50] guidelines for teaching BLS. On the
basis of these guidelines, the team identified 17 discrete BLS
contents and divided them into five groups based on the
Slovenian Resuscitation Council five-finger BLS teaching
mnemonic for teaching first responders BLS [51]: (1) safety (1
item, BLS1), (2) consciousness (2 items, BLS2-3), (3) breathing
and call (4 items, BLS4-7), (4) CPR (9 items, BLS8-16), and
(5) defibrillation (1 item, BLS17), as shown in Multimedia
Appendix 2 [9,10,48,49,51]. The five-finger BLS teaching
mnemonic is based on two well-known ways of remembering
CPR: (1) DRSABCD (pronounced drs A-B-C-D; danger,
responses, send, airway, breathing, CPR, defibrillation) [52]
action plan and (2) chain of survival [53]. The scoring system
included one point if the BLS content was correctly implemented
based on the BLS guidelines. We used a digital metronome to
compare the frequency of chest compressions in apps.

Rating Tool for GFs in Apps
We modified gamification taxonomy [54,55] into five
gamification groups, where each group represented different
GFs: (1) ecological (4 GFs, GF1-4), (2) social (3 GFs, GF5-7),
(3) personal and fictional (7 GFs, GF8-14), (4) performance (8
GFs, GF15-22), and (5) educational (4 GFs, GF23-26). The
purpose of this gamification taxonomy is to evaluate m-learning
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environments such as apps. Each gamification group has a
different relationship with the environment and learners in the
form of implementation (ecological group), interaction (social
group), usage (personal and fictional group), response
(performance group), and knowledge (educational group). A
total of 26 GFs were included in the final gamification
taxonomy, as presented in Multimedia Appendix 3 [54,55]. The
gamification rating was classified using a dummy coding [56]
by 2 investigators, one point for inclusion of gamification
taxonomy, no points for no gamification taxonomy, and 0.5
points for partial implementation of gamification taxonomy.

Data Analysis
We used Microsoft Office Professional 2016, R (version 3.6.0,
R Foundation for Statistical Computing), SPSS Statistics for
Windows (version 27.0, IBM Corp), and Inkscape 1.0 (Inkscape
Developers, GNU General Public License) to analyze and
visualize the results. The interrater reliability for uMARS and
SUS was calculated using the intraclass correlation coefficient
(ICC2, k; intraclass correlation coefficient, two-way random,
average measures, and absolute agreement) [57,58].

Results
Overview
We identified 1207 apps. The PRISMA flow diagram presents
the process of selecting and scanning apps using the inclusion
and exclusion criteria. After removing duplicates from multiple
search strings from web-based mobile smartphone stores,
63.29% (764/1207) apps remained; 4.88% (59/1207) apps were
relevant to BLS, m-learning, and gamification. After applying
all the inclusion and exclusion criteria, 0.49% (6/1207) apps
were included in the final evaluation (Figure 1).
All apps were classified into the educational category by the
Google Play Store. Half of the apps had a disclaimer that the
app was made for educational purposes only and was not a
substitute for accredited BLS training. Only 2 apps required
registration. Apps were developed across multiple countries,
including Australia, Italy, Finland, China, and the United States.
All apps were developed in collaboration with one or more
health care organizations (Table 1 and Multimedia Appendix
4).
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Table 1. Description of the included apps.
Full App Name

Health care organization collaborator Country, BLSa guideline organization

First Aid Action Hero [59] St John Ambulance Australia (Victo- Australia (St John Ambulance Ausria)
tralia)

One scenario in which the user performed BLS, first on a conscious and
second on an unconscious animated cartoon figure

CPR APP [60]

Emergency Medicine Unit, Li Ka
United States (American Heart Associ- No scenario. In the simulation environShing Faculty of Medicine, The Uni- ation)
ment, the user performed BLS on an anversity of Hong Kong
imated human figure

Everyday Lifesaver [61]

Life Saving Victoria Limited

A Breathtaking Picnic [62] The Italian Resuscitation Council

ReLIVe Responder [63]

Australia (St John Ambulance Australia)

Three scenarios in which the user performed BLS on a drowned adult, a
drowned child, and an unconscious animated cartoon figure

Italy (The Italian Resuscitation Council)

Two scenarios in which the user performed BLS on an animated animal that
was choking and one that experienced
cardiac arrest

The University of Pittsburgh, Depart- United States (American Heart Associ- Two scenarios in which the user perment of Emergency Medicine
ation)
formed BLS on an unconscious and a
conscious animated human figure

Responder Rescuebusters: Emergency Response Centre Agency Finland (Finnish Recovery Council)
Fire and First-Aid [64]
Finland, Finnish Recovery Council,
Finnish Fire Officers’ Association’s
a

Description of BLS scenarios

One scenario in which the user performed BLS on an animated human figure that experienced cardiac arrest

BLS: basic life support.

Most apps targeted children aged above 4 years of age, and 1
app—A Breathtaking Picnic [62]—targeted schoolchildren aged
between 6 and 8 years. All the apps had a Pan European Game
Information 3 certificate [65]. According to game genres [65],
3 apps were developed as animated tutorials, 2 apps were
developed as simulations, and 1 app was developed as a virtual
world; 2 apps represented the first responder as virtual characters
(eg, animated boy or animal), and an animated victim was
included in each app (Table 1).

uMARS Quality and SUS Usability Rating
A total of 15 emergency health care professionals participated
(3 females and 12 males) in evaluating apps using uMARS and
SUS. In total, 40% (6/15) of the participants were nurses, 27%
(4/15) were nurses with a master’s degree, and 33% (5/15) were
physicians. Overall, the mean age of emergency health care
professionals was 36 years. All emergency health care
professionals had an Advanced Life Support (ALS) certificate
provided by the ERC, and their mean professional experience
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was 13 years. All emergency health care professionals own and
were proficient daily users of mobile smartphones.
The mean total uMARS rating of apps was 3.2/5 (95% CI
3.0-3.4), and the details across the four domains are shown in
Multimedia Appendix 5. The mean testing app time was 9.5
minutes. The most time-consuming app was the Everyday
Lifesaver [61] app (mean 24 minutes) because the app included
multiple features for evaluation. Interrater reliability between
emergency health care professionals was good for the overall
uMARS score (ICC2,k 0.8, 95% CI 0.8-0.9; Tables 2 and 3;
Multimedia Appendix 6) but poor for overall SUS score (ICC2,k
0.3, 95% CI 0.03-0.5). The A Breathtaking Picnic [62] app had
the highest mean SUS score (54.8 points). The mean SUS score
of all assessed apps was 47.1/100 (95% CI 42.1-52.1) points.
The usability of the apps was rated from poor to ok. The mean
SUS score of the apps is indicated by a red dashed line. The six
bands in the Figure 2 indicate the six levels of SUS categories
of usability.
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Table 2. User version of the Mobile Application Rating Scale results and time spent on each app.
Full app name

a

uMARSa section

Timeb

Engagement

Functionality

Aesthetics

Information

Overall app quality

First Aid Action Hero [59]

3.7

4.0

4.0

3.9

3.9

12

CPR APP [60]

3.1

3.7

3.2

3.7

3.4

7

Everyday Lifesaver [61]

3.5

3.0

3.7

3.5

3.4

24

A Breathtaking Picnic [62]

2.9

3.5

4.1

3.7

3.5

5

ReLIVe Responder [63]

2.8

3.6

3.2

3.5

3.3

5

Responder Rescuebusters:
Fire and First-Aid [64]

3.4

3.4

3.6

3.2

3.4

4

uMARS: user version of the Mobile Application Rating Scale.

b

Mean time for testing apps (in minutes).

Table 3. Mean scores and intraclass correlation coefficients of the user version of the Mobile Application Rating Scale and time spent on each app.
Score, mean (95% CI)

ICC2, ka (95% CI)

Engagement

3.2 (3.0-3.4)

0.9 (0.8-0.9)

Functionality

3.5 (3.4-3.7)

0.7 (0.5-0.8)

Aesthetics

3.6 (3.4-3.8)

0.8 (0.6-0.9)

Information

3.6 (3.4-3.8)

0.8 (0.6-0.9)

Overall app quality

3.2 (3.0-3.4)

0.9 (0.8-0.9)

Time for testing apps (min)

9.2 (7.7-10.7)

N/Ac

Variable
uMARSb section

a

ICC2,k: intraclass correlation coefficient; two-way random, average measures, absolute agreement.

b

uMARS: user version of the Mobile Application Rating Scale.

c

N/A: not applicable.

Figure 2. System Usability Scale results in the form of a box plot for each review app. SUS: System Usability Scale.
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Evidence-Based BLS Content
The overall evaluation of evidence-based BLS content in the
apps was poor to average based on expert consensus. Within
each of the five categories, there were inconsistencies regarding
mapping to the ERC [9,48], AHA [10,49], and Australian
Resuscitation Council [50] guidelines for teaching BLS (Figure
3 and Multimedia Appendix 2). In the safety category, 50%
(3/6) of the apps included checking for safety. For
consciousness, most apps (4/6, 67%) included checking for

Fijačko et al
responsiveness. Within the breathing and call category, the vast
majority (5/6, 83%) included calling the emergency number or
asking someone to call them; however, none of the apps included
placing the patient in the right recovery position. In the CPR
category, half of the apps taught hands-only CPR, whereas the
other half also included ventilation, which is inconsistent with
the most recent BLS guidelines internationally. Only 1 app
included teaching BLS using an automated external defibrillator
(AED). In the 4 apps, the chest compression frequency was set
to 100 beats per minute.

Figure 3. Basic life support groups and percentages of basic life support contents in the apps. AED: automated external defibrillator; BLS: basic life
support; CPR: cardiopulmonary resuscitation.
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Gamification Features
The most common GFs in apps were in personal and fictional
(32%), performance (28%), and educational (22%; Figure 4

Fijačko et al
and Multimedia Appendix 3) gamification groups. One of the
most integrated GFs in the apps for teaching schoolchildren
BLS was feedback and sensation or stimulation (both 8%).

Figure 4. Gamification groups and features in all the apps. GF: gamification feature.

Discussion
Principal Findings
We conducted a systematic evaluation of the quality, usability,
evidence-based content, and GFs of commercially available
m-learning apps for teaching guideline-directed BLS knowledge
and skills to school-aged children. Overall, the quality of the
apps was average based on the uMARS, the usability was poor
to ok based on the SUS, and the quality of the content was poor
to average in terms of alignment with international BLS
guidelines, and GFs were well represented across the
gamification taxonomy.

Quality and Usability of Apps
Many of the apps analyzed in this review were not high-quality
apps according to the uMARS tool. Overall, the lowest mean
uMARS score was represented in the engagement section,
evaluating entertainment, interest, customization, interactivity,
and target group. Future apps could learn from this review by
https://mhealth.jmir.org/2021/7/e25437
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ensuring that user engagement is prioritized during the
development phase. From a customization perspective, some
personal app options (eg, selecting gender or adding names of
a player) or BLS options such as changing BLS victims or
scenarios, including or excluding ventilation as a part of CPR,
and varying chest compression frequency should be added.
Nevertheless, the information section represented the highest
uMARS score, and app developers should consider adding more
relevant evidence-based BLS contents to BLS m-learning apps.
Relevant to functionality and esthetics, schoolchildren prefer
visually attractive apps [22] with high levels of interactivity
[66-68] and a relatable storyline (eg, bicycle accident) that
evokes empathy for the victim [26]. However, in this study, the
quality of visual esthetics was inversely proportional to the
app’s learnability and usability. Of the 6 apps examined with
the SUS tool, the app A Breathtaking Picnic [62] had the highest
mean usability score. Educators must consider a few critical
aspects of choosing the most usable m-learning app for teaching
BLS to schoolchildren. Currently, there is no single app
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available that is appropriate for teaching BLS to all children
aged 8-18 years. On the basis of this review, we recommend
using the A Breathtaking Picnic [62] app (54.8 points) for
teaching schoolchildren aged 6-8 years, the First Aid Action
Hero [59] app (40.1 points) for children aged 8-10 years, and
the Everyday Lifesaver [61] app (45.7 points) for children aged
11-18 years. Apps with SUS scores higher than 82 have a
considerable chance of being recommended to a colleague [32];
in this review, none of the apps achieved this score.

Evaluation of Evidence-Based BLS Content
This review represented the poor-to-average quality of BLS
content regarding international BLS guidelines [9,10,48-50].

Five-Finger BLS Teaching Mnemonic
We classified BLS training for schoolchildren using a modified
version of the five-finger BLS teaching mnemonic [26,49],
including (1) safety, (2) consciousness, (3) breathing and call,
(4) CPR, and (5) defibrillation (Figure 3).

Safety
In terms of safety, only half of the apps were designed to check
whether the area was safe before approaching the victim. All
BLS guidelines reinforce the importance of ensuring safety for
first responders, victims, and bystanders [9,10,48-50].

Consciousness
Consciousness, in most apps, was assessed by checking the
victim’s responsiveness to the question, “Are you all right?”
and gently shaking the victim. For example, in the Everyday
Lifesaver [61] app, responsiveness is taught using the acronym
COWS [50,69] (“Can you hear me?”, “Open your eyes,”
“What’s your name?”, and “Squeeze my hand”). Studies have
shown that schoolchildren do not have problems in correctly
assessing consciousness [24,26,70,71].

Breathing and Call
As recommended in the CPR guidelines [9,10,48-50], for the
breathing and call category, the head tilt–chin lift maneuver is
generally well taught in the apps, except when the jaw has to
be lifted upward to bring the chin forward and the teeth almost
to occlusion. Most apps included calling the emergency number
or asking somebody to call them; however, none of the apps
correctly showed the process of moving the victim into the right
recovery position or turning away from the rescuer (Figure 3).
A problem with most apps is teaching the look, listen, and feel
method for signs of breathing discretely. Importantly, in the
context of the COVID-19 pandemic, the head tilt–chin lift
maneuver and look, listen, and feel method is no longer
recommended in the 2020 guidelines [72]. Most apps do not
emphasize abnormal types of breath; only the ReLIVe Responder
[63] app and Everyday Lifesaver [61] app provide information
about agonal breathing or gasping or gurgling, as was shown
in a study conducted in 2018 [32].
Most apps correctly demonstrated how to make an emergency
service call using the speakerphone function. For example, in
the Everyday Lifesaver [61] app game scenario, the mock
operator’s questions are based on the 5 Ps (place, phone number,
problem, people, and progress). Most schoolchildren can
https://mhealth.jmir.org/2021/7/e25437
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correctly remember the information needed to make emergency
calls [73-75].

CPR
Chest Compression
The most common BLS content included in apps was chest
compressions. According to the modified CPR guidelines [72],
hands-only CPR is recommended to decrease the risk of
COVID-19 infection. Chest compressions were typically
indicated by a circle on the chest for each compression. The
major problem is that the area for pressing frequently does not
correspond with the correct anatomical location, and this could
provide users with misleading visual information, especially
schoolchildren. As such, the biggest limitation of the apps
overall is the gestural design of chest compressions, especially
because there is no universal gestural design. In addition, GFs
focus on users’ attention to pressing a specific circle rather than
focusing on the victim. Similarly, in a real scenario, there are
no clear indicators of where to compress, and not knowing
appropriate anatomical landmarks could create confusion. This
is further complicated by the fact that most of the victims were
cartoon animals, so specific locations for chest compressions
are unclear when translated to humans.
An alternative approach to indicating the point for compression
using a circle is to interact with the phone by holding the
smartphone in the palm, facing up, and moving it up and down
with the chest compressions. This method facilitates immediate
visual feedback on how chest compressions should be
performed. A limitation of the apps was that the compression
site was inconsistently labeled, leading to inaccurate hand and
arm positions. According to a study conducted in 2019,
consistency with hand and arm positions is critical for chest
compression accuracy [76]. According to the CPR guidelines
[9,10,48-50], chest compressions should be at least 5-6 cm in
depth, at a rate of 100-120 compressions per minute (2 per
second). In general, the apps provided appropriate BLS
information regarding the depth and rate of chest compression.
On average, the frequency of chest compressions was set to 100
beats per minute and could not be changed to higher frequency
rates. Only a few apps emphasize chest recoil and fraction. One
of the challenges for schoolchildren is having the strength to
perform chest compressions [77]. Even if a child is not
physically able to perform chest compressions, they can still
learn the fundamentals of BLS and are capable of learning
comprehensive BLS content and selecting skills [29,78].
Ventilation
Our results indicate that half of the apps do not include steps
for ventilation when teaching CPR. Those that do include
ventilation provide accurate BLS contents about how to perform
mouth-to-mouth ventilation. However, ventilation volume and
verification of chest rising are poorly integrated into the
ventilation part of CPR. A study from 2019 indicated that
teaching schoolchildren ventilation requires more teaching time,
and it is harder to establish good quality BLS results [76]. Apps
that teach ventilation as a part of CPR are more time-consuming;
however, they also adhere more closely to the BLS guidelines.
In addition, according to the modified CPR guidelines,
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mouth-to-mouth ventilation is not recommended to decrease
the risk of COVID-19 infection [72].

BLS and that schoolteachers are more appropriately positioned
to teach schoolchildren than health care professionals [92,93].

Defibrillation

Using gamified learning features, educators can expect changes
in psychomotor, cognitive, and affective learning outcomes
[82,83,94]. A systematic review [65] demonstrated that
knowledge acquisition and retention of content, productive
learning experience, and motor skills are all improved when
GFs are incorporated into m-learning. Therefore, learning BLS
should include both knowledge transfer and the motivation to
perform BLS. We conclude that m-learning has the potential to
be used to enhance BLS education for schoolchildren by
improving the retention of BLS knowledge.

Overall, the use of AEDs was poorly represented. Only the
Everyday Lifesaver [61] app included AEDs for teaching
schoolchildren BLS training. A study reported that using an app
that provides AEDs may be beneficial in terms of performance
and security but at the cost of delivering a shock [79]. However,
a small proportion of the schoolchildren without previous
training could use an AED correctly in less than 3 minutes
following the device’s acoustic and visual instructions [80].

GFs in Apps
Recently, gamified m-learning has become increasingly popular
in various medical and educational contexts, including BLS
training [81-83]. Through gamification, not only can apps create
a mindset that encourages schoolchildren to try new things
without being afraid of failing [84,85] but it also enables
schoolchildren to engage in the learning experience.
Personal and fictional, educational, and performance GFs were
the most represented in apps for teaching BLS to schoolchildren.
Gamification audio or visual BLS feedback features, levels and
stages in the way of BLS steps, and sensation in a sort of
stimulation were well integrated into apps for teaching
schoolchildren BLS. Knowledge retention plays an important
role in teaching BLS [22,86-88]; only two apps (eg, the
Everyday Lifesaver [61] app) included knowledge retention in
the form of repeated BLS content. It is recommended that
retention content be integrated into apps because of the rapid
deterioration of BLS skills after training.
Schoolchildren today have high smartphone literacy, but less
is known about educators. To use m-learning to teach BLS to
schoolchildren, educators must feel confident about the platform.
Some resuscitation councils, such as the Italian Resuscitation
Council [89] or recently ERC [90], have already recognized
that m-learning is a new trend in education and are starting to
emphasize m-learning in the future resuscitation teaching
guidelines. The most recent ERC draft guidelines [91]
recommend that schoolchildren need supervision for learning

Limitations
We deliberately selected emergency health care professionals
and not schoolteachers to review the apps because we were
focused on adherence to evidence-based guidelines for
educational purposes. There were also a small number of final
apps, probably as a result of our prespecified criteria, including
focusing on a target population below 13 years of age and free
apps. In addition, a few apps were excluded because of
limitations in language design (eg, Held: Reanimatie Game, in
Dutch) [95] and the area where the study was conducted (eg,
the First Aid Skills app is available only in Australia) [96].
Finally, all of the apps were developed before the COVID-19
pandemic; therefore, COVID-19–specific modifications to BLS
content were not included.

Future Research
The results of this study provide opportunities for developing
an app for teaching BLS to schoolchildren. The First Aid Action
Hero [59] app and A Breathtaking Picnic [62] app have potential
to be part of a randomized controlled study in which the effects
of m-learning on knowledge retention, motor skills, and
motivation to perform BLS can be evaluated.

Conclusions
Our study represents an opportunity to include m-learning apps
for teaching BLS to schoolchildren. Using an adapted five-finger
BLS teaching mnemonic and m-learning with GFs, there is
tremendous potential for teaching BLS to schoolchildren to
improve survival rates of cardiac arrest.
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Abstract
Background: Telemedicine, including video-, web-, and telephone-based interventions, is used in adult and pediatric populations
to deliver health care and communicate with patients. In the realm of hematology, telemedicine has recently been used to safely
and efficiently monitor treatment side-effects, perform consultations, and broaden the reach of subspecialty care.
Objective: We aimed to synthesize and analyze information regarding the feasibility, acceptability, and potential benefits of
telemedicine interventions in malignant and nonmalignant hematology, as well as assess the recognized limitations of these
interventions.
Methods: Studies were identified through a comprehensive Medical Subject Headings (MeSH) search on the PubMed MEDLINE,
Controlled Register of Clinical Trials (Cochrane CENTRAL from Wiley), Embase, and CINAHL (EBSCO) databases on February
7, 2018. A second search, utilizing the same search strategy, was performed on October 1, 2020. We followed the Preferred
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) guidelines in the reporting of included evidence. Included
studies were original articles researching the feasibility, acceptability, and clinical outcomes of telemedicine or telehealth
interventions in pediatric or adult populations with malignant or nonmalignant hematological conditions. Data items in the
extraction form included first author name, publication year, country, malignant or nonmalignant hematological condition or
disease focus of the study, participant age, participant age subgroup (pediatric or adult), study design and setting, telemedicine
intervention type and description, study purpose, and main study outcomes.
Results: A total of 32 articles met the preset criteria and were included in this study. Most (25/32) studies were conducted in
adults, and the remaining (7/32) were conducted in the pediatric population. Of the 32 studies, 12 studied malignant hematological
conditions, 18 studied nonmalignant conditions, and two studied both malignant and nonmalignant conditions. Study types
included pilot study (11/32), retrospective study (9/32), randomized controlled trial (6/32), cross-sectional study (2/32), case
study (1/32), pre-post study (1/32), noncomparative prospective study (1/32), and prospective cohort study (1/32). The three main
types of telemedicine interventions utilized across all studies were video-based (9/32), telephone-based (9/32), and web-based
interventions (14/32). Study results showed comparable outcomes between telemedicine and traditional patient encounter groups
across both pediatric and adult populations for malignant and nonmalignant hematological conditions.
Conclusions: Evidence from this review suggests that telemedicine use in nonmalignant and malignant hematology provides
similar or improved health care compared to face-to-face encounters in both pediatric and adult populations. Telemedicine
interventions utilized in the included studies were well received in both pediatric and adult settings. However, more research is
needed to determine the efficacy of implementing more widespread use of telemedicine for hematological conditions.
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Introduction
Globally, we are facing a growing shortage of specialist
physicians, coupled with inequity in patient access to quality
care [1-3]. In America alone, only 30 specialists practice for
every 100,000 people living in rural communities compared to
263 specialists in urban environments [4]. This shortage is
further exacerbated when examined by subspecialty, making it
progressively more difficult for patients to reach their physicians
and obtain necessary treatments [4]. Thus, health care officials
have turned to the field of telemedicine to leverage technological
tools with the goal of expanding and optimizing the delivery of
medical care [3].
Telemedicine is defined as the use of teleconferencing
interventions to provide and deliver health care to patients [5].
Although telemedicine is classified under the broader term,
“telehealth,” ambiguity surrounding which forms of technology
each category encompasses still exists, and both terms are often
used interchangeably [6]. Telemedicine is a subset of telehealth,
which is defined as the use of technology in any aspect of health
care. Telemedicine is specifically utilized for clinical patient
care, not exclusively for research purposes.
Telemedicine has grown in parallel with society’s growing
desire for convenience, efficiency, and productivity, and today,
frequently used modes of telemedicine include
videoconferencing, email, wearable devices, cellular phones,
and various mobile apps [3,6]. These new systems of
telemedicine are promising for mitigating the current challenges
in health care reform, since they offer medical professionals the
novel opportunity to extend their presence to settings outside
of their immediate reach [3]. In doing so, telemedicine presents
health care industries with the potential to provide more
cost-effective treatments, support patient self-management,
respond to the growing demand for specialists, and uncover
avenues for advancing the practice of medicine in underserved
areas worldwide [3,6-9]. Furthermore, access to personal and
mobile technologies is ubiquitous [10-14], which has provided
an opportunity to optimize digital health care delivery
approaches, including telemedicine. However, despite these
benefits, there remain obstacles to implementing telemedicine
in daily practice [15,16]. Barriers, including stable internet
access, cost, and patient desire for in-person appointments, must
be addressed for telemedicine to reach its full potential [15,16].
Nevertheless, there has been growing evidence to support the
utility and clinical applications of various digital approaches
for health care delivery, including telemedicine, across pediatric
and adult populations with or without chronic medical conditions
[17-39], although the cost-effectiveness remains unclear [40,41].
In the field of hematology, recent advances in telemedicine have
been used to conduct patient visits, monitor treatment
side-effects, and perform consultations [42-45]. During the
current COVID-19 pandemic, telemedicine use in outpatient
https://mhealth.jmir.org/2021/7/e29619
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settings, such as hematology clinics, has increased significantly
owing to stay-at-home orders and efforts to lessen exposure to
ill patients [46,47]. Videoconferencing interventions have
proved to be a safe and efficient way for health care providers
and patients to continue managing and monitoring chronic health
conditions, especially for sickle cell disease and other
hematological conditions [48]. Additionally, both adult and
pediatric populations in underserved areas have benefitted from
telemedicine’s ability to connect them to specialists in different
cities [48].
In this systematic review, we evaluated the evidence available
in the literature to analyze the feasibility, acceptability, and
potential benefits of telemedicine interventions in malignant
and nonmalignant hematology and assess the current limitations
of utilizing these interventions. Owing to the heterogeneity of
the included studies, the methods by which feasibility,
accessibility, and clinical outcomes were assessed vary among
the studies. In this review, we use these terms broadly to
encompass the different interpretations of these objectives. We
more specifically define each study’s main objectives in the
Results section.

Methods
Guideline
We followed the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA) guidelines for reporting
of evidence across the studies we reviewed [49].

Article Retrieval
A librarian, in collaboration with other review authors,
collaboratively developed the highly sensitive Medical Subject
Headings (MeSH) term–based search strategies and ran searches
in the following databases: PubMed MEDLINE, Controlled
Register of Clinical Trials (Cochrane CENTRAL from Wiley),
Embase, and CINAHL (EBSCO), on February 7, 2018
(Multimedia Appendix 1). The bibliographies of hand-searched
articles that had been previously identified were also included.
The search strategy focused on articles that studied telemedicine
and telehealth interventions for malignant and nonmalignant
hematological conditions in both pediatric and adult populations.
No date limits were applied to the search. On October 1, 2020,
another literature search was conducted on PubMed to identify
articles that were published since the last literature search and
that met the inclusion criteria. The second literature search
utilized the same search strategy as the first search.

Study Selection
The inclusion criteria were as follows: (1) studies involving
pediatric or adult populations with malignant or nonmalignant
hematological conditions, (2) studies involving telemedicine or
telehealth interventions, (3) studies that included feasibility,
acceptability, and clinical outcomes of the interventions as the
primary or secondary outcomes, (4) original research articles,
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and (5) studies designed as a randomized controlled trial (RCT),
cohort study, pilot study, retrospective study, or cross-sectional
study. “Telemedicine” and “telehealth” are often used
interchangeably, so both terms were relevant to the search
despite having different semantic meanings. The exclusion
criteria were as follows: (1) studies not related to hematology,
(2) studies without a telemedicine intervention, (3) nonclinical
research studies, (4) abstracts only or nonoriginal research
papers, and (5) studies not in English.

Quality Assessment and Evidence Strength

Data Extraction

Results

A standardized format was used for data extraction. Data items
in the extraction form included first author name, publication
year, country, malignant or nonmalignant hematological
condition or disease focus of the study, participant age,
participant age subgroup (adult or pediatric), study design and
setting, telemedicine intervention type and description
(telephone, remote management, videoconferencing, etc), study
purpose, and main outcomes. Two authors coded all included
articles individually. Disagreements were resolved by
discussion.

Literature Search

Studies described in each article were evaluated for the quality
of evidence using the GRADE (Grades of Recommendation,
Assessment, Development, and Evaluation) approach [50]. This
method evaluates four key domains, including consistency,
directness, risk for bias, and precision of the evidence. Two
authors graded all included articles individually. Disagreements
were similarly resolved by discussion, if needed.

Our literature search identified 1047 records. After removing
duplicates, 878 articles remained. Two authors independently
screened the titles and abstracts of 878 records, and 774 were
excluded. Two authors independently screened the remaining
104 full-text articles, and 32 met our inclusion criteria for
eligibility. The study flowchart and reasons for exclusion of
full-text papers were documented in an adapted PRISMA study
flowchart (Figure 1). We did not identify any non-English
articles that met our inclusion criteria.

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram for the included studies.

A total of 32 articles were included in this systematic review.
Most (25/32, 78%) studies were conducted with adults
[42,51-74], while the remaining (7/32, 22%) were conducted
in the pediatric population [75-81]. The studies addressed
whether a telemedical intervention for patients with malignant

https://mhealth.jmir.org/2021/7/e29619

XSL• FO
RenderX

and/or nonmalignant hematological conditions is a safe, feasible,
and efficacious method of health care provision.

Description of the Included Studies
Table 1 and Table 2 summarize study characteristics for the
pediatric and adult populations, respectively. Out of the 32
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studies, 16 (50%) were conducted in the United States
[52,53,55-57,60,62,63,65,69,71-73,77,78,81], 6 (19%) in Canada
[58,64,68,74,75,79], 2 (6%) each in Australia [42,61], India
[51,76], and Italy [54,70], and 1 (3%) each in Brazil [80], France
[59], Germany [66], Ireland [67], and Rwanda [81]. Although
the search retrieval included results published since 1980, the
earliest eligible study was from 1998, which corresponds to our
knowledge of when telemedicine was first introduced [71]. The
most recent study was published in 2018 [56].

The sample size ranged from 1 [74] to 217,014 [62], with a
median of 157 and a mean of 7977 participants per study.
Overall,
21
studies
enrolled
≥100
participants
[51,53-60,62,63,65-70,72,73,76,80] and 11 had <100
participants [42,52,61,64,71,74,75,77-79,81].
Of the 32 included studies, 12 (34%) studied malignant
hematological conditions [42,53,58-61,64,67,69,77,80,81], 18
(59%) studied nonmalignant conditions with percentages
[51,52,54-57,62,63,65,66,68,70-74,76,78], and 2 (6%) studied
both malignant and nonmalignant conditions [75,79].

Table 1. Characteristics of pediatric malignant and nonmalignant hematology studies.
Source (country)

Condition

Adler 2015 [75]
(Canada)

Study design

Study setting

Leukemia, lymphoma, solid tu- N=54; age: 0-18
mor, neuro-oncology, and nonma- years
lignant hematology

Pilot study

The Hospital for Sick Kids (Toronto, Very low
Canada) and six telemedicine facilities
in Caribbean countries

Agarwal 2014 [76]
(India)

Thalassemia

Pilot study

Participating centers in Italy, Pakistan, Very low
and India

Cox 2015 [77]
(United States)

Survivors of childhood brain tu- N=68; age: 8-16
mors or acute lymphoblastic
years
leukemia

Randomized con- St. Jude Children’s Research Hospital
trolled trial

Moderate

Jacobson 2016 [78]
(United States)

Severe hemophilia

Pilot study

Hemophilia Treatment Center

Very low

Johnston 2017 [79]
(Canada)

Any hematology and oncology N=85
condition (majority anemia,
hemoglobinopathy, and bleeding
disorder)

Cross-sectional
study

Champlain BASE e-Consult service
Low
(Ottawa, Canada) through a web portal

Pedrosa 2017 [80]
(Brazil)

Acute lymphoblastic leukemia

N=163; age: 1-15
years

Pilot study

Instituto Materno Infantil de Pernambu- Very low
co (Recife, Brazil) and St. Jude Children’s Research Hospital

Stulac 2016 [81]
(United States,
Rwanda)

Lymphoma, sarcoma, leukemia,
and other malignancies

N=24

Retrospective
study

Rural district hospitals in Rwanda
(Rwinkwavu, Kirehe, and Butaro)
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Sample size and
age

N=112

N=12; age: 10-18
years, mean age:
10.25 years

Grade

Very low
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Table 2. Characteristics of adult malignant and nonmalignant hematology studies.
Source (country)

Condition

Sample size and
age

Study design

Study setting

Grade

Agrawal 2014 [51]
(India)

Blood transfusion donors

N=16,438 donations

Pilot study

Regional Blood Transfusion Centre
(Dehradun, Uttarakhand)

Very low

Applebaum 2012
[52] (United States)

Posttraumatic stress disorder re- N=46
lated to hematopoietic stem cell
transplantation

Randomized con- Memorial Sloan-Kettering Cancer
trolled trial
Center, Mount Sinai Medical Center,
and Hackensack University Medical
Center

Moderate

Bakitas 2015 [53]
(United States)

Advanced-stage solid tumor or
hematological malignancy with
oncologist-determined prognosis
of 6-24 months

N=207; early
group mean age:
64.03 years, delayed group mean
age: 64.6 years

Randomized con- National Cancer Institute Center and
trolled trial
Veterans Affairs Medical Center

Moderate

Barcellona 2013
[54] (Italy)

Thromboembolic conditions

N=114; mean age:
61 years

Pre-post study

Thrombosis centers

Low

Blissit 2015 [55]
(United States)

Thromboembolic conditions

N=200; face-toface group (n=90)
and telephone
group (n=110)

Retrospective
study

Veterans Affairs Medical Center and
Very low
affiliated rural clinics in South Carolina

Breen 2015 [42]
(Australia)

Hodgkin/non-Hodgkin lymN=18; mean age:
phoma and chronic lymphocytic 48.4 years
leukemia

Pilot study

Chemotherapy day unit and hematolo- Very low
gy inpatient ward

Burwick 2018 [56]
(United States)

Monoclonal gammopathy of un- N=152; median
determined significance
age: 69 years

Retrospective
study

Veterans Health Administration facili- Very low
ties

Cecchini 2016 [57]
(United States)

Varying hematological conditions (majority anemia, thrombocytopenia, and venous thromboembolism)

Clarke 2011 [58]
(Canada)

Cancer (majority gastrointestinal N=712
and lymphoma)

Retrospective
study

Compaci 2011 [59]
(France)

Diffuse large B-cell lymphoma

Noncomparative Toulouse University Hospital
prospective study

Flannery 2009 [60]
(United States)

Medical oncology and hematolog- N=5283; mean age Descriptive retro- University of Rochester Medical Center Very low
ic malignant diagnoses
61.1 years
spective study
and James P. Wilmot Cancer Center

Hung 2014 [61]
(Australia)

Hematological malignancies in N=37; usual care
patients who received peripheral (n=19), age: 59.9
blood stem cell transplants
years; extended
care (n=18), age:
57.5 years

Randomized con- The Hematology and Oncology Clinics Low
trolled trial
of Australia, The Wesley Hospital
(Brisbane, Australia)

Kirsh 2015 [62]
(United States)

Hematology and other specialties N=217,014

Pilot study

Veterans Health Administration and
Veterans Integrated Service Networks

Very low

Najafi 2017 [63]
(United States)

Hematology and other specialties N=313 (63 hematology)

Pilot study

University of California San Francisco Hospital in Mission Bay

Very low

Overend 2008 [64]
(Canada)

Indolent and chronic hematolog- N=53; median age: Pilot study
ical malignancies
66.5 years

British Columbia Cancer Agency’s
Centre for the Southern Interior in
Kelowna

Very low

Philip 2015 [65]
(United States)

Thromboembolic conditions

Pilot study

Harris Health System (Houston, Texas) Very low

Prospective cohort study

Center of Thrombosis and Hemostasis, Very low
University Medical Center Mainz

N=909; e-consult Retrospective
(n=302), median
study
age: 64 years; faceto-face consult before e-consult
(n=305), median
age: 69.3 years;
face-to-face consult after e-consult
(n=302), median
age: 65.9 years

N=100; median
age: 57 years

N=502

Prochaska 2017 [66] Thromboembolic conditions in N=2221; median
(Germany)
patients receiving vitamin K an- age: 73 years
tagonists
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Veterans Affairs Connecticut Healthcare System

Very low

48 Local Health Areas (British
Columbia, Canada)

Very low
Very low
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Sample size and
age

Study design

Study setting

Grade

Reid 2011 [67] (Ire- Cancer
land)

N=7498

Retrospective
study

Regional Cancer Centre

Very low

Skeith 2017 [68]
(Canada)

Thromboembolic conditions

N=162; mean age:
58.3 years

Cross-sectional
study

Champlain Local Health Integration
Network (Ontario, Canada)

Very low

Syrjala 2011 [69]
(United States)

Cancer survivors treated with
N=775; mean age:
hemopoietic stem cell transplan- 51.7 years
tation

Randomized con- Fred Hutchinson Cancer Research
trolled trial
Center (Seattle, Washington)

Moderate

Testa 2005 [70]
(Italy)

Thromboembolic conditions

N=1393

Retrospective
study

11 peripheral health care units and
homes of 20 self-testing patients

Low

Woods 2000 [72]
(United States)

Sickle cell disease

N=466; mean age:
27 years

Retrospective
study

Telemedicine clinical sites of The
Very low
Medical College of Georgia Sickle Cell
Center (Augusta, Georgia)

Woods 1999 [73]
(United States)

Sickle cell disease

N=120; standard
Randomized con- Telemedicine clinical sites of The
Very low
(n=60), age: 33.32 trolled trial
Medical College of Georgia Sickle Cell
years; telemedicine
Center (Augusta, Georgia)
(n=60), age: 29.37
years

Woods 1998 [71]
(United States)

Sickle cell disease

N=28; mean age:
29.1 years

Wright 2007 [74]
(Canada)

Allogenic blood and hemopoietic N=1
stem cell transplantation

Methodological Quality of the Studies
Of the 32 studies, 11 (34%) were pilot studies
[42,51,62-65,71,75,76,78,80], 9 (28%) were retrospective studies
[55-58,60,67,70,72,81],
6
(19%)
were
RCTs
[52,53,61,69,73,77], 2 (6%) were cross-sectional studies [68,79],
1 (3%) was a case study [74], 1 (3%) was a pre-post study [54],
1 (3%) was a noncomparative prospective study [59], and 1
(3%) was a prospective cohort study [66]. Of the 6 RCTs, 1
(17%) was a single-blinded study and the remaining 5 (83%)
had no blinding. Follow-up activity after the telemedicine
interventions was tracked in six of the studies in the forms of
postintervention neuroimaging examination (n=1, 17%) [77],
follow-up assessments (n=3, 50%) [52,53,64], number of patient
visits (n=1, 17%) [62], and interview (n=1, 17%) [82]. Based
on the GRADE criteria, four included studies were rated as
“moderate” [52,53,69,77], four were rated as “low”
[54,61,70,79], and 24 were rated as “very low”
[42,51,55-60,62-68,71-76,78,80,81]. The “low” and “very low”
ratings were mainly a result of the type of study and indirectness
of evidence.
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Pilot study

Remote telemedicine clinic site in Ma- Very low
con (affiliated with Medical Center of
Central Georgia)

Case study

Princess Margaret Hospital (Toronto,
Ontario)

Very low

Description of Telemedicine Approaches
Table 3 and Table 4 provide detailed descriptions of the study
purpose, telemedicine intervention used, and main findings of
the included pediatric and adult studies, respectively. Additional
study outcomes for pediatric and adult studies are also reported
in Multimedia Appendix 2 and Multimedia Appendix 3,
respectively. There were the following three main categories
of telemedicine interventions in the included studies: video
(n=9)
[53,58,64,71-75,78],
telephone
(n=9)
[52,55,59-61,65,67,76,81],
and
web
(n=14)
[42,51,54,56,57,62,63,66,68-70,77,79,80]. Video interventions
used cameras and videoconferences to visually connect the
patients to the providers. Telephone interventions involved
nurse triages, counseling sessions over the phone, and telephone
help lines available to patients 24/7. Web-based telemedicine
interventions included online interfaces for patients to send and
store data and to monitor their conditions from home while still
maintaining intermittent contact with practitioners.
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Table 3. Summary of the interventions and outcomes of the included studies in pediatric populations.
Source (country)

Purpose

Telemedicine intervention

Main findings

Adler 2015 [75]
(Canada)

Improve outcomes and quality of life for
children with cancer and blood disorders
in the Caribbean by using telemedicine

Utilizing telemedicine facilities to conduct Satisfaction:
patient case consultations and discussions Adequate to excellent overall attendee
in real time
satisfaction rates
Good to excellent patient care education
satisfaction rates

Agarwal 2014
[76] (India)

Leverage an online collaborative informa- Online open-access database with data
Clinical outcomes: Comparable health
tion technology platform to improve out- storage, telemedicine, and knowledge ex- outcomes with decreased cost
comes of children with thalassemia receiv- change capabilities
Increased rates of family screening
ing bone marrow transplants
Targeted prenatal diagnoses for pregnant
women

Cox 2015 [77]
(United States)

Evaluate the feasibility and acceptability Automated rotating exercises to train visuof a remote automated intervention to ad- al-spatial and verbal working memory
dress late cognitive effects among child- over a 5- to 9-week period
hood cancer survivors

Feasibility:
Strong compliance with the intervention
(88%) and pre- and postintervention
imaging (91% and 93%, respectively)
Satisfaction:
Caregivers viewed the program as beneficial (70%) and would recommend it to
others (93%)

Jacobson 2016
[78] (United
States)

Evaluate the feasibility of using videocon- Videoconferencing was utilized by health Satisfaction:
ferencing to assess breakthrough bleeds
care providers to assess the patient’s con- Comparable or improved satisfaction was
in children with severe hemophilia
dition during breakthrough bleeding
reported among health care providers and
caregivers with videoconferencing versus
phone call

Johnston 2017
[79] (Canada)

Analyze the use of e-consult by primary Web portal based e-consult service for
care providers for pediatric oncology and pediatric oncology and hematology
hematology conditions

Satisfaction:
High satisfaction ratings of e-consult services from primary care providers and
pediatric hematology/oncology specialists
Feasibility:
40% deferral of consults that were originally supposed to be in person

Pedrosa 2017
[80] (Brazil)

Evaluate the efficacy of a telemedicineTeleconferencing-based knowledge-sharbased knowledge-sharing program to im- ing program between hospitals in the
prove management of childhood acute
United States and Brazil
lymphoblastic leukemia

Stulac 2016 [81]
(United
States/Rwanda)

Evaluate the impact of partnership-based
treatment of pediatric cancer patients in
Rwanda by physicians and nurses based
in Rwanda and United States
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Clinical outcomes:
Decreases in overall mortality (31.0% to
12.8%), early death (8.1% to 3.6%), and
relapse (10.2% to 7.9%) after institution
of the telemedicine program

Collaboration between clinicians based in Clinical outcomes:
Rwanda and United States via telephone, Mean overall survival of 31 months
email, and online databases to manage
Mean disease-free survival of 18 months
pediatric cancer cases
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Table 4. Summary of the interventions and outcomes of the included studies in adult populations.
Source (Country) Purpose

Telemedicine intervention

Agrawal 2014
[51] (India)

Call center staffed with personnel to con- Feasibility:
duct phone calls and send SMS text mes- Telerecruitment contributed to 63% of insages to recruit and build relationships
house and 13% of total donations
with blood donors
Clinical outcomes:

Improve blood donor recruitment, retention, and relationship management

Main findings

Telerecruitment helped establish relationships with blood donors and the society
in general
Applebaum 2012 Determine the relationship between thera- Telephone-administered cognitive behav[52] (United
peutic alliance through telephone delivered ioral therapy
States)
cognitive behavioral therapy and psychotherapy outcomes in survivors of
hemopoietic stem cell transplantation with
posttraumatic stress disorder

Clinical outcomes:
Therapeutic alliance by telephone cognitive behavior therapy predicted decreased
depressive symptoms, decreased general
distress, and lower likelihood for re-experiencing symptoms

Bakitas 2015 [53] Investigate the effect of early versus de- Weekly telehealth nurse coaching sessions Clinical outcomes:
(United States)
layed palliative care on the quality of life
No statistically significant evidence to
of advanced-stage cancer patients
support improved patient-reported outcomes in early versus late palliative care
groups
Statistically significant improved 1-year
survival rate in early versus late palliative
care groups (P=.04)
Barcellona 2013
[54] (Italy)

Compare the effect of a point-of-care
home monitoring testing device supplemented by telemedicine with conventional
monitoring in patients chronically treated
with anti-vitamin K antagonists

TAONet telemedicine platform allowed
patients to send international normalized
ratio (INR) results and other clinical information to the Thrombosis Centre, as well
as communicate with providers, adjust
medications, and screen for serious events

Clinical outcomes:
Greater blood checks and fewer missed
INR checks in the home monitoring group
Significant increase in time spent within
the therapeutic range in the unstable group
with home monitoring compared to conventional monitoring
No significant difference in time spent
within the therapeutic range in the stable
group with home monitoring compared to
conventional monitoring

Blissit 2015 [55]
(United States)

Compare the effect of telephone versus
Pharmacist-managed care via telephone
face-to-face care on time spent within the for patients taking warfarin
therapeutic range for patients on warfarin

Clinical outcomes:

Breen 2015 [42]
(Australia)

Evaluate a real-time remote telemedicine
system to improve monitoring and management of side-effects in patients with blood
cancers

Satisfaction:

Smart phone app collected ambulatory
patient health data in real time and transmitted this information to the treatment
hospital where alerts were generated for
actioning based on imputed patient data

No significant difference in time spent
within the therapeutic range, significant
bleeding rates, death rates, and thromboembolic events between face-to-face and
telephone groups

Patients reported increased feelings of
empowerment and health awareness and
adherence with the use of the application
Clinical outcomes:
Patients were better able to recall side-effects when using the application.

Burwick 2018
[56] (United
States)

Identify ways to improve care of patients Review of electronic hematology consults Accessibility:
with monoclonal gammopathy of undeter- for monoclonal gammopathy of undeter- Short time (2 days) to completion of emined significance through e-consult use mined significance through e-consult use consult
Majority of e-consults were low risk
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Source (Country) Purpose
Cecchini 2016
[57] (United
States)

Shah et al
Telemedicine intervention

Main findings

Evaluate the efficacy of e-consults for the Electronic consults with hematologists
management of hematological disorders

Satisfaction:
65% of patients who responded said they
preferred e-consults over face-to-face visits
All providers who responded said they
were either “satisfied” or “very satisfied”
with e-consults
Feasibility:
18% drop in face-to-face consults within
2 years of e-consult implementation

Clarke 2011 [58] Assess oncology telehealth usage in
(Canada)
British Columbia

Oncology and genetic counselling appoint- Feasibility:
ments conducted with tele-conferencing Medical oncology teleconferences ocunits
curred more often than genetic counseling
and medical genetics
Clinical outcomes:
A single medical oncologist conducted
58.7% of all telehealth encounters in 2009
Most common telehealth appointment
types were gastrointestinal cancer and
lymphoma

Compaci 2011
[59] (France)

Assess the feasibility and benefit of Ambulatory Medical Assistance phone calls
in monitoring aggressive B-cell lymphoma
treated with R-CHOP therapy

Standardized 10-minute telephone call
twice a week by an oncology nurse to
monitor vitals and side-effects during
chemotherapy treatment

Flannery 2009
[60] (United
States)

Define telephone call volume, distribution, Telephone triage line managed by nurses
and reason in an ambulatory oncology
to address patient symptoms
practice

Clinical outcomes:
Lower incidences of secondary hospitalization, delayed treatment, and reduced
relative dose intensity, toxic death, and
red blood cell transfusion compared to
literature
Feasibility:
Seven calls were made or received for every 10 scheduled appointments
Most calls were made on Monday mornings
30% of calls were made for more than one
reason

Hung 2014 [61]
(Australia)

Evaluate the impact of telephone counsel- Telephone counseling sessions conducted
ing on nutrition and exercise after periph- by a dietitian or exercise physiologist everal blood stem cell transplantation
ery 2 weeks for up to 100 days after
transplantation

Clinical outcomes:
Increased, but not statistically significant,
protein intake (P=.17), cognitive functioning (P=.34), and social functioning
(P=.17) in the extended care group versus
usual care group
Decreased, but not statistically significant,
weight loss (P=.06) in the extended care
group versus usual care group

Kirsh 2015 [62]
(United States)

Analyze the impact of e-consults in imE-consult service for various specialties
proving specialty care access for veterans

Feasibility:
Hematology had the second highest (after
cardiology) rate of e-consults
Clinical outcomes:
Within the first 3 months after an e-consult, there was a decreased likelihood of
a subsequent face-to-face visit (P<.001)
Within the first 3 months after an e-consult, there was an increased likelihood of
a primary care visit (P<.001)
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Source (Country) Purpose

Telemedicine intervention

Najafi 2017 [63]
(United States)

E-consult service for subspecialist consults Feasibility:

Evaluate the feasibility and acceptability
(by providers) of an inpatient e-consult
service

Main findings

Majority of hospitalists and consultants
believe that e-consults are easy to use and
efficient
Hematology had the second highest volume of e-consults
Satisfaction:
All hospitalists who completed the survey
were satisfied with quality
43% of consultants who completed the
survey felt they were able to provide highquality care

Overend 2008
[64] (Canada)

Determine the efficacy, safety, and patient Nurse-led teleclinic interviews for hemasatisfaction of a nurse-led teleclinic to
tology/oncology patients in between oncolmanage patients with indolent and chronic ogist visits
hematological malignancies

Satisfaction:
82% of patients felt strongly that they
could talk easily and openly, and that the
provider was able to understand their situation to provide satisfactory care
62% reported they would participate in a
teleclinic again
Accessibility:
Majority of patients did not feel that they
needed to see a physician in person

Philip 2015 [65]
(United States)

Evaluate the efficacy of a telephone-based Telephone-based anticoagulation service
pharmacist anticoagulation service
run by pharmacists

Clinical outcomes:
Increase in clinical pharmacy patient volume at ambulatory care clinics after the
intervention
No significant difference in time in the
therapeutic range, hospitalization from
thrombotic events or bleeding, work hours,
and project completion rates between
groups

Prochaska 2017
[66] (Germany)

Compare the outcomes of oral anticoagu- Electronic file was used to manage medilation patients managed by an eHealthcation and data at remote locations and
based coagulation service versus regular interface between patients and providers
medical care

Clinical outcomes:

Reid 2011 [67]
(Ireland)

Investigate the usage and patient/caller
profile of a nurse-led chemotherapy telephone helpline

Feasibility:

Telephone service run by nurses experienced in oncology and chemotherapy to
address patient questions and concerns

eHealth service participants had lower
rates of bleeding, hospitalization, and allcause mortality compared to participants
who received regular medical care

7498 calls received by helpline service
35.2% of patients called with multiple
symptoms or concerns
Accessibility:
47.5% of face-to-face consultations were
avoided
4.3% of e-consults resulted in a follow-up
referral that was not already scheduled
Clinical outcomes:
36.8% of calls led to direct medical assessment

Skeith 2017 [68]
(Canada)

Analyze the use and impact of e-consults E-consult service for thrombosis medicine Feasibility:
in managing thromboembolic conditions
Most common referral topics were thrombophilia testing, superficial venous
thrombosis, and venous thromboembolism
anticoagulation
Satisfaction:
Positive responses by primary care
providers regarding the e-consult service
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Telemedicine intervention

Main findings

Syrjala 2011 [69] Describe the development and feasibility Survivorship care delivered remotely
(United States)
of a new online survivorship care program through an online platform
for cancer patients treated with hemopoietic stem cell transplantation

Feasibility:
57% of participants required staff contact
at least one time, usually for minor technical issues, or help in enrollment or the
baseline assessment
Most contacts were initiated by email instead of telephone

Testa 2005 [70]
(Italy)

Implement a telemedicine system to deliver the same quality of care as traditional
medicine in anticoagulation management,
especially for those living far away from
an anticoagulation center

Remote anticoagulation management via
an electronic medical record system
through which patients or health centers
can send INR data to an anticoagulation
clinic

Clinical outcomes:
No difference in time in the therapeutic
range between anticoagulation clinics
(73%) and telemedicine use in general
practitioner units (73.4%)
Telemedicine use in nursing homes
showed a lower percentage in the therapeutic range (66%) compared to anticoagulation clinics (73%)
No difference in major complication rates
between telemedicine use in peripheral
units and anticoagulation clinics

Woods 2000 [72] Evaluate the efficacy of the Georgia
Telemedicine clinic for sickle cell patients Feasibility:
(United States)
statewide telemedicine program in improv- with assistance of nurses at remote loca- Progressive increase in telemedicine clinic
ing access to health services for patients tions
productivity over the course of the study
with sick cell disease in remote areas
Accessibility:
Rural outreach increased from 19% to
29% of total clinic activity over the course
of the study
Woods 1999 [73] Compare patient satisfaction between
Telemedicine clinic for sickle cell patients
(United States)
telemedicine encounters and standard care with assistance of nurses at remote locafor the management of sickle cell disease tions
in adults

Satisfaction:
No significant difference in patient satisfaction between telemedicine and standard
care groups
Patients in the standard care group were
more likely to offer positive open-ended
comments than the telemedicine group
Reasons for negative comments in the
telemedicine group included confidentiality, technology, and access

Woods 1998 [71] Evaluate the efficacy of a telemedicine
(United States)
clinic for adult sickle cell patients

Telemedicine clinic for sickle cell patients Clinical outcomes:
with assistance of nurses at remote loca- No significant difference in clinic entions
counter time between telemedicine and
standard care groups

Wright 2007 [74] Evaluate the efficacy and acceptability of E-clinic visits at local health centers using Clinical outcomes:
(Canada)
an e-clinic for management of allogeneic videoconferencing technology
High adherence rate for follow-up visits
blood and stem cell transplant patients
(87.5%)
Improved symptom management
Satisfaction:
High satisfaction with e-clinic visits

Study Outcomes in Video Telemedicine Interventions
Pediatric Video Interventions
Adler et al reported greater than 80% case review round attendee
satisfaction with telemedicine case consultations and patient
care education for children with cancer and blood disorders
[75]. Improved satisfaction and communication among health
care providers and caregivers with the use of videoconferencing
at home for children with hemophilia were also noted by
Jacobson et al [78].
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Adult Video Interventions
Many telehealth nursing sessions have shown positive outcomes
for patients with malignant hematological conditions [53].
Likewise, patients with hematological malignancies felt that
they could talk easily and openly with the nurse who led
telemedicine follow-up visits in between visits with the
oncologist [64]. Telemedicine reportedly improved productivity
[72] and increased mean cognitive skills quotient scores for
patients [73], but caused no significant decrease in clinic
encounter times [71]. Wright et al reported high follow-up
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adherence rates, good condition management, and high
satisfaction for e-clinic visits in allogenic blood and stem cell
transplant patients [74]. Clarke et al found that teleconsults in
British Columbia were most often used with medical oncologists
[58].

Study Outcomes in Telephone Telemedicine
Interventions
Pediatric Telephone Interventions
Agarwal et al found comparable health outcomes at a lower cost
through the implementation of an online information technology
database platform for patients receiving bone marrow transplants
[76]. Stulac et al found that 13 of 24 Rwandan patients with
pediatric cancer were in remission at the end of data collection
following collaboration with United States–based physicians
and nurses through telemedicine interventions [81].

Adult Telephone Interventions
Telephone therapy was utilized by Applebaum et al, which
resulted
in
decreased
depressive
symptoms
in hematopoietic stem cell transplant survivors with concurrent
posttraumatic stress disorder [52]. For patients taking
anticoagulants, Blissit et al noticed that telephone interventions
led to significantly lower rates of bleeding in patients compared
to face-to-face visits [55]. However, Philip et al did not see
a significant difference in time within the therapeutic range,
hospitalization, or bleeding with a telephone-based
anticoagulation service [65]. Reid et al and Flannery et al
utilized phone services to address patient questions and
symptoms [60,67]. Reid et al noted that 36.8% of calls led to a
medical assessment [67]; however, Flannery et al reported no
notable improvements with the telephone triage [60]. Biweekly
calls for monitoring vitals, side-effects [59], and telephone
counseling [61] have all shown benefits for patients with
malignant hematological conditions.

Study Outcomes in Web-Based Telemedicine
Interventions
Pediatric Web-Based Interventions
Cox et al found that patients, families, and caregivers had high
rates of intervention participation and reported a positive
experience with the introduction of a remote automated working
memory intervention for childhood cancer survivors [77].
Telemedicine interventions also received high ratings from
primary care providers and resulted in hematology consult
deferral, according to Johnston et al [79]. Similarly, Pedrosa et
al reported positive outcomes, with decreased rates of mortality,
early death, and acute lymphoblastic leukemia relapse following
implementation of a telemedicine program that allowed for
knowledge sharing between high- and low-income countries
[80].

Adult Web-Based Interventions
Based on a survey by Checchini et al, more than half of patients
with nonmalignant hematological disorders preferred e-consults
over face-to-face visits, and satisfaction was noted in all
providers [57]. Breen et al found increased feelings of
empowerment, health awareness, and medication adherence
https://mhealth.jmir.org/2021/7/e29619
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with the use of a telemedicine-based smartphone app that
directly transmitted health data to the hospital for patients with
blood cancers [42]. Najafi et al also noted that the majority of
hospitalists and consultants found e-consult to be a feasible
administration of subspecialty health services at a
remotely-located hospital [63]. Primary care providers were
satisfied with e-consult technology in a survey by Skeith et al,
especially since 47.5% of in-person visits were avoided through
the use of this telemedicine intervention [68]. Kirsh et al also
reported a decreased number of face-to-face visits in patients
using e-consult telemedicine interventions [62]. Additionally.
Burwick et al saw that e-consults for hematology cases in
patients with monoclonal gammopathy of undetermined
significance led to a decrease in the time it took to complete the
consultation [56]. In a study by Syrjala et al that included cancer
patients treated with hematopoietic stem cell transplantation,
over half of participating patients used an online platform and
reported the need for staff contact one or more times per day,
usually for minor assistance [69]. Barcellona et al reported an
increased number of blood checks, fewer missed international
normalized ratio checks in the home monitoring group, and a
significant increase in the time within the therapeutic range for
patients treated with vitamin K antagonists when using a
smartphone app to monitor treatment [54]. Vitamin K antagonist
users also had lower rates of bleeding, hospitalization, and
all-cause mortality with the use of an online electronic file [66].
Electronic medical record implementation for remote
anticoagulation management, however, showed no significant
difference in the time within the therapeutic range or major
complication rates in nursing homes [70]. Agrawal et al found
that a call center allowed for increased recruitment of blood
donors [51].

Discussion
Principal Findings
Overall, the vast majority of telemedicine interventions studied
in this systematic review were shown to have a positive or
neutral impact on patients, families, and health care providers.
Telemedicine was found to be particularly useful for rural
communities, patients in countries with less access to care, and
patients with chronic conditions that require routine monitoring
and communication with doctors [53,64,71-73,75,78,80,81].
Most studies showed improved or similar outcomes in groups
that utilized telemedicine compared to those that did not.
However, more research would be beneficial to determine
telemedicine’s role in hematology and future implications for
its use in the clinical setting. This evidence could also potentially
increase patient satisfaction and patient-reported health
outcomes.

Telemedicine Interventions in Hematology: Expansion
of Team-Based Medicine
In the realm of hematology, many new telemedicine
interventions have emerged in recent years to expand the reach
of specialty health care and improve patient outcomes [83,84].
Kulkarni et al reported that school-based telemedicine has
provided access to multidisciplinary teams for the treatment of
hemophilia and related bleeding disorders [84]. In patients who
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have undergone hematopoietic stem cell transplantation, therapy
compliance and surveillance are seen to be good areas to
implement telemedicine [83].

Telemedicine Interventions in Hematology: Areas of
Further Study
Future use of telemedicine in hematology and
other subspecialties should focus on increasing the usage of
videoconferencing with physicians from patient homes
and making telemedicine more accessible to a wider range of
patient populations [85]. This is especially the case for rural
areas or regions where specialty health care and access to
medical resources are limited [86]. The current COVID-19
pandemic has shown the value of maintaining and developing
different ways of patient care, such as through the increased
implementation of telemedicine in clinics and hospitals [87].
Various specialties should investigate ways in which they can
best implement telemedicine interventions into their own field
to improve access and care [86]. The next steps should include
the wide use of triage systems that allow patients to be screened
for telemedicine use eligibility [87].

Telemedicine Interventions in Other Medical
Specialties
In addition to the use of telemedicine in hematological
conditions, it is widely used in various other medical specialties
[88-93]. Meta-analyses on telemental health care have reported
that applying telemedicine to psychotherapy not only improves
patient satisfaction and access to care by circumventing the
stigma of seeking in-person mental health care, but also offers
a more financially prudent and flexible method of treatment
[88]. Telemedicine has also been reported to contribute to
shorter lengths of hospital stay and lower hospital mortality
[90]. Multiple studies have shown it to be a cost-effective and
accessible provision of mental health services [88]. Positive
user outcomes with telehealth implementation in emergency
rooms have indicated another area of potential use [91].
Similarly, telemedicine has been seen to help in the secondary
prevention of stroke and in transient ischemia attack patients,
but more research is needed to bolster evidence [93]. Cancer
survivors generally had positive attitudes toward
self-management and eHealth, but there was variation in the
care needs depending on the type of cancer [92]. Telemonitoring
is rarely used in prenatal care, but has potential in monitoring
pregnant women who are at risk for preterm delivery [89]. These
studies emphasize the positive experiences patients and
providers have had with telemedicine in various fields of
medicine, which further suggests that telemedicine is feasible,
accessible, and beneficial. Many of the telemedicine
interventions used in these other medical specialties can also
be applied to the setting of hematology.

Barriers to Telemedicine
Though studies indicate high reports of satisfaction from patients
and providers in malignant and nonmalignant hematology
[57,68,79,94], the incorporation of telemedicine in modern
medicine still faces limitations and organizational barriers,
including legal liability, cost and reimbursement, and
confidentiality concerns [15]. Patient barriers, such as age,
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computer literacy, and education, also make telemedicine
difficult to implement universally [15]. Additionally,
technological barriers, including inadequate bandwidth,
technically challenged staff, and licensing issues, can limit the
scope of telemedicine [15]. There are also concerns regarding
the availability of resources in languages other than English
[82], lack of notable improvements with telephone triaging [60],
efficiency of face-to-face visits [71], and quality of care
delivered via e-consult [63]. Funding for both staff and
equipment, privacy concerns, internet connection, and home
recording all need to be addressed when considering the
feasibility of telemedicine [15,95-97]. Since the
cost-effectiveness of telemedicine varies across delivery settings
[9], more research needs to be done to substantiate evidence of
improvement in patient outcomes with the use of telemedicine.
Furthermore, the ethics of telemedicine and digital health use
in the clinical setting must be discussed. The ethical and legal
concerns regarding the use of telemedicine have delayed the
rapid widespread implementation of these technologies in
multiple aspects of health care [98-100]. Specifically, data
confidentiality, patient privacy, physician-patient relationships,
and informed consent are all areas that need to be addressed
[99,101-103]. Further work must be done to ensure that data
management is conducted properly and the social implications
or risks are communicated clearly to patients and physicians
using telemedicine in practice [99,101-103]. However, despite
its barriers, the ability of telemedicine to mediate many of the
shortcomings associated with traditional face-to-face
consultations still makes telemedicine particularly attractive to
many fields, especially hematology.

Strengths
Our systematic review has a number of strengths. First, we
conducted our review following the recommendations for
rigorous systematic reviews [49]. Second, we used a highly
sensitive and specific search strategy guided by a librarian
information specialist. There was no restriction on the country
of study in order to minimize publication bias by identifying as
many relevant studies as possible. Additional resources were
searched, including published systematic reviews, clinical trial
registries, and multiple electronic databases. Third, we employed
no date restrictions on our search; no included articles were
published prior to 1998. Therefore, the possibility that we missed
earlier studies is very small. Finally, two authors completed the
review process independently at all stages.

Limitations
Some potential methodological limitations of our systematic
review must be addressed. First, some relevant articles could
have been missed in our literature search, despite our
comprehensive search strategy in different databases. Second,
articles included in the review were strictly peer-reviewed,
which could cause publication bias from reporting only positive
study results [104]. Third, the ranges of sample size and age,
differences between malignant and nonmalignant conditions,
and types of telemedicine interventions varied greatly among
the studies. Lastly, the number of studies eligible for the review
was relatively low; however, this may be a result of the
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specificity of hematological conditions and the limited number
of available publications about the topic.

Conclusions
Telemedicine is a recognized and cost-effective way of
managing hematological conditions. Evidence from this
systematic review suggests that telemedicine provides similar
or improved health care compared to traditional face-to-face

Shah et al
care. Videoconferencing, telephone-based services, and
web-based services were also well received by patients, families,
and health care providers in both pediatric and adult settings.
However, due to the limited total number of articles and low
quality of evidence of the included studies, further research
must be done to determine the efficacy and plausibility of
widespread implementation of telemedicine in hematology.
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Abstract
Background: The presence of mobile phone and smart devices has allowed for the use of mobile apps to support patient care.
However, there is a paucity in our knowledge regarding recommendations for mobile apps specific to health care professionals.
Objective: The aim of this study is to establish a validated instrument to assess mobile apps for health care providers and health
systems. Our objective is to create and validate a tool that evaluates mobile health apps aimed at health care professionals based
on a trust, utility, and interest scale.
Methods: A five-step methodology framework guided our approach. The first step consisted of building a scale to evaluate
apps for health care professionals based on a literature review. This was followed with expert panel validation through a Delphi
method of (rated) web-based questionnaires to empirically evaluate the inclusion and weight of the indicators identified through
the literature review. Repeated iterations were followed until a consensus greater than 75% was reached. The scale was then
tested using a pilot to assess reliability. Interrater agreement of the pilot was measured using a weighted Cohen kappa.
Results: Using a literature review, a first draft of the scale was developed. This was followed with two Delphi rounds between
the local research group and an external panel of experts. After consensus was reached, the resulting ISYScore-Pro 17-item scale
was tested. A total of 280 apps were originally identified for potential testing (140 iOS apps and 140 Android apps). These were
categorized using International Statistical Classification of Diseases, Tenth Revision. Once duplicates were removed and they
were downloaded to confirm their specificity to the target audience (ie, health care professionals), 66 remained. Of these, only
18 met the final criteria for inclusion in validating the ISYScore-Pro scale (interrator reliabilty 92.2%; kappa 0.840, 95% CI
0.834-0.847; P<.001).
Conclusions: We have developed a reproducible methodology to objectively evaluate mobile health apps targeted to health
care professionals and providers, the ISYScore-Pro scale. Future research will be needed to adapt the scale to other languages
and across other domains (eg, legal compliance or security).
(JMIR Mhealth Uhealth 2021;9(7):e17660) doi:10.2196/17660
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Introduction
Information and communication technologies offer countless
opportunities for knowledge management. Access, collection,
and production of information are redefined by information
technology with digitization [1]. In the health sector, where
knowledge management is central to every process, the
digitization of information has had an enormous impact.
Moreover, health professionals are incorporating information
technology into nearly every aspect of patient care and research.
As digitization of health care and health services expand, the
landscape of digital health innovates, transforms, and scales for
mass use and adoption. Dorsey and Topol [2] identified three
new linked trends in how the health and medical community’s
concept of digital health evolves in this everchanging landscape.
From the old paradigm in the concept of digital
health—picturing increased accessibility, managing acute
conditions, and facilitating communication between hospitals
and health providers—towards a new scene where digital health
is used for convenience services, management of patients with
chronic or episodic disease, and for increased communication
with patients, digital health enables the objective control of
episodic and chronic conditions, and increased communication
between providers and patients through their mobile devices.
Mobile apps are a large driving force in improving (digital
health) capacity for health systems.
Since the launch of mobile app platforms in 2008, people have
had access to apps aimed at personal health management. As
the popularity of these platforms has increased, their adoption
has expanded. As of March 2021, the health and fitness apps
represented 2.98% and those of Medicine, 1.88% [3]. Digital
health apps have the potential to continue improving health and
medical community concerns such as patient follow-up and
monitoring, adherence to treatments, and promotion of healthy
habits [4,5]. However, there is a need for a clearer understanding
of best practices to evaluate the digital health apps.
Fieldwork has clarified the need for each professional and
academic domain to understand and capture the needs of
potential users. In the last few years, one of the gaps documented
in the field is the need to develop and validate new mobile health
(mHealth) assessment tools. New research needs to emerge
from multidisciplinary and experienced teams to create
convergence and integrate methodologies to improve
consistency in the mHealth app market [6,7]. For example,
theoretical frameworks like the Technology Acceptance Model
(TAM) address some of the needs from behavioral research but
fall short in terms of mHealth evaluation methods.
To expand on this, from the behavioral perspective, the TAM
[8-11] describes the factors as to why users may uptake new
technology. This model proposes that when users are faced with
a new technology, perceived utility and ease of use will shape
their decisions. From the lens of health care professionals, the
TAM suggests that new technologies or apps should provide
solutions for or to assist with the needs of the clinical practice.
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Enabling or enhancing patient care will thus become a top
priority, ranging from diagnosis to socialization and during
interparty communication.
A wide range of studies have evaluated the use of digital tools
to enable or enhance patient care. These include, for example,
the use of telemedicine to follow patients with chronic diseases
(eg, diabetes [12] and lung cancer [13]), disease-relevant
education (eg, lymphedema management [14]), and exercise
and physical activity monitoring following a cardiac event for
secondary prevention [15], along with the use of virtual
communities to improve self-care and patient engagement, such
as Forumclinic at Hospital Clínic de Barcelona [16].
Today, there is a great societal need to document how to create
great experiences through digital health apps, to evaluate these
interventions, and to solve the pain points of both patients and
health care professionals. High-quality apps can catalyze the
efficient translations of new research findings into daily clinical
practice, strengthen knowledge translation from the lab to the
bedside, and may even radically transform patient care. In this
journey, establishing a validated scale to assess the trust, utility,
and interest of mobile apps used by health care professionals is
the first step to understand how these tools may impact the
quality of care delivered and the outcomes of patients receiving
care.
Despite multiple efforts to develop rating scales to evaluate
apps used in health care [7,17,18], as of the writing of this paper,
not a single one (to our knowledge) has empirically addressed
how these tools may support day-to-day clinical practice.
The Internet, Health and Society Foundation (Fundación
Internet, Salud y Sociedad [ISYS] in Spanish) works with
journal editors and members of professional associations, and
collaborates with a diverse group of experts to distil best
practices in the digital health domain. In 2014, the ISYS
developed a scale to evaluate the quality of mHealth apps for
patients (the ISYScore for patients or ISYScore-Pac) [18]. This
study builds on this earlier research and expands upon its
applicability for health care professionals.
The goal of this study is to develop a tool that evaluates health
care apps targeted to health care professionals and medical
workers at the bedside. The scale was designed specifically to
assess interest, trust, and usefulness, and allow for empirical
replicability across these dimensions. The scoring system that
supported the development of this scale is also presented.

Methods
The methodology proposed by Moher [19] in his work on health
research reporting guidelines was used for the assessment
portion. Limitations from other rating scales were considered
[7]. This study involved an iterative sequence of a five-step
methodology for the assessment of the scale: (1) investigation
group definition, (2) theoretical framework and literature review,
(3) scale draft, (4) expert panel definition and Delphi rating,
and (5) pilot and first scale.
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e17660 | p.329
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Investigation Group Definition

include “assessment” AND “healthcare professional” AND
“mobile applications” with no language or time limitations.

The local investigation group was defined as a local Fundación
ISYS research team with experience in telemedicine and
assessing other scales [20], and with strong knowledge on
different domains (1 engineer, 5 medical specialists, 1 nurse,
and 1 biostatistician). Profiles and expertise from the local
investigation group members are available in Multimedia
Appendix 1.

Theoretical Framework and Literature Review
A comprehensive literature search was conducted by the local
investigation group to trace possible backgrounds, to collect a
selection of theories that had been used in digital health
interventions, and to perform a scope of other scales, focusing
on the ones targeted specifically to health professionals. Papers
were retrieved from the PubMed database with all articles that

The local investigation group used the TAM framework [8-11]
and the vision of persuasive technology conceptualized by
Fogg’s functional triad: information and communication
technology that function as tools, media, and social actors
[21,22].

Draft of the Scale
The development, implementation, usability, viability, and
acceptance information of existing models were extracted. The
local investigation group classified assessment criteria into
categories and subcategories, and developed the scale items and
descriptors. Considerations for the final scale were the
dimension values: trust, utility, and interest (Textbox 1). Iterative
corrections were made until consensus was reached.

Textbox 1. The trust, utility, and interest model presented to the expert panel (ISYScore-Pro).
Trust
•

A1. Validated by a health agency, scientific society, health care professional college, or nongovernmental organization

•

A2. Authors are explicitly identified

•

A3. Website is accessible (responsibility)

•

A4. Cites peer-reviewed sources

•

A5. Names the organization responsible

•

A6. Updated within the last calendar year

•

A7. Disclosure on how the app was financed

Utility
•

•

•

Technology as a tool (increases capacity)
•

B1. Provides calculations and measurements

•

B2. Helps in a care procedure

•

B3. Archives data images

Technology as a medium (increases the experience)
•

B4. Facilitates observation of cause-effect relationships and allows users to rehearse

•

B5. Facilitates observation of those who do well (vicarious learning)

•

B6. Facilitates patient follow-up

Technology as social actor (increases social relationships)
•

B7. Obtains positive feedback

•

B8. Provides social content

Interest
•

C1. Positive user ratings/downloads

•

C2. Available on two platforms (18 items were selected from the review of the literature; this item was removed after local investigation group
and external panel of experts agreement)

•

C3. Content available in other formats (eg, web, tablet, or magazines)

The main purpose of this phase’s outcome was to define
objective indicators that cover all three dimensions of the
assessment scale. Trust constitutes a dimension crucial for health
apps. It would evaluate the robustness of the relationship that
https://mhealth.jmir.org/2021/7/e17660
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a mobile app has with scientific evidence, the frequency in
which its information is updated, and the declaration of possible
conflicts of interest. For utility, the local investigation group
chose indicators inspired by the Fogg triad [21,22]. Within this
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dimension, technology is evaluated as the capacity to enhance
or improve experience or as a social actor. For health
professionals, perceived ease of use falls within the user interest
dimension of the ISYScore-Pro, such as evaluating the
availability of the mobile app across different platforms, which
is valued by some in the scientific community.

The External Panel of Experts and Delphi Rating
The external panel of experts was selected considering all
backgrounds that can help us to validate the 18-item scale draft
(Multimedia Appendix 2). An attempt was made to look for
heterogeneity. Doctors of different specialties (cardiology,
pneumology, pediatrics, surgery, public health, etc); nurses;
psychologists and psychiatrists; and experts in physical
education, pharmacy, and technology were recruited.

Grau-Corral et al
investigation group professional network. A wide range of health
care professionals, all of them well-known influencers, key
opinion leaders, and users of mobile technology in Spain and
recognized as scientists and scientific or evidence-based
disseminators on eHealth, were contacted. Due to distance and
budget limitations, they were only contacted through email,
social media, or other publicly available data. In total, 35
Spanish eHealth experts were invited to be part of the panel.
For feedback on the 18-item scale draft, a Delphi process
[18,23,24] was followed. A minimum participation of 70% was
needed [6] for each Delphi round. Participant agreement was
also set at 75%, as advised by the literature [23-26]. Two rounds
of questionnaires were sent out to the external panel of experts.
Responses were aggregated and shared with the local
investigation group after each round (Figure 1).

For the expertise profiles in panel selection, the approach [20]
was made looking at Twitter, Facebook, and the local
Figure 1. Delphi flowchart. EPE: external panel of experts; LIG: local investigation group.

The external panel of experts had to assess whether they would
include each category in the draft scale (Textbox 1) and, if
included, assign a weight to it on a scale from 1 to 5 (0 was
used to exclude the category altogether). They were also asked
to consider adding a new indicator not proposed in the first
round only.

Pilot and Scale Testing
To test the scale’s performance, we gathered a sample of apps
to evaluate. For sampling, the local investigation group used
the automated method for capturing apps with Google advanced
search tools. For summary purposes, this method explores
different results by disease clusters. For clustering, the local
investigation group selected keywords from the disease groups
in the International Statistical Classification of Diseases, Tenth
Revision (ICD-10) [27]. Pregnancy-related apps and
non-disease–related codes where discarded, which brought the
total of disease groups explored to 14.
For each ICD-10 cluster, the first 10 search results on iTunes
and the first 10 in Google Play were kept. A total of 280 apps
were collected: 140 from Google Play and 140 from iTunes.
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The strategy in Spanish for each cluster search can be found in
Multimedia Appendix 3.
For this pilot, the inclusion criteria included that the app was
in the local language (Spanish), the target audience was health
care professionals, and its general availability did not require
passwords or specific geographies. As exclusion criteria,
accuracy was considered, excluding, for example, apps that
mention cancer as horoscope. eBooks and podcasts were also
excluded. The local investigation group also established that
the most recent update had to be within the previous calendar
year irrespective of the number of downloads at any time. After
duplicates were removed and the inclusion and exclusion criteria
were applied, 66 apps remained, and the scale was applied. By
consensus the local investigation group established that apps
had to meet a minimum cut-off score of no less than 4 items of
the final ISYScore-Pro scale.
To evaluate the reliability of the scale the ISYScore-Pro was
applied to the final sample of 66 apps. The local investigation
group reviewers analyzed apps in pairs. In case of discrepancies,
each subgroup discussed the findings and reached a consensus.
If consensus was not reached, a third researcher solved the
discrepancies [28,29].
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Interrater reliability was measured on nominal variables using
Cohen kappa with STATA v15.0 (StataCorp) [29]. The target
aim was to reach >80% agreement. As the final score includes
different categories, a weighted kappa calculation was used.
The local investigation group considered the agreement very
low for kappa results lower than 0.20, low for 0.20 to 0.39,
moderate for 0.40 to 0.59, high for 0.60 to 0.79, and very high
or excellent for 0.80 or higher.

(perceived) and ease of use, design and technology aspects,
cost, aesthetics, time, privacy and security, familiarity with
technology, risk-benefit assessment, and interaction with others
(colleagues, patients, and management) [7,8,30,31]. Based on
these findings and the prior work on the ISYScore-Pa scale, our
rating scale methodology tested three dimensions (Textbox 1):
trust, utility, and interest [8-10,21,32-34].

Results

The external panel of experts members completed the study’s
two rounds of measure ratings. From the 35 contacted people,
28 (80%) participated in the first round, and 25 (71.4%) in the
second one. After the first interaction, results (ie, Figure 2) were
sent for a second interaction to the external panel of experts
members. From the 18 items originally proposed (Textbox 1),
17 (94.4%) were included in the final draft (C3 was discarded).
The Delphi interactions database is available upon request from
the corresponding author.

Scale Draft
The literature review indicated that existing models do not
sufficiently overlap or integrate to provide a framework for
rating mobile apps specific to health care professionals. The
main mHealth domains were at the individual, organizational,
and contextual levels. Existing scales included usability

Delphi Rating of the Draft Scale and Final Scale

Figure 2. Examples of graphics sent to the external panel of experts (EPE) for the second interaction. After the first interaction, boxplots were sent to
the EPE members for a second interaction. (2a) This boxplot example reflects an item with low consensual rate, catalogued by one with a zero value;
later on, this item was not included. (2b) This boxplot is an example of an included item, well valuated in the first interaction.

Scale Reliability and Interrater Agreement
A total of 66 apps were used to test the reliability of the scale.
Of these, 13 were excluded, as their score was equal to or lower
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than 12 (out of 17), which was deemed as the minimum cut-off.
The breakdown of the apps evaluated is presented in Table 1.
Apps were stratified according to their ICD-10 disease cluster.
Interrater reliability scores were also calculated.
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Table 1. Evaluation of the agreement between raters, weighted by ICD-10a group cluster and app.
ICD-10 cluster

a

Apps included for score evaluation
Google Play, n

iTunes, n

Totalb, n

I. Certain infectious and parasitic diseases

2

2

3

II. Neoplasms

3

4

5

III. Diseases of the blood and blood-forming organs and certain disorders involving the
immune mechanism

7

2

9

IV. Endocrine, nutritional, and metabolic diseases

2

2

2

V. Mental and behavioral disorders

2

2

2

VI. Diseases of the nervous system

1

0

1

VII. Diseases of the eye and adnexa

5

2

7

VIII. Diseases of the ear and mastoid process

0

0

0

IX. Diseases of the circulatory system

4

6

6

X. Diseases of the respiratory system

7

6

8

XI. Diseases of the digestive system

4

1

4

XII. Diseases of the skin and subcutaneous tissue

5

2

5

XIII. Diseases of the musculoskeletal system and connective tissue

8

10

11

XIV. Diseases of the genitourinary system

3

1

3

Total, n (%)

53 (80)

40 (61)

66 (100)

ICD-10: International Statistical Classification of Diseases, Tenth Revision.

b

Removing apps offered in both platforms but evaluated individually.

The flow of apps through the research process is shown on
Figure 3 using a modified PRISMA (Preferred Reporting Items
for Systematic Reviews and Meta-Analysis) flow diagram.
Results of the evaluation of the agreement between raters,
weighted by ICD-10 group cluster and app, are shown in Table
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2. Other analyses are shown in Multimedia Appendix 4. A
92.2% crude general interrater agreement was found, 93.7%
and 91.0% when adjusted by cluster and app, respectively.
Cohen kappa showed a significantly general agreement (0.84,
95% CI 0.834-0.847), without differences when weighted by
app cluster or app evaluated.
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Figure 3. Flow diagram of the app evaluation.

Table 2. Evaluation of the agreement between raters, weighted by ICD-10a group cluster and app.

a

Evaluation

Agreement (%)

Expected agreement (%)

Cohen kappa (95% CI)

P value

General (crude)

92.2

50.8

.84 (0.834-0.847)

<.001

Weighted by ICD-10 cluster

93.7

53.1

.87 (0.865-0.867)

<.001

Weighted by app

91.0

52.5

.81 (0.809-0.810)

<.001

ICD-10: International Statistical Classification of Diseases, Tenth Revision.

Discussion
ISYScore-Pro Tool Development
The 17-item scale ISYScore-Pro is specific to mobile apps
targeted to health professionals. ISYScore-Pro assesses apps in
the three dimensions that were identified by a literature review
[8-10,21]. Other scales in existence consider other dimensions
and are often centered upon perception and usability [32-34].
The prioritization of the dimensions on the ISYScore-Pro scale
are specific to mobile apps targeted to health care professionals
and their practice.
During the Delphi, all dimensions and items on the scale reached
strong external panel of experts consensus within two rounds
with the exception of C2 (Textbox 1), which was removed from
the scale. No further rounds were considered necessary. During
the pilot period, an emphasis was placed in selecting health care
https://mhealth.jmir.org/2021/7/e17660
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professionals with different backgrounds across each of the
local investigation group team pairs. The piloting also revealed
that the scale was easy to apply. The few discrepancies that
were encountered in the process were discussed, and consensus
was reached in all cases. These results are confirmed by the
reported interrater agreement.
Our findings are congruent with previously published research
[17,25]. Of particular relevance are the findings of Gagnon and
colleagues [25] that found that the main adoption factors of
mobile apps by health professionals are perceived usefulness
and ease of use, design and technical concerns, cost, time,
privacy and security issues, familiarity with the technology,
risk-benefit assessment, and interaction with others. The
ISYScore-Pro scale addresses a number of these factors
including the risk-benefit assessment in the trust domain,
perceived utility, and interactions with others (colleagues,
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e17660 | p.334
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patients, and management). The Spanish apps in our sample
had low perception of interest, an acceptable level of trust, and
an improved perception of utility.
Validating and improving the development of scales specific
to mobile apps targeted to health care workers is essential in
the future. Ultimately, this will improve the quality, reliability,
and usability of these apps, and may improve equity of
information whenever and wherever care is delivered.

Limitations
It would have been difficult to develop the scale using only a
systematic review due to the lack of peer-reviewed papers and
our current state of knowledge on evaluation tools for
smartphone apps targeted to health care professionals.
Nevertheless, this issue was overcome with the use of a 5-step
framework and a Delphi process.
A limitation of our method was using only volunteers in the
external panel members and the investigator group. To mitigate
this, a diverse set of professional practice and research
experience was used to select the individuals that participated
in the Delphi process. Additionally, no conflict of interest was
reported by any of the researchers and experts in the study.
Another limitation of the ISYScore-Pro scale is that the security,
privacy, legal compliance, and efficiency [35] are not assessed
by the scale.
It is important to note that it is difficult to find useful apps for
health professionals in the Spanish language. As of the time of

Grau-Corral et al
the study, the market is small, and penetration remains low
when compared to the English language. The sample apps that
were evaluated had few downloads and even fewer ratings (ie,
usually between 500 and 1000).

Future Research
Although the ISYScore-Pro scale is specific to the Spanish
language, future research should compare and contrast our
findings with expert opinions in other languages and, in
particular, clinicians who practice in the English language.
Although our methodology is robust, it is also resource intensive,
and the use of automated artificial intelligence and machine
learning methods may facilitate and substantially reduce the
level of resources needed to assess apps on the market.
The domain of data security in mobile apps was not evaluated.
Some authors [7,36] have suggested using open-source
developer codes to reduce the potential of malicious
functionalities. Future research should evaluate the security,
privacy, and integrity of apps and the quality of information
contained within them.

Conclusion
Our research is the first empirical attempt at developing a scale
that assesses mobile apps in Spanish targeted to health care
professionals. The ISYScore-Pro scale uses a reliable and
replicable methodology that standardizes the assessment of
trust, utility, and interest using 17 criteria grounded on the
existing peer-reviewed literature and the inputs of an expert
panel of health care professionals.
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Abstract
Background: With the growing interest in mobile health (mHealth), behavioral medicine researchers are increasingly conducting
intervention studies that use mobile technology (eg, to support healthy behavior change). Such studies’ scientific premises are
often sound, yet there is a dearth of implementational data on which to base mHealth research methodologies. Notably, mHealth
approaches must be designed to be acceptable to research participants to support meaningful engagement, but little empirical
data about design factors influencing acceptability in such studies exist.
Objective: This study aims to evaluate the impact of two common design factors in mHealth intervention research—requiring
multiple devices (eg, a study smartphone and wrist sensor) relative to requiring a single device and providing individually tailored
feedback as opposed to generic content—on reported participant acceptability.
Methods: A diverse US adult convenience sample (female: 104/255, 40.8%; White: 208/255, 81.6%; aged 18-74 years) was
recruited to complete a web-based experiment. A 2×2 factorial design (number of devices×nature of feedback) was used. A
learning module explaining the necessary concepts (eg, behavior change interventions, acceptability, and tailored content) was
presented, followed by four vignettes (representing each factorial cell) that were presented to participants in a random order. The
vignettes each described a hypothetical mHealth intervention study featuring different combinations of the two design factors
(requiring a single device vs multiple devices and providing tailored vs generic content). Participants rated acceptability dimensions
(interest, benefit, enjoyment, utility, confidence, difficulty, and overall likelihood of participating) for each study presented.
Results: Reported interest, benefit, enjoyment, confidence in completing study requirements, and perceived utility were each
significantly higher for studies featuring tailored (vs generic) content, and the overall estimate of the likelihood of participation
was significantly higher. Ratings of interest, benefit, and perceived utility were significantly higher for studies requiring multiple
devices (vs a single device); however, multiple device studies also had significantly lower ratings of confidence in completing
study requirements, and participation was seen as more difficult and was associated with a lower estimated likelihood of
participation. The two factors did not exhibit any evidence of statistical interactions in any of the outcomes tested.
Conclusions: The results suggest that potential research participants are sensitive to mHealth design factors. These mHealth
intervention design factors may be important for initial perceptions of acceptability (in research or clinical settings). This, in turn,
may be associated with participant (eg, self) selection processes, differential compliance with study or treatment processes, or
retention over time.
(JMIR Mhealth Uhealth 2021;9(7):e23303) doi:10.2196/23303
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mHealth; acceptability; implementation; health behavior; smartphone; mobile phone; wearable

https://mhealth.jmir.org/2021/7/e23303

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e23303 | p.339
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Introduction
Background
Most health behavior change programs have historically required
participants to attend in-person appointments or sessions, with
a trained clinician or facilitator guiding intervention delivery.
However, in-person delivery modes can be costly, time
consuming, and burdensome for both participants and providers.
The field of mobile health (mHealth) broadly examines how
portable, wireless technologies (eg, smartphones, wearable
fitness trackers, and smartwatches) can be used in an effort to
reduce costs, enhance access, and increase the reach of health
behavior change interventions. The ubiquity of mobile
technology ownership across populations and contexts makes
mHealth uniquely positioned to supplement or replace behavior
change programs traditionally delivered in person [1].

mHealth Design and Implementation Science
The field of mHealth is still relatively new as a scientific
discipline (ie, approximately 2 decades old) [2]. Recent literature
has demonstrated the efficacy of some mHealth approaches for
improving behavioral health outcomes [3-5]. A key factor in
mHealth implementation underlying potential efficacy is the
willingness and capability of users (eg, patients and research
participants) to successfully engage with the mHealth delivery
system. There is still very little research formally examining
evidence-based methods for designing mHealth to support
uptake and adherence with end users (eg, participants enrolled
in a technology-based behavior change program) or, conversely,
what study design features may be inhibiting engagement
(particularly early on such as at initial study enrollment). This
issue is particularly vital in mHealth research, given the large
number of design factors and considerations in play. Some
common design decisions mHealth intervention researchers
must consider, among many, including selecting which
technologies (eg, smartphone vs tablet) will be used to deliver
intervention content, determining how to deliver intervention
messaging (eg, text vs videos), deciding on the style of
messaging (eg, personalized vs generic content), and requiring
persistent internet connectivity (ie, if internet connectivity is
necessary to push content and share data or if content and data
stay native to the device).
Rigorous research evaluating how different design decisions
may enhance or hinder end user engagement with mHealth is
limited. One possible solution for filling these gaps is integrating
research approaches from implementation science. The goal of
implementation science is to evaluate methods for integrating
evidence-based supports (eg, mHealth) into practice, with the
goal of enhancing the successful delivery and effectiveness of
new (or underutilized) behavior change approaches [6]. One
key aim of implementation science involves evaluating different
intervention design features (eg, varying choices for delivery
modes and content selection) and understanding how they affect
successful program implementation (eg, support uptake and
adherence to the intervention among participants [7]).
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Acceptability in mHealth Design and Implementation
One implementation factor directly related to the intervention
design is participant acceptability. One broad definition of
acceptability is “the quality of being tolerated or allowed” [8],
and the other is “the quality or state of meeting one’s needs
adequately” [9]. In terms of mHealth, one proposed definition
of acceptability is “an end-user’s subjective perceptions of, and
measurable sustained engagement with, a mobile health
intervention system...(including) perceived satisfaction,
willingness, and agreeability” [10].
The premise of studying acceptability as part of mHealth
implementation research is rooted in the theory of behavioral
science. For example, the theory of planned behavior (TPB)
explains how individuals’ beliefs are associated with their
actions [11]. The TPB proposes that individuals’ motivations
to adopt certain behaviors are driven by behavioral (eg,
advantages to behavior change), normative (eg, external
expectations), and control (eg, barriers to behavior change)
beliefs. Tenets of the TPB can be applied to inform the study
of acceptability in mHealth, especially for informing which
dimensions of acceptability are important to evaluate. As the
TPB proposes, there are multiple psychological factors that
influence behavioral adoption. Similarly, acceptability is a
multidimensional construct that includes perceptions of interest
(piques participant curiosity), enjoyment (participation is
pleasurable), difficulty (how tough participation will be), utility
(individual value in participating), benefit (participation is
advantageous), and confidence (perceived ability to accomplish
participation) [10,12,13]. Researchers evaluating these
dimensions can determine which mHealth intervention design
elements are preferred by participants and which may limit
motivation for participation. Such research allows for a better
understanding of participant selection processes, differential
compliance, or adherence over time in mHealth intervention
research, which are factors related to effective and meaningful
engagement with behavior change interventions [13-15].
Acceptability can also be assessed at different time points in
the user experience—a priori and posteriori. Evaluating a priori
acceptability (eg, pre or prospective acceptability) involves
assessing end user acceptability for the design of a system before
actually engaging with it. An a priori assessment of acceptability
is particularly useful during the intervention design process, as
it provides researchers with proxy ratings for how design
decisions may influence individuals’ initial beliefs, perceptions,
motivation, and likelihood of uptake and adherence to program
requirements in daily life (eg, participation in a research study).
To assess a priori acceptability, researchers typically introduce
a description or prototype of the intervention to the participant
and evaluate their perceived acceptability of the intervention’s
various requirements. This is most commonly measured via
self-report surveys and measures or through semistructured
focus group interviews [12-14].
Posteriori acceptability (ie, post or retrospective acceptability)
is evaluated after an end user has been introduced to a system
and they have spent time engaging with it [14,15]. As opposed
to a priori assessment (which is hypothetical and only predictive
of intervention uptake), a posteriori assessment can inform
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researchers of how acceptability may change over the course
of intervention participation. Posteriori acceptability can also
serve as a measure of ongoing participant engagement and
buy-in with the program [14,15].

Limitations in Evaluating Acceptability in mHealth
Design
Given the recent proliferation of mHealth technologies
worldwide (eg, smartphones and wearables [1,16]), researchers
from multiple disciplines (eg, behavioral medicine and computer
science) have expressed an imperative need to evaluate
acceptability as part of the mHealth intervention design process
[17-22]. Acceptability information informs design decisions
that may enhance participant motivation to meaningfully engage
with the technology and may positively impact their likelihood
of adopting effective behavioral change [2,23]. However, despite
the recognition of a need, research specifically focused on
evaluating how different design decisions influence mHealth
intervention acceptability is limited. The studies that have been
conducted have mostly used small, homogenous samples with
limited generalizability [24]. Most design studies have also been
descriptive (eg, using focus groups or brief surveys to evaluate
acceptability) and lacked experimental designs. Experimental
methods (eg, randomization and manipulation of technology
design features) can be particularly informative for studying a
priori acceptability because they afford controls that allow
researchers to assess whether significant differences in
acceptability ratings before participating in a mobile intervention
are because of varying conditions of mHealth design factors
[25,26]. Surprisingly, many mHealth design studies to date have
also lacked attention to theory from implementation and
behavioral sciences to inform evaluation plans [27]. The
literature is unclear regarding how various mHealth design
conditions differentially influence participant acceptance of the
intervention and its participation requirements [10,28].

Common mHealth Design Features
To experimentally evaluate how mHealth design components
influence acceptability (specifically, a priori acceptability), an
approach was taken to identify a small number of representative
design features to study (from the large array of possible design
options), which allows for the examination of several
intervention features that are already extensively used in
mHealth and also serves as an example (proof of concept) for
this method more generally (that may be applicable to other
design features as well). Two mHealth intervention methods of
interest are requiring a single mobile device rather than multiple
devices (eg, for broader data collection or alternate modes of
content delivery) and providing tailored intervention content to
individual participants (rather than providing the same generic
content to all participants).
An advantage of requiring participants to use multiple devices
(eg, smartphones, smartwatches, and ambulatory heart rate
monitors) in a study is that researchers can obtain diverse data
streams and use a variety of interfaces to deliver content [29-31].
A commonsense worry about this approach, partially supported
by previous posteriori research, is that end users report feeling
overwhelmed and exhibit lower acceptability after participating
in a program that requires the concurrent use of multiple devices
https://mhealth.jmir.org/2021/7/e23303
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[32]. However, research examining a priori acceptability for
participating in an mHealth program that requires multiple
devices is less clear. If requiring multiple devices reduces a
priori acceptability, participants may be less likely to participate,
but research examining this is scant.
Although much intervention content is standardized and
delivered generically to all participants, there is growing interest
in providing intervention elements tailored for each participant.
In brief, this involves providing content that is specific to each
individual end user (eg, prompting participants by name and
generating messaging based on person-specific health
indicators). Previous work suggests that tailoring may have
beneficial effects on intervention outcomes [1,33,34]. In
addition, previous work measuring posteriori acceptability has
demonstrated that participants positively perceive tailored
content as enhancing their satisfaction with behavioral
interventions; however, little empirical work has focused on
investigating how this provision may influence a priori
acceptability [33,35].
There is no existing research that has specifically examined the
dimensions of a priori acceptability for participating in an
mHealth intervention that requires multiple device utilization
and provides tailored intervention content. Previous posteriori
studies have examined these two factors separately after
intervention engagement and found that they are meaningful
for acceptability after participation is complete, but there is little
research focused on understanding how potential mHealth
participants may respond to such design components in the early
stages of recruitment, as the a priori acceptability of device
requirements and tailoring may influence individuals’ motivation
for selecting to participate in mHealth research. Furthermore,
given the general lack of experimental research in this space,
the aspects of such designs that are reliably related to positive
perceptions of a priori acceptability are largely unknown (past
observational inference). These are important factors for
researchers to understand and consider in designing mHealth
interventions to support participant motivation, uptake,
engagement, and adherence to program requirements. More
generally, this method serves as proof of concept for how other
design features can be tested—singly or in combinations of
factors—and using assessments of a priori acceptability,
posteriori acceptability, or both.

This Study
This study sought to understand the impact that two common
design
decisions
in
mHealth
behavior
change
interventions—requiring a single versus multiple devices (a
study smartphone and a wrist sensor) and providing tailored as
opposed to generic content—have on a priori participant
acceptability. Specifically, the goal was to understand if
participants were sensitive to changes in factors of these
mHealth design decisions and how these changes may affect
various dimensions of a priori acceptability, which act as proxy
indicators of participant motivation and likelihood for
meaningful engagement with mHealth intervention content and
requirements. Previous research and theory from behavioral
science (ie, TPB) informed the design of the study instrument
and the dimensions of acceptability measured (ie, perceived
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interest, benefit, utility, enjoyment, confidence and difficulty
in participating, and perceived likelihood of participating
[12,13,36]). This was an experimental 2×2 factorial design study
using cross-sectional web-based survey methods. One factor
was the number of devices required (1 vs 2), and the second
factor was the nature of feedback (personalized vs generic);
thus, each cell represents a different mHealth study scenario
that featured different combinations of the two mHealth design
factors of the study. As each participant received all four
scenarios, the presentation order of the study vignettes was
randomized to alleviate possible ordering and conditioning
effects.

Methods
Recruitment and Study Design
An experimental 2×2 factorial web-based study was conducted
in September 2018. Participants were recruited via Amazon
Mechanical Turk (MTurk), a web-based crowdsourcing
platform. MTurk provides a portal through which participants
(ie, US citizens aged >18 years) find paid web-based research
study opportunities. Participants have dedicated MTurk profiles
that contain their demographic information (eg, age, gender,
and income). Researchers can indicate specific inclusion and
exclusion criteria for their MTurk study and advertise the study
on MTurk, and participants are able to choose to participate in
studies that interest them in MTurk and also indicate their
desired sample size for the study and provide Amazon directly
with a payment for all participants’ compensation. Participants
were provided compensation on completion of the study’s
survey; payment was transferred directly via Amazon to the
participants’ preferred accounts.
When verified, eligible participants log in to their MTurk
account on the web, and they see a list of eligible survey and
study opportunities or human interaction tasks (HITs). The
compensation provided for completing the study is listed, along
with the approximate length of time that the HIT will take to
complete, and a brief description of the study. Participants were
free to choose the HIT that they were interested in and eligible
for from the list.
The name of this study’s HIT was The SmartHealth Preferences
Study. The HIT indicated that the study takes approximately 12
minutes to complete, and participants were paid US $5.00 to
complete the entire study. Once they clicked on the HIT in
MTurk, participants were taken directly to the study, and
informed consent was obtained. The study was hosted on
Qualtrics’ CoreXM (SAP SE) web-based survey platform via
a secure university account.
After obtaining informed consent, participants were presented
with a learning module that ensured that they were familiar with
the relevant concepts and terminology necessary for completing
the study. The learning module defined, in lay terms, a health
behavior, specifically, “any action that a person takes that affects
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their health.” Examples included smoking cigarettes—BAD
health behavior, healthy eating—GOOD health behavior, binge
drinking alcohol—BAD health behavior, staying fit and
active—GOOD health behavior. Then, a broad definition of a
health behavior change intervention program was described,
that is, “any planned series of events, like classes, routines, or
group meetings, that aims to encourage its participants to live
healthier lifestyles and make healthier decisions for themselves.”
The example provided described how Jenny Craig and
WeightWatchers are health behavior change programs aimed
at promoting nutritional and physical health to help participants
with weight loss. This was followed by an explanation of what
a mobile device is, that is, “examples [of a mobile device]
include a smartphone or mobile phone, FitBit or smartwatch,
or iPad or tablet computer.” A single device was described as
only needing to carry or use one mobile device (eg, a
smartphone). Multiple devices was described as needing to carry
or use more than one mobile device (eg, a smartphone plus wear
a smartwatch). Then, the learning module explained the
difference between generic versus personalized program
messages, broadly using physical activity as an exemplar
behavior for which these intervention messages could be
delivered to support. Generic (ie, nontailored) messages were
described as, “when all participants in a health behavior change
program receive the same messages and notifications.” An
example included a generic message from a fitness program:
“Keep up the good work staying active, you can do it!”
Personalized (ie, tailored) messages were described as, “when
participants in a health behavior change program receive
messages and notifications that are specific to them and their
personal goals.” An example provided demonstrated a
personalized message from a fitness program: “Mary, you
walked 10,500 steps today—you beat your personal goal! Keep
up the good work staying active!”
As additional examples to visually reinforce and remind
participants about the differences between single versus multiple
device requirements and generic versus personalized content,
participants were shown various graphics. A graphic of just a
smartphone was presented to indicate the meaning of single
device and a graphic depicting a smartphone, plus sign (+), and
then a coupled smartwatch was presented to indicate the
meaning of multiple devices. Two graphics designed to look
like a text message notification on a smartphone were displayed
to further reinforce the concept of generic versus tailored (ie,
personalized) content. Participants were able to read examples
of both types of content in the graphics. The generic message
picture example read, “Your daily goal is 10,000 steps. Keep
working to stay active!” indicating a nontailored message. The
personalized message picture example read, “Your daily goal
is 10,000 steps. You walked 6,487 steps today. Keep working
to stay active!” indicating a tailored message. Figure 1 shows
the graphics shown to the participants to reinforce these
concepts.
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Figure 1. A 2×2 factorial design exploring multiple dimensions of acceptability for mobile health study scenarios featuring different combinations of
a single device versus multiple devices and tailored versus generic content.

After completing the learning modules, participants advanced
to a new screen in the survey, where they were instructed to
imagine themselves being involved in a health behavior change
intervention. They were told that they would be presented with
different program scenarios where requirements for the number
of devices and whether they receive generic or personalized
content would be different. Then, four vignettes describing each
cell of a 2×2 factorial were delivered in a random sequence for
each participant. Hypothetical mHealth intervention studies
were described in each vignette, featuring varying combinations
of the design factors being studied. Vignette 1 described an
mHealth study scenario requiring a single device and provided
generic content, vignette 2 was a single device with tailored
content, vignette 3 required multiple devices and provided
tailored content, and vignette 4 required multiple devices and
provided generic content. Each vignette also displayed
appropriate graphics from the earlier learning module that were
provided on the screen for each hypothetical study scenario to
further ensure participants understood the combination of
tailoring and device factors featured in the vignette on their
computer screen (Figure 1).

Measures
At the end of each mHealth design vignette, participants were
asked to rate five dimensions of their a priori acceptability for
participating in that particular mHealth design scenario. The
specific dimensions chosen for assessment (ie, interest, benefit,
enjoyment, utility, confidence, and difficulty) were based on
constructs from the TPB (ie, behavioral intentions and
behavioral control) as well as previous work assessing
behavioral motivation and a priori mHealth design preferences
[12]. Participants rated each acceptability dimension using a
5-point Likert scale (eg, “How interesting would participating
https://mhealth.jmir.org/2021/7/e23303
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in this study be?”; 1=not interesting; 5=very interesting).
Participants also rated their overall likelihood of participating
in the study on a 100-point visual analog slider scale that
displayed their indicated value (ie, “if given the chance, how
likely would you be to participate in this study?” 0=not at all
likely to 100=extremely likely), which was broadly based on
the TPB’s construct of intentions (ie, intended likelihood of
participating) predicting behavioral engagement (ie, actual
participation in the study) [10,12].
Attention checks were also administered to assess data quality
and participant comprehension while completing the web-based
study. Five careless responder questions were included in the
study. These questions asked participants to indicate information
that they should have read, had they been paying attention (and
not simply clicking through the questions). Using careless
responder items in web-based survey research has been shown
to be an effective method for confirming the reliability and
accuracy of participant data [37]. After reading each vignette,
the participant was presented with a careless responder question
that asked them to confirm what they just reviewed. For
example, after reading the vignette description for the single
device and generic content scenario, participants were asked
the following question: “Please select the response that best
describes the requirements for participating in this study.” Then,
they were prompted to select the correct response from a list of
five possible scenarios.

Hypotheses and Data Analysis
The following hypotheses focused on the two factors of study
and were generated before data collection.
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Hypothesis 1
There will be a main effect of the number of device requirements
factor on all mHealth acceptability dimensions, such that
requiring participants to only use a single mobile device, as
opposed to requiring multiple devices, will elicit higher levels
of a priori acceptability for mHealth intervention participation
across seven acceptability dimensions (ie, perceived interest,
benefit, utility, enjoyment, confidence, difficulty in participating,
and perceived likelihood of participating).

Hypothesis 2
There will be a main effect of the tailoring factor on all mHealth
acceptability dimensions, such that providing tailored
personalized content to participants, as opposed to generic
content, will elicit higher levels of a priori acceptability for
mHealth intervention participation across seven acceptability
dimensions (ie, perceived interest, benefit, utility, enjoyment,
confidence, difficulty in participating, and perceived likelihood
of participating).
Exploratory analyses were conducted to examine if there were
any significant interaction effects between the different levels
of the two factors (ie, tailoring vs generic and single vs multiple
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devices) and acceptability ratings. Given the lack of previous
evidence or strong theory on this issue, no hypotheses regarding
interaction effects were made before the study design, data
collection, and analysis.
Descriptive statistics were used to evaluate the sample
characteristics and the careless responder items. SAS 9.4
(English) data analytic software was used to conduct analyses
of variance to evaluate the effect of each hypothetical design
scenario on the dimensions of a priori acceptability as well as
the overall perceived likelihood of participating in the study.
SAS’s PROC GLM procedure was used to generate models of
the main effects of tailoring and device factors on acceptability
dimensions as well as explore any possible interaction effects.
No other factors (besides those indicated in the hypotheses and
in the description of the exploratory analyses) were included in
these models.

Results
Sample Characteristics
A diverse US sample (N=255) of English-speaking adults aged
>18 years (female: 104/255, 40.8%; White: 208/255, 81.6%;
aged 18-74 years) was recruited (Table 1).

Table 1. Sample characteristics (N=255).
Characteristics

Values

Sex, n (%)
Female

104 (40.8)

Male

155 (59.2)

Race, n (%)
People of color

47 (18.4)

White

208 (81.6)

Ethnicity, n (%)
Hispanic or Latino

15 (5.9)

Non-Hispanic or non-Latino

240 (94.1)

Age (years)
Range

18-74

Family income (US $), n (%)
10,000-40,000

107 (41.9)

40,000-100,000

130 (50.9)

>100,000

18 (7.1)

Education, n (%)
No Bachelor’s degree

128 (50.2)

Bachelor’s degree

117 (45.9)

Master’s degree

10 (3.9)

Study Length and Careless Responder Results
Data collection for all participants was completed within 9 days.
Participants answered 95.52% (1218/1275) of the careless
responder questions correctly (Table 2).
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Table 2. Careless responder question results (N=255).
Questions

Participants, n (%)

Question 1: learning module
Correct

249 (97.6)

Incorrect

6 (2.4)

Question 2: study scenario 1
Correct

249 (97.6)

Incorrect

6 (2.4)

Question 3: study scenario 2
Correct

235 (92.2)

Incorrect

20 (7.8)

Question 4: study scenario 3
Correct

247 (96.9)

Incorrect

6 (2.4)

Question 5: study scenario 4
Correct

238 (93.3)

Incorrect

17 (6.7)

Overall correct careless responder questions (n=1275)

1218 (95.52)

Effect of Design Factors on Dimensions of Acceptability
Table 3 provides the main effect results, and Table 4 provides
the mean ratings across dimensions of acceptability. There were
strong main effects of requiring multiple (ie, 2) devices on
reports of the dimensions of acceptability. Requiring multiple
devices (vs a single device) led to higher interest in the study
(P=.008), more perceived benefit (P=.04), and greater

anticipated utility (P=.004) but also lower confidence in
performing study requirements (P<.001) and significantly higher
perceived study difficulty associated with participation (P<.001).
Requiring multiple devices was unrelated to perceived
enjoyment (P=.59). Finally, requiring multiple devices was
related to a lower likelihood of anticipated study participation
(P=.02).

Table 3. Main effects of the number of devices and tailoring on dimensions of acceptability.
Acceptability dimension

a

Main effect (devices)a

Main effect (tailoring)a

Mean square

F test (df)

P value

Mean square

F test (df)

P value

Interest

8.99

7.02 (1)

.008

198.43

154.85 (1)

<.001

Benefit

4.58

4.16 (1)

.04

120.27

109.33 (1)

<.001

Usefulness

9.33

8.30 (1)

.004

163.43

145.43 (1)

<.001

Enjoyment

0.35

0.30 (1)

.59

132.34

111.70 (1)

<.001

Confidence

47.26

40.69 (1)

<.001

17.06

14.69 (1)

<.001

Difficulty

100.06

81.93 (1)

<.001

1.57

1.28 (1)

.26

Likelihood to participate

5305.45

5.83 (1)

.02

58,210.97

63.96 (1)

<.001

The manipulations of tailoring and the number of devices across dimensions of acceptability did not reveal any significant interaction effects.
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Table 4. Means across dimensions of acceptability across each cell of the 2 (number of devices)×2 (tailoring) factorial design.
Acceptability dimension and tailoring

Devices, n
Single, meana (SD)

Two, mean (SD)

Generic

2.77 (1.13)

3.02 (1.23)

Tailored

3.71 (1.05)

3.85 (1.12)

Generic

3.22 (1.10)

3.45 (1.13)

Tailored

4.00 (0.95)

4.05 (1.01)

Generic

3.09 (1.10)

3.37 (1.16)

Tailored

3.98 (1.00)

4.10 (0.97)

Generic

2.78 (1.05)

2.82 (1.14)

Tailored

3.58 (0.98)

3.47 (1.17)

Generic

4.15 (0.99)

3.72 (1.29)

Tailored

4.41 (0.85)

3.98 (1.12)

Generic

1.84 (1.06)

2.52 (1.23)

Tailored

1.81 (1.04)

2.39 (1.08)

Generic

53.73 (30.18)

51.65 (32.19)

Tailored

71.40 (27.32)

64.55 (30.79)

Interest

Benefit

Usefulness

Enjoyment

Confidence

Difficulty

Likelihood to participate

a

All mean ratings are on a 1-5 scale (1=not; 5=very) except for likelihood to participate, which is on a 1-100 scale.

Similarly, there was a robust main effect of tailoring on
acceptability, such that interest in the study, perceived benefit,
enjoyment, confidence in performing study activities, perceived
utility, and overall likelihood of participating in the study were
each rated as significantly higher for studies featuring tailored
versus generic content (all P<.001); in contrast, tailoring had
no effect on ratings of perceived difficulty (P=.26).
There were no significant interactions between requiring
multiple devices and providing tailored content noted for interest
(P=.43), benefit (P=.17), enjoyment (P=.26), confidence
(P=.94), utility (P=.20), and difficulty (P=.47). Similarly, the
interaction of tailored content and requiring multiple devices
was not related to the reported overall likelihood of participation
(P=.21).

Discussion
Principal Findings
The overarching goal of this study was to examine if design
factors influence a priori acceptability for participating in
mHealth interventions and if this factorial- and vignette-based
experimental design approach may be a useful method for
examining such factors. More specifically, the study focused
on evaluating how two common mobile intervention design
https://mhealth.jmir.org/2021/7/e23303
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elements—requiring multiple devices and providing tailored
intervention content—affect a priori participant acceptability
for participating in behavior change programs via mobile
technology. Given its focus on how thoughts and beliefs may
influence behavior, the TPB was used as a theoretical basis for
conceptualizing how design decisions may predict acceptability
(and subsequent intervention engagement) and informed this
study’s hypotheses. Overall, the results of this study suggest
that potential research participants are sensitive to mHealth
study design components and participation requirements.
To date, the limited mHealth implementation research that has
focused on mobile design and acceptability has been mostly
observational and had participants respond to a particular array
of features [12,25,26]. In contrast, this study experimentally
manipulated two representative features and obtained ratings
on each, thus combining the strengths of experimental and
within-person designs. A risk associated with this approach was
that viewing multiple arrays of design features (represented in
the four vignettes or cells) would lead to order or conditioning
effects (eg, some preference for the earlier or later vignettes
presented or a carryover effect from one vignette to the next).
To minimize this concern, this study presented four design
scenarios in random sequences for all participants.
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Multiple types of thoughts, some of which are inherently
positive (eg, thoughts about beneficial experiences like
enjoyment) and negative (eg, thoughts about burdensome
experiences like difficulty) can combine to form larger overall
beliefs about acceptability. This study focused on this by taking
a multidimensional approach to the evaluation of multiple
psychological constructs that may be at play when forming
perceptions of acceptability. The goal of this study was to
evaluate the directionality of these relationships and better
understand which elements of mobile design factors (ie, content
and number of devices) predict multiple dimensions of a priori
acceptability, positively or negatively, in the context of being
presented an opportunity to join an mHealth intervention.

Hypotheses
Findings related to the first hypothesis (ie, requiring participants
to use multiple mobile devices, as opposed to a single device,
would elicit lower levels of a priori acceptability for
participating in mHealth) were mixed. Intervention scenarios
requiring multiple devices had clear and somewhat unexpected
main effects on increasing (as opposed to lowering) perceived
interest, benefit, and utility. In line with predictions, the results
indicate that mHealth intervention scenarios that require multiple
devices increase the perceived burden of participating, as they
elicit higher levels of perceived difficulty and lower levels of
confidence in fulfilling program requirements and lead to a
lower reported overall likelihood of participating. There was
also no main effect of requiring multiple- versus single-device
requirements on anticipated enjoyment.
Why did the requirement of multiple devices lead to increased
ratings on some dimensions of acceptability (ie, interest, benefit,
and utility)? Perhaps participants generally view interventions
with multiple devices as superior; perhaps such studies are seen
as more scientific, legitimate, or reflect more innovative and
potentially useful approaches to tracking and addressing
behavior change. If present, such effects may have possibly
been enhanced by the within-person factorial design; that is, as
each person saw all the vignettes, it may have implicitly led to
more direct contrasts between the design features (and led to a
more devices must be better evaluation). Other dimensions of
acceptability were in accordance with predictions, and common
sense, in that participants appeared appropriately sensitive to
the additional requirements of caring for and managing multiple
devices over time (eg, charging smartphone batteries frequently
and taking off wearable sensors to bathe and then replacing
them) as functional barriers to joining an mHealth study. This
is similar to previous posteriori research that suggests that
requiring participants to use multiple devices over the course
of a program may reduce acceptability [32]. More contextual
data (eg, qualitative feedback) in future studies may be helpful
to understand the effect requiring multiple devices, compared
with a single device, has on a priori mHealth acceptability.
Findings related to the second hypothesis (ie, providing tailored
content to participants, as opposed to generic content, would
elicit higher levels of a priori acceptability for participating in
mHealth) were largely supported by these results. Intervention
scenarios featuring tailored content had strong main effects for
enhancing perceived interest, benefit, enjoyment, utility, and
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higher intended participation compared with interventions
providing only generic content. Research suggests that tailored
content may be perceived by participants as having enhanced
value (compared with generic content) because it can provide
information specific to their individual health behavior needs
[1,33,34]. Tenets of the TPB can be used to interpret these
findings, such that designing mHealth interventions to provide
tailored content to individuals (as opposed to generic messaging)
may elicit personally beneficial thoughts and beliefs (ie, high
acceptability) about participating. This in turn may enhance
prospective participant motivation for signing up for mHealth
studies featuring tailored content, which may translate to a
higher likelihood of engaging with behavior change delivered
via mobile technology. Although plausible, future research is
needed to determine if high acceptability for tailored
interventions at baseline before the intervention (a priori)
actually translates to actual persistence and effective adoption
of behavior change strategies throughout mHealth study
participation.
There was no main effect of tailored content on perceived
difficulty. This suggests that providing personalized versus
generic content does not affect perceptions of effort or burden
for participating in mHealth research. The hypothetical
manipulation of tailoring in this study was a requirement for
reading intervention messaging that is either tailored or generic.
It is reasonable that participants do not perceive such tasks as
being differentially burdensome, as there were no meaningful
differences (eg, in length) between the two conditions. It is also
possible, however, that the learning module did not provide
enough information about additional requirements that
sometimes accompany participation in tailored mHealth
interventions. For example, these interventions may entail
components such as active tracking, additional app installations,
and syncing devices. These (and similar) tasks may increase
the perceived burden of participating in tailored mHealth
programs, and future studies may provide more specificity about
such requirements to further investigate how tailoring may affect
perceived difficulty.
There were no significant interaction effects between requiring
multiple devices and providing tailored content noted for any
of the dimensions of acceptability. Given the limited past
research examining these two specific design factors together
in an experimental fashion, this was an exploratory hypothesis.
The results suggest that participants’ perceptions of acceptability
for multiple devices and tailoring factors are not contingent on
the presence of one factor or the other. Although no evidence
was found about these two design elements in particular
interacting with one another, perhaps other design features (or
more extreme versions of these features; eg, carrying 4 devices)
may show interactions. As such, this is seen as an important
open issue for future mHealth design research, and additional
theoretical considerations (eg, what elements of design features
and their implications are thought to interrelate) and empirical
evidence (eg, additional features, combinations, and levels)
should be considered.
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Limitations and Future Directions
There are notable limitations to this study. Amazon’s web-based
MTurk platform was used for the identification, enrollment,
and compensation of research participants. MTurk served as a
rapid recruitment service (N=255 participants within 9 days).
It afforded access to a diverse sample of respondents (female:
104/255, 40.8%; White: 208/255, 81.6%; aged 18-74 years),
and our findings (ie, careless responder items answered
correctly: 1218/1275, 95.52%) suggest high data quality in this
web-based experiment. In recent years, MTurk has been
increasingly used in social and behavioral science research
because of its ability to rapidly recruit and compensate large
pools of research subjects [38]. However, there is also an
ongoing debate as to whether research findings from MTurk
participant pools are generalizable to the rest of the US
population [39,40]. One issue is that samples recruited from
MTurk generally exhibit higher educational attainment than the
actual US population (ie, 35% of the US population possesses
bachelor’s degrees as of 2018 [41]). This study followed a
similar suit, as 49.8% (127/255) of the sample recruited via
MTurk possessed a bachelor degree or higher.
This study investigated hypothetical mHealth design scenarios
using web-based vignettes. This was useful for examining how
design decisions may affect a priori (ie, prospective)
acceptability, which may be related to self-selection into
mHealth research or motivation to fulfill intervention
requirements. Given the hypothetical nature of the vignettes
and a priori design, one limitation is that this study did not allow
for examination of acceptability posteriori (ie, after participants
actually engage with a real mHealth intervention in the field).
It is unclear how acceptability (even if it is high before
engagement) changes over time and whether differences in
design factors affect posteriori acceptability in a similar direction
as a priori acceptability. For example, perhaps participants are
highly motivated to participate in an intervention that provides
tailored content, but over time, their acceptance and motivation
may decline. Real-world engagement with mHealth behavior
change programs may also enhance acceptability above and
beyond baseline measures. In addition, because of the
hypothetical nature of the study vignettes, these findings do not
directly provide information about how a priori acceptability is
associated with other measurable implementation outcomes (eg,
actual adherence and sustained engagement). Longitudinal
experimental designs within randomized controlled mHealth
trials (eg, as opposed to hypothetical web-based study scenarios,
as used here) are needed to better understand these relationships.
A quasi-experimental study of mHealth design and acceptability
(ie, manipulating mHealth design features and assessing both
a priori and posteriori acceptability) may also help understand
how mHealth acceptability may change over time between
different design conditions. Each of these are important
questions that could be examined in future real-world mHealth
implementation research.
Another limitation to the design of this study was that participant
health was not assessed. As such, it is unclear whether the
sample was at risk of behavioral health challenges. This makes
further generalizability of these findings to patient populations
with health behavior challenges unclear, as there may be reliable
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differences across meaningful subsamples (eg, sick individuals
may be more highly motivated to pursue treatment and thus
more tolerant of high burden design features). Future mHealth
implementation studies (including those conducted via
web-based surveys) should screen and select participants to
ensure that the findings are applicable to the target population
of interest. Another approach would be to consider enrolling
healthy controls to match patient participant groups to
investigate whether differences in mHealth acceptability exist
depending on the saliency of health behavior change needs.
Finally, to convey the meaning of generic versus tailored content
delivered via mHealth to support behavior change, participants
were provided with a relatable example of a behavior to which
this messaging could be applied. Physical activity (in the form
of step count) was used as an exemplar health behavior to
describe differences between generic and tailored messaging.
This behavior was selected under the assumption that most
participants would likely be at least vaguely familiar with the
concept of tracking activity, especially given increasing trends
and publicity worldwide for wearing fitness trackers (eg, Fitbit)
and smartwatches (eg, Apple Watch) to monitor health [42].
However, physical activity is a complex health behavior, and
it is possible that participants perceived activity-related
behaviors as more difficult to change compared with other
familiar health behaviors (eg, medication adherence and
applying sunscreen). Acceptability ratings and the impact of
design factors may be differentially related across different
behaviors, and the features and characteristics of these behaviors
that may drive any divergent associations is an important topic
for future consideration. More generally, it is unclear which
behavior change outcomes mHealth is best suited to address to
support buy-in and engagement in target populations (eg, Is an
mHealth intervention targeting physical activity more or less
acceptable than one focused on healthy eating?). Some research
has shown disparities in participant engagement with
mHealth-based behavior change interventions based on
demographic moderators (eg, age and health literacy) [43], and
such differences between participants may also play a role in
perceptions of acceptability for supporting different types of
behavior change with technology. Future research should further
evaluate how acceptability for participating in mHealth may
change differentially depending on the intervention’s target
behaviors, as well as explore other possible moderators inherent
to target health behaviors that may influence this relationship
(eg, frequency of behavior, intensity of behavior, and perceived
behavioral norms).

Conclusions
This study showed that differences in intervention design factors,
specifically the number of devices required and tailoring, affect
various dimensions of participant acceptability for engaging in
behavior change programming via mHealth. Some limited
previous work examining acceptability for these design factors
was conducted posteriori (and studied these factors separately);
however, understanding a priori perceptions is advantageous
for designing mobile interventions that support up-front buy-in
and acceptability from individuals for participating in mHealth
research. Previous implementation research and theoretical
models from behavioral science suggest that acceptability is a
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predictor of the uptake and utilization of behavior change
interventions. This study supports the hypothesis that
participants are sensitive to the mHealth design decisions made
by researchers, specifically those related to the provision of the
number of devices required for participation and tailored content.
The results show that requiring participants to use multiple
devices increases perceived burden and reduces their overall
reported likelihood of participating and that providing
participants with tailoring in mobile behavior change
interventions is beneficial for enhancing a priori acceptability.
This work also contributes to the early development of
evidence-based recommendations in mHealth design to support
participant acceptability. More generally, this method serves as
proof of concept for how other design features can be
tested—singly or in combinations of factors—and using
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assessments of a priori acceptability, posteriori acceptability,
or both. As the need for investigating mHealth implementation
factors continues to emerge, researchers in this space may also
consider MTurk as an inexpensive and effective recruitment
tool with a wide reach and reliable, attentive respondents in
cases where unique sample characteristics are not essential.
Future studies on the relationship between mHealth design
elements and participant motivation to engage with mHealth
should further explore multiple dimensions of acceptability
experimentally in controlled trials in both clinical and
community samples. Overall, this will afford more reliable data
on the effects these common mHealth design elements have on
influential mHealth implementation factors (eg, not just a priori
acceptability, but also posteriori acceptability, real-world
compliance, and adherence).
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Abstract
Background: The urgent need for telemedicine has become clear in the COVID-19 pandemic. To facilitate telemedicine, the
development and improvement of remote examination systems are required. A system combining an electronic stethoscope and
Bluetooth connectivity is a promising option for remote auscultation in clinics and hospitals. However, the utility of such systems
remains unknown.
Objective: This study was conducted to assess the utility of real-time auscultation using a Bluetooth-connected electronic
stethoscope compared to that of classical auscultation, using lung and cardiology patient simulators.
Methods: This was an open-label, randomized controlled trial including senior residents and faculty in the department of general
internal medicine of a university hospital. The only exclusion criterion was a refusal to participate. This study consisted of 2
parts: lung auscultation and cardiac auscultation. Each part contained a tutorial session and a test session. All participants attended
a tutorial session, in which they listened to 15 sounds on the simulator using a classic stethoscope and were told the correct
classification. Thereafter, participants were randomly assigned to either the real-time remote auscultation group (intervention
group) or the classical auscultation group (control group) for test sessions. In the test sessions, participants had to classify a series
of 10 lung sounds and 10 cardiac sounds, depending on the study part. The intervention group listened to the sounds remotely
using the electronic stethoscope, a Bluetooth transmitter, and a wireless, noise-canceling, stereo headset. The control group
listened to the sounds directly using a traditional stethoscope. The primary outcome was the test score, and the secondary outcomes
were the rates of correct answers for each sound.
Results: In total, 20 participants were included. There were no differences in age, sex, and years from graduation between the
2 groups in each part. The overall test score of lung auscultation in the intervention group (80/110, 72.7%) was not different from
that in the control group (71/90, 78.9%; P=.32). The only lung sound for which the correct answer rate differed between groups
was that of pleural friction rubs (P=.03); it was lower in the intervention group (3/11, 27%) than in the control group (7/9, 78%).
The overall test score for cardiac auscultation in the intervention group (50/60, 83.3%) was not different from that in the control
group (119/140, 85.0%; P=.77). There was no cardiac sound for which the correct answer rate differed between groups.
Conclusions: The utility of a real-time remote auscultation system using a Bluetooth-connected electronic stethoscope was
comparable to that of direct auscultation using a classic stethoscope, except for classification of pleural friction rubs. This means
that most of the real world’s essential cardiopulmonary sounds could be classified by a real-time remote auscultation system
using a Bluetooth-connected electronic stethoscope.
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Introduction

Methods

Since the French physician René Laennec invented the
stethoscope in 1816 [1], auscultation has been an essential
component of clinical examination [2]. Auscultation is not only
a highly cost-effective screening tool to detect abnormal clinical
signs but also a useful means to build a good relationship
between physician and patient. Although there has been a
concerning decline in physicians’ auscultatory skills [2],
auscultation will remain important in the 2020s, as
cardiopulmonary diseases are important underlying or direct
causes of death and morbidity, substantially impacting quality
of life and health care costs [3,4].

Study Design, Setting, and Participants

However, auscultation became challenging during the
COVID-19 pandemic. As medical staff also need to be protected
from infection during an outbreak, the need for telemedicine is
growing rapidly worldwide [5]. Therefore, remote auscultation
should be developed for patients with acute or chronic
cardiopulmonary diseases. However, several barriers exist for
implementing telemedicine in clinical practice [6], including a
lack of effectiveness via remote examination that can act as a
substitute for direct physical examination. Auscultation is not
one of the procedures typically mentioned in discussions of and
research on telemedicine [2], which makes telemedicine seem
impractical for patients with cardiopulmonary diseases.
Electronic stethoscopes are promising options to solve the
problem of the lack of remote auscultation systems [7]. The
electronic stethoscope not only is useful for remote auscultation
but also has other advantages over the classic stethoscope. It
can facilitate the differentiation of several types of cardiac and
lung sounds by visualization of their sonograms during
auscultation [2]; it can improve sound quality [8]; and it can
contribute to better performance on auscultation, as personalized
adjustments can be made [9]. Therefore, the electronic
stethoscope can be used in telemedicine without a reduction in
the quality of auscultation.
To the best of our knowledge, only a few studies have been
conducted to determine the utility of real-time remote
auscultation using an electronic stethoscope [7]. However, we
are not aware of studies conducted for the direct comparison
between real-time remote auscultation and direct auscultation.
Therefore, in this study, we tested the hypothesis that the utility
of real-time remote auscultation by a physician would be
comparable to that of classical auscultation by a physician.
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An open-label randomized controlled trial was designed to
assess the utility of real-time remote auscultation using a
Bluetooth-connected electronic stethoscope. Direct auscultation
using a traditional stethoscope was used as control. To
standardize and enhance the reliability of the assessment, we
used a lung simulator for lung auscultation and a cardiology
patient simulator for cardiac auscultation [10]. All sessions in
this study were conducted at the skills laboratory at Dokkyo
Medical University. As study participants, we recruited senior
residents and faculty in the Department of Diagnostic and
Generalist Medicine, as they were considered representative of
general physicians working in community hospitals or clinics,
the main population expected to perform auscultation in routine
clinical practice. The only exclusion criterion was refusal to
participate in this study. At baseline, no physicians exhibited
hearing loss at their previous annual health checkup. This study
was conducted in accordance with the current version of the
Declaration of Helsinki. The study protocols were approved by
the institutional ethics committee of Dokkyo Medical University,
Tochigi, Japan (No. R-33-20J and R-37-19J). Written informed
consent was obtained from all participants after a detailed
explanation of the study and before participation.

Procedures
Study Flow and Randomization
This study consisted of a lung auscultation part and a cardiac
auscultation part. Each part contained a tutorial and a test
session. Prior to the test session, all participants attended a
tutorial session to become familiar with the device. Thereafter,
participants were randomly assigned (simple randomization) to
either the real-time remote auscultation group (intervention
group) or the classical auscultation group (control group). The
randomization was conducted separately in the lung and cardiac
parts. Researchers were blinded in terms of allocation, by using
a computer-generated allocation table to assign participants.

Tutorial Session
In the tutorial sessions, all participants took part in auscultation
using a traditional stethoscope (Littmann Cardiology III, 3M,
St Paul, MN) on the lung simulator (Lung Sound Auscultation
Trainer “LSAT” ver.2, model #MW28, Kyoto Kagaku Co, Ltd,
Kyoto, Japan) and on the cardiac patient simulator (Cardiology
Patient Simulator “K” ver.2, model #MW10, Kyoto Kagaku
Co, Ltd). In each tutorial session, the participant listened to 15
sounds, with the correct classification being provided to
participants. A short instruction for the simulator and the correct
placements for auscultation were provided. In the tutorial session
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for lung auscultation, the following 15 sounds were played in
a random order: normal lung sounds (standard, loud), wheezes
(350-450 Hz, 600-700 Hz, 200-1000 Hz), 2 different rhonchi,
stridor (twice), 2 different coarse crackles, 2 different fine
crackles, and 2 different pleural friction rubs. In the tutorial
session for cardiac auscultation, the following 15 sounds were
played in random order: 3 different normal cardiac sounds (no
S2 split, S2 split, and S1 split), 3 different third cardiac sounds

Hirosawa et al
(S3 gallop enhanced, S3 gallop, and S3-S4 gallop), aortic stenosis
(twice), aortic regurgitation (twice), mitral regurgitation (3
times), mitral stenosis, and atrial fibrillation. Each participant
was instructed to auscultate in the standardized positions on the
simulators: 4 on the anterior and 4 on the posterior on the lung
simulator; 4 on the cardiology patient simulator (Figure 1). Each
sound was played for a maximum of 1 minute.

Figure 1. The 8 different areas of auscultation on the lung simulator and the 4 different areas of auscultation on the cardiac patient simulator.

Test Session
In the test sessions, participants in the intervention group
auscultated all sounds remotely using an electronic stethoscope
(JPES-01, MEMS CORE Co, Ltd, Miyagi, Japan), a Bluetooth
transmitter and receiver (BT-DUO, TROND, Eastvale, CA),
and a wireless, noise-canceling, stereo headset (WH-1000XM3,
Sony Co, Tokyo, Japan), as depicted in Figures 2A and 2B. For
this group, the researcher placed the electronic stethoscope and
transmitter on the simulator, and participants could monitor the
placement of the electronic stethoscope in real time. In the lung
simulator, the LED panel on the side of the simulator indicated
whether it was the inspiration or expiration phase. The
monitoring screen of the cardiology patient simulator was
modified to display only a heartbeat icon. Participants in the
control group auscultated all sounds directly using the traditional
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stethoscope, placing it by themselves. For lung auscultation, of
the 15 sounds played during the tutorial session, the following
10 sounds were played in a random order during the test session:
normal lung sounds (normal, loud), wheezes (350-450 Hz,
600-700 Hz, 200-1000 Hz), rhonchi, stridor, coarse and fine
crackles, and pleural friction rubs. For cardiac auscultation, of
the 15 sounds played during the tutorial session, the following
10 sounds were played in random order during the cardiac test
session: 2 different normal cardiac sounds (no S2 split, S2 split),
2 different S3 (S3 gallop enhanced, S3 gallop), aortic stenosis,
aortic regurgitation, mitral regurgitation (twice), mitral stenosis,
and atrial fibrillation. Auscultation positions and length were
also the same as those in the tutorial session. During the test
session, all participants filled in forms to indicate the types of
sounds they recognized (Multimedia Appendix 1 and
Multimedia Appendix 2).
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Figure 2. The remote auscultation processes: (A) The researcher is on the left, placing the electronic stethoscope on the cardiac patient simulator, and
the participant is on the right listening to the cardiac sounds via a wireless, noise-canceling, stereo headset and Bluetooth transmitter; (B) the remote
auscultation equipment including an electronic stethoscope; wireless, noise-canceling, stereo headset; and Bluetooth transmitter (Bluetooth connection
is indicated with a dashed double arrow).

Lung Simulator
For lung auscultation, the same lung simulator (MW28) was
used in the tutorial and test sessions. This simulator was
designed for medical education training and includes 34 samples
of lung sounds recorded from actual patients and reproduced
using a high-quality sound system. These lung sounds were
classified, according to the American Thoracic Society
classification system, as continuous (wheezes, rhonchi, or
stridor) or discontinuous (fine or coarse crackles) [11]. Fine
crackles were defined as “relatively high-pitched sounds usually
heard at the end of inspiration as air enters the acinar unit.”
Coarse crackles were defined as “the low-pitched, bubbling
sounds that result from the accumulation of secretions in larger
bronchi and trachea” [11]. The default respiratory rate of 15
breaths/minute was used during the study.

Cardiology Patient Simulator
For cardiac auscultation, the same cardiology patient simulator
(MW10) was used in the tutorial and test sessions. This
simulator was designed for medical education training and
includes 88 cases of cardiac sounds recorded from actual patients
and reproduced using a high-quality sound system.

Electronic Stethoscope
The electronic stethoscope is equipped with pressure-sensitive
sensors, and the signals are converted into sound waves. It is
also equipped with a volume regulator and a frequency filter.
The filter has a bell mode, diaphragm mode, and wide mode,
which enhance the 20-100 Hz, 200-2000 Hz, and 20-2000 Hz
frequency bands, respectively. In the lung and cardiac parts, we
used the diaphragm mode and the bell mode, respectively. The
transmitter transferred the sounds from the lung simulator to
the headset via Bluetooth (A2DP: Advanced Audio Distribution
Profile).

Data Collection and Outcome Measures

All participants’ answers for each sound in the test session were
collected. The primary outcome measure was the test score in
each group. The rates of correct answers for each sound were
the secondary outcome measures.

Statistical Analysis
The correct answer in each group was compared using the Fisher
exact test for primary and secondary outcome measures.
Continuous variables for participant baseline characteristics are
presented as medians (IQRs) and were compared using the
Mann-Whitney U test. Categorical and binary variables for
participant baseline characteristics are presented as numbers
(percentages) and were compared using the Fisher exact test.
A P value <.05 was considered statistically significant. All
statistical tests were performed using R 3.6.0 for MacOS X (The
R Foundation for Statistical Computing, Vienna, Austria).

Results
Participant Profiles
In total, 20 physicians in the Department of Diagnostic and
Generalist Medicine of Dokkyo Medical University were
enrolled in the final analysis (Figure 3). Of these, 7 (35%) were
senior residents (3-5 years after graduation), and 13 (65%) were
faculty (≥6 years after graduation). The median age of all
participants was 32 (IQR 8.5) years; 16 (16/20, 80%) were male,
and the median time since graduation was 7.5 (IQR 7.5) years.
In the lung part, 11 and 9 participants were assigned to the
intervention and control groups, respectively. There were no
statistically significant differences in participant age (P=.25),
sex (P=.82), and years since graduation (P=.15) between the
groups (Table 1). In the cardiac part, 6 and 14 participants were
assigned to the intervention and control groups, respectively.
There were no statistically significant differences in participant
age (P=.99), sex (P=.99), and years since graduation (P=.78)
between the groups (Table 1).

Age, sex, and years since obtaining a degree in medicine were
collected from all participants as baseline demographic data.
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Figure 3. Flowchart of participant inclusion in the study.

Table 1. Baseline characteristics of participants in the classical and remote cardiopulmonary auscultation groups.

a

Lung auscultation

Cardiac auscultation

Variable

Remote lung auscul- Classical lung auscul- P value
tation (n=11)
tation (n=9)

Remote cardiac aus- Classical cardiac
cultation (n=6)
auscultation (n=14)

P value

Age (years), median (IQR)

34.0 (7.0)

29.0 (9.0)

.25a

32.5 (6.3)

32.5 (6.5)

.99a

Men, n (%)

9 (82)

7 (78)

.82b

6 (100)

11 (79)

.99b

Years after graduation
(years), median (IQR)

10.0 (6.0)

4.0 (5.0)

.15a

8.0 (4.8)

7.4 (5.5)

.78a

Mann-Whitney U test

b

Fisher exact test.

Diagnostic Performance

intervention group correctly auscultated pleural friction rubs,
whereas 7/9 (78%) in the control group did (P=.03).

Test scores and rates of correct answers for each lung sound are
summarized in Table 2. The total combined test score was
80/110 (72.7%) in the intervention group and 71/90 (78.9%) in
the control group, with no differences between the groups
(P=.32). There were no differences between the groups for
normal lung sounds, wheezes, rhonchi, coarse crackles, fine
crackles, or stridor. Only 3/11 (27%) participants in the

Details of the answers for lung auscultation are supplied in
Table 3 and Table 4. During exploratory data analysis, we
determined that 4/22 (18%) instances of normal lung sounds
were assigned as pleural friction rubs in the intervention group.
On the other hand, 5/11 (45%) instances of pleural friction rubs
were assigned as normal lung sounds in the same group.
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Table 2. Lung sounds correctly identified.

a

Variable

Remote auscultation (n=11)

Classical auscultation (n=9)

P valuea

Total, n/N (%)

80/110 (72.7)

71/90 (78.9)

.32

Normal, n/N (%)

16/22 (72.7)

18/18 (100)

.99

Wheezes, n/N (%)

25/33 (75.8)

19/27 (70.4)

.64

Rhonchi, n/N (%)

9/11 (81.8)

5/9 (55.6)

.21

Coarse crackles, n/N (%)

7/11 (63.6)

7/9 (77.8)

.50

Fine crackles, n/N (%)

9/11 (81.8)

6/9 (66.7)

.44

Pleural friction rubs, n/N (%)

3/11 (27.3)

7/9 (77.8)

.03

Stridor, n/N (%)

11/11 (100)

9/9 (100)

N/Ab

Fisher exact test.

b

N/A: not applicable.

Table 3. Details of the participants’ answers for lung auscultation in the intervention (remote lung auscultation) group.
Correct answer

Normal

Wheezes

Rhonchi

Coarse crackles

Fine crackles

Pleural friction
rubs

Stridor

Normal (n=22)

16

0

0

2

0

4

0

Wheezes (n=33)

2

25

3

0

0

1

2

Rhonchi (n=11)

0

1

9

0

0

0

1

Coarse crackles
(n=11)

2

0

0

7

0

2

0

Fine crackles
(n=11)

0

0

0

2

9

0

0

Pleural friction
rubs (n=11)

5

1

0

2

0

3

0

Stridor (n=11)

0

0

0

0

0

0

11

Table 4. Details of the participants’ answers for lung auscultation in the control (traditional lung auscultation) group.
Correct answer

Normal

Wheezes

Rhonchi

Coarse crackles

Fine crackles

Pleural friction
rubs

Stridor

Normal (n=18)

18

0

0

0

0

0

0

Wheezes (n=27)

0

19

6

0

0

0

2

Rhonchi (n=9)

0

2

5

0

0

0

2

Coarse crackles
(n=9)

0

0

0

7

2

0

0

Fine crackles
(n=9)

0

0

0

2

6

1

0

Pleural friction
rubs (n=9)

1

0

1

0

0

7

0

Stridor (n=9)

0

0

0

0

0

0

9

Test scores and rates of correct answers for each cardiac sound
are summarized in Table 5. The total combined test score was
50/60 (83.3%) in the intervention group and 119/140 (85.0%)
in the control group, with no differences between the groups
(P=.77). There were no differences between the groups for
normal cardiac sounds, S3, aortic stenosis, aortic regurgitation,
mitral stenosis, mitral regurgitation, and atrial fibrillation.
Although not statistically significant, there was over a 30%
https://mhealth.jmir.org/2021/7/e23109
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difference in the score for mitral stenosis between the 2 groups:
While 5 of 6 (84%) participants in the intervention group
correctly auscultated, only 7 of 14 (50%) participants in the
control group did (P=.19).
Details of the answers in the remote cardiac auscultation group
are provided in Table 6. Misinterpretations between normal
cardiac sounds and S3 sounds were frequently observed in the
intervention group: 2 of 12 (17%) instances of normal cardiac
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sounds were assigned as S3 sounds. On the other hand, 4 of 12
(33%) instances of S3 sounds were assigned as normal cardiac
sounds. Compared to the intervention group, participants in the
control group made fewer misclassifications between normal
cardiac sounds and S3 sounds (Table 7): Misclassifications of
normal cardiac sound as S3 sounds occurred in 2 of 28 (7%)
sounds, and misclassifications of S3 sounds as normal cardiac

sounds occurred in 5 of 28 (17%) sounds. On the other hand,
misinterpretations between mitral stenosis sounds and mitral
regurgitation sounds were frequently observed in the control
group: 6 of 14 (43%) instances of mitral stenosis sounds were
assigned as mitral regurgitation sounds. In comparison, 4 of 28
(14%) instances of mitral regurgitation sounds were assigned
as mitral stenosis sounds.

Table 5. Cardiac sounds correctly identified.

a

Variable

Remote auscultation (n=6)

Classical auscultation (n=14)

P valuea

Total, n/N (%)

50/60 (83.8)

119/140 (85.0)

.77

Normal, n/N (%)

9/12 (75.0)

26/28 (92.9)

.14

S3, n/N (%)

8/12 (66.7)

22/28 (78.6)

.43

Aortic stenosis, n/N (%)

5/6 (83.3)

14/14 (100)

.99

Aortic regurgitation, n/N (%)

6/6 (100)

13/14 (92.9)

.99

Mitral stenosis, n/N (%)

5/6 (83.8)

7/14 (50.0)

.19

Mitral regurgitation, n/N (%)

11/12 (91.7)

23/28 (82.1)

.45

Atrial fibrillation, n/N (%)

6/6 (100)

14/14 (100)

N/Ab

Fisher exact test.

b

N/A: not applicable.

Table 6. Details of the participants’ answers for cardiac auscultation in the intervention (remote cardiac auscultation) group.
Correct answer

Normal

S3

Aortic stenosis

Aortic regurgitation

Mitral stenosis

Mitral regurgitation

Atrial fibrillation

Normal (n=12)

9

2

0

0

1

0

0

S3 (n=12)

4

8

0

0

0

0

0

Aortic stenosis (n=6) 0

0

5

0

0

1

0

Aortic regurgitation
(n=6)

0

0

0

6

0

0

0

Mitral stenosis (n=6) 0

0

0

0

5

1

0

Mitral regurgitation
(n=12)

0

0

0

0

1

11

0

Atrial fibrillation
(n=6)

0

0

0

0

0

0

6

Table 7. Details of the participants’ answers for cardiac auscultation in the control (traditional cardiac auscultation) group.
Correct answer

Normal

S3

Aortic stenosis

Aortic regurgitation

Mitral stenosis

Mitral regurgitation

Atrial fibrillation

Normal (n=28)

26

2

0

0

0

0

0

S3 (n=28)

5

22

0

0

1/28

0

0

Aortic stenosis
(n=14)

0

0

14

0

0

0

0

Aortic regurgitation
(n=14)

0

0

0

13

1

0

0

Mitral stenosis
(n=14)

0

0

0

1

7

6

0

Mitral regurgitation
(n=28)

0

0

1

0

4

23

0

Atrial fibrillation
(n=14)

0

0

0

0

0

0

14
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Discussion
Principal Findings
In this study, there were 4 main findings. First, using a simulator,
we demonstrated that the utility of real-time remote auscultation
using a Bluetooth-connected electronic stethoscope was
comparable to that of direct auscultation using a classic
stethoscope. From previous finding of lung auscultation, coarse
crackles, fine crackles, wheezes, and stridor are useful for
diagnosing bronchitis or pneumonia [12-14], interstitial
pulmonary fibrosis or pneumonia [12,15-19], exacerbation of
asthma or chronic obstructive pulmonary disease [12,19], and
upper-airway obstruction [19,20], respectively. For cardiac
auscultation, valvular cardiac diseases and irregular rhythm
disease were not misclassified as normal cardiac sounds in
real-time remote auscultation and classical groups. The correct
detection of S3 is also an essential skill in diagnosing various
cardiac diseases such as congestive heart failure, ischemic heart
disease, cardiomyopathies, myocarditis, cor pulmonale,
high-output states, left-to-right intracardiac shunts, and complete
atrioventricular block [21]. Therefore, the results of this study
suggest that real-time remote auscultation would be useful for
the diagnosis of these diseases. At the bedside, this would allow
medical staff to screen patients for adventitious sounds at a
distance, protecting themselves from infectious diseases such
as COVID-19.
Second, the rate of correct answers for pleural friction rubs was
lower in the real-time remote lung auscultation group than in
the direct lung auscultation group. Therefore, it would be
challenging to diagnose pleuritis with real-time remote lung
auscultation [12].
Third, in the real-time remote lung auscultation group, we
observed a trend for confusion of normal lung sounds and
pleural friction rubs. Respecting pleural friction rubs, 45% were
misclassified as normal lung sounds in the remote auscultation
group in this study. According to the participants, placement of
the electronic stethoscope to the surface of the lung simulator
caused a bit of noise. Electronic stethoscopes are sensitive to
electronic and ambient noise, and this placement noise may be
the cause of the difficulty observed in auscultation of pleural
friction rub.
Fourth, the rate of correct answers for mitral stenosis was higher
in the real-time remote cardiac auscultation than in the direct
cardiac auscultation group. According to the participants, the
monitoring screen of the simulator was on the caudal side. The
screen showed a heartbeat icon regardless of whether it was the
systolic or diastolic phase without any waveform. In the direct
cardiac auscultation group, it was difficult to watch a display
with auscultation. On the other hand, in the real-time remote
auscultation group, the participants could watch the screen to
detect the systolic or diastolic phase with auscultation. This
may have been the cause for the misinterpretations between
mitral stenosis sounds and mitral regurgitation sounds in the
direct auscultation group.

Hirosawa et al

Strengths
There were 3 strengths of note in this study. First, use of
simulators allowed us to gather standardized data, reducing bias.
Second, the direct comparison of a novel auscultation technology
with classical auscultation as control adds value to this
randomized controlled study. Third, all participants were
physicians who specialized in general internal medicine. Thus,
the study participants were representative of general physicians
working in community hospitals or clinics, the main population
expected to perform auscultation in routine clinical practice.

Limitations
This study was a pilot study and had several limitations. First,
the sample size was small and did not include real patient data.
Fully powered trials need to be conducted to better show
equivalence. There was grouping variation through simple
randomization, especially in the cardiac part, with 6 in the
intervention group vs 14 in the control group. This grouping
variation may have affected the detection power in this study.
Therefore, in future studies, the efficacy of real-time remote
auscultation has to be confirmed at the bedside with a larger
sample size. Second, as the researcher who placed the electronic
stethoscope on the simulators could not hear the sounds while
doing so, the timing of the change in auscultation position could
not be adjusted for optimum auscultation. Participants in the
classical auscultation group were able to change the auscultation
position on their own, which may have given this group an
advantage over the remote auscultation group. Third, the
respiratory rate and phase of crackle could not be adjusted with
the lung simulator. The default respiratory rate was slower than
that of real patients with respiratory diseases. Therefore, the
results from this study may not be generalizable to auscultation
at the bedside. Fourth, in this study, the technique used for
classical auscultation was not standardized. This may have
limited the reproducibility of our results. Fifth, there might be
some dependences among answers within-subject.

Comparison With Prior Work
To the best of our knowledge, there has been no other study in
which real-time remote auscultation and classical auscultation
were directly compared. In terms of the accuracy of classical
auscultation using the simulator, our results, which showed
variable accuracy depending on the type of sounds, were
consistent with previous studies [10,22]. In both previous
studies, the total accuracies varied from 62% to 89.7%, which
may have depended on the difficulty of tests. For example, one
study that showed a low accuracy rate included 3 types of S2,
S4, and S3+S4, whereas another study that showed a high
accuracy rate only included S2 split, mitral regurgitation, and
aortic stenosis. Regarding the difficulty of testing, our study
may be close to the previous 2 studies.
In a previous study of the accuracy of identifying lung sounds
using classical auscultation, stridor was not included in the
evaluation [10]. Stridor can be identified without a stethoscope.
However, we included stridor in this study, as its detection with
electronic stethoscopes was reported in other studies [23].
We are aware of 1 study reporting results regarding the utility
of real-time remote auscultation [7]. In that study, the
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interobserver concordance of remote auscultation via the internet
(93.7%-94.0%) was lower than that of direct auscultation
(98.4%-98.9%), but not statistically significant. Although remote
auscultation in that study was not conducted in real time, the
results are similar to ours in terms of a slightly lower accuracy
in the remote auscultation group than in the conventional
auscultation group.

Hirosawa et al

Conclusions
This study demonstrates that the utility of a
Bluetooth-connected, real-time remote auscultation system is
comparable to that of classical, direct auscultation, except for
pleural friction rubs. Future studies focused on real-time
auscultation through Wi-Fi or the internet are warranted.
Furthermore, this study leads the way for further studies in real
patients with fully powered trials. In a future study, visualized
waves of sounds [24] or artificial intelligence [25] would be
supported to detect abnormal sounds.
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Abstract
Background: Depression is a prevalent mental health challenge. Current depression assessment methods using self-reported
and clinician-administered questionnaires have limitations. Instrumenting smartphones to passively and continuously collect
moment-by-moment data sets to quantify human behaviors has the potential to augment current depression assessment methods
for early diagnosis, scalable, and longitudinal monitoring of depression.
Objective: The objective of this study was to investigate the feasibility of predicting depression with human behaviors quantified
from smartphone data sets, and to identify behaviors that can influence depression.
Methods: Smartphone data sets and self-reported 8-item Patient Health Questionnaire (PHQ-8) depression assessments were
collected from 629 participants in an exploratory longitudinal study over an average of 22.1 days (SD 17.90; range 8-86). We
quantified 22 regularity, entropy, and SD behavioral markers from the smartphone data. We explored the relationship between
the behavioral features and depression using correlation and bivariate linear mixed models (LMMs). We leveraged 5 supervised
machine learning (ML) algorithms with hyperparameter optimization, nested cross-validation, and imbalanced data handling to
predict depression. Finally, with the permutation importance method, we identified influential behavioral markers in predicting
depression.
Results: Of the 629 participants from at least 56 countries, 69 (10.97%) were females, 546 (86.8%) were males, and 14 (2.2%)
were nonbinary. Participants’ age distribution is as follows: 73/629 (11.6%) were aged between 18 and 24, 204/629 (32.4%) were
aged between 25 and 34, 156/629 (24.8%) were aged between 35 and 44, 166/629 (26.4%) were aged between 45 and 64, and
30/629 (4.8%) were aged 65 years and over. Of the 1374 PHQ-8 assessments, 1143 (83.19%) responses were nondepressed scores
(PHQ-8 score <10), while 231 (16.81%) were depressed scores (PHQ-8 score ≥10), as identified based on PHQ-8 cut-off. A
significant positive Pearson correlation was found between screen status–normalized entropy and depression (r=0.14, P<.001).
LMM demonstrates an intraclass correlation of 0.7584 and a significant positive association between screen status–normalized
entropy and depression (β=.48, P=.03). The best ML algorithms achieved the following metrics: precision, 85.55%-92.51%;
recall, 92.19%-95.56%; F1, 88.73%-94.00%; area under the curve receiver operating characteristic, 94.69%-99.06%; Cohen κ,
86.61%-92.90%; and accuracy, 96.44%-98.14%. Including age group and gender as predictors improved the ML performances.
Screen and internet connectivity features were the most influential in predicting depression.
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Conclusions: Our findings demonstrate that behavioral markers indicative of depression can be unobtrusively identified from
smartphone sensors’ data. Traditional assessment of depression can be augmented with behavioral markers from smartphones
for depression diagnosis and monitoring.
(JMIR Mhealth Uhealth 2021;9(7):e26540) doi:10.2196/26540
KEYWORDS
mHealth; mental health; mobile phone; digital biomarkers; digital phenotyping; smartphone; supervised machine learning;
depression

Introduction
Background
Depression is one of the most prevalent, complex, and
heterogeneous mental health challenges of our time. In 2020,
the World Health Organization (WHO) estimated that depression
has impacted 264 million people worldwide [1], and it is
projected to be the leading contributing factor to global disease
burden by 2030 [2]. In these individuals, depression inflicts
recurrent episodes of guilt, sadness, cognitive impairments,
suicidal ideation, and sleep disturbances [1,3-5]. Depression
increases the risk and medical costs of many medical disorders
such as stroke, Parkinson, or Alzheimer [6-11]. Depression is
treatable with psychotherapy and medication. Yet, in many
individuals with depression, it remains undiagnosed and
untreated due to barriers such as social stigma and inaccurate
assessment methods [1,3,12,13]. The ability to detect early
warning signs of depression, continuously and as effortlessly
as possible, by extending current assessment methods could
have a significant impact in mitigating or addressing depression
and its related negative consequences [3,10,11,14].
For the past 30 years, clinician-administered and self-reported
questionnaires remain the gold standard in the assessment and
diagnosis of depression [3,13]. However, the limitations of these
traditional depression assessment methods have been debated.
Such methods are applied sparingly (eg, a couple of times within
a year), thus missing out on the moment-by-moment behavioral
patterns of individuals between health assessments. Lastly,
self-reported appraisals are affected by memory and recall biases
in reconstructing past events and may be prone to socially
desirable reporting from individuals [12,15-17].
Today, smartphones and wearables offer a unique opportunity
to overcome limitations in traditional depression assessment
methods. Smartphones and wearables (eg, Fitbit, Oura Rings,
and smartwatches) have become ubiquitous in the global
population, they are inherently personal, and people are
continuously monitored through their embedded sensors (eg,
camera, accelerometer, global positioning system [GPS],
Bluetooth, and many more) [18,19]. Instrumenting smartphones
and wearables to capture in situ, fine-grained, and
moment-by-moment data sets with sensing apps [20-24] has
made it possible to passively collect data sets in naturalistic
settings. Inherent in these data sets are behavioral patterns:
routines, rhythms, activities, and interactions that are useful in
complementing traditional depression assessment methods, in
studying the mental health of individuals, and in developing
timely mental health interventions [14,22,25-28].
https://mhealth.jmir.org/2021/7/e26540
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Related Work
A growing body of research in smartphone and wearable
sensing, human behavior modeling has improved our
understanding of the relationship between mental health and
biomarkers [3,20-22,26,27,29-31]. In medicine, biomarkers are
pathological, anatomical, or physiological characteristics that
are quantified and evaluated as indicators of a biological process
or a response to medical interventions [23]. Here, we define
biomarkers (or digital biomarkers) of mental health as
quantifiable behaviors (or features) extracted from smartphone
or wearable data that can be monitored and collected over time
to objectively assess mental health and effectiveness of
interventions. Monitoring these biomarkers’ fluctuations is
essential in the early detection and treatment of mental health
disorders [3,32]. For example, in Alzheimer disease, biomarkers
such as cognitive, sensory, and motor degeneration precedes
clinical diagnosis for about 10 or 15 years [32].
In the StudentLife study [22], for example, geolocation, sleep,
and activity-based biomarkers were extracted from a data set
collected from 48 students over 10 weeks. Significant
correlations were found between the following digital
biomarkers: sleep duration (r=–0.360), activity duration
(r=–0.388), traveled distance (r=0.338), and various mental
health symptoms. Similarly, Wang et al [3] collected data sets
with the StudentLife sensing app from 83 college students across
two 9-week terms. Significant correlations were found between
depression and accelerometer-based biomarkers (mean stationary
time, r=0.256) and screen usage–based biomarkers (mean unlock
duration, r=0.283). With an analysis of variance, a significant
difference in unlock duration (F=5.733) was found between
depressed and nondepressed groups. Saeb et al [33] in their
study of 40 participants for 2 weeks also found a statistically
significant correlation between depression and GPS
location–based biomarkers (ie, variance in locations visited,
[r=0.58] and regularity in 24-hour movement rhythm [r=0.63])
and phone usage–based biomarkers (ie, phone usage frequency
[r=0.54]).
Another promising source of biomarkers is wearable devices
[30].
Actigraphy-based biomarkers that quantify time sequences of
rest and active behaviors with accelerometer sensors are known
to be useful in predicting mood disorders such as depression
and bipolar disorder [34,35]. In a 2-week study on 23
participants, Jacobson et al [34] extracted biomarkers from data
sets collected with wrist-worn actigraph watches. A machine
learning (ML) model trained with these digital biomarkers could
predict the depression status of participants with high accuracy
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(ie, accuracy 89%, Cohen κ=0.773). In another 2-week study
[35] on 40 geriatric participants, accelerometer-based digital
biomarkers were extracted from wrist-worn actigraph watches.
With 4 ML models, the study found that these biomarkers could
predict depression with a high accuracy (ie, accuracy 0.910,
precision 0.929, and specificity 0.940). Other promising
biomarkers from wearable devices are heart rate variability,
which has been found to be consistently lower in patients with
psychiatric disorders, electrodermal activity, and skin
conductance [36,37].
Taken together, previous research has shown the potential of
quantifying human behavior from smartphones and wearables
data set as biomarkers. These biomarkers are insightful in
understanding depression.

Objectives
In this study, we aim to investigate the feasibility of predicting
depression using digital biomarkers quantified from a
smartphone data set. To this end, we explore the relationship
between digital biomarkers and depression severity with
statistical methods. We investigate whether depression can be
predicted with digital biomarkers using supervised ML
algorithms.

Methods
The Data Set
We utilized an existing data set collected in a longitudinal
observational study with the Carat app [21], derived from a
cohort of anonymous Android participants worldwide [38]. The
data set was collected from 843 participants between March
and August 2018 (~6 months).
The Carat app is a mobile sensing app, originally developed by
a team of researchers from the University of Helsinki and the
University of California, Berkeley, for smartphone energy
consumption research [21,39]. The Carat app is freely available
on mobile app stores and gives users personalized smartphone
battery consumption reports. Anonymous users worldwide who
install the Carat app may voluntarily be recruited to contribute
their data set to research.
The data set used in this study was a subset of the large-scale
crowdsourced Carat app data set from anonymous volunteers.
The study data set was collected for a multifaceted purpose,
which includes studying the relationship between smartphone
app usage and Big 5 personality traits [40]; studying the
similarities and differences in demographic, geographic, and
cultural factors of smartphone usage [38]; and mental health
research. The advertisement for the recruitment of participants
was sent as push notifications through the Carat app to 25,323
verified users (ie, users with matching time zone and mobile
country code) [38].
All participants in this data set are Android-based smartphone
users, who explicitly and voluntarily gave their consent from
their mobile devices after they were informed about the purpose
of the data collection, the data collection procedures, and
management of the data set. The data set does not contain
personally identifiable information, and was collected under
https://mhealth.jmir.org/2021/7/e26540
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the institutional review board license from the University of
California, Berkeley and the University of Helsinki [21,40].

Mobile Sensing Variables Collected by Carat
Besides battery consumption data, the Carat Android app
unobtrusively collected participants’ time zone and
time-stamped data, including foreground app usage (ie, app the
participant has interacted with), internet connectivity (ie,
connected and disconnected states), and screen lock and unlock
logs. This data set was sampled at each 1% battery change (ie,
while charging or discharging) on the participants’ smartphone.
The Carat app also collected participant’s demographic
information, including age, gender, education, and occupation
via a self-report.

Mental Health Assessment
In addition to the mobile sensing and demographic variables,
depression severity was assessed by a self-report instrument.
Participants answered the 8-item Patient Health Questionnaire
(PHQ-8) [41] at 2-week intervals as specified by the PHQ-8
protocol. Although the depression assessments were
self-reported, the PHQ-8 is clinically validated for the
assessment of depression severity, has high internal consistency
(Cronbach α=.82), and has been used in several previous studies
[3,7,41]. PHQ-8 measures depression severity for the past 2
weeks with items such as “Little interest or pleasure in doing
things,” “Feeling down, depressed, or hopeless,” “Trouble
falling or staying asleep, or sleeping too much.” Each item of
the PHQ-8 is scored on a scale from 0 (Not at all) to 3 (Nearly
every day). The total PHQ-8 score ranges from 0 to 24, with a
score of 10 or more indicating major depression or other severe
forms of depression [41].

Data Inclusion and Exclusion
For each participant’s data set, we excluded days with at least
10 missing log intervals (ie, days where no data were logged
by the Carat app for at least 10% battery charging or discharging
periods). Next, we only included PHQ-8 responses from
participants with at least 8 days of data within the preceding 2
weeks of PHQ-8 response. Consequently, the final data
contained 629 participants, 1374 PHQ-8 responses with 13,898
days of participants’ data set.

Feature Engineering
Characterization of Data Set
Our data set is primarily categorized into screen status, internet
connectivity, and foreground app usage logs. For data
preprocessing, we converted the time stamps of the data set to
local date and time, using the participants’ time zone. We
computed digital biomarkers (herein features) by quantifying
the per-participant hourly and daily behavioral patterns (ie,
routines, irregularity, variability) from these data sets with
simple counts, SDs, entropy [6,14,25,42-45], and regularity
index [27,44] measures. All computed features were merged
per participant at the day level.

Entropy
We computed entropy to capture the degree of variability,
complexity, disorder, and randomness in the participant behavior
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e26540 | p.366
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states from screen status (ie, on and off states), internet
connectivity (ie, disconnected and connected states), and
foreground app (ie, the frequency of use per app) over a 24-hour
period of each day. Entropy was calculated using the Shannon
entropy [45] formula:

where N is the number of states and pi is the percentage of the
state i in the time series data. For example, a higher screen status
entropy reflects the fact that the participant’s screen on and off
pattern is more distributed between on and off states, albeit with
a high degree of uncertainty and complexity in the transition
between the screen on and off states in a 24-hour period.
Conversely, a lower screen status entropy reflects that fact that
the participant’s screen is much often in one state (on or off)
over a 24-hour period. In addition to entropy, we computed
normalized entropy as the entropy divided by log(N).

Regularity Index
Regularity index quantifies routines in participant behaviors by
capturing the similarity (or difference) in participant behaviors
between the same hours across different days. For internet
connectivity, for instance, the regularity index quantifies the
routineness of the participant’s internet connectivity behavior
at the same hours (eg, every 9 am) for all days. We determined
the hourly values as follows: for screen status, the modal screen
status for each hour; for internet connectivity, the modal
connectivity state for each hour; and for foreground app usage,
the number of distinct apps usage for each hour.
Following the regularity index computation method of Wang
et al [44], we computed the regularity index of the screen,
internet connectivity, and foreground app usage for days a and
b using the formula

Opoku Asare et al
(ie, assessment window) of each PHQ-8 response from a
participant. The pooling is to ensure that the timelines of the
feature variables in the analysis are aligned with those of the
PHQ-8 assessment window. The pooling was done as follows:
for each PHQ-8 response, we pooled all entropy and regularity
index features by computing the average feature values for all
days within the PHQ-8 assessment window. Instead of average
values for SD, we took a different approach due to the additive
properties of SD measures. For SD features, we computed the
pooled SD [46,47].
For correlation analysis, we used the pooled data to quantify
the linear relationship between the features and depression
severity (ie, PHQ-8 responses). The correlations were computed
using the Pearson correlation coefficient. Full information
maximum likelihood [48-50] was used in the correlation analysis
to avoid biases introduced by missing data. We used the
Holm–Bonferroni [51] method to adjust the P values for multiple
testing, with a false discovery rate of 0.05.
For association analysis, we used the bivariate linear mixed
model (LMM) [8,44,52-55] to study the association between
the pooled features and the PHQ-8 response. The data set in
this study is a longitudinal data set with repeated measures from
the same individuals. Given this nested structure, the assumption
of normally and independently distributed residuals would be
violated in linear regression models. Hence, we opted for LMM,
which takes into account fixed and random variations in the
data set in respect of a grouping variable, the participant in this
case. LMM also reduces the likelihood of Type I error [56]. To
verify our decision for LMM, we computed the intraclass
correlation (ICC). ICC > 0.05 necessitates LMM.

where a and b are 2-day pairs, T=24 hours, and is the rescaled
(ie, between –0.5 and 0.5) value of hour t of day b. For each
day, we computed the average regularity index for all
combinations of that day and other days of the week.

In the LMM, we used multiple imputation to handle missing
data, taking into account the nested structure of the data set [57].
Using predictive mean matching for multilevel data [58], a total
of 20 imputed data sets were generated. We used Robin’s rule
[59] to pool the results of the LMM run with each imputed data
set. In the LMM analysis, all features were normalized to have
a 0 mean and a unit SD. To address multiple comparison
problems, we adjusted the P values in the LMM to control the
false discovery rate with the Benjamini–Hochberg procedure
[60,61]. Adjusted P value <.05 was considered to be significant.

Standard Deviation and Counts

Predictive Analysis With Machine Learning

The SD features capture the variance of daily behavior between
4-day epochs based on the hour of the day. We defined morning
as the 6-11th hour, afternoon as the 12-17th hour, evening as
the 18-23rd hour, and night as the 0-5th hour of the day. We
computed the count of each screen status, the count of each
internet connectivity status, and the count of foreground app
usage per day epoch. With these counts per day epoch, we
computed the SD per day.
We also computed the day level count of each screen status, the
count of each internet connectivity status, and the count of
foreground app usage. Additionally, we computed the count of
minutes until the first and last use of foreground app per day.

Correlation and Association Analysis
Before beginning the statistical analysis, we pooled (ie,
aggregated) the extracted features within the preceding 2 weeks
https://mhealth.jmir.org/2021/7/e26540
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Machine Learning Setup
We developed population-based supervised ML classifiers to
explore how the digital biomarkers/features predict the
depression state of an individual. We also explored whether
including participants’ self-reported demographics as features
would improve the ML classifier performance.
To this end, we used 5 supervised ML models: random forest
(RF), support vector machine (SVM) with radial basis function
(RBF) kernel, XGBoost (XGB) [62], K-nearest neighbor (KNN),
and logistic regression (LR). With the RBF kernel, an SVM
classifier, a linear classifier, can classify nonlinear data sets
[63,64]. These algorithms have been used in previous work
[65-69] on mental health studies. We used the same pooled and
imputed data set from statistical analysis, but ensured that all
records are distinct. We labeled our data set with 2 classes,
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based on PHQ-8 scoring guidelines, where PHQ-8 score ≥ 10
is depressed (label 1) and PHQ-8 score <10 is nondepressed
(label 0). We created 2 data sets for the ML modeling: (1) a
data set with PHQ-8 scores as labels, and digital
biomarkers/features as predictors, and (2) a second data set with
PHQ-8 scores as labels and digital biomarkers/features, age
group, and gender as predictors. The age group and gender
demographics were converted from categorical to numerical
data using one-hot encoding [63,70].
All the ML modeling was performed using stratified and nested
cross-validation [71,72]. The nested cross-validation is a
state-of-the-art procedure to prevent overfitting and
overestimation of the hyperparameters of the ML classifiers.
Stratified 10 folds in the outer cross-validation and stratified 3
folds in the inner cross-validation were used. With this approach,
for each iteration of the outer cross-validation, 1 stratified fold
was used as a testing data set. The remaining 9 stratified folds
were used for hyperparameter optimization in the inner
cross-validation.
The hyperparameter optimization in the inner cross-validation
was done with grid search over a grid of parameters, where all
combinations of hyperparameters are exhaustively considered.
We use the F1 (macro averaged) score to select the most
optimized hyperparameters.

Imbalanced Data Handling
It is worth noting that in the ML setup, we used stratified
sampling in the nested cross-validation. The stratified sampling
ensures the splitting of the data set into folds that have an equal
proportion of each class (ie, labels 1 and 0). However, the
proportion of each class is still dependent on its availability in
the data set. We handled class imbalance in the training data
set with the synthetic minority over-sampling technique
(SMOTE) [65,73,74], which generates synthetic data for the
minority class, resulting in a balanced training data set.

Feature Analysis
We used the permutation importance method [75,76] to compute
the importance of features. The permutation importance method
is model agnostic and computes the proportional decrease in a
model score when features are randomly shuffled. We used the
area under the curve (AUC) receiver operating characteristic as
the model in the permutation importance computation. We
computed the feature importance using the test set of the outer
cross-validation. For each ML classifier, we ranked the features
by the average feature importance computed across all 10 folds
of the outer cross-validation.
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Model Evaluation
We created 2 baseline classifiers to benchmark the performance
of the ML classifiers. The first baseline is a random weighted
classifier (RWC) with 10,000 randomly generated predictions
based on a multinomial distribution of the nondepressed and
depressed classes. The second baseline is a decision tree (DT)
classifier trained using the same approach as the ML classifiers,
but with age group and gender as features. The performance of
the ML classifiers and baseline classifiers was measured using
the following performance metrics: accuracy, precision, recall,
AUC, F1 score, and Cohen κ. The precision, recall, and F1
scores were computed with an emphasis on predicting the
depressed score (ie, label 1).

Software
Data preprocessing and feature extraction pipeline were created
with Python (version 3.7.6) and R (version 4.0.2) programming
languages, using Snakemake [77] and RAPIDS [78] for
workflow management. All statistical analysis was performed
in R, with mice [79] package for multiple imputation, lmer4
[80] and lmerTest [81] packages for LMM, and psych [50]
package for computing correlation. All the ML was done in
Python, with scikit-learn [63], imbalanced-learn [33], and XGB
library [62,82].

Results
Participants’ Demographics
Self-reported demographic data from the 629 participants
included in our analyses show that 69/629 (10.97%) were
females, 546/629 (86.8%) were males, and 14/629 (2.2%) were
nonbinary or preferred not to disclose their gender.
For the participants’ age distribution, 73/629 (11.6%) were aged
between 18 and 24, 204/629 (32.4%) were aged between 25
and 34, 156/629 (24.8%) were aged between 35 and 44, 166/629
(26.4%) were aged between 45 and 64, and 30/629 (4.8%) were
aged 65 years and over. The participants were distributed across
at least 56 different countries, including 91/629 (14.5%) from
unknown countries, 199/629 (31.6%) from the USA, 66/629
(10.5%) from Finland, 32/629 (5.1%) from Great Britain, 42/629
(6.7%) from Germany, and 29/629 (4.6%) from India. The data
set also has participants from varied educational and
occupational backgrounds. Table 1 provides summary statistics
of the 629 participants in this study.
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Table 1. Summary statistics of participants who were included in the data analysis (N=629).
Variable

Value, n (%)

Age (years)
18-24

73 (11.6)

25-34

204 (32.4)

35-44

156 (24.8)

45-64

166 (26.4)

≥65

30 (4.8)

Gender
Female

69 (11.0)

Male

546 (86.8)

Other or Rather not tell

14 (2.2)

Education
Elementary school/basic education

9 (1.4)

High school/sixth form/other upper secondary level

98 (15.6)

No education or rather not to tell

5 (0.8)

Professional graduate degree/higher university degree (master’s or equivalent)

193 (30.7)

Research graduate degree (PhD or equivalent)

34 (5.4)

Undergraduate degree/lower university degree (bachelor’s or equivalent)

228 (36.2)

Vocational school/trade school/other education leading to a profession

62 (9.9)

Occupation
Agricultural forestry or fishery

1 (0.2)

Clerical support

14 (2.2)

Craft and trade or plant and machine operations

8 (1.3)

Entrepreneur or freelancer

30 (4.8)

Manager

59 (9.4)

No suitable option or rather not to tell

34 (5.4)

Professional

227 (36.1)

Retired

39 (6.2)

Sales or services

29 (4.6)

Staying at home (eg, with kids)

5 (0.8)

Student

74 (11.8)

Technician or associate professional

90 (14.3)

Unemployed or between jobs

19 (3.0)

Country
Unknown

91 (14.5)

USA

199 (31.6)

Finland

66 (10.5)

Great Britain

32 (5.1)

Germany

42 (6.7)

Canada

16 (2.5)

India

29 (4.6)

Othera

154 (24.5)
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a

Comprising 49 different countries with less than 15 participants, including South Africa, Morocco, Brazil, Philippines, Qatar, Japan, Russia, and
Denmark.

Smartphone Data and PHQ-8 Distribution
We had 1374 PHQ-8 responses. Table 2 presents the distribution
of participants and their corresponding number of responses in
the PHQ-8 data set. All PHQ-8 responses were collected every
2 weeks. At the minimum, 316/629 (50.2%) participants
responded 1 time to the PHQ-8 depression assessment, and at
the maximum, 1/629 (0.2%) participants responded 7 times.
The mean number of responses per participant is 2.18 (SD 1.57).

For the distribution of the PHQ-8 scores, 1143/1374 (83.19%)
responses were nondepressed scores (PHQ-8 score <10), while
231/1374 (16.81%) were depressed scores (PHQ-8 score ≥10).
The mean PHQ-8 score is 5.19 (SD 5.22; range 0-24).
The number of smartphone data set days was 13,898 for all 629
participants. Table 3 shows the distribution of participants and
their corresponding number of days in the smartphone data set.
The mean number of days per participant is 22.1 (SD 17.90;
range 8-86).

Table 2. Distribution of participants’ contribution to the PHQ-8a responses (N=629).

a

Participants, n (%)

PHQ-8 responses, n

316 (50.2)

1

129 (20.5)

2

57 (9.1)

3

47 (7.5)

4

40 (6.4)

5

39 (6.2)

6

1 (0.2)

7

PHQ-8: 8-Item Patient Health Questionnaire.

Table 3. Distribution of participants’ smartphone data set days (N=629).
Days, n

Participants, n (%)

8-14

364 (57.9)

15-28

126 (20.0)

29-42

53 (8.4)

43-56

34 (5.4)

57-70

29 (4.6)

71-84

22 (3.5)

85-98

1 (0.2)

Features Engineered From Smartphone Data Set
In all, we computed 22 features from the smartphone data set.
All features were aggregated at the day level. For example, the
screen_offCount feature is the count of all screen off states
during the day. We summarize the engineered features in
Multimedia Appendix 1.

Correlation and Association Between Features and
Depression
We found a significant positive correlation between screen
status–normalized entropy and depression (r=0.14, P<.001).
We found no significant correlation between other screen, app,
and internet connectivity features and PHQ-8 depression score.
Multimedia Appendix 2 presents the full Pearson correlation
coefficients and adjusted P values, with the Holm–Bonferroni
method, between features and PHQ-8 depression score.
Regarding the association analysis, we found an ICC of 0.7584;
thus, 75.84% of the variations in the features are explainable
https://mhealth.jmir.org/2021/7/e26540
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by the interindividual differences. We found a significant
positive association between screen status–normalized entropy
and depression (β=.48, P=.03). We found no significant
association between other screen, app, and internet connectivity
features and depression. Multimedia Appendix 2 presents the
results of the LMM analysis showing the estimates (β) and
adjusted P values calculated using the Benjamini–Hochberg
method.

Predicting Depression From Features
The overall performance of the ML classifiers trained with
features only (ie, with no demographics data set) is listed in
Table 4. Table 5 shows the ML classifier performance with the
features plus age group and gender data set as predictors. The
tuned hyperparameters of all ML classifiers are detailed in
Multimedia Appendix 3. The performance of all 10
cross-validation folds of the features-only data set and that of
the feature plus demographics data set are detailed in Multimedia
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Appendix 3. The performance of the DT and RWC baselines is
shown in Table 6.
As shown in Table 4, it is evident that nonlinear classifiers such
as XGB, RF, and KNN had superior performance in all metrics
than LR. SVM (ie, SVM with RBF kernel) also performed better
than LR.
In terms of precision, recall, and F1 scores, which were
computed with an emphasis on the predictive performance of
the positive label (ie, depressed score, PHQ-8 ≥ 10), XGB was
the best performing classifier, followed by RF and KNN. XGB,
RF, and KNN performed better than the RWC and DT baselines,
as shown in Table 6.
Likewise, with AUC and Cohen κ performance metrics, which
take into consideration both positive and negative labels (ie,
nondepressed score, PHQ-8 <10), XGB, RF, and KNN
classifiers had the best performance, as shown in Table 4. The
AUC and Cohen κ are not biased by imbalance labels.

As shown in Table 4, the worst performing classifier is LR.
Compared with the baseline classifiers in Table 6, the RWC
and DT baselines classifiers outperform the LR classifier in
terms of recall. The LR could predict the PHQ-8 depression
score barely better than the RWC and DT baselines in all other
performance metrics. The RWC baseline classifier also
outperformed the SVM classifier on the recall metrics.
When age group and gender were included with features as
predictors, we observed a general improvement in all
performance metrics for all classifiers, as shown in Table 5.
The SVM classifier had the most substantial improvement with
precision increasing by 18.48% and Cohen κ increasing by
19.3%. KNN had a 6.58% improvement in precision and a 5.1%
improvement in F1 score. RF and XGB classifiers had marginal
improvements in all performance metrics. The worst performing
classifier (ie, LR) had some gains in performance, but it could
still barely outperform the DT baseline classifier in Table 6 in
all performance metrics.

Table 4. Average and SDs of accuracy, precision, recall, F1, area under the curve, and Cohen κ metrics for 10-fold cross-validation, with features-only
data set as predictors.

a

Metric

RFa, mean (SD)

XGBb, mean (SD)

SVMc, mean (SD)

LRd, mean (SD)

KNNe, mean (SD)

Accuracy

97.97 (0.37)

98.14 (0.37)

85.68 (1.16)

59.27 (1.45)

96.44 (0.52)

Precision

92.50 (1.78)

92.51 (1.25)

51.98 (2.58)

20.29 (1.25)

85.55 (1.97)

Recall

94.38 (1.86)

95.56 (1.99)

80.67 (2.36)

57.25 (4.14)

92.19 (2.24)

F1

93.41 (1.19)

94.00 (1.21)

63.20 (2.29)

29.95 (1.87)

88.73 (1.63)

Area under the curve

98.83 (0.67)

99.06 (0.54)

89.47 (1.06)

62.43 (2.22)

94.69 (1.15)

Cohen κ

92.21 (1.41)

92.90 (1.43)

54.83 (2.92)

9.66 (2.38)

86.61 (1.93)

RF: random forest.

b

XGB: XGBoost.

c

SVM: support vector machine.

d

LR: logistic regression.

e

KNN: K-nearest neighbor.

Table 5. Average and SDs of accuracy, precision, recall, F1, area under the curve, and Cohen κ metrics for 10-fold cross-validation, with features, age
group, and gender data set as predictors.

a

Metric

RFa, mean (SD)

XGBb, mean (SD)

SVMc, mean (SD)

LRd, mean (SD)

KNNe, mean (SD)

Accuracy

98.55 (0.40)

98.56 (0.31)

92.61 (0.46)

60.37 (1.39)

98.09 (0.26)

Precision

95.65 (1.59)

94.93 (1.08)

70.46 (1.63)

21.40 (1.20)

92.13 (1.41)

Recall

94.78 (1.59)

95.62 (1.52)

88.76 (3.19)

60.00 (3.94)

95.62 (1.56)

F1

95.20 (1.31)

95.27 (1.03)

78.52 (1.41)

31.54 (1.78)

93.83 (0.85)

Area under the curve

99.01 (0.51)

99.36 (0.33)

95.45 (1.00)

66.62 (3.06)

97.07 (0.73)

Cohen κ

94.34 (1.55)

94.42 (1.21)

74.13 (1.66)

11.74 (2.28)

92.69 (1.00)

RF: random forest.

b

XGB: XGBoost.

c

SVM: support vector machine.

d

LR: logistic regression.

e

KNN: K-nearest neighbor.
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Table 6. Average and SDs of accuracy, precision, recall, F1, area under the curve, and Cohen κ metrics for the RWC and DT baselines.

a

Metric

RWCa, mean (SD)

DTb, mean (SD)

Accuracy

25.80 (0.33)

46.80 (3.77)

Precision

15.21 (0.36)

18.70 (0.66)

Recall

84.79 (0.86)

74.33 (4.71)

F1

25.80 (0.24)

29.85 (0.75)

Area under the curve

50.00 (0.47)

62.94 (1.38)

Cohen κ

0.00 (0.32)

7.33 (1.26)

RWC: random weighted classifier; RWC metrics is the average and SD of 10,000 random predictions.

b

DT: decision tree; DT metrics is the average for 10-fold cross-validation, with age group and gender only as features.

Feature Importance Analysis
We present the mean permutation feature importance in
predicting PHQ-8 depression score across the 10-fold
cross-validation with the top 3 performing ML classifiers (ie,
XGB, RF, and KNN) in Figures 1-3.
For the XGB classifier in Figure 1, the top 5 most important
features were the internet regularity index, screen on count,
screen regularity index, screen status entropy, and the screen
off count.
For the RF classifier in Figure 2, the top 5 most important
features were screen status–normalized entropy, screen
regularity index, screen off count SD, screen off count, and
internet regularity index.

Likewise, for the KNN classifier in Figure 3, the top 5 most
important features are the internet regularity index, screen
status–normalized entropy, screen regularity index, internet
status–normalized entropy, and the internet status entropy. As
shown in Figure 3 app entropy, count, distinct count, regularity
index, and count SD were less important to the KNN classifier.
Removing these less important features could further improve
the performance of the KNN classifier.
By ranking all important features for KNN, XGB, and RF
classifiers, the top 5 most were the screen regularity index,
screen status entropy, internet regularity index, screen
status–normalized entropy, and the screen off count SD. App
count SD is the least important feature for all classifiers (Figures
1-3), and could be removed to improve ML classifier
performance in the case of RF and KNN.

Figure 1. Mean permutation feature importance across 10-fold cross-validation with the XGBoost machine learning classifier.

https://mhealth.jmir.org/2021/7/e26540

XSL• FO
RenderX

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e26540 | p.372
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Opoku Asare et al

Figure 2. Mean permutation feature importance across 10-fold cross-validation with the random forest machine learning classifier.

Figure 3. Mean permutation feature importance across 10-fold cross-validation with the K-nearest neighbor machine learning classifier.
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Discussion
Overview of Data Set Employed
Our objective was to investigate the feasibility of predicting
depression using multivariate digital biomarkers quantified from
smartphone data sets collected in a real-world study. In this
study, we used 13,898 days of smartphone data set, and 1374
PHQ-8 depression assessments from 629 participants to explore
the feasibility of detecting depression from participants’
behavioral markers (ie, digital biomarkers) quantified from their
smartphones. We focused on finding the relationship between
repeated measures of depression scores and participant’s digital
biomarkers and developing predictive models to classify
depressed and nondepressed symptom severity scores.

Principal Results
This data set was collected from a heterogeneous geographic
(ie, from at least 56 different countries), occupational, and
educational population, with high interindividual differences
(ie, 75.84% interclass correlation).
Despite this heterogeneity, digital biomarkers extracted from
participants’ smartphone data set were able to predict
participants’ depression state (ie, depressed or nondepressed)
with high predictive performance using ML models. The ML
models achieved the following: precision, 85.55%-92.51%;
recall, 92.19%-95.56%; F1, 88.73%-94.00%; AUC,
94.69%-99.06%; Cohen κ, 86.61%-92.90%; and accuracy,
96.44%-98.14%. These findings show that predictive modeling
of mental health using digital biomarkers is not only possible
in small homogenous populations [83,84], but also in a more
general population, which further supports the scalability of
this approach and its potential positive impact on health care if
implemented (eg, early detection of mental disorders, RED-flag
systems after treatment).
Moreover, we found that the predictive performances of ML
classifiers improved when demographic characteristics were
included among predictors, indicating that such variables should
also be included in clinical applications. Previous studies suggest
a relationship between demographic factors, smartphone usage
behavior, and depression [38,85,86]. Thus, encoded in the
demographic data of this study’s population is additional
information that is useful in predicting the depression state of
the participants. Therefore, the inclusion of additional data from
clinical information systems (eg, blood parameters, previous
clinical diagnosis) might be a valuable way to further increase
the performance of prediction models.
Interestingly, tree-based, nearest neighbor–based classifiers had
superior performance over linear classifiers, including SVM
with RBF kernel, corroborating the existence of nonlinear
relationships between digital biomarkers and depression. This
finding further supported the correlation finding, which failed
to replicate previous results reported in Saeb et al [33]. We
could only identify that participants with depression symptoms
were more likely to lock and unlock their phone’s screen in a
random and uncertain manner (ie, significant positive correlation
between screen status–normalized entropy and depression,
r=0.14, P<.001). The screen status–normalized entropy
https://mhealth.jmir.org/2021/7/e26540
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biomarker quantified the frequency and distribution (ie,
complexity and uncertainty) in the transition of the participants’
phone screen on and off states. All other indicators were
nonsignificant. Moreover, correlation coefficients only measure
the extent of the linear relationship between variables [87,88].
Instead of correlations, previous studies on mental health relied
on the mutual information (MI) method from Information theory
[87-89]. The advantage of using the MI method is that the MI
measures both linear and nonlinear statistical dependencies
between variables.
Given the high ICC, we tested whether LMM, a much robust
method for finding linear relationships, can identify additional
linear relationships. However, the results from the association
analyses further showed that a unit increase in the screen
status–normalized entropy positively increases the average
depression score (β=.48, P=.03), but all other variables remained
nonsignificant. This suggests that conventional statistical
methods (eg, correlation or LMM) may not depict the complex
nonlinear relationship between digital biomarkers and
depression, and indeed more powerful methods such as ML
models (eg, XGB) are needed to make better predictions [90].
The heterogeneity and inconsistency in correlation findings (ie,
linear relationships) in the field are common issues [26]. Until
now, it is unclear whether this is due to differences in
sociodemographic characteristics in samples, in used sensors,
in the method to calculate features, small sample sizes and lack
of power, or even due to other between-study factors.
Meta-analysis on digital markers and health outcomes (eg,
depression) would be highly valuable to clearly show whether
and to which extent linear relationships exist. Using
meta-regression, the factors causing the differences in
correlation findings may also be identified.
Nevertheless, both the correlation findings and the feature
importance analysis in the prediction models clearly showed
that participants’ phone screen (lock and unlock) behaviors,
such as routinely and randomly locking and unlocking phone
screen, and internet connectivity behaviors played the most
important role in predicting their depression state. The findings
in this study are also supported by prior research that
investigated the relationship between screen interactions and
mental health [3,27,28,33]. Passively sensed participants’
smartphone screen interaction (ie, on and off states) behavior
was demonstrated to be an important predictor of mental health
[27]. Similar findings have been reported previously [3,33],
where the number of times a participant interacts with their
phone, including screen lock and unlocks, was found to correlate
with participants’ mental health state. In a neuroscience study
[91], screen unlocks were found to be important behavioral
markers that correlate and predict resting state brain functional
connectivity, which is known to be associated with depression
[92]. On internet usage behaviors, research has demonstrated
an association between internet usage patterns and depression
[93,94], which was also a key feature in our analysis. Thus,
including these features in future studies is highly recommended.

Limitations and Future work
Given the crowdsourced nature of the deployment of the Carat
app, the sample size in the data set is small (N=629) and may
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not be representative of the general population. Despite the data
set having a fair distribution of age groups, with a spread over
several countries, it is biased toward highly educated and
professional occupations. The data set is also biased toward
males in gender distribution. Future research with a larger
sample size and a balanced gender distribution could explore
correlations, associations, and prediction performance for
population subgroups.
Clinical diagnosis of depression was not an inclusion criterion
for our sample population. The data set also does not contain a
clinical or self-reported baseline assessment of depression and
has scarce high depression scores. Because of the crowdsourced
rolling recruitment nature of participants, the data set contained
an unequal number of repeated depression assessments for all
participants. Future research should benefit from replicating the
experiment in a clinical population and a more controlled
experimental design. With a clinical baseline data set, future
research could study the differences in features between
depressed and nondepressed groups.
The correlation and association between behavioral patterns
extracted from the data set in this study and depression do not
necessarily imply causal relationships. For example, the
correlation between screen status–normalized entropy and
depression may be caused by other confounding variables. In
addition, the correlation and association between screen
status–normalized entropy and depression are not strong and
may not generalize in other populations. Further research is
needed to establish the extent to which such behaviors cause or
are a consequence of depression.
Lastly, the data set was collected from Android participants
only, and the long-term use of the Carat app could influence
participants’ behavior [38,39]. Research has shown that
participant’s behavior and sociodemographics may differ
between Android platforms and other mobile platforms such as
iOS [44,95]. Future research could replicate this study to explore
the extent of the differences in the participants’ behaviors (ie,

Opoku Asare et al
digital biomarkers of participants using Android, iOS, and other
mobile platforms).
Replicating the findings from this study with additional
biomarkers from GPS and wearable sensor data sets and
comparing their correlation and biomarker predictive importance
will be interesting in future work. There would be a major design
implication for depression intervention development if the
behavioral markers from screen and internet connectivity
achieve similar promising results as biomarkers from GPS and
wearable devices. We hypothesize that screen interaction and
internet connectivity data sets alone are less privacy intrusive,
could better capture behaviors of immobile persons, and people
may be more willing to donate such data sets to science. For
example, Apple’s Screen Time and Google’s Digital Wellbeing
app are processing and presenting such data to users to inform
where and how users spent their time on smartphones.

Conclusions
In summary, this study sought to find whether we can detect
changes in human behavior that would be indicative of
depression using smartphones. In addition, we sought to find
what objective measures of human behavior from smartphones
are insightful in understanding depression. Our results
established a positive statistically significant linear correlation
and association between depression and screen
status–normalized entropy behavior quantified from smartphone
data sets. Our findings also establish that behavioral markers
extracted from smartphone data sets can predict whether or not
a participant is depressed based on the PHQ-8 depression score,
and that phone screen and internet connectivity behaviors were
the most insightful behaviors that influence depression in
participants. The findings in this study are supported by previous
research findings and contribute to compelling evidence on the
utility of digital biomarkers in augmenting traditional assessment
of depression, thus enabling continuous and passive monitoring
of the complex vectors of depression.
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Abstract
Background: Digital phenotyping (also known as personal sensing, intelligent sensing, or body computing) involves the
collection of biometric and personal data in situ from digital devices, such as smartphones, wearables, or social media, to measure
behavior or other health indicators. The collected data are analyzed to generate moment-by-moment quantification of a person’s
mental state and potentially predict future mental states. Digital phenotyping projects incorporate data from multiple sources,
such as electronic health records, biometric scans, or genetic testing. As digital phenotyping tools can be used to study and predict
behavior, they are of increasing interest for a range of consumer, government, and health care applications. In clinical care, digital
phenotyping is expected to improve mental health diagnoses and treatment. At the same time, mental health applications of digital
phenotyping present significant areas of ethical concern, particularly in terms of privacy and data protection, consent, bias, and
accountability.
Objective: This study aims to develop consensus statements regarding key areas of ethical guidance for mental health applications
of digital phenotyping in the United States.
Methods: We used a modified Delphi technique to identify the emerging ethical challenges posed by digital phenotyping for
mental health applications and to formulate guidance for addressing these challenges. Experts in digital phenotyping, data science,
mental health, law, and ethics participated as panelists in the study. The panel arrived at consensus recommendations through an
iterative process involving interviews and surveys. The panelists focused primarily on clinical applications for digital phenotyping
for mental health but also included recommendations regarding transparency and data protection to address potential areas of
misuse of digital phenotyping data outside of the health care domain.
Results: The findings of this study showed strong agreement related to these ethical issues in the development of mental health
applications of digital phenotyping: privacy, transparency, consent, accountability, and fairness. Consensus regarding the
recommendation statements was strongest when the guidance was stated broadly enough to accommodate a range of potential
applications. The privacy and data protection issues that the Delphi participants found particularly critical to address related to
the perceived inadequacies of current regulations and frameworks for protecting sensitive personal information and the potential
for sale and analysis of personal data outside of health systems.
Conclusions: The Delphi study found agreement on a number of ethical issues to prioritize in the development of digital
phenotyping for mental health applications. The Delphi consensus statements identified general recommendations and principles
regarding the ethical application of digital phenotyping to mental health. As digital phenotyping for mental health is implemented
in clinical care, there remains a need for empirical research and consultation with relevant stakeholders to further understand and
address relevant ethical issues.
(JMIR Mhealth Uhealth 2021;9(7):e27343) doi:10.2196/27343
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Introduction
Background
Digital phenotyping tools are expected to improve mental health
diagnosis and treatment when integrated into clinical care [1-3].
Digital phenotyping presents significant areas of ethical concern,
particularly in terms of privacy and data protection, consent,
bias, and accountability [4]. For this study, a modified Delphi
approach was used to identify recommendations from panelists
with relevant expertise (eg, computer science, mental health
care, health law, and ethics) for the ethical application of this
emerging technology to mental health.
Digital phenotyping refers to new approaches to measure
behavior through the collection of biometric and personal data
in situ from digital devices, such as smartphones, wearables, or
social media. The data are analyzed to generate
moment-by-moment quantification of a person’s mental state
or prediction of their future behavior [5]. For example, data on
pulse rate, finger taps, or voice features can be tracked using
an individual’s smartphone and then analyzed to measure
behavior, physiological states, and cognitive functioning [6-9].
As the field of digital phenotyping has evolved, projects
increasingly include multiple data streams in the analyses, such
as data from electronic health records (EHRs), facial recognition
technology, ambient sensors, biological scans, or genomic
information [10-13]. The proper terminology for these
techniques is still under debate, with terms such as
computational behavioral analysis [14], continuous
measurement [15], or personal sensing also being applied to
similar research approaches that involve continuous monitoring
of behavioral data gathered from sensors or digital sources
[16,17]. Liang et al [18] suggest a broadened definition of digital
phenotyping to incorporate the trends toward using multiple
data streams, encompassing intelligent systems that sense and
mine information related to mental health states “based on the
ubiquitous ‘digital footprints’ from multiple data sources, e.g.,
ubiquitous sensors, social media and healthcare systems.” The
term digital phenotyping is used in this paper, in part because
it was the term used in the Delphi study. Furthermore, the
expanded definition of digital phenotyping by Liang et al [18]
captures the range of ethical concerns regarding the collection
and use of data for digital phenotyping projects addressed by
the Delphi participants.
Digital phenotyping has a range of health applications, such as
the identification of cardiovascular disease risk [19] or suicidal
ideation [20]. However, mental health has been a primary area
for the investment and development of this technology. Mental
health applications of digital phenotyping include analysis of
sleep patterns to predict episodes of relapse in schizophrenia
[21], early identification of postpartum depression [22], use of
keystroke patterns to predict episodes of mania [23], movement
or linguistic analysis to predict episodes of depression [24,25],
and social media data used to identify drinking and tobacco
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abstinence behaviors [26]. Mental health applications have been
a primary focus of digital phenotyping projects in part because
of the ease with which mobile technology can be used to gather
massive amounts of fine-grained behavioral data from the user
at any time and in any location [27-29]. These types of data are
seen as having great potential to address one of the long-standing
difficulties in psychiatric research, namely, the lack of definitive
biomarkers or objective physiological measures for reliable
psychiatric diagnosis [30,31]. Moreover, the collection of
psychiatric data had previously been limited to clinical
encounters, making it difficult to gather a complete picture of
the day-to-day course of behavioral disorders [32]. The advances
in technology for collecting and analyzing behavioral data have
been applied toward filling this need for better psychiatric
research tools.
The consumer domain and institutions such as the military,
employers, insurance organizations, and the criminal justice
system have also demonstrated a strong interest in the type of
behavioral analyses and predictions offered by digital
phenotyping [33-35]. The recommendations of the panel focused
primarily on clinical applications because it is the domain in
which there is primary investment and publications related to
behavioral digital phenotyping [36-39]. We also focused on
applications in one country (the United States) in order to
facilitate the analysis of regulatory implications based on a
limited set of regulations and regulatory frameworks. In the
United States, clinical applications are regulated technologies
[40], in that they are subject to government regulation, such as
by the US Food and Drug Administration (FDA) or the privacy
rule under the Health Information Portability and Accountability
Act (HIPAA). Nonetheless, clinical applications of digital
phenotyping and associated data collection practices, as
explained in detail below, present challenges for the traditional
frameworks used for the regulation of data or medical devices.
Furthermore, data collection for clinical digital phenotyping
may use consumer devices or take place outside of the regulatory
frameworks. The Delphi panelists paid attention to ethical
concerns relevant to both regulated and unregulated applications
for digital phenotyping, because the traditional ethical and
regulatory frameworks may inadequately account for issues
such as data protection or oversight in digital phenotyping.
This Delphi study was used to address ethical issues raised by
mental health applications of digital phenotyping, such as
privacy and data protection, consent, transparency, potential for
bias in outcomes, and accountability [4]. Digital phenotyping
presents novel concerns because the types of data collection
and analytics involved are not adequately addressed under
current ethical and regulatory frameworks [41,42]. For example,
in the health care domain, the FDA is still evolving in its
approach to regulating digital software and algorithms [43].
The HIPAA Privacy Rule provides protection for health
information collected in health care systems [44]. However,
digital phenotyping has the potential to create sensitive health
information outside of contexts covered by HIPAA, such as
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information collected by consumer devices or in settings outside
of health care, and the Federal Trade Commission can provide
oversight regarding deceptive claims or transparency in relation
to consumer uses of digital phenotyping. However, the Federal
Trade Commission is limited to the scope of its authority to
address broader concerns of safety and privacy in digital
phenotyping [45].
Digital phenotyping projects may include many forms of data,
from social media, location data, and EHRs to screen taps to
genomic data and biometric scans, raising concerns regarding
the massive volume of data and appropriately addressing the
relevant data protection issues [46]. Under HIPAA, health data
that contain personal identifiers can only be shared with third
parties when it is used for the purposes of treatment, payment,
and health care operations and when a business associate
agreement is in place [47,48]. In practice, information in EHRs
may be accessible to third parties in ways that patients are not
expecting [49]. There have also been examples of third-party
companies with whom health care data are shared under business
associate agreements and inadequate patient records [50].
Deidentified data (data from which 18 specific identifiers, such
as name and age, have been removed) may be shared without
restriction under HIPAA [51]. At the same time, owing to
advances in computing and the availability of large public
databases, reidentification of personal data can be accomplished
with increasing ease [52,53]. Thus, there is potential for
deidentified patient data that are shared with third parties to
later be reidentified and used in ways that the patient could not
have foreseen or expected [54].
In the current data landscape, the brokerage of personal data
and, more specifically, the sale of behavioral and health
inferences that can be generated from those data, is a US $200
billion industry [55]. Outside of the health care domain, privacy
protection for personal data varies widely according to
jurisdiction and type of data. There has been a gradual
movement for more jurisdictions to consider the regulation of
personal and biometric data, such as the General Data Protection
Regulation in the European Union or the California Consumer
Privacy Act [56]. Although these regulations provide a useful
model for personal data protection, they are not without
shortcomings. For example, existing regulations do not address
or sufficiently protect individuals from companies and
institutions, drawing health inferences from personal data
[57,58]. Furthermore, these data or health inferences may be
used in ways that have negative ramifications for people, such
as higher insurance rates or employment discrimination [59,60].
Adding further concern, some consumer digital mental health
services have also been found to use misleading or false claims
regarding their collection and use of sensitive personal
information [61]. Against this backdrop, even clinical, regulated
applications of digital phenotyping present significant concerns
regarding transparency, consent, and the distribution of risks
and benefits for patients and users regarding how their data may
be shared and used.
The algorithms used for many digital phenotyping applications,
particularly machine learning algorithms, present additional
challenges in terms of the regulation and oversight of these
tools. With machine learning algorithms, it can be difficult for
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those reviewing the machine learning tool to be able to evaluate
why the data inputs led to a particular output or findings [62].
This black box problem, combined with industry concerns for
protection of intellectual property, can make it more difficult
to detect and address potential systematic problems in the
outputs, such as biases in analyses that disproportionately impact
different user populations [63,64]. For that reason, efforts have
been made to better define and achieve adequate transparency
in health algorithms, as well as calls for explainability in
algorithms [65]. In terms of regulation, the FDA has been
shifting its approach to the regulation of digital medical devices.
The FDA’s Digital Software Precertification program is a
relatively recent approach in which companies that are certified
as having a robust culture of quality and organizational
excellence are given a streamlined process for product approval
[66]. This type of approach has been criticized for needing more
clearly defined standards for excellence, as well as insufficiently
identifying a process for re-evaluation of products that are in
use or accountability for maintaining standards [67]. Gerke et
al [68] noted that the FDA and European and US regulations
of medical devices have been product-based, and thus need to
be further adapted to be able to more effectively address the
safety and efficacy concerns that machine learning tools present
when placed within a health delivery system. In other words, a
systems approach is recommended for the appropriate regulation
of algorithmic devices in health care settings.
Bias and fairness are concerns for a range of machine learning
and digital health technologies [69,70]. Bias can take a number
of forms, including a poor fit between the data collected and
the research question being asked, data sets that do not
adequately represent the target population, and digital tools that
may produce disparate effects when applied to different groups
[71,72]. Within digital phenotyping specifically, each of the
different types of data streams potentially involved, from social
media postings to EHR data, may not adequately include people
of different racial, socioeconomic, or disability status [73,74].
Furthermore, data used to develop digital phenotyping tools
may reflect social inequalities in ways that are difficult to fully
account for and address technological fixes. For example, the
data in EHRs may reflect physicians’ perceptions and treatment
of racialized minorities and associated differential outcomes.
There is a need for further research to adequately assess how
certain types of digital phenotyping data such as digital exhaust
may differentially collect information from groups such as
people with disabilities or from different racial or cultural groups
or different socioeconomic status. Certain predictive uses and
applications for digital phenotyping, such as efforts to predict
aggression or violence, could be applied in contexts or toward
purposes that disproportionately impact marginalized groups.
When digital phenotyping tools are not designed or accessible
to a range of populations, they can widen gaps in research data
or impact mental health diagnosis and treatment in ways that
exclude marginalized groups from benefits and even harm those
groups [75].
There are a number of efforts underway to address bias in
machine learning tools, such as technological fixes to address
bias in data sets and algorithms or efforts to provide principles
for fairness in algorithmic tools. These are important steps but
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are unlikely to fully address the many ways in which social
inequities may shape the development and results of digital
phenotyping tools [76]. For clinical applications, it is important
to note that the FDA does not require data regarding the diversity
in training data for machine learning tools. A recent review of
machine learning health care devices approved by the FDA
found that of 130 tools, most did not report whether they had
been evaluated at more than one site, and only 17 included
demographic subgroup evaluations in their submissions [77].
The digital divide in digital phenotyping devices could further
exacerbate inequities in the distribution of risks and benefits in
mental health care.
In clinical and health research settings, consent procedures will
need to adequately inform individuals of when and how their
data are being gathered and used, as well as whether and how
they may receive notice of the findings or repercussions of the
digital phenotyping analyses. For digital phenotyping, consent
challenges include the difficulty of adequately explaining the
probabilistic nature of findings, as well as the potential
ramifications from personal data or the inferences that may be
drawn from seemingly mundane data such as screen taps or
location. The complexity of digital phenotyping findings, as
well as the potential ramifications from the data and health
inferences generated, can be difficult to convey. Although these
consent issues overlap with those applicable to genomic
research, some differences are the shorter timeframe for digital
phenotyping predictions (eg, risk of a psychotic episode in the
next month), more direct responsibility placed on patients to
modify their behavior immediately, and the potential for a
person’s results to be shared or used in domains outside of health
care. In addition, there are considerations of appropriate
transparency and informed consent for the use of digital
phenotyping tools in vulnerable populations, such as children
and older adults [78]. As an early intervention in psychiatric
conditions generally improves treatment outcomes, mental
health research often aims to identify indicators of severe mental
illness in early childhood and adolescence [79,80]. Informed
consent and transparency procedures for digital phenotyping in
children will need to be sensitive to the potential negative
impacts of returning predictive results to young people and take
into account children’s rights to autonomy and parental interest
in being informed [81].
The clinical use of digital phenotyping tools is also thought to
have the potential to disrupt the traditional patient-therapist
relationship. Artificial intelligence tools are thought to have the
potential to disrupt or even replace some of the roles
traditionally held by therapists or clinicians [82-84]. The use
of artificial intelligence methods, such as machine learning and
natural language processing, is thought to raise issues of whether
the device’s findings will be viewed by physicians and patients
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as more objective than as physician judgment or patient’s
self-report, thus intruding upon the therapeutic relationship. In
instances where a device’s recommendations differ from the
physician’s judgment, there are concerns regarding liability and
accountability for any errors in the tool’s findings, as well as
the nature of the fiduciary relationships involved [85].

Objectives
The Delphi technique is a widely used method for engaging a
group of experts to identify and explore a range of approaches
to a policy issue, potentially establish areas of convergence and
consensus among the recommendations and reveal key
assumptions or correlations for different judgments [86,87].
The purpose of this modified Delphi study is to identify priority
issues of ethical concern in the development of mental health
applications using digital phenotyping and areas of agreement
regarding principles for approaching the ethics of digital
phenotyping.

Methods
Overview
The Delphi technique is essentially a method of structuring
communication among a group of people with relevant expertise
to discuss resolutions to a complex problem [88,89]. Although
many modifications to the Delphi technique have evolved over
time, the main features of this method include (1) anonymity
of the panelists, meaning they do not know of each other’s
identities or which panelist provided which answers, in order
to avoid the influence of status or personality on the discussion;
(2) controlled feedback, in which the panelists’ answers are
given to the study coordinator who then processes and
disseminates the resulting information; and (3) an iterative
process in which experts are consulted more than once to give
them the opportunity to reconsider and refine their views [90].
For this study, the modified Delphi technique was used in the
stages depicted in Figure 1. This study was designated as exempt
by the local institutional review board.
We recruited experts to represent areas of stakeholder relevance
in digital phenotyping: (1) computer science, (2) psychiatry and
mental health therapy, (3) law, (4) ethics, and (5) lived mental
health experience. The category of people with lived experience
refers to people who have a diagnosis of mental illness. Inclusion
of this area of expertise was meant to provide a fuller perspective
on the potential ethical impacts of digital phenotyping [91]. For
this category, we also looked for people with some experience
in mental health advocacy or policy as a foundation for
discussing potential ethical issues, such as privacy or consent,
relevant to digital phenotyping.

JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e27343 | p.384
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Martinez-Martin et al

Figure 1. Delphi study overview.

Composition of the Delphi Panel
We searched the PubMed, Google Scholar, and LexisNexis
databases to identify people in industry and academia developing
technology in the area of digital phenotyping. Search terms
included digital phenotyping, personal sensing, computational
behavioral analysis, and behavioral analytics. The literature
review also yielded specific subareas of expertise relevant to
computer science, ethics, and law, relating to emerging
technologies, privacy, data protection, machine learning, and
bias. Within areas of expertise 1-4, there are also these subareas
of expertise represented. For example, in computer science, we
included people who worked directly with digital phenotyping
as well as those who had related expertise in machine learning,
data science, or predictive analytics; within law, we identified
people with subspecialties in health, data, and health technology
law.
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There is no established optimal number of experts for a Delphi
panel [92]. Primary factors in deciding on the size of a Delphi
panel are appropriate representations of variations in judgment
among those with expertise and the drawbacks involved in
managing multiple surveys, such as decreasing response rates
and increased time needed by researchers in between rounds
[93]. Most Delphi studies have used between 15 and 20
participants [94]. In this study, 28 people with relevant expertise
were identified through the review process and invited to
participate in the qualitative interviews for the first stage of the
Delphi study. There were fewer people with lived experience
represented on the panel than in the other categories. This
reflects a smaller pool of potential panelists that we were able
to identify through our search than for other categories. We
identified 8 people who were in contact with their participation;
3 people responded to our invitations, and one of those 3
subsequently decided not to proceed with scheduling an
interview for personal reasons unrelated to the study itself.
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Interview and Survey Stages
The qualitative interviews were semistructured and explored
questions regarding participants’ views of the ethical issues
presented by digital phenotyping for mental health applications.
Interview transcripts were reviewed to identify the main ethical
themes found in expert panelists’ interviews as well as the main
areas of their recommendations to address these ethical concerns
[95]. The transcripts of the interviews were generated as
Microsoft Word documents. An identifying-category strategy
for reviewing the transcripts and determining the preliminary
codes was used [96]. The content of the interviews involved
the participants directly referencing ethical categories relevant
to health technologies, such as consent or privacy, which
facilitated the identification of relevant categories from the
transcripts. Once the preliminary categories for the transcript
themes were established, we reviewed the transcripts to confirm
the categories and identify associated recommendations for
addressing the areas of ethical concern. We then used the main
ethical themes to generate an open-ended qualitative survey that
we distributed among the panelists in which we asked them
whether they thought that the identified ethical issue was
relevant to digital phenotyping for mental health applications
and whether the recommendations to address that issue were
appropriate.
Narrative comments from the qualitative survey were used to
assist in drafting the statements for the second survey relating
to recommendations for ethical mental health applications of
digital phenotyping. The second survey was conducted with the
same panel of experts who responded to the first survey. For

the second survey, we asked panelists to rate statements
according to the necessity of a particular recommendation or
guidance statement on a four-point scale (1=strong agreement,
2=moderate agreement, 3=neutral, and 4=disagreement). In the
second survey, we used a cut-off of 80% rating agreement to
indicate strong agreement among panelists, and we deemed
70% moderate agreement with respect to consensus, consistent
with the methodology in the Delphi literature [85,97].
Panelists were also asked to rate statements according to
feasibility on the same four-point scale. Feasibility refers to the
likelihood that a particular recommendation could be effectively
implemented. During the interview stage, some participants
noted that there were some potential recommendations for
addressing ethical issues in digital phenotyping that were
infeasible. For example, a recommendation for data protection
regulation might be identified as desirable but unlikely to be
implemented. In some cases, a panelist’s specific expertise
provided them with additional insight into the feasibility of an
option that is different. In Delphi studies applicable to health
care, including ratings for both necessity and feasibility, were
found to be more useful for identifying recommendations that
could be effectively implemented [98]. For these reasons, we
assessed both the necessity and feasibility.

Results
Of the 28 invitations, 24 (86%) participated in the qualitative
interviews, 20 (71%) participated in the first survey, and 17
(61%) participated in the second survey (Table 1).

Table 1. Expertise represented at each stagea.

a

Stage

Computer science, n (%)

Psychiatry or therapy, n (%)

Law or ethics, n (%)

Lived experience, n (%)

Interviews (n=24)

8 (33)

8 (33)

9 (38)

2 (8)

Survey 1 (n=20)

6 (30)

6 (30)

7 (35)

2 (10)

Survey 2 (n=17)

5 (29)

6 (35)

7 (41)

2 (12)

Some panelists had expertise in more than one area.

The main ethical concerns that emerged from the qualitative
interviews were (1) privacy and data protection, (2)
transparency, (3) consent, (4) reporting of findings or return of
results, (5) oversight and accountability, (6) fairness and bias,
and (7) validation of digital phenotyping tools. Although
panelists identified return of results as a potential area of
concern, the specific issues identified overlapped heavily with
the types of concerns and recommendations aimed at the consent
process for digital phenotyping, such as the need to inform
patients of the types of results to expect. The panelists also
generally did not go further in providing specific
recommendations for the return of results beyond what needed
to be discussed in consent, as those particulars were seen to be
more dependent on the context of the digital phenotyping
application.
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In the first survey, the panelists were presented with the ethical
categories and then asked to provide additional feedback
concerning priority areas of ethical concern within those
categories and additional details for recommendations to address
those concerns. Those areas of concern and associated
recommendations were then presented as statements in the
second survey for the panelists to rate. Table 2 presents the
results of the Delphi method. The statements in the table present
the ethical issues in digital phenotyping for mental health
applications resulting from the interviews and first survey. The
agreement rating listed in the table represents the level of
consensus for statements that were determined through the
second survey.
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Table 2. Consensus statements on ethics of mental health applications of digital phenotyping.
Statementa

Agreement levelb
Necessity

Feasibility

Strong

Strong

Evidence of validity for the intended use
Algorithms incorporated into a digital phenotyping tool, especially at a large scale, have to be
thoroughly evaluated in terms of performance and accuracy, including false positives and false
negatives.

Implement processes for review of digital phenotyping tools’ effectiveness after implementation,
Strong
including review of updates, and monitoring and reporting of adverse events caused by an algorithm’s
findings.

Moderate

Digital phenotyping tools that are intended for use in health care should use relevant standards for
data systems to support the goal of interoperability with existing health data systems.

Strong

Moderate

Digital phenotyping tools for mental health applications should respond to real-world needs and
concerns of the intended users, such as clinicians, patients or consumers, in order to enhance user
engagement and provide value.

Strong

Strong

Explanations of the processes, risks, limitations, and results that are relevant to different stakeholders Strong
should be provided to them in an appropriate format and reading level.

Strong

Processes involved in the collection, storage, and dissemination of raw data, as well as data processing Strong
and the architecture of the algorithms, should be explainable.

Moderate

Transparency

Accountability
Development and use of digital phenotyping tools (eg, plans for data collection or validation) should Strong
be reviewed for potential ethical issues by an independent interdisciplinary group with relevant expertise, starting early in the development process.

Moderate

Provision of appropriate educational and training materials for IRBsc handling review of digital
phenotyping projects is also necessary.

Strong

Moderate

Consent should be required from individuals when their personal data are collected for digital phe- Strong
notyping tools.

Moderate

Consent for collection of digital phenotyping data should include information at a sixth-grade level Strong
regarding the types of data collected, the inferences that can be drawn from the data, the reports
made from the data, who the data and reports would be shared with, the potential risks and benefits
to the user, and the limitations that apply to the findings.

Moderate

Include relevant stakeholders in efforts to formulate and disseminate relevant information for dis- Strong
closure (eg, data storage, utilizing appropriate languages and formats for relevant stakeholders, such
as health care providers, government institutions, advocacy organizations, patients, consumers, or
the public).

Strong

Consent

Data security and privacy
Data and findings that are identifying should not be collected, used or shared with third parties
without the informed consent of that individual.

Strong

Strong

Sharing of data to advance scientific research and the validity of the tools remains an important
goal.

Strong

Moderate

If data will be shared with third-party researchers, clear information, written at sixth-grade reading Strong
level, must be given to the individual user about third-party researcher and how they plan to store,
use and/or share the data.

Strong

The individual user also must have an option to opt out of sharing their data with third parties.

Strong

Moderate

Raw data that is nonidentifying, and nonidentifying summary statistics, may be shared without
consent.

Strong

Strong

There should be periodic review to re-evaluate whether identifying information can be drawn from Moderate
the raw data, particularly when combined with other available data.

Moderate

Raw data should always be encrypted when stored or transmitted; potential identifiers in data (eg,
phone numbers and IP addresses) should be replaced with surrogates (eg, hashed or encrypted).

Moderate
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Statementa

Agreement levelb
Necessity

Feasibility

Strong

Moderate

The security standards for data storage, sharing, and use of the individual’s data, as well as the
Strong
process for monitoring compliance with these standards, should be clearly defined and communicated
to users of digital phenotyping tools.

Moderate

Security reviews and audits of data practices should also be implemented.

Moderate

Standards and approaches to minimize risk of reidentification of individuals, such as differential
privacy measures, should be implemented.

Strong

Fairness

a

Encourage collaborative research and partnerships to develop ways to identify and minimize bias Moderate
or discrimination in the development of digital phenotyping tools and to identify and minimize any
potential bias that may occur because of how the tools may be used in different communities or local
contexts.

Moderate

Conduct research into and implement methods to mitigate bias in different levels of algorithm development, including in the training data, in the algorithmic process or focus, in the transfer of
digital phenotyping tools to different contexts, and in the interpretation of digital phenotyping
findings.

Strong

Strong

Identify the specific ways that mental health and clinical care may impact the potential for bias in Strong
these areas. Periodic review and re-evaluation of the methods for addressing and mitigating bias at
the different levels of algorithmic development may be needed.

Strong

The statements represent the ethical issues in digital phenotyping for mental health applications resulting from the interviews and the first survey.

b

The agreement rating listed represents the level of consensus for statements that were determined through the second survey.

c

IRB: institutional review board.

Discussion

like keystroke kinematics - principles and practices need to be
more sophisticated to address digital health tech.”

Principal Findings

Digital phenotyping poses specific concerns regarding privacy
because much of the raw data that are collected, such as screen
taps or location data, may not be information that patients or
users consider sensitive personal information. Thus, patients
and users may not be aware of or be able to foresee how that
data may be analyzed to reveal information about their mental
state that they would want to keep private.

The results of this study showed strong agreement for several
ethical issues in the development of digital phenotyping: privacy,
transparency, consent, accountability, and fairness. Agreement
was strongest when the guidance statements were broad enough
to accommodate a range of applications. The panelist comments
for the survey indicate that the consensus around broader
principles reflects the need to allow flexibility for specific
contexts and projects for which digital phenotyping might be
used for mental health purposes.
The privacy and data protection issues that Delphi participants
found particularly concerning generally related to the perceived
inadequacies of current regulations and frameworks for
protecting sensitive personal information and the potential for
sale and analysis of personal data outside of health systems.
Most of the participants noted in the interviews that additional
data regulation would most likely be necessary to fully address
the privacy concerns posed by digital phenotyping. However,
advocating for specific technological standards or regulatory
measures was seen as beyond the scope of what the panel could
meaningfully address. The panelists focused on addressing
general principles for privacy and data protection rather than
on specific technological standards or regulatory measures.
Clinical digital phenotyping applications are subject to the
security and privacy provisions of HIPAA. Nonetheless,
panelists noted that digital phenotyping tools may involve data
or be applied outside of contexts for which HIPAA or other
personal data protections currently apply. As one panelist stated,
“HIPAA criteria don’t include new forms of identifiable data
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Transparency and consent were seen as key areas for presenting
patients and users with information about privacy and data
protection. For the clinical use of digital phenotyping, informed
consent would need to include careful consideration of how to
communicate the risks and benefits and what, how, and when
findings would need to be reported afterward. At the same time,
as 2 of the panelists noted in the first round of surveys, providing
information effectively can be difficult, especially as patients
and users feel that there is too much consent information being
given to them and feel overwhelmed or prefer to ignore it.
Owing to the complexity involved in collecting data, generating
results, and understanding downstream health and data
implications, the achievability of complete informed consent is
arguable. All panelists agreed that stakeholders should be
included in collaborative processes to determine what
information should be included in the consent and return of
digital phenotyping results.
The study found strong agreement regarding the need for consent
for the collection and use of raw data. Increasingly, owing to
advances in data science and the availability of massive public
databases, personal data can be reidentified [99]. Furthermore,
health inferences can be generated from seemingly mundane
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personal information that can have repercussions for individuals
and groups [100]. Existing frameworks under HIPAA
distinguish personal health information from deidentified data,
with no consent required for the use of deidentified data [101].
However, one panelist stated, “Raw data is not able to be
‘non-identifying’ and consent should be a norm when using or
sharing personal data that has potential health implications.”
Another panelist noted, “consent is not needed for analysis of
deidentified data by a trusted entity; but public information
about the process, including return of aggregate results, is
essential.”
One panelist stated in feedback, “All information that is
deidentified should not be ‘fair game’ for any uses and
disclosures without consent. This is a flaw in the Common Rule.
Sensitive and stigmatizing information may be attributable to
socially vulnerable groups.”
A different panelist noted that “with respect to the use of
personal data in digital phenotyping, it will likely require
extensive education of the public to increase data and technology
literacy. Developing public trust should be a priority and
engaging the public as partners in this endeavor is critical and,
expensive.”
Most panelists noted that digital phenotyping for mental health
presented significant privacy challenges outside the clinical
domain, especially in terms of consumer applications. Given
the lack of sufficient relevant privacy regulation or consent
requirements in the consumer domain, the panelists did not
address potential consumer consent requirements. However,
recommendations for transparency regarding the design and
data practices for digital phenotyping projects were viewed as
a way to address privacy concerns. The panelists agreed that
information regarding the collection, storage, and dissemination
of raw data should be available to users. Reports regarding the
findings of digital phenotyping tools should also be available
to users. Such information would need to be available at an
appropriate reading level, such as a sixth-grade reading level
for users.
As many institutional review boards may not have members
with expertise in data privacy or predictive algorithms, the need
for institutional review boards to have access to adequate
educational materials was noted. Panelists also agreed that
independent ethics review of digital phenotyping was useful
but what that means in practice could take different forms, with
emphasis being on the need for such reviews to have transparent
processes and independence in their judgment.
Although clinical applications of digital phenotyping are subject
to FDA oversight of validation and safety, the panel identified
some specific concerns regarding validating tools for specific
contexts and applications. Standards for evaluating validity,
accuracy, and effectiveness for specific uses, as well as the
mechanisms for performing these evaluations, are still evolving
and vary across different contexts. There was consensus
regarding the need to have a mechanism for review or auditing
of the validity of digital phenotyping tools beyond their initial
deployment, such as evaluating software updates or device uses
deployed in new contexts. There was also general agreement
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regarding the need for a mechanism through which the data
processing and architecture of the digital phenotyping algorithms
could be available for independent third-party reviews. However,
a statement that set out a proposal for a continual review of
digital phenotyping devices received feedback from several
panelists, indicating that it would be too burdensome to have
such a requirement. Decisions concerning how often and in
what situations to re-evaluate a device would depend on usage
contexts and specific projects. Survey feedback also noted that
evaluation of an algorithm used for digital phenotyping could
entail different degrees of thoroughness. Thus, these types of
specific details regarding evaluation were seen as the domain
of professional organizations to establish appropriate technical
standards for the evaluation of specific types of devices. Another
panelist stated that explainability for the algorithms could be a
desirable goal, but it is not something that would be feasible to
require currently.
The issue of interoperability posed another area in which
panelists agreed upon necessity but not upon feasibility.
Interoperability refers to the ability of data systems and services
to have clear, shared standards for the content, context, and
meaning of data [102]. Most panelists viewed the ability of data
to be used by different systems as necessary to facilitate
scientific research using digital phenotyping data. At the same
time, comments made in the survey by panelists with computer
science expertise noted that although interoperability is a
desirable goal, it has encountered practical challenges for
implementation in health data that would make it impracticable
to put forth as a requirement [103].
The lack of diversity in research participants and the data used
for research, such as lack of panelists according to race, gender,
or disability, presents concerns for ensuring equity and fairness
in digital phenotyping for mental health. The potential for bias
needs to be addressed at the different stages of the development
process for digital phenotyping tools, from how the initial
research questions are formulated, how data are selected and
used within these stages, and the potential for disparities
resulting from implementation of these tools in different
contexts. In particular, practices during the design and
development processes are needed to ensure that digital
phenotyping tools can be used in different communities and
contexts while mitigating potential harm to populations, such
as marginalized racial, linguistic, or socioeconomic groups.
There was strong agreement regarding the need to address bias
and fairness; however, as one panelist stated, “To assess
feasibility, context is important and - depending on context,
there will be unique barriers and facilitators to implementation.”
Another panelist noted that it is “[h]ard to predict where bias
might arise, thus this is challenging work, requiring constant
vigilance.” Organizations such as the American Medical
Informatics Association have been working on specific standards
and principles for addressing bias and fairness in algorithms
[104-106]. The Delphi panel identified some practices in the
development of digital phenotyping that can be useful in
identifying areas of potential bias, such as having diverse
research teams and engagement of key stakeholders at different
stages of the development process.
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Limitations
Although this study met the stated recommendations regarding
the size of the Delphi panel and selection of experts, given the
size of the panel, some relevant viewpoints might not have been
included in the panel. As noted in the Methods section, despite
efforts to recruit additional panelists who have lived mental
health experience, we had a notably smaller number of panelists
in that category and thus did not have the benefit of additional
insights from that perspective.
The digital phenotyping literature review raised several areas
of ethical concern that were not directly engaged by the Delphi
panel in the consensus statements. For example, concerns
regarding the potential impact of digital phenotyping on the
therapeutic alliance or the impact of continuous monitoring on
the experience of patients and participants were not addressed
in the consensus statements. This Delphi approach was not
intended to comprehensively address all of the potential ethical
concerns regarding mental health applications of digital
phenotyping. The Delphi process served to identify priority
areas of ethical concern for an emerging technology. The
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consensus aspects of the approach meant that there were relevant
ethical issues that did not ultimately be prioritized for inclusion
in the recommendations. Nonetheless, excluded ethical concerns,
such as impact on the therapeutic relationship, remain relevant
and merit scrutiny and empirical research as mental health
applications of digital phenotyping become more common.

Conclusions
This Delphi study found agreement on a number of ethical issues
to prioritize in the development of digital phenotyping for mental
health applications. Standards and guidelines for key areas of
digital phenotyping, such as privacy and data protection outside
of health care institutions and the regulation of digital medical
devices, are still evolving. The Delphi consensus statements
identified general recommendations and principles regarding
the ethical application of digital phenotyping to mental health.
As digital phenotyping for mental health is implemented in
clinical care, there remains a need for empirical research and
consultation with relevant stakeholders to further understand
and address relevant ethical issues.
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Abstract
Background: Several countries have implemented mobile apps in an attempt to trace close contacts of patients with COVID-19
and, in turn, reduce the spread of SARS-CoV-2. However, the effectiveness of this approach depends on the adherence of a large
segment of the population.
Objective: The aims of this study were to evaluate the acceptability of a COVID-19 contact tracing mobile app among the
French population and to investigate the barriers to its use.
Methods: The Health Literacy Survey 2019 questioned 1003 people in France during the COVID-19 pandemic on the basis of
quota sampling. The survey collected sociodemographic characteristics and health literacy data, as well as information on
participants’ communication with caregivers, trust in institutions, and COVID-19 knowledge and preventive behaviors. The
acceptability of a mobile app for contact tracing was measured by a single question, the responses to which were grouped into
three modalities: app-supporting, app-willing, and app-reluctant. Multinomial logistic regression analysis was performed to
identify the factors associated with the acceptability of a mobile app during the COVID-19 pandemic.
Results: Only 19.2% (193/1003) of all participants were app-supporting, whereas half of them (504/1003, 50.3%) were reluctant.
The factors associated with willingness or support toward the contact tracing app included lower financial deprivation (app-willing:
adjusted odds ratio [aOR] 0.8, 95% CI 0.69-0.93; app-supporting: aOR 0.7, 95% CI 0.58-0.84) and higher perceived usefulness
of using a mobile app to send completed health questionnaires to doctors (app-willing: aOR 2.3, 95% CI 1.70-3.26; app-supporting:
aOR 3.1, 95% CI 2.04-4.82). Furthermore, the likelihood of supporting the mobile app increased with age over 60 years (aOR
1.9, 95% CI 1.13-3.22), trust in political representatives (aOR 2.7, 95% CI 1.72-4.23), feeling concerned about the pandemic
situation (aOR 2.2, 95% CI 1.47-3.32), and knowledge about the transmission of COVID-19 (aOR 2.0, 95% CI 1.39-2.96).
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Conclusions: The most socioeconomically precarious people, who are at a higher risk of SARS-CoV-2 infection, are also the
most reluctant to using a contact tracing mobile app. Therefore, optimal adherence can only be effective with a targeted discourse
on public health benefits to adopt such an app, which should be combined with a reduction in inequalities by acting on structural
determinants.
(JMIR Mhealth Uhealth 2021;9(7):e27768) doi:10.2196/27768
KEYWORDS
COVID-19; mobile app; contact tracing; HLS19; health care disparities; public health

Introduction

Methods

Monitoring contacts of patients with COVID-19 is a key issue
for long-term control of the pandemic. Several digital tools and
eHealth applications have been deployed to effectively support
health care systems in these efforts [1]. In particular, contact
tracing apps have been designed to identify and inform people
of likely exposure [2]. Since March, such contact tracing apps
were installed by approximately 9.3% of the population around
the world [3] and adopted by many countries, including China,
South Korea, Australia, Turkey, Germany, Israel, and Singapore
[3], with mandatory or voluntary setups. In France, the
governmental decision—following the advice of its scientific
board—was to develop a dedicated app called “StopCovid”;
this app has been available for download on mobile phones
since early June 2020 [4]. In October 2020, the StopCovid app
was updated and renamed “TousAntiCovid” [5]. When app
users indicate that they have been infected with COVID-19, the
app uses Bluetooth technology to recover information of all
close contacts (ie, all other TousAntiCovid users who have spent
more than 15 minutes within a distance of 1 meter of the said
user, as recorded over a period of 14 days) and alerts them with
generic notifications, recommending them to quarantine
themselves and to take a COVID-19 screening test. There have
been numerous criticisms focused on data privacy [6,7] and
technical limitations of the app software [8]. Because
downloading and using the TousAntiCovid app is voluntary in
France, its effectiveness is dependent on acceptability and
adoption among users.

The data analyzed here has been sourced from the French Health
Literacy Survey 2019 (HLS19), which was set up as part of
France’s participation in the World Health Organization Action
Network project Measuring Population and Organizational
Health Literacy (M-POHL) [12]. HLS19 was administered to
a sample of the adult French population 2 weeks after the end
of the first lockdown in France (ie, between May 27 and June
5, 2020) at the time of the official launch of the TousAntiCovid
app (June 2, 2020). After this complete lockdown, several other
national or regional lockdown periods were announced in France
in 2020-2021. The sample of 1000 internet users aged 18-75
years was drawn from an access panel, respecting the French
population structure for sex, age, regions, and area of residence
(urban or rural). After informed consent was obtained, the
web-based survey collected information on respondents’
sociodemographic characteristics (gender, age, level of
education, and region of residence), perception of health, health
literacy, and navigation in the health system. In addition, the
survey collected additional national items such as
communication with caregivers through new technologies,
perception of medical research, trust in institutions, as well as
data about the COVID-19 pandemic. The study methodology
was reviewed and approved by the Ethics Evaluation Committee
of the French National Health and Medical Research Institute
(CEEI, IRB 00003888).

Beyond the technical considerations, such contact tracing apps
require high adherence rates among the population to be
effective. According to a previous study, at least 56% of a
population must use a digital contact tracing app in order to
control the pandemic [9]. However, another study reported that
app-based tracing was more efficient than conventional tracing
even with 20% coverage [2]. It is therefore necessary to
convince a maximum number of citizens of their interest in
using such an app and to remove potential barriers to app use.
However, the factors that determine the acceptance of contact
tracing apps remain largely unknown. Beyond the lack of
information as a barrier, social deprivation that increases risk
and severity of COVID-19 might also relate to potential barriers
to the use of a contact tracing app [10]. For this reason, it is also
important that the introduction of the apps does not inadvertently
create or exacerbate social inequalities [11].
The objective of this study is to determine the acceptability of
a contact tracing mobile app, as well as the potential barriers to
its use.
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In this study, we focused on analyzing the sociodemographic
data of the survey respondents. A financial deprivation score
was calculated by combining 3 questions related to financial
abilities: (1) to pay all bills at the end of the month, (2) to buy
drugs if needed, and (3) to pay for medical examinations and
treatments that are not covered by health insurance (response
scale: very easy, easy, difficult, and very difficult). The mean
score was transformed by multiplying it by (5/3) [13]. The scores
ranged from 0 to 5, with higher scores indicating higher financial
deprivation [13].
Health literacy level was calculated using the 16-item version
of the European Health Literacy Survey Questionnaire
(HLS-EU-Q16). Responses to the survey items were recorded
using a 4-point Likert-type scale [14]. For the score, the
modalities were dichotomized into easy and difficult categories,
by merging “very easy” and “easy” responses, as well as
“difficult” and “very difficult” responses. This allowed us to
have 3 groups according to the health literacy score: inadequate
(HLS-EU score: <9), problematic (HLS-EU score: 9-12), and
adequate (HLS-EU score: >12), with a maximum possible score
of 16 [14].
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The level of knowledge on the transmission of COVID-19
(KT-COVID-19) was measured by combining the correct
answers to the following two questions: (1) “In your opinion,
can someone who shows no sign of the disease transmit the
coronavirus?” and (2) “In your opinion, are protective behaviors
effective in limiting the spread of the coronavirus?” A perfect
level of KT-COVID-19 involved answering “Yes, definitely”
to both questions.

contact between people during an epidemic. After adjustment
for age, a stepwise procedure was performed to select significant
factors in the model (entry threshold; P<.20). The significance
threshold in multivariate analyses was set at 5%. All analyses
were performed using the STATA software program (version
14.0; StataCorp LLC).

Trust in institutions was measured using three questions asking
about the participants’ level of trust in doctors, scientists, and
political representatives. For each question, the responses were
grouped into two modalities: yes (very and rather trustworthy)
and no (rather not and not at all trustworthy).

Description of the Study Sample

The participants’ acceptability of a mobile app to follow close
contact between people during an epidemic was measured by
the following question: “In your opinion, is it acceptable to use
mobile phones to study close contact between people during an
epidemic?” with 5 possible modalities: “Yes, definitely,” “Yes,
probably,” “No, probably not,” “No, definitely not,” and “I
don’t know.” We grouped the last three modalities as
app-reluctant and named the other two modalities app-willing
(“Yes, probably”) and app-supporting (“Yes, definitely”).
Chi-square tests and analysis of variance (ANOVA) were used
for descriptive analyses, depending on the type of variables. A
multinomial logistic model was used to identify the factors
associated with the acceptability of a mobile app to study close
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Results
A description of our study sample is presented in Table 1.
Overall, 1003 French adults responded to the survey. Half of
the participants were women (n=506, 50.4%), and half (n=510,
50.9%) were 46 years old or younger. A little more than half of
all participants (n=592, 59.0%) had a high level of education.
A small proportion of participants reported they had been
infected with COVID-19 themselves (n=50, 5.0%) or that
someone in their household had been infected (n=58, 5.8%). In
terms of health literacy, 39.8% (n=399) of the participants had
an HLS-EU-Q16 score reflecting problematic (n=264, 26.3%)
or inadequate (n=135, 13.5%) levels (ie, HLS-EU score: ≤12).
Of note, most respondents (n=664, 66.2%) had an imperfect
level of KT-COVID-19. With regard to our variable of interest,
50.3% (n=504) of all participants were app-reluctant (“No,
probably not acceptable”: n=183, 18.3%; “No, definitely not
acceptable”: n=216, 21.5%; and “Don’t know”: n=105, 10.5%)
and only 19.2% (n=193) were app-supporting (“Yes, definitely
acceptable”).
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Table 1. Description of the characteristics of the study sample (N=1003).
Characteristic

Participants

Age (years), n (%)
18-35

291 (29.0)

36-46

219 (21.9)

47-59

253 (25.2)

60-75

240 (23.9)

Gender, n (%)
Women

506 (50.4)

Men

497 (49.6)

Place of birth, n (%)
France

951 (94.8)

Other country

52 (5.2)

Education level, n (%)
Less than high-school degree

172 (17.2)

High-school degree

239 (23.8)

Higher education

592 (59.0)

Area of residence, n (%)
Rural

212 (21.1)

Urban

791 (78.9)

Financial deprivation score (range: 0-5)a, mean (SD)

1.7 (1.1)

Health literacy level (HLS-EU-Q16b score range: 0-16), n (%)
Inadequate (<9)

135 (13.5)

Problematic (9-12)

264 (26.3)

Adequate (>12)

604 (60.2)

Infected with COVID-19, n (%)
Yes

50 (5.0)

No

862 (85.9)

I don’t know

91 (9.1)

A household member infected with COVID-19, n (%)
Yes

58 (5.8)

No

851 (84.8)

I don’t know

94 (9.4)

Significantly concerned about the situation caused by COVID-19, n (%)
Yes

266 (26.5)

No

737 (73.5)

KT-COVID-19c level, n (%)
Perfect

339 (33.8)

Imperfect

664 (66.2)

Acceptability of a mobile app to study close contact between people during an epidemicd, n (%)
Yes, definitely

193 (19.2)

Yes, probably

306 (30.5)

No, probably not

183 (18.3)
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Participants

No, definitely not

216 (21.5)

Don’t know

105 (10.5)

A financial deprivation score was calculated by combining answers to 3 questions. Higher scores indicate higher financial deprivation.

b

HLS-EU-Q16: European Health Literacy Survey Questionnaire, 16-item.

c

KT-COVID-19: knowledge on the transmission of COVID-19 (measured by combining answers to 2 questions on the transmission of COVID-19 and
on the effectiveness of barrier gestures; a perfect level of KT-COVID-19 corresponds to a correct answer to both questions).
d

This variable has been grouped into 3 modalities: app-supporting (“Yes, definitely”), app-willing (“Yes, probably”), and app-reluctant (“No, probably
not”; “No, definitely not”; and “Don’t know”).

Factors Associated With the Acceptability of Contact
Tracing Using Mobile Phones
Results of the univariate analysis (Table 2) showed no
significant association between app-reluctance and
sociodemographic factors except for financial deprivation, with
participants reluctant to use such apps reporting higher financial
deprivation scores (P<.001).
App-supporting participants (75/193, 38.9%) felt significantly
more concerned by the situation caused by COVID-19 than
app-willing participants (80/306, 26.1%), who in turn felt more
concerned than app-reluctant participants (111/504, 22.0%;
P<.001). The positive gradient was also observed between the
acceptability of contact tracing apps and avoiding close contact
in the past week with people they did not live with (app-reluctant
334/504, 66.3%; app-willing: 229/306, 74.8%; app-supporting:
147/193, 76.2%; P=.006). The level of KT-COVID-19 was also
significantly associated with participants’ attitudes toward such
apps; for instance, 53.4% (103/193) of app-supporting
participants had a perfect KT-COVID-19 level compared to
29.4% (148/504) of app-reluctant participants (P<.001).
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Moreover, trust in political representatives (P<.001), scientists
(P=.02), and doctors (P=.006) was positively associated with
the acceptability of a contact tracing app during a pandemic.
We also observed a positive association concerning the
perceived usefulness of digital technologies: during medical
consultations (broadcasting and recording), to complete and
send health assessment questionnaires, or to make a medical
appointment (all P<.001).
After adjusting for age (Figure 1), the two groups not reluctant
to use a contact tracing app were found to be associated with a
lower level of financial deprivation and with higher perceived
usefulness of a mobile app to send doctors answers to health
questionnaires. The likelihood of a participant’s willingness to
use a contact tracing app increased among those who trusted
doctors and those who had avoided close contact with other
people in the past week. App-supporters were 60 years and
older, felt more concerned about the situation of the COVID-19
pandemic, trusted political representatives, and had a perfect
level of KT-COVID-19.
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Table 2. Factors associated with the acceptability of a mobile app to study close contact between people during an epidemic: univariate analysis
(N=1003).
Factor

App-reluctant (n=504)

App-willing (n=306)

App-supporting (n=193)

Age (years), n (%)

.11

18-35

146 (29.0)

95 (31.1)

50 (25.9)

36-46

120 (23.8)

54 (17.7)

45 (23.3)

47-59

134 (26.6)

76 (24.8)

43 (22.3)

60-75

104 (20.6)

81 (26.5)

55 (28.5)

Gender, n (%)

.35

Women

265 (52.6)

145 (47.4)

96 (49.7)

Men

239 (47.4)

161 (52.6)

97 (50.3)

Place of birth, n (%)

.16

France

476 (94.4)

287 (93.8)

188 (97.4)

Other country

28 (5.6)

19 (6.2)

5 (2.6)

Education level, n (%)

.73

Less than high-school degree

90 (17.9)

55 (18.0)

27 (14.0)

High-school degree

122 (24.2)

72 (23.5)

45 (23.3)

Higher education

292 (57.9)

179 (58.5)

121 (62.7)

Area of residence, n (%)

.26

Rural

117 (23.2)

57 (18.6)

38 (19.7)

Urban

387 (76.8)

249 (81.4)

155 (80.3)

1.6 (0.9)

1.4 (1.1)

Financial deprivation score (range: 0-5)b, mean (SD) 1.9 (1.1)
Health literacy level (HLS-EU-Q16c score range: 0-16), n (%)
76 (15.1)

38 (12.4)

21 (10.9)

Problematic (9-12)

140 (27.8)

65 (21.2)

59 (30.6)

Adequate (>12)

288 (57.1)

203 (66.3)

113 (58.5)

Infected with COVID-19, n (%)

.83

Yes

22 (4.4)

18 (5.9)

10 (5.2)

No

438 (86.9)

261 (85.3)

163 (84.5)

I don’t know

44 (8.7)

27 (8.8)

20 (10.4)

A household member infected with COVID-19, n (%)

.49

Yes

23 (4.6)

23 (7.5)

12 (6.2)

No

431 (85.5)

257 (84.0)

163 (84.5)

I don’t know

50 (9.9)

26 (8.5)

18 (9.3)

Significantly concerned about the situation caused by COVID-19, n (%)

<.001

Yes

111 (22.0)

80 (26.1)

75 (38.9)

No

393 (78.0)

226 (73.9)

118 (61.1)

Trust in political representatives, n (%)

<.001

Yes

62 (12.3)

56 (18.3)

61 (31.6)

No

442 (87.7)

250 (81.7)

132 (68.4)

Trust in scientists, n (%)
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RenderX

.02

Yes

438 (86.9)

278 (90.9)

181 (93.8)

No

66 (13.1)

28 (9.1)

12 (6.2)
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<.001
.046

Inadequate (<9)

Trust in doctors, n (%)

P valuea

.006
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App-reluctant (n=504)

App-willing (n=306)

App-supporting (n=193)

Yes

457 (90.7)

293 (95.8)

185 (95.9)

No

47 (9.3)

13 (4.2)

8 (4.1)

Having avoided close contact (<1 m) in the last week with people not living with you, n (%)

.006

Yes

334 (66.3)

229 (74.8)

147 (76.2)

No

170 (33.7)

77 (25.2)

46 (23.8)

Broadcasting of the consultation by video so that relatives who are not present can participate is useful, n (%)
Yes

162 (32.2)

136 (44.4)

95 (49.2)

No

342 (67.9)

170 (55.6)

98 (50.8)

Video recording of consultations to remember its content is useful, n (%)

<.001

<.001

Yes

201 (39.9)

164 (53.6)

118 (61.1)

No

303 (60.1)

142 (46.4)

75 (38.9)

Mobile app for scheduling medical appointments and reminders is useful, n (%)

<.001

Yes

393 (78.0)

269 (87.9)

170 (88.1)

No

111 (22.0)

37 (12.1)

23 (11.9)

Mobile app for sending your doctor answers to questionnaires assessing your health is useful, n (%)
Yes

284 (56.3)

225 (73.5)

153 (79.3)

No

220 (43.7)

81 (26.5)

40 (20.7)

KT-COVID-19d level, n (%)

a

P valuea

<.001

<.001

Perfect

148 (29.4)

88 (28.8)

103 (53.4)

Imperfect

356 (70.6)

218 (71.2)

90 (46.6)

Italicized values indicate statistical significance.

b

A financial deprivation score calculated by combining answers to 3 questions. Higher scores indicate higher financial deprivation.

c

HLS-EU-Q16: European Health Literacy Survey Questionnaire, 16-item.

d

KT-COVID-19: knowledge on the transmission of COVID-19 (measured by combining answers to 2 questions on the transmission of COVID-19 and
on the effectiveness of barrier gestures; a perfect level of KT-COVID-19 corresponds to a correct answer to both questions).
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Figure 1. Factors associated with acceptability of a mobile app to study close contact between people during an epidemic (N=1003). Dots and whiskers
represent adjusted odds ratio and 95% CI levels from multivariate analyses for definite (“app-supporting,” blue) or probable (“app-willing,” red)
acceptability of a contact tracing app. KT-COVID-19: knowledge on the transmission of COVID-19; Ref: referent category in the model.

Discussion
Principal Findings
Even amidst vaccine rollout and with a significant risk of
multiple epidemic waves or a possible shift toward a long-term
pandemic, contact tracing is an important public health strategy
to control the spread of the COVID-19 pandemic [15], and it
can be effective if it is adopted by a large segment of the
population. In our study, the proportion of people who would
agree to use such a mobile app for tracing and follow-up of
close contacts in the context of COVID-19 was found to be
49.7% (499/1003), including 306 participants responding “Yes,
probably” and 193, “Yes, definitely”.
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Similar figures were noted before the implementation of
TousAntiCovid app in a sample of the French population aged
over 15 years (N=1051), wherein 49% of the study population
indicated that they intended to install the app, of which only
15% were certain and 34% probably claimed to do so [16]. An
acceptability rate of 38.4% was also reported in a recent study
(May 07, 2020, N=1849) [17]. Despite relatively high theoretical
acceptability, after the launch of the mobile app, only 3.1% of
the people in France downloaded it (as of mid-July 2020) [3],
as confirmed by 73.5% (737/1003) of our study participants
reporting that they did not feel very concerned about the
situation caused by COVID-19. Additional recent data further
confirm the low adoption of TousAntiCovid [18], downloaded
by approximately 20% of the French population in March 2021
[19]. Moreover, we do not know if this population indeed used
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the app after downloading it, as no data are available regarding
use and uninstallation. Recent results from the literature confirm
this difference between the actual and theoretical rate of app
use in the case of voluntary installation in various countries,
including Australia (70% agreed to use the app vs 44%
downloaded it) [20], United States (55% accepted vs 21%
downloaded it) [21], and Germany (81% accepted vs 36%
downloaded it) [22]. In countries where the installation of the
app was mandatory, we observed a very high download rate
(eg, 91% in Qatar) [23]. Several reasons might explain this large
gap between theoretical acceptability and actual use. For
instance, technical and financial considerations might limit
access to the app. Therefore, special efforts are needed to help
people who are more financially precarious; it may also be
important to better inform people about the availability of such
a tool and its usefulness in controlling the pandemic. Indeed,
apart from the content and availability of the messages, many
factors can be associated with app reluctance, such as the
hierarchy of needs (food or administrative insecurity),
discrimination and fear of losing one's job, worries about being
isolated, and losing social support. To improve the acceptability
of such a tool, special attention must be paid to protect people
against the risks and difficulties they might be facing.
Several factors were identified to play a role in the potential
acceptability of a contact tracing app. Our results show that
people aged 60-75 years would support such an app during the
COVID-19 pandemic, contrary to what has been demonstrated
in the literature with regard to technology acceptance, where
advanced age is associated with a lower level of acceptability
of mobile apps [24]. However, this finding is consistent with
early evidence on the acceptability of contact tracing apps
reported by a German study [25]. Indeed, in the context of the
COVID-19 pandemic, the population at higher risk is typically
over 60 years old [26], and people who perceive themselves at
risk might be more inclined to adopt such an app. Our results
confirm that agreeing to use the contact tracing app requires
people to be concerned about the situation created by the
pandemic and/or to avoid close contacts outside their household.
At the start of the pandemic, the communication by the French
government and the scientific community sometimes included
contradictory messages that led to confusion (eg, whether or
not to wear a mask, COVID-19 is not an alarming virus) [27].
Because contact tracing has been framed as a long-term solution,
it could have also been seen as less essential than treatments or
wearing masks. Contradictory communication likely played a
role in the disinterest on the part of the population and the lack
of collective awareness. Indeed, knowledge about COVID-19
transmissibility through asymptomatic individuals and about
the effectiveness of barrier gestures was low in our sample
(339/1003, 33.8%).
Another aspect to consider here is people’s trust in institutions.
Contact app tracing is intrinsically linked to the state response
to the pandemic. As such, attitudes toward institutions should
influence the acceptability of an app. Our analysis shows that
trusting politicians and doctors has a positive effect on people’s
intention to use the contact tracing mobile app. Those who trust
political representatives’ express absolute certainty, unlike those
who trust doctors who are almost certain. A study conducted
https://mhealth.jmir.org/2021/7/e27768
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on the general population during the COVID-19 lockdown
showed that one of the reasons for nonadherence with the app
was the concern of the use of this technology for the purposes
of government oversight [28]. In this study, we do not know if
this is the reason people mistrust political representatives, but
we assume that the issue of personal data privacy plays a role
in the negative relationship between trust in the government
and likelihood of installing the app [29], particularly in a context
where individual rights are more generally restricted. Moreover,
the conflicting messages from the government (including the
fact that the Prime Minister and two other ministers of the
French government had not downloaded the TousAntiCovid
app [30]) and the medical controversies about drug treatment
during the COVID-19 pandemic have further weakened the
population’s trust in institutions. These factors seem to have
served to enrich conspiracy theories related to COVID-19.
Marinthe et al [31] demonstrated that people with a conspiracy
mentality are less willing to comply with government-driven
preventive behaviors during the COVID-19 outbreak. These
results are in line with those obtained in a French study [17],
unlike an American study where trust in politicians was not
correlated with app use [21]. These authors explained this
difference by the fact that at the time of their study, various
American political parties supported the use of the app.
Lack of familiarity with technologies is also an obstacle to using
a contact tracing app. Our results show that app-reluctant
individuals are those who consider that electronic
patient-reported outcomes (ePRO) are not useful. One study
indicated that patients with cancer who did not use ePROs were
those who expressed lower acceptability for mobile technology
and, therefore, lower adherence to mobile health [32]. The
positive link between attitude toward technologies and its
acceptance has previously been demonstrated in the context of
the COVID-19 pandemic [33]. There is a need to better
understand the link between the public understanding of science
and technology, their overall acceptability, and the consequences
for health practices, especially in an emergency context where
uncertainty prevails.
Our results also show that the likelihood of agreeing to use
mobile tracking technology during the COVID-19 pandemic
increases with financial resources and health literacy. At the
same time, the people most vulnerable to COVID-19 are also
those whose precariousness is the most marked by their
socioeconomic situation (income, professional activity, and
origin) with frequent inadequate levels of health literacy [34].
We then assume that people with lower health literacy might
have different risk perceptions and are probably not reached by
adequate and understandable preventive recommendations.
Several studies have shown that people with low health literacy
have more difficulty finding information and understanding
COVID-19–related messages [35,36]. Our results are in line
with these previous findings. Indeed, our findings show clearly
that adoption of a behavior of social utility—in this case, using
a contact tracing app—was associated with a perfect level of
knowledge of the modes of transmission of COVID-19. Studies
have also shown that digital solutions are often less used by
people with low levels of health literacy or those who do not
have access to the internet [37,38]. More socioeconomically
JMIR Mhealth Uhealth 2021 | vol. 9 | iss. 7 | e27768 | p.404
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
precarious people often have poor internet access and may face
difficult living conditions (housing conditions, employment,
access to running water, etc) that could affect their ability to
follow the recommended guidelines. Hence, unequal access to
information and its understanding, as well as the level of risk
perception, could play a major role in citizens’ adherence to
new COVID-19 prevention technologies. It is therefore clear
that COVID-19 highlights pre-existing health inequalities and
can even accentuate them through the deployment of the contact
tracing app. This is why specific interventions are needed to
fight against these inequalities. Targeting this group of the
population with understandable messages on the usefulness of
the app and addressing the specific reasons for their reluctance
might help increase its use, but it is clearly not enough. More
should be done to decrease inequities overall and specifically
in relation to the implementation of such apps. Broader
approaches that intervene not only on individual and
interpersonal factors but also upon structural determinants are
needed [39]. In particular, structural interventions should at
longer term seek to change the global context that fosters social
and health inequalities. If such contact tracing apps are needed
to fight against pandemics, every willing person should be able
to access such technology and to use it without potential
negative consequences.

Limitations and Strengths
Our study has some limitations. The use of the close contact
tracing app was studied through theoretical acceptability. This
type of study upstream of the implementation of a new
technology can help adapt the actions but should be followed,
after the implementation of the app, by additional studies on
real acceptability and usage. Moreover, we do not know whether
participants have a smartphone with adequate data allowance
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and battery performance to use the app; despite these reasons,
our web-based survey was conducted among a highly educated
sample (59% in this study compared to 37% in the French
population [40]) of internet users, which is not representative
of the entire French population because there are still numerous
households that do not have internet access.
Finally, one of the strengths of this study is the rather large size
of the sample and the national representativeness with regard
to age group, gender, area of residence, and population density,
which was achieved by quota sampling. This large sample size
gave us enough statistical power to detect the detrimental effect
of financial deprivation and imperfect health literacy despite
surveying a socioeconomically privileged sample.

Conclusions
To our knowledge, this is the first study in France to evaluate
the impact of financial deprivation on the acceptability of a
close contact tracing mobile app used during the COVID-19
outbreak on a representative quota sample. Knowing the
characteristics of the people who do not adhere to the new
tracking technology in the context of a pandemic is essential to
adopting effective strategies. Combining the tracing tool with
testing and isolation can significantly facilitate the fight against
the virus. Strong adherence to this technology would not be
possible if public authorities do not conduct extensive public
awareness campaigns to foster trust in institutions and to clarify
what the app does, and importantly, what it does not do,
particularly among more precarious people. Globally, the current
COVID-19 health crisis reinforces the need to fight against
social inequities generally and specifically to provide to all
people not only masks or vaccines but also technologies that
are useful to control the spread of transmissible diseases.
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