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Abstract
Background: Despite the rapid proliferation of health interventions that employ digital tools, the evidence on the effectiveness
of such approaches remains insufficient and of variable quality. To address gaps in the comprehensiveness and quality of reporting
on the effectiveness of digital programs, the mHealth Technical Evidence Review Group (mTERG), convened by the World
Health Organization, proposed the mHealth Evidence Reporting and Assessment (mERA) checklist to address existing gaps in
the comprehensiveness and quality of reporting on the effectiveness of digital health programs.
Objective: We present an overview of the mERA checklist and encourage researchers working in the digital health space to
use the mERA checklist for reporting their research.
Methods: The development of the mERA checklist consisted of convening an expert group to recommend an appropriate
approach, convening a global expert review panel for checklist development, and pilot-testing the checklist.
Results: The mERA checklist consists of 16 core mHealth items that define what the mHealth intervention is (content), where
it is being implemented (context), and how it was implemented (technical features). Additionally, a 29-item methodology checklist
guides authors on reporting critical aspects of the research methodology employed in the study. We recommend that the core
mERA checklist is used in conjunction with an appropriate study-design specific checklist.
Conclusions: The mERA checklist aims to assist authors in reporting on digital health research, guide reviewers and policymakers
in synthesizing evidence, and guide journal editors in assessing the completeness in reporting on digital health studies. An increase
in transparent and rigorous reporting can help identify gaps in the conduct of research and understand the effects of digital health
interventions as a field of inquiry.
(JMIR Mhealth Uhealth 2017;5(10):e136) doi:10.2196/mhealth.6640
KEYWORDS
mHealth; checklist; reporting; digital health; publishing guidelines

Introduction
Over the last decade, there has been a dramatic increase in health
programs employing digital tools, such as mobile phones and
tablets, to stimulate demand for or the delivery of health care
services. This is especially true in low- and middle-income
countries, where public health practitioners are tapping into the
unprecedented growth in the use of mobile phones to overcome
https://mhealth.jmir.org/2017/10/e136/
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information and communications challenges [1,2]. Donors have
rallied around digital approaches, and much has been invested
into developing, testing, and deploying digital systems.
However, after nearly a decade of concerted efforts, widely
available evidence in support of digital health is limited [1,3,4].
As an emergent field, there is substantial variability in the
reporting of digital program implementations, evaluations, and
outcomes. Inconsistency in reporting is problematic as it limits
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e136 | p.4
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policy makers’ ability to understand precise program details
and extract, compare, and synthesize linkages (if any) between
the digital investments and consequent health effects.

to a range of existing mHealth literature. Readers may refer to
further details about the methodology in the complete
manuscript [5].

To address gaps in the comprehensiveness and quality of
reporting on the effectiveness of digital programs, the mHealth
Technical Evidence Review Group (mTERG)—an expert
committee convened by the World Health Organization (WHO)
to advise on approaches to strengthening digital health
evidence—proposed guidelines for reporting evidence on the
development and evaluation of digital health interventions.
These guidelines—presented as the mHealth Evidence Reporting
and Assessment (mERA) checklists—were published in March
2016 [5] and have since been widely accessed [1,6-10].

Results

Methods
The design of the mERA checklist followed a systematic process
for the development of reporting guidelines [11]. In October
2012, WHO convened an expert working group led by the Johns
Hopkins Global mHealth Initiative to develop an approach for
the mERA guideline. In December 2012, this working group
presented an initial draft of the checklist to a global panel of 18
experts convened by WHO during a 3-day meeting in
Montreaux, Switzerland. At this meeting, the approach and
checklist underwent intensive analysis for improvement, and a
quality of information (QoI) taskforce was established to
pilot-test the checklist. After testing by the QoI taskforce, the
checklist and associated item descriptions were applied to 10
English language reports to test the applicability of each criterion

The mERA checklists comprises 2 components. The core
mHealth checklist (see Table 1) identifies a minimum amount
of information needed to define what the mHealth intervention
is (content), where it is being implemented (context), and how
it was implemented (technical features). This checklist may be
valuable to researchers in reporting on the program and research
results in peer-reviewed journals and reports, to policy makers
in consolidating evidence and understanding the quality of
information that has been used to generate the evidence, and to
program implementers thinking through and selecting core
elements for new digital health projects. L’Engle et al [12]
applied the mERA checklist to evaluate the quality of evidence
on the use of digital health approaches to improving sexual and
reproductive health outcomes for adolescents. The study found
that, on average, 7 out of 16 (41%) of the core mHealth checklist
items were reported on, suggesting a lack of the availability of
a clear description of the digital health intervention [12]. During
the development and testing phase, the mERA checklist was
applied to literature on the use of digital devices in reducing
drug stockouts and the use of digital protocols to improve
provider adherence to treatment protocols. Interested authors
should refer to the definitions and examples for the core mHealth
checklist available freely online [5].

Table 1. mHealth Evidence Reporting and Assessment (mERA) core checklist items.
Number

Item

1

Infrastructure

2

Technology platform

3

Interoperability/health information systems (HIS) context

4

Intervention delivery

5

Intervention content

6

Usability/content testing

7

User feedback

8

Access of individual participants

9

Cost assessment

10

Adoption inputs/program entry

11

Limitations for delivery at scale

12

Contextual adaptability

13

Replicability

14

Data security

15

Compliance with national guidelines or regulatory statutes

16

Fidelity of the intervention
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Textbox 1. mHealth Evidence Reporting and Assessment (mERA) methodology.
Introduction
1. Rationale/scientific rationale
2. Objectives/hypotheses
3. Logic model/theoretical framework
Methods
4. Study design
5. Outcomes
6. Data collection methods
7. Participant eligibility
8. Participant recruitment
9. Bias
10. Sampling
11. Setting and location
12. Comparator
13. Data sources
Result
14. Enrollment
15. Description of study population
16. Reporting on outcomes
Discussion
17. Summary of evidence
18. Limitations
19. Generalizability
20. Conclusions
Conflicts
21. Funding
22. Ethical considerations
23. Competing interests
Additional criteria for quantitative study methods
24. Confounding
25. Statistical methods
26. Missing data
Additional criteria for qualitative study methods
27. Analytic methods
28. Data validation
29. Reflexivity of account

The methodology checklist (see Textbox 1) outlines 29 items
that highlight the key study design features that should be
reported by researchers and evaluators of digital health
interventions. Authors interested in using this checklist should
note that there are other recommended checklists specific to
different study designs—for example, Strengthening the
Reporting of Observational Studies in Epidemiology (STROBE)
for observational studies [13] and Consolidated Standards of
https://mhealth.jmir.org/2017/10/e136/
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Reporting Trials (CONSORT) for randomized trials [14]. We
recommend that the core mHealth checklist be used in
conjunction with these extant checklists based on the appropriate
research study design that is being reported. However, we also
recognize that a number of digital health studies that are being
conducted to evaluate early-stage digital health interventions
are more exploratory in nature, and the extant guidelines might
not be as relevant to them. In such cases, the authors may decide
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e136 | p.6
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to use the mERA methodology checklist, developed to be
study-design agnostic, for reporting on the study design and
results. A detailed explanation of the mERA methodology
checklist items is available as a Web appendix [5].

Discussion
We present an overview of the mERA checklist. For details
about each of the checklist items under the core checklist items
and the methodology items, we refer the readers to the complete
publication [5]. The mERA checklist marks the culmination of
several years of multiinstitutional collaborations, led by WHO,
to determine appropriate standards for reporting on digital health
evidence—standards that not only address issues of
methodological and reporting rigor but also are responsive to
the current state of the digital health space. We recognize that
the digital health space is constantly evolving and is somewhat
unique in its multidisciplinary nature, borrowing approaches
from the fields of health care and technology and often engaging
innovators who are unfamiliar with scientific methodologies.
The mERA core and methodology checklists were pragmatically
developed to be useful to a wide audience of innovators. We

Agarwal et al
expect that the detailed explanations and examples make the
checklist easy to use for individuals with varying levels of
experience in academic reporting.
Even as the numbers of digital health interventions continue to
increase, the evidence to support such interventions remains
sparse. Without the support and shared commitment of the
diverse digital health community in advancing the quality of
evidence, the state of the much-critiqued “pilotitis” in mHealth
will not change [15]. Transparency in the reporting of what
constitutes a digital health intervention and clarity on evaluation
methods are both critical to determining whether the digital
strategy might be scalable to an entire population. In order to
support the widespread adoption of the checklist, we encourage
digital health researchers and program managers to ensure
conformity with the checklist items. Additionally, we would
like to call upon editors of journals publishing mHealth literature
to encourage the use of the mERA checklist by presenting the
link to the guidelines under Instructions to Authors and inclusion
of a statement in the manuscript that “this manuscript was
developed in conformity with the recommended criteria for
reporting digital health as described in the mERA guidelines.”
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Abstract
This paper explores the potential benefits of the use of mobile health (mHealth) apps in obstetrician-gynecologist
(OB-GYN)-embedded psychiatric clinics in the United States. First, we highlight the increasing trend of integrating mental health
care within the OB-GYN context. Second, we provide examples of successful uses of mHealth in the global health context and
highlight the dearth of available research in the United States. Finally, we provide a summary of the shortcomings of currently
available apps and describe the upcoming trial of a novel app currently underway at the Mother-Child Wellness Clinical and
Research Center at Boston Medical Center.
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Mental Health Care in the OB-GYN
Setting
Overview
Women are particularly vulnerable to increased mental health
problems in the peripartum and antepartum periods, and again
at menopause [1]. Unfortunately, these symptoms of mental
illness go largely undiagnosed and untreated because of time
constraints and lack of trained providers [2,3].
Obstetrician-gynecologists (OB-GYNs) are often the only
regular health care providers for women. OB-GYNs see a full
third of all nonillness-related (ie, prophylactic) visits for women
under 65 [4]. Among women with mental illness, the highest
rates of depression occur in women of lower socioeconomic
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status, minority women, and immigrant women. These women
tend to seek primary care within OB-GYN settings [5].
For the abovementioned reasons, health care professionals have
been advocating for an integrated care approach that
incorporates psychiatric care into the OB-GYN setting [6,7].
Available evidence from randomized trials suggests that
integrated care has a significant positive impact on depression
outcomes, especially among women of lower socioeconomic
status [8]. In addition, researchers have estimated that mental
health care integrated into the primary care setting can save up
to US $48 billion annually in the United States [9].

mHealth Care in the Global OB-GYN Context
A key emerging technology that could potentially advance
integrated care is mobile health (mHealth), particularly mHealth
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apps. mHealth is defined as “medical and public health practices
supported by mobile devices including mobile phones, patient
monitoring devices, personal digital assistants, and other
wireless devices” [10]. mHealth sits at the intersection of
electronic health and mobile phone technology [11]. Mobile
phones are the most popular mobile technology used today and
their use will only continue to increase. According to estimates
by the mobile communications giant Ericsson, by 2019, there
will be 9.3 billion mobile subscriptions in the world; 5.6 billion
of these will be mobile phone subscriptions [12]. Mobile phones
have a clear advantage over many other technologies due to
their portability, Internet connectivity, and power to run several
apps at once. Tablets connected to the Internet by Wi-Fi, such
as the Apple iPad and Google Nexus, are increasingly used in
the health field to deliver educational material for patients and
medical professionals, run medical algorithms, and provide
access to patient data [13].

mHealth Care in the OB-GYN Setting in the United
States

A mobile app is software that runs on a mobile device [14].
Between 2005 and 2011, the number of mHealth apps launched
increased by 30% [15]. As of 2015, there were over 40,000
medical apps available for tablets and mobile phones and over
247 million people had downloaded an mHealth app [16].
mHealth apps provide appointment tracking, mood/behavior
tracking, community engagement, patient education, and support
for behavior change [17].

Overview

A recent meta-analysis found that mHealth apps in the OB-GYN
setting have been shown to improve women’s health outcomes
in the global health context (eg, increased antenatal care
attendance and improved breastfeeding practices) [18]. For
example, the Mobile Alliance for Maternal Action (MAMA)
project provides information to pregnant women based on the
woman’s estimated date of delivery. MAMA was a 3-year, US
$10 million investment cofunded by the United States Agency
for International Development, the mHealth Alliance, and the
United Nations Foundation, among others, with a goal of
delivering health messaging via mobile phones to expectant
mothers in Bangladesh, India, and South Africa. MAMA
successfully achieved its goals of promoting institutional
deliveries, antenatal and postnatal care visit uptake, and
exclusive breastfeeding in the three original locations. As
evidence of the project’s ability to scale up, in 2014, the global
coordination office of MAMA closed, and in-country partners
took full ownership of their respective projects. Currently, the
MAMA model is being used in 54 countries by 161
organizations [19]. In a relatively new field of mHealth, where
successful pilot studies struggle to maintain funding, MAMA
is a leading example of an effective and sustainable intervention.
The global health literature contains many more examples of
successful use of mHealth in women’s primary health care
settings. In Oro State, Nigeria, a successful mHealth project
improved antenatal care appointment adherence and increased
diagnosis and treatment of pregnancy complications. This was
achieved by giving pregnant women mobile phones and sending
them weekly short message service (SMS) text messages with
information on potential complications and other educational
materials [20]. In Rwanda and Zanzibar, mHealth is reported
to have improved maternal health outcomes and reduced
neonatal mortality [21,22].
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Despite evidence that the use of mHealth apps in global
OB-GYN settings results in improved outcomes, in the United
States there is scant evidence on the use of mHealth to improve
health outcomes [23]. A study in 2012 found that 59% of
patients in emerging markets use at least one mHealth app
compared to 35% of patients in the developed world [14]. This
gap represents an opportunity for integrated psychiatric services
within OB-GYN settings to incorporate mHealth technology,
capitalize on the experience gained in the global health field in
the past 10 years, and improve mental and reproductive health
outcomes of their patients.

The Mother-Child Wellness Clinical and
Research Center
The Mother-Child Wellness Clinical and Research Center
(MCWCRC) at Boston Medical Center, founded in 2016, is
pursuing this strategy to enhance care for women and children
by integrating psychiatric care in the OB-GYN setting. The
patient population of Boston Medical Center is diverse in terms
of socioeconomic status and ethnic and racial background:
71.52% are nonwhite, 33.3% are Hispanic, and 82.49% are
Medicaid patients (detailed demographics of the MCWCRC
patient population are provided in Figures 1 and 2). Women
who fit into these demographic categories are more likely to
report institutional and stigma-related barriers to accessing
mental health care when visiting an OB-GYN clinic, despite
high interest in receiving some form of psychiatric care [24].
In fact, the no-show rate at the MCWCRC is approximately
50% and patients identify lack of transportation options as a
major barrier to accessing care (unpublished internal research).
In order to improve the quality of services offered to its target
population, the MCWCRC plans to design and integrate an
mHealth app into its continuum of care. The proposed mHealth
app will be used to conduct depression screening, reduce loss
to follow-up, integrate patients’ mental health records with the
clinic’s existing electronic medical records system (ie, Epic),
help patients track their appointments, record behavioral
symptoms, provide educational information, engage with the
community, and alert providers to patients who may need a
mental health intervention.
The MCWCRC at Boston Medical Center decided to build a
customized mHealth app because the mHealth apps available
on the US market do not meet all the needs for an integrated
psychiatric facility embedded within an OB-GYN clinic. Apps
that track mood and help patients cope with their psychiatric
conditions do not provide other essential functions, such as
appointment tracking, community engagement, or prenatal and
postnatal education. On the other hand, apps aimed specifically
at prenatal and postnatal education, appointment tracking, and
community engagement lack the crucial aspect of mental health
engagement. A brief summary of various apps available on the
market is provided in Table 1 below. No information on the
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number of subscribers to each app can be found in the published
literature.

mHealth Trial at the Mother-Child Wellness Clinical
and Research Center
The MCWCRC team, working with CliniOps, a vendor
specializing in e-solutions for monitoring and patient
management, is implementing a custom-built tablet and mobile
phone app at Boston Medical Center [25]. CliniOps has already
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developed and implemented a mental health-focused app in the
global health context and is currently in the process of
customizing the app in accordance with the specific needs of
the MCWCRC population. The prospective cohort study will
take place in two phases: (1) a limited 3-month trial (ie, pilot
phase or Phase I), slated to begin in the fall of 2017, and (2) a
subsequent clinic-wide trial (ie, Phase II) scheduled to last 12
months.

Figure 1. Race distribution of the 2615 women who delivered at Boston Medical Center between May 1, 2015 and May 1, 2016.

Figure 2. Health insurance distribution of the 2615 women who delivered at Boston Medical Center between May 1, 2015, and May 1, 2016.
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Table 1. Comparison of prenatal and pregnancy apps available on the market in terms of various functions.
App

a

US or global

Appointment

Patient

Community

Behavior/mood

tracking

education

engagement

tracking

Payment

BabyCenter

Globala

X

X

X

In-app purchases

Glow Nurture

Globala

X

X

X

In-app purchases

Text4baby

US

X

X

myStrength

US

X

Free

PPD ACTb

US

X

Free

MAMAc

Globald

X

X

Free

Free

Apps that we mostly used in developed English-speaking countries (ie, United States, United Kingdom, Australia, and New Zealand).

b

PPD ACT: Postpartum Depression: Action Towards Causes and Treatment.

c

MAMA: Mobile Alliance for Maternal Action.

d

Apps used in developing countries.

In the pilot phase (Phase I), all pregnant and postpartum patients
entering the clinic will be asked to complete an
iPad-administered questionnaire, available in both English and
Spanish. We anticipate at least 1000 patients will be enrolled
in the pilot phase of the study. The iPad questionnaire will
collect data on demographics and general psychiatric symptoms.
Namely, it will use the following psychiatric scales: Edinburgh
Postnatal Depression Scale (EPDS), the Life Events Checklist
for the Diagnostic and Statistical Manual of Mental Disorders,
Fifth Edition (LEC-5) Trauma Scale, and the Andrew
Cherry-Oklahoma Co-Occurring Disorders (AC-OK COD)
Screen [26-28]. The EPDS is a commonly used, self-screening
tool used to identify depression. The LEC-5 Trauma Scale is a
self-screening measure meant to identify traumatic events in
the respondent’s life. The AC-OK COD Screen is a
self-administered tool to establish whether the respondent
experiences co-occurring mental illness and substance abuse.
The contents of the questionnaire and the scales will be read
aloud to patients with low literacy levels. If a patient exceeds
the EPDS threshold for depression (>10), an automatic
educational module will be triggered regarding depression in
pregnancy and postpartum. In addition, a care choice menu will
be activated asking the patient whether she would like to contact
her medical doctor or a case manager, or if she would like to
access individual or group therapy sessions. Subsequently,
patients will be offered the option of consulting a mental health
professional on-site. Furthermore, patients will be asked for
their consent to participate in a future research study, as well
as whether they would be receptive to downloading a mobile
phone app for that purpose. The mobile phone app by CliniOps
will provide educational information on gestation and mental
health, as well as opportunities for community engagement,
appointment reminders, and mood/behavior tracking. After the
conclusion of the pilot study, the data will be analyzed, and the
respondents’ acceptance levels of the mobile phone app will be
measured.
During the clinic-wide trial (Phase II), patients will choose
between downloading the mobile phone app or receiving
follow-up care as usual. The clinic-wide phase will thus be an
open-label study; the differences in treatment adherence (ie,
reflected in the no-show rate), clinical outcomes (ie, time to
http://mhealth.jmir.org/2017/10/e152/
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depression remission), and health care utilization between the
two groups (ie, app users and standard care users) will be
measured.
The long-term goal of this mHealth trial (Phase II) is to
incorporate the patients’ questionnaire data into their Epic record
and send screening summary alerts to their respective
obstetricians and mental health providers. Figure 3 provides a
visual representation of the patient flow during the pilot phase
of the trial.
The use of mHealth apps among patient populations should be
carefully considered in the context of the socioeconomic setting.
This concern is due to the expenses associated with maintaining
sufficient data to receive SMS text messages and read
educational materials online. In the United States, 68% of adults
are estimated to have a mobile phone, while 45% have a tablet
[29]. The socioeconomic composition of the patient population
must be taken into account when designing a mobile health
intervention to ensure equity and reliability of the trial. In
addition, patients’ educational levels must also be considered.
The MCWCRC team in conjunction with CliniOps is cognizant
of the literacy level concerns and is committed to making the
tablet- and mobile phone-based app accessible to the Boston
Medical Center patient population. There is encouraging
evidence on this topic in the published literature: people with
low self-reported health literacy are likely to seek information
from mobile phone-based health apps [30].
In addition, global health experience shows that the uptake of
successful pilot studies is often limited [31]. With some rare
exceptions, such as the MAMA project, mHealth interventions
often fail to scale up and demonstrate long-term utility. The
MCWCRC at Boston Medical Center will seek to overcome
this trend by showing that a preventative, embedded psychiatric
approach will lead to cost savings in the long term, not in the
least part by improving the current 50% no-show rate, capturing
patients with nascent symptoms early on, and increasing
utilization of clinic services by providing screening and
education on the spot. We anticipate that the use of our mobile
platform, which includes the iPad behavioral health screen and
the mobile phone app aimed at education and care coordination,
will prevent patients from seeking help in the emergency
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department for conditions that can be successfully addressed
within the embedded psychiatric clinic; in the long run, this
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could lead to cost savings for the medical center, the taxpayer,
and the patient.

Figure 3. Visual representation of the patient flow during the pilot phase of the mHealth prospective cohort study in the Mother-Child Wellness Clinical
and Research Center at Boston Medical Center. AC-OK: Andrew Cherry-Oklahoma Co-Occurring Disorders Screen; EPDS: Edinburgh Postnatal
Depression Scale; LEC-5: Life Events Checklist for the Diagnostic and Statistical Manual of Mental Disorders, Fifth Edition; Ob: obstetric; Psych:
psychiatric; Ob/Gyn: obstetrician-gynecologist; PPD: postpartum depression.

Conclusions
Prior studies have shown that mHealth apps have the potential
to improve outcomes among patients in OB-GYN settings;
further research is needed to evaluate whether these benefits
extend to obstetric clinics with embedded psychiatric care. The
wealth of information available from global health research
indicates a high potential for improved mental and reproductive

health outcomes. However, limited research has been conducted
in the United States to determine the health outcome benefits
associated with mHealth, particularly in a low socioeconomic
status, inner city population. Furthermore, there is no
comprehensive app on the US market that incorporates patient
education, behavior change, mood tracking, appointment
reminders, and community engagement. The MCWCRC at
Boston Medical Center will endeavor to fill this gap with the
upcoming mHealth app trial.
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Abstract
Background: Wearable technologies provide users hands-free access to computer functions and are becoming increasingly
popular on both the consumer market and in various industries. The medical industry has pioneered research and implementation
of head-mounted wearable devices, such as Google Glass. Most of this research has focused on surgical interventions; however,
other medical fields have begun to explore the potential of this technology to support both patients and clinicians.
Objective: Our aim was to systematically evaluate the feasibility, usability, and acceptability of using Google Glass in nonsurgical
medical settings and to determine the benefits, limitations, and future directions of its application.
Methods: This review covers literature published between January 2013 and May 2017. Searches included PubMed MEDLINE,
Embase, INSPEC (Ebsco), Cochrane Central Register of Controlled Trials (CENTRAL), IEEE Explore, Web of Science, Scopus,
and Compendex. The search strategy sought all articles on Google Glass. Two reviewers independently screened titles and
abstracts, assessed full-text articles, and extracted data from articles that met all predefined criteria. Any disagreements were
resolved by discussion or consultation by the senior author. Included studies were original research articles that evaluated the
feasibility, usability, or acceptability of Google Glass in nonsurgical medical settings. The preferred reporting results of systematic
reviews and meta-analyses (PRISMA) guidelines were followed for reporting of results.
Results: Of the 852 records examined, 51 met all predefined criteria, including patient-centered (n=21) and clinician-centered
studies (n=30). Patient-centered studies explored the utility of Google Glass in supporting patients with motor impairments (n=8),
visual impairments (n=5), developmental and psychiatric disorders (n=2), weight management concerns (n=3), allergies (n=1),
or other health concerns (n=2). Clinician-centered studies explored the utility of Google Glass in student training (n=9), disaster
relief (n=4), diagnostics (n=2), nursing (n=1), autopsy and postmortem examination (n=1), wound care (n=1), behavioral sciences
(n=1), and various medical subspecialties, including, cardiology (n=3), radiology (n=3), neurology (n=1), anesthesiology (n=1),
pulmonology (n=1), toxicology (n=1), and dermatology (n=1). Most of the studies were conducted in the United States (40/51,
78%), did not report specific age information for participants (38/51, 75%), had sample size <30 participants (29/51, 57%), and
were pilot or feasibility studies (31/51, 61%). Most patient-centered studies (19/21, 90%) demonstrated feasibility with high
satisfaction and acceptability among participants, despite a few technical challenges with the device. A number of clinician-centered
studies (11/30, 37%) reported low to moderate satisfaction among participants, with the most promising results being in the area
of student training. Studies varied in sample size, approach for implementation of Google Glass, and outcomes assessment.
Conclusions: The use of Google Glass in nonsurgical medical settings varied. More promising results regarding the feasibility,
usability, and acceptability of using Google Glass were seen in patient-centered studies and student training settings. Further
research evaluating the efficacy and cost-effectiveness of Google Glass as an intervention to improve important clinical outcomes
is warranted.
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Introduction

Methods

Wearable technology is defined as any compact device, either
in the form of a body sensor or head-mounted display, which
provides a user information and allows user interaction via voice
command or physical input [1]. The purpose of these devices
is to create convenient, portable, and hands-free access to
computers, thus facilitating or enhancing everyday tasks. Many
of these devices can perform the same functions as mobile
phones and laptop computers, while also outperforming them
with their sensory and scanning abilities [2]. Google Glass
(Google, Inc.), often referred to as “Glass,” which resembles
standard eyeglasses, is one of the more well-known devices in
this emerging field since its release in 2013 [3].

We followed the guidelines for the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses (PRISMA) in the
reporting of evidence across the studies we reviewed
(Multimedia Appendix 1) [5].

Google Glass has distinguished itself from other head-mounted
or heads-up wearable devices by providing users with a
comfortable, unobtrusive, wireless platform that runs the
Android operating system and displays virtual or augmented
reality with little obstruction to normal vision [3]. While it has
not yet seen much success in the consumer market, various
industries have taken an interest in the potential applications of
a head-mounted, ubiquitous computer that could be used for a
range of tasks, including recording and streaming videos, data
transmission, telementoring in education, and teleconferences
for professional collaboration [3]. Health care is one such
industry that has pioneered research investigating how Google
Glass could be leveraged to support both clinicians and patients.
Surgeons were among the first in the medical industry to
incorporate Google Glass into their work. As a hands-free device
that can react to voice commands, eye movements, and simple
gestures, it is particularly attractive in environments where both
hands are generally occupied with surgical tasks and maintaining
sterility is of upmost importance [4]. In a recent systematic
review, Davis and Rosenfield reported an overall positive impact
of using Google Glass in surgical settings with data to support
the feasibility and acceptability of its use for medical care,
surgical skills training, medical documentation, and patient
safety [4]. Many other specialties in medicine have followed
the lead of the surgical field and conducted their own studies
to assess the feasibility of using Google Glass in nonsurgical
medical settings.
While Google Glass is an exciting technology with a number
of promising applications in medicine, it remains unclear which
applications are most worth pursuing, what potential limitations
are associated with its use, and the extent to which patients and
clinicians might benefit from its use. The objectives of this
review are to systematically evaluate the most recent evidence
for the feasibility, usability, and acceptability of using Google
Glass in nonsurgical settings, and determine its potential
benefits, limitations, and future directions in these settings.
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Article Retrieval
A librarian collaboratively developed the search strategies with
the senior author (SB) and ran searches in the following
databases in November 2015: PubMed MEDLINE, Embase,
INSPEC (Ebsco), Cochrane Central Register of Controlled
Trials (CENTRAL) on the Wiley platform, IEEE Explore, Web
of Science, Scopus, and Compendex. An updated search of all
databases was run in January 2017 to look for additional articles.
Search strategies for all databases except MEDLINE were
adapted from the PubMed MEDLINE strategy. All databases
were searched back to 2013, when Google Glass was first
released. No language limits were applied. The search strategy
specified keywords related to Google Glass. We also reviewed
the search strategies of previous studies to include additional
terms. See Multimedia Appendix 2 for complete search
strategies in each database. An additional hand-search of related
themes in the Journal of Medical Internet Research was also
conducted. We also attempted to identify additional studies by
searching the reference lists of key studies and relevant
systematic reviews.

Study Selection
The inclusion criteria were as follows: (1) original research
articles, (2) studies that were either randomized controlled trials,
quasi-experimental studies, or pilot/feasibility studies (including
single arm, pre-posttest), (3) Google Glass interventions, (4)
nonsurgical study settings, and (5) clinical, usability, feasibility,
and/or acceptability as primary or secondary outcome. The
exclusion criteria included (1) technology-based interventions
other than Google Glass, (2) surgical study settings, and (3)
articles with more technical description of Google Glass but no
clinical, usability, feasibility, and/or acceptability outcomes.

Data Extraction and Analysis
We used a standardized form for data extraction. Data items in
the extraction form included the following: first author’s name,
publication year, country, condition or disease focus of the
study, purpose of the study, description of how Google Glass
was used in the study as an intervention, participants’ age (when
available), study design, study setting, duration of the study,
and other study considerations. Two authors coded all included
articles individually. Disagreements were resolved by discussion
or by consultation with the senior author (SB), if needed.
Quantitative and qualitative data analyses were conducted.
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Results
Literature Search
The literature search identified 852 references (Figure 1), and
498 individual full articles were retrieved. A total of 51 articles
met all inclusion criteria. Some of the interventions (21/51,
41%) studied the potential of Google Glass in aiding patients
with a variety of conditions [6-26], while the majority (30/51,
59%) studied its potential uses in assisting health care
professionals in their work [27-56]. The patient-focused studies
aimed to help individuals with motor impairments (8/21, 38%)
[6-13], visual impairments (5/21, 24%) [14-18], developmental
and psychiatric disorders (2/21, 9%) [19,20], weight
management concerns (3/21, 14%) [21-23], allergies (1/21, 5%)
[26], or other health concerns leading them to track specific
physiological metrics (2/21, 10%) [24,25]. The clinician-focused
studies analyzed Google Glass use in student training (9/30,
30%) [35,37,38,40,41,46,48,49,52], disaster relief (4/30, 13%)
[27-30], diagnostics (2/30, 7%) [32,50], nursing (1/30, 3%)
[33], autopsy and postmortem examination (1/30, 3%) [53],
wound care (1/30, 3%) [54], behavioral sciences (1/30, 3%)
[31], and various medical specialties, including cardiology (3/30,
10%) [43-45], radiology (3/30, 10%) [39,42,47], neurology
(1/30, 3%) [34], anesthesiology (1/30, 3%) [36], pulmonology
(1/30, 3%) [51], toxicology (1/30, 3%) [55], and dermatology
(1/30, 3%) [56].

Description of Included Studies
Tables 1 and 2 summarize the characteristics of patient- and
clinician-centered studies, respectively. In total, 40 studies were
conducted in the United States [6-9,13-18,20-24,27,29,31,
32,35,37-41,43-52,54-57], three in Germany [25,26,53], two in
United Kingdom [10,11], China [34,36], and one each in
Australia [33], Switzerland [42], Mexico [19], Netherlands [12],
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Norway [30], and Italy [28]. Less than half of the included
studies (19/51, 37%) were conducted in a laboratory setting
[6-9,12,14,16-19,21-24,27,31,33,42,50], 13 (25%) in a hospital
setting [32,34,36,38,39,43,44,46,51,53-56], seven (14%) in a
classroom or clinical student training setting [35,37,
40,41,47,48,52], three in patient residences (6%) [13,15,20],
three in local settings (6%) [28-30], and one in a dental office
(2%) [49]. The remaining five studies were conducted in varying
locations (10%) [10,11,25,26,45]. There was significant
variability in information reported about participant
demographics. Most (n=38) did not report any specific age
information for participants [7,8,13-15,19-21,26-52,54-56], but
none of these were conducted in pediatric settings. Of the 13
studies that did report participant age information, seven enrolled
young adults (average age or age range ≤35 years)
[6,18,22-25,53], three enrolled adults (average age or age range
>36 and <60 years) [9,16,17], two enrolled older adults (average
age or age range ≥60 years) [10,12] and one study reported an
age range of 46-70 years [11]. Sample size ranged from 1-106
participants, with a median of 12 and a mean of 22 participants
per study; 29 enrolled <30 [6,7,9-14,16-21,23-27,
30,38-40,43-45,48,53,54] and 10 had ≥30 participants
[22,31,33,36,37,41,47,49,52,56]. Some of the studies (12/51,
23.5%) did not report the number of participants
[8,15,28,29,32,34,35,42,46,50,51,55]. None of the studies
reported information about participants’ race and ethnicity.
Most (31/51, 61%) were pilot or feasibility studies
[6-16,18,20-22, 24,26-29,32,33,35,36,38,47,48,53-56], six were
randomized controlled trials (6/51, 12%) [30,31,37,40,41,52],
five were exploratory studies (5/51, 10%) [42,44,45,49,50], five
were case studies (5/51, 10%) [17,23,34,46,51], and four were
quasi-experimental (4/51, 8%) [19,25,39,43]. None of the studies
included any follow-up with participants after completion of
the intervention.
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Table 1. Summary of studies using Google Glass as patient-centered interventions.
Source (country)

Health condition

Study design

Study setting

Google Glass (GG) use

Anam et al, 2014

Ophthalmology – visual
impairment

Pilot/feasibility
study

Laboratory

Monitors and reports nonverbal social cues to user

(United States)
Garcia and Nahapetian,
2015

Ophthalmology – visual
impairment

Pilot/feasibility
study

Patient home

Analyzes environment and reports the information
to user to help them navigate a room

Ophthalmology – visual
impairment

Pilot/feasibility
study

Laboratory

Magnifies user’s vision while completing a series of
tasks

Ophthalmology – adCase study
vanced age-related macular degeneration

Laboratory

Warps the vision of participants in efforts to improve
vision

Ophthalmology – colorblindness

Pilot/feasibility
study

Laboratory

Helps participants identify colors

(United States)
Lazewatsky et al, 2014

Motor impairment

Pilot/feasibility
study

Laboratory

Helps participants guide the robot personal assistant

Motor impairment

Pilot/feasibility
study

Laboratory

Allows people to operate a computer with only eye
or head movements

Motor impairment –
Locked-In Syndrome

Pilot/feasibility
study

Laboratory

Uses voice control function of GG to allow people
to navigate an electric wheelchair in indoor environments

Malu and Findlater, 2015 Motor impairment – upper body impairment
(United States)

Pilot/feasibility
study

Laboratory

Uses touchpad and visual display to perform tasks
on a computer/ mobile phone

McNaney et al, 2014

Motor impairment –
Parkinson’s Disease

Pilot/feasibility
study

Varying locations (pa- Helps in daily interactions and common activities
tient home, in public)

Motor impairment –
Parkinson’s Disease

Pilot/feasibility
study

Varying locations (pa- Monitors user’s speech volume and provides feedtient home, in public) back

Motor impairment –
Parkinson’s Disease

Pilot/feasibility
study

Laboratory

Motor impairment –
Dysarthria

Pilot/feasibility
study

Assisted living facility Helps people be aware of their volume, notifies them
when to raise it, and provides feedback to clinicians
so they can adjust therapy

(United States)
Pundlik et al, 2016
(United States)
Hwang and Peli, 2016
(United States)
Tanuwidjaja et al, 2014

(United States)
Gips et al, 2015
(United States)
Sinyukov et al, 2016
(United States)

(United Kingdom)
McNaney et al, 2015
(United Kingdom)
Zhao et al, 2016
(Netherlands)
Pervaiz and Patel, 2014
(United States)
Miranda et al, 2014

Provides visual and auditory cues to modulate gait

Psychiatric/Developmen- Quasi-experital – Social Anxiety Dis- mental
order (SAD)

Laboratory

Monitors symptoms of SAD through blinking habits

Psychiatric/Developmen- Pilot/feasibility
tal – Children with
study
Autism Spectrum Disorder (ASD)

Patient home

Uses the video feature to monitor everyday life

(United States)

Mirtchouk et al, 2016

Eating monitoring

Pilot/feasibility
study

Laboratory

Records head motion while participants eat

Eating monitoring

Pilot/feasibility
study

Laboratory

Records user’s eating and drinking habits through
head movements

Eating monitoring

Case study

Laboratory

Records head motion while participants eat

Physiological measurements

Pilot/feasibility
study

Laboratory

The accelerometer, gyroscope, and camera on GG
are used to analyze the heart and respiration rate of
user wearing the device

Physiological measurements

Quasi-experimental study

Varying locations (pa- Serves as the “wearable extension” portion of the
tients’ everyday lives) DailyHeart app

(Mexico)
Voss et al, 2016

(United States)
Rahman et al, 2015
(United States)
Ye et al, 2015
(United States)
Hernandez et al, 2014
(United States)
Richer et al, 2015
(Germany)

http://mhealth.jmir.org/2017/10/e159/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e159 | p.19
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Dougherty & Badawy

Source (country)

Health condition

Study design

Study setting

Google Glass (GG) use

Wiesner et al, 2015

Allergies

Pilot/feasibility
study

Varying locations
(drugstores selling
cosmetic products)

Cross checks ingredients on cosmetic product package with a list of allergens created by the user in their
online profile

(Germany)

Description of Google Glass Use as Patient-Centered
Interventions
Table 3 summarizes the Google Glass approach as
patient-centered interventions. Five of the studies (5/21, 24%)
used Google Glass to assist individuals with visual impairments
or in low vision environments by providing them information
about nonverbal social cues [14], allowing them to better
navigate environments with the use of floor plans [15],
improving vision magnification using mobile phone zoom
capabilities [16], compensating for age-related vision
impairments [17], and augmenting color perception [18]. Eight
studies (8/21, 38%) using Google Glass to help individuals with
various motor impairments provided them with an accessible
interface to control an assistive robot [6] or an electric
wheelchair [8]. This allowed them to operate a computer using
only head or eye movements [7], facilitating everyday tasks

with the use of voice commands and the touchpad [9], managing
symptoms of Parkinson’s Disease (PD) [10-12], and providing
speech feedback to patients with dysarthria to allow them to
better adjust their volume [13]. Two studies (2/21, 10%) used
Google Glass to help individuals with psychiatric or
developmental disorders by recording blinking information as
an indication of anxiety experienced by those with social anxiety
disorder (SAD) [19] and by recording behaviors of individuals
with autistic spectrum disorder (ASD) to provide better
information to caregivers and clinicians [20]. Three studies
(3/21, 14%) used Google Glass to assist in weight management
by detecting and recording a person’s eating and drinking habits
[21-23]. Two studies (2/21, 10%) provided individuals with
real-time electrocardiograms (ECG) [25] or other physiological
measurement feedback [24]. Finally, one study (1/21, 5%)
allowed users to scan the ingredients of cosmetic products in
drug stores to filter for common allergens [26].

Figure 1. Flow of studies according to PRISMA guidelines.
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Table 2. Summary of studies using Google Glass as clinician-focused interventions.
Source (country)

Health condition

Study design

Study setting

Google Glass (GG) use

Gillis et al, 2015

Disaster relief

Pilot/feasibility study

Laboratory

Allows for audiovisual communication with
each group of paramedics and the administrator; the virtual beacon component is used
to eliminate the use for paper triage tags

Disaster relief

Pilot/feasibility study

Local – Field hospital Scans triage tags to provide their information, timestamp, and Global Positioning
System (GPS) coordinates and relay the information back to the hospital

Disaster relief

Pilot/feasibility study

Local – Airport

Disaster relief

Randomized control trial Local – Neighborhood Provides navigation and maps to first responders

Behavioral sciences

Randomized control trial Laboratory

Diagnostics

Pilot/feasibility study

(United States)

Carenzo et al, 2014
(Italy)

Cicero et al, 2014

Facilitates communication with
telemedicine physician disaster expert who
can confirm the triage decision of the intervention team, and determines time of triage
for each patient

(United States)

Newaz and Eide, 2015
(Norway)
Paxton et al, 2015

Uses PsyGlass app to facilitate the use of
GG in behavioral, cognitive, and social research

(United States)
Pappachan et al, 2014
(United States)
Pascale et al, 2015

Hospital – Emergency Helps community health workers to identify
department
certain disorders based on the patient demographics
Laboratory

(Australia)

Nursing – Peripheral de- Pilot/feasibility study
tection

Yuan et al, 2015

Neurology

Hospital – Neurology Facilitates communication between physicians during a neurological examination

Case study

(China)
Chaballout et al, 2016
(United States)
Drake-Brockman et al,
2016

Student training – health Pilot/feasibility study
science students

Classroom (university)

Anesthesiology

Hospital – Anesthesi- Uses heads-up display to facilitate monitorology
ing patient vitals while performing procedures

Pilot/feasibility study

(China)
Iversen et al, 2016
(United States)
Son et al, 2015

Improves detection in the periphery

Presents a simulation in conjunction with
real time performance of treatment on a
manikin

Student training – physio- Randomized control trial Classroom (large, pri- Captures 1st-person view of a procedure
therapy students
vate, non-profit reand displays it for learning purposes
search university)
Student training – otolaryngology residents

Pilot/feasibility study

(United States)

Hospital - Otolaryngol- Uses the video capabilities to record resiogy
dent encounters with patients

Spaedy et al, 2016

Radiology

Quasi-experimental

Hospital – Radiology

Takes images of and displays X-rays for
physician interpretation

Student training – medical students (radiology)

Randomized controlled
trial

Instructional testing
room (University of
Kentucky, School of
Medicine)

Provides live instruction from an expert via
Google Hangout

Student training – medical students and radiology residents

Randomized controlled
trial

Classroom (University Facilitates procedures by showing real-time
of Arizona College of ultrasound images on the heads-up display
Medicine – Phoenix)

(United States)
Russel et al, 2014
(United States)

Wu et al, 2014
(United States)
Widmer et al, 2014

Dermatology and Radiol- Exploratory study
ogy

Laboratory

(Switzerland)
Stetler et al, 2015

Cardiology

Quasi-experimental

Hospital – Cardiology Captures images of the electrocardiogram
(ECGs) and presents them on heads-up display to facilitate interpretation

Cardiology

Exploratory study

Hospital – Cardiology Records coronary angiograms were recorded to be reviewed on the heads-up display
or transferred to a mobile phone

(United States)
Duong et al, 2015
(United States)
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Source (country)

Health condition

Study design

Study setting

Jeroudi et al, 2014

Cardiology

Exploratory study

Remote (location var- Displays ECG images for interpretation
ied by physician reviewer)

(United States)
Vallurupalli et al, 2013

Google Glass (GG) use

(United States)

Student training – medi- Case study
cal students (cardiology)

Hospital – Cardiology Facilitates collaboration between cardiology
(University of
attending and resident in clinical training
Arkansas for Medical settings
Sciences, Division of
Cardiology)

Benninger, 2015

Radiology

Pilot/feasibility study

Anatomy laboratory
(Medical School)

Displays images captured by an ultrasound
finger probe to teach medical students
anatomy and simple interventions

Student training – nursing students

Pilot/feasibility study

Classroom (Nursing
School)

Presents a simulation in conjunction with
real-time performance of treatment on a
manikin

Student training – dental Exploratory study
students

Dental office

Records student SP station for later analysis

Diagnostics – Human
immunodeficiency virus
(HIV) and cancer

Exploratory study

Laboratory

Takes rapid diagnostic tests (RDTs), images
prostate specific antigen (PSA) tests, and
images previously activated free PSA and
total PSA RDTs

Pulmonology – airway
assessment for burn victims

Case study

Hospital – Burn unit Facilitates assessment and management of
(Massachusetts Gener- the airway
al Hospital)

Student training – medical students (hospice)

Randomized controlled
trial

University of Arizona, Records student standardized patient encounCollege of Medicine: ters for later analysis
Phoenix and local
hospice organization

(United States)
Vaughn et al, 2016
(United States)
Zahl et al, 2016
(United States)
Feng et al, 2015
(United States)

Spencer et al, 2014
(United States)
Tully et al, 2015
(United States)

Albrecht et al, 2014
(Germany)

Pathology – autopsy and Pilot/feasibility study
postmortem examinations

Hospital – Autopsy
laboratory

Aldaz et al, 2015

Chronic wounds

Pilot/feasibility study

Hospital – Wound
Uses SnapCap software to facilitate handscare (Stanford Hospi- free digital imaging and the tagging and
tal and Clinics)
transfer of images to patient’s electronic
medical record in chronic wound care assessments

Toxicology

Pilot/feasibility study

Hospital – Emergency Sends photographs and videos to the toxicoldepartment (urban
ogy supervisors; acts as a platform for inacademic hospital)
struction of 2nd-year medical staff

Dermatology

Pilot/feasibility study

Hospital – Emergency Allows teledermatolgosists to complete a
department (urban
dermatology assessment via live video feed
academic hospital)
after in-person consultation by a resident

(United States)

Chai et al, 2015
(United States)
Chai et al, 2015
(United States)
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Table 3. Summary of Google Glass approach as patient-centered interventions.
Source (health condition)

Purpose

Intervention description

Anam et al, 2014

To allow people with vision impairments gain the ability Expression is the type of feature addition that is being
used
(Ophthalmology – visual impair- to determine non-verbal expressions
ment)
It analyzes changes in facial expression and relays that
information in the form of captured frames to user
Helps user change their posture to better capture the facial
expression
Garcia and Nahapetian, 2015

To help guide people with visual impairments navigate Extract floor regions from images captured from GG to
help guide the individual
(Ophthalmology – visual impair- indoor environments
ment)
An app is installed in GG that starts the camera and sends
image frames to the mobile phone
An app is also installed that analyzes the floor plans and
then sends it to the mobile phone through Bluetooth
Images that are captured contain the walls, floor, and
ceiling
Pundlik et al, 2016

To use vision magnification to aid in the completion of Leverages zoom capabilities of GG
(Ophthalmology – visual impair- tasks
Students are assigned tasks that involve the calculator
ment)
and music player apps
Performance on these tasks is measured
Hwang and Peli, 2016

To augment the vision of the wearer so that they have
(Ophthalmology – advanced age- improved vision
related macular degeneration)

Vision enhancement tool is added to GG
Participant wears GG which now warps the camera image
to improve vision
Images that the vision enhancement tool sees are then
relayed to user in real-time

Tanuwidjaja et al, 2014

To help people with colorblindness see color

(Ophthalmology – colorblindness)

Alters the way people perceive color
Applied Chroma, which is an app that detects color and
relays that information to the participant
Implemented the Ishihara test, which tests for color vision
deficiency
Implemented the Blackboard test that determines if a
person can distinguish between green and orange

Lazewatsky et al, 2014
(Motor impairment)

To show that GG can be used in conjunction with the
PR2 robot to recognize people and objects and then
manipulate the space around it

GG Bridge Node receives sensor data from GG and
transmits it to Robots and Systems software (ROS) messages and publishes a coordinate frame for GG
ROS works with face detection; GG software also uses
face detection and person recognition

Gips et al, 2015
(Motor impairment)

To help people operate a computer with only eye or
head movements

Noggin software was developed to allow user to move a
cursor across the screen through head movements
Noggin displays yes, no, and enter on the screen
Noggin uses the gyroscope to monitor head movements
GG Gab, another software, allows user to spell out a
message

Sinyukov et al, 2016

To help patients have better control over their
(Motor impairment – Locked-In wheelchairs
Syndrome)

Patient uses the software installed on GG in conjunction
with the motorized wheelchair
GG monitors facial expressions of the patient
GG’s audio monitoring is used to understand voice commands and then relay the instructions to the motorized
wheelchair
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Source (health condition)

Purpose

Intervention description

Malu and Findlater, 2015

To assess the accessibility of GG for individuals with
upper body motor impairments

Using voice commands and the touchpad to go through
day-to-day activities

(Motor impairment – upper
body)

Touchpad on GG was on the right arm of the device and
senses taps and swipes through voice commands
Output is projected on the heads-up display
Participants completed tasks using swipes and tasks
function
Participants then used a scale to rate the comport and ease
of the touchpad and visual display

McNaney et al, 2014

To help people with PD counteract their symptoms by GG was used to manage social cues and alert the user
(Motor impairment – Parkinson’s allowing them to carry out the normal functions of a
mobile phone using voice commands, cueing for freez- GG monitored movement and told the participant when
Disease [PD])
they were freezing so that they could actively try to stop
ing gait
the behavior
McNaney et al, 2015
(Motor impairment – PD)

To help monitor speech loudness issues and provide
feedback to help with self-management

Developed the LApp app that monitors loudness
Participants used the app for a set amount of time while
carrying out a series of social interactions
Indicating when the volume was inappropriate so the user
could adjust to hit the target loudness

Zhao et al, 2016
(Motor impairment – PD)

To provide visual and auditory cues to aid in the modu- GG was used to detect gait issues and improve them
lation of gait
through cueing
Audiovisual cues were used, including a metronome,
flashing light, optic flow, and a control (no cue)
Participants underwent a series of walking tasks and their
gait was then analyzed for stability and freezing

Pervaiz and Patel, 2014

To help patients monitor their low volume in order to
Developed the SpeedOmeter software that compares vocal
(Motor impairment – Dysarthria) self-regulate and to provide clinicians with feedback to loudness to ambient noise
adjust therapy
Provides feedback to user on their volume
System provides usage and performance history for user
Notifies patient of their volume so they can adjust
Miranda et al, 2014

To assess the feasibility of using GG to monitor blinking Monitor blinking behaviors
(Psychological/Developmental – rates in individuals with social anxiety disorder
Used to gather data from the infrared (IR) sensor
SAD)
The app dealt with IR data gathering, data processing,
and HTTP communication
App processes the data and calculates when the user
blinked
Voss et al, 2016

To monitor life activities and allow for analysis of
(Psychological/Developmental – autism behaviors
ASD)

Participant uses GG to record everyday behaviors
Caregiver reviews system highlights and emotional moments so they are easily accessible for the reviewer
Caregivers can tag parts of the video that are especially
important and add comments to the video

Mirtchouk et al, 2016
(Eating monitoring)

To accurately track an individual’s eating habits and
provide feedback to help with self-regulation

GG sensor was used to detect head movement that was
specific to eating
Participants ate what they wanted and when they wanted
and GG was supposed to detect when they were eating
and for how long
Participants were allowed to do other activities when
eating their meals

http://mhealth.jmir.org/2017/10/e159/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e159 | p.24
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Dougherty & Badawy

Source (health condition)

Purpose

Intervention description

Rahman et al, 2015

To detect a person’s eating and drinking habits

Records a person’s eating and drinking habits through
head movements

(Eating monitoring)

Helps people with obesity and diabetes
Developed the Glass Eating and Motion (GLEAM) dataset
Participants ate, walked, and did other activities during
the monitoring period
Participants did not interact with GG but simply wore it
GG sensors recorded movement
Ye et al, 2015

To detail eating habits to help weight reduction

(Eating monitoring)

Collects images of the person’s day from their perspective
every 30 seconds
Amazon’s Mechanical Turk is a human computation
platform that can determine eating behaviors and is used
to identify when a person is eating

Hernandez et al, 2014

To measure heart rate and breaths per minute

(Physiological measurements)

Participant would wear GG, and GG’s accelerometer,
gyroscope, and camera were used to find user’s pulse and
respiratory rates
The recording was done in several different positions including, sitting, standing, and lying down

Richer et al, 2015

To use the DailyHeart app to monitor ECGs

(Physiological measurements)

GG presents ECG signals to user in everyday life
Signals are processed in real-time and classify the user’s
heart beats
It will store data in an internal database

Wiesner et al, 2015
(Allergies)

To give consumers information of possible allergens in An app is developed for GG whose purpose is to scan
cosmetic products
products
User scans the product in the store and the GG app identifies the product
User has uploaded the information of their specific allergies and the app compares the ingredients to the user’s
profile
GG indicates whether the user should buy the product
and why

Description of Google Glass Use as Clinician-Centered
Interventions
Table 4 summarizes the Google Glass approach as
clinician-centered interventions. Four of the clinician-focused
studies (4/30, 13%) used Google Glass to assist in disaster relief
by providing first responders with maps and navigational
assistance [30], maintaining audiovisual communication with
groups of paramedics and administrators [27], scanning triage
tags [28], and performing teleconsultations with physician
experts to confirm triage decisions [29]. Two studies (2/30, 7%)
used Google Glass to help community health workers make
more efficient diagnoses [32] and by allowing clinicians to
retrieve images of similar cases [42]. Another (1/30, 3%)
provided nurses information about peripheral stimuli to help
them more efficiently manage their clinical environment [33].
Two studies (2/30, 7%) used the teleconsultation capabilities
of Google Glass to improve the accuracy of neurological [34]
and emergency dermatology [56] examinations. Nine studies
(9/30, 30%) used Google Glass in student training situations to
provide first-person demonstrations of procedures [37], record
students in simulated patient interactions [38,49,52], enhance
http://mhealth.jmir.org/2017/10/e159/
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simulated interactions by projecting videos of the scenarios into
their visual field [35,48], provide students with live instruction
from an expert [40,46,55], and teach anatomy by providing
real-time ultrasound imaging [47]. One study (1/30, 3%) used
Google Glass to provide patient monitoring data to assist
anesthesiologists and minimize distractions during procedures
[36]. Five studies (5/30, 17%) used Google Glass to capture
images of X-rays [39,44] and ECGs [43,45] that physicians then
interpreted for significant findings. One study (1/30, 3%) used
Google Glass to minimize head movements during
ultrasound-guided procedures by projecting the images onto
Google Glass [41]. One study (1/30, 3%) used Google Glass to
take and analyze rapid diagnostic tests (RDTs) [50]. One study
(1/30, 3%) helped clinicians evaluate burn patients by assisting
in airway assessment [51]. One study (1/30, 3%) assessed the
potential uses of Google Glass in autopsy or forensics settings
by specifically evaluating the quality of images taken by Google
Glass for documentation [53]. One study (1/30, 3%) leveraged
multiple functions of Google Glass to assist with the treatment
of chronic wounds [54]. Finally, one study (1/30, 3%) developed
an app for Google Glass to facilitate behavioral, cognitive, and
social research [31].
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Table 4. Summary of Google Glass approach as clinician-centered interventions.
Source (health condition)

Purpose

Gillis et al, 2015

To provide a hands-free way for doctors to be updated Developed a mesh network that covered a set area to allow
on the status and needed-care levels of critical-care pa- communication between users and the hospital
tients
Users wore GG and could communicate with each other
across the lake

(Disaster relief)

Intervention description

Users were then able to use the information they were getting in the field, record it, and relay it back to the hospital
Carenzo et al, 2014
(Disaster relief)

To aid in nontechnical skills in the management of dis- Used an app to GG to guide a Simple Triage and Rapid
asters and mass casualty incidents
Treatment Triage visually
Focused heavily on casualty identification, therefore the
facial recognition capabilities for GG were used
Visual information was then relayed to a secondary location
for others to monitor

Cicero et al, 2014
(Disaster relief)

To streamline the triage system and then also offer
consultations from an expert physician to those onsite

Paramedics used GG to communicate with an offsite
physician disaster expert
They assigned triage levels to victims using the SMART
Triage System
Offsite physician had an audio-video interface with
paramedics so they could be observed in the offsite location

Newaz and Eide, 2015

To provide direction to first responders in a new area

(Disaster relief)

One group used GG as a tool for navigation
The other group used a different device to navigate an unfamiliar neighborhood
The route was preset on GG or the other device

Paxton et al, 2015
(Behavioral sciences)

To determine how interpersonal dynamics in conversa- The app PsyGlass was created for GG
tion are affected by the environment
The students wore GG and were presented with a series of
red or blue lights as well as audio stimuli
They had a conversation with the experimenter and their
head movements were recorded through the GG accelerometer

Pappachan et al, 2014
(Diagnostics)

To assist community health workers to more efficiently Uses Rafiki, a GG software that calculates age and gender
diagnose patients
and other characteristics to diagnose a patient
Correlates between diseases, symptoms, and patients to
determine the problem

Pascale et al, 2015

To help clinicians, such as nurses, pay attention to
(Nursing – peripheral detection) multiple patients while away from their station

Provided stimuli in the periphery of the nurses

Yuan et al, 2015

A woman that suffered a right-sided dysphagia and asthenia
was in the emergency department with a suspected stroke

(Neurology)

To make a neurological examination as accurate as
possible through collaboration

GG was used to detect and notify the nurses when something was presented in their peripheral vision

A local physician lacking neurological knowledge used
GG to establish a teleconsult with a remote specialist who
guided the physician in evaluating the patient
Chaballout et al, 2016
(Student training – health science students)

To teach health care students to respond to respiratory
distress

Students watched a video while wearing GG
Video showed a patient in respiratory distress
Students then performed a procedure to aid respiratory
distress on a manikin in front of them

Drake-Brockman et al, 2016
(Anesthesiology)

To allow anesthesiologists to monitor vitals of patients AnaeVis was developed to run on GG, which provides viduring procedures
sualization of patient monitoring data
Anesthetists wore the device while treating the patient and
the signals were shown and recorded
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Intervention description

To record 1st-person view of procedures demonstrated Faculty member wore GG during the performance of clin(Student training – physiothera- by instructors to relay to students for training purposes ical skills
py students)
Video of clinical skill performance was then shown to
students for the purpose of teaching
Iversen et al, 2015

Son et al, 2015

To improve otolaryngology resident training by captur- Residents were recorded in an outpatient clinic by patients

(Student training – otolaryngol- ing 1st-person recordings of clinic encounters for later
evaluation
ogy residents)

Patients were then given a survey to complete that rated
their satisfaction level with their visit
Video information was evaluated by two different parties
and a review was given back to residents

Spaedy et al, 2016
(Radiology)

To improve the efficiency of remote chest X-ray interpretation

Fellows reviewed 12 chest X-rays with 23 major findings
by viewing the image on GG, viewing an image taken by
GG on a mobile device, and viewing the original X-ray on
a desktop computer
One point was given for each major finding

Russel et al, 2014
(Student training – medical
students [radiology])

To determine if GG could provide telementoring instruc- Students wore GG and received real-time telementoring
tion in bedside ultrasonography
education
Telementoring was done by an expert at a different location
Students’ goal was to obtain best parasternal long axis
cardiac imaging using a portable GE Vscan

Wu et al, 2014
(Student training – medical
students and radiology residents)

To minimize the amount of distraction caused by moni- Medical practitioner wore the GG during the ultrasound
tors during ultrasounds
procedure
GG screen projected images and video to the wearer
Practitioner’s hand movements and eye movement were
recorded to see if there was improvement

Widmer et al, 2014

To improve diagnostics in dermatology and cardiology Participants would wear GG during a consultation

(Dermatology and Radiology)

ParaDISE app was developed to be a medical image retrieval system
GG’s visual and photo taking capabilities were utilized and
then the photograph was sent into the interface and could
be matched with similar images
Those similar images were then sent to the wearer

Stetler et al, 2015

To capture and facilitate the interpretation of ECGs

(Cardiology)

ECGs were selected that had important findings
GG zoom capabilities were used to identify each finding
Every time a participant identified a finding they received
one point
ECGs were captured using the video function of GG

Duong et al, 2015

To facilitate the interpretation of coronary angiograms

(Cardiology)

GG’s video function was used to record angiograms with
specific findings
Students were then told to try to determine each of the
findings in the angiograms

Jeroudi et al, 2014
(Cardiology)

To facilitate the interpretation of ECGs

Physicians wore GG and looked at the ECG image on the
screen
Physicians wore GG and viewed a photograph of the ECG
taken using GG and then viewed on a mobile device
Results were then compared to other methods of viewing
ECGs

Vallurupalli et al, 2013,
(Student training – medical
students [cardiology])
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To improve resident training by streaming the view of Residents wore GG while working through four scenarios
residents during simulations to attending physicians for in cardiovascular practice
consultation
Live video of the scenarios taken by GG was streamed to
a mobile phone or personal computer used by the attending
physician
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Source (health condition)

Purpose

Intervention description

Benninger, 2015

To facilitate teaching anatomy to medical students

Students familiarized themselves with GG for 10-30 minutes using a program called MiniGames

(Radiology)

Students were then given tutorials in groups of 3-5 while
using GG with a finger probe to identify neuromuscular
and organ structures and spaces in the limbs and cavities
Students were tested during 7 separate laboratory examinations over 1 year to identify the same structures and practice
procedures
Vaughn et al, 2016

To increase the perception of realism in nursing student Students were allowed 10 minutes to familiarize themselves
with GG before the intervention
(Student training – nursing stu- simulations
dents)
Students were then given the patient report and started the
simulation in which GG projected a video of an acute
asthma exacerbation scenario
1-2 Certified Healthcare Simulation Experts evaluated
students’ performance
Zahl et al, 2016
(Student training – dental students)

To facilitate self- and peer-assessment of standardized
patient (SP) interactions for dental students

3rd-year dental students volunteered to record their SP encounter using GG while a traditional static camera simultaneously recorded
All GG and static camera videos were later reviewed during
Behavioral Patient Management small group discussions
Students rated how effective each type of video was for
assessing communication skills

Feng et al, 2015
(Diagnostics – HIV or cancer)

To improve the efficiency of immunochromatographic
diagnostic test analysis

One or more RDTs, either HIV (qualitative) or PSA
(quantitative), labeled with QR codes were imaged using
GG
Images were automatically transmitted to a digital server
that located all RDTs and produced a quantitative diagnostic
result, which was reported to user

Spencer et al, 2014

To facilitate airway assessment of burn patients requir- GG was worn by physicians during two cases of burn patients requiring airway assessment
(Pulmonology – airway assess- ing surgery
ment for burn victims)
Documentation of procedure by GG was evaluated after
the intervention
Tully et al, 2015
(Student training – medical
students [hospice])

To facilitate medical student self-evaluation after endof-life SP encounters

2nd-year medical students participated in end-of-life SP
encounters where the SP was wearing GG to record the
encounter
Students then reviewed GG and traditional videos

Albrecht et al, 2014

To evaluate the feasibility of using GG in a forensics
(Pathology – autopsy and post- setting
mortem examinations)

Two physicians wore GG during 4 autopsy and postmortem
examinations and took images using both GG and a traditional digital single lens reflex (DSLR) camera
Six forensic examiners evaluated the images for quality

Aldaz et al, 2015
(Chronic wounds)

To facilitate photo documentation of chronic wounds
for long-term care

Wound care nurses used SnapCap software on GG to take
images, tag, and transfer them to patient electronic medical
records
Image quality and ease of use were evaluated

Chai et al, 2015
(Toxicology)

To facilitate toxicology teleconsultation in the emergen- Emergency medicine residents wore GG while evaluating
cy department
poisoned patients
Real-time video of physician findings was transmitted to
toxicology fellows and attendings for evaluation

Chai et al, 2014
(Dermatology)

To facilitate dermatology teleconsultation in the emergency department

Patients first had a standard dermatology consultation
(phone call and sometimes a static photo of the rash) with
a dermatology resident
Patients were then evaluated by the dermatology chief
resident through a real-time video filmed by the patient
(wearing GG) and viewed by the physician on a tablet
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Feasibility and Acceptability of Google Glass as
Patient-Centered Interventions
Table 5 summarizes the user satisfaction results of the
patient-centered interventions (see Multimedia Appendix 3 for
more technical results). Overall, participant feedback on the
comfort and ease of use of Google Glass in patient-centered
interventions was very positive. Of the participants with visual
impairments, Anam et al reported a median usability score of
4.6/5 [14], and Tanuwidjaja reported that a majority of
participants believed the Google Glass intervention would be
useful in everyday life [18]. Among the participants with motor
impairments, namely Parkinson’s Disease (PD), while overall
reactions were positive [12] and some believed that Google
Glass allowed them to do things they were not previously able
to do independently [11], there were also some consistent
frustrations expressed. For example, some experienced

difficulties using the touchpad and voice navigation features as
a result of tremors and dysarthria associated with the disease
[10,11]. While participants with ASD reported positive
experiences using Google Glass [20], participants using it to
collect physiological data reported privacy concerns and found
a smartwatch to have better usability [25]. Some of the common
complaints reported were overheating of the device [14,15,20],
its relatively short battery life [6,14,15,17,18,22,24], poor quality
camera [17,18], perceived stigma when wearing the device in
public [14,25], wireless connectivity issues [26], and concerns
about privacy and the protection of confidential information
[11,25]. These results suggest the potential for future research
and implementation to support patients if Google can address
some of the device’s technological limitations. However, the
issues experienced by PD patients due to dysarthria and tremors
should be addressed in interventions related to motor
impairments.

Table 5. Feasibility and acceptability of Google Glass as patient-centered interventions.
Source (health condition)

User satisfaction results

Anam et al, 2014

Participants completed 5-point Likert scale on usability of the Expression system (a score of 5=the best):
Learnability median 4.1, interquartile range (IQR) 0.7; Informativeness median 4.5, IQR 1.0; Usability
median 4.6, IQR 0.7; User Satisfaction median 4.5, IQR 1.0; Willing to Use median 3.7, IQR 0.7. The
relatively low score for “Willing to Use” can be attributed to perceived uncertainty in social acceptability
of wearing a device such as GG.

(Ophthalmology – visual impairment)

Tanuwidjaja et al, 2014
(Ophthalmology – colorblindness)

Malu and Findlater, 2015
(Motor impairment – upper body)

McNaney et al, 2014
(Motor impairment – PD)

McNaney et al, 2015
(Motor impairment – PD)

Zhao et al, 2016
(Motor impairment – PD)

Voss et al, 2016
(Psychological/Developmental – ASD)
Richer et al, 2015
(Physiological measurements)
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4/6 participants reported they found Chroma system useful in performing study tasks and would find it
useful in everyday life. Two participants expressed concerns about system lag time in switching between
modes. One participant did not find the system helpful because his vision test scores worsened when using
Chroma.
Participants rated system features on a 5-point scale (1=very easy/comfortable to 5=very difficult/uncomfortable): Visual Display comfort median 2, mean 2.2, SD 1.2; ease median 2, mean 2.2, SD 1.2;
Touchpad Gestures comfort median 3, mean 3, SD 2.2; ease median 2, mean 2.7, SD 1.9; Voice Commands
ease median 1, mean 1.7, SD 1.2. For the reciprocal tapping task, most (N=8) found the large touchpad
easiest to use, and most (N=7) found the large touchpad to be most physically comfortable.
Study exit interviews identified some concerns with usability of and patient satisfaction with GG. Some
felt wearing GG in public drew unwanted attention, and 3/4 participants reported they would not wear
GG in certain settings due to safety concerns. All participants experienced frustration when certain features,
such as voice recognition and navigation, were difficult to use in everyday life or did not work. However,
when the features were working properly, user satisfaction was high. GG enabled some to do things others
without PD can do on mobile phones. Overall, reactions to GG were positive and showed appreciation
for how GG could be used to help those with PD.
Study exit interviews revealed mixed reactions to LApp program, with some finding significant improvement in and confidence with their speech volume and others reporting the program performance was inconsistent. Additional frustrations were related to GG’s short battery life and difficulties navigating the
touchpad because of PD-related tremors.
Most users found GG easy or very easy to use (N=7/11) and the instructions on screen clear or very clear
to read (9/12). One user particularly liked the bone-conducting headphone because the metronome was
less audible to others around. Some participants disliked GG’s placement of the visual display in the upper
right corner (n=3) and suggested images be projected binocularly (n=1) or more focally (n=2) in the visual
field. They suggested verbal instructions (n=9), rhythmic music (n=2), and postural feedback (n=1) as
additional cues for the app and that cues be provided only when needed (n=2).
Review of videos of participants using GG system at home showed that children reported positive experiences with the activities at home and stated they viewed the system as a toy. However, the device heated
up to uncomfortable levels if worn too long.
Participants completed a qualitative assessment of their experience using DailyHeart on GG. Mean usability rating for smartwatches (4.2) was higher than GG rating (2.8). Almost a third of participants were
afraid that health data stored in Google Fit could be misused by third parties. In comparing the use of
DailyHeart on GG and on Android Wear, Wear outperformed GG on all measures (appearance, features,
handling, distraction, and overall usability).
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Feasibility and Acceptability of Google Glass as
Clinician-Centered Interventions
Table 6 summarizes user satisfaction and technical results of
the clinician-centered interventions (see Multimedia Appendix
4 for more technical results). The clinician-centered studies,
which also varied greatly in specializations and uses of Google
Glass, reported more inconsistent reactions regarding the utility
of the device. Many of the studies reported technical frustrations
similar to those mentioned in the patient-centered
interventions—specifically,
short
battery
life
[29,31,35,37,41,42,48,50,53], device overheating [31,35,37,41],
difficulties
with
wireless
network
connection
[29,35,37,41,42,48,55], and privacy concerns [28,31]. Multiple
studies reported that, while the device was generally comfortable
to wear and did not distract from the clinician’s work, it did not
significantly improve outcomes or the clinician’s efficiency
[29,37,53]. The main sources of frustration specific to clinician
use were the size and quality of images taken with and viewed
through the device [42,45,50], difficulties in taking images and
videos, and keeping patient monitors in the clinician’s line of
vision due to the fact that the Google Glass follows a person’s
head movements instead of gaze [33,36,49]. Specifically, Spaedy
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et al found that clinicians were dissatisfied viewing images of
chest X-rays through Google Glass but were impressed with
the images taken by the device and viewed on a mobile phone
or computer [39]. In addition, Stetler et al, Duong et al, and
Jeroudi et al reported that cardiologists were generally not
confident with their interpretations of ECGs viewed through
Google Glass [43-45]. However, other studies, in particular the
ones that used Google Glass as a tool for training students, found
that students had overall positive reactions to Google Glass and
would recommend its future use [35,36,41,47-49,52]. For
example, Chaballout et al found that most students (10/12, 83%)
recommended its continued use in clinical simulations [35].
Similarly, Wu et al found that a majority (88%) of the medical
students and radiology residents would be likely to use
ultrasound visualization through Glass instead of a traditional
monitor [41]. One exception to this trend was a study by Iversen
et al, which reported that a majority of the physiotherapy
students (26/39, 67%) found Google Glass’ video quality
unacceptable, and many (23/39, 59%) did not feel the device
enhanced their learning experience [37]. Despite this
contradiction, these results suggest that the greatest potential
for Google Glass implementation to support clinicians lies in
student training.
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Table 6. Feasibility and acceptability of Google Glass as clinician-centered interventions.
Source (health condition)

User satisfaction results

Cicero et al, 2014

First responders using GG completed a survey assessment after the intervention, and their responses
supported the idea that GG does not make a significant improvement in disaster triage.

(Disaster relief)
Yuan et al, 2015
(Neurology)

Local physicians found that holding a mobile phone to provide the consulting specialist live images on
GG was inconvenient.
Teleneurohospitalists using GG did not feel the system allows for patient evaluation similar to what would
be achieved in-person.

Chaballout et al, 2016

Participants were asked to complete 2 post-intervention surveys, a 13-item Student Satisfaction and Self(Student training – health science students) Confidence in Learning Scale and a 20-item Simulation Design Scale (scale for both measures was
1=strongly disagree to 5=strongly agree). Most students recommended continued use of GG in clinical
simulations (N=10/12). They also reported high mean scores on the simulations’s design and satisfaction
with the simulation to promote learning and self-confidence in learning.
Simulation Design Scale (mean [SD]): Objectives and information 4.65 (0.18); Support 4.85 (0.04);
Problem solving 4.53 (0.30); Feedback/guided reflection 4.85 (0.14); Fidelity (realism) 4.67 (0.12)
Student Satisfaction and Self-Confidence with Learning (mean [SD]): Satisfaction with current learning
4.67 (0.13); Self-confidence in learning 4.35 (0.60).
Drake-Brockman et al, 2016
(Anesthesiology)

Anesthetists participating in the intervention were asked to complete a survey including a Likert scale
and freeform questions: 78% would use GG again, 58% would recommend GG to colleagues, 21% felt
GG improved patient management, 90% reported GG was comfortable to wear, 86% reported that information presented on GG was easy to read, 56% would wear GG in view of patients, 75% felt positive
about using GG in the operating room environment, 82.5% reported that wearing GG did not distract from
patient management.

Iversen et al, 2015

Students who used GG in the study answered questions about the technology after the intervention. 67%
(Student training – physiotherapy students) (26/39) of students evaluated GG video quality as not acceptable (score of ≤2 on the Likert scale), and
59% (23/39) of students reported using GG did not enhance their learning experience.
Spaedy et al, 2016
(Radiology)

Wu et al, 2014
(Student training – medical students and
radiology residents)

Stetler et al, 2015
(Cardiology)
Duong et al, 2015
(Cardiology)

Jeroudi et al, 2014
(Cardiology)

Benninger, 2015
(Radiology)
Vaughn et al, 2016
(Student training – nursing students)
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Participants responded to a 5-point Likert scale about the quality of GG images and their confidence about
their interpretation. When viewing images through GG, 87% (13/15) were dissatisfied with the image and
unsure that such a small display would be able to provide the necessary level of detail. 80% (12/15) were
impressed with image clarity taken via GG and viewed on the mobile device.
Participants who used GG responded to a post-exercise survey. 87% reported GG was comfortable to use
for ultrasound guidance. 88% reported they would be likely to use ultrasound visualization through GG
as opposed to traditional monitors (18% very likely, 35% moderately likely, 35% somewhat likely). 78%
indicated they would “very likely” be interested in future research studies involving GG in medical simulation and education.
Physicians responded to a 5-point user-experience Likert scale after the intervention. 58% (7/12) were
satisfied with GG image quality of ECGs. 50% (6/12) were confident in their interpretation when using
GG.
Participants responded to a post-study survey regarding their satisfaction with image quality and comfort
making clinical recommendations. 10% (1/10) were “neutral” regarding quality and giving recommendations. 60% (6/10) of physicians were “somewhat satisfied” and would be “somewhat comfortable” giving
recommendations. 30% (3/10) were “very satisfied” and would be “very comfortable” giving recommendations.
Participants completed subjective ratings on a 5-point Likert scale regarding image quality and their
confidence of ECG interpretation. 75% (9/12) were dissatisfied with the ECG image quality when viewing
via GG. 83% (10/12) were not confident in their interpretation when viewing via GG. 58% (7/12) were
neutral about ECG images taken by GG and viewed on mobile phones. 58% (7/12) were more confident
in their interpretation when viewing the GG image on a mobile phone than when viewing via GG.
Participants responded to a 5-point Likert scale questionnaire. Did they enjoy the exposure to technology
applying the triple feedback method? Average score 4.6. Would they prefer more time with the technology?
Average score 4.8
After the intervention, students responded to 2 surveys, the Simulation Design Scale and the Self-Confidence
in Learning Scale (both 5-point scales from 1=strongly disagree to 5=strongly agree), to assess their perception of GG in the simulation: Independent problem-solving was facilitated, 4.75 (0.45); Resembled a
real-life situation, 4.75 (0.45); Teaching methods were helpful and effective, 4.67 (0.65); Teaching materials were motivating and helpful, 4.58 (0.90); Confidence in mastering simulation content: 4.42 (0.51);
Develops skills/knowledge applicable to a clinical setting, 4.83 (0.39)
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Source (health condition)

User satisfaction results

Zahl et al, 2016

Students responded to 4 open- and closed-text items about using GG and static video for self- and peerassessment. Students’ reported mean score was higher for GG recordings (84.61) than static video (79.74).
Students reported that verbal communication was more easily assessed by reviewing GG video (23.87)
than static video (22.17); paraverbal communication was more easily assessed by reviewing GG video
(24.26) than static video (21.51); and nonverbal communication was more easily assessed by reviewing
static video (19.78) than GG video (17.09).

(Student training – dental students)

Tully et al, 2015

Students responded to a 5-point Likert scale on how distracting they found GG during the intervention.
(Student training – medical students [hos- 23% (7/30) reported a “positive, nondistracting experience.” 37% (11/30) reported a “positive, initially
distracting experience.” 17% (5/30) reported a “neutral experience.” 10% (3/30) reported a “negative expice])
perience.” After reviewing the videos filmed with GG, 70% (16/30) believed that GG is worth including
in the clinical skills training program.
Albrecht et al, 2014

Both participants agreed that GG was comfortable to wear but required more physical effort to capture
(Pathology – autopsy and postmortem ex- images than a DSLR camera.
aminations)
Chai et al, 2015
(Toxicology)
Chai et al, 2014
(Dermatology)

Study participants completed a survey immediately after the consult about their experience viewing a
teleconsult through GG: 94% (17/18) were confident in the toxidrome after GG consultation as compared
to 56% (10/18) who were confident after phone consultation.
All participants responded to a survey on acceptability of GG after their consultation. 93.5% (29/31) were
overall satisfied with the video consultation. 22.6% (7/31) preferred care provided through mobile video
communication technology over a standard face-to-face clinic visit. 74.2% (23/31) preferred care provided
through mobile video communication technology over standard emergency department telephone consultation. 93.3% (28/31) would recommend the video consultation to others. 96.8% (28/30) felt comfortable
that privacy was protected during the video encounter. 96.8% (30/31) were confident in the video equipment
used.

Discussion
Principal Findings
In recent years, wearable devices such as wrist-worn
accelerometers and head-mounted devices have become
increasingly popular for their applications to everyday life as
well as to various industries. While Google Glass, one of the
more well-known head-mounted wearable devices, has yet to
successfully break into the consumer market, various industries
are eager to harness its potential in their fields. Medicine is one
such industry; however, far greater attention has been paid to
surgical applications than to nonsurgical ones. In this systematic
review, we assessed existing evidence of the usability, benefits,
and limitations of Google Glass to support both patients and
clinicians in nonsurgical medical settings. Overall, the evidence
was somewhat limited by a small number of studies fitting all
inclusion criteria, small sample sizes, and other methodological
considerations, particularly for statistical analysis. We included
51 studies that met our pre-set inclusion criteria, with the
majority of studies describing clinician-centered interventions.
There was a wide range of health conditions and uses of Google
Glass. While information regarding age of participants was
limited, the studies that did include age information were
conducted with adults and none within pediatric populations.
Many were conducted in laboratory, hospital, and student
training
settings,
which
indicates
potential
of
university-affiliated teaching hospitals to integrate wearable
technologies to make clinicians more efficient and provide
clinical support to patients.
Unlike our systematic review, other recent reviews of the use
of wearable technology in medicine included other heads-up
devices besides Google Glass and did not distinguish between
http://mhealth.jmir.org/2017/10/e159/
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surgical and nonsurgical interventions [3,4]. Some of the uses
of Google Glass in these studies include data visualization and
video recording during surgery and interventional radiology,
smart checklists, telementoring, virtual reality for education or
pain management, interpretation of images, teleconsultation,
teleconferencing, drug delivery tracking, patient empowerment,
laboratory diagnostics, and forensic medicine [3,4].
A recent systematic review of medical applications of Google
Glass in both surgical and nonsurgical settings found more
globally positive support for the technology’s use in these
settings [4]. However, this systematic review discussed a smaller
sample of articles (n=21) that spanned surgical and nonsurgical
medical interventions as well as scientific settings in general.
Furthermore, original research studies on Google Glass in
surgical interventions report fewer technical issues with the
device and recommend strategies to overcome those that were
encountered. One study, in which a pediatric surgeon wore
Google Glass continuously for 4 weeks, reports with confidence
that the photographic and video quality of the device was
sufficient to capture all clinically relevant findings [57]. In
contrast, many of the studies included in our analysis cited the
photographic and video quality of Glass as a significant clinical
limitation. While our findings regarding the limitations to the
use of Glass, namely battery life, photographic and video
quality, and streaming capabilities, were consistent with those
encountered in surgical applications, the surgical studies seem
to have made more progress in testing potential solutions. For
example, one plastic surgeon used a USB-powered pocket
battery to eliminate the need to recharge the device during the
operation, noise-canceling headphones to enhance the sound
transmitted by Glass, and a light emitting diode (LED) lamp
headset to improve photo and video quality [4]. These findings
support the potential of Google Glass to be even more beneficial
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in nonsurgical medical interventions if technical limitations are
overcome either in newer models of the device or with the
implementation of these solutions.

Strengths and Limitations
Our systematic review has a number of strengths. First, our
review was conducted following the recommendations and
guidelines for rigorous systematic reviews methodology [58-60].
Second, we used a very sensitive search strategy guided by a
librarian information specialist with no language restrictions to
include as many relevant studies as possible and minimize
possible publication bias. In addition, we searched other
resources, including published systematic reviews, clinical trial
registries, and different electronic databases. Finally, 2 authors
completed the review process independently at all stages.
Our systematic review of the literature has some potential
methodological limitations. First, similar to other systematic
reviews, although our search criteria were comprehensive, we

Dougherty & Badawy
could have missed some relevant articles [61]. Second, we
included only original research papers that have been published
in peer-reviewed journals, and the possibility of publication
bias with the tendency to report positive study results cannot
be excluded [62]. Finally, a number of the studies included in
our review had a relatively small sample size.

Conclusions
Results regarding the feasibility, usability, and acceptability of
Google Glass in nonsurgical medical settings were extremely
varied, with more positive results being reported for
patient-centered studies and student training settings. Further
investigation with rigorous research designs evaluating the
efficacy and cost-effectiveness of these more successful
interventions in supporting patients and clinicians is warranted.
These efforts would be beneficial in informing the base of
evidence on the use of wearable devices, such as Google Glass,
in medicine.
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Abstract
Background: Cellular mobile telephone technology shows much promise for delivering and evaluating healthcare interventions
in cost-effective manners with minimal barriers to access. There is little data demonstrating that these devices can accurately
measure clinically important aspects of individual functional status in naturalistic environments outside of the laboratory.
Objective: The objective of this study was to demonstrate that data derived from ubiquitous mobile phone technology, using
algorithms developed and previously validated by our lab in a controlled setting, can be employed to continuously and noninvasively
measure aspects of participant (subject) health status including step counts, gait speed, and activity level, in a naturalistic community
setting. A second objective was to compare our mobile phone-based data against current standard survey-based gait instruments
and clinical physical performance measures in order to determine whether they measured similar or independent constructs.
Methods: A total of 43 ambulatory, independently dwelling older adults were recruited from Nebraska Medicine, including 25
(58%, 25/43) healthy control individuals from our Engage Wellness Center and 18 (42%, 18/43) functionally impaired, cognitively
intact individuals (who met at least 3 of 5 criteria for frailty) from our ambulatory Geriatrics Clinic. The following
previously-validated surveys were obtained on study day 1: (1) Late Life Function and Disability Instrument (LLFDI); (2) Survey
of Activities and Fear of Falling in the Elderly (SAFFE); (3) Patient Reported Outcomes Measurement Information System
(PROMIS), short form version 1.0 Physical Function 10a (PROMIS-PF); and (4) PROMIS Global Health, short form version 1.1
(PROMIS-GH). In addition, clinical physical performance measurements of frailty (10 foot Get up and Go, 4 Meter walk, and
Figure-of-8 Walk [F8W]) were also obtained. These metrics were compared to our mobile phone-based metrics collected from
the participants in the community over a 24-hour period occurring within 1 week of the initial assessment.
Results: We identified statistically significant differences between functionally intact and frail participants in mobile phone-derived
measures of percent activity (P=.002, t test), active versus inactive status (P=.02, t test), average step counts (P<.001, repeated
measures analysis of variance [ANOVA]) and gait speed (P<.001, t test). In functionally intact individuals, the above mobile
phone metrics assessed aspects of functional status independent (Bland-Altman and correlation analysis) of both survey- and/or
performance battery-based functional measures. In contrast, in frail individuals, the above mobile phone metrics correlated with
submeasures of both SAFFE and PROMIS-GH.
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Conclusions: Continuous mobile phone-based measures of participant community activity and mobility strongly differentiate
between persons with intact functional status and persons with a frailty phenotype. These measures assess dimensions of functional
status independent of those measured using current validated questionnaires and physical performance assessments to identify
functional compromise. Mobile phone-based gait measures may provide a more readily accessible and less-time consuming
measure of gait, while further providing clinicians with longitudinal gait measures that are currently difficult to obtain.
(JMIR Mhealth Uhealth 2017;5(10):e104) doi:10.2196/mhealth.5090
KEYWORDS
mobile phone; functional status; mobility; gait speed; mobility measures; LLFDI; SAFFE; PROMIS short; PROMIS Global; step
count; behavioral classification; frailty phenotype; normal aging

Introduction
Across a variety of medical disciplines, longer-term measures
of gait performance have the potential to benefit both patients
and practitioners. Gait speed remains an underutilized clinical
measure, despite convincing data suggesting that decreases in
gait speed are associated with greater mortality [1], diminished
cognition [2], greater functional disability [3], poorer quality
of life, and increased healthcare spending [3,4]. There is also
evidence suggesting that improved gait speed may be a sensitive
biomarker for improved overall functional status [5]. Resistance
to including gait speed in current clinical practice is
multifactorial, with time and space constraints and provider
unfamiliarity being major factors [6]. Longitudinal clinical
measures of gait speed are also challenging to obtain, since
collecting these measures may be more subject to various biases
than more easily obtained metrics such as pulse oximetry or
body weight [7].
In the past, gait speed studies have typically relied on
measurements taken in the clinic. The standard method for
determining gait speed involves timing an individual while
walking a short, predetermined distance (eg, 4 to 6 meters).
This approach is less than ideal because physical activity,
including gait, is influenced by performance biases (eg,
participants who know they are being observed try to improve
their usual performance), as well as ultradian, circadian, and
seasonal changes that cannot be evaluated during a single clinic
visit [8]. Furthermore, in older persons, gait speed declines
slowly over long periods of time, necessitating repeat
observations [9,10].
The rise of widely used electronic devices, such as mobile
phones with app capabilities (smartphones), offers great
potential for remote monitoring of patient gait speed and other
clinically relevant health parameters. We have shown the
feasibility of using mobile phone technology to measure an
individual’s activity and lifespace (eg, the geographic expanse
of an individual’s day-to-day travels) over prolonged periods
of time in a non-invasive, near-continuous, robust, inexpensive,
and user-friendly manner [11]. In order to extrapolate health
parameters [12] from our participant-derived mobile phone data,
we designed algorithms to measure clinically relevant aspects
of activity, including gait bout duration, gait speed, and step
counts [13]. Additional studies showed that for a broad group
of individuals (ranging in age from 21 to 84 years), the activity
metrics we measured by this approach strongly correlated with
gait speed under controlled laboratory conditions [14].
http://mhealth.jmir.org/2017/10/e104/
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Here, we show for the first time that mobile phones can provide
both continuous and aggregate measures of clinically relevant
gait and mobility parameters, including gait speed, step count,
and overall activity status, in a community dwelling population
going about their day-to-day lives. We gave participants a
mobile phone, instructed them in its use, and recorded their
activities over the next 24 hours. Validated algorithms were
used to classify this data into clinically relevant gait parameters.
We studied both healthy (eg, functionally intact) and frail (eg,
functionally impaired) community dwelling older individuals.
Frailty is a clinical syndrome characterized by poor activity
tolerance, weakness, and weight loss unexplained by known
diseases of the muscle and brain; frailty is a particularly
significant problem leading to greater morbidity and mortality
and poorer quality of life [15,16]. Our results suggested that
mobile phone-derived measures of these parameters
differentiated between older adults without functional limitations
and older adults with a frailty phenotype. These mobile
phone-derived measures also assessed aspects of functional
status distinct from those quantified by either a number of
validated questionnaire tools or standard clinical physical
performance measures.

Methods
Participant Enrollment Procedures
Participants for this study were recruited from the University
of Nebraska Medical Center (UNMC) Geriatrics Clinic and the
Engage Wellness Center, both part of UNMC’s Home Instead
Center for Successful Aging (HICSA). We assembled 2
ambulatory cohorts: one of healthy older individuals with no
functional impairment (n=25), and one of frail [17] older
individuals (n=18). For our functionally intact group, inclusion
criteria were (1) age 55 or older; (2) community dwelling; (3)
no serious uncontrolled medical or psychiatric comorbidities;
and (4) a minimum score of 23 out of 30 on the Mini-Mental
State Examination (MMSE) [18] or Montreal Cognitive
Assessment (MoCA) [19]. For our frail group, inclusion criteria
also required having 3 of the 5 following clinical conditions
present at enrollment: (1) less than 10% unintentional weight
loss or body mass index (BMI) less than 18.5 kg/m2; (2) slow
(less than 0.8 m/s) walking speed [20]; (3) weak grip strength
(measured by a hand dynamometer, JAMAR, Bolingbrook, IL);
(4) reports of exhaustion; and (5) low activity. Of note, the
cognitive criteria required that we screened a large number of
potential participants for our frailty group. The UNMC
Institutional Review Board approved this study. Written
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informed consent was obtained from all participants. The
enrollment flow diagram is shown in Figure 1 and the baseline
cohort characteristics are shown in Table 1.

Self-Reported Functional Status
We used previously validated survey instruments to determine
participant self-perceived functional status. These instruments
included the (1) functional component of the Late Life Function
and Disability Instrument (LLFDI), a comprehensive assessment
of function and disability for use in community-dwelling older
adults that evaluates self-reported difficulty performing 32
physical activities (eg, use of a stepstool or running to catch a
bus), where higher scores indicate higher functional status) [21];
(2) the Survey of Activities and Fear of Falling in the Elderly
(SAFFE), a questionnaire evaluating fears associated with
performing 11 activities of everyday life (eg, if the participant
is limited going to the store or going out when it is slippery)
necessary for independent living [22]; (3) Patient Reported
Outcomes Measurement Information System (PROMIS) Global

Rye Hanton et al
Health (GH), short form version 1.1 [23], subdivided into
assessments of physical health (PROMIS-PH) and mental health
(PROMIS-MH); and (4) PROMIS short form version 1.0
Physical Function 10a (PROMIS-PF). These PROMIS outcome
measures were designed to assess patient experience of health
outcomes such as pain, fatigue, physical function, depression,
anxiety, and social function [24,25]. PROMIS instruments are
based on strong psychometrics and consequently have fewer
problems with floor and ceiling effect than other survey
instruments.
Participants were comfortably seated in a quiet room to complete
the above questionnaires, which were administered by a tablet
computer (iPad, Apple Inc.). All questionnaire results were
stored using the Research Electronic Data Capture (REDCap)
database [26]. Participants were given as much time as they
needed to complete the surveys. Staff provided no assistance
during this process and participants had to complete all the
questions to remain eligible for the study.

Figure 1. Enrollment flow diagram.
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Table 1. Baseline cohort characteristics (N=40).
Characteristic

Functionally-intact, n (%)

Frail, n (%)

Overall

22 (61%)

18 (39%)

Gender

P

.606
Female

17 (77%)

12 (67%)

Male

5 (23%)

6 (33%)

Age, years

<.001
50-60

1 (5%)

N/A

61-70

5 (23%)

1 (6%)

71-80

14 (63%)

5 (28%)

81-90

2 (9%)

7 (39%)

91-100

N/A

5 (28%)

Ethnicity

.37
Non-Hispanic white

20 (91%)

17 (94%)

Other

2 (9%)

1 (6%)

Home (rented or owned)

19 (86%)

13 (72%)

.26

Apartment

2 (9%)

4 (22%)

.25

Assisted living facility

N/A

1 (6%)

.33

Other

1 (5%)

N/A

.33

Alone

14 (64%)

8 (44%)

.17

Spouse or significant other

6 (27%)

4 (22%)

.80

Spouse with children, caregiver

N/A

4 (22%)

.04

Other

2 (9%)

2 (11%)

.80

Current residence

Living with

Education

<.001
Grades 9-11

1 (5%)

2 (11%)

Grade 12 or GEDa

2 (9%)

5 (28%)

College 1-3 years

8 (36%)

5 (28%)

College 4 years

5 (23%)

4 (22%)

Graduate school

6 (27%)

2 (11%)

BMIb

a

.934
<20

1 (5%)

1 (6%)

20-25

6 (27%)

4 (22%)

26-30

9 (41%)

5 (28%)

31-35

5 (23%)

6 (33%)

35+

1 (5%)

2 (11%)

GED: general education development.

b

BMI: body mass index.
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Clinical Gait Measures
All participants underwent a 4 meter walking test [27] consisting
of a 1 meter untimed startup followed by a 4 meter timed
evaluation. Participants were given the instruction to “walk at
your usual speed” and were permitted to use an assistive device
such as a walker or cane at their discretion. Participants then
performed a 10 foot “Get Up and Go” test [28]. They began the
test seated with their back against the backrest of an armless
chair. They were instructed to stand up and “walk at your usual
speed” to a mark 10 feet directly in front of the chair, turn
around, return to the chair, and sit down again. Timing stopped
when their back once again touched the backrest of the chair.
Finally, we video recorded participant performance during a
Figure-of-8 Walk (F8W) [29]. The camera focused on the
participant’s lower legs and feet during the test. No identifying
features were photographed. Participants were instructed to
walk in a figure-of-8 at their self-selected pace around 2 cones
placed 5 feet apart. Total completion times, the number of steps
to complete the F8W, and gait smoothness were recorded. Two
trials of all physical assessment tests were performed.
Participants tolerated all of these clinical assays with ease.

Gait Data Acquisition
Nokia N79 mobile phones (White Plains, NY) with an intrinsic
three-dimensional (3D) accelerometer were used to measure
mobility and locomotion for extended periods of time in
community dwelling individuals of both cohorts. Acceleration
values were sampled and written to memory using custom
Python software (Python for S60 v1.9.7) [30], running on a
Symbian S60 V3FP2 OS (San Francisco, CA). The mobile
phone was placed in either the participant’s right or left pocket,
over the hip, and the location recorded. A previous study of
ours showed that location did not impact data collection [14].

Protocol
Participants were fitted with a mobile phone; the proper use and
correct placement of this device was demonstrated. Participants
were instructed to wear the mobile phone for the next 24 hours,
except when bathing, swimming, or sleeping.
Participants were then briefly videotaped walking on a treadmill
(SCIFIT, Tulsa, OK) for 5 minutes at 2 mi/hr or a speed more
comfortable for the individual participant. Participants unable
to walk on the treadmill due to limited mobility, the need for
assistive devices, or other factors, were not asked to complete
this portion of the study. Gait speed calculations depended upon
stride length, which we derived from treadmill locomotion
videos (1.38 m functionally intact; 0.83 m frail).

Data Quality Control and Classification
Survey data was scored per instrument instructions. For
PROMIS measures, t scores were determined from raw scores
by appropriate conversion tables. Raw acceleration data was
low-pass filtered and baseline acceleration normalized to 1 g
over the entire duration of data collection [13]. Our classification
algorithm first identified epochs of “forgotten phone” versus
epochs of participant carrying the phone. For epochs of
participant carrying the phone, we then classified behavior into
active or inactive states, using a windowed (68 s long) Fourier
analysis approach [13,31]. Active states were further
http://mhealth.jmir.org/2017/10/e104/
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differentiated into states with minimal locomotion, states with
ongoing locomotion, and states where the participants were
climbing stairs. Ongoing locomotion was then quantified for
step count and gait speed. Gait speed calculations depended on
treadmill video-derived values of stride length.

Statistical Analysis
Step count, gait speed, and activity count were primary outcomes
with cohort (functionally intact versus impaired) and time as
factors. All comparisons not involving time were performed by
2-tailed t tests assuming unequal variances. Multiple
comparisons were adjusted using the Bonferroni technique. For
comparisons over time, we performed repeated measures
analysis of variance (ANOVA) including all interaction terms;
interactions not found to be significant were dropped from later
models. All post hoc testing was performed using Tukey test.
To measure pairwise agreements between mobile phones,
surveys, and physical performance battery-based functional
measures, we evaluated Bland-Altman plots using MATLAB
(blandaltman.m). For gait speed measures, we performed a
bootstrap analysis using MATLAB (datasample) to determine
statistical significance between the functionally intact and frail
cohorts. Functional questionnaire data and clinical physical
performance measures were analyzed by 1-way ANOVA.
Spearman correlations were determined to assess agreements
between mobile phone-based measures and the survey- and/or
performance-based metrics. Finally, cohort demographic factors
were compared using independent samples t test assuming equal
variances (2-tailed). All analyses were performed using SPSS
(IBM SPSS Statistics 22.0, Armonk, New York, USA) or
MATLAB (R2011b, MathWorks, Natick, MA).

Results
A total of 362 participants were assessed for study eligibility
(Figure 1) and, from those, 73 (20.2%, 73/362) were identified
as potential study participants. Of those, 30 (41%, 30/73)
individuals declined participation and 43 (59%, 43/73) were
consented into the study. Of the 43 participants enrolled in the
study, 25 (58%, 25/43) were enrolled in the control (functionally
intact) arm and 18 (42%, 18/43) were enrolled in the frail
(functionally impaired) arm. Unfortunately, mobile phone sensor
data was not collected from 10 participants (23%, 10/43) in the
functionally intact arm and 7 (16%, 7/43) from the frail arm
due to technical problems with data transmission and storage.
By far, the greatest challenge we encountered during participant
recruitment was identifying frail individuals with preserved
cognition.
During our 24-hour study period, all 22 functionally-intact
participants recorded at least 14 hours of data, with a mean of
17.3 hours (range 14 to 20 hours) for a total of 380 hours
suitable for analysis. We determined that 11 (61%, 11/18)
participants from the frail arm recorded at least 9 hours of data,
with a mean of 19.9 hours (range 9 to 24 hours) for a total of
210 hours, of which 209 were suitable for analysis (1 hour
prematurely truncated). There was no significant difference in
the number of hours recorded for the functionally intact versus
frail cohort (P=.17) when normalized over the 24-hour day. We
obtained similar amounts of data from both functionally intact
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and frail older individuals. Baseline demographics between the
2 groups revealed that our functionally intact participants were
younger and had higher educational achievement compared to
our frail participants; cohorts were otherwise comparable
regarding gender, ethnicity, housing, and BMI (Table 1).

Gait Assessment Survey Instruments and Clinical
Performance Measures
We chose our questionnaires and performance assessments
based on prior validation, current clinical and/or research use,
and face validity. In total, 40 (93%, 40/43) participants
successfully completed the questionnaires and physical
performance batteries. As expected, our analysis demonstrated
that LLFDI, SAFFE, PROMIS-PH, and PROMIS-PF all
differentiated individuals from functionally intact and frail
groups (Table 2). Our 3 clinical physical performance measures
(10-foot timed Get up and Go, 4 Meter Walk, and F8W) also

performed as expected (Table 2), with all measures
demonstrating robust differences between our functionally intact
and frail cohorts. The LLFDI scores range between 0 (full
limitations for performing tasks) to 100 (no limitations for
performing tasks) [32]. SAFFE activity level scores ranged
between 0 (lowest function) and 11 (highest function), SAFFE
fear of falling scores range between 0 (no fear of falling) and 3
(high fear of falling), and SAFFE activity restriction scores
range between 0 (no activity restrictions) and 11 (marked
activity restrictions) [33]. PROMIS t scores set average
performance for a US-based population at 50 (SD 10 points),
with better function indicated by higher scores. Scoring was
performed per PROMIS-GH and PROMIS-PF [34]. EuroQol
scores were derived from PROMIS-GH, and range between 0
(very poor health-related quality of life) and 1 (very high
health-related quality of life).

Table 2. Statistical significance of standard questionnaire and physical performance battery in discriminating functionally impaired from functionally
intact participants.
Intacta

Impaireda

Pb

LLFDIc Overall Function

64.04

46.91

<.001

LLFDI basic lower extremity function

76.02

54.23

<.001

LLFDI advance lower extremity function

56.15

22.41

<.001

LLFDI upper extremity function

79.57

68.95

.257

SAFFEd activity level

9.32

6.38

<.001

SAFFE fear of falling

0.24

0.39

.052

SAFFE activity restriction

Survey instrument
Questionnaire

2.45

6.59

<.001

f

48.94

34.43

<.001

PROMIS-PHg

51.99

40.52

<.001

PROMIS-MHh

63.65

55.79

.042

EuroQol

0.764

0.64

<.001

Timed Get Up and Go (10 ft)

10.63

21.79

.003

4 Meter Walk

4.30

10.66

.004

Figure-of-8 Walk

9.19

19.28

.008

e

PROMIS -PF

Performance batteryi

a

Mean performance.

b

P values are 2-sided t test, unequal variance, with Bonferroni correction.

c

LLFDI: Late Life Function and Disability Instrument.

d

SAFFE: Survey of Activities and Fear of Falling in the Elderly.

e

PROMIS: Patient Reported Outcomes Measurement Information System.

f

PROMIS-PF: PROMIS Physical Function.

g

PROMIS-PH: PROMIS Global Physical Health.

h

PROMIS-MH: PROMIS Global Mental Health.

i

Values for all performance battery measures are reported in seconds.

http://mhealth.jmir.org/2017/10/e104/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e104 | p.43
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Rye Hanton et al

Figure 2. Mobile phone-derived activity metrics discriminate between frail and functionally-intact individuals. 24-hour time budget for functionallyintact
(left) and functionally impaired (right) participants. Time spent in active state (blue slices) is further broken down into periods of low (brown)and high
(red, green) physical activity. Percentages (bold) statistically differ between cohorts.
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Figure 3. Semilog (y axis) of activity duration versus start time of that particular activity bout (x axis) in functionally intact individuals (upper) and
functionally impaired individuals (lower). Each point represents a specific activity bout and each color corresponds to a specific participant ("cool" or
"warm" colormap).

Mobile Phone-Based Functional Measures
After determining that our questionnaire-based measures and
physical performance battery successfully differentiated
functionally intact from functionally impaired individuals, we
examined whether our mobile-phone-based measures of physical
activity did so as well. Active states were defined as periods
where the participant was walking, climbing stairs, or otherwise
active (high physical activity classification) [13]. Inactive states
were defined as when the participant was resting or driving (low
physical activity) [13]. We noted significant differences in
participant 24-hour and active state time budgets (Figure 2).
Overall, the functionally intact group were active approximately
18% of the day with a mean of 18.13% (SD 5.54%); while the
frail group displayed significantly less activity with a mean of
13.19% (SD 5.20%; P=.02 for intact versus frail groups, 2-sided
t test). There were no phenotypic differences in active state
onset rate between functionally intact and impaired individuals
with 2.63 onsets/hr (SD 0.162) and 2.48 onsets/hr (SD 0.219),
respectively (P=.60, 2-sided Student t test). Functionally intact
individuals had longer active state durations of 373.85 s (SD
20.66) compared to frail individuals with active state durations
of 300.19 s (SD 25.79; P=.04; 2-sided Student t test) (Figure
3). Similarly, average gait speed (measured over a 24-hour
window) differed significantly between frail and functionally
intact groups with mean gait speeds of 0.76 m/s (SD 0.08) and
http://mhealth.jmir.org/2017/10/e104/
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1.22 m/s (SD 0.14), respectively (F1,30=21.1, P<.001) (Figure
4).
The average number of step counts throughout a circadian day
also differed between frail and functionally intact groups (Figure
5). Repeated measures 2-way ANOVA, with log step count as
the dependent variable and functional status and time as
independent variables, found functional status, time, and the
status by time interaction to be significant (F1,30=12.1, P=.002
for functional status; F23,521=9.0, P<.001 for time; F23,521=1.6,
P=.045 for functional status by time interaction). Overall, all
mobile phone collected outcomes, including step count, gait
speed, activity classification, and percent activity were
statistically significant in our study, indicating substantial
differences between functionally intact and frail participants.

Aspects of Gait Assessed by Survey and/or
Performance Battery and Mobile Phone Functional
Measures Assess Different Aspects of Gait
We further decided to determine (1) if our mobile phone-based
measures identified similar elements of frailty as survey and
physical performance assessments; and (2) if performance data
obtained in this study (whether from mobile phone, survey, or
performance battery) demonstrated internal consistency. First,
we evaluated mean-difference (Bland-Altman) plots in a
pairwise manner comparing mobile phone-, survey-, and
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performance battery-based functional measures. Bland-Altman
plots provide a graphical approach to determine if results from
two different measurement methods assessed a similar construct;
if this were the case, the plotted residuals would form a
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relatively uniform-width band parallel to the x axis. Our analysis
suggested that only LLFDI overall/LLFDI basic and PROMIS
PF/PROMIS PH measured similar outcomes in both functionally
intact and frail participants (Multimedia Appendix 1).

Figure 4. Mean daily gait speed histogram depicting significant differences between functionally intact (blue) and functionally impaired (red) participants.
Bootstrap estimates of mean gait speed are provided behind data histograms (light red for functionally impaired; estimate for functionally intact group
is completely behind data histogram).

Figure 5. Step count versus circadian time for functionally intact (blue) and frail (red) individuals. Bars are plus or minus one standard error of the
mean. Time values given in military time.
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Figure 6. Multiple significant correlations across different functional assessment metrics are present in functionally intact older adults. Confusion
matrix depicting correlation structure (metrics across matrix bottom row) of mobile phone-based activity measures (activity count, percent activity, step
count, gait speed), questionnaire-based measures of functional status (LLFDI, SAFFE, PROMIS), and performance battery based measures of functional
status (Get Up and Go, 4 meter walk, F8W) for functionally intact participants. For each entry, correlation strength is depicted as the color within the
box; interpretation color bar provided on the right. Numeric values within each box are individual correlations. Asterisks depict interactions with P
values less than .01. Interactions grouped within the red lines depict correlations within mobile phone-derived activity measures; interactions grouped
within cyan lines depict correlations within LLFDI measures; interactions grouped within blue lines depict correlations within SAFFE measures;
interactions within grouped violet lines depict correlations within PROMIS measures; interactions grouped within green lines depict correlations within
performance battery measures.

We then calculated Spearman correlations between survey
and/or performance instruments and the mobile phone-based
functional measurements for functionally intact (Figure 6) and
frail (Figure 7) participants. In functionally intact participants,
we noted significant within-test correlations for our mobile
phone-based monitoring metrics (step and activity count; 1 of
6 potential correlations), all LLFDI metrics (except for those
measuring upper extremity function [UEF]; 5 of 6 potential
correlations), SAFFE metrics (activity restriction and limitation;
1 of 3 potential correlations), PROMIS metrics (PROMIS-PH
and PROMIS-PF; 1 of 3 potential correlations), and all
performance battery results (3 of 3 potential correlations).
LLFDI metrics (except UEF) also strongly correlated with
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results from both SAFFE and PROMIS (except PROMIS-MH;
17 of 25 potential correlations). By contrast, both
within-instrument and across-instrument correlations were
weaker in frail adults with functional impairment. Only
performance battery and subsets of LLFDI scores remained
significantly correlated with one another (3 of 3 potential
correlations for functional battery metrics; 3 of 6 potential
correlations for LLFDI metrics). Much of the correlation
between LLFDI and SAFFE/PROMIS metrics was no longer
observed. Step and activity counts no longer correlated with
one another in functionally impaired individuals; however, step
count now demonstrated significant correlations with both
SAFFE activity restriction and PROMIS-PH.
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Figure 7. Fewer significant correlations across different functional assessment metrics are present in functionally impaired older adults. Confusion
matrix depicting correlation structure of mobile phone-based activity measures, questionnaire-based measures of functional status, and performance
battery based measures of functional status for frail participants. Layout similar to Figure 6.

Discussion

Measuring Individual Functional Status Using Mobile
Phones

Principal Findings

Our study advances the goal of an easy-to-use, robust, accurate,
second nature system that measures clinically relevant activity
metrics (onsets, durations, step counts, and gait speeds) in
different ambulatory populations. This goal is attainable with
appropriate hardware and software. For example, over 50 years
ago, Stunkard [35] showed the feasibility of using pedometers
to estimate individual walking distance over long observations.
Technical refinements (improved accelerometer technology,
device durability, device data logging) have since increased
data accuracy and temporal precision [36-38]. However,
dedicated devices validated in many small trials to measure
individual activity status have not “caught on” with the
population at large, potentially because these devices did not
successfully address human usability factors [39]. By contrast,
mobile phones have become a nearly ubiquitous technology
[40-42]. This is particularly true among younger and
middle-aged adults, whose quality of life stands to significantly
benefit from advances in mobile phone-based healthcare delivery
and follow-up. However, we do note that while we had excellent
adherence to our data collection in the functionally intact older
adult group, we had less success with data collection in the frail
older adult group. This decrease in adherence suggests that older
adults with functional limitations may have more difficulties
using this technology successfully. Devices to serve this

To our knowledge, we present the first demonstration that
mobile phones measure clinically relevant functional metrics,
including overall activity, gait speed, and step count. These
measures were taken over one day in naturalistic conditions and
real-life settings, and thus provided insights regarding individual
function outside of the clinic. We provided further validation
of the LLFDI, SAFFE, PROMIS-GH, PROMIS-PF, timed
4-meter walking test, timed Get Up and Go, and F8W assays
demonstrating that cognitively intact individuals with functional
loss had worse performance on all of these assays compared to
functionally intact individuals. In functionally intact individuals,
mobile phone-based metrics and survey and/or performance
battery results did not strongly correlate with one another,
suggesting that these different tools measure distinct aspects of
physical function. However, in cognitively intact individuals
with functional loss, mobile phone-based functional metrics
strongly correlated with components of both SAFFE and
PROMIS. Thus, in functionally impaired individuals, mobile
phone-based metrics of impaired physical function reflected
parallel losses of both perceived and enabled physical function.
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population may require further engineering to optimize user
interface features.

Metric Validation
This study provided additional opportunity to further validate
a number of questionnaire and performance instruments
designed to measure functional status. The LLFDI [21] assesses
two distinct outcomes: function (ability to do discrete actions
or activities), and disability (performance of socially defined
life tasks). Prior studies have validated LLFDI for identifying
functional deficits in independent older adults [43],
institutionalized older adults [44], older adults with knee
osteoarthritis [45], older adults with chronic renal disease [46]
and incontinence [47], and persons undergoing cardiac physical
therapy [48]. LLFDI has comparable psychometric properties
to performance-based measures of upper and lower extremity
function [49]. Our results suggested that LLFDI can discriminate
functional status between a cohort of functionally intact older
adults and persons meeting frailty criteria without cognitive
impairment. We also demonstrated that in functionally intact,
but not frail, individuals, LLDFI is highly correlated across its
functional submeasures (LLFDI basic lower extremity function
[BLEF], LLFDI advanced lower extremity function [ALEF],
etc), and is significantly correlated to both SAFFE and PROMIS
(except PROMIS-MH) scores. For all participants, LLFDI was
not significantly correlated to either mobile phone gait speed
or physical performance battery measures.
SAFFE evaluates how fear of falling influences participant
activity participation or restriction. It has been validated in
community dwelling older adults [22,50], older adults with
mobility limitations [51], and extensively utilized in studies of
persons with Parkinson’s disease [52-54] as well as individuals
receiving post-fall physical therapy who have a fear of falling
[22]. Our results further suggested that SAFFE can discriminate
functional status between a cohort of functionally intact older
adults and persons meeting frailty criteria (albeit, we did not
evaluate balance or falls in any of our participants). As
mentioned above, in functionally intact (but not frail)
individuals, SAFFE showed significant correlations to both
LLFDI and PROMIS (except PROMIS-MH) scores. For all
participants, correlations of submeasures within SAFFE (eg,
SAFFE FF, SAFFE AL) were weaker (–.67 < r < –.33; .33 <
r<.67). SAFFE scores also did not significantly correlate with
either mobile phone gait speed or physical performance battery
measures. Previous studies also have demonstrated weak
correlation between SAFFE scores and accelerometer-based
activity measures [55].
PROMIS-GH evaluates individual physical, mental, and social
health domains, and is thus a more all-encompassing view of
health status [56]. PROMIS-PF is a shorter, 10-question
instrument that assesses individual physical health capacity
without requiring a lengthy physical function instrument [23].
Compared to LLFDI and SAFFE, which were developed
specifically for use in older populations, PROMIS-GH and
PROMIS-PF assessments were developed for general adult
populations [23,57]. Both of these instruments have previously
been validated in a large, cross-sectional sample of
independently dwelling US adults [23,58,59], as well as persons
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with chronic pelvic pain [60], cancer [61,62], or in preparation
for surgical procedures [63]. Our results suggest that
PROMIS-PF and PROMIS-PH can discriminate functional
status capacity between a cohort of intact older adults and
persons meeting frailty criteria. As mentioned above, in
functionally intact (but not frail) individuals, we noted
significant correlations between PROMIS and both LLDFI and
SAFFE measures. PROMIS-GH and PROMIS-PF were also
significantly correlated for functionally intact individuals, as
were multiple physical performance battery measures. These
findings suggested that PROMIS measures of physical capacity
accurately reflected observed physical function in functionally
intact individuals. However, in frail individuals, PROMIS
measures had no significant correlations with all other metrics
we quantified except for mobile phone-derived step count,
LLFDI ALEF, and SAFFE AL.
A variety of physical performance measures have been adapted
for clinic use, including the 4 Meter Walk [64], the timed Get
Up and Go test [65], and the F8W test [29]. Both the timed Get
Up and Go and F8W tests focus on older populations and have
been used to assess community dwelling older adults and
individuals with Parkinson’s disease. The 4 Meter Walk was
developed for persons ranging from 7 to 85 years of age, and
is a validated functional measure in persons with peripheral
arterial disease [66] and cerebrovascular disease [67]. Our results
demonstrated that all of these gait-associated performance
batteries reliably distinguished between functionally intact older
adults and older adults meeting frailty criteria. We also noted
high correlations across these physical performance tests in both
functionally intact and frail individuals. However, none of these
measures correlated well with our mobile phone-derived activity
and gait metrics.

Mobile Phone-Derived Gait Metrics Reflect Different
Aspects of Physical Function
In functionally intact individuals, there was little correlation
between activity and gait metrics measured by mobile phone
and participant responses to the LLFDI, SAFFE, or PROMIS
instruments, or to physical battery performance. Similarly,
Bland-Altman plots revealed that mobile phone-based metrics
of physical activity and gait speed measured different aspects
of physical capacity compared to LLFDI, SAFFE, PROMIS,
or physical performance batteries. In functionally intact
individuals, activity count, daily activity time budget, step count,
and gait speed may undergo significant variation within a single
individual as well as across many individuals. In other words,
these particular functional metrics have considerable dynamic
range. By contrast, survey- and physical performance-based
instruments are well known to demonstrate ceiling effects in
community dwelling individuals [68,69]. Thus, our functionally
intact cohort may demonstrate few and weak correlations
between mobile phone-based measures of physical activity and
survey- or performance battery-based measures of the same,
while simultaneously observing more and greater correlations
when comparing measures known to have ceiling effects. We
observed precisely this finding in our study.
However, functional measures characterizing frail individuals
are far less likely to be influenced by ceiling effects. The
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decreased dynamic range and increased variability in functional
status characteristic of frailty suggest that fewer correlations
between different measures of physical capacity should occur
in frail individuals. We noted this finding in our study as well.
Finally, we noted significant correlations between step count
(measured by mobile phone) and SAFFE activity restriction
and PROMIS-PF. Mobile phone-derived gait metrics may
estimate both activity restrictions and overall physical health
(as well as gait speed, step count, and activity status) in older
adults as they progress through stages of functional loss and
ultimately become functionally impaired.

Limitations
We recognize several limitations in this study, mostly regarding
participant characteristics. Our desire to test cognitively intact
individuals with functional impairments significantly limited
our participant pool. While we ultimately envision that this
technology will be used by cognitively impaired persons, for
validation purposes we wanted to ensure that group differences
could be attributed mostly to functional differences. We did not
enroll a large group of cognitively intact individuals with
functional deficits; however, given our effect size, we had
adequate statistical power for discrimination. Our functionally
intact group, self-selected from persons enrolled in a UNMC
fitness program, sampled more health literate, financially secure,
and higher educated individuals compared to community
averages. We also did not quantify additional confounds,
including medical comorbidities and pharmacotherapy.
However, adjustment of study outcomes for these factors would
likely have had only minimal impact on study outcome. Not
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surprisingly, we continued to note variable participant adherence
for keeping the mobile phone during the study. While some
participants successfully carried the phone and collected data
for almost an entire 24-hour time frame, other individuals wore
the phone for 10 hours or less. However, in practice, if
individuals were to only collect data for brief, random periods
each day, over longer time periods they would produce
significant and robust datasets suitable for functional inference.
Given the worldwide ubiquity of mobile phone technology, and
decreasing costs associated with mobile phone ownership, this
study suggests that future healthcare systems should consider
leveraging patient mobile phones to collect data associated with
individual functional status (respecting patient privacy and
autonomy), develop patient functional exemplars, and refine
algorithms that not only calculate activity and gait functional
metrics as above, but further identify within-individual acute
and subacute functional changes in a reliable, robust, and
efficient manner. This approach to population-wide healthcare
is in its infancy, but already there is highly promising data
suggesting that accurate knowledge of individual day-to-day
patterns of behavior and functional status can be used to make
rapid and accurate diagnoses of acute disease states [70]. Mobile
phones also measure lifespace (an independent metric strongly
associated with clinically important healthcare outcomes)
[71,72] with high accuracy [73]. Ultimately, integrating these
approaches into a comprehensive patient care platform that
includes caregiver, decision making, and medication support
may lead to significant improvements in patient quality of life,
decreased healthcare spending, and improved care outcomes in
persons with chronic illnesses, such as Alzheimer’s disease.

Acknowledgments
This work was supported by the Alzheimer’s Association Everyday Technology for Alzheimer’s Care (ETAC) grant 11-206024
(CRH, AKS, SJB), R34MH100460-01 (EHG). The authors would like to thank Samsung USA (R Cha, C Sastry) for their technical
and material support, P Moffatt, RN, Jeanne Costello, RN, and Kelli Kubik, RN for their help enrolling participants with functional
limitations, and the UNMC EngAge program for their support enrolling functionally intact older adults. Study data were collected
and managed using REDCap electronic data capture tools hosted at UNMC. We thank Ran Klein for the blandaltman.m submission
to Mathworks Central. We thank William L Lyons, MD, Jane F Potter, MD, and Kenneth E Covinsky, MD for provocative
conversations discussing these study results. Most importantly, we thank our study participants for their generous gifts of time,
effort, and interest.

Conflicts of Interest
SJB, AKS, and EHG have received a patent regarding aspects of this technological approach (US Patent 9,106,718 B2; Lifespace
data collection from discrete areas).

Multimedia Appendix 1
Bland-Altman plots demonstrate that mobile phone-based measures of activity and gait are independent of functional measures
obtained from LLFDI, SAFFE, PROMIS PF, PH, and MH, and a physical performance battery. Matrix array depicting pairwise
interactions between different study metrics. Matrix divided into regions (depicted by grey lower case letter in background) that
group assay agreements for (a) all mobile-based metrics; (b) all LLFDI metrics; (c) all SAFFE metrics; (d) all PROMIS metrics;
(e) all physical performance battery metrics; (f) mobile phone and LLFDI metrics; (g) mobile phone and SAFFE metrics; (h)
mobile phone and PROMIS metrics; (i) mobile phone and physical performance battery metrics; (j) LLFDI and SAFFE metrics;
(k) LLFDI and PROMIS metrics; (l) LLFDI and physical performance battery metrics; (m) SAFFE and PROMIS metrics, (n)
SAFFE and physical performance battery metrics; and (o) PROMIS and physical performance battery metrics. Each plot is a
mean-difference (Bland-Altman) plot comparing the metric listed at the top of the column to the metric listed at the left of the
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row. In each plot, RPC denotes reproducibility coefficient, CV is the coefficient of variation, and dotted lines depict 1.96 standard
deviation from mean difference. Frail subjects denoted by red markers; functionally intact subjects denoted by blue markers.
Note that with the exception of the LLFDI overall and LLFDI basic comparison, and the PROMIS PF and PROMIS PH comparison,
none of the examined metrics appear to assess the same physical function constructs.
[PNG File, 6MB - mhealth_v5i10e104_app1.png ]

Multimedia Appendix 2
CONSORT checklist.
[PDF File (Adobe PDF File), 758KB - mhealth_v5i10e104_app2.pdf ]
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Abstract
Background: The benefits of vaccination have been comprehensively proven; however, disparities in coverage persist because
of poor health system management, limited resources, and parental knowledge and attitudes. Evidence suggests that health
interventions that engage local parties in communication strategies improve vaccination uptake. As mobile technology is widely
used to improve health communication, mobile health (mHealth) interventions might be used to increase coverage.
Objective: The aim of this study was to conduct a systematic review of the available literature on the use of mHealth to improve
vaccination in low- and middle-income countries with large numbers of unvaccinated children.
Methods: In February 2017, MEDLINE (Medical Literature Analysis and Retrieval System Online), Scopus, and Web of
Science, as well as three health organization websites—Communication Initiative Network, TechNet-21, and PATH—were
searched to identify mHealth intervention studies on vaccination uptake in 21 countries.
Results: Ten peer-reviewed studies and 11 studies from white or gray literature were included. Nine took place in India, three
in Pakistan, two each in Malawi and Nigeria, and one each in Bangladesh, Zambia, Zimbabwe, and Kenya. Ten peer-reviewed
studies and 7 white or gray studies demonstrated improved vaccination uptake after interventions, including appointment reminders,
mobile phone apps, and prerecorded messages.
Conclusions: Although the potential for mHealth interventions to improve vaccination coverage seems clear, the evidence for
such interventions is not. The dearth of studies in countries facing the greatest barriers to immunization impedes the prospects
for evidence-based policy and practice in these settings.
(JMIR Mhealth Uhealth 2017;5(10):e148) doi:10.2196/mhealth.7792
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Introduction
In 2005, the World Health Organization encouraged member
states to take action to incorporate eHealth in health systems
and services. The term electronic health (eHealth) refers to the
practice of supporting health care through information and
communication technologies; eHealth initiatives have been
recognized for their potential to strengthen health systems and
to improve access to care [1].
The subset of eHealth initiatives that make use of mobile phones
or any portable electronic devices with software applications
are often discussed using the term mobile health (mHealth).
Mobile technologies have been applied to a diverse range of
initiatives outlined in recent reviews of mHealth interventions
globally [2,3] and in low- and middle-income countries (LMIC)
[4]. Given that nearly 100% of the world’s population lives
within reach of a mobile phone signal, many regard mHealth
initiatives as particularly promising in LMIC, where other forms
of communication infrastructure are underdeveloped [4]. In
areas where phone ownership among the general population
remains relatively low, community health workers can be key
players in mHealth. Equipped with mobile phones, they can
efficiently and effectively disseminate information, such as
clinical updates, learning resources, and reminders, both to other
health workers and to patients [5,6].
Various mHealth interventions in LMIC have aimed to improve
vaccination uptake by increasing awareness of vaccine
availability and providing timely reminders of when they are
due. Vaccination averts approximately 2 to 3 million deaths
annually and can be highly cost-effective [7]. Disparities in
vaccine coverage persist because of limited resources, vaccines
stock outs, geographic inaccessibility and long wait times, and
poor health system management in general [8,9]. Additional
demand-side barriers relate to parental knowledge and attitudes,
fear of side effects, and conflicting priorities [9]. An estimated
18.7 million infants worldwide did not receive routine
vaccinations such as the DPT3 (diphtheria) vaccine in 2014,
and over 60% of these children live in just 10 LMIC. Evidence
suggests that top-down communication strategies are detrimental
to some vaccination drives in LMIC, whereas interpersonal
communication incorporating local leaders and networks and
utilizing a wide range of communication channels are more
successful [10]. As mobile technology is widely used to improve
health communication in general, mHealth interventions might
be used to improve vaccine coverage.
Although the potential for mHealth interventions to improve
vaccination coverage seems clear, the evidence for such
interventions is not. The global population of unvaccinated
children is highly concentrated in a small number of countries;
as a result, literature reviews of mobile technology for
immunization globally, or even of LMIC in general, may be of
limited relevance. To the best of our knowledge, there has been
no systematic overview of mHealth for immunization programs
in countries with the greatest need to improve vaccination
coverage. For this reason, the objective of this systematic review
was to summarize the outcomes and implementation challenges
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of mHealth for vaccination interventions, focusing on 21
countries with high proportions of unvaccinated children [11].

Methods
Data Sources and Search Strategy
This systematic review was conducted using a predefined
protocol and in accordance with the preferred reporting items
for systematic reviews and meta-analyses (PRISMA) and
meta-analysis of observational studies in epidemiology
(MOOSE) checklists (Multimedia Appendices 1 and ). A
literature review was conducted on February 23, 2017 (date last
searched) using MEDLINE (Medical Literature Analysis and
Retrieval System Online), Scopus, and Web of Science
databases. Gray and white literature was also identified on the
Communication Initiative Network, TechNet-21, and PATH
websites. Search terms were grouped into three categories: those
relating to vaccination, such as inoculation and immunization;
mHealth, for example, mobile phone or telemedicine; and
geographical location. No restrictions were placed on language.
Details of the search terms are located in Multimedia Appendix
3. Titles and then abstracts were searched, potentially relevant
papers were read, and those that did not meet the predefined
inclusion criteria were removed. The inclusion criteria specified
the country (Angola, Cambodia, Democratic Republic of the
Congo, Ethiopia, India, Indonesia, Iraq, Kenya, Mali, Malawi,
Nepal, Niger, Nigeria, Pakistan, the Philippines, Senegal, South
Africa, Tanzania, Uganda, Zambia, and Zimbabwe); any form
of mhealth (including mobile phone calls, phone apps, text
messages, Internet, and email); and an outcome pertaining to
vaccination (including uptake of vaccinations, attendance at
vaccination appointments, and completeness of vaccination
protocol for individuals or for regions). Reference lists of the
selected studies and relevant reviews were also searched for
additional publications.

Study Selection and Eligibility
Prospective interventional and observation studies that evaluated
mHealth interventions on any part of a vaccination program
were of interest if they were based in the relevant countries
listed previously. These countries were chosen, as they include
the 10 countries where more than 60% of children were
unvaccinated for the final dose of Diphtheria-tetanus-pertussis
vaccination as of 2014 [11], in addition to 11 countries that also
have low routine vaccination uptake where the authors identified
ongoing large-scale mHealth initiatives.

Data Extraction
Data were extracted by 4 authors and a predesigned data
abstraction form was used. Any conflicts over inclusion were
resolved by discussion. Relevant information included location,
age of participants, study design, numbers included in the study,
type of mobile phone intervention and frequency, duration of
the study, outcome measures, and results. Where multiple
publications from the same study were found, only the most
up-to-date or comprehensive information was extracted.
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Risk of Bias
The quality of peer-reviewed studies was rated for the risk of
bias. Randomized control trials (RCTs) were assessed using the
Cochrane Collaboration tool [12]. This tool considers seven
different scales: random sequence generation, allocation
concealment, blinding of participants and personnel, blinding
of outcome assessment, incomplete outcome data, selective
reporting, and other bias. Observational studies were evaluated
using the Newcastle-Ottawa Scale [13], which uses a star system
to assess three aspects: participant selection, comparability of
study groups, and ascertainment of outcomes. Studies that
received a score of nine stars were judged to be at low risk of
bias, studies that scored seven or eight stars were medium risk,
and those that scored six or less were at high risk.

Analysis
Descriptive summary tables were constructed to display the
results. Due to the small number and heterogeneity of studies
identified, it was not possible to either conduct a statistical
analysis of the results or assess publication bias through funnel
plots.
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Results
Studies Identified
The literature search identified 23,157 potentially relevant
citations. After screening titles and abstracts, 58 peer-reviewed
papers remained for further evaluation, and following detailed
assessment, a further 48 were excluded (Figure 1). The
remaining 10 unique papers, plus 11 studies from the gray and
white literature, were included within this review.

Characteristics of Included Studies
Of the 21 studies fulfilling the inclusion or exclusion criteria,
10 were peer-reviewed, of which 3 were RCTs. Tables 1 and 2
outline the key characteristics of studies included in this review,
and Table 3 summarizes geographical locations. The
interventions evaluated in these papers ranged from SMS
messages sent to families to remind and encourage them to take
their children to the health center for vaccinations, to using
mobile phones to record which settlements have been covered
by vaccination campaigns, to mobile phone apps helping health
workers to update and access relevant data to facilitate
vaccination campaigns.
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Figure 1. Flowchart for literature search.
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Table 1. Summary of relevant papers from peer-reviewed literature.
Lead author,
date

Location

Year
of
study

Age range or
mean age

Intervention

Bangure et al,
2015 [14]

Kadoma City,
Zimbabwe

2013

Median age of
mothers: 26 (intervention
group) and 27
(controls)

SMS reminders to
attend vaccination
appointments at 6,
10, and 14 weeks.

Outcome evaluated

Number of participants

Percentage of chil- 304 (152 interdren fully vaccinated vention and 152
with 3 doses of po- controls)
lio, pentavelent, and
SMS sent 7, 3, and pneumococcal vaccines at 6, 10, and
1 day before appointment. Control 14 weeks.
group received
Percentage delayed
routine health edu- in receiving the 3
cation only.
vaccines.

Results

Vaccination coverage
was greater in the intervention group (P<.001
for all): 6 weeks: 96.7%
(147/152) versus 82.2%
(125/152); 10 weeks:
96.1% (146/152) versus
80.3% (122/152); 14
weeks: 94.7% (144/152)
versus 75.0% (114/152).
Controls had a greater
delay in vaccination (%
delayed, median and interquartile range (IQR)
delay):
6 weeks: intervention:
7.2% (11/152), 0 days (00), control: 76.3%
(116/152), 2 days (0-6)
10 weeks: intervention:
13.2% (20/152), 0 days
(0-0), control: 82.9%
(126/152), 5 days (2-9)
14 weeks: intervention:
17.8% (27/152), 0 days
(0-0), control: 92.1%
(140/152), 10 days (617).

Brown et al,
2016 [15]

Ibadan, Nigeria

Uddin et al,
2016 [16]

Dhaka (urban) 2013and Sunam2014
gonj (rural),
Bangladesh
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20122013

Children aged
0-12 months

Parents were randomly allocated to
receive phone calls
about vaccination
2 days and 1 day
before the appointment, or usual care
(no reminder).

Routine vaccination 605 eligible
completion at 12
children
months (1 Bacillus
Calmette-Guérin
[BCG] dose, 4+ oral
polio vaccine doses,
3 diphtheria doses, 3
hepatitis B doses, 1
measles, and yellow
fever dose).

The intervention group
was 72% (relative risk
1.72, CI 1.50-1.98) (146
of 148 children in the intervention group vs 86 of
150 children in the control group) more likely to
complete vaccination
than controls who did not
receive calls.

Pregnant women, mothers
with children,
0-11 months

SMS reminders
sent to mothers
about upcoming
vaccination sessions 1 day before,
at opening
time, and 2
hours before closing time on the day
of the vaccination.

Full vaccination
2078 children
rates: 1 dose of
BCG; 3 doses of
pentavalent (Penta)
vaccine at 6, 10, and
14 weeks; and 1
dose of Measles,
Mumps, and Rubella
(MMR) vaccine at 9
months.

Odds ratio (OR) for being fully vaccinated in
rural areas: OR 3.6 (95%
CI 1.5-8.9).
OR for being fully vaccinated in urban areas: OR
2.3 (95% CI 1.1-5.5).
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Lead author,
date

Location

Year
of
study

Age range or
mean age

Garcia-Dia et
al, 2016 [17]

Bago City
area, Philippines

20132014

Crawford et al,
2014 [18]

Balaka District, Malawi

20112013

Intervention

Outcome evaluated

Number of participants

Results

Parents of chil- Participants were
dren aged 12-14 sent either a plain
months
text message
(SMS) or a text
message with pictures once 7-10
days before the
scheduled appointment date. Controls were given a
verbal reminder.

MMR vaccination
coverage rate

75 parents

Vaccination rates did not
differ between the
groups.

Mean age of
Health messages
child: 4 months (including vaccination reminders) delivered through
pushed SMS and
voice messages
sent to personal
phones and voice
messages retrieved
from a community
phone.

Delivery success
rates for the three
delivery methods

Timely vaccination
(difference between
scheduled date of
appointment visit
and actual date of
visit that the child
was brought in for
vaccination)

2611 caregivers
of children. A
total of 1137
User experience as- caregivers resessed by phone sur- sponded to the
vey: Acceptability, phone survey.
comprehension, and
self-reported behavior change.

Compared with verbal
reminders, text reminders
were associated with
well-timed vaccination
(difference between
scheduled date of appointment and actual date of
vaccination), average delay: 0.96 days for plain
text reminders, 2.72 days
for picture text reminders, and 20.64 days
for verbal reminders
(P=.07)
Choice of delivery system: retrieved voice messaging 63.35%
(1654/2611); Pushed
SMS 28.07% (733/2611);
Pushed voice message
8.58% (224/2611)
Delivery success: Pushed
SMS 64.10%
(13,053/20,363); Pushed
voice 53.81%
(1515/2815); Retrieved
voice 27.36%
(14,455/52,829).
Phone survey results:
22.6% (51/226) reported
not receiving any messages, most were pushed
voice enrollees.
98.9% (263/266) trusted
messages they received;
75.2% (200/266) recalled
last message. Pushed
SMS enrollees were
more likely to report intended or actual change
in behavior (91%, 87/96)
than pushed (56%,
17/30,) or retrieved
(65.7%, 92/140,) voice
enrollees; P=.01.
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Lead author,
date

Location

Kazi et al, 2014 Karachi, Pak[19]
istan

Wakadha et al,
2013 [20]

Oliver-Williams et al

Year
of
study

Age range or
mean age

20122013

Not given (NG) SMS messages
sent to caregivers
to monitor coverage of polio supplementary immunization activities
(SIAs):

30 villages
2011
within 5 km of
Ting’Wan’I
hospital in
Western
Kenya.

Mothers of children up to 4
weeks of age at
baseline

Intervention

Outcome evaluated

Number of participants

Proportion of caregivers who replied
to the SMS or follow-up phone calls.

Results

Across 7 districts, 5880 randomly sampled
caregivers of a
Estimates of vaccine child <5 years
coverage achieved
during polio SIAs
1. Did the vaccina- obtained through autor visit your
tomated SMS and
home?
currently used methods for estimating
2. Did [child] revaccine coverage, as
ceive polio vacutilized by the
cine?
World Health OrgaUS $0.20 of phone nization.
credit was given
for replying. Nonresponders were contacted via direct
phone calls.

Response rate: first SMS
22.99% (1352/5880);
second SMS 14.00%
(823/5880).

Reminder SMS
sent (3 days prior
and on day of vaccination) for 2 doses of pentavalent
vaccination. If the
child was vaccinated on time, the
mother was given
approximately US
$2. If the child was
not vaccinated, another reminder was
sent.

(1) First dose: 70%
(48/69) vaccinated at
Ting’wang’I, Hospital,
10% (7/69) at other hospitals. Second dose: 91%
(40/44) vaccinated at
TWI hospital, 5% (2/44)
at other hospitals.

(1) Percentage of
children vaccinated
at hospital or other
health facilities.
(2) Percentage who
did not receive
SMSs

72 mothers
(first dose: 69
sent SMS reminders, 3 not
sent, second
dose: 44 sent
SMS)

(3) Percentage with
mobile phone access
4) Follow-up at 14
weeks: influence of
financial reward on
vaccination

74.90% (4404/5880) of
participants did not respond to SMS messages,
of whom, 56.00%
(2466/4404) responded
to an investigator’s
phone calls. Those who
responded to calls had
similar levels of vaccine
coverage to those who
responded to SMSs.
Reasons given for not responding to SMS (of
caregivers who were
contactable by direct
phone call): “Too busy”
36.01% (888/2466); “Not
interested” 32.00%
(789/2466); “Unable to
read the message”
20.00% (493/2466).

(2) Of the 38% (27/72)
not sent SMS, 26%
(7/27) vaccinated at TWI,
19% (5/27) at other hospitals, 30% (8/27) not vaccinated, and 26% (7/27)
unknown.
(3) 26% (19/72) had their
own phone, and 74%
(53/72) had access to another person’s phone
(4) Forty-nine mothers
reported reminders influenced their decision to
vaccinate.

Touray et al,
2016 [21]

10 states in
2012northern Nige- 2015
ria
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NG

Global positioning
system–enabled
Android phones
were given to vaccination teams and
were used to
record team tracks.

Settlements covered NG
by vaccination teams
during polio campaigns

There was a reduction in
chronically missed settlements (those missed in
the last 3 campaigns):
2014—5833 settlements,
2015—1257 settlements.
There was an increase in
the number of missed
settlements: 2014—4142,
2015—7008.
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Lead author,
date

Location

Balakrishnan et Bihar, India
al, 2016 [22]

Oliver-Williams et al

Year
of
study

Age range or
mean age

Intervention

Outcome evaluated

20122014

NG

Mobile-based tool Received 1+ tetanus
for health workers vaccine
that registers when
vaccinations are
due and administered, creating
electronic records.

Number of participants

Results

512 frontline
workers, 19,888
children registered

Coverage in implementation area (95% CI):
79.38% (58.90-80.26)
(15,771 children vaccinated of 19,888 registered)
Coverage in implementation area in the previous
year (%): 74.12
Coverage in rest of Bihar
(%): 80

Mbabazi et al,
2015 [23]

Kenya: 8 dis- 2012
tricts of Nairobi and 3 from
Nyanza or
western
provinces

Children aged
9-59 months

A Web-enabled
mobile phone app
recording house
visits (3 days prior
and 4 days after
vaccination campaigns), vaccinations, and relaying
information to
campaign organizers.

Eleven initiatives were identified from gray and white literature;
eight took place in India, two in Pakistan, and one in Zambia.
Several programs involved more than one intervention, including
messages sent to parents to encourage their children to get
vaccinated, information about vaccination made freely accessible
via mobile phone, tools to identify unvaccinated children with
the health authority using SMS, data management tools for
health workers (such as electronic vaccination records and a
mobile phone app to track where vaccinations have been
administered and control supplies), and tools to help health
workers persuade hesitant families.

SMS Reminders for Vaccinations
Eight peer-reviewed studies reported the use of phone calls or
SMS reminders for vaccinations, two of which additionally
offered cash incentives. The three studies that did not offer cash
incentives included an RCT by Bangure et al [14] conducted in
Zimbabwe. SMS reminders were sent to parents (n=152) when
their baby was 6, 10, and 14 weeks old, in addition to routine
health education. The control group received health education
alone (n=152). At all three time points, the percentage of
children fully vaccinated with the relevant dose of polio,
pentavalent, and pneumococcal vaccines was significantly higher
in the intervention than the control group (<.001), and the delay
in receiving the vaccinations was significantly less in the
intervention than the control group (<.001). Another RCT by

http://mhealth.jmir.org/2017/10/e148/
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RenderX

Percentage of households aware of the
campaign before
start; Percentage
planning to vaccinate their children

164,643 houses
(161,695 children) pre campaign; 175,617
houses (180,493
children) post
Post campaign: Per- campaign
centage of households with children
vaccinated against
measles; Percentage
with a confirmed
vaccination.

56.00% (92,200/164,643)
of households had heard
about the campaign.
75.00%
(123,482/164,643) of
households planned to
bring their children for
vaccination.
96.00% (168,
592/175,617) of households reported children
having had a measles
vaccination post campaign, and 92.00%
(161,568/175,617) of
households had children
with a confirmed vaccination.

Brown et al [15] conducted in Nigeria identified increased
coverage rates relative to the usual care when receiving phone
call reminders 2 days and 1 day before a vaccination
appointment (Relative risk 1.72, 95% CI 1.50-1.98). Uddin et
al [16] similarly found that SMS reminders increased the odds
of vaccination uptake in both urban and rural areas; odds ratio
(OR) 2.3 (95% CI 1.1-5.5) and OR 3.6 (95% CI 1.5-8.9),
respectively. Garcia-Dia et al [17] assessed coverage rates in
an RCT in the Philippines after 75 parents were sent either a
plain text message (short service message, SMS), a text message
with pictures, or a verbal reminder. Although vaccination rates
did not differ by reminder, text reminders with and without a
picture were associated with a shorter delay in receiving the
vaccination than verbal reminders. Crawford et al [18] sent SMS
or voice messages to either the personal or community phone
of 2611 caregivers of children under the age of 1 year. Pushed
SMS messaging (where a message is sent to a phone’s
notification center or status bar) was the most successful mode
of delivery (64.10%, 13,053/20,363, of sent messages were
received). However, most women did not own a mobile phone,
so similar numbers of messages were delivered by retrieved
voicemail to community phones and pushed SMS to personal
phones. No control group was included, but the majority of
individuals who received messages trusted (98.8%; 263/266)
and could recall (72.2%; 200/277) those messages.
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Table 2. Summary of studies from white and gray literature.
Name of study or
source of participants

Location

Year of
study

Age
Intervention form Intervention pe- Outcome evaluat- Total number Results
range or
riod and regular- ed
of participants
mean age
ity of intervention

MIRA channel
[24]

Haryana,
India

2012-ongoing

Children

Integrated mobile Continuous
phone channel
with health information to women
and connecting
them with health
services.

Vaccination rates Not given
(NG)

Increase in vaccination rates by
41% (from 51%
to 92%, overall
rates in Haryana:
78%).

Mobile Kunji [25]

Bihar, India

20112015

NG

When a health
NG
worker dials the
number, they can
play a health
message—voiced
by a character
called Dr Anita,
an engaging but
authoritative female doctor—to
the family via
their mobile
phone.

Percentage of
NG
children unvaccinated, Percentage
of children (6-11
months) receiving DPT2 (diphtheria) vaccine,
Percentage of
children (<11
months) with a
vaccination card

Mobile Kunji
was not found to
significantly alter
vaccination uptake [26].

UNICEF, India’s
India
National Immunization Day [27]

19992000

Children

India’s national
Annually
telecom authority
agreed to replace
the ringtone with
a recorded message reminding
the public about
the date of the
National Immunization Day.

Number of chil- NG
dren vaccinated
for polio, Percentage of coverage
(2+ doses), Percentage of zero
doses, number of
polio cases

151 million children vaccinated,
98.6% coverage
(at least 2 doses),
0.7% of children
with zero doses,
265 cases of polio in 2000.

Mobilink [28,29]

Pakistan

20092012

Children

Subscribers to the
Mobilink mobile
operator will be
able to report areas and children
where the polio
vaccination teams
have not reached.
The respective
health authority
will then be in
contact to vaccinate the missed
children. Mobilink also sends
an SMS to create
awareness about
polio.

Aarogyam [30]

Uttar
Pradesh,
India

2008 onwards

Children
under 5
years

Health alerts are NG
sent to parents
about vaccination
through an SMS
and phone calls.
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Period: 1-3
NG
days, with >3
rounds for reporting unvaccinated children.

Vaccination coverage

NG

15,000 SMS messages about unvaccinated children were received during
February 15-17,
2010.

NG

Vaccination coverage has shown
a significant positive trend over
time. Polio,
Bacillus Calmette-Guérin
(BCG), measles,
and tetanus coverage has gone up
from approximately 60% in 2008 to
91% in 2010.
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Name of study or
source of participants

Location

Year of
study

Age
Intervention form Intervention pe- Outcome evaluat- Total number Results
range or
riod and regular- ed
of participants
mean age
ity of intervention

Khushi Baby [31]

Northern
India

2015

Infants

Electronic copy
Continuous
of the vaccination
record stored on
a necklace.
Health workers
scan the necklace
using an app on
their mobile
phone to transfer
vaccination data
to the necklace.
Data are also automatically uploaded to “the cloud.”
Parents get vaccination reminder
voice calls.

NG

mSakhi [32]

Uttar
Pradesh,
India

2011

NG

A mobile-based 4 months
interactive multimedia learning
app for health
workers.

Increase in
25 health visiknowledge in
tors
maternal-newborn care (including vaccination)

Qualitative data
indicated improved counseling during home
visits and increased credibility of health workers in the community.

HealthPhone [33]

India

2009-ongoing

Children

Video reference
library that covers vaccination
and SMS messages for those
who cannot access video.

Multiple health
NG
outcomes, including uptake of
vaccines

“After we put
HealthPhone into
the hands of village women...their health
and the health of
their children
dramatically improved.”

2012

Children
under 5
years

An app that alNo time limit,
lows health
continuous
works to track
where polio vaccinations have been
administered.

NG

21 million
children

NG

UNICEF, Zambian 28 districts 2009
Health Ministry,
in Zambia
two mobile phone
companies, Zain
and Mobile Telephone Networks
[35]

Children
under 5
years

SMS: “Your
NG
child can be
healthier! Take
your children under age five to
the nearest health
centre for free
vaccinations from
20-25 July.”

NG

NG

NG

Interactive ReKarachi,
search and Devel- Pakistan
opment’s (IRD) Interactive alerts
[36,37]

NG

Mobile
NG
phone–based vaccine registry system that uses
SMS reminders
to caregivers and
conditional cash
transfers to caregivers and health
workers.

Vaccination coverage and timeliness

14,000 infants Interim data analysis suggests improved immunization coverage and
timeliness; an impact evaluation
study is underway to assess this
more thoroughly.

Freedom Polio [34] India

http://mhealth.jmir.org/2017/10/e148/
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2012 onwards

No time limit,
continuous

NG

Pilot study is ongoing.
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Table 3. Geographical locations of the included studies.
Location

Number of studies included

Bangladesh

1

India

9

Kenya

2

Malawi

1

Nigeria

2

Pakistan

3

The Philippines

1

Zambia

1

Zimbabwe

1

Cash Incentives to Increase Vaccination Uptake
Two studies used cash incentives to increase vaccination uptake
while sending SMS reminders. Kazi et al [19] used SMS
messages sent to 5880 caregivers in Pakistan, along with a
conditional cash transfer in the form of approximately US $0.20
of phone credit, to monitor polio vaccination coverage. Response
rates to the SMS messages were low (74.90%, 4404/5880, of
participants did not respond). The initial nonresponders who
were followed up by phone call had similar rates of vaccination
uptake to those who responded to the SMS messages. Wakadha
et al [20] conducted a pilot study exploring the feasibility of
setting up an integrated mobile phone–based system to remind
and incentivize mothers (n=72) to vaccinate their children in
rural Kenya. Mothers received SMS reminders of vaccination
dates and conditional cash transfers of either mPESA (a
mobile-based money transfer service) credit or phone credit, if
the child was vaccinated within 4 weeks of the scheduled date.
The small sample size and lack of a comparison group meant
that it was not possible to draw conclusions about the program’s
effectiveness, but enrolled mothers reported mostly positive
experiences at the end of the study, and most mothers did have
access to a phone. Importantly, this study was limited by its
focus on a single facility. Caregivers who took children to
nearby facilities for vaccinations were recorded as unvaccinated
by the first facility and thereafter, were not sent additional SMS.

Mobile-Based Interactive Apps for Health Workers
Three studies used mobile-based interactive learning apps to
aid or track the progress of health workers in vaccination.
Touray et al [21] utilized the global positioning system of
Android phones to track where vaccination teams had been,
which helped reduce the number of settlements in northern

http://mhealth.jmir.org/2017/10/e148/
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RenderX

Nigeria that were not covered in the last three campaigns from
5833 in 2014 to 1257 in 2015. Balakrishnan et al [22] found no
improvement in coverage for tetanus when health workers used
a mobile phone tool that created electronic vaccination records
and registered when vaccination was due and administered.
Mbabazi et al [23] evaluated a mobile phone app used by health
workers that was designed to assess the awareness and intention
to take part in a measles vaccination campaign before the
campaign’s onset at house visits, as well as to evaluate the
uptake of the vaccinations after the campaign. Of the more than
150,000 households included in the survey, approximately half
were aware of the vaccination campaign, and once informed,
74.99% (123,482/164, 643) of households planned to bring their
children in for vaccination. After the campaign, 95.99%
(168,592/175,617) of households reported their child had
received a measles vaccination, and 92.00% (161, 568 of
175,617) had this independently confirmed. This intervention
was found to reduce misconceptions about vaccination, and the
use of the mobile phone app to assess uptake of vaccination
helped inform service delivery plans.

Risk of Bias
Of the 10 peer-reviewed studies, three studies did not evaluate
controls or individuals unexposed to the intervention, so it was
not possible to evaluate their risk of bias using the
Newcastle-Ottawa Scale or the Cochrane Collaboration tool. In
the eight studies that could be evaluated, the risk of selection
bias affecting the results was judged to be low for one RCT by
Bangure et al but with a higher risk of bias in the other two
RCTs (Table 4). The risk of bias in the observational studies
was also deemed to be high, with most of the concern regarding
the possibility of outcome bias and bias arising from a lack of
comparability (Table 5).
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Table 4. Assessment of bias in randomized controlled trials.
Paper

Risk of bias
Random sequence
generation

Allocation conceal- Blinding of particiment
pants and personnel

Blinding of outcome Incomplete outassessment
come data

Selective reporting

Other
bias

Bangure et al
[14]

Low

Low

Unclear

Unclear

Low

Low

Low

Brown et al
[15]

Low

Low

High

Medium

Low

Low

Low

Medium

High

Unclear

Low

Low

Low

Garcia-Dia et al Low
[17]

Table 5. Assessment of bias in observational cohort studies.

a

Paper

Selectiona

Comparabilityb

Outcome or exposurec

Uddin et al [16]

2

2

2

Wakadha et al [20]

4

0

1

Touray et al [21]

3

0

3

Balakrishnan et al [22]

2

0

1

Maximum score is 4.

b

Maximum score is 2.

c

Maximum score is 3.

Initiatives Identified From White and Gray Literature
Of the eleven initiatives identified, six showed some evidence
of impact on vaccination rates. Implementation of the MIRA
channel [24] (an integrated mobile phone channel providing
health information to women and connecting them with health
services) corresponded with a 41% increase in vaccination rates.
A program using the Mobile Kunji program [25,26] (in which
the health worker can play a health message to the family via
their mobile phone) recorded a 5% decrease in the percentage
of children (6-11 months) unvaccinated with the first diphtheria
vaccine and a 6% increase in children receiving the second
diphtheria vaccine. Another successful strategy included the
involvement of India’s national telecom authority who replaced
the dial tone on mobile phones with a recorded message that
reminded the public of National Immunization Day [27],
whereas the Mobilink mobile operator in Pakistan recorded
13,000 SMS messages about unvaccinated children during the
annual polio vaccination campaign in 2010 and circulated seven
million SMS reminders in 2009 [28,29]. Aarogyam [30] reported
improved vaccination uptake through the use of automatic voice
calls and SMS reminders sent to parents about vaccination
appointments, among other postnatal care.
Unfortunately, other initiatives did not provide quantitative
results. Some pilot studies are ongoing (Khushi Baby [31]), and
one provided qualitative evidence of improved knowledge [32].
No outcomes were found for three studies, one study used
educational videos accessible on mobile phones [33], another
looked at an app to track vaccinations [34], and two studies
used SMS vaccination reminders [35-37].
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Discussion
Overall, mHealth technology can and has been used to increase
vaccination uptake in LMIC, but the quality of the evidence is
limited, and further research is needed to better quantify its
potential impact and to determine the most effective strategies.

Evidence That mHealth Interventions Can be Effective
in Increasing Vaccination Uptake
The literature reviewed indicates that mobile technology can
be used in a variety of ways to improve vaccination uptake.
Although most studies lacked comparison groups, the results
broadly suggest an improved uptake of vaccinations with mobile
phone–based interventions.
SMS reminders for vaccination appointments were found to
increase uptake and reduce delays in receiving vaccinations in
Zimbabwe [14]. In Kenya, mothers who received SMS
reminders about vaccination appointments reported mostly
positive experiences [23]. A decrease in the percentage of
unvaccinated children and an increase in the number of children
with a vaccination card were found when health care workers
used their mobile phones to play a prerecorded message to
families. Furthermore, a 41% increase in vaccination rates was
observed in rural India after the introduction of an integrated
mobile channel providing health information and connecting
mothers with health services [24].
However, some studies reported no improvement upon
intervention. A study from Pakistan found low response rates
to SMS messages about vaccinations, even when a financial
reward was attached [19].
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Challenges in the Use of mHealth Interventions to
Increase Vaccination Uptake
The studies we reviewed, as well as the related research that
these studies cited to explain the design of their interventions,
raise a number of challenges that can impede the integration of
mobile phones into vaccination programs. Several of these
studies discuss rates of phone ownership in their particular areas
of intervention, including how these differ among men and
women (Crawford et al, Uddin et al, and Kazi et al). In LMIC,
generally, women are 21% less likely to own a mobile phone
than men (increasing to 37% in Asia) [38]. As women are the
primary caregivers to children, this may impact mHealth
vaccination interventions. Furthermore, two-thirds of illiterate
adults are women [39], which can further reduce the
effectiveness of SMS messages. In households where the father
owns the mobile phone, it is imperative that the father is engaged
in the project, as exemplified in the study by Wakadha et al
[20], where in a few cases husbands did not approve of the
study.
Frequent exposure to SMS messages can result in the
effectiveness of the message being weakened; in a different
setting, Strandbygaard et al found that participants stopped
reading reminder messages after a few weeks [40]. Therefore,
the effectiveness of messages of different length and over time
needs to be assessed when sending SMSs.
Developing the appropriate infrastructure [9] and ensuring
adequate resources are available is important. Weaknesses in
other areas of the health system may render mHealth
interventions aiming to increase demand for services
meaningless: mHealth can improve access to vaccines only as
long as they remain consistently available from health centers
[9]. Additionally, increasing demand for vaccination can have
unintended consequences. One study reported that extensive
and comprehensive communication campaigns for 15 new
vaccines led to greater demand for vaccination in a number of
LMIC. However, high demand resulted in vaccine shortages,
which later thwarted the increased demand [41]. For this reason,
policy makers and implementers of mHealth interventions to
improve vaccination programs should be aware that eHealth
interventions in general [42], and mHealth interventions in
particular [6,43] are deeply complex and context-dependent.

Oliver-Williams et al
on process validation, including recruitment type, response rate,
and retention rate; and (4) no control groups. These limitations
make the conclusions of the observational studies less secure.
Given the potential of mHealth, RCTs in LMIC to determine
the efficacy of using mHealth for vaccinations are needed.
It is clear that there are a number of gaps in the literature
concerning this topic in the countries of interest. Relatively
more compelling evidence exists for mHealth interventions
addressing demand-side barriers to service uptake, whereas
fewer evaluated interventions aim to boost immunization by
strengthening health systems through data management, decision
support, or provider training and education. This is a notable
gap because reviews of why children go unvaccinated document
not only highlight gaps in household knowledge and attitudes
but also issues related to poor service quality and accessibility
[8,9]. Moreover, there is reason to believe that this gap can be
addressed because outside immunization programs, mHealth
interventions have been widely used as strengthening tools for
health systems [4]. For example, given that a study on stock
tracking of malaria medications in Tanzania showed a 52%
reduction in medication stock-outs within 21 weeks of the
induction of weekly SMS requesting stock counts [44], there is
a precedent for the integration of mHealth into vaccination stock
control.

Conclusions
There is reason to be optimistic regarding the potential for
mobile phones to increase vaccination coverage in LMIC.
Mobile technologies are flexible and widely available tools that
can be utilized in myriad ways. This review provides evidence
of potential effectiveness for SMS reminders to families
regarding vaccination, as well as for educational tools for health
workers.

Limitations, Opportunities, and Need for Further
Research

However, the research is preliminary and limited. Further
research is needed to determine the most effective mHealth
interventions and to refine their use, for example, clarifying the
optimal schedule of reminders for programs using SMS
reminders of vaccination appointments. It will also be necessary
to evaluate different mHealth interventions against each other,
and against other potential programs, to examine their
comparative cost-effectiveness at increasing vaccination
coverage. mHealth interventions addressing vaccination
stock-outs, cold storage, or other health systems strengthening
challenges merit further study.

Of the literature reviewed, the included studies were
predominantly observational studies that appraised process and
usage output. These had various methodological limitations
such as (1) sample selection based on convenience, without
randomization; (2) small sample sizes; (3) lack of information

Overall, there is preliminary evidence to support the use of
mHealth technology to increase vaccination coverage in LMIC.
However, further research is needed to guide and improve the
use of these technologies in the future and to strengthen the case
for their cost-effectiveness.
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Abstract
Hackathons are intense, short, collaborative events focusing on solving real world problems through interdisciplinary teams. This
is a report of the mHealth hackathon hosted by Khon Kaen University in collaboration with MIT Sana and faculty members from
Harvard Medical School with the aim to improve health care delivery in the Northeast region of Thailand. Key health challenges,
such as improving population health literacy, tracking disease trajectory and outcomes among rural communities, and supporting
the workflow of overburdened frontline providers, were addressed using mHealth. Many modifications from the usual format of
hackathon were made to tailor the event to the local context and culture, such as the process of recruiting participants and how
teams were matched and formed. These modifications serve as good learning points for hosting future hackathons. There are also
many lessons learned about how to achieve a fruitful collaboration despite cultural barriers, how to best provide mentorship to
the participants, how to instill in the participants a sense of mission, and how to match the participants in a fair and efficient
manner. This event showcases how interdisciplinary collaboration can produce results that are unattainable by any discipline
alone and demonstrates that innovations are the fruits of collective wisdom of people from different fields of expertise who work
together toward the same goals.
(JMIR Mhealth Uhealth 2017;5(10):e155) doi:10.2196/mhealth.8259
KEYWORDS
hackathon; mHealth; interdisciplinary collaboration

Introduction
Khon Kaen University and its Role in the Health Care
of Northeast Thailand
Health care for the population of Thailand is covered under a
universal coverage scheme subsidized by the government [1].
Every citizen is entitled to free health care accessed by first
visiting a local primary health center. Patients requiring more
http://mhealth.jmir.org/2017/10/e155/
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advanced capabilities are referred to more sophisticated
facilities. In this system, university-based health centers serve
as the pinnacle of advanced care and are the ultimate referral
destinations for patients with complex diseases and conditions.
Khon Kaen University (KKU) serves as the apex of health care
and advanced training in health sciences for northeast Thailand.
As there is a diverse array of health problems specific to each
region, KKU is positioned at the frontline of research on issues
unique to the northeast, such as melioidosis [2] and
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cholangiocarcinoma [3]. In addition, KKU also is an emerging
leader in education in health and computer technology. The
university offers advanced training in both areas. The Health
Science Faculties comprises the Faculty of Medicine, Faculty
of Dentistry, Faculty of Nursing, Faculty of Pharmaceutical
Sciences, Faculty of Associated Medical Sciences, Faculty of
Veterinary Medicine, and Faculty of Public Health. Training in
computer technology is led by the Faculty of Engineering and
Faculty of Science, with the former focusing more on hardware
and the latter focusing more on software.
Building research and innovation via interdisciplinary
collaboration is a key element of the mission of KKU. Despite
the encouragement of the university leadership, there have not
been many significant successful collaborations around health
care and technology. One of the barriers was finding the
opportunity to bring together individuals from the different
disciplines to address key health challenges, such as improving
population health literacy, tracking disease trajectory and
outcomes among rural communities, and supporting the
workflow of overburdened frontline providers. The prospect of
developing and implementing a health care hackathon created

Pathanasethpong et al
a valuable opportunity to achieve this goal. In addition to
providing this opportunity, the Harvard–Massachusetts Institute
of Technology (MIT) Division of Health Science and
Technology (HST) Sana team provided the experience and
knowledge to conduct a hackathon, opening the door to new
innovations and collaboration.

MIT Sana and Hackathons
Hackathons are intense, short, collaborative events focused on
creating innovative solutions for pressing problems [4,5]. Over
the last 3 years, the Laboratory for Computational Physiology
(LCP) at HST, which hosts Sana, has organized more than a
dozen of these events to imagine new ways technology can
address critical health care challenges and develop local capacity
that is fully supported by global networks.
Sana is a global consortium of academic partners with an interest
in leveraging mobile health technology (mHealth) to improve
health care delivery in resource-constrained settings. The
hackathons have brought together students and professionals
from different disciplines such as engineering, computer science,
medicine, social service, public health, and business to design
and develop mHealth applications.

Table 1. Health hackathons organized by the Massachusetts Institute of Technology Laboratory for Computational Physiology.
Date

Event

Location

July

Health Data Workshops

Cebu, Philippines

July

Health Datathon

Singapore

June

Mobile Health Hackathon

Mexico City, Mexico

May

Health Datathon

Sao Paulo, Brazil

April

Hacking Discrimination Hackathon

MITa

March

Health Datathon

Melbourne, Australia

January

Mobile Health Hackathon

Khon Kaen, Thailand

December

Health Datathon

London, United Kingdom

October

Health Datathon

Beijing, China

September

Internet of Things Hackathon

Taipei, Taiwan

August

Hacking Mobile Health Hackathons

MIT

January

Mobile Health Hackathon

Mexico City, Mexico

October

Mobile Health Hackathon

Thessaloniki, Greece

September

Health Datathon

MIT and London, United Kingdom

July

Mobile Health Hackathon

Kampala, Uganda

June

Mobile Health Hackathon

Popayan, Colombia

September

Health Datathon

MIT, London, United Kingdom, and Paris, France

January

Health Datathon

MIT

2017

2016

2015

2014

a

MIT: Massachusetts Institute of Technology.
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Methods
Implementation of Khon Kaen University mHealth
Hackathon
As an academic institution, KKU decided that the event should
benefit both society and the university’s internal stakeholders
(university missions, faculty members, and students). With this
guiding principle, the goals of the event were as follows:
•
•
•
•
•

Solve public health issues in the northeast and Thailand
using mHealth
Promote collaborations between faculty members
Provide participants with a learning opportunity that is
hands-on and interdisciplinary
Provide participants with international exposure and
collaboration
Foster research and innovation

The organizational process and structure of the event addressed
these goals, along with incorporating modifications to recognize
Thai culture.

Team Size and Composition
The KKU hackathon differed significantly from other
hackathons in the participant recruitment and selection process.
Instead of having participants joining individually, the
organizing committee decided to form teams from health
sciences and computer technology ahead of the event and match
and merge the teams at the beginning of the event. Because
assertiveness and outspokenness are not the norm for Thai
people [6], this approach was aimed at reducing the stress of
getting acquainted within a short amount of time and forming
impromptu teams.
As the optimal team size for software development is suggested
to be 7 individuals [7], the organizers decided that each team
would have 2 to 3 members from health care, 2 members from
computer technology, and 2 members from other related
disciplines such as design and business.

Recruiting Health Science Teams

Pathanasethpong et al
activities were moved to the top of the candidate list. Finally,
candidates answered a short online exam and underwent an
interview process. Based on student academic records, training,
and the interview, the Department of Computer Science, Faculty
of Science, and the Department of Computer Engineering,
Faculty of Engineering, each selected 20 candidates.
The 40 candidates were then merged into 20 teams, each with
one computer science student and one computer engineering
student. Each pair was allowed to recruit 2 additional members
from other related disciplines to complete a team of 4 members.

Matching the Teams from Health Care and Computer
Technology
The organizing committee felt it was essential that the health
care and engineering teams have the opportunity to find their
best match, given that each project and team had specific needs
and capabilities. In order to accomplish this, the organizing
committee came up with an innovative approach: using a
speed-dating format [8] for team introduction followed by using
the US National Resident Matching Program algorithm [9] to
match teams. The main goals were to allow the teams to get
acquainted in a short time and match them efficiently and fairly.
To mimic the speed-dating formatting, we set up a circle of 20
tables and asked each health care team to stay inside the circle
and remain stationary at its assigned table. The computer
technology teams lined up outside the circles. The teams had 3
minutes to talk to each other and 30 seconds to reflect on the
conversation. When the time was up, each computer technology
team moved to the next table and the process began anew until
every team had met all teams from the other group. Each team
then ranked up to 10 teams from the other group based on its
levels of preference. The rankings from all 40 teams were
collected, and 2 members of the organizing committee manually
applied the algorithm to match the teams. A total of 18 pairs
were matched with the algorithm, and 2 pairs that could not be
matched were matched with a coin toss.

Results

Each of the Health Science Faculties was allocated a number
of teams based on its size and readiness. Each faculty was tasked
with recruiting teams with the conditions that each team bring
with it a specific and distinct health problem to be solved with
mHealth technology and at least one health professional from
the team be continually present during hack days.

Bootcamp

Selection of teams was done internally by the leadership of each
faculty, as it was felt they knew best about its disciplines and
internal characteristics. The organizing committee accepted all
teams that had been selected by their faculties.

To provide content to a diverse audience, general topics relevant
to all participants were covered in the mornings. In the
afternoons, a variety of workshops was provided for participants
to choose from, each addressing specific skills and/or subject
matters. All lectures were given in English, with opportunities
to ask questions in Thai. The language of each workshop was
determined by its instructors.

Recruiting Computer Technology Teams
The Department of Computer Science and Department of
Computer Engineering announced recruitment for the event in
their respective departments. Initially, 35 students from
computer science and 53 students from computer engineering
were interested in joining the hackathon. Interested students
progressed through a series of training activities that would
prepare them for the event. Students who regularly attended the
http://mhealth.jmir.org/2017/10/e155/
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RenderX

Prior to the actual hackathon, a 2-day bootcamp was conducted.
The purpose of the bootcamp was to introduce key concepts on
designing mHealth innovations and methods of collaboration
between clinicians and engineers, as well as address how to
implement and evaluate mHealth solutions.

Hack Days
Participants were given 48 hours of hack time to complete their
projects and submit their presentation. It was not required to
have a fully developed, functioning app by presentation day.
Instead, the requirements were for the teams to design products
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that would showcase their ideas and also show that a minimum
viable product is feasible.
All teams were housed in the main hall of the KKU central
library, with each having its own working station, network
sockets, and power outlets. Participants brought their own
electronic equipment. There was a team from KKU and mentors
to help with miscellaneous requests from the participants.
Refreshments were provided throughout the event.
There were both Thai and international mentors. In total, there
were 4 mentors from MIT, 2 from Harvard Medical School
(HMS), 1 from University of Waterloo, and 16 from KKU.

Mentoring was provided throughout the hackathon and during
scheduled mentor rounds. There was a board on which
participants could write their problems. Mentors would
periodically check the board and offer help if the posted
problems were within their fields of expertise.
There were also mentor rounds and meetings throughout the
event. During rounds, groups of mentors roamed the event hall
to check the teams’ progress and provide answers to problems.
In addition, each team also had 2 scheduled mentor meetings
in a private room, during which it reported its progress to a
panel of mentors.

Table 2. Schedule of bootcamp and hack days.
Date

Time

Activity

January 9, 2017

9:00-9:30 AM

Introduction and opening ceremony

9:30-10:15 AM

Solving the Problems of Health Care

10:30-11:15 AM

Design Thinking in Global Health Informatics

11:15 AM-12:00 PM

Bridging the Divide Between Information Technology Developers and Clinicians

1:00-1:45 PM

Asia eHealth Information Network

1:45-3:15 PM

Workshops in breakout rooms

9:00 -9:45 AM

The Formula for Good Health

9:45-10:30 AM

Bringing eHealth Solutions to Market

11:00 AM-12:00 PM

Creating a Culture of Entrepreneurship

1:00-2:30 PM

Workshops in breakout rooms

2:30-4:00 PM

Team introduction and matching

8:30 AM onward

Full day of hackathon

January 10, 2017

January 11, 2017
January 12, 2017
January 13, 2017

Full day of hackathon
8:30 AM

Deadline for submitting presentations

8:40-11:20 AM

Team presentation

11:20-11:40 AM

Deliberation of winners

11:40 AM-12:00 PM

Award ceremonies and closing of event

Judging
There were 3 judges from the MIT Sana team, 2 judges from
KKU, and 2 judges from Thai public health organizations. The
main judging criteria were innovativeness, feasibility, and value
of the projects. The winning team created a mobile app to
optimize the logistics of moving patients around in a hospital.
The first runner-up built a mobile app to incentivize blood
donation and make the process more convenient for donors.
The second runner-up tackled a mobile app that would allow
patients on continuous peritoneal dialysis to collect data and
better communicate with their caregivers.

Handling of Intellectual Properties
All participants ceded their rights over the creations to KKU
under an agreement. With this agreement, KKU would be the
sole entity overseeing commercialization of the products, with
potential revenues to be shared between KKU and the teams.
Having KKU as the sole owner of intellectual property would
facilitate administrative processes regarding the projects.
http://mhealth.jmir.org/2017/10/e155/
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One of the goals was to benefit the public as much as possible.
To strike the right balance, KKU released all ideas and products
from the event to the public under Creative Commons License
Attribution-NonCommercial 4.0 International [10]. With this
license, the public would be able to further develop the ideas
and products, as long as such ventures are noncommercial.

Discussion
Building a Fruitful Collaboration
The interest, hands-on engagement, and strong support of the
leadership in each of the academic departments and
administration at KKU were key factors contributing to the
success of the KKU mHealth hackathon. From the beginning,
this level of support allowed the KKU faculty members to have
the time and resources necessary for planning and organizing
the event, along with building enthusiasm and participation
from the entire university.
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There were other important elements that supported the
hackathon along with laying the foundation for ongoing
collaboration between KKU and the HMS-MIT teams. These
included commitment, flexibility, respect for culture and local
practices, and willingness to understand each other’s needs. For
example, the KKU members needed to learn about the details
of organizing and conducting a health care hackathon, while
the HMS-MIT Sana members needed to learn about Thai health
care and educational systems.
Detailed planning and careful implementation were 2 other
critical elements of the successful hackathon. Use of Web-based
document-sharing and Internet conference calling were critical
for communication. Three KKU faculty members also had the
benefit of attending an MIT Sana hackathon in Taipei, Taiwan,
4 months prior to the KKU hackathon.

Mentoring for Success
One strength of this event compared to prior hackathons was
the relatively large number of mentors. With staff members
from multiple departments at KKU and a large contingent of
visiting mentors from the HMS-MIT Sana team, we were able
to provide a diverse and large group of clinicians, engineers,
and social and data scientists as mentors. There were 25 mentors
in total for 20 hackathon teams.
While the diverse perspectives were certainly useful, the
increasing numbers provided new challenges. We structured
the mentors into small groups comprised of both Thai and
international mentors. These small groups roamed the event
space answering questions and reviewing the progress of the
teams in order to help ensure that specific questions were
answered in a timely fashion. Teams submitted questions on a
request board and mentors with the appropriate expertise
responded to the teams.
As the event continued, we realized that this large group of
mentors required a more structured mechanism for tracking
suggestions and feedback. We wanted to strike an appropriate
balance between oversight and allowing teams the space to work
on their own. To this end we trialed the use of a paper log at
each group’s table so that mentoring teams would be able to
record basic notes on their interactions with a project group.
This enabled the next mentoring team to identify whether issues
had already been addressed and whether the team had recently
received (potentially conflicting) advice from other mentors.
Unfortunately, given the impromptu addition of this system, it
was not adopted across all mentoring groups. We look forward
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to implementing a better system of tracking the mentor/team
interactions in the future and have begun brainstorming digital
solutions that might be less cumbersome than paper logs.

Cultural Awareness
Unlike most hackathons where participants form teams at the
beginning of the event without much of a system, we decided
to be more structured with team composition. An open format
could be intimidating and disorienting to inexperienced
participants, and it might lead to groups without a good mix of
expertise and skills. Considering that the hackathon is a novel
concept for Thailand, we believe that this decision was a correct
one and that it was crucial to the success of the event.

A Sense of Mission
Each team tackled a unique health issue—no 2 teams worked
on the same problem. It was also required that at least 1 health
care professional be present at all times during hack days to
provide prompt feedback to the computer technology team. We
believe that these 2 elements greatly contributed to the event,
as they made the teams feel invested in their projects.

Efficient and Fair Matching
We also believe that using the speed-dating format and the US
resident matching algorithm allowed for an informed, efficient,
and fair matching process. Each team had a chance to learn
about all teams from the other group before deciding which
teams they preferred. The time it took for this process (including
orientation) was only 75 minutes. And because each team was
allowed to populate its own preference list before having a
well-established algorithm impartially applied to it, satisfaction
in the process was high.

Conclusion
Innovations in every discipline are the product of people coming
together, typically with different perspectives but shared goals.
Great accomplishments are seldom the work of a single
individual, and yet we still focus on individual learning in
schools, at the workplace, and in life. The hackathon provided
a platform for the participants to teach and learn from each
other. Although mentors provided the episodic one-to-many
model of teaching, we observed continuous many-to-many
model of learning throughout the event. We witnessed firsthand
how a sense of mission and a feeling of trust within each group
were critical to its success during the hackathon. None of us is
as smart as all of us.
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Abstract
Background: Given the protracted nature of the crisis in Syria, the large noncommunicable disease (NCD) caseload of Syrian
refugees and host Lebanese, and the high costs of providing NCD care, the implications for Lebanon’s health system are vast.
Objective: The aim of this study was to evaluate the effectiveness of treatment guidelines and a mobile health (mHealth) app
on quality of care and health outcomes in primary care settings in Lebanon.
Methods: A longitudinal cohort study was implemented from January 2015 to August 2016 to evaluate the effectiveness of
treatment guidelines and an mHealth app on quality of care and health outcomes for Syrian and Lebanese patients in Lebanese
primary health care (PHC) facilities.
Results: Compared with baseline record extraction, recording of blood pressure (BP) readings (−11.4%, P<.001) and blood
sugar measurements (−6.9%, P=.03) significantly decreased following the implementation of treatment guidelines. Recording of
BP readings also decreased after the mHealth phase as compared with baseline (−8.4%, P=.001); however, recording of body
mass index (BMI) reporting increased at the end of the mHealth phase from baseline (8.1%, P<.001) and the guidelines phase
(7.7%, P<.001). There were a great proportion of patients for whom blood sugar, BP, weight, height, and BMI were recorded
using the tablet compared with in paper records; however, only differences in BMI were statistically significant (31.6% higher
in app data as compared with paper records; P<.001). Data extracted from the mHealth app showed that a higher proportion of
providers offered lifestyle counseling compared with the counseling reported in patients’ paper records (health diet counseling;
77.3% in app data vs 8.8% in paper records, P<.001 and physical activity counseling and 59.7% in app vs 7.1% in paper records,
P<.001). There were statistically significant increases in all four measures of patient-provider interaction across study phases.
Provider inquiry of medical history increased by 16.6% from baseline following guideline implementation and by 28.2% from
baseline to mHealth implementation (P<.001). From baseline, patient report of provider inquiry regarding medication complications
increased in the guidelines and mHealth phases by 12.9% and 59.6%, respectively, (P<.001). The proportion of patients reporting
that providers asked other questions relevant to their illness increased from baseline through guidelines implementation by 27.8%
and to mHealth implementation by 66.3% (P<.001). Follow-up scheduling increased from baseline to the guidelines phase by
20.6% and the mHealth phase by 39.8% (P<.001).
Conclusions: Results from this study of an mHealth app in 10 PHC facilities in Lebanon indicate that the app has potential to
improve adherence to guidelines and quality of care. Further studies are necessary to determine the effects of patient-controlled
health record apps on provider adherence to treatment guidelines, as well as patients’ long-term medication and treatment adherence
and disease control.
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Introduction
An estimated 4.8 million Syrians have fled the conflict to
neighboring countries and are registered or awaiting registration
with the United Nations High Commissioner for Refugees
(UNHCR), in addition to a population of unregistered refugees
unknown in number [1]. As of January 2017, over one million
Syrian refugees were registered with UNHCR in Lebanon [1].
With an estimated 183 refugees per 1000 inhabitants at the end
of 2015, Lebanon hosts the highest ratio of refugees-to-host
population worldwide [2]. The humanitarian response in
Lebanon is coordinated through an interagency mechanism
established by UNHCR and the Lebanese government,
integrating refugee assistance into existing clinics. Delivery of
health services for Syrian refugees is based on a primary health
care (PHC) strategy. Syrian refugees can utilize primary health
care services paying subsidized rates at designated existing
primary health care centers and primary level facilities across
Lebanon, unless they choose to seek care at private clinics [3,4].
Delivery of noncommunicable disease (NCD) treatment for
Syrian refugees and vulnerable Lebanese not seeking care in
the private sector is based on routine care in primary health
facilities with referral to secondary and tertiary care for specialist
management.
Both Lebanese and Syrian populations are in the late stages of
the epidemiologic transition from communicable, maternal,
neonatal, and nutritional conditions to NCDs. In Lebanon, both
the host community and refugee populations suffer from high
NCD burdens [5,6]. Type 2 diabetes prevalence has been
estimated at 7.4% in Syria and 14.4% in Lebanon [7]. Previous
reports have estimated regional prevalence of hypertension at
29.5% in Syria and for Lebanon variously at 24.9% and 28.8%
[8-10]. Ischemic heart disease and stroke, for which
hypertension and diabetes have substantially increased risk, are
the leading causes of death in Lebanon and aside from
conflict-related death, in Syria as well [11,12]. Moreover, based
on the 2012 age-specific mortality risks throughout their
lifetime, the probability of an individual aged between 30 and
70 years dying from cancer, cardiovascular disease, chronic
respiratory disease, or diabetes is 12% in Lebanon and 19% in
Syria; figures matched only by risks of conflict-related death
in Syria [11,12]. Management of NCDs can be difficult and
requires continuity of care, which is difficult for refugees and
poses challenges to health services and systems. The burden
placed on Lebanon’s highly fragmented and privatized health
system by refugee influx is immense though not unique in the
new global displacement environment [13]. Increasingly,
displaced populations are urban and from low- and
middle-income countries where NCDs constitute a significant
burden of disease. Not only the numbers but also the complexity
of conditions pose challenges to health systems addressing the
needs of both refugee and hosts with NCDs. The practice pattern
in which persons with even mild hypertension are seen by
http://mhealth.jmir.org/2017/10/e158/
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cardiologists and persons with well-controlled mild diabetes
consult endocrinologists rather than primary care physicians
increases the complexity and costs of care. Limited resource
availability has prioritized care to PHC conditions, limiting
more expensive specialist care [3,14,15]. We undertook a study
to evaluate the effectiveness of treatment guidelines and an
mHealth app on quality of care and health outcomes in primary
care settings.

Methods
Study Design
A longitudinal cohort study was implemented from January
2015 to August 2016 in primary health facilities in Lebanon
that serve both Syrian refugees and Lebanese. Its two research
aims were (1) to develop, adapt, and test existing standards and
guidelines for treatment, including counseling, of persons with
hypertension and type 2 diabetes (or both) and (2) to evaluate
the effectiveness of an mHealth tool. Standard best-practice
guidelines were adapted to the local context using national
protocols, prescribing practices, and the primary care context
where they would be applied. [16-18]. Providers were
subsequently trained on guidelines and provided with written
materials to support clinical decision making. The mHealth app
included a personally controlled health record (PCHR),
informational printouts for patients on prescriptions, and lifestyle
behaviors and served as an electronic medical record and
decision support tool for providers. If patients move locations
without their medical records, key diagnostic and treatment
elements are available from the patient’s cell phone subscriber
identity module card, which constitutes the PCHR. The mHealth
tool has the potential to improve quality and continuity of care,
health literacy, mobility of medical records, and health outcomes
for patients. Providers were trained in use of the app, and support
was provided to health facilities for its implementation [19].
The study used a phased introduction of the two interventions
over 20 months with longitudinal measurement of outcomes.

Study Participants
Participants consisted of patients at 10 health care centers in
Lebanon supported by the International Organization for
Migration or the International Medical Corps in the South (n=3),
Bekaa (n=3), and Beirut and Mount Lebanon (n=4) governorates
(Figure 1). Patients at these locations were predominantly
Lebanese and Syrian refugees. Individuals without a diagnosis
of hypertension or type 2 diabetes, those aged less than 40 years,
and adults lacking capacity to independently participate in
interviews were excluded.
A total of 1020 participants were enrolled and 793 (77.75%)
completed the study. Sample size calculations were based on
the estimated proportion of providers adhering to treatment
guidelines, with an assumed baseline rate of 50% for adherence
to guidelines (the most conservative rate that would ensure the
ability to detect significant differences from all other rates).
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e158 | p.79
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This is a reasonable assumption given that proposed guidelines
did not differ substantially from other best practice guidelines;
thus, patients being enrolled at baseline could already be on
recommended treatment. Sample size calculations were
performed using Stata 13 (StataCorp LLC), assumed alpha=.05
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and beta=.20 (power=0.80), and were one-sided based on the
assumption that quality of care will not decrease because of the
intervention. The final sample of 793 participants was sufficient
to detect increases ≥5.0% for provider adherence to guidelines.

Figure 1. Participating primary health centers.

Study Procedures and Outcome Measures
This study was designed using a mixed-methods approach with
qualitative and quantitative data collected throughout. Patients
were recruited at clinics, and if they indicated willingness to
participate, a follow-up phone call was made. This verified
consent, and a baseline interview collected information on
demographic characteristics; medical history and recent
care-seeking behaviors; and knowledge, attitudes, and practices
related to type 2 diabetes and hypertension. Following
enrollment, medical record reviews were also conducted for
each patient, recording information related to provider
compliance with guidelines and quality of care. Additional
information was collected on frequency of clinic visits, patient
status (death and loss to follow-up), and disease-specific patient
outcomes (complications and adverse events of hypertension
and type 2 diabetes). Data from phone interviews and record
reviews were collected at the end of each study phase (guidelines
and mHealth). In addition, a subset of patients visiting study
facilities during the course of the study were telephoned within
10 days of their visit to complete a brief exit interview.

Patient-Provider Interaction
The quality of patient-provider clinical interactions was assessed
based on patient reports from exit interviews conducted during
each study phase with a subset of patients that visited a study
facility. As with clinical measurements, data from the PCHR
was used to compare patient report of clinical interactions with
that reported by providers in the app. Interactions were evaluated
based on four key indicators of providers’ compliance with
treatment guidelines: (1) provider inquiry of medical history,
(2) query about complications with prescribed medication, (3)
prompting for questions from the patient, and (4) recommending
follow-up or referral care. Additionally, clinical interactions
were evaluated based on report of lifestyle counseling on
smoking, alcohol consumption, physical activity, and dietary
patterns.

Medication Prescription and Use
Medication prescription and use were assessed and compared
using data obtained both through patient self-report during phone
interviews conducted in each study phase, as well as
documentation in patients’ health facility records.

Clinical Measurements

Analysis

Clinical measurements including height, weight, blood pressure
(BP), glycated hemoglobin (HbA1c), fasting blood sugar, and
random blood sugar were extracted from patient records at
baseline, following implementation of the treatment guidelines,
and after implementation of the PCHR. At the end of the
mHealth intervention study phase, clinical measurements were
also extracted from the PCHR database to triangulate facilities’
record keeping with data entered in the PCHR by providers.

Data were collected with tablets using the Magpi mobile data
platform by DataDyne LLC (Washington, DC) and analyzed
using Stata 13 (College Station, TX) using descriptive statistics
and standard methods for comparison of means and proportions.
BP readings monitored control among hypertensive patients,
and the HbA1c test was the preferred measure for classifying
type 2 diabetic patients; when not available, random or fasting
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blood sugar was used [20,21]. A sequenced process-based
classification used patient records, clinical data, and
prescriptions to assign a uniform diagnosis category to patients
in cases where reporting was inconsistent over time. A total of
8 patients remained with an unclassified diagnosis and were
subsequently dropped from final analysis to ensure reliable
reporting by condition. Utilization of the mHealth app by
practitioners was low. A total of 154 records were extracted
from the app dataset, whereas a total of 878 record reviews and
761 patient interviews were completed in the mHealth phase

Doocy et al
(Figure 2). Differences in patient characteristics and condition
control status were examined using chi-square and t test
methods. An immediate form of two-sample tests of proportions
was performed using the Stata prtesti command to determine
whether the proportions in the mHealth app and paper records
were statistically different.
This study was approved by the ministry of public health in
Lebanon and the institutional review board at the Johns Hopkins
Bloomberg School of Public Health.

Figure 2. Patient follow-up and response rates.

Results
Clinical Measurements
Clinical measurements extracted from patient records and
hypertension and type 2 diabetes control data are presented in
Table 1. Compared with baseline data, significant declines in
reporting of BP (−11.4%, P<.001) and blood sugar (−6.9%,
P=.03) measurements were observed following implementation
of treatment guidelines. Recording of systolic and diastolic BP
measurements also declined after the mHealth phase as
compared with baseline (−8.4%, P=.001); however, body mass
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index (BMI) reporting increased at the end of the mHealth phase
from both baseline (8.1%, P<.001) and the end of the guidelines
phase (7.7%, P<.001). Baseline clinical test results included all
information in clinic records, regardless of when it was reported;
because reporting is not time bound, changes in completeness
of reporting are difficult to interpret because values could have
been reported at one of a number of prior visits. Changes in
clinical measurements and the control of hypertension and type
2 diabetes were not significant in the mHealth phase, likely
because of short implementation time and challenges with
provider uptake of the app.
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Table 1. Patient biometric health measures from the noncommunicable disease (NCD) guidelines and mobile health (mHealth) records for refugees in
the Lebanon study.
Parameter

Phase Ia

Baseline
n (%)

Body mass index (BMI)
Total patients with BMI
measured

95% CI

N=870
67 (7.7)

n (%)

Phase IIb
95% CI

N=789
6.0-9.7

64 (8.1)

n (%)

Change by phase
95% CI

Phase I
versus
baseline

Phase II
versus
baseline

Phase II
versus
phase I

P value

P value

P value

13.5-18.4

.76

<.001

<.001

N=878
6.3-10.2

139 (15.8)

N=67

N=64

N=139

Median

32.8

33

31.5

Mean

33.5

31.9-35.1

34

32.3-35.8

32.1

31.1-33.1

.65

.13

.04

BMI (normal)c

5 (8)

2.5-16.6

5 (8)

2.6-17.3

12 (8.6)

4.5-14.6

.94

.78

.85

BMI (overweight)d

15 (22)

13.1-34.2

14 (22)

12.5-34.0

42 (30.2)

22.7-38.6

.94

.24

.22

BMI (obese)e

47 (70)

57.7-80.7

45 (70)

57.6-81.1

85 (61.2)

52.5-69.3

.98

.21

.21

37.2-44.3

<.001

.001

.24

Hypertension

N=755

Total hypertension patients 371 (49.1)
with blood pressure measured
Blood pressure

N=697
45.5-52.8

N=371

Controlled blood pressure

238 (64.2)

263 (37.7)

N=776
34.1-41.4

N=263

316 (40.7)

N=316

59.0-69.0

183 (69.6)

63.6-75.1

223 (70.6)

65.2-75.5

.15

.08

.80

Uncontrolled systolic BPg 81 (21.8)

17.7-26.4

42 (16.0)

11.8-21.0

59 (18.7)

14.5-23.4

.07

.31

.40

Uncontrolled diastolic BPh 7 (1.9)

0.8-3.8

5 (1.9)

0.6-4.4

6 (1.9)

0.7-4.1

.99

.99

.99

Uncontrolled BPi

9.0-15.9

33 (12.5)

8.8-17.2

28 (8.9)

6.0-12.6

.88

.17

.15

29.7-38.5

.03

.25

.30

.60

.20

.09

(BP)f

Diabetes

N=460

Diabetes patients with
blood test results

173 (37.6)

N=433
33.2-42.2

133 (30.7)

N=468
26.4-35.3

159 34.0)

j

Diabetes controlk

a

45 (12.1)

N=173

N=133

N=159

Controlled

78 (45.1)

37.5-52.8

56 (42.1)

33.6-51.0

83 (52.2)

44.1-60.2

Uncontrolled

95 (54.9)

47.2-62.5

77 (57.9)

49.0-66.4

76 (47.8)

39.8-55.9

Guideline implementation.

b

mHealth implementation.

c

BMI<25 kg/m2 normal.

d

BMI>25kg/m2 overweight.

e

BMI>30kg/m2 obese.

f

Controlled: BP<140/90.

g

Uncontrolled: Systolic BP>140 (Diastolic BP<90).

h

Uncontrolled: Diastolic BP>90 (Systolic BP<140).

i

Uncontrolled: BP>140/90.

j

Includes HbA1c, FBS, RBS, or any combination of those tests.

k

Based on results from either HbA1c, FBS, or RBS; if multiple tests available preference is given first to HbA1c (controlled defined as <7.0%), then
FBS (controlled defined as <120mg/dL), then RBS (controlled defined as <100 mg/dL).

Comparison of data reported in the mHealth app with paper
records and patient interviews during app implementation is
presented in Figure 3. Comparing information reported in paper
records following implementation of the mHealth app with data
http://mhealth.jmir.org/2017/10/e158/
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extracted directly from the app, BP measures were reported for
a substantially larger proportion of patients in the app (114/154,
74.0% patients with app data vs 339/878, 38.6% patients with
paper records, P<.001). Similarly, reporting of weight, height,
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e158 | p.82
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and BMI were all more frequently reported with the app than
with paper records as follows: weight, 43/154 (28%) patients
from app data versus 191/878 (21.8%) from paper records,
P=.10; height, 30/154 (19%) patients from the app versus
139/878 (15.8%) from paper records, P=.25; BMI, 73/154 (47%)
patients from the app versus 139/878 (15.8%) from paper
records, P<.001. Among hypertensives, BP readings were more
commonly reported with the app than with paper records
(114/153, 75% patients from the app vs 776/878, 40.7% patients
from paper records; P=.24). Among type 2 diabetics, blood
sugar tests were reported for a slightly larger proportion of
patients with the app than with patient records (61/153, 39.9%

Doocy et al
of patients from app data vs 159/468, 34.0% from paper records;
P=.19). Higher reporting by clinicians using the app supports
the likelihood that mixed results regarding changes in provider
adherence to guidelines measured following the mHealth phase
are because of poor reporting with paper records more than poor
performance of the app. Furthermore, over twice as many
patients reported that measurement of weight, height, BP, and
blood glucose had been taken than the mHealth app and/or paper
records showed, suggesting that care quality may be better in
actuality than as reflected by completeness of reporting
measures.

Figure 3. Clinical iIndicator measurement by reporting source.

Patient-Provider Interaction
Statistically significant increases were detected in all four
measures of patient-provider clinical interactions (Table 2). The
proportion of patients reporting that the provider took a medical
history during the enrollment phase (72/101 patients, 71.3%)
increased by 16.6% to 87.9% (160/182) patients in the guideline
phase and by 28.2% from enrollment to 99.4% (179/180)
patients in the mHealth phase (P<.001). Just over a third
(36/100, 36%) of patients reported that the provider asked about
medication complications at the most recent care visit during
the enrollment phase. In the guidelines and mHealth phases,
this increased from enrollment by 12.9% to 48.9% (89/182)
patients and by 59.6% to 95.6% (172/180) patients, respectively
(change from enrollment to guidelines phase P=.04; change
from enrollment to mHealth phase, P<.001). The proportion of
patients reporting that providers asked other questions relevant
to their illness increased from 32.0% (32/100) patients during
the enrollment phase to 59.8% (107/179) patients during the
guidelines phase and 98.3% (177/180) patients in the mHealth
phase (respective increases of 27.8% and 66.3%, P<.001). A
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significantly higher proportion of patients also reported
providers scheduling a follow-up appointment or being referred
for specialty care, from 58.0% (58/100) patients in the
enrollment phase to 78.6% (143/182) patients in the guidelines
phase and 97.8% (176/180) patients in the mHealth phase
(respective increases of 20.6% and 39.8%, P<.001).
Patient report of provider counseling about lifestyle behaviors
such as smoking, alcohol consumption, physical activity, and
dietary patterns also improved (Table 2). However, the
provider’s reports of counseling carried out significantly differed
in patient records and the mHealth app. Data extracted from the
mHealth app showed a much higher proportion of providers
offering lifestyle counseling as compared with notations in
patient records. Smoking cessation counseling was reported for
16.9% (26/154) patients from the app data versus 11.4%
(96/844) patients from paper records (P=.06). Much larger
differences were observed in health dietary habit counseling
(119/154, 77.3% patients from app data vs 77/878, 8.8% from
paper records; P<.001) and physical activity counseling (92/154,
59.7% patients from app data vs 62/878, 7.1% from paper
records; P<.001).
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Table 2. Quality of interaction with providers reported by patients in the noncommunicable disease (NCD) guidelines and mobile health (mHealth)
records for refugees in Lebanon study. Data reported by patients in exit interviews were conducted via phone.
Parameter

Baseline (N=101)

Phase Ia (N=181)

Phase IIb (N=180)

Change comparison

n (%)

n (%)

n (%)

Phase I Phase II Phase II
versus
versus
versus
baseline baseline phase I

95% CI

95% CI

95% CI

P value

P value

P value

Provider interaction
Asked about medical history

72 (71.3)

61.4-79.9

160 (87.9)

82.3-92.3

179 (99.4)

96.9-100

<.001

<.001

<.001

Asked about complications
with medications

36 (36.0)

26.6-46.2

89 (48.9)

41.4-56.4

172 (95.6)

91.4-98.1

.04

<.001

<.001

Asked other questions

32 (32.0)

23.0-42.1

107 (59.8)

52.2-67.0

177 (98.3)

95.2-99.7

<.001

<.001

<.001

Provided follow-up appointment or referral

58 (58.0)

47.7-67.8

143 (78.6)

71.9-84.3

176 (97.8)

94.4-99.4

<.001

<.001

<.001

Quit or stop using tobacco

32 (31.7)

22.8-41.7

79 (44.1)

36.7-51.7

157 (87.2)

81.4-91.7

.04

<.001

<.001

Reduce salt consumption

56 (55.4)

45.2-65.3

147 (82.1)

75.7-87.4

172 (95.6)

91.4-98.1

<.001

<.001

<.001

Fruit and vegetable consumption

48 (47.5)

37.5-57.7

141 (78.8)

72.0-84.5

172 (95.6)

91.4-98.1

<.001

<.001

<.001

Reduce fat consumption

56 (55.4)

45.2-65.3

150 (83.8)

77.6-88.9

172 (95.6)

91.4-98.1

<.001

<.001

<.001

Engage in physical activity

43 (43.0)

33.1-53.3

138 (77.1)

70.2-83.0

167 (92.8)

88.0-96.1

<.001

<.001

<.001

Lose weight

31 (31.0)

22.1-41.0

120 (67.0)

59.6-73.9

155 (86.1)

80.2-90.8

<.001

<.001

<.001

Lifestyle counseling received

a

Guideline implementation.

b

mHealth implementation.

Medication Prescription and Use
Medication compliance and other compliance variables were
also used to evaluate performance and outcomes related to
guideline training and app adoption (Table 3). The proportion
of patients reporting receiving prescriptions of medication for
hypertension and type 2 diabetes was consistently high,
exceeding 90% at baseline and in both study phases (Figure 4).
On the basis of reporting in patient records, there was a small
but significant increase in patients prescribed medication for
hypertension from baseline to the end of the guidelines phase
(6.6% increase, P=.003) and from baseline to the end of the
mHealth phase (5.1% increase, P=.02). Unlike notations in
patient records, the proportion of patients self-reporting being
prescribed hypertension medication decreased significantly
from baseline to the end of the guidelines phase (9.8% decrease,
P<.001); however, this proportion significantly increased in the
mHealth phase by 8.9% (P<.001). The proportion of patients
self-reporting current use of hypertensive medications decreased
significantly from baseline to the end of the guidelines phase
(3.9% decrease, P<.001) and from baseline to the end of the
mHealth phase (2.3% decrease, P=.02).
Among patients with type 2 diabetes, there was a significant
increase in medication prescription in patient records from
baseline to the end of the guidelines phase (5.6% increase,
P=.047) and from baseline to the end of the mHealth phase
(10.1% increase, P<.001). Unlike in patient records, the
proportion of patients self-reporting being prescribed medication
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decreased significantly from baseline to the end of the guidelines
phase (3.9% decrease, P<.001); however, this proportion
significantly increased in the mHealth phase by 2.9% (P=.03).
The proportion of type 2 diabetics reporting current diabetes
medication use decreased significantly from baseline to the end
of the guidelines phase (6.3% decrease, P<.001) and from
baseline to the end of the mHealth phase (3.8% decrease, P=.02).
Overall, medication compliance was good among both
hypertensive and type 2 diabetic patients across follow-up. The
proportion of hypertensive patients reporting they had stopping
prescribed medication for 2 weeks or longer in the 3 months
preceding interview was highest at baseline (70/755, 9.3%) and
lowest at the end of the guidelines phase (49/604, 8.1%).
Interruptions in diabetes medication was highest at baseline and
at the end of the guidelines phase (38/506, 7.5% and 29/383,
7.6%, respectively) and lowest at the end of the mHealth phase
(14/256, 5.5%). Observed changes in interruption of medication
for hypertension or diabetes were not significant among any of
the study phases. Reasons for stopping medication were similar
by condition and across the study periods. Cost was the primary
reason for stopping medication (62.9%-74.4%, depending on
the condition and study phase). The other common reasons were
advice from the provider and the patient perception that that
their condition had improved, which is particularly challenging
as, given that hypertension and diabetes have few if any
symptoms, patients likely ascribe symptoms to their disease
that are not related.
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Table 3. Medication and compliance among patients in the noncommunicable disease (NCD) guidelines and mobile health (mHealth) records for
refugees in Lebanon study.
Parameter

Phase Ia

Baseline
n (%)

Hypertension medication
All hypertension patients
prescribed medication for

95% CI

N=755

n (%)

Phase IIb
95% CI

N=697

Change comparison

n (%)

95% CI

Phase I Phase II Phase II
versus
versus
versus
baseline baseline phase I
P value

P value

P value

N=776

550 (72.8)

69.5-76.0

554 (79.5)

76.3-82.4

605 (78.0)

74.9-80.8

.003

.02

.48

43 (5.7)

4.2-7.6

92 (13.2)

10.8-15.9

35 (4.5)

3.2-6.2

<.001

.29

<.001

97.6-99.7

<.001

.004

<.001

hypertensionc
Not reported in patient
c

record

Self-reported hypertension
medication
Ever prescribed medication

N=873
873 (100)

N=652
99.5-100

N=754
Currently taking hypertension medication

588 (90.2)

N=418
87.6-92.4

N=605

414 (99.0)
N=413

740 (98.1)

96.9-99.0

570 (94.2)

92.0-95.9

396 (95.9)

93.5-97.6

<.001

.02

.24

70 (9.3)

7.3-11.6

49 (8.1)

6.1-10.6

35 (8.6)

6.0-11.7

.45

.69

.80

d

Stopped taking medicines
for 2+ weeks in the past 3
monthsd
Noncompliancee

N=76

N=50

N=36

When medication was
stopped
Stopped taking in Syria

9 (11.8)

5.6-21.3

10 (20.0)

10.0-33.7

5 (13.9)

4.7-29.5

.21

.76

.47

Taking in Syria, stopped in
Lebanon

36 (47.4)

35.8-59.2

13 (26.0)

14.6-40.3

15 (41.7)

25.5-59.2

.02

.58

.13

Started taking in Lebanon
but stopped

31 (40.8)

29.6-52.7

27 (54.0)

39.3-68.2

16 (44.4)

27.9-61.9

.15

.72

.39

Diabetes medication
% of all diabetes patients
prescribed medication for

N=460

N=433

N=468

343 (74.6)

70.3-78.5

347 (80.1)

76.1-83.8

396 (84.6)

81.0-87.8

.047

<.001

.08

28 (6.1)

4.1-8.7

54 (12.5)

9.5-16.0

16 (3.4)

2.0-5.5

.001

.06

<.001

96.7-99.8

<.001

.07

.03

diabetesc
Not reported in patient
recordc
Self-reported diabetes medica- N=537
tion
Ever prescribed medication

536 (99.8)

N=394
98.9-100

N=506
Currently taking diabetes

378 (95.9)

N=260
93.5-97.7

N=384

257 (98.8)
N=259

488 (96.4)

94.4-97.9

346 (90.1)

86.7-92.9

240 (92.7)

88.8-95.5

<.001

.02

.26

38 (7.5)

5.4-10.2

29 (7.6)

5.1-10.7

14 (5.5)

3.0-9.0

.97

.29

.30

11.8-61.6

.48

.10

.32

medicationd
Stopped taking medicines
for 2+ weeks in the past 3
monthsd
Noncompliancee

N=43

N=35

N=15

When medication was
stopped
Stopped taking in Syria
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6 (14.0)

5.3-27.9

7 (20.0)

8.4-36.9

5 (33.3)
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Parameter

Phase Ia

Baseline
n (%)

a

Doocy et al

95% CI

n (%)

Phase IIb
95% CI

n (%)

Change comparison
95% CI

Phase I Phase II Phase II
versus
versus
versus
baseline baseline phase I
P value

P value

P value

Taking in Syria, stopped in
Lebanon

22 (51.2)

35.5-66.7

9 (25.7)

12.5-43.3

3 (20.0)

4.3-48.1

.02

.04

.67

Started taking in Lebanon
but stopped

15 (34.9)

21.0-50.9

19 (54.3)

36.6-71.2

7 (46.7)

21.3-73.4

.09

.43

.63

Guideline implementation.

b

mHealth implementation.

c

As reported in patient health records.

d

Among those prescribed medication.

e

Among only patients that stopped taking medication in the past 3 months.

Figure 4. Medication prescription by reporting method.

Discussion
Principal Findings
Consistent and complete reporting is essential to monitor
changes and trends in clinical measurements for diabetic and
hypertensive patients. Notwithstanding relatively low provider
uptake of the app, reporting of nearly all clinical measures was
improved when the provider used the app rather than written
patient records. Data extracted from the mHealth app also
showed a greater proportion of providers offering lifestyle
counseling as compared with counseling reported in paper
medical records kept by health facilities, and statistically
significant improvements were observed in all four measures
of patient-provider interaction. This clearly demonstrated the
advantages of electronic reporting and the potential for mHealth
apps to improve quality of clinical care for chronic NCDs.
Despite the possible benefits of mHealth for improving case
management of hypertension and type 2 diabetes, there were
difficulties in developing and deploying new technologies that
diminished the utilization and potential benefits of the mHealth
app.
The challenges in this study are neither unique to the project
nor to the context. Data quality in electronic health records
http://mhealth.jmir.org/2017/10/e158/
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(EHRs), particularly completeness of reporting, is indispensable
for the associated decision support components to prove
effective. Poor reporting observed in this project were similarly
observed in a recent trial incorporating the Screening Tool of
Older People’s Prescriptions prescribing criteria in a primary
care EHR, which demonstrated the need for continued
assessment of data quality and improvement on potentially
inappropriate prescription rates in community primary care
settings [22]. A 2013 study of implementation of national
guidelines and an associated structured type 2 diabetes and
hypertension patient record reported poor use of structured
record by providers as a primary explanation for null benefit of
the intervention [23]. Other barriers previously documented
include cost, language, literacy, availability or connectivity
issues, and perceived increase in workload; connectivity,
language, and workload increase presented challenges in this
study [24,25]. The aim of this project focused on both PCHR
app development and pilot evaluation of the app. However,
allowing a longer time period to develop and test the app,
followed by a subsequent pilot test, would have been a more
appropriate design if time permitted. As such, mixed findings
on the results of the mHealth app use should not minimize the
consideration of the app’s potential effectiveness.
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The nature of mHealth interventions vary widely, ranging from
health promotion and disease surveillance to remote monitoring,
care support, and decision support tools [26]. Previous research
has primarily focused on remote monitoring and care support
tools, and while there is a considerable body of literature on the
design and implementation of personal health records,
considerably less evidence is available for decision support
functions, particularly in low- and middle-income countries
[26,27]. EHRs have previously shown effectiveness in
improving type 2 diabetic patient health outcomes and clinical
practice in developed countries but do not adequately capture
the potential added benefits of provider decision support
elements as were incorporated in the PCHR app developed for
this study [28]. The PCHR app developed for this study might
lead to better uptake and prove more effective in other settings,
with providers more open to newer technology, with fewer
reporting requirements, without electronic information
management systems, and where providers were more open to
changing their clinical practice behaviors. The patient-controlled
portability component may also improve patient knowledge of
their condition and continuity of care, in particular in the context
of migration, two outcomes which were not assessed in this
study.

Limitations
Comparison of completeness of reporting across study phases
may have underestimated changes in patient and provider
practices in the guidelines and mHealth phases where all
available information in the patient record was included at
baseline, regardless of what was recorded at the most recent
visit. Simultaneous development and introduction of the app
led to frustration among users when the app did not perform as
expected, requiring frequent software updates, which reduced
provider enthusiasm. Another barrier to uptake was multiple
reporting requirements and electronic record systems, which
led to the perception that the app was redundant (despite
dissimilarities to existing systems in most cases). Finally,

Doocy et al
including patients and providers from only 10 health facilities
limits representativeness of findings, and the results may not
be generalizable to elsewhere in Lebanon or other settings.

Conclusions
The mHealth app was successful in improving some quality of
care indicators, indicating there is potential for clinical decision
making support tools to enhance capacity for NCD care in PHC
centers. Recording rates of BMI improved with use of the
mHealth app; however, there was a decline in the recording of
BP and blood sugar levels; recording rates for all three measures
were higher in the mHealth app than in paper records.
Patient-provider interactions, life style counseling, and
scheduling of follow-up appointments improved with use of the
mHealth app, suggesting there were some improvements in
quality of care. Only small improvements in the proportion of
patients with controlled hypertension and diabetes were observed
between baseline and the end of the mHealth phase, and these
differences were not statistically significant.
Results from this study of an mHealth app in 10 PHC facilities
in Lebanon indicate the app has potential to improve adherence
to guidelines and quality of care. Greater support to service
providers during the adoption of the apps, customization of the
apps for specific settings, and longer follow-up periods may aid
in better characterizing possible benefits of this and other
mHealth apps for NCD management. Further studies are
necessary to determine the effects of this and similar PCHR
apps on provider adherence to treatment guidelines, as well as
patients’ long-term medication and treatment adherence and
disease control. Additional testing in less developed settings,
including both rural locations and emergency contexts, will help
provide evidence on the potential of these apps and factors
associated with uptake and effectiveness across a broader range
of contexts. Expanding the evidence on mHealth apps so that
it is sufficient to inform decision making on adoption of these
tools is essential, given their potential benefits.
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Abstract
Background: Substance use and misuse often first emerge during adolescence. Generic life skills training that is typically
conducted within the school curriculum is effective at preventing the onset and escalation of substance use among adolescents.
However, the dissemination of such programs is impeded by their large resource requirements in terms of personnel, money, and
time. Life skills training provided via mobile phones might be a more economic and scalable approach, which additionally matches
the lifestyle and communication habits of adolescents.
Objective: The aim of this study was to test the acceptance and initial effectiveness of an individually tailored mobile phone–based
life skills training program in vocational school students.
Methods: The fully automated program, named ready4life, is based on social cognitive theory and addresses self-management
skills, social skills, and substance use resistance skills. Program participants received up to 3 weekly text messages (short message
service, SMS) over 6 months. Active program engagement was stimulated by interactive features such as quiz questions, messageand picture-contests, and integration of a friendly competition with prizes in which program users collected credits with each
interaction. Generalized estimating equation (GEE) analyses were used to investigate for changes between baseline and 6-month
follow-up in the following outcomes: perceived stress, self-management skills, social skills, at-risk alcohol use, tobacco smoking,
and cannabis use.
Results: The program was tested in 118 school classes at 13 vocational schools in Switzerland. A total of 1067 students who
owned a mobile phone and were not regular cigarette smokers were invited to participate in the life skills program. Of these, 877
(82.19%, 877/1067; mean age=17.4 years, standard deviation [SD]=2.7; 58.3% females) participated in the program and the
associated study. A total of 43 students (4.9%, 43/877) withdrew their program participation during the intervention period. The
mean number of interactive program activities that participants engaged in was 15.5 (SD 13.3) out of a total of 39 possible
activities. Follow-up assessments were completed by 436 of the 877 (49.7%) participants. GEE analyses revealed decreased
perceived stress (odds ratio, OR=0.93; 95% CI 0.87-0.99; P=.03) and increases in several life skills addressed between baseline
and the follow-up assessment. The proportion of adolescents with at-risk alcohol use declined from 20.2% at baseline to 15.5%
at follow-up (OR 0.70, 95% CI 0.53-0.93; P=.01), whereas no significant changes were obtained for tobacco (OR 0.94, 95% CI
0.65-1.36; P=.76) or cannabis use (OR 0.91, 95% CI 0.67-1.24; P=.54).
Conclusions: These results reveal high-level acceptance and promising effectiveness of this interventional approach, which
could be easily and economically implemented. A reasonable next step would be to test the efficacy of this program within a
controlled trial.
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Introduction
Several biological, psychological, and social transitions that
occur during adolescence are essential for a young person’s
later-life trajectory [1,2]. These transitions offer opportunities
for them to gain skills to achieve greater autonomy from adults,
build social connections with peers, develop a positive body
image, and form a sense of identity. However, these transitions
also facilitate exploration and risk taking at a stage when
cognitive functions of the brain are not yet fully developed [3].
Shifts of emotional regulations and increased risky behaviors
result in vulnerabilities for mental and substance use disorders,
which constitute the biggest contributors to the health burden
of 10- to 24-year-old individuals [4]. Substance use and the
development of substance use disorders often first emerge during
adolescence and co-occur with mental disorders [1].
The age of onset of substance use is similar across high-income
countries, with increasing levels and frequency of use beginning
in mid-adolescence, peaking during early adulthood [5].
According to the World Health Organization (WHO) World
Mental Health Surveys [6], the interquartile range of the
age-of-onset distributions is typically 14 to 21 years for alcohol,
15 to 21 years for tobacco, 16 to 22 years for cannabis, and 19
to 28 years for cocaine.
As most young people do not fulfill criteria for problematic or
disordered use, prevention programs and early intervention
should be the focus, rather than substance-related treatment
measures. A recent systematic review of studies assessing the
effectiveness of prevention, early intervention, and harm
reduction in young people for tobacco, alcohol, and illicit drugs
demonstrated the effectiveness of taxation, public consumption
bans, advertising restrictions, and minimum legal age, as well
as the potential effectiveness of preventative interventions that
deliver life skills training in educational settings [7]. Schools
are particularly suitable settings to reach adolescents with
preventative interventions because of the ease of delivery and
access to young people within compulsory secondary education
[7].
A Cochrane review on school-based programs for the prevention
of tobacco smoking [8] concluded that combined social
competence and social influence interventions had a significant
effect at 1 year and at longest follow-up, whereas a social
influences program on its own, multimodal community-wide
initiatives, and information-only interventions were found to
be ineffective. Another Cochrane review on school-based
prevention programs for alcohol misuse in young people [9]
concluded that generic psychosocial and developmental
prevention programs can be effective. However, the
methodological quality of the trials included in the analysis was
poor, and this did not allow for any quantitative pooling of data.
A Cochrane review on school-based prevention of illicit drug
use [10] concluded that programs based on a combination of
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social competence and social influence approaches were most
promising, on average exhibiting small but consistent protective
effects to prevent drug use.
According to the WHO, life skills are “abilities for adaptive
and positive behavior that enable individuals to deal effectively
with the demands and challenges of everyday life” [11]. The
majority of the generic programs addressing social competences
and social influences that were included in the aforementioned
reviews were based on Bandura’s social learning theory [12],
which hypothesizes that children and adolescents learn substance
use by modeling, imitation, and reinforcement, influenced by
individual cognitions, attitudes, and skills. Moreover, substance
use susceptibility is increased by poor personal and social skills.
Generic life skills programs to prevent substance use, such as
the IPSY (Information + Psychosocial Competence = Protection)
program developed in Germany [13] or the ALERT [14] or
LifeSkills Training [15] programs developed in the United
States, typically combine training in self-management skills,
social skills (eg, self-awareness, coping strategies, assertiveness,
or communication skills), and substance use resistance skills
(eg, resisting peer pressure to drink alcohol and recognizing
and resisting media influences promoting cigarette smoking).
Although these life skills training programs were effective at
preventing the onset of specific substances [8,13] or at
decreasing problematic substance use [9], their implementation
and dissemination in schools present serious challenges [16].
First, teachers and other professionals need the time, motivation,
knowledge, and skills to deliver the program. Second, extensive
resources—in terms of personnel, money, and time allocated
to deliver substance use prevention—are required to prepare
and administer such programs.
Electronically delivered interventions (eg, via computer,
Internet, or mobile phone) have the potential to overcome the
aforementioned obstacles that hinder successful program
implementation and dissemination of life skills training in
schools at a larger scale. Electronically delivered interventions
have a wide reach at a low cost and offer the opportunity to
automatically deliver individually tailored contents that can be
accessed at any time and in any place [17]. Furthermore,
electronically delivered interventions might be more appealing
for adolescents because they can better ensure privacy and tailor
contents to their needs.
Beyond traditional personal computers, a promising means of
delivering prevention programs is to do so remotely through
the use of mobile technologies. In Switzerland, as in most other
developed countries, almost all (98%) adolescents between the
ages of 12 and 19 years own a mobile phone, and 97% of these
phones are smartphones [18]. Most adolescents are familiar
with how to use mobile phones and typically use them on a
daily basis for texting, taking pictures, playing games, and so
on. Mobile phone–based interventions can provide almost
constant support to users, relative to interventions that can only
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be accessed at specific times or locations; and they provide a
discrete and confidential means of intervention delivery [19].
Several studies have underlined the potential and effectiveness
of substance-specific mobile phone–based programs for early
interventions in adolescents already consuming specific
substances such as tobacco or alcohol [20-22]. However, the
feasibility and effectiveness of more generic, life skills
interventions to prevent substance use via mobile phones have
not been addressed to date.
Consequently, the objectives of this study were (1) to test the
acceptance, use, and evaluation of a mobile phone–based life
skills program among vocational school students and (2) to
explore its potential effectiveness.

Methods
Setting
In most European countries, vocational schools are
postsecondary public schools that are analogous to American
community colleges. They are a part of the dual educational
system that combines apprenticeships in a business context and
vocational training in a school context. Vocational schools
provide general education and specific skills for each particular
profession.
On the basis of data from the Swiss Federal Statistical Office,
approximately half of all Swiss adolescents aged 16 to 19 years
currently attend vocational schools [23], with the highest
proportions among adolescents aged 17 years (males: 60%,
females: 48%) and 18 years (males: 58%, females: 47%).

Design and Procedures
A longitudinal pre-post study design with assessments at
baseline and after program completion (month 6) was used to
test the initial effectiveness of the program. Prevention
specialists from branches of the Swiss Lung Association
(Aargau, Basel-Land, Basel-Stadt, Berne, Vaud, and St Gallen),
with particular training in the study and program to be delivered,
arranged sessions lasting 30 min in participating vocational
school classes during regular school lessons reserved for health
education. Within this session, the students were informed about
and invited to participate in a study testing innovative channels
for the provision of health-related information and life skills.
The students were informed by the prevention specialists about
the study’s aims and assessments, reimbursement, and data
protection. Students were also informed that they could
withdraw from program participation at any time, simply by
sending a short service message (SMS) expressing their request
to stop the program.
The mobile phone–based program and its association with a
friendly competition with prizes were described in detail by the
prevention specialists. To ensure sufficient participation and,
thus, representativeness of the sample [24], students were
informed that they would also receive a small reward for
participating in the study. Each student was provided with a
tablet computer or used his or her mobile phone for the screening
process to assess for study eligibility and for study registration
and the baseline assessment. Inclusion criteria for this study
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were (1) a minimum age of 16 years and (2) possession of a
mobile phone. After being screened for the inclusion criteria
and giving informed consent, study participants were invited
to choose a username and provide their mobile phone number.
On the basis of previous results on the efficacy of texting-based
programs for smoking cessation [25,26], vocational school
students who smoked cigarettes regularly (at least four cigarettes
over the preceding month and at least one cigarette within the
preceding week) received a program version combining smoking
cessation support based on the MobileCoach Tobacco program
[27] and strategies for stress management. As this program
primarily focused on smoking cessation and did not include
comprehensive life skills training, we excluded regular smokers
from this study.
After they had given their informed consent, study participants
completed a baseline assessment directly on their mobile phone
or on the tablet computer that they had been provided with.
They received additional questions that were necessary to tailor
their intervention’s content. Subsequently, participants received
individually tailored Web-based feedback directly on their
mobile phone. Over the subsequent 6 months, they received
individually tailored life skills training provided via mobile
phone texting. All subjects were invited to complete a
Web-based follow-up assessment after program completion 6
months after their enrollment in the study. For this, they received
a text message (SMS) with a Web link to the Web-based
assessment. Up to two text message–based reminders were sent
to those who failed to complete the follow-up assessment upon
initial request.
The study protocol was approved by the Ethics Committee in
the Faculty of Philosophy at the University of Zurich,
Switzerland (date of approval: June 24, 2016) and the trial
conducted in compliance with the Declaration of Helsinki.

The Intervention Program ready4life
Theoretical Background and Intervention Contents
The intervention elements of the program called ready4life are
based on social cognitive theory [28,29]. This theory relies on
social learning theory, as it was founded on principles of
learning within the human social context [12], though it has
also integrated several concepts from cognitive psychology.
Key concepts of this theory that are incorporated within the
Web-based and text messaging–based life skills program are
(1) outcome expectations (ie, beliefs about the likelihood and
impact of the consequences of behavioral choices), (2)
self-efficacy (ie, beliefs about one’s personal ability to perform
a desired behavior that could be stimulated; eg, by mastery,
experience, or persuasion), (3) observational learning (ie,
learning new behaviors via exposure to them through
interpersonal or media displays; eg, through peer modeling),
(4) facilitation (ie, providing strategies, tools, and resources that
make new behaviors easier to perform), and (5) self-regulation
(ie, controlling oneself via monitoring, goal setting, feedback,
and self-instruction).
The contents of ready4life rely on proven and widely
disseminated life skills programs such as IPSY [13], ALERT
[14], and LifeSkills Training [15]. The program addresses (1)
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self-management skills, (2) social skills, and (3) substance use
resistance skills. As recruitment for this study was conducted
within the German- and French-speaking part of Switzerland,
all intervention contents were available in both German and
French.

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
are used to ensure the privacy and safety of data transfer.

Individually Tailored Feedback
Individually tailored Web-based feedback was given
immediately after subjects completed the Web-based baseline
assessment during school classes using tablet computers or
mobile phones. This feedback comprised five screens, which
included textual and graphical feedback on the following: (1)
stress in general; (2) the individual level of stress in various
domains; (3) the individual level of stress compared with an
age- and gender-specific reference group, based on the Perceived
Stress Scale (PSS) [32] and on data derived from a survey
among Swiss vocational school students [33]; and (4)
individually applied and suggested strategies to cope with stress.

Text Messages
For a period of 6 months, 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 MobileCoach system. Within the first 9 weeks,
the messages focused on self-management skills; for example,
coping with stress, emotional self-regulation, or management
of feelings of anger and frustration. In the weeks 10 to 15, the
messages focused on social skills, for example, making requests,
refusing unreasonable requests, and meeting new people. In
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weeks 16 to 20, the text messages focused on substance use
resistance skills, for example, recognizing and resisting media
influences, social norms of substance use, or the associations
of self-management skills and interpersonal competences with
substance use. Boosters for each of the components were
provided in weeks 22 to 24. The program concluded with
information about a prize draw and an invitation to participate
in the follow-up assessment. The messages were tailored
according to the individual data from the baseline assessment
and on-text messaging assessments during program runtime,
for example, on substance use or the individual’s emotional
state. Sample messages from different intervention components
are displayed in Figure 1.
To exploit the full potential of current mobile phones, 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. Within picture and message
contests, participants were invited to create and upload text
messages or photos on specific topics, for example, on
individually preferred strategies to cope with stress or on
relaxation possibilities. The messages or pictures provided by
other participants could be rated anonymously on a separate
responsive website by all participants, and the top three postings
were presented anonymously to all other participants after 48
hours on a website, which was only accessible for program
participants. All messages and photos created by the participants
were checked by a junior scientist with respect to the
appropriateness of their content. Inappropriate content was
excluded and not presented to the other participants.
Due to the wide dissemination of mobile phones in adolescents
[18], several messages also included hyperlinks to audio files
(eg, audio testimonials and motivational podcasts), as well as
thematically appropriate video clips, pictures, and related
websites.

Figure 1. Sample messages (translated from the German program version).
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Figure 2. Individual profile page (translated from the German program version).

Prize Draw
To stimulate active program engagement, program use was
associated with a friendly competition that allowed program
users to collect credits for each interaction (eg, answering and
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 were their chances of winning one of
several attractive prizes that were part of a prize draw after
program completion. Participants could retrieve their number
of credits compared with the number of credits of other program
participants of their group (similar starting date and Canton) at
any time from an individual profile page (Figure 2).

Focus Groups for Pilot Testing
Before the study, a prototype of this program was tested and
evaluated in five focus groups. Within these focus groups,
individuals in the age range of 16 to 20 years, drawn from local
vocational schools were asked to evaluate program flow, the
layout and content of the Web-based assessment and feedback,
and the content of text messages. Optimizations that resulted
from these focus groups were integrated into the final version
of the program.

Measures and Outcome Criteria
Demographics
The baseline survey included questions about the following
demographic variables: gender, age, and migrant background.
For the last of these, we asked about the country of birth of both
parents of each vocational school student to identify potential
migrant backgrounds. On the basis of this information, persons
were assigned to one of the following categories: (1) persons
with neither parent born outside Switzerland—no migrant
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background and (2) persons with one or both parents born
outside Switzerland—migrant background.

Life Skills
Life skills were assessed at baseline and 6-month follow-up.
The life skills assessed were related to the contents of the
program and focused on (1) stress, (2) self-management skills,
and (3) social skills.
A four-item version [32] of the PSS [34] was used to measure
the degree to which students appraised situations as stressful
over the preceding month. Responses were scored on a 1- to
5-point scale from (1) “never” to (5) “very often.” These four
items were “In the last month...,” (1) “how often have you felt
that you were unable to control the important things in your
life?” (2) “how often have you felt confident about your ability
to handle your personal problems?” (3) “how often have you
felt that things were going your way?” and (4) “how often have
you felt difficulties were piling up so high that you could not
overcome them?” This scale showed comparable acceptable
psychometric properties when administered online and in
paper-pencil format, with a Cronbach alpha of .72 for the
Web-based version [32].
Self-management and coping behavior within vocational training
were assessed using one item derived from each of the five
subscales of the Questionnaire for the Measurement of Stress
and Coping in Children and Adolescents (SSKJ 3-8) [35]. The
items were selected based upon their item-subscale correlation
and the relevance of their content for vocational school students.
Students indicated, on a 5-point rating scale ranging from never
(1) to always (5), how often they use each of the presented
coping strategies in response to stressful situations during
vocational training. These five items were “If I am stressed
during vocational training...,” (1) “I tell others, how I feel”
(seeking social support); (2) “I change something so that things
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e143 | p.94
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are getting better” (problem solving); (3) “I tell myself that
things will resolve themselves” (avoidant coping); (4) “I try to
relax” (palliative emotion regulation); and (5) “I get totally
upset” (anger-related emotion regulation). According to
Eschenbeck et al [35], constructive coping behavior is
particularly indicated by higher values on subscales (1), (2),
and (4); conversely, higher values on subscales (3) and (5) are
less desirable.
Social skills were assessed using a scale with seven items
derived from the Assertion Inventory [36]. These items
addressed (1) expressing an opinion that differs from that of
other persons, (2) resisting social pressure to drink or smoke
cigarettes, (3) telling a work colleague when he or she says or
does something that bothers you, (4) asking questions to find
out more about something, (5) apologizing when you are wrong,
(6) accepting yourself even while being criticized, and (7) telling
someone good news about yourself. Students indicated, on a
5-point rating scale ranging from never (1) to always (5), the
frequency that they display each of the indicated behaviors.
These seven items exhibited acceptable internal consistency,
with a Cronbach alpha of .65.

Substance Use
Indicators of substance use were assessed at baseline and
follow-up and included (1) at-risk alcohol use, (2) tobacco
smoking, and (3) cannabis use.
At-risk alcohol use was assessed through the consumption items
of the Alcohol Use Disorder Identification Test (AUDIT), the
AUDIT-C [37]. The AUDIT-C assesses drinking quantity,
drinking frequency, and binge drinking. On the basis of
recommendations for adolescents [38], we used a cut-off value
of ≥5 to determine whether risky drinking was present.
Tobacco smoking was assessed by the yes or no question: “have
you taken at least one puff of a cigarette within the past 30
days?”
Cannabis use was assessed with the item “Within the last six
months, how often did you use cannabis or marijuana?” with
the response options (1) “never,” (2) “1-5 times,” (3) “6-20
times,” and (4) “more often than 20 times.” To estimate the
prevalence of cannabis use within the last 6 months, we
collapsed response options 2, 3, and 4 into a single category:
cannabis use.

Program Use and Evaluation
To obtain the number of program participants who unsubscribed
from the program within the program runtime of 6 months, we
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 mean number of replies to
the 12 text message assessments 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.
Using a yes or no question, we evaluated whether the times
when participants received the text messages were deemed to
be appropriate. Furthermore, we assessed whether the number
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of received text messages was felt to be appropriate, or whether
the participants would have preferred fewer or more messages.
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.”

Outcome Criteria
To explore the intervention’s effectiveness, the pre-post changes
between baseline and 6-months follow-up of the following
variables were investigated: (1) perceived stress [32], (2)
self-management and coping behaviors [35], (3) interpersonal
skills [36], (4) at-risk alcohol use [37], (5) tobacco smoking,
and (6) cannabis use.

Data Analysis
To test for baseline differences between study participants and
nonparticipants, Pearson χ2analysis for categorical variables
and nonpaired student’s t tests for continuous variables were
applied. For the attrition analysis (program participants lost to
follow-up), we used χ2analysis for categorical variables and t
tests for continuous variables. Baseline equivalence and lack
of attrition bias were assumed for tests with P>.10.
We used generalized estimating equation (GEE) analyses to
investigate the longitudinal course of the outcome criteria over
the study period of 6 months. GEE is a repeated-measures
regression model that takes into account the correlation of
repeated measures within each subject [32]. It is a powerful and
versatile procedure for analyzing longitudinal data, with minimal
assumptions about time dependence, and it allowed us to use
all available longitudinal data, irrespective of single missing
values at follow-up.
We used logistic GEE models for binary outcomes and linear
GEE models for continuous variable outcomes. To control for
attrition bias, we additionally added the respective baseline
variables and variables on program use as covariates to the GEE
models. Each GEE model included (1) the examined time
variable (baseline vs follow-up assessment) as a predictor, (2)
covariates to account for selective attrition, and (3) some
outcome variable as the dependent variable.
Given the clustered nature of the data (students within school
classes and intraclass correlation for the considered outcomes
ranged from .02-.06), we computed robust variance estimators
for all GEE analyses. An alpha level of .05 (two-tailed) was
chosen for all statistical tests conducted in the study. All
analyses were performed using the Stata software package,
version 12 (StataCorp).

Results
Study Participants
Participants’ progression through the study is depicted in Figure
3. At the time of the Web-based assessment in 118 vocational
school classes at 13 Swiss vocational schools, a total of 2032
students were present. Among them, 1889 (92.96%, 1889/2032)
had a minimum age of 16 years and owned a mobile phone and,
as such, fulfilled the inclusion criteria for study participation.
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e143 | p.95
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A total of 822 (43.51%, 822/1889) regular tobacco smokers
were not considered within this study because they received a
program focusing on smoking cessation. Among the 1067
(56.48%, 1067/1889) students who were invited to participate
in ready4life, 877 (82.19%, 877/1067) agreed to participate.
Nonparticipants were subjects who met enrollment criteria but
did not agree to participate in the study.

Haug et al
Table 1 summarizes characteristics of study participants and
nonparticipants. Study participants had a mean age of 17.4 years
(standard deviation, SD 2.7) and consisted of 58.3% females.
Study participants differed from nonparticipants with respect
to the baseline variables gender and migrant background. A
greater percentage of study participants than nonparticipants
were female (χ21=5.5, P=.02) and had no migrant background
(χ21=4.8, P=.03).

Table 1. Baseline characteristics of study participants and nonparticipants.
Variable

Study participants

P value

(N=877)

Nonparticipants
(N=190)

Female gender, n (%)

511 (58.3)

93 (48.9)

.02

Age in years, mean (SDa)

17.4 (2.7)

17.9 (4.5)

.10

Migrant background, n (%)

.03

No migrant background

460 (52.5)

83 (43.7)

Migrant background

417 (47.5)

107 (56.3)

2.51 (0.66)

2.53 (0.64)

Seeking social support

2.9 (1.3)

--

Problem solving

3.3 (1.0)

--

Avoidant coping

2.5 (1.1)

--

Palliative emotion regulation

3.3 (1.2)

--

Anger-related emotion regulation

2.6 (1.2)

--

3.7 (0.6)

--

b

Perceived stress (PSS , range 1-5), mean (SD)

.65

Self-management skills (range 1-5), mean (SD)

Social skills (scale, range 1-5), mean (SD)
Alcohol use (AUDIT-Cc ), n (%)

.43

Not at risk (<5)

710 (81.0)

128 (83.7)d

At risk (≥5)

167 (19.0)

25 (16.3)

No

796 (90.8)

--

Yes

81 (9.2)

--

Tobacco smoking in the previous 30 days, n (%)

Cannabis use in the previous 6 months, n (%)

a

.25

No

769 (87.7)

129 (84.3)

Yes

108 (12.3)

24 (15.7)

d

SD: standard deviation.

b

PSS: Perceived Stress Scale.

c

AUDIT-C: Alcohol Use Disorders Identification Test-C.

d

n=37 missing values in nonparticipants.

Follow-up assessments were completed by 436 of the 877
(49.7%) study participants. Concerning attrition bias, the
analysis revealed that follow-up assessments were completed
more likely by female than male participants (χ21=6.7, P<.01),
by participants without a migrant background (χ21=9.9, P<.01),
by participants with higher values on the item on social support

https://mhealth.jmir.org/2017/10/e143/

XSL• FO
RenderX

seeking (t875=−2.47, P=.01), and by participants with a higher
number of program activities during the program period
(t875=37.3, P<.001). To account for this attrition bias, these
variables were entered as covariates within the GEE models
that compared changes in outcomes between baseline and
6-month follow-up.
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Figure 3. Participants’ progress through the study.

Acceptability of the Intervention
During the program, which lasted for 6 months, 43 (4.9%) of
the initial 877 program participants unsubscribed from the
program, resulting in a total of 834 (95.1%, 834/877)
participants who completed the entire program.
A total of 39 activities (eg, replies to texting prompts, accessing
Web links within text messages, and participating in contests)
were prompted over the 6-month program. The mean number
of activities carried out by participants was 15.5 (SD 13.3). Of
the 877 participants, 134 (15.3%) participated in no activities,
223 (25.4%) carried out 1 to 7 activities, 102 (11.6%) engaged
in 8 to 14 activities, 82 (9.4%) in 15 to 21 activities, 123 (14.0%)
in 22 to 28 activities, 156 (17.8%) in 29 to 35 activities, and 57
(6.5%) in 36 to 39 activities.
Of the 387 subjects with valid follow-up data, 323 (83.4%)
indicated that they “read the SMS messages thoroughly,” 61
persons (15.8%) reported that they “took a short look at the
feedback messages,” and only 3 persons (0.8%) chose the
predefined response category “I did not read the feedback
messages.”
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The duration of the program was rated as appropriate by 334
(86.7%, 334/385) program participants with valid follow-up
data. The number of received SMS messages was rated as
appropriate by 84.9% (328/386); 6.7% (26/386) would have
preferred more, and 8.3% (32/386) would have preferred fewer
SMS messages. Almost all participants reported that the text
messages were comprehensible (98.7%, 379/384). Participants
were also asked whether the text messages were helpful, and
296 out of 384 (77.1%) agreed with this. Three out of 4
participants (73.2%, 281/384) 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 94.6% of the participants. Out of
the specific program elements, the competition for prizes, the
quiz questions, and the text messages in general received the
best evaluations, with >90% of participants rating them “good”
or “very good.” The picture and message contests received the
poorest ratings (56.8% “good” or “very good”).
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Figure 4. Evaluation of the program and specific program elements by program participants (n=384). Values are presented for percentages >5%.

Program Effectiveness

1.13, 95% CI 1.01-1.28; P=.04), as well as for the scale
addressing social skills (OR 1.07, 95% CI 1.00-1.13; P=.04).

Life Skills

Substance Use

Pre-post comparisons of the variables addressing life skills are
displayed in Table 2. The GEE analyses revealed a statistically
significant decrease in perceived stress (odds ratio, OR 0.93,
95% CI 0.87-0.99; P=.03). Meanwhile, statistically significant
increases were obtained for the items addressing the
self-management skills seeking social support (OR 1.18, 95%
CI 1.05-1.33; P=.008) and palliative emotion regulation (OR

Pre-post comparisons of substance use prevalence rates are
displayed in Table 3. Concerning alcohol use, GEE analyses
revealed a statistically significant decrease in the percentage of
persons with at-risk alcohol use from the baseline assessment
to the follow-up assessment (OR 0.70, 95% CI 0.53-0.93;
P=.01). No significant pre-post differences were obtained in
the percentage of persons using cannabis or smoking cigarettes.

Table 2. Pre-post comparisons of variables addressing life skills.
Post

ORb(95% CI)c

mean (SD )

mean (SD)

(N=877)

2.5 (0.7)

2.4 (0.7)

0.93 (0.87-0.99)

.03

Seeking social support

3.0 (1.2)

3.2 (1.2)

1.18 (1.05-1.33)

.008

Problem-solving

3.4 (1.0)

3.3 (1.0)

0.93 (0.83-1.04)

.23

Avoidant coping

2.4 (1.0)

2.5 (1.1)

1.09 (0.97-1.23)

.16

Palliative emotion regulation

3.2 (1.2)

3.4 (1.1)

1.13 (1.01-1.28)

.04

Anger-related emotion regulation

2.7 (1.2)

2.6 (1.2)

0.99 (0.87-1.11)

.81

3.8 (0.6)

3.9 (0.6)

1.07 (1.00-1.13)

.04

Variable

Pre
a

Perceived stress (PSSd, range 1-5)

P value

Self-management skills (range 1-5)

Social skills (range 1-5)
a

SD: standard deviation.

b

OR: odds ratio.

c

Linear generalized estimation equation (GEE) models, with time variable (baseline vs follow-up assessment) as the predictor, adjusted for attrition
bias.
d

PSS: Perceived Stress Scale.
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Table 3. Pre-post comparisons of variables addressing substance use.
Pre

Post

ORa(95% CI)b

n (%)

n (%)

(N=877)

At-risk alcohol use, AUDIT-Cc(N=420)

85 (20.2)

65 (15.5)

0.70 (0.53-0.93)

.01

Tobacco smoking, previous 30 days (N=392)

33 (8.4)

31 (7.9)

0.94 (0.65-1.36)

.76

Cannabis use, previous 6 months (N=419)

44 (10.5)

40 (9.5)

0.91 (0.67-1.24)

.54

Variable

a

P value

OR: odds ratio.

b

Logistic generalized estimation equation (GEE) models, with time variable (baseline vs follow-up assessment) as predictor, adjusted for attrition bias.

c

AUDIT-C: Alcohol Use Disorders Identification Test-C.

Discussion
Principal Findings
Within this study, we tested the acceptability and explored the
potential effectiveness of a newly developed mobile
phone–based life skills training program for substance use
prevention among adolescents. The study revealed three main
findings: (1) concerning participation, a large proportion of the
eligible adolescents who were invited for program and study
participation in the setting of a school classroom, participated;
(2) concerning program use, the majority of program participants
completed the entire program and engaged in program activities;
however, regular program use could be improved; and (3)
concerning program effectiveness, the initial results derived
from this pre-post comparison revealed statistically significant
increases in the life skills addressed, a decline in at-risk alcohol
use, and stable prevalence rates for tobacco and cannabis use.
The proactive invitation for program and study participation in
the school setting, in combination with the offer of a
low-threshold mobile phone–based intervention, permitted us
to reach 4 out of 5 adolescents for participation in the life skills
program ready4life. Given the program duration of 6 months
and that program participants needed to indicate their mobile
phone number, this high participation rate is particularly
remarkable and was even higher than for substance-specific
mobile phone–based programs conducted in the same setting
and using similar recruitment procedures; between 50% and
75% participated in comparable programs to support smoking
cessation [25,26], whereas 75% participated in comparable
programs to reduce problem drinking [39,40]. Beyond proactive
recruitment in the school setting and during school hours, the
following reasons might have contributed to the high
participation rate we observed: (1) adolescents were invited by
an institution independent of their school and teacher
(anonymity); (2) the mobile phone–based program was flexible
for use at any time and in any place, and withdrawal from the
program was permitted at any time; (3) program participation
and use were associated with participation in a friendly
competition with the chance to win one of several attractive
prizes; and (4) the program contents were developed specifically
for adolescents during their vocational training.
Participation in the program was lower in male adolescents and
among those reporting an immigrant background. These findings
should be considered for program optimization, for example,
by highlighting the relevance of this program for these
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subgroups or by emphasizing interesting program elements,
focusing particularly on these target groups, during program
presentations in school classrooms.
Overall acceptance of the intervention was good. Nearly all
program participants (95%) stayed logged in until the end of
the program, which lasted 6 months. The SMS messages were
read by almost all program participants (94%), and 3 out of 4
participants reported that they were helpful and perceived the
text messages as individually tailored to them. However, 15%
failed to engage in any of the 39 program activities, and 52%
engaged in fewer than half of the possible activities. On the
basis of this finding, 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 because of the limitations
of mobile phone texting to receive and send pictures, which
could be implemented more elegantly within a chat-based native
mobile phone app.
The results concerning the initial effectiveness of this program
derived from a pre-post investigation are promising. Data
revealed a decrease in perceived stress, an increase in social
skills, and increases in two out of the three desirable
self-management strategies (seeking social support and palliative
emotion regulation), whereas no changes were observed in less
desirable self-management strategies (avoidant coping and
anger-related emotion regulation). The proportion of adolescents
with at-risk alcohol use was reduced by a quarter from baseline
assessment to follow-up, whereas no significant changes were
obtained in the prevalence of tobacco and cannabis use. On the
basis of typically increasing levels and frequency of substance
use in adolescence and early adulthood [41], these stable or
decreasing prevalence rates might be attributable to program
participation. However, no final conclusions on program
effectiveness should be drawn from this study, as we could not
control other factors such as fluctuations that might have
occurred over the course of the year.

Limitations
Beyond the limitations associated with the pre-post study design,
some other study limitations should be mentioned. First, the
results are restricted to adolescents without regular cigarette
use, as only they were deemed eligible to participate in this
general mobile phone–based life skills training. Second, only
50% of the study participants completed the follow-up
assessment, which might have biased evaluations of the program
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and the results on efficacy, even though we controlled for
attrition bias in our GEE models. Third, since the study focused
on program appropriateness, meaning that we wanted it to be
relevant to actual prevention practices, we restricted our outcome
assessments to either short forms of, or single items extracted
from more extensive validated instruments; furthermore all
outcomes were self-reported.

Conclusions and Outlook
This is the first study to test a comprehensive life skills training
program for substance use prevention delivered by a mobile
phone among adolescents. Our results suggest that this program,
which delivers individualized messages and interactive activities
integrated within a friendly competition, is both appropriate
and promising in its effectiveness. Moreover, this intervention
could be easily and economically implemented. On the basis
of these initial positive results, a reasonable next step would be
to test the efficacy of this program within a controlled trial.
Beyond testing the efficacy of digital-delivered life skills
training programs, the examination of moderators and mediators
of life skills trainings outcome in general remains an interesting
question, which should be addressed in future studies.
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 and to
compare the effectiveness of these general life skills training
programs with substance-specific interventions, for example,
mobile phone–based programs for adolescents already
consuming specific substances such as tobacco or alcohol
[20-22]. Results from the IPSY program, conducted in young
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adolescents from Germany [13], indicated that this school-based
and face-to-face delivered life skills training was ineffective for
adolescents who are on a problematic developmental pathway
of alcohol use. The authors conclude that this subgroup might
be in need of an earlier, more intensive and tailored treatment
compared with IPSY. In contrast, findings from the ALERT
Plus project delivered in seventh and eighth grade, with booster
lessons in the ninth grade, showed that curricula during high
school can also be effective with at-risk youth, who are
particularly likely to escalate drug use and experience
drug-related harms [42].
Concerning mediators, it would be of particular interest to test
which of the life skills addressed and successfully modified in
turn might prevent or decrease problematic substance use, for
example, results from the ALERT Plus project showed that
program-induced changes in perceived social influences, one’s
ability to resist those influences, and beliefs about the
consequences of drug use mediated the effects on drug use [42].
Another interesting topic which should be addressed in future
studies concerns potential spillover effects of general life skills
training programs on other mental health conditions. As
substance use and other mental disorders, for example, alcohol
use disorders and depression, do not emerge as single
impairments but rather co-occur [1,43], effects of these programs
on further mental health–related outcomes should also be
investigated. Concerning the comparison of substance-specific
interventions and more general life skills training programs,
one could assume that the latter might have an impact on a wider
spectrum of mental health conditions.
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Abstract
Background: The See Me Smoke-Free (SMSF) mobile health (mHealth) app was developed to help women quit smoking by
targeting concerns about body weight, body image, and self-efficacy through cognitive behavioral techniques and guided imagery
audio files addressing smoking, diet, and physical activity. A feasibility trial found associations between SMSF usage and positive
treatment outcomes. This paper reports a detailed exploration of program use among eligible individuals consenting to study
participation and completing the baseline survey (participants) and ineligible or nonconsenting app installers (nonparticipants),
as well as the relationship between program use and treatment outcomes.
Objective: The aim of this study was to determine whether (1) participants were more likely to set quit dates, be current smokers,
and report higher levels of smoking at baseline than nonparticipants; (2) participants opened the app and listened to audio files
more frequently than nonparticipants; and (3) participants with more app usage had a higher likelihood of self-reported smoking
abstinence at follow up.
Methods: The SMSF feasibility trial was a single arm, within-subjects, prospective cohort study with assessments at baseline
and 30 and 90 days post enrollment. The SMSF app was deployed on the Google Play Store for download, and basic profile
characteristics were obtained for all app installers. Additional variables were assessed for study participants. Participants were
prompted to use the app daily during study participation. Crude differences in baseline characteristics between trial participants
and nonparticipants were evaluated using t tests (continuous variables) and Fisher exact tests (categorical variables). Exact Poisson
tests were used to assess group-level differences in mean usage rates over the full study period using aggregate Google Analytics
data on participation and usage. Negative binomial regression models were used to estimate associations of app usage with
participant baseline characteristics after adjustment for putative confounders. Associations between app usage and self-reported
smoking abstinence were assessed using separate logistic regression models for each outcome measure.
Results: Participants (n=151) were more likely than nonparticipants (n=96) to report female gender (P<.02) and smoking in
the 30 days before enrollment (P<.001). Participants and nonparticipants opened the app and updated quit dates at the same
average rate (rate ratio [RR] 0.98; 95% CI 0.92-1.04; P=.43), but participants started audio files (RR 1.07; 95% CI 1.00-1.13;
P<.04) and completed audio files (RR 1.11; 95% CI 1.03-1.18; P<.003) at significantly higher rates than nonparticipants. Higher
app usage among participants was positively associated with some smoking cessation outcomes.
Conclusions: This study suggests potential efficacy of the SMSF app, as increased usage was generally associated with higher
self-reported smoking abstinence. A planned randomized controlled trial will assess the SMSF app’s efficacy as an intervention
tool to help women quit smoking.
(JMIR Mhealth Uhealth 2017;5(10):e142) doi:10.2196/mhealth.7900
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Introduction
Mobile technology offers new tools for delivering cost-effective
and scalable health interventions to diverse populations [1].
Smoking cessation is an important focus for mobile health
(mHealth) initiatives, considering the heavy burden of
tobacco-related morbidity and mortality [2] and the exponential
increase in access to mobile phone devices [3]. A recent
meta-analysis suggests that mHealth cessation programs result
in increased quit rates among participants [4], although the
degree of usage needed to attain desired health outcomes is
often uncertain [5]. Furthermore, the degree of usage may be
influenced by sociodemographic factors, age, psychological
traits, and other user characteristics [6]. These factors should
be considered when evaluating the effectiveness of mHealth
interventions, such as the recently-developed See Me
Smoke-Free (SMSF) multi-behavioral smoking cessation
program.
The SMSF mHealth app was developed to help women quit
smoking by targeting concerns about body weight, body image,
and self-efficacy through the use of guided imagery audio files
that address smoking, diet, and exercise [7]. The development
of SMSF has been reported elsewhere [8]. Gordon et al [9]
assessed and presented feasibility outcomes and exploratory
analyses of program impact and identified possible associations
between app usage and both smoking and dietary behavioral
change. As program use was associated with positive treatment
outcomes in the pilot study [9], further exploration of app use
data was warranted. This study expands our understanding of
feasibility outcomes of SMSF by exploring the
representativeness of our sample versus all users of the app. As
others have noted, analysis of utilization by user characteristics
may have implications for program enhancements and
dissemination of the app to appropriate populations [10].
Moreover, considering the broad array of smoking cessation
programs on the market, feature-level analyses may point to
elements that predict desired outcomes such as smoking
abstinence [11].
SMSF was deployed to the Google Play Store and available for
use by the public. All those who downloaded the app were
invited to enroll in the study, and approximately half of all users
enrolled as participants [9]. We collected profile data and
Google Analytics usage data for all users and outcome data for
study participants. Participants were defined as eligible
individuals who consented to study participation and completed
the baseline survey, whereas nonparticipants were ineligible
or nonconsenting app installers. In this paper, we report on our
analysis of these data to explore program use among all those
who downloaded the app, as well as the relationship between
program use and treatment outcomes. Our goals were to (1)
compare baseline characteristics of SMSF trial participants with
people who downloaded and used the app but did not participate
in the study (nonparticipants), (2) estimate associations between
participant baseline characteristics and app usage, (3) evaluate
whether trial participation is associated with higher app usage,
https://mhealth.jmir.org/2017/10/e142/

XSL• FO
RenderX

and (4) assess associations between app usage and smoking
cessation among participants. We hypothesized that the
participants are more likely to set quit dates, be current smokers,
and report higher levels of smoking at baseline than
nonparticipants; that participants open the app and listen to
audio files more frequently than nonparticipants; and that
participants with more app usage have higher likelihood of
smoking cessation at follow-up.
We were interested in exploring potential differences between
participants and nonparticipants for two main reasons, which
are as follows: (1) to understand how app users who enroll in
a research study compare with those who do not and (2) to
determine whether those who did not meet our initial criteria
would still use the app and find it potentially useful. Although
SMSF was not marketed to nonsmokers, it is possible that
individuals who had stopped smoking for 30 days or more might
use the program to prevent relapse. It is also possible that
nonsmoking individuals may have downloaded the app to
consider whether it was something that they would want to
recommend to a friend or family member who smoked.
Reporting follows the consolidated standards of reporting trials
(CONSORT) guidelines for feasibility trials [12].

Methods
Study Design
The SMSF feasibility trial was a single arm, within-subjects,
prospective cohort study (ClinicalTrials.gov NCT02972515).
Details of this trial, including eligibility criteria, have been
described elsewhere [7]. Briefly, the SMSF app delivered five
imagery audio files, one of which was a general introduction
to guided imagery [9]. Three files were designed to target
specific behaviors—smoking cessation, physical activity, and
fruit and vegetable consumption—and another addressed general
wellness, positive body image, and self-efficacy [9]. Study
participants were recruited via news stories and social media
postings. Individuals who installed the app and completed app
setup during the recruitment period (April 1, 2015 to July 31,
2015) were invited to participate in the feasibility study.
Individuals were eligible for participation if they identified as
female, were at least 18 years old, smoked in the last 30 days,
lived in the United States, used an Android phone, agreed to
use the app “most days for 30 days,” spoke English, and had a
valid email address [7]. After eligibility screening, eligible
individuals consenting to study participation and completing
the baseline survey were enrolled (participants). Both study
participants and ineligible or nonconsenting app installers
(nonparticipants) could receive the study intervention, which
was defined as the degree of app usage. Eligible nonparticipants
were not asked to explain why they declined to participate in
the study. Outcomes included app usage (as defined by number
of times participants listened to guided imagery audio files,
number of times participants answered the daily questions, and
so on) for all users and smoking status of participants at
follow-up. Incentives of US $25 were provided to participants
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e142 | p.105
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upon completing each 30- and 90-day assessment. Users could
receive app-based awards if they met their goals for a week, but
they did not receive monetary compensation.
Basic profile characteristics (eg, demographics and tobacco use)
were obtained for all app installers at registration, and additional
baseline variables were assessed for participants. Participant
outcomes were evaluated at 30 and 90 days post enrollment. A
full description of the assessment questionnaire was provided
in Gordon et al [9]. App usage was tracked continuously during
the trial (April 1, 2015 to October 15, 2015) via app-based
analytics (participants only) and Google Analytics (all
installers). Participants were asked to set a quit date during app
setup but were able to defer setting the date and return to the
quit date tool to set a date. Quit dates were recorded in the
tracking system, and awards were given based on the quit date.
The system’s motivational push messages were tailored to a
user's stage in the quitting process. The app delivered daily
prompts via push notifications to participants to report their
smoking status (“Overall, please rate your cravings today” and
“Did you smoke today, even a puff?”) and reminders to listen
to guided imagery audio files at user-specified times. Four 5-min
guided imagery audio files focused on smoking cessation, eating
well, increasing physical activity, and maintaining general
well-being were delivered consecutively over 4 weeks. A
complete description of program content, including prompt
texts, is provided in a separate paper [9].
The app was identical for participants and nonparticipants, and
both groups were prompted to access app features and complete
questions daily; however, only participants were asked to
complete the baseline and 30- and 90-day surveys. Participants
were required to use the app for at least 30 days during study
participation. Staff attempted to contact participants who did
not use the app for 2 consecutive weeks, and participants who

Schmidt et al
opted to remain and subsequently used the app were retained.
If participants did not use the app for 2 consecutive weeks (14
days) during the first 30 days and the staff was not able to
contact them, they were dropped for inactivity. Participants who
completed the study were considered full participants, whereas
those who dropped out or were withdrawn were considered
partial participants. Data from partial participants were not
retained or included in the analysis, though baseline variables
were previously reported to not differ significantly between
partial and full participants [9].

Study Outcomes and Covariates
Outcomes assessed by this analysis consisted of app usage and
smoking cessation indicators. We hypothesized an a priori
conceptual relationship model for exposure, outcome, and
putative confounder variables (Figure 1). Age and race are
commonly considered likely confounders of associations in
epidemiological studies. Weight concern was considered likely
to influence tobacco dependence [7], whereas both weight
concern and tobacco dependence were considered probable
influences on motivation to use mental imagery or the app.
Guided by this model, separate analyses were used to examine
usage as an outcome of demographic and behavioral variables
and as an exposure associated with smoking cessation outcomes.
Google Analytics data represent aggregate counts (for
participants and nonparticipants separately) of times opening
the app, updating quit dates, and starting or completing guided
imagery audio files. Outcomes were measured as unique screen
views per app session over the entire study period. Audio file
data were combined to yield aggregate measures across all audio
files. The app collected data in a separate database on audio
files completed and days answering questions for each
participant.

Figure 1. Directed acyclic graph showing hypothesized relationships among principal exposure, confounder and outcome variables (see text for details
of which variables filled these roles in each analysis). App usage and smoking cessation each consist of several measures and are displayed here in a
simplified form.
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Completion rates for daily individual questions were recorded;
however, no monetary reward or compensation was offered for
completing the daily assessments. Smoking data were collected
at 30 and 90 days and consisted of 7-, 30-, and 90-day
self-reported smoking abstinence.
Characteristics collected during app registration for all installers
included gender, smoking status in previous 30 days (yes or
no), desire to set a quit date (yes or no), number of cigarettes
smoked on a typical day, amount paid for a pack of cigarettes,
and source of referral to SMSF (from a coded list). Variables
with which to address associations between participant
characteristics and app usage were sourced from the baseline
questionnaire and included age (in years, as 2015 minus reported
birth year), race (dichotomized to white or non-white because
of small samples for non-white races), tobacco dependence
(time to smoking after waking, four categories from <5 min to
>60 min), concern about weight gain (low to high willingness
to gain 1-5 lb after quitting smoking, on an integer scale of 1
to 5; modeled as a continuous variable given evident linearity
with outcome measures), and use of mental imagery in the
previous week (never to greater than 30 min, on an integer scale
of 1 to 5).

Statistical Methods
All statistical analyses were performed in R version 3.3.1 (R
Core Group) [13], and a type I error rate of 0.05 was
prespecified for all tests of significance, which were two-sided.
Crude differences in baseline characteristics between
participants and nonparticipants were evaluated using
two-sample t tests for continuous variables and Fisher exact
tests for categorical variables. Exact Poisson tests were used to
assess group-level differences in mean usage rates over the full
study period using aggregate Google Analytics data on
participation and usage.
Usage variables from app-based analytics displayed
right-skewed distributions, supporting the use of negative
binomial or Poisson regression models to estimate associations
of app usage (days answering questions and number of audio
files completed) with participant baseline characteristics.
Negative binomial models were compared with equivalent
Poisson models using likelihood ratio tests (LRTs) to assess
improvement in model fit with the former models. Individual
models estimated associations of each outcome variable with
age, race, tobacco dependence, weight concern, and use of
mental imagery. Adjusted models were specified from putative
confounding relationships (Figure 1). Models for tobacco
dependence included weight concern as a covariate, and models
for mental imagery included weight concern and tobacco
dependence. All models included race and age as possible
confounders. Age was treated as a continuous variable with

https://mhealth.jmir.org/2017/10/e142/

XSL• FO
RenderX

Schmidt et al
either linear or nonlinear terms (three-knot restricted cubic
splines) selected for each model via LRTs. Observations with
Cook d above 4/n (where n is the sample size for the analysis)
within a given adjusted model were removed and the model
rerun to assess the sensitivity of results to these potentially
influential observations.
Associations between app usage and smoking cessation among
individual full participants were assessed using separate logistic
regression models for each self-reported smoking abstinence
outcome. Primary exposure variables were modeled separately
and consisted of days answering questions and audio files
completed. Usage data for the first 30 days of participation were
summed for each individual. Age (linear), race, weight concern,
mental imagery, and tobacco dependence were included as
potential confounders. Assumptions of linearity in log-odds
were assessed, and log transformation and nonlinear modeling
of exposure variables were evaluated for improvement of
linearity and model fit. Discriminatory abilities of final models
were evaluated using calculated C indices. Identification of
influential points and handling of missing data were as described
previously for negative binomial models.

Results
Participant Recruitment and Characteristics
Recruitment of participants into the feasibility trial is illustrated
in Figure 2. Of the total of 289 individuals who installed the
SMSF app during the recruitment period, 251 completed the
registration profile. Of these, 86 individuals chose not to enroll,
and 14 were dropped because of exclusion criteria. A total of
151 eligible individuals consented to study participation and
were enrolled, of whom 15 requested to be withdrawn from the
study, and 63 were dropped because of inactivity, yielding 78
partial participants and 73 full participants. The median time
until dropout because of either withdrawal-request or inactivity
was 33 days, with a median time until withdrawal-request of
23.5 days (range: 15-48 days; n=15) and median time until
dropout because of inactivity of 34 days (range: 4-82 days;
n=63).
Baseline characteristics of study participants and nonparticipants
are summarized in Table 1. Participants had significantly higher
likelihood of female gender and of smoking in the 30 days
before enrollment than nonparticipants. Whereas a larger
proportion of participants than nonparticipants set a quit date
at baseline, and participants smoked a higher mean number of
cigarettes per day and paid a higher average price for cigarettes,
these differences were not statistically significant. Participants
were more likely to have been referred to SMSF by Google or
the Google Play Store than nonparticipants, but other sources
of referral did not differ significantly.
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Figure 2. Flow of participants through the See Me Smoke-Free (SMSF) feasibility trial.

Table 1. Baseline characteristics from registration profile responses for all users who completed a profile; study participants and nonparticipants. Test
results are for null hypotheses of no mean difference between participants and nonparticipants.
Profile characteristics

All users (N=247)

Participants (n=151)

Nonparticipants (n=96)

P value

Mean (SDa) or n (%)

Mean (SD) or n (%)

Mean (SD) or n (%)

Gender: female, n (%)

243 (98)

151 (100)

92 (96)

.02b

Smoked in previous 30 days, n (%)

237 (96)

151 (100)

86 (90)

<.001b

Set quit date at baseline, n (%)

198 (80)

127 (84)

71 (74)

.07b

Cigarettes smoked on a typical day, mean (SD)

16.1 (10.6)

16.6 (11.9)

15.2 (8.1)

.27c

Amount paid for a pack of cigarettes in US $, mean (SD)

6.61 (2.80)

6.70 (2.77)

6.47 (2.86)

.54c

Facebook

29 (12)

19 (13)

10 (10)

.69b

Google or Google Play Store

78 (32)

56 (37)

22 (23)

.02b

Friend or family

26 (11)

14 (9)

12 (13)

.52b

Other

135 (55)

79 (52)

56 (58)

.36b

Referred to SMSF d by e , n (%)

a

SD: standard deviation.

b

Fisher exact test.

c

t test (2-tailed).

d

SMSF: See Me Smoke-Free.

e

Totals may exceed 100%, as users could provide more than one response.

Age and race data were collected only for participants, and one
partial participant did not complete the baseline survey; all other
baseline variables of interest were complete, and full and partial
participants reported similar baseline characteristics. Age was
similar among full and partial participants (full: mean=39.1
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years, standard deviation [SD]=13.1 years; partial: mean=36.9
years, SD=11.4 years; t test: P=.29). Racial composition was
also similar among full and partial participants (white: 73%
[53/73] and 74% [57/77], respectively; African American: 16%
[12/73], 12% [9/77]; Asian: 1% [1/73], 3% [2/77]; multiracial:
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4% [3/73], 4% [3/77]; Native American: 0% [0/73], 1% [1/77];
other: 6% [4/73], 7% [5/77]; Fisher exact test: P=.94). Full and
partial participants had moderate and similar concerns about
weight gain (full: mean=3.1, SD=1.1; partial: mean=2.9,
SD=1.2; on a scale from 1 to 5; t test: P=.49) and reported high
smoking dependence, with 52 (71%, 52/73) full and 63 (82%,
63/77) partial participants reporting that they smoke within 30
min of waking (t test of reported dependence on continuous
scale: P=.47). Most participants reported using mental imagery
only infrequently at baseline, with 42 (58%, 42/43) full and 38
(49%, 38/78) partial participants reporting no use of mental
imagery during the previous week (t test of reported mental
imagery use on continuous scale: P=.76). Full and partial
participants set quit dates at baseline at similar rates (Fisher
exact test: P=.83) and reported similar numbers of cigarettes
smoked at baseline (t test: P=.54) and amounts paid for
cigarettes (t test: P=.10).

Participation and Usage
On the basis of group-level usage data from Google Analytics,
participants and nonparticipants opened the app and updated
quit dates at the same average rate (Table 2), but participants
started and completed audio files at significantly higher rates.
Relative usage patterns of full versus partial participants could
not be distinguished using the Google Analytics data. An
in-depth comparison of daily assessment response rates between
full versus partial participants was beyond the scope of this
analysis; however, a total of 123 participants completed the
daily assessment at least once.
Among these respondents (n=123), the daily assessment was
completed on an average of 21.2 days (SD=26.6; range: 1-118).
In response to the prompt “overall, please rate your cravings

today,” users selected “none” on an average of 21 days
(SD=25.2; range: 1-87), they selected “few” on an average of
9.2 days (SD=11.1; range: 1-63), they selected “several” on an
average of 5.9 days (SD=9.6; range: 1-70), they selected “many”
on an average of 3.9 days (SD=4.07, range: 1-21), and they
selected “very many” on an average of 4.9 days (SD=9.2, range:
1-48). In response to the prompt “Did you smoke today, even
a puff?” users selected “yes” on an average of 18 days
(SD=23.7; range: 1-115), and they selected “no” on an average
of 8.8 days (SD=13; range: 1-61).

Participant Characteristics and Usage
Full participants listened to audio files on an average of 30.2
times (SD=29.4; range: 0-109) and answered questions on an
average of 33.4 days (SD=29.1; range: 0-109). The use of
negative binomial regression was supported by the highly
right-skewed distributions of both usage variables, the
significantly improved fit relative to Poisson models, and
unremarkable residual plots. Usage outcomes were highly
positively correlated (Pearson correlation ρ=.77). Whereas
examined baseline characteristics were not significantly
associated with extent of app usage (Table 3), results suggested
higher relative usage with increasing age and non-white race
and lower usage with increasing weight concern. Increased
smoking dependence and use of mental imagery were not
associated with consistent trends in app usage. Results did not
differ meaningfully between unadjusted and adjusted models.
Reanalysis after removal of influential observations reversed
the association between race and audio completion and
suggested a stronger relationship between increased smoking
dependence and daily questions answered. No other estimates
were highly sensitive to influential observations.

Table 2. Comparison of app usage outcomes from Google Analytics for participants and nonparticipants. Total: Aggregate count. Mean: Average per
user. RR: rate ratio (exact Poisson test), with test for equal rates. Counts of audio files started and completed include both repeated usages of the same
files and usages of different files by an individual.
RRa (95% CI)

P value

1895 (19.7)

0.98 (0.92-1.04)

.43

29 (0.19)

18 (0.19)

1.02 (0.55-1.96)

>.99

Audio files started

2725 (18.0)

1625 (16.9)

1.07 (1.00-1.13)

.04

Audio files completed

2288 (15.2)

1315 (13.7)

1.11 (1.03-1.18)

.003

Usage outcome

a

Participants (n=151)

Nonparticipants (n=96)

Total (mean)

Total (mean)

Opening the app

2912 (19.3)

Updated a quit date

RR: rate ratio.
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Table 3. Associations between baseline characteristics and usage outcomes. App-based analytics for full trial participants (n=73) over the study period,
as incidence rate ratios (IRR); results of sensitivity analysis, where influential observations are removed, are included.
Characteristic

Daily questions answered, IRRa (95% CI)
Unadjusted

Adjustedb

Audio files completed, IRR (95% CI)

Influential

Unadjusted

Adjusted

observations

observations

c

removed

removed
Age (per 10 years)

Influential

1.05 (0.87-1.26)
P=.64

1.07 (0.89-1.30)
P=.46

1.07 (0.89-1.30)
P=.46, n=73

1.15 (0.96-1.38)
P=.13

1.18 (0.98-1.42)
P=.07

1.26 (1.05-1.51)
P=.01, n=70

White

Ref

Ref

Ref

Ref

Ref

Ref

Other

1.16 (0.69-2.06)
P=.59

1.25 (0.71-2.29)
P=.43

1.25 (0.71-2.29)
P=.43, n=73

1.02 (0.61-1.77)
P=.95

1.23 (0.71-2.20)
P=.44

0.86 (0.50-1.52)
P=.44, n=70

P=.57

P=.72

P=.39

P=.18

P=.67

P=.17

<5 min

0.90 (0.31-2.16)

0.92 (0.31-2.33)

1.53 (0.48-4.04)
n=71

0.69 (0.26-1.60)

0.81 (0.30-1.96)

0.90 (0.31-2.22)
n=68

5-30 min

1.29 (0.46-3.02)

1.28 (0.46-2.99)

2.06 (0.67-5.17)
n=71

1.26 (0.48-2.85)

1.19 (0.45-2.69)

1.62 (0.58-3.83)
n=68

31-60 min

0.90 (0.30-2.32)

0.90 (0.30-2.37)

1.26 (0.38-3.50)
n=71

0.82 (0.29-2.04)

0.89 (0.32-2.20)

0.92 (0.31-2.44)
n=68

>60 min

Ref

Ref

Ref

Ref

Ref

Ref

Concern about weight gaind

0.89 (0.71-1.12)
P=.32

0.91 (0.72-1.15)
P=.43

0.88 (0.69-1.11)
P=.25, n=68

0.83 (0.66-1.05)
P=.09

0.85 (0.68-1.06)
P=.13

0.78 (0.62-0.97)
P=.02, n=69

Mental imagery usee

0.93 (0.76-1.16)
P=.47

0.93 (0.76-1.17)
P=.50

0.87 (0.69-1.11)
P=.19, n=71

0.98 (0.81-1.22)
P=.85

1.00 (0.83-1.23)
P=.78

0.84 (0.69-1.05)
P=.09, n=67

Race

Time to smoke after waking

a

IRR: incidence rate ratios.

b

Model adjusted for age and race.

c

n: number of observations remaining after exclusion of influential observations.

d

1=low to 5=high.

e

1=Never to 5=More than 30 min.

App Usage and Smoking Cessation
Among 68 full participants who completed the 30-day survey,
7- and 30-day self-reported smoking abstinence was 37%
(25/68) and 21% (14/68), respectively. Among 66 full
participants who completed the 90-day survey, 7-, 30-, and
90-day self-reported smoking abstinence was 47% (31/66), 32%
(21/66), and 15% (10/66), respectively. Cessation outcomes at
the 30-day survey were highly positively correlated (Pearson
correlation ρ=.77), but cessation outcomes at the 90-day survey
and between 30- and 90-day surveys were less highly correlated
(ρ=.43-.73). As our study design (within subjects) was focused
on looking only at participants who actually used the app, usage
data are not available for partial participants.
The data suggested that app usage may have a nonlinear
relationship with smoking cessation, but model comparisons
supported use of untransformed usage variables in all final
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analyses. Among full participants, odds ratios for most
associations between app usage and smoking cessation were
greater than one (Table 4), and some were statistically
significant, suggesting a positive association between app usage
and smoking cessation. Missing cessation outcomes were not
imputed as missingness was low among full participants (7%
[5/73] and 10% [7/73] for 30- and 90-day survey outcomes,
respectively; partial participants lacked outcome data by
definition and were not considered missing for this purpose).
Adjusted models had moderate discriminatory ability, with C
indices ranging from 0.68 to 0.78 (results not shown). Results
were similar between unadjusted and adjusted models, though
adjusted models yielded larger effect sizes. With the exception
of 7-day smoking cessation at the 30-day survey, reanalysis
after exclusion of influential observations also suggested
stronger associations between app usage and smoking cessation
than the primary analysis.
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Table 4. Associations between app usage during the first 30 days and smoking cessation outcomes from 30- and 90-day surveys for full trial participants.
To provide meaningful comparisons, estimates are given for the third versus first quartiles of the main exposures. Influential observations removed:
Results of sensitivity analyses (adjusted models).
Self-reported smoking
abstinence

Complete audio listens, ORa (95% CI)
Unadjusted

Adjustedb

Days answering questions, OR (95% CI)
Influential

Unadjusted

Adjusted

observations

Influential
observations

c

removed

removed
30-day survey (n=68)
7 days

1.57 (0.62-3.95)
P=.34

1.78 (0.61-5.23)
P=.29

1.51 (0.35-6.48)
P=.58, n=63

1.28 (0.49-3.31)
P=.62

1.63 (0.52-5.14)
P=.40

1.21 (0.26-5.62)
P=.81, n=63

30 days

1.31 (0.44-3.87)
P=.63

1.33 (0.37-4.69)
P=.66

4.35 (0.36-52.08) 0.79 (0.25-2.52)
P=.25, n=61
P=.69

0.86 (0.22-3.38)
P=.83

0.87 (0.10-7.63)
P=.90, n=61

2.84

3.04

4.19

2.54

3.17

6.27

(1.05-7.66)

(1.07-8.67)

(1.36-12.97)

(0.96-6.67)

(1.07-9.38)

(1.62-24.27)

P=.04

P=.04

P=.01, n=62

P=.06

P=.04

P=.01, n=62

2.37

3.06

9.12

1.79

2.55

3.87

(0.87-6.46)

(1.00-9.35)

(1.99-41.79)

(0.67-4.79)

(0.82-7.95)

(1.09-13.73)

P=.09

P<.05

P<.01, n=61

P=.25

P=.11

P=.04, n=64

1.93

2.91

3.61

1.03

1.65

N/Ad,e

(0.55-6.77)

(0.63-13.43)

(0.83-15.80)

(0.29-3.70)

(0.36-7.65)

P=.30

P=.17

P=.09, n=56

P=.96

P=.52

90-day survey (n=66)
7 days

30 days

90 days

a

OR: odds ratio.

b

Models adjusted for age, race, mental imagery, weight concern, and tobacco dependence.

c

n: number of observations remaining after exclusion of influential observations.

d

N/A: not applicable.

e

Results were unreliable as nearly all (9 of 10) individuals with reported smoking cessation were flagged as influential.

Discussion
Principal Findings
The results of this study supported many hypothesized
associations in the SMSF trial. Participants were significantly
more likely to report that they had smoked during the 30 days
before enrollment and to report female gender, both of which
were requirements of study enrollment. These results suggest
that the app may have appeal beyond the target group. One aim
of this study was to explore how the sample of participants
compared with users who may or may not have met the inclusion
criteria and how other people who downloaded the app (eg, men
and those not ready to quit) used the app. As participants were
more likely than nonparticipants to have learned about SMSF
from Google or the Google Play Store, it is possible that
participants were more highly motivated to quit smoking and
to have actively sought out cessation-related tools or products.
Results also suggested possible associations between usage and
both age and weight concern, suggesting a need for further
investigation to understand the relationship between these
variables. Age has been observed to be a predictor of usage of
smoking cessation websites [14]; however, associations with
mobile phone–based cessation programs have been mixed, as
noted by Zeng et al [10]. Regarding weight concern, the SMSF
app was targeted at women smokers who were concerned about
weight gain, which is why it includes diet and physical activity
https://mhealth.jmir.org/2017/10/e142/
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components aimed at reducing weight gain while quitting
smoking. Study participants did not open the app more
frequently than nonparticipants but did start and complete audio
files at a significantly higher rate. Conclusions about the clinical
meaningfulness of these differences cannot be made because
the same outcome measures for participants and nonparticipants
were not collected. A positive dose-response relationship to the
number of audio files listened to, and smoking abstinence, has
been identified by an earlier analysis of the SMSF program [9].
Most of the analyses suggested that participants who used the
app more frequently were also more likely to quit smoking,
consistent with the findings of Gordon et al [9], who reported
significant increases in 7- and 30-day self-reported smoking
abstinence during follow-up along with improvements in certain
aspects of physical activity and diet.
The contribution of SMSF to the field of mHealth as an
innovative imagery-based, multi-behavioral intervention has
been discussed in earlier publications [7-9]. Uncertainty often
surrounds the extent to which the use of digital interventions
determines desired health outcomes [5]. A review by Donkin
et al [15] discussed how the most appropriate metrics of usage
may differ between different types of interventions and how
in-depth analysis of usage can help understand which metrics
are most associated with effectiveness. Additionally, user
characteristics can strongly influence the effectiveness of digital
interventions [6]. This study sought to determine characteristics
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of users in the SMSF feasibility trial, how these characteristics
might be related to app usage, and to assess whether there is
preliminary evidence that app usage is associated with
self-reported smoking abstinence.

Strengths and Limitations
Limitations of the SMSF feasibility study have been discussed
by Gordon et al [9]. Potential sources of bias include the lack
of a control group and the significant dropout rate. Among those
who used the app for the duration of the study and responded
to follow-up measures, app use was positively associated with
cessation. Retention on this study is comparable with other
mHealth studies, which frequently have high attrition rates
[16-19]. The high attrition inherent in many mHealth studies is
offset by the broad reach and dissemination potential of mHealth
intervention programs. Participants were recruited from a
self-selected pool of individuals who responded to project news
coverage and social media promotions, raising the risk of
selection bias. Respondents could have differed from the broader
target population of female smokers, for example, by being
more highly motivated to quit and more inclined to engage in
mHealth interventions. The majority of full participants
self-identified as white, possibly limiting generalizability to
other populations or indicating a need to target the app to less
represented groups [20]. Furthermore, SMSF is available
exclusively on Android phones, potentially narrowing the user

Schmidt et al
base by socioeconomic status [15]. Despite these limitations,
the SMSF trial had several strengths, including the analysis of
multiple independent sources of usage data. Whereas some
results were sensitive to a small number of influential
participants, an additional strength of the study was the general
robustness of most estimates. Important additional factors
(variables, interactions, or nonlinear relationships) determining
app usage or smoking cessation may remain unidentified, but
the large effect sizes estimated for most associations between
app usage and cessation outcomes are promising and support
more extensive evaluation of SMSF efficacy. We note that as
a feasibility study, this trial’s primary objective was not to detect
intervention effects, so results should be interpreted cautiously.

Conclusions
This study suggests high potential efficacy of the SMSF app,
as increased usage was generally associated with higher
self-reported smoking abstinence. As a one-arm feasibility trial,
a causal relationship between app usage and improved smoking
cessation cannot be demonstrated, and the study was not
powered to identify significant associations. A planned SMSF
controlled trial should provide additional evidence with which
to judge the app’s efficacy as an intervention tool and afford
greater statistical power and may be able to examine additional
factors affecting app usage and smoking cessation.
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Abstract
Background: The majority of young people do not meet the recommendations on physical activity for health. New innovative
ways to motivate young people to adopt a physically active lifestyle are needed.
Objective: The study aimed to study the feasibility of an automated, gamified, tailored Web-based mobile service aimed at
physical and social activation among young men.
Methods: A population-based sample of 496 young men (mean age 17.8 years [standard deviation 0.6]) participated in a 6-month
randomized controlled trial (MOPO study). Participants were randomized to an intervention (n=250) and a control group (n=246).
The intervention group was given a wrist-worn physical activity monitor (Polar Active) with physical activity feedback and access
to a gamified Web-based mobile service, providing fitness guidelines, tailored health information, advice of youth services, social
networking, and feedback on physical activity. Through the trial, the physical activity of the men in the control group was measured
continuously with an otherwise similar monitor but providing only the time of day and no feedback. The primary outcome was
the feasibility of the service based on log data and questionnaires. Among completers, we also analyzed the change in anthropometry
and fitness between baseline and 6 months and the change over time in weekly time spent in moderate to vigorous physical
activity.
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Results: Mobile service users considered the various functionalities related to physical activity important. However, compliance
of the service was limited, with 161 (64.4%, 161/250) participants visiting the service, 118 (47.2%, 118/250) logging in more
than once, and 41 (16.4%, 41/250) more than 5 times. Baseline sedentary time was higher in those who uploaded physical activity
data until the end of the trial (P=.02). A total of 187 (74.8%, 187/250) participants in the intervention and 167 (67.9%, 167/246)
in the control group participated in the final measurements. There were no differences in the change in anthropometry and fitness
from baseline between the groups, whereas waist circumference was reduced in the most inactive men within the intervention
group (P=.01). Among completers with valid physical activity data (n=167), there was a borderline difference in the change in
mean daily time spent in moderate to vigorous physical activity between the groups (11.9 min vs −9.1 min, P=.055, linear mixed
model). Within the intervention group (n=87), baseline vigorous physical activity was inversely associated with change in moderate
to vigorous physical activity during the trial (R=−.382, P=.01).
Conclusions: The various functionalities related to physical activity of the gamified tailored mobile service were considered
important. However, the compliance was limited. Within the current setup, the mobile service had no effect on anthropometry
or fitness, except reduced waist circumference in the most inactive men. Among completers with valid physical activity data, the
trial had a borderline positive effect on moderate to vigorous physical activity. Further development is needed to improve the
feasibility and adherence of an integrated multifunctional service.
Trial registration: Clinicaltrials.gov NCT01376986; http://clinicaltrials.gov/ct2/show/NCT01376986 (Archived by WebCite
at http://www.webcitation.org/6tjdmIroA)
(JMIR Mhealth Uhealth 2017;5(10):e146) doi:10.2196/mhealth.6675
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Introduction

studies targeted at young people, especially interventions
targeted at boys, are still scarce [12,23].

The positive effect of physical activity on health [1-3], fitness
[4,5], and other lifestyle factors, such as smoking and irregular
eating [6], is undeniable. To achieve the health benefits of
physical activity, young people under the age of 18 years should
accumulate at least 60 min of moderate to vigorous physical
activity daily [2]. However, the majority of young people do
not meet the global recommendations of physical activity
beneficial for their health [7]. Physical activity declines during
adolescence even more among boys than girls [8]. Thus,
encouraging physical activity among young men is of great
importance, and new innovative solutions to motivate young
men to adopt a physically active lifestyle are needed [8,9].

Nowadays, technology such as wearables enables integrating
measured sensor data (eg, physical activity data) directly as
parts of mobile services, which further allows delivering
automated and tailored feedback messages to the user based on
the personal measures. Tailoring of health communication is a
means to increase effectiveness of health information by
providing more user-centered information [24]. New technology
also allows integrating game mechanics to the nongame contexts
in a service.

Traditional interventions, including face-to-face meetings,
consume time and money and are also associated with
geographic restrictions [10,11]. On the other hand, interventions
delivered through mass media are not able to provide
individualized feedback, which has been shown to enhance the
effectiveness of physical activity-related interventions [12]. The
constantly increasing availability of the Internet and mobile
apps offer a new viable way to reach young people easily, even
with tailored feedback [13,14]. In addition to tailored and
real-time feedback, physical activity profiles, goal setting, social
support networking, and online expert consultation have been
found to be effective ways to enhance physical activity with
smartphone technology [15].
Several previous studies investigating the effect of an
Internet-based service or a mobile service for promoting physical
activity have shown improved health-related behavior among
study participants [16-21]. However, the use of questionnaires
to evaluate change in physical activity and the lack of a
comparable control group have complicated the investigation
of the effect of interventions [15,22]. In addition, intervention
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Mobile phone games can be feasible for adolescents to use for
promoting physical activity [25]. Gamification means using
game design techniques, game principles, and mechanics, such
as badges, points, levels, and leaderboards, to improve user
engagement, learning, behavior change, and reaching goals [26].
Gamification is increasingly being used for fitness and
health-related services to improve user experience and
engagement [27], and there are number of health and fitness
apps available in the app stores containing at least some
components of gamification. Recent reviews have provided an
overview of mobile gaming apps to promote daily life physical
activity and a demonstration of their acceptability and feasibility
among the users [28] and have identified and confirmed the
effectiveness of persuasive features in physical activity studies
[29]. However, clinical effectiveness and the added value of
gaming in changing daily activity behavior have not yet been
established. Furthermore, integration of elements of behavioral
theory is lacking, which can potentially impact the efficacy of
gamification apps to change behavior [30].
In our 3-month MOPO pilot study, we demonstrated that the
use of a wearable physical activity monitor providing activity
feedback had a short-term positive effect on physical activity
behavior among young men [31]. To meet the need for new
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methods to motivate young people to promote their physical
activity, this 6-month trial (ClinicalTrials.gov NCT01376986)
evaluated the feasibility of a fully automated, gamified, tailored
Web-based mobile service, including physical activity
monitoring, in young men. Additionally, we analyzed the effects
of the service on anthropometry, fitness, and physical activity
among completers. We hypothesized that the mobile service
together with continuous physical activity monitoring and
feedback is feasible for young men and that the service has a
positive effect on anthropometry, fitness, and physical activity.

generated. If necessary, the participants were also provided a
mobile phone (n=19) for the duration of the study to be able to
use the service. During the first (baseline) week of the trial, the
Polar Active monitor was not providing any feedback to the
user, and access to the MOPOrtal service was also blocked.
After the baseline week, the intervention group was sent a text
message (short message service, SMS) instructing how to unlock
the monitor screen and log in to MOPOrtal. At the final
measurements, the monitors were checked to ascertain whether
unlocking had been performed.

Methods

Through the trial, the physical activity of the men in the control
group was measured continuously with a blinded Polar Active
monitor providing only the time of day but no feedback.
Otherwise they continued their normal life. The control group
had no access to the MOPOrtal service.

Study Design and Participants
This 6-month, population-based, parallel randomized controlled
trial (MOPO study) was conducted in the city of Oulu, Northern
Finland (the number of inhabitants approximately 199,000).
The recruitment of the study participants was carried out during
the annual military call-ups in September 2013. The military
service or civic duty is compulsory for all male citizens in
Finland. Finnish Defence Forces organize conscription every
year, and all boys turning 18 years participate. During the
call-ups in autumn 2013, all conscription-aged men (n=1265)
were invited to anthropometry and fitness measurements (Figure
1). All those 825 men (65.21%, 825/1265) who went through
the measurements were asked to participate in the 6-month trial.
Finally, a total of 496 young men (mean 17.8 years [standard
deviation 0.6]) agreed to participate and were randomly allocated
(allocation ratio 1:1) to either an intervention group (n=250) or
a control group (n=246). Blinded randomization was performed
by an assistant who was neither involved in the trial nor in the
data collection and analysis. Randomization was conducted
based on a list of computer-generated random numbers in blocks
of 10. Each participant received sequentially the next random
assignment in the list. The reasons for not participating in the
trial (n=329) were their lack of interest or laziness (31%); they
would not use the wrist-worn clock because they disliked its
outlook or already had a wrist watch (23%); they did not feel a
need for this type of service; they were already taking care of
themselves (9%); and other reasons (17%). In addition, 20%
did not give any reason for declining.
The study protocol [32] has been registered to the clinical trials
register (NCT01376986, ClinicalTrials.gov). The study
participants were provided written and oral information about
the procedures of the study, and a written consent was obtained.
The study was conducted in accordance to the Declaration of
Helsinki. The study was approved by the Local Ethics
Committee.

Intervention
The men in the intervention group had access to an automated,
gamified, tailored Web-based mobile physical and social
activation service during the trial. The detailed description of
the intervention has been published elsewhere [33].
During the baseline assessments, all participants received a
wrist-worn physical activity monitor (Polar Active, Polar
Electro). In the intervention group, a personal account for a
gamified Web-based mobile service, MOPOrtal (Figure 2), was
https://mhealth.jmir.org/2017/10/e146/
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All study participants filled in a health and lifestyle
questionnaire and went through anthropometry and fitness
measurements at baseline in September 2013 and at the end of
the trial in March 2014. Those two meetings at baseline and at
6 months were the only face-to-face meetings during the
6-month trial.

Physical Activity Monitor
Polar Active is a wrist-worn watch-like monitor displaying by
default the accumulated daily moderate to vigorous physical
activity time and achievement of daily activity target (60 min
in this study) as a bar. The time spent on different physical
activity levels, steps, and calories for each day are also available
for the user through the monitor. The monitor with a 21-day
memory is waterproof and includes a uniaxial accelerometer.
Polar Active calculates the acceleration signals to metabolic
equivalents (MET) with the epoch length of 30 s using sex, age,
weight, and height as input. In addition, Polar Active provides
time spent in five activity levels using the following thresholds:
1≤ MET<2 (sedentary behaviors), 2≤MET<3.5 (light physical
activity), 3.5≤MET<5 (moderate physical activity), 5≤MET<8
(vigorous physical activity), and ≥8 MET (very vigorous
physical activity). While assessing energy expenditure, a high
correlation has been found between Polar Active and the doubly
labeled water technique (R=.86), as well as between Polar Active
prototype and indirect calorimetry (R=.987) [34,35].
The participants in both groups were advised to wear the device
on the nondominant wrist at least for all waking hours and to
upload their personal activity data to the research database
through Polar FlowLink (Polar Electro) at least every 3 weeks.
As a reminder to upload the physical activity data, both groups
received a text message every 3 weeks. Two movie tickets were
raffled once a month as incentives among those participants
who uploaded physical activity data.
At least 3 valid days (≥500 min of data) out of 7 were required
to be included in the analysis for each week [36]. Mean daily
time was calculated for each week for time spent in moderate
(3.5-5 MET) and vigorous physical activity (>5 MET) for both
groups starting from the next day when the monitor was given.
Moderate to vigorous physical activity was defined as the sum
of moderate and vigorous physical activity.
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Figure 1. The flow diagram of participants in the 6-month randomized controlled MOPO study.

Figure 2. The MOPOrtal service and the Clans of Oulu game.
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Gamified Mobile Service
The novel gamified mobile service, MOPOrtal (Figure 2), for
promoting physical activity and health was set up in the
multidisciplinary MOPO study together with the city of Oulu
and enterprises of related expertise, including a game studio
(LudoCraft Ltd). Additionally, men in the age group of 16 to
20 years from local school classes, voluntary courses, and youth
workshops for unemployed young men were involved in
designing and testing the service. The underlying idea of the
service design was to promote physical and social activity
through game-based persuasion, for example, by physically
moving within the districts of the city, players could earn points
and claim areas for their clan in-game [37]. A sense of affinity
was intended to be achieved via a multiplayer cooperation
element, as the player belonged to any of the five clans
contesting in the game.
The service was running on a Web browser but optimized for
mobile use (HTML5), which enabled participants in the
intervention group to use it either on a computer or on a mobile
device. The activity data, measured using Polar Active, was
utilized from the research database to tailor the feedback and
information provided by MOPOrtal for each user. The users
had also an opportunity to enter daily activity data manually to
the service.
The gamified MOPOrtal service has been described in more
detail elsewhere [33]. In short, it included (1) automated tailored
health information, exercise, and physical activity instructions
based on the stage of exercise behavior change; (2) regular
automated change check concerning the stage of exercise
behavior change; (3) feedback on physical activity and sitting
time; (4) Clans of Oulu conquering game based on a map and
global positioning system (GPS; see below); (5) social
networking; and (6) interface to communal youth services and
a Web-based helpdesk for technical issues.
Textual and graphical physical activity feedback provided by
the service was based on weekly and daily activity metrics
(Figure 3). The weekly feedback was given when activity data
of at least 3 days out of 7 was available, otherwise the service
reminded the user to upload physical activity data from the
monitor. The feedback was based on a comparison of user’s
activity data to the global recommendation on physical activity
for health (60 min/day). Additionally, self-referenced
comparison from the previous week was used. Furthermore, the
users received positive feedback if their physical activity level
was better compared with the weekly average of the whole
intervention group (peer-referenced comparison). The overall
feedback of daily activity was provided showing a thumb either
up, sideways, or down depending on a fulfillment of the global
physical activity recommendation and whether the day included
over 2 hours of sedentary (sitting) periods or not. In addition,
the user was able to see accumulated minutes in different
physical activity levels for every 2-hour periods for each day.
The game (Clans of Oulu [38]) was based on the location of a
person tracked using GPS and played in groups in five different
clans using a mobile phone. The basic idea was that by moving
physically within the districts of the city of Oulu, players could
conquer areas for their own clan. In contrast to traditional games
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for promoting physical activity, many kinds of activities were
rewarded by delivering more points to conquer new areas. For
example, uploading of the personal physical activity measures
to the research database, fulfillment of daily physical activity
recommendation, as well as increment in weekly physical
activity and decrement in weekly sedentary time of the player
were rewarded. Additionally, by reading facts and health
information delivered by the service and inviting friends to join
the game, the player received new points to the game. Clans of
Oulu included, for example, the following game design
elements: competition (personal ranks and team ranks), conflict
(tasks to be solved and combats with another team),
collaboration (working together to reach goals to conquer areas),
strategy (points earned based on activity), chance (random new
tasks), esthetics (visual appearance for each clan representing
different youth cultures), theme (clan game, youth cultures, and
conquering), resources (points as resource for concurring areas),
time (outdating of points), and scoring or rewards (points for
physical activity, completing tasks, and lottery). A more detailed
description of the game, its development, and user experiences
can be found elsewhere [37].
Gamification was used in MOPOrtal throughout the service,
for example, using similar visual appearance as in the Clans of
Oulu game, and the main actions which occurred in the game
(eg, an area occupation from the own clan) were displayed on
the service without the need to log in to the game itself.

Feasibility of the Service
The user-specific information concerning the log-ins to the
service and the use of the different service sections were
recorded to the research database [39]. In addition, during the
final measurements, the participants filled in a questionnaire
with questions related to the service and its different
components.

The Transtheoretical Model of Behavior Change
The health information and feedback delivered by the service
was tailored based on the transtheoretical model of behavior
change (TTM) [40]. The model is one of the most popular
behavior change models utilized in tailored health interventions
[41]. Originally, it was developed for smoking cessation, but
over the last decades, it has also been used in the background
of intervention studies aimed to change exercise and physical
activity behavior [42,43]. The model includes five different
stages for physical activity adaptation and maintenance:
precontemplation, contemplation, preparation, action, and
maintenance [40].
Other core constructs of the model are processes of change,
decisional balance, and self-efficacy. As individuals proceed to
further stages, their confidence in their ability to sustain a target
behavior in various situations (self-efficacy) increases, and the
advantages of behavior change outweigh the disadvantages
leading to decisional balance. The processes of change represent
the type of activities that are initiated or experienced by an
individual in their attempt to modify affect, behavior, cognitions,
or relationships. [40]. Nine processes of change, which include
consciousness-raising, dramatic relief, self-reevaluation, and
social liberation and the behavioral processes of
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counterconditioning, helping relationships, reinforcement
management, self-liberation, and stimulus control, have received
the most empirical support in the context of exercise behavior
change [44].
The health information (eg, “Did you know that exercising in
nature reduces stress more than exercising in urban
environment?”) and individually tailored feedback (eg, “Great!
You have sufficient physical activity for your health. If you
increase your activity further, your fitness will improve.”)
messages delivered automatically by the service were tailored
to match the processes of change theorized as most appropriate
at each stage [44]. Some modifications were made to the design
guide derived from the one designed by Nigg et al. [44].
Furthermore, based on research on feedback perceptions of
young men in different stages of exercise behavior change
[45,46], message tactics that include self- or peer-referenced
comparison, namely normative and ipsative messages, were
used only in the more advanced stages (action and maintenance).

Leinonen et al
In this study, the stage of change was assessed during the first
visit to the mobile service based on a modified scale from
Cardinal (1995) [47]. The respondents were instructed to choose
an alternative that best described their regular exercise behavior
and intentions to exercise. Regular exercise was defined
according to the Finnish national recommendations for those
in the age group of 13 to 18 years as at least 1.5 hours of daily
physical activity, of which half should be performed at a
vigorous intensity [48]. The answer options were (1) I exercise
on a regular basis and have been doing so for longer than 6
months (maintenance), (2) I exercise on a regular basis but I
have only begun doing so within the past 6 months (action), (3)
I do not exercise, but I have been thinking about starting to
exercise within the next month (preparation), (4) I do not
exercise, but I have been thinking about starting to exercise
within the next 6 months (contemplation), and (5) I do not
exercise and do not plan to start exercising in the next 6 months
(precontemplation). Additionally, the participants were
automatically asked to update their stage of change every 2
months.

Figure 3. Examples of graphical physical activity and sitting feedback provided by the MOPOrtal service. The line plot represents the weekly feedback
(red area—user’s mean average daily moderate to vigorous physical activity (MVPA) is below the global recommendation (60 min/day); yellow and
green area—user’s daily moderate to vigorous physical activity level corresponds to the recommendation). The minute accumulations of moderate to
vigorous physical activity are given at every 2-hour periods, with the numbers marked as green indicating high accumulation. The thumb gives feedback
indicating whether the daily recommendation was fulfilled or not.

https://mhealth.jmir.org/2017/10/e146/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e146 | p.120
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Anthropometry and Fitness
Height and waist circumference (midway between the lowest
rib and the iliac crest) were measured with a measuring tape
with an accuracy of 0.5 cm. Body composition and weight were
assessed by bioelectrical impedance assessment using
InBody720 (Biospace Co, Ltd). Bilateral maximal isometric
grip strength was measured with a dynamometer while the
subject was standing with legs apart and elbow at a 90° angle
(SAEHAN Corporation) [49]. The best result of two attempts
per hand was recorded. The mean value of both hands was used
in the analysis. Polar Fitness Test conducted at rest using FT80
heart rate monitor (Polar Electro) was used to evaluate aerobic
fitness. The test assesses maximal oxygen uptake (mL/kg/min)
from resting heart rate, heart rate variability, and demographic
variables [50]. Polar Fitness Test has been compared with open
circuit spirometry for measuring aerobic fitness among adult
men with high correlation (.71) and high accuracy (standard
error of estimate, SEE=8.5 mL/kg/min) [51]. Additionally, when
tested among trained males, the results of Polar Fitness Test
were associated highly with laboratory measures (60.2 vs 62.5
mL/kg/min, SEE=7.6 mL/kg/min) [52].

Outcomes
The primary outcomes were the feasibility of the mobile service.
The secondary outcomes were changes from baseline in the
anthropometry and fitness and the change in weekly time spent
in moderate to vigorous physical activity.

Statistical Analysis
The results were analyzed with the Statistical Package for the
Social Sciences (SPSS) version 19 (IBM Corp) for Windows
software. A P value below .05 was considered statistically
significant. Anthropometry, fitness, and physical activity
variables were tested for normality with the
Kolmogorov-Smirnov test. The statistical significance of the
differences at baseline in continuous variables between the
intervention and control groups, between the study participants
and nonparticipants, as well as between those young men who
based on the log data visited MOPOrtal service at least once
and those who did not visit the service at all during the trial
were analyzed using the independent samples t test. The
within-group changes from baseline in the intervention and
control groups were analyzed using the paired samples t test.
The difference over time in the change in moderate to vigorous
physical activity between the intervention and control groups
was analyzed using multiple linear mixed model with full
maximum likelihood, compound symmetry, and Bonferroni
correction. All available personal weekly averages of mean
daily time spent in moderate to vigorous physical activity for
both study groups were included in the mixed model analyses.
The Pearson correlation coefficient (R) was used to evaluate
which variables measured at baseline were significantly
associated with the main outcome measure in the intervention
group. The association between the usage frequency of the
service and the occurred change in moderate to vigorous
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physical activity time was analyzed using the Spearman rank
correlation coefficient (ρ).

Results
Overview
The baseline characteristics of the study participants were
similar between the intervention and control groups (Table 1).
In addition, the study participants did not differ in anthropometry
and fitness from those conscription-aged men who only took
part in the fitness measurements (n=329) but not the trial (data
not shown).
In total, 187 (74.8%, 187/250) men in the intervention group
and 167 (67.9%, 167/246) in the control group completed the
study and attended the final measurements after the 6-month
trial (Figure 1). From all study participants, 142 (28.6%,
142/496) did not participate in the final measurements and were
excluded from the final analysis.

Feasibility of the Mobile Service
On the basis of the log data, 161 men (64.4%, 161/250) in the
intervention group visited the MOPOrtal service during the trial,
118 (47.2%, 118/250) logged on the service more than once,
and 41 (16.4%, 41/250) more than 5 times. In total, 1044 visits
were logged (median: 3, range: 1-202). Use rate decreased
during the study, being 400 visits during the first month and 69
during the sixth month. A total of 56 participants used the Clans
of Oulu game in the service. On the basis of the questionnaire,
the most common reasons (n=39) for not logging in to the
MOPOrtal service at all were (1) not interested or laziness
(51%), (2) forgot the service (49%), and (3) technical problems
(15%). Among service users, the most common reasons reported
for not logging were technical problems or discomfort with the
wrist-worn physical activity monitor.
On the basis of the questionnaire (n=94), 90% of MOPOrtal
users reported that data related to physical activity (diary and
feedback) were important functionalities of the service.
Additionally, instructions, test, and goals on physical activity
(11%) and general information on health (11%) were also ranked
as important functionalities in MOPOrtal. This was also
supported by the log data showing that personal data on physical
activity was the most used functionality in the service. The
service users selected most often sports, movies, or music as
their interests. On the other hand, camps, living, well-being,
art, theater, or literature were more seldom selected as interests.
Mostly, selected personal goals were increasing muscle mass
and strength or stamina, whereas the weight control was the
most seldom selected. Feedback graphs on daily and weekly
physical activity motivated 65% of participants using MOPOrtal
service. The reasons why these data did not motivate to move
were that these persons were already physically active, they
were not interested in physical activity, or they did not need
motivation. Additionally, 61% found the feedback messages
related to goals to be motivating for physical activity. Tips of
the week, including physical activity and wellness messages,
were evaluated to be mostly clear, interesting, and reliable.
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Table 1. Baseline characteristics of the study participants (N=496). Values are mean (standard deviation) unless otherwise specified. N values for the
baseline moderate to vigorous physical activity and sedentary time were 87 and 80 for the intervention and control groups, respectively.
Variable

Intervention (n=250) Control
(n=246)

a

Age, in years

17.9 (0.7)

17.8 (0.6)

Student, n (%)

218 (92.7)

214 (92.2)

Height, cm

177.9 (6.7)

178.1 (6.0)

Weight, kg

73.4 (15.0)

72.9 (14.0)

BMIa, kg/m2

23.2 (4.5)

23.0 (4.2)

Waist circumference, cm

81.9 (10.9)

81.9 (10.1)

Body fat, %

16.5 (8.5)

16.7 (8.3)

Muscle mass, %

47.1 (4.9)

46.9 (4.9)

Grip strength (mean), kg

45.6 (8.1)

45.6 (7.3)

Estimated maximal aerobic fitness, mL/min/kg

53.6 (7.3)

53.0 (6.8)

Daily moderate to vigorous physical activityb at baseline, min

59.6 (26.2)

61.9 (27.0)

Daily sedentary time at baseline, h

10.4 (2.1)

10.3 (1.9)

At the action or maintenance stage of physical activityc adaption, n (%)

167 (74.2)

152 (68.2)

Current smoker, n (%)

45 (19.6)

48 (21.3)

At least 6 servings of alcohol ≥ once a week, n (%)

43 (20.3)

43 (19.2)

BMI: body mass index.

b

MVPA: moderate to vigorous physical activity.

c

PA: physical activity.

Some feedback for further development of MOPOrtal was
obtained from the end questionnaire. More visual and clearer
user interface (n=6 respondents), more interesting content (n=5),
more simple (n=3), or technically more solid and mature solution
(n=1) were suggested.
Those men who visited MOPOrtal at least once during the trial
had a slightly higher body mass index (BMI) (mean difference
of 1.2 kg/m2, 95% CI 0.1 kg/m2-2.2 kg/m2) and body fat
percentage (mean difference of 2.2%, 95% CI 0.1%-4.2%) at
baseline compared with all other participants of the intervention
group. Otherwise, there were no differences in anthropometry
and fitness at baseline between these two groups.
By the end of the trial, 178 men in the intervention group (95.2%
of those who completed the study) had unlocked the screen of
the activity monitor to show daily activity. The total number of
valid days of objectively measured activity data was 15,364
(76.4% of all the uploaded data). Data were provided by 138
participants from the intervention group and 138 from the
control group. At least 1 valid week was obtained from 120
(48.0%, 120/250) and 110 (44.7%, 110/246) participants in the
intervention and control groups, respectively. The average
number of valid weeks per person was 10 (median 8) in the
intervention and 7 (median 4) in the control group, whereas the
average daily usage time of the monitor was 15.1 hours and
15.7 hours in the intervention and control groups, respectively.
Valid physical activity data were available from 87 participants
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in the intervention group and from 80 in the control group at
the baseline week, and from 83/70, 56/43, 45/30, and 47/25
participants in the 6-week periods during the follow-up,
respectively. Mean daily time occupied in sedentary behavior
(1≤ MET< 2) at baseline was significantly higher in those
participants who uploaded physical activity data until the end
of the trial (n=73) compared with the participants who stopped
to deliver data (n=94) during the trial (mean 10.7 hours vs 10.0
hours; P=.024, t test).

Effects of Mobile Service on Anthropometry, Fitness,
and Physical Activity
Among completers (n=354), there was no statistically significant
difference in the change in anthropometry and fitness
measurements from baseline between the intervention and
control groups. Within the intervention group, the change in
the waist circumference differed between TTM-based inactive
and active participants (mean change −0.3 cm vs 1.7 cm; P=.01,
t test).
Among completers with valid physical activity data (n=167),
there was a borderline difference in the change in mean daily
time spent in moderate to vigorous physical activity between
the intervention and control groups (11.9 min vs −9.1 min;
P=.055, linear mixed model; Figure 4). During the last weeks,
there was a significant difference between the groups in
moderate to vigorous physical activity (P<.05 to P<.001, t test).
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Figure 4. The mean daily time spent in moderate to vigorous physical activity for both study groups as measured by Polar Active during each week
of the trial. The average standard deviation was 30.8 min and 24.4 min for the intervention and control groups, respectively. The weeks represent
individual weeks from the baseline. Christmas holiday season took place during the study weeks 11 to 15 depending on when the individual started the
trial. There was a borderline significant difference between the groups over time (P=.055, linear mixed model). MET: metabolic equivalent. * P<.05;
*** P<.001.* P<0.05; *** P<0.001.

The intervention group succeeded to maintain their physical
activity level over the Christmas season, whereas physical
activity of the control group dropped during the holidays (P<.05,
t test; Figure 4).
Among those men of the intervention group who logged on the
service at least once during the trial, the usage frequency of the
service was not associated with the change from baseline in the
mean daily time spent in moderate to vigorous physical activity
(ρ=.045, P=.77). Instead, within the intervention group, baseline
vigorous physical activity was inversely associated with the
change in daily moderate to vigorous physical activity time
during the trial (R=−.382, P=.01).

Discussion
Principal Findings
In this 6-month trial, we assessed the feasibility of a fully
automated, gamified, tailored Web-based mobile service
(MOPOrtal) among young men. Additionally, we evaluated the
effects of the service on anthropometry and fitness and
objectively measured physical activity. The young men
considered the various service functionalities related to physical
activity important. The overall compliance was low, varying
widely from low to moderate log and data upload frequency.
Adherence to upload physical activity data was higher in those
participants whose baseline sedentary time was higher. The
mobile service had no effect on anthropometry or fitness during
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the 6-month trial, except reduced waist circumference in the
most inactive men. Among the completers with valid physical
activity data, there was a positive trend over time in favor of
the intervention group in daily time spent in moderate to
vigorous physical activity. Low amount of daily vigorous PA
at baseline was found to be associated with the increase in
moderate to vigorous physical activity during the trial.
The majority of MOPOrtal users perceived the functionalities
related to physical activity important, motivating, and related
to their personal goals. Both tailoring and gamification were
applied to increase compliance by making the service more
relevant, engaging, and interesting for the individual. However,
the overall compliance was limited. Technical problems, in
some degree immature user interface design, and fragmented
functionalities were recognized as challenges for the perceived
ease of use. To motivate those who are not interested in physical
activity but might still benefit from physical activity information
and guidance, more persuasive and behavior change–supporting
intelligence should be implemented. Compatibility with a variety
of sensors and devices would probably increase the usability
and feasibility of the service. For successful design of mobile
services in future, gamification should be an inseparable and
coherent part of the integrity. Additional tailoring, for example,
based on physical activity profiling [53], should also be taken
into account.
To our knowledge, this is one of the first Web-based physical
activity-related intervention studies implemented in a home
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setting and including young male participants [23]. Unlike many
previous studies, this study did not include face-to-face meetings
except at baseline and at the end of the trial, allowing the
evaluation of the impact based on the Web-based service only
[12,22]. The 9-week intervention study conducted among adults
with a fully automated Internet-based behavior change system,
including continuous-time measurement of physical activity
with a wrist-worn accelerometer, achieved consistently a 20
min difference per day in the time spent in moderate physical
activity in the intervention group compared with the control
group [16]. In addition, a Web-based intervention without any
face-to-face meetings in older adults obtained similar results
compared with this study, including 11-min increase in time
spent in moderate to vigorous physical activity in the
intervention group [20]. However, in addition to the difference
in the intervention target group, the study duration was only a
half, and objective measurement of physical activity was
sampled in 7-day intervals at baseline and at 3 months [20].
In our previous pilot study, feedback from a wrist-worn activity
monitor had a short-term positive effect on physical activity
and sedentary behavior in young men [31]. Here, we observed
a trend for a long-term effect in daily moderate to vigorous
physical activity time, especially among those with low amount
of vigorous physical activity at baseline. However, these data
may be biased because of limited sample size, and we cannot
distinguish whether the positive effect is a result of the gamified
service or the feedback given by the wrist-worn physical activity
monitor. The transition from adolescence to adulthood typically
includes major life events and is an important phase to interfere
with physical activity motivation to prevent negative changes
in physical activity behavior and health in future [8]. We
implemented different game mechanics in the MOPOrtal service
to make it more engaging and attractive. MOPOrtal was a
multicomponent service, and the impact of the game that was
entered through a portal site cannot be distinguished from the
results. However, additional improvements are needed to engage
the user to maintain the interest to use the service for a longer
time, especially in population-based studies in which the
motivation level of the participants may vary. Although the
annual military call-ups provide a large truly population-based
study sample, this setting may have its challenges in recruiting
participants for an eHealth trial, which requires highly motivated
and active study participants to succeed [21]. Additionally, the
high percentage of young men who declined to participate in
the study during the call-ups showed a limited level of
motivation among conscription-aged men.
The challenge with low usage of behavioral change services
has been revealed also in earlier studies [54]. In several studies
the use of an app or a service has dropped after the first month
of the study [55]. In a study where a mobile phone app was used
together with a face-to-face school-based program in adolescent
boys, 20% of participants did not use the app at all [18]. The
study using physical activity monitoring and a tailored physical
activity coaching website for increasing physical activity
reported that only 24% (n=10) of the participants had uploaded
physical activity data regularly to the service during the 3-month
trial [17]. In our study, physical activity data were provided to
the service by 55.2% (138/250) of the participants in the
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intervention group, and from those, at least 20 weeks of data
were obtained only from 21.7% (31/138; data not shown).
As the used behavior change model, that is, TTM, has been
originally developed for changing unhealthy behavior [40], it
can be discussed whether the model is suitable for the group in
which 74.2% (n=167) of the participants are at the action or
maintenance stage of physical activity adaptation already at the
beginning of the study. The effect of the intervention might
have been different if only inactive young men would had been
recruited, which was supported by the different change in waist
circumference found between inactive and active participants.
In addition, at the beginning of the trial, daily objectives were
not told, instead, the men from the intervention group achieved
the information concerning physical activity recommendation
through the MOPOrtal service and physical activity monitor. It
is not known whether the information concerning physical
activity objectives given by the staff who recruited participants
to the trial at baseline would have increased or decreased the
compliance of the study.
In this study, the anthropometry at baseline was related to the
use of MOPOrtal. Participants who visited MOPOrtal at least
once during the trial had a slightly higher BMI and body fat
percentage at baseline compared with those who did not use the
service at all. In addition, sedentary time at baseline was higher
in those participants who uploaded physical activity data until
at the end of the trial compared with the participants who
stopped to deliver data during the trial. In the study by Tercyak
et al, the presence of several behavioral risk factors, such as
high BMI and insufficient physical activity, has been positively
associated with willingness to use technology for
health-promotion purposes among adolescents [56]. In addition,
in this 6-month trial, we found out that the anthropometry and
fitness at baseline were related to the attendance of the final
measurements. Those young men who did not take part in the
follow-up measurements had significantly higher body fat as
well as lower estimated maximal aerobic fitness and grip
strength at baseline compared with all other study participants
(data not shown).
There was no change in anthropometry or fitness among the
completers in the intervention group except for reduced waist
circumference in the most inactive men. This might be because
of the low adherence to service use, minor addition in daily
moderate to vigorous physical activity time, or the relatively
short duration of the trial. In some previous studies, a decrease
in body weight and BMI following the use of a mobile phone
app has been presented. However, the participants in the
successful studies have been adults at increased risk of obesity
[55]. A recent study assessing the efficacy of mobile phone
technology for the treatment of obesity suggested that some
level of counseling is needed in addition to the mobile phone
app to improve anthropometry and fitness [57].
On the basis of the physical activity data recorded during this
trial, the control group had a drop in moderate to vigorous
physical activity during the holiday season in Christmas,
followed by the highest peak immediately after Christmas. In
contrast, the intervention group maintained their elevated
physical activity level during the whole holiday season. In earlier
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studies, in Western countries, the holiday season in December
has been shown to have a negative effect on body fat in college
students [58], but the effects of the holiday season on physical
activity behavior are not known. However, physical activity
behavior shows seasonal differences. After the summer, physical
activity usually starts to decline, reaching its lowest level during
the winter (January-March) [59,60]. In this study, the
corresponding declining trend in time spent in moderate to
vigorous physical activity can be seen among the control group,
as the trial began in the autumn and ended at the end of the
winter season.

Strengths and Limitations
The main strengths of this study were the large sample size and
the population-based randomized controlled design. Another
strength was the continuous measurement of physical activity
within both study groups, allowing an objective assessment of
the change in moderate to vigorous physical activity without
any self-reported or user-entered data. The continuous
measurement of physical activity also enabled both real-time
and Web-based feedback to the intervention group. In addition,
the home-based setting (without any face-to-face meetings
except at baseline and at 6 months), instead of the more often
used school setting, was another strength, allowing for better
generalizability of the intervention [23].
One major limitation of this study was the missing physical
activity data, the amount of which increased toward the end of
the trial. Physical activity data needed to be uploaded to the
database at least once every 3 weeks by the study participants,
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otherwise older data were overwritten by new data. Hence, it
may be that some participants in the intervention group
considered the feedback given by the PA monitor itself to be
enough, and thus, they probably did not see a need for providing
their physical activity data to the service. The stored data showed
that those participants who did not use the MOPOrtal service,
did not upload the physical activity data at all during the trial.
More comprehensive self-monitoring with wearables could be
obtained with wireless and automatic data transmission. Another
limitation was the narrow age range, which limits the
generalization of the results. Any long-term follow-up physical
activity measurement after the end of the 6-month trial was not
conducted in this study, which can also be seen as a limitation.

Conclusions
The various functionalities related to physical activity of the
gamified tailored mobile service were considered important by
the young men. However, the compliance to the service was
limited. Adherence to upload activity data was higher in those
participants whose baseline sedentary time was higher. Within
the current setup, the mobile service had no effect on
anthropometry or fitness during the 6-month trial, except
reduced waist circumference in the most inactive men. Among
completers with valid physical activity data, the trial had a
borderline positive effect on moderate to vigorous physical
activity, especially among those with low amount of vigorous
physical activity at baseline. Further development is still needed
to improve the feasibility and adherence of an integrated
multifunctional service. Mobile services need to be further
examined among populations of various ages.
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Abstract
Background: Many men who have sex with men (MSM) use apps to connect with and meet other MSM. Given that these apps
are often used to arrange sexual encounters, it is possible that apps may be suitable venues for messages and initiatives related
to HIV prevention such as those to increase HIV testing rates among this population.
Objective: The purpose of this study was to assess willingness to use a new app for reminders of when to be tested for HIV
infection among a sample of MSM in London who use apps to arrange sexual encounters.
Methods: Broadcast advertisements targeted users of a popular social-networking app for MSM in London. Advertisements
directed users to a Web-based survey of sexual behaviors and sexual health needs. Willingness to use apps for reminders of when
to be tested for HIV was assessed. In addition, participants responded to items assessing recent sexual behaviors, substance use,
and demographic characteristics. Exploratory analyses were undertaken to examine differences in willingness to use an app by
demographic and behavioral characteristics.
Results: Broadcast advertisements yielded a sample of 169 HIV-negative MSM. Overall, two-thirds (108/169, 63.9%) reported
willingness to use an app to remind them when to be tested for HIV. There were no significant differences in willingness to use
these apps based on demographic characteristics, but MSM who reported recent binge drinking and recent club drug use more
frequently reported willingness to use this app compared to their nonusing counterparts.
Conclusions: MSM in this sample are willing to use a new app for HIV testing reminders. Given the high levels of willingness
to use them, these types of apps should be developed, evaluated, and made available for this population.
(JMIR Mhealth Uhealth 2017;5(10):e153) doi:10.2196/mhealth.8143
KEYWORDS
mobile phone apps; mHealth; men who have sex with men (MSM); HIV

Introduction
The human immunodeficiency virus (HIV) epidemic in the
United Kingdom impacts gay, bisexual, and other men who
have sex with men (MSM) at a disproportionate rate compared
to the general population. MSM are estimated to represent 3.3%
of the male population in the United Kingdom but represent
between 66.7% and 69.0% of all males living with HIV infection
http://mhealth.jmir.org/2017/10/e153/
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as of 2015 and 73.0% of newly diagnosed HIV infections among
males in 2015 [1]. It is estimated that between 7.2% and 18.9%
of HIV-infected MSM are unaware of their infection status and
that 30.0% of newly diagnosed HIV-infected MSM are
diagnosed “late” (ie, with a CD4 count of less than 350 cells
per cubic millimeter within 3 months of diagnosis) [1]. Regular
HIV testing has a number of important benefits for MSM who
test positive and who test negative. For MSM who test negative,
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HIV testing provides the opportunity for risk reduction
counseling to encourage behavior change that reduces risk for
HIV infection and allows the individual to remain HIV negative
[2]. For MSM who test positive, HIV testing improves early
awareness of infection status and linkage to care [3]. New
interventions to increase HIV testing frequency among MSM
in the United Kingdom are needed to further identify new cases
of HIV infection and effectively link them to treatment and to
reduce engagement in risk behaviors by HIV-uninfected and
HIV-infected MSM.
For the past decade, the Internet has been used to deliver and
disseminate HIV prevention interventions to diverse populations,
including gay, bisexual, and other MSM [4]. Frequently, these
interventions have included virtual scenarios and simulations,
decision making with virtual characters, and detailed answers
or feedback following knowledge tests. For example, Health
mPowerment, an intervention based on the Institute of
Medicine’s integrated model of behavior theory aimed at
increasing HIV and sexually transmitted infection (STI)
knowledge among young black MSM, incorporates live chats
with outreach workers, quizzes, personalized health and journals
of sexual activities, and decision support tools for assessing risk
behaviors on a single website [5]. Building on these
Internet-based interventions and keeping with the pace of
technological developments, mobile phone–based HIV
prevention interventions are currently in various stages of
development and testing. Many of these mobile phone–based
interventions incorporate text messaging delivery and have
demonstrated some success. For example, Bourne and colleagues
[6] found that MSM who enrolled in a text message–based
intervention involving reminders for HIV/STI testing tailored
based on participant risk behaviors and ability to return for
testing were over 4 times more likely to retest for HIV and other
STIs compared to those who did not receive the intervention.
Given the pervasiveness of mobile phones and associated apps
[7], it may be best to incorporate and adapt aspects of these
previously developed Internet- and text message–based
interventions for delivery via apps, but it should be noted that
their effectiveness is dependent on their continual use, as many
individuals download health-related apps and discontinue using
them for a variety of reasons [8]. The use of
geosocial-networking apps, those that use Global Positioning
System (GPS) technology to facilitate various types of
connections between MSM, is common among MSM [9-11].
There is no clear consensus in the extant literature regarding
the association between meeting sexual partners online or
through apps and increased HIV risk behaviors [12]. It has been
hypothesized that these digital venues may facilitate multiple
partnerships and other HIV risk behaviors for MSM who already
engage in these behaviors rather than act as a catalyst for these
behaviors themselves [12]. However, while social and sexual
network apps are accepted by MSM for HIV prevention and
sexual health messaging [13], some companies who produce
these geosocial-networking apps are ambiguous in their
willingness to support HIV prevention programs [14].
Therefore, the development of new apps for HIV prevention
purposes targeted to those potentially high-risk MSM who
already use apps to meet sexual partners may be beneficial, but
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little is known about MSM willingness to engage with new
app-related HIV prevention services. As such, the purpose of
this study was to examine the willingness to use apps for HIV
prevention purposes among a sample of MSM in London
recruited from a popular geosocial-networking app used by
MSM to meet sexual partners. In exploratory analyses, we
examined differences in willingness to use these apps by
demographic characteristics and recent sexual and substance
use behaviors. This study specifically focused on London
because it is an urban epicenter with a high prevalence of HIV
among MSM [15] and a high number of MSM who use apps to
meet sexual partners [16].

Methods
Sample Recruitment
Broadcast advertisements were placed on a popular
geosocial-networking app commonly used by MSM to meet
sexual partners in January 2016. These broadcasts were targeted
specifically to the London metropolitan area. Consistent with
recent research among MSM who use apps to meet sexual
partners [9], users were shown an advertisement the first time
they logged in to the app during four 24-hour periods [17]. The
advertisement contained text encouraging users to click through
to complete an anonymous Web-based survey on the health of
gay and bisexual men in the United Kingdom. Participants were
told that completing the survey would enter them in a lottery
for a chance to earn £50 (US $67). At the end of the recruitment
period, 1410 users had clicked through the advertisement and
202 users completed the survey, representing a cooperation rate
of 14.33%. All protocols were approved via institutional review
board prior to data collection.

Survey Measures
Willingness to Use Mobile Phone Apps for HIV
Prevention
Respondents were asked, “How willing would you be to use an
app to remind yourself when to get tested for HIV?” The
wording of this potential intervention was selected given its
alignment with the goals of primary prevention of HIV infection
[18]. Using a 5-point Likert scale, response options for this item
ranged from very willing to very unwilling. For analytical
purposes, these categories were collapsed into willing,
undecided, and unwilling.

Geosocial-Networking Mobile Phone App Use
Given that previous research has shown that many individuals
who use health-related apps download them and then discontinue
using them [8], all respondents were asked, “In the past 12
months, how many times have you deleted and re-downloaded
Grindr?” with the aim of understanding consistency of use of
geosocial-networking apps to connect with other MSM.
Response options for this item included 8 or more times, 6 or
7 times, 4 or 5 times, 2 or 3 times, 1 time, and 0 times.

Recent Sexual Behaviors
All respondents were asked to report the total number of partners
with whom they had insertive and receptive anal intercourse
with and without a condom in the preceding 3 months. These
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e153 | p.131
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counts were then dichotomized (0 partners vs 1 or more
partners).

Approximately one-fifth (32/169, 18.8%) reported currently
being in a relationship with another man.

Recent Substance Use Behaviors

Recent Sexual Behaviors

Respondents were asked to select from a list of substances to
indicate any use in the preceding 3 months, included alcohol
(≥5 drinks in 1 sitting), cocaine, ecstasy, gamma-hydroxybutyric
acid or gamma-butyrolactone (GHB/GBL), inhalant nitrites,
ketamine, lysergic acid diethylamide (LSD), marijuana, and
methamphetamine. Each of these substances was considered
individually and a composite variable was created for club drug
use (eg, use of ecstasy, GHB/GBL, ketamine, and/or LSD).

Three-quarters of respondents (127/169, 75.2%) engaged in
insertive anal intercourse in the preceding 3 months. Among
respondents who had engaged in insertive anal intercourse,
59.9% (76/127) engaged in condomless insertive anal
intercourse with 1 or more partners. Almost two-thirds of
respondents (110/169, 64.9%) engaged in receptive anal
intercourse in the preceding 3 months. Among respondents who
had engaged in receptive anal intercourse, 57.3% (63/110)
engaged in condomless receptive anal intercourse with 1 or
more partners. About two-fifths of respondents (72/169, 42.6%)
had engaged in a group sex event in the preceding 3 months.

Demographic Variables
Respondents reported their age, sexual orientation, ethnic group
membership, employment status, relationship status, and HIV
status. Age was measured continuously in years and categorized
as aged 18 to 24 years, 25 to 30 years, 31 to 40 years, 41 to 50
years, and 51 years and older. Sexual orientation was categorized
as gay, bisexual, straight, and other. Ethnic group membership
was categorized as white, black, Asian, and mixed/multiple
ethnic groups/other. Employment status was categorized as
employed, unemployed, retired, or student. Relationship status
was categorized as being in a primary relationship with another
man or not. HIV status was assessed based on self-report as
negative or positive.

Statistical Analyses
Broadcast advertisements yielded an overall sample of 202
respondents within 96 hours. A total of 10 individuals who did
not report their HIV status and 23 who self-reported as
HIV-positive were excluded, restricting the analytical sample
to 169 respondents. Descriptive statistics were calculated for
all variables. Differences in willingness to use apps for HIV
prevention purposes by demographic variables, recent substance
use, and categorical measures of recent sexual behaviors were
assessed using chi-square tests of independence. Significance
was determined as P<.05.

Results
Sample Demographics
The average age of the sample was 36.7 (SD 11.5) years. A
majority (165/169, 97.9%) self-identified as gay or bisexual.
Almost three-fourths (122/169, 72.4%) identified their ethnic
group as white or white British. A large percentage (144/169,
85.5%) were either currently employed or enrolled in school.
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Recent Substance Use Behaviors
Two-fifths of respondents (65/169, 38.6%) reported having had
5 or more drinks containing alcohol in 1 sitting in the preceding
3 months. With regard to other substances, 36.6% (62/169)
reported using inhalant nitrites, 23% (39/169) reported using
club drugs, 19.8% (33/169) reported using marijuana, 14.4%
(24/169) reported using cocaine or crack cocaine, and 13.9%
(23/169) reported using methamphetamine in the preceding 3
months.

Geosocial-Networking Mobile Phone App Use
About half of respondents (82/169, 48.5%) had not deleted
Grindr in the preceding year. Among those who had deleted
and re-downloaded Grindr in the preceding year, 69.2% (57/82)
had deleted and re-downloaded the app 3 or fewer times.

Willingness to Use Mobile Phone Apps for HIV
Prevention
Descriptive statistics are displayed in Table 1. Among the
sample, 63.9% (108/169) were willing to use an app to remind
them to get tested for HIV, 24.9% (42/169) were undecided,
and 11.2% (19/169) were unwilling.
Exploratory analyses examining differences in self-reported
willingness to use an app for HIV prevention by demographic
characteristics (eg, age, ethnic group membership) and recent
sexual (eg, engagement in condomless insertive anal intercourse)
and substance use (eg, alcohol use, club drug use) behaviors
are shown in Table 1. Respondents who reported binge drinking
(P=.03) and club drug use (P=.04) more frequently reported
more willingness to use an app for HIV testing reminders than
their nonusing counterparts.
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Table 1. Willingness to use an app for HIV testing reminders among HIV-negative men who have sex with men recruited from a popular social-networking
app in London (n=169).
Demographic/behavioral characteristic

Frequency, n (%)

Rated very willing/willing, n (%) P value

Age, years

.69

18 to 24

30 (16.8)

18 (69.3)

25 to 30

46 (25.7)

24 (54.6)

31 to 40

55 (30.7)

36 (70.6)

41 to 50

30 (16.8)

17 (56.6)

51 and older

18 (10.1)

13 (72.2)

Sexual orientation

.80

Gay

156 (87.2)

92 (62.4)

Bisexual

19 (10.6)

13 (76.5)

Other

4 (2.2)

2 (66.7)

Ethnic group membership

.99

White/white British

128 (71.5)

80 (65.6)

Black/black British

10 (5.6)

6 (66.6)

Asian/Asian British

14 (7.8)

6 (54.6)

Mixed/multiple ethnic groups/other

25 (14.0)

14 (56.0)

Employment status

.33

Employed

133 (74.3)

80 (62.6)

Unemployed

17 (9.5)

9 (60.0)

Student

23 (12.8)

13 (75.0)

Retired

5 (2.8)

5 (100.0)

Primary relationship with man

.97

Yes

32 (17.9)

18 (62.0)

No

147 (82.1)

90 (64.2)

Condomless receptive anal intercourse

62 (34.6)

39 (69.6)

.09

Condomless insertive anal intercourse

76 (42.5)

47 (65.8)

.50

Alcohol (≥5 drinks in a row)

71 (397)

48 (71.6)

.03

Cocaine

26 (14.5)

15 (62.5)

.18

Club drugs

40 (22.3)

30 (78.9)

.04

Inhalant nitrites

63 (35.2)

43 (70.5)

.69

Marijuana

38 (21.2)

24 (66.7)

.94

Methamphetamine

21 (11.7)

18 (90.0)

.12

Recent sexual behaviors

Recent substance use

Discussion
Principal Findings
This is the first study to examine the acceptability of the use of
mobile phone apps for HIV testing reminders among a sample
of MSM in London who use geosocial-networking apps to meet
other MSM. Overall, respondents reported a willingness to use
an app to remind them to be periodically tested for HIV
(108/169, or 63.9%, rated themselves as willing or very willing).
Our findings are similar to those observed among a sample of
http://mhealth.jmir.org/2017/10/e153/
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young MSM in Southern California, where about 70.0%
(137/195) were willing to participate in an HIV prevention
program delivered via an app [19]. In addition, we found no
significant differences in willingness to use these apps based
on demographic characteristics or sexual behaviors. The lack
of significant variations in willingness to use these apps across
most subgroups in this sample of MSM suggests that these
intervention tools can be implemented in diverse populations
of MSM living in London. However, the presence of significant
differences among MSM who reported binge drinking and club
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e153 | p.133
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drug use may suggest a need for targeted prevention-related
apps for these populations so that they can manage their
HIV-related risks and substance use-related risks concurrently.
Given the high prevalence of inconsistent use of
geosocial-networking apps to meet sexual partners in the
preceding 12 months (where 87/169, or 51.5%, reported deleting
and re-downloading the app at least once), the implementation
of these interventions should include strategies to encourage
consistency of use. Recent formative qualitative research has
aimed at assessing factors associated with consistency of use.
Among samples of HIV-negative MSM in Miami and
Minneapolis, reliability, ease of use, and frequency of updates
were cited as factors associated with whether an individual
would keep and continue to use an app over time while poor
performance and functionality and lack of use were primary
reasons why MSM would delete an app from their phone [20].
The item used in this study examines consistency of use of
social-networking apps, and this may not reflect potential
consistency of use of health-related apps or HIV
prevention-related apps. However, it is possible that HIV
prevention-related features of app-based interventions may be
more consistently used if integrated into an existing
social-networking platform.
Future research is needed to identify and test potential apps to
be used for HIV testing reminders among MSM who use
geosocial-networking apps to meet sexual partners, particularly
in contexts other than the United States, given that this is where
most of the previous research has been conducted [21,22].
However, it is possible that the features of apps desired by MSM
in the United States may be similar to those desired by MSM
elsewhere. Previous research with HIV-negative MSM has
suggested that apps for HIV prevention should encourage regular
HIV testing by providing feedback on test reminders, tailored
testing interval recommendations, and HIV test site-locating
features [20]. In addition, these apps should be designed to be

Goedel et al
discrete in nature, protect privacy, and not necessarily appear
overtly to be related to HIV prevention. Should another
individual, for example, see an app explicitly for HIV
prevention, it could expose an individual to HIV-related stigma
(if others assume they are HIV-positive) and discourage them
from using these types of apps.

Limitations
These findings are not without limitations. These findings are
derived from data collected as part of a convenience sample of
MSM from a single popular geosocial-networking app in a
single metropolitan center in Western Europe. As such, these
findings are likely not generalizable to broader populations of
MSM on other apps or outside of these apps. These findings
are also likely biased by some degree of self-selection, where
those who are willing to engage with communication regarding
HIV prevention via apps may have been more likely to
participate. In addition, our measures of risk behaviors (eg,
sexual and substance use behaviors) are crude, and there may
be some misclassification with regard to behavioral risk. Future
research should use more nuanced measures of these behaviors
(eg, number of events of condomless receptive anal intercourse
with a serodiscordant or unknown HIV status partner in a recall
period, number of times using methamphetamine in a recall
period) to further our understanding of the behavioral risk
profiles of MSM who are willing to use apps for HIV
prevention.

Conclusion
The majority of respondents in this sample of MSM who use
apps to meet other MSM reported willingness to use an app to
remind them to be tested for HIV infections. Apps to be used
for HIV prevention interventions, such as those aimed at
increasing HIV testing rates among MSM (particularly those
who are already using apps to meet other MSM), should be
developed, evaluated, and implemented.
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Abstract
Background: Mobile health (mHealth) apps for weight loss (weight loss apps) can be useful diet and exercise tools for individuals
in need of losing weight. Most studies view weight loss app users as these types of individuals, but not all users have the same
needs. In fact, users with disordered eating behaviors who desire to be underweight are also utilizing weight loss apps; however,
few studies give a sense of the prevalence of these users in weight loss app communities and their perceptions of weight loss apps
in relation to disordered eating behaviors.
Objective: The aim of this study was to provide an analysis of users’ body mass indices (BMIs) in a weight loss app community
and examples of how users with underweight BMI goals perceive the impact of the app on disordered eating behaviors.
Methods: We focused on two aspects of a weight loss app (DropPounds): profile data and forum posts, and we moved from a
broader picture of the community to a narrower focus on users’ perceptions. We analyzed profile data to better understand the
goal BMIs of all users, highlighting the prevalence of users with underweight BMI goals. Then we explored how users with a
desire to be underweight discussed the weight loss app’s impact on disordered eating behaviors.
Results: We found three main results: (1) no user (regardless of start BMI) starts with a weight gain goal, and most users want
to lose weight; (2) 6.78% (1261/18,601) of the community want to be underweight, and most identify as female; (3) users with
underweight BMI goals tend to view the app as positive, especially for reducing bingeing; however, some acknowledge its role
in exacerbating disordered eating behaviors.
Conclusions: These findings are important for our understanding of the different types of users who utilize weight loss apps,
the perceptions of weight loss apps related to disordered eating, and how weight loss apps may impact users with a desire to be
underweight. Whereas these users had underweight goals, they often view the app as helpful in reducing disordered eating
behaviors, which led to additional questions. Therefore, future research is needed.
(JMIR Mhealth Uhealth 2017;5(10):e150) doi:10.2196/mhealth.6683

http://mhealth.jmir.org/2017/10/e150/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e150 | p.137
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Eikey et al

KEYWORDS
mobile applications; health apps; feeding and eating disorder; disordered eating behaviors; desire to be underweight; body mass
index; weight loss; smartphone; mHealth; online community; forum; profile; posts; human computer interaction

Introduction
Motivation
While it is estimated that 30 million people in the United States
have an eating disorder, many more have disordered eating
behaviors, especially young women [1-3]. Research has shown
that people with eating disorders and disordered eating behaviors
utilize various forms of technology, including forums, websites,
blogs, and social media, to support their recovery process or
maintain the symptoms of their disorder [4-6]. However, only
a few studies have been conducted on the use of mobile health
(mHealth) apps for weight loss (weight loss apps) by users with
eating disorders and disordered eating behaviors, despite their
popularity [7].
Although many researchers have studied weight loss apps [8-13],
few have studied weight loss apps in relation to disordered
eating behaviors [14,15]. Most research on weight loss apps
focuses on the use and design of these apps to encourage overall
wellness, healthy diet, weight loss, and physical activity. In
terms of eating disorders and disordered eating, researchers
have begun to consider the use of weight loss apps [14,15], but
studies to date do not highlight the prevalence of users with
disordered eating behaviors within weight loss app communities.
Many studies on the role of technology for disordered eating
behaviors focus on content that is in support of eating disorders
or pro-eating disorder content. Pro-eating disorder content often
considers eating disorders as a lifestyle choice rather than a
disorder requiring treatment. Eating disorder–related material
can be found on websites and social media platforms such as
Facebook, Twitter, and Instagram [15-18], which are now often
accessed via apps. Our work differs from prior research in that
we focus on an app intended for weight loss instead of
technology designed specifically for eating disorders or
general-purpose technology (such as social media) that contains
eating disorder–related content.
We focus on weight intentions and users’ perceptions of the
impact of a weight loss app (DropPounds) on disordered eating
behaviors. This study adds to research on weight loss apps and
communities, as well as to our understanding of the use of
technology by those with disordered eating behaviors and eating
disorders.
Two primary research questions (RQ) guided this study, which
are as follows:
•
•

RQ1: What is the composition of the overall app community
in terms of body mass index (BMI) goals?
RQ2: What are users with underweight BMI goals
perceptions of the app in relation to disordered eating
behaviors?

To answer these RQs, we first analyzed users’ profile data to
get a better understanding of the composition of the community.
Then we provided examples of how users with underweight
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BMI goals perceive the app. This exploratory study is important
for our understanding of the different types of users who utilize
weight loss apps and how weight loss apps may impact users
with a desire to be underweight. However, more questions
emerged, and therefore, future research is needed.
To our knowledge, this study is one of the first to (1) provide
an analysis of users’ BMIs in an app and community geared
toward weight loss to highlight potential disordered eating
behaviors and (2) to consider how users with a desire to be
underweight understand weight loss apps in relation to
disordered eating behaviors. In this paper, we first explain why
we used underweight BMI goals as a marker for potentially
disordered eating behaviors. Then we explain our methods and
findings. Finally, we discuss what can be learned from this study
and future work.

Desire to Be Underweight and Disordered Eating
Behaviors
Using weight loss apps while wanting to be underweight
presents a number of issues related to eating disorders and
disordered eating behaviors, which is why we focused on
underweight BMI goals and the use of weight loss apps to
achieve those goals. Whereas anorexia nervosa is partially
characterized by being underweight [19] and a refusal to be a
healthy weight (as cited in [20]), intentions to be underweight
for one’s height itself are problematic. To determine which users
wanted to be underweight, we used BMI. For adults 20 years
or older, an underweight BMI is less than 18.5 kg/m2.
Setting unhealthily low BMI goals signals a desire to be
underweight and a drive for thinness, which are associated with
disordered eating behaviors and eating disorders [21,22]. Drive
for thinness “is characteristic of individuals with fear of weight
gain who diet to prevent it, but also of those who seek to attain
an unhealthily low body weight as seen in many individuals
with anorexia nervosa or bulimia nervosa” [22]. Pro-eating
disorder blogs and websites are often characterized by users’
drive to be underweight [23-25]. In terms of goal setting, Boero
and Pascoe [21] found that many users of pro-ana (pro-anorexia
nervosa) communities write about their maximum, current, and
goal weights and are self-identified or diagnosed with eating
disorders. The reported goal weights are to be underweight even
if users’ current weights are in the healthy or underweight range
[21].
The desire to be underweight coupled with the use of weight
loss apps may put users at risk for or signal disordered eating
behaviors. Weight loss apps encourage dieting behaviors to
reach those who need to lose weight. Unfortunately, dieting
behaviors are linked to the development of eating disorders
[26-28]. In fact, women who severely diet are 18 times more
likely to develop an eating disorder, and those who moderately
diet are 5 times more likely to develop an eating disorder than
those who do not [27]. Studies of adolescent girls have found
that high BMI is not a factor for dieting initiation; many girls
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of a healthy weight and even those who are underweight report
wanting to lose weight and to go on a diet [29,30]. Simply
wanting to lose weight is associated with disordered eating and
weight control behaviors. In her study of US high school
students, Forman-Hoffman [31] found that dieting and
exercising to lose weight were linked to more unhealthy eating
and weight control behaviors [31]. Additionally, over one-third
of students who wanted to lose weight also reported one or more
of those disordered behaviors [31]. Thus, this drive to be
underweight acted as a marker for potential disordered eating
behaviors.

Eikey et al
weight or height data available (n=271), were younger than 20
years (because of the way BMI is calculated for those under 20
years; n=832), or over 99 years (n=1). That left us with 18,601
users. We calculated users’ BMI from the weight and height
data in their profile. For adults ≥20 years, underweight is <18.5,
healthy weight is 18.5 to 24.9, overweight is 25.0 to 29.9, and
obese is 30+. Looking at profile data gave us a better
understanding of the composition of the overall DropPounds
community.

Methods

For the users’ profile data, we used Excel (Microsoft Corp.) to
investigate the types and frequency of users’ BMI at the time
they created their weight loss plan (start BMI), BMI at the time
of data collection (current BMI), and goal BMI.

Approach and Analysis

Users’ Posts

We had profile data and forum posts from DropPounds, a
mobile- and Web-based weight loss app available on iPhone
operating system (OS, Apple Inc.), Android, and through the
Web. This app was chosen because at the time the data were
provided, it was a popular health app and includes many of the
features and content found in the majority of weight loss apps
today. For example, DropPounds allows users to track their diet
and physical activity. It also has an optional online community
associated with it, which users can turn to for advice and
support.

We analyzed content from the DropPounds online community
for two reasons. First, we wanted to observe whether weight
loss app users discussed not only the role of the app but also
how it impacted disordered eating behaviors. The examination
of forum posts revealed that this phenomenon was occurring.
Second, we wanted users’ perceptions without the influence of
a researcher asking specific questions. The dataset used in this
study comprised 321,999 posts over 24,183 threads that were
created from October 2009 to July 2012. Whereas the design
of specific features has changed since 2012, the types of features
have remained consistent.

We present two pieces of this study that move from a broader
picture of the DropPounds community to a narrower view of
specific DropPounds users. First, we analyzed users’ profile
data to get a sense of the number of users within the community
who set underweight goals. From the forum data, we provided
examples of users’ posts to highlight their perceptions of the
app’s effect on disordered eating behaviors.
Due to the sensitivity around eating disorders, it was important
to consider the ethics around conducting research in an online
forum with users who may have a history with eating disorders
[32]. Both the name of the app and community were changed
to protect users’ privacy. Also, we changed the wording of
quotations slightly to ensure the anonymity of users while still
maintaining the tone and theme of the quotation. As the app
company provided the data, we did not have access to users’
information to contact them for their consent.
Institutional review board approval was obtained from 3
universities to conduct the research. The company that owns,
maintains, and operates the app gave permission to conduct
research and provided app data, including forum posts and
portions of users’ profile data. Before providing the data, the
company assigned a random unique identifier to users. They
did not provide fields that were individually identifying. Forum
data and parts of profile data are publicly accessible through
the app. Anyone can create an account for free and read posts
on the forums. Users input their height, current weight, and then
set a goal weight and how many pounds per week they want to
lose (up to 2 pounds).

To isolate discussions about eating disorders, we used a number
of eating disorder–related keywords to identify candidate
threads. Keywords included an[eo]rexi[ac], ana, bul[ie]mi[ac],
mia, compulsive overeating, body d[iy]smorphi[ac] disorder,
bing[e], eating disorder, ED, purg[e], and EDNOS (eating
disorder not otherwise specified). The initial keyword search
returned 6190 threads representing 9255 unique users. The first
author examined the initial set of threads to identify and remove
any irrelevant content that the keyword search returned. After
removing irrelevant threads, we identified 1036 relevant threads
(2678 posts). After removing duplicates (n=342), we had 2336
posts that represented 1080 unique users.
We then pulled every post in the dataset written by users with
underweight BMI goals (n=246). After becoming familiar with
the data, the first author wrote notes about each post, including
the content and disordered eating behaviors mentioned and then
created codes based on the content (eg, app impact, binge
triggers, and community support). Coded posts were then
grouped together. We chose to focus on app impact. We
reviewed these posts to see how users discussed the impact of
the app on disordered eating behaviors and grouped these posts
into two broad categories: (1) reduces disordered eating
behaviors and (2) exacerbates disordered eating behaviors. We
then broke these up into smaller groups to highlight specific
ways the users believe the app reduces or exacerbates disordered
eating behaviors, with the purpose of providing example
quotations about the app’s impact on disordered eating behaviors
for other researchers to use as a basis for future research.

Users’ Profile Data
DropPounds provided us with profile data from 19,710 users
in 2012. To analyze the overall community, we removed users
if they had a BMI under 5 or over 125 (n=14), did not have
http://mhealth.jmir.org/2017/10/e150/
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Results
In this section, we first present statistics about users’ profile
data related to their BMI and goals to show the prevalence of
users with underweight BMI goals utilizing the app. Then we
present examples of how these users discussed the impact of
the app on disordered eating behaviors.

Users’ Profile Data (RQ1)
Of 18,601 users, 14,031 identified as female and 4570 as male.
The reported age of users ranged from 20 to 99 years
(mean=38.42, standard deviation [SD]=11.71, median=37,
mode=28). As shown in Figure 1, the majority of users start
with weight loss goals (n=18,370), followed by maintenance
goals (n=231). None of the users start with weight gain goals.
Looking at the change between users’ current BMI to goal BMI,
we show most users also have weight loss goals (n=17,984),
followed by weight gain goals (n=311) and maintenance goals
(n=306). In some instances, users lose more weight than they
planned from the time between their program start weight and
current weight, so their current BMI to goal BMI reflects a
weight gain goal even though their overall objective is to lose
weight.

Eikey et al
Within the community, 2.18% (406/18,601) start with
underweight BMIs, 2.81% (522/18,601) are currently
underweight, and 6.78% (1261/18,601) of the community have
a desire to be underweight, which can be seen in Figure 2 along
with other information about the start, current, and goal BMIs
of the community. The majority of users with underweight BMI
goals identify as female (n=1238 compared with n=23 who
identify as male). Of those users with underweight BMI goals,
most want a BMI of 17 or above (n=585), followed by under
15 (n=289), 16 to 16.99 (n=220), and 15 to 15.99 (n=167).
Of the users with underweight BMI goals, the majority (n=671)
had healthy start BMIs, followed by underweight start BMIs
(n=406), then overweight start BMIs (n=125), and finally obese
start BMIs (n=59), as shown in Figure 3. All users with
underweight start BMIs (n=406) had underweight goal BMIs;
that is, no one who was underweight when they began the
program wanted to gain weight to be in the healthy range.
Additionally, none of the users with underweight start BMIs
had healthy, overweight, or obese current BMIs.
Most users with underweight goal BMIs wanted to lose weight
(n=1237), and a small subset wanted to maintain their weight
(n=24). None of the users with underweight BMI goals wanted
to gain weight. Thus, none were interested in gaining weight
even if that allowed them to remain underweight.

Figure 1. Number of users who had weight loss goals and weight gain goals.

Figure 2. Number of users whose body mass index (BMI) was underweight, healthy weight, overweight, and obese at start, current, and goal.
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Figure 3. Number of users with underweight body mass index (BMI) goals who have underweight, healthy weight, overweight, and obese start BMIs.

Users’ Posts (RQ2)
We found that 8.98% (97/1080) of users who post in the forums
about eating disorders have underweight BMI goals. We then
looked at all users with underweight BMI goals and found 7.69%
(97/1261) of them post in the forums about eating disorders.
Users with underweight BMI goals produced a total of 246 posts

(mean=2.54, SD=2.29, range 1-24). Thus, 10.53% (246/2336)
of posts about eating disorders were written by users with
underweight BMI goals. Seventeen posts from 13 users
contained content related to how the app affects disordered
eating behaviors. Details on these 13 users are provided in Table
1.

Table 1. Users’ age, body mass index (BMI), symptoms, and app perception.

a

User ID

Reported
Disordered eating behaviors
age, in years

Start BMIa

Current BMI Goal
BMI

62663

34

Restriction, low weight

12.55

13.11

12.55

92214

27

Control food intake

16.09

16.49

14.51

23774

24

Bingeing

17.22

17.22

15.78

X

144279

52

Restriction, bingeing

17.28

15.06

14.62

X

154295

22

EDNOSb, restriction, bingeing

17.80

17.47

14.98

X

274788

40

Bingeing

18.16

16.09

15.21

X

533842

40

Anorexia and bulimia nervosa

18.26

15.70

15.21

2042

48

Bingeing

18.46

18.46

16.98

29213

20

Restriction, purging

18.75

18.46

16.24

X

318229

23

Anorexia and bulimia nervosa

19.57

18.47

18.23

X

172884

41

Former bulimia nervosa

20.90

20.01

18.07

X

215596

54

Bingeing, emotional eating

21.43

18.04

18.04

X

397752

24

Bingeing

22.78

20.88

18.31

X

Exacerbates

Reduces
X

X

X
X

X

BMI: body mass index.

b

EDNOS: eating disorder not otherwise specified.

All users with underweight BMI goals who posted about the
effects of the app in the forum identified as female. The majority
of these users began the program underweight (n=8), followed
by healthy weight (n=5). For current BMI, most users fell into
the underweight category (n=11), followed by healthy weight
(n=2). Eight users discussed how the app helps reduce
disordered eating behaviors, 4 users discussed how the app
exacerbates disordered eating behaviors, and 1 user talked about
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how the app did both. We provide example posts that highlight
these perceptions of the users about the app in Tables 2 and 3.
More often than not, users felt that DropPounds was a positive
influence because it created awareness and accountability that
reduced bingeing, helped them eat more, improved their food
choices, and provided them with a healthy plan. Many posts
focus on bingeing behaviors, so many users felt the app helped
them control those behaviors and choose healthier foods overall.
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Users with a history of extreme calorie and food restriction felt
that the app gave them awareness about their restrictive
behaviors, which helped them see where they should add foods.

Eikey et al
Some users believed the daily calorie budget was inherently
healthy. Table 2 provides example posts from users who
discussed these positive aspects of the app.

Table 2. Positive aspects of the app and example posts.
Positive aspects

Example post

Reduces bingeing

“The best thing for me for emotional eating or binge eating is logging! If I am faithfully logging, I have much better control
over that stuff because I don’t want to enter a bunch of crap. I am really proud of myself for not succumbing to those desires
to binge.” [ID 215596]

Helps eat more

“I suffered from disordered eating my entire life. My eating issues were never extreme enough to be considered full-blown
eating disorders but were enough to have a big negative effect on my life. Until I started using DropPounds, it was almost
impossible for me to eat 3 meals a day. My usual pattern included starving myself and then bingeing, compulsive eating,
and sporadic, unsustainable diets. My self-esteem has always been tied to my weight and whether I had a ‘good eating
day’ or a ‘bad eating day.’ Since I have been on DropPounds, I have finally learned how to eat 3 meals a day (and snacks).
Every meal and mouthful is still a battle but at least I’m finally winning the fight.” [ID 144279]

Improves food choices

“DropPounds for me is more about being held accountable for my food choices, as I have a bit of a sugar issue and tendency
to binge until I feel ill. This is about making sure I get enough fruits, vegetables, fiber , and avoid eating mindlessly.” [ID
23774]

Provides a healthy plan

“I have EDNOS, and I’m trying to recover. This app and community really motivate me to lose weight in a healthy manner.
Unfortunately, I purged last night, but today I didn’t. At one point, I used to purge everything I ate no matter what it was:
fruit, vegetables, diet coke, and water. I’m motivated and inspired to finish recovery by myself because I had a negative
experience in a hospital. I’m very happy here, and I love how it [DropPounds] gives you the amount of calories to eat.
You can still lose weight, and it selects a goal for you, which makes it healthy.” [ID 154295]

Some users also discussed how the app could exacerbate
disordered eating behaviors. For example, the app encourages
purging calories through excessive exercise by providing
negative feedback when users exceed their budget and allowing
them to erase calories to receive positive feedback. Not only
does it promote compensatory behaviors, but it also encourages
users to eat less than their allotted budget. Having disordered
eating behaviors in combination with using the app also could

lead to or exacerbate obsessive behaviors and thoughts around
logging and numbers. Whereas some users felt the app’s
algorithm automatically meant that the plan was healthy, other
users suggested that the app’s goal-based plan was actually
unhealthy. Table 3 provides example posts of these negative
aspects. These findings provide a preliminary look into how
apps may reduce and exacerbate disordered eating behaviors.

Table 3. Negative aspects of the app and example posts.
Negative aspects

Example post

Encourages purging

“The times where my bar showed I was over calories, I would punish myself with an extensive amount of exercise while
talking down to myself. There was a times where I would go over an insignificant amount of calories, 50 perhaps, and
punish myself with a large amount of unnecessary exercising.” [ID 29213]

Promotes eating less

“I have found myself doing this [trying to eat less and less like it’s a game] and have to remind myself daily (usually at
every meal) that it’s not about the number; it’s about making healthy choices . I have to make myself not feel like an utter
failure if I don’t stay under my calorie limit.” [ID 533842]

Leads to obsessive behav- “I have struggled with bulimia/anorexia for the past 4 to 5 years, and I still struggle today in being happy with my body.
iors
I am a perfectionist and have a somewhat obsessive personality so I can get obsessed with logging my food and thinking
about how many calories I am eating and drinking at all times. I probably shouldn’t be on this site sometimes!” [ID 318229]
Provides a dangerous
plan

“Many people who frequent these forums know about the 1200/1500 calorie minimum for women and men, but those who
have not joined the forums only assume that the less they eat, the more they will lose. For example, when I began this
program over a year ago, I set my goal to 2 pounds per week in order to get things accomplished faster. My budget was
around 900 calories, which I ate. DropPounds is the one calculating the calories people consume. While we cannot solely
blame DropPounds for its cold calculation, we have to consider the ignorance of many people who are using this program
and who are destroying their well-being in the process.” [ID 29213]

Discussion
Principal Findings
In summary, we found three main results: (1) no user (regardless
of start BMI) starts with a weight gain goal, and most users
want to lose weight; (2) 6.78% (1261/18,601) of the community
want to be underweight, and most identify as female; (3) users
with underweight BMI goals tend to view the app as positive;
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however, some acknowledge its role in exacerbating disordered
eating behaviors. In this section, we discuss these findings and
present a number of areas that researchers and designers need
to consider in more detail.

Weight Loss and Underweight Goals
We found that no user set a weight gain goal. In fact, the vast
majority of the community (98.76%; 18,370/18,601) begins the
program to lose weight (not maintain or gain). The users who
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are underweight when they begin the program do not want to
gain weight, and most of these users want to lose additional
weight, which would put them at a more extreme low weight
for their height. A small subset of users with underweight BMI
goals is using the app to maintain an already low weight. No
one using the app is doing so to gain weight even if they should
gain weight or report needing to gain weight as part of their
eating disorder recovery. Thus, the overall focus of app use is
weight loss irrespective of the start weight of users.
In addition to the heavy focus of weight loss by all users, we
found that 6.78% (1261/18,601) of the users wish to be
underweight according to BMI. The majority of users who set
underweight goals begin the program at either a healthy weight
or are already underweight, and most of these users identify as
female. These findings suggest women often want to lose weight
even when weight loss is unnecessary, which is in line with
prior research [31,33]. This may be explained in part by
women’s body dissatisfaction and weight perception. It is
common for women to be discontent with their bodies and
weight. In fact, in North America, there is such a pervasive body
dissatisfaction and preoccupation with weight among women
that psychologists have developed a term “normative
discontent,” which describes the normalcy of being unhappy
with one’s weight as a woman [34].
Research has also shown that women and girls tend to have an
inaccurate perception of their weight; they perceive their weight
as higher than it actually is [30,31,35]. For example, in their
study of first-year college women, Cilliers et al [30] found that
only a few in the healthy weight range were satisfied with their
weight, and many wanted to lose weight, which could result in
their engaging in unnecessary and unhealthy weight control
practices. A quarter of the underweight students also still wanted
to lose weight, and the remaining underweight students wanted
to keep their underweight status [30]. Similarly,
Forman-Hoffman [31] found that over 20% of high school
students overestimate or extremely overestimate their weight.
When women and girls perceive their weight as higher than it
is, they may wish to lose weight that would put them at an
unhealthy weight for their height. This overestimation is linked
to disordered eating behaviors [31]. Thus, users’ goals may
explain a lot about them. To promote health, researchers should
further examine the relationship between perceived weight, goal
weight, and eating disorders to find ways to empower users to
make healthy choices and set healthy goals.
Although DropPounds and other weight loss apps and
communities are designed for users who need to lose weight,
our study shows that users who likely do not need to lose weight
but are dissatisfied with their current weight are using the app
to achieve unhealthily low weights. This is an important finding
because designers and developers often focus on the intended
and “ideal” user, which makes sense, given the focus of the app
(weight loss); however, our study shows that we need to pay
more attention to unintended or “nonideal” users and the uses,
perceptions, and effects of weight loss apps on them.

App Perceptions
We provided example posts from users who discussed the app
as positive and negative. These examples are not meant to be
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an exhaustive list of the use and perceptions of weight loss apps;
instead the intention is that these provide a basis for researchers
to thoroughly investigate the role of weight loss apps for those
with disordered eating behaviors. Researchers can use these
eight themes (reduces bingeing, helps eat more, improves food
choices, provides a healthy plan, encourages purging, promotes
eating less, leads to obsessive behaviors, and provides a
dangerous plan) to examine aspects and features of weight loss
apps that could be useful for eating disorder recovery or
aggravate disordered eating behaviors.
Similar to Tan et al [15], we found that users discussed the
weight loss app as reducing disordered eating behaviors and
exacerbating them; however, more users talked about the
positive aspects of the app than the negative aspects. These
findings are both in line with and in opposition to
interview-based research about the use and perceptions of weight
loss apps by women with eating disorders. Interview-based
findings support the idea that weight loss apps encourage
purging or compensatory behaviors, promote restriction, and
lead to obsessive logging [14]. However, this study did not
discuss dangerously low plans, as the focus was on a different
app that did not allow users to set a daily calorie budget below
1200 [14], suggesting that having minimum daily calorie budgets
may be beneficial to users, especially those who are unaware
of how many calories they need. Additionally, positive aspects
of the app included its ability to show users how much they
needed to eat, much like this study; however, the set healthy
plan did not emerge as a major finding [14].
So why do users in this study tend to view the app as mostly
positive? One possible explanation may be related to the type
of disordered eating behaviors. Of the 13 users, 10 mentioned
bingeing or bulimia-related behaviors. The app may, in fact, be
beneficial to promote mindfulness, and logging foods during a
binge may reduce the amount of food users eat. However, given
that these users have a desire to be underweight, the app may
contribute to or exacerbate other behaviors. Thus, more research
is needed to differentiate the effects and uses related to types
of disordered eating behaviors and eating disorders. For instance,
creating awareness may be beneficial for those with binge eating
disorder, but this awareness could be problematic for those who
have a high drive for thinness, fear of weight gain, anorexia
nervosa, and so on.
Another possible explanation may relate to users’ current stage
of their disordered eating or eating disorder and their ability to
reflect on their behaviors. When users post in the forums about
the app, they may feel as though the app is helpful to them even
if their behaviors are disordered. They may be at a stage where
they do not recognize their disordered eating behaviors or are
unwilling to. This is echoed in the concept of a user’s health
journey [14]. In the interview-based work, participants were
reflecting on their use over time, and they often explained that
at the beginning of app use they saw no problem with their
behaviors or the app but later realized the app was exacerbating
their disordered behaviors more than helping them [14]. Thus,
it is possible that the users in this study were in the earlier stages
of use when they discussed the app in the forums. More research
is needed to understand the effects of weight loss apps on
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disordered eating behaviors and how the stages of the users’
health journey change the role technology plays.

Discrepancies Between App Perceptions and Goals
On the basis of this study alone, we do not understand why users
set low weight goals. Some users explicitly stated needing to
gain weight for recovery but had weight loss goals. For example,
users with underweight start BMIs and underweight goal BMIs
said that the technology is helping to reduce their eating disorder
behaviors, and every user with an underweight start weight had
an underweight goal weight. This begs the question: do some
users really want to recover? We cannot determine whether or
not users truly want to use the app to reduce their disordered
eating behaviors. Our results indicate that women’s discussions
of eating behaviors in the DropPounds forum often focused on
being healthy, and no user in the sample openly said they were
trying to maintain disordered eating behaviors. However, their
private weight goals would put them at an underweight BMI.
The tension between users’ private goals and forum posts may
be related to self-presentation. According to Counts and Stecher
[36], “self-presentation can be thought of as the image or idea
of the self, or the process of creating this image for a variety of
social purposes.” Research has shown that people present
themselves in desirable ways when they are in the public [37].
Self-presentation motives include achieving your goals,
presenting a positive view of self to the world, and conforming
to social norms. According to Goffman [37], life is comparative
to the theater: people do “front stage” work when they are
interacting with others in public settings, and they do “back
stage” work, which comprises the private things people do when
no one is looking. These two presentations can be misaligned. In
this case, the forum posts represent “front stage” work, whereas
the private profile goals represent “back stage” work.
Although research has shown that eating lightly to achieve
thinness is desirable for women [38], having an eating disorder
or disordered eating behaviors in a community whose focus is
health may be undesirable. This is in line with prior work on
self-presentation in an online community. Schwammlein and
Wodzicki [39] found that “members of the common-identity
community focused on characteristics shared among members
of the community” versus those who were part of the
common-bond community. The DropPounds community shares
a common identity: its users emphasize healthy weight loss.
Many of its users are serious about maintaining a healthy
lifestyle and are against unhealthy or extreme tactics to lose
weight. Due to this, users who may have disordered eating
behaviors and want to post in the forums may attempt to
conform to the community’s norms and its members’ opinions
and characteristics. Many more may choose not to post in the
forums about their disordered eating behaviors because of fear
of backlash from the rest of the community or privacy concerns.
Research has shown that women with eating disorders may be
reluctant to use social and community features of weight loss
apps [40]. This may explain why only 97 users with underweight
BMI goals were present in the forums even though 1261 users
set underweight BMI goals and why only 13 of these users
talked about the impact of the app within the forums.
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We cannot determine whether users are actively trying to
maintain their disordered eating behaviors or whether they want
to recover but are not setting appropriate goals. There may be
a subset of users who do not want to recover from their eating
disorder or disordered eating behaviors. Weight loss apps and
forums can give them a false feeling that their behaviors are
healthy, which can allow them to deny they have disordered
eating behaviors. Researchers need to investigate in more detail
why users with disordered eating behaviors use weight loss apps
and their intentions regarding eating disorder maintenance and
recovery.
Another potential explanation comes out of the interview-based
study [14]. In that study, users discussed trying to use the app
for recovery but falling back into old habits [14]. Therefore,
some users may in fact be trying to recover while combatting
the urge to lose weight and restrict calories. This may, in part,
be because of the nature of weight loss apps. Through design,
users are supposed to be motivated to lose weight, so even when
they set weight gain goals or attempt to eat more calories, the
app still shows visualizations to motivate them to lose weight.
Thus, more research is needed on the effects of design and how
we motivate users through design. Health app designers should
also consider ways to promote other types of goals besides
weight loss. Weight loss is not the only type of health and fitness
goal. For instance, users may wish to gain muscle or use the
app to achieve exercise-related goals not even tied to a goal
weight.

Limitations
There are a few limitations of this research, including sample
size, date of data collection, and using BMI. Although there
were over 1200 users who had underweight BMI goals, not
every user posted in the forums. Analyzing the profile and forum
data meant that we were unable to get the perspectives of users
with disordered eating behaviors who did not post in the forum.
Additionally, for the purposes of this study, we focused on
users’ discussions on the impact of the app. Thus, we could
only provide example quotations from a small subset of users.
This likely does not cover all perceptions of the app but is meant
as a jumping point for future research.
Another limitation is the age of the data. Whereas certain
features of the app have changed since the time of data
collection, the overall focus of the app is the same. The app still
contains a food, exercise, and weight loss log and shows
progress visualizations based on these factors, but the look of
the app has changed. However, the focus of this research was
not on specific design features or aesthetics, so the findings are
still relevant not only to DropPounds but also to other weight
loss apps. Since data collection, the app’s popularity has
skyrocketed. Thus, we suspect even more users with disordered
eating behaviors are utilizing the app.
Although BMI has its limitations, BMI is used in the Diagnostic
and Statistical Manual of Mental Disorders, 5th edition
(DSM-V) to aid in the diagnosis of eating disorders [19].
Additionally, per the Centers for Disease Control and Prevention
(CDC), BMI below 18.5 is considered underweight [41]. We
chose to focus on users with underweight BMI goals because
this desire to be underweight can signal unhealthy behaviors.
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Having an underweight BMI goal does not mean that all of these
users have clinical eating disorders; rather the intent to be
underweight and wanting to lose weight when already at a
healthy weight or underweight could be indicative of disordered
eating behaviors [21,22]. Additionally, BMI under 18.5 is a
potential marker of anorexia nervosa. Thus, we used goal BMI
as an indicator of disordered eating behaviors. However, it is
likely that we missed users with disordered eating behaviors
who have goal weights that put their BMI in the healthy,
overweight, or obese range, which means that there are
potentially many more users with disordered eating behaviors
using weight loss apps. The aim of this study was to focus on
weight intentions, specifically users with underweight BMI
goals, and shed light on their app perceptions. Despite the
limitations, this study is a good first step toward looking at the
composition of weight loss app communities and the impact of
weight loss apps on disordered eating behaviors.

Future Work
This research represents one phase of a larger project. We are
also conducting interviews with weight loss app users with
eating disorders. From the profile data, we found that many
users had either underweight BMI start weights or underweight
BMI goals, which suggests a large prevalence of users with
disordered eating behaviors. However, most of these users did
not post about eating disorders in the forums. Thus, conducting
interviews allows us to get a larger sample size as well as ask
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additional questions about how users utilize weight loss apps
and how those apps impact them. After we conduct the
interviews, we plan to get a broader view of the phenomenon
by conducting a survey, which will help with generalizability.

Conclusions
In this study, we looked at the underweight BMI goals of users
in a weight loss community and perceptions of these users with
regard to the impact of a weight loss app on disordered eating
behaviors. A number of users within the community had
underweight BMI goals, suggesting they have a strong drive
for thinness and a desire to be underweight, which may signal
disordered eating behaviors. Users with underweight BMI goals
tend to view the app as beneficial for disordered eating
behaviors, especially bingeing. Although users with underweight
BMI goals felt different features of the app could both reduce
and exacerbate disordered eating behaviors, their overall
perceptions and goals were misaligned. While this study
provides examples of how weight loss apps may impact
disordered eating behaviors, a number of questions emerged
leading to suggestions for additional research directions. As
this is an understudied area, more work is needed on the use of
weight loss apps by users with eating disorders and disordered
eating behaviors. Our future work aims to explore this area more
thoroughly. We hope that this study sparks more research on
the role of technology for users with disordered eating behaviors.
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Abstract
Background: Young people with type 1 diabetes often struggle to self-manage their disease. Mobile health (mHealth) apps
show promise in supporting self-management of chronic conditions such as type 1 diabetes. Many health care providers become
involved in app development. Unfortunately, limited information is available to guide their selection of appropriate methods,
techniques, and tools for a participatory design (PD) project in health care.
Objective: The aim of our study was to develop an mHealth app to support young people in self-managing type 1 diabetes.
This paper presents our methodological recommendations based on experiences and reflections from a 2-year research study.
Methods: A mixed methods design was used to identify user needs before designing the app and testing it in a randomized
controlled trial. App design was based on qualitative, explorative, interventional, and experimental activities within an overall
iterative PD approach. Several techniques and tools were used, including workshops, a mail panel, think-aloud tests, and a
feasibility study.
Results: The final mHealth solution was “Young with Diabetes” (YWD). The iterative PD approach supported researchers and
designers in understanding the needs of end users (ie, young people, parents, and health care providers) and their assessment of
YWD, as well as how to improve app usability and feasibility. It is critical to include all end user groups during all phases of a
PD project and to establish a multidisciplinary team to provide the wide range of expertise required to build a usable and useful
mHealth app.
Conclusions: Future research is needed to develop and evaluate more efficient PD techniques. Health care providers need
guidance on what tools and techniques to choose for which subgroups of users and guidance on how to introduce an app to
colleagues to successfully implement an mHealth app in health care organizations. These steps are important for anyone who
wants to design an mHealth app for any illness.
(JMIR Mhealth Uhealth 2017;5(10):e124) doi:10.2196/mhealth.8137
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Introduction
Type 1 diabetes mellitus (T1DM) is a major health challenge,
particularly among young people, who struggle to manage their
condition during the transition from childhood to adulthood.
Physical, cognitive, and social changes influence their daily
T1DM routines (eg, blood glucose measurement, carbohydrate
counting, and insulin adjustment). This frequently results in
impaired glycemic control [1], increased risk of acute
complications [2], and early onset of long-term complications
[3,4].
Parents are important supports for young people to self-manage
T1DM [5]. However, parents often report frustrations, stress,
and worry regarding their role [6]. Schilling et al [7] define
self-management for young people with T1DM as a flexible
daily process in which young people and their parents share
decision making and responsibility for controlling T1DM. The
process whereby young people go from being totally dependent
on parents to managing their T1DM by themselves is constantly
evolving.
Supporting young people in self-managing T1DM is an integral
goal of health care [8]. Unfortunately, self-management support
can be complex. Health care providers should both guide insulin
management and seek insight into young people’s lived
experiences, such as social life, work, and school, to identify
challenges affecting self-management. Furthermore, they must
pay attention to young people’s needs to develop
self-management skills while encouraging and involving parents
in supporting their young people [9,10]. Routine care from
health care providers appears to have limited effects on
self-management and glycemic control [1]. Consequently,
supporting young people and parents during the transition from
childhood to adulthood is an ongoing challenge for health care
providers.
Mobile health (mHealth) apps are promising tools for supporting
self-management of a chronic condition such as T1DM [11,12].
They are easily accessible, widely used, and accepted,
particularly by young people [13]. They have the potential to
improve patient education and enhance communication with
health care providers and peers in a convenient and interactive
way [14]. Recently, the number of apps to support
self-management of chronic conditions such as T1DM in adults
has exploded [15]. However, a recent review of mHealth apps
for management of chronic physical conditions in adolescents
[16] identified only two apps to support adolescents with T1DM
[17,18]. Cafazzo et al [17] developed an mHealth app based on
interviews with adolescents and their parents to facilitate
feedback on blood glucose data. A pilot test (N=20) found an
improvement in the frequency of blood glucose monitoring [17].
Frøisland et al [18] tested an mHealth app with a picture-based
diabetes diary in addition to a text messaging service in a
3-month pilot study (N=12) and found increased understanding
of applied knowledge [18]. Unfortunately, few studies are
available, and they are all limited by small sample sizes and the
absence of a control group [16]. In addition, mHealth apps are
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seldom developed on the basis of empirical evidence [19].
In-depth understanding of user needs is often lacking, and the
effect of self-management apps is mixed [16,20]. Furthermore,
few objective comparisons of methods, tools, and techniques
are available to guide health care providers [21] in selecting an
appropriate approach for a participatory design (PD) project.
Hence, key questions remain unanswered, including which tools
and techniques to use and when and where to use them.
This paper presents our methodological recommendations based
on experiences and reflections from our 2-year research study.
The aim of our study was to develop an mHealth app to support
young people in self-managing T1DM.

Methods
The study used a mixed methods design (Figure 1) comprising
(1) quantitative and qualitative pre-studies to identify user needs,
(2) quantitative and qualitative studies designing the app, and
(3) testing of the effect of app use in a randomized controlled
trial (RCT).
The focus of this paper is on the process of designing the app,
which was based on qualitative, explorative, interventional, and
experimental activities within an overall iterative and PD
approach [22] (Figure 1). PD promotes user participation in
technology design. It enables designers and end users to learn
from each other through understanding each other’s perspectives
and priorities [23]. Involving users in developing an intervention
is known to result in higher levels of user acceptance and
satisfaction [24] and has previously contributed to changes in
the design of mHealth interventions [17,18,25]. Several
techniques and tools were used to design the app, including
workshops, a mail panel, think-aloud tests, and a feasibility
study (Figure 1). Throughout the activities, a purposive sampling
strategy [26] was used to ensure variation in age, gender, age
at onset of T1DM, and location of diabetes care. Table 1
provides a detailed description of the methods, and Table 2
presents participant characteristics.
A steering group was established to ensure a scalable and usable
mHealth app. The group consisted of four physician diabetes
team leaders, a professor in computer science, a physician and
a nurse with expertise in adolescent medicine, the leader of the
telemedicine center in the Capital Region of Denmark, and a
consultant from the Danish Agency for Digitisation. The steering
group met after the pre-studies and after the app was designed
to determine if the study phase was complete [22].
The study was approved by the Danish Data Protection Agency
(No. 01980 HIH-2012-013, No. 02249 HIH-2013-016, and No.
04015 NOH-2015-031) and performed in accordance with the
ethical recommendations of the Helsinki Declaration. Written
consent was obtained from participants and from parents if the
young people were under the age of 18 years. Confidentiality
and anonymity were assured. Ethical approval of retrospective
and qualitative studies by Research Ethics Committee is not
necessary in Denmark (No. 15000468, Ref. No. H-15013254).
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Figure 1. Mixed methods design.

Table 1. Detailed description of app design.
Activity

Aim

Participants

Data collection

Data analysis

Workshops

To develop an app to support
young people to self-manage
T1DM

Inclusion criteria for young
people (and parents): 14-22
years old, T1DM ≥1 year, no
psychiatric disorders, in pediatric care or adult care

Workshop themes: My diabetes; App functions; Sensitive
topics; Future; To my parents;
Knowledge and skills; Design
and language

Findings summarized for the
IT company to describe functionality and modes of interaction.

Inclusion criteria for health care Brainstorming, prioritizing,
providers: on the diabetes team feedback, and prototyping were
at an adult or a pediatric and
recorded and artifacts collected.
adolescent diabetes clinic and
with ≥1 year experience working with young people with diabetes
App prototyping

To design the first version of
the app

IT company; young people with
T1DM and parents; health care
providers; experts (interactive
design students, illustrator,
journalist, movie creator)

Mail panel

To ensure a reliable and scalable app

See workshop inclusion criteria.

Think-aloud test

To ensure a reliable and scalable app

See workshop inclusion crite- Participants “thought aloud”
Feedback categorized by
ria. Could not have participated while performing tasks cover- themes.
in previous study activities.
ing the main functions; recordings and observations.

Feasibility study

To test and evaluate the app in
a real-life setting

See workshop inclusion criteria; had participated in thinkaloud test.
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The participants provided writ- Feedback categorized by
ten feedback on prototype ver- themes.
sions.

Young people and health care Feedback categorized by
providers tested the app for 5
themes.
weeks and completed questionnaires.
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Table 2. Participant characteristics.

Age in years,

Workshops

Mail panel

Think-aloud test

(n=41)

(n=49)

(n=16)

Feasibility study
(n=44)

YPa

Pb

HCPc

YP

P

HCP

YP

P

HCP

YP

HCP

(n=17)

(n=10)

(n=14)

(n=20)

(n=3)

(n=26)

(n=6)

(n=4)

(n=6)

(n=6)

(n=38)

19 (1.7)

19 (2.4)

18 (3.0)

18 (3.0)

median (SD)
Female, n (%)

11 (65)

6 (60)

13 (93)

12(60)

1 (33)

19 (73)

3 (50)

3 (75)

6 (100)

3 (50)

29 (76)

Pediatric department, n (%)
Nordsjælland

3 (18)

2 (20)

3 (21)

5 (25)

1 (33)

3 (12)

1 (17)

1 (25)

1 (17)

1 (17)

5 (13)

Herlev

2 (12)

3 (30)

1 (7)

2 (10)

1 (33)

4 (15)

1 (17)

1 (25)

1 (17)

1 (17)

8 (21)

Roskilde

0 (0)

0 (0)

0 (0)

0 (0)

0 (0)

3 (12)

1 (17)

1 (25)

1 (17)

1 (17)

5 (13)

Adult department, n (%)
Hillerød

8 (47)

4 (40)

4 (29)

8 (40)

1 (33)

6 (23)

1 (17)

1 (25)

1 (17)

1 (17)

6 (16)

Steno

4 (24)

1 (10)

6 (43)

5 (25)

0 (0)

8 (31)

1 (17)

0 (0)

1 (17)

1 (17)

9 (24)

Køge

0 (0)

0 (0)

0 (0)

0 (0)

0 (0)

2 (8)

1 (17)

0 (0)

1 (17)

1 (17)

5 (13)

Physician

–

–

4 (29)

–

–

13 (50)

–

–

1 (17)

–

15 (40)

Nurse

–

–

6 (43)

–

–

9 (35)

–

–

3 (50)

–

17 (45)

Dietician

–

–

4 (29)

–

–

4 (15)

–

–

2 (33)

–

6 (16)

Profession, n (%)

a

YP: young people

b

P: parents

c

HCP: health care providers

Quantitative and Qualitative Studies Identifying User
Needs
Before designing the app, we explored the needs of young
people for self-managing T1DM and possible ways to support
these needs. We conducted four main activities.
In a retrospective cohort study (n=126) [27], we found that more
than 90% of adolescents had a suboptimal level of hemoglobin
A1c around transfer from pediatric to adult care. Those who
did not attend clinic visits, whose parents were divorced, or
who had a learning disability and/or mental health condition
had a higher risk of poor metabolic control.
Using visual storytelling with young people with T1DM (N=9)
and their parents (N=13) [28], we explored users’ experiences
of living with T1DM in individual interviews based on their
personal photographs. Young people and their parents
experienced the same concerns and challenges related to living
with T1DM. They seldom shared these concerns and challenges
with each other, which led to misunderstandings, frustration,
and conflicts. Four major themes occurred consistently among
young people and their parents:
1.

Striving for safety. Young people and parents tried to create
a “safety net” (ie, hotline, juice, preparing friends) not to
risk hypoglycemia. Some adolescents chose to have a high
level of blood glucose preventing hypoglycemia, which
was supported by some parents.
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2.

3.

4.

Striving for normality. Young people often felt different
from their peers carrying the burden of T1DM. Some tried
to be normal by ignoring T1DM, and some parents felt
sorry for their child supporting these “breaks.” Peers with
diabetes helped many feel normal.
Striving for independence. Young people and parents longed
for the young people to be independent in T1DM
management. However, young people faced obstacles such
as lack of T1DM knowledge, skills, and parental support.
Some avoided clinical visits to hide their incompetence in
self-management.
Worrying about the future. Both parties worried about the
future, such as the risk of long-term complications. Parents
thought their child did not worry and chose not to talk about
it. However, young people felt alone with their worries, not
sharing them with anyone.

In individual interviews with 24 health care providers (10
physicians, 10 nurses, 4 dietitians; unpublished data), we
explored health care provider’s attitudes towards implementing
an app in clinical settings. Two major themes were identified:
a new way to collaborate and losing control. All health care
providers emphasized that an app could help improve their
collaboration with the young people by breaking the ice and
helping them investigate young people’s real challenges and
concerns and by providing ongoing support between clinic visits.
On the other hand, health care providers feared losing control
of the content of consultations. They feared that their authority
would be questioned if they lacked competency with the app
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e124 | p.151
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and that its use would be too time-consuming. Health care
providers preferred electronic messages to be sent to their work
email addresses so they would not have to check two devices.
Finally, we identified relevant security regulations to ensure we
met the national standards for login procedures and exchanging
messages with peers and health care providers. Compliance
with security regulations was assured through six regular
meetings throughout the design process with consultants from
an IT company and from a public health-technology center.

Designing the App
To develop the mHealth app to support young people in
self-managing T1DM, we invited young people with T1DM,
their parents, and health care providers to participate in
workshops. The first version of the app was developed from
the workshop findings.

Workshops
Seven workshops were held in November and December 2014.
In total, 17 young people aged 16-21 years, 10 parents, and 14
health care providers participated in one or more workshops
(Table 2). In addition, 26 individuals with specialized expertise
and knowledge, such as dieticians, psychologists, a social
worker, interactive design students, a journalist, information
technology (IT) consultants, a telemedicine consultant, and
other health care providers with an interest in adolescent
medicine, participated in workshops to find ways to meet the
needs of the young people and their parents. Each workshop
included 11-21 participants (Multimedia Appendix 1).
Workshop content was based on the results from our quantitative
and qualitative pre-studies [27,28]. The results from the
pre-studies were merged by a mixed methods concurrent design
[29] to interpret the challenges that young people and parents
face living with T1DM. By applying a mixed methods sequential
design [29], the results from the pre-studies were used to inform
workshops. As an example, visual storytelling elucidated young
people’s lack of T1DM knowledge, which was used in
Workshop 6 “Knowledge and skills.” Workshop themes are
listed in Table 1. Each workshop lasted 2½ hours and included
a 5-minute introduction, individual brainstorming, prioritizing
ideas, and sketching prototypes based on the ideas. Workshop
participants were grouped by whether they were young people,
parents, or health care providers. The workshops were audioand video recorded. All input (Post-it notes, flip charts,
prototypes, digital records) were collected and categorized by
theme; the IT company incorporated the final list of themes into
a description of functionality and modes of interaction.

App Prototyping
The IT company built a preliminary version of the app on iOS
and Android platforms. Interactive design students were invited
to improve the app design and create animations. Young people
with T1DM created video self-portraits (“selfies”) on a variety
of topics, such as how to tell peers one has T1DM or their
experiences with low blood sugar. A professional illustrator
created graphic elements, and a journalist wrote youth-friendly
texts and tips. Experienced providers on diabetes teams
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(physicians, nurses, dieticians, psychologists, and social
workers) revised and approved the final app content.
We were unable to fulfill all needs identified by users. For
example, we did not add a mentor/mentee function due to the
complexity of evaluating this intervention. However, a
supplementary Web-based secure messaging function for health
care providers was developed to enable contact with young
people. Multimedia Appendix 1 provides an overview of the
needs addressed in each of the workshops, the main ideas
identified, and the resulting functionality and modes of
interaction in the app.
We aimed to evaluate and refine the app. Our primary concern
was its usability and feasibility; the IT company took
responsibility for technical testing. Our evaluation relied on
three techniques (mail panel, think-aloud testing, and feasibility
study). A mixed methods sequential design [29] connected
findings and ideas from one qualitative study in the design phase
to the next to iteratively inform the prototyping and refinement
of the app.

Mail Panel
A mail panel comprising 20 young people aged 17-26 years, 3
parents, and 26 health care providers gave feedback on screen
shots of the app (mock-ups) and first versions of the app (test
flights) in six iterative cycles from March to October 2015. The
panel received mail with questions and attached mock-ups
(Cycles 1-4) or test flights (Cycle 5-6). The questions focused
on layout, content, and functions. The feedback was collected,
and the IT company refined the app before the next cycle
(Multimedia Appendix 2).

Think-Aloud Testing
Think-aloud tests [30] were performed to understand how users
experienced the app interface [31]. Six young people aged 15-22
years, 4 parents, and 6 health care providers participated. None
of the young people or parents had participated in previous
activities. In individual sessions that lasted 15-53 minutes,
participants were asked to verbalize their thoughts while
performing app-related tasks (Multimedia Appendix 3). Tasks
were designed in collaboration with the IT company to test the
interface. Participants were prompted if they found thinking
aloud challenging (eg, “Tell me what you are thinking”). The
sessions were digitally recorded and observed, and comments
and nonverbal reactions were noted. Data were categorized by
themes. Based on the feedback, the IT company refined the app
before next cycle. A total of two iterative cycles were completed
(Cycles 5 and 6; Multimedia Appendix 2) in September and
October 2015.

Feasibility Study
A 5-week feasibility study was conducted from October to
December 2015 [32,33]. Author PC-S presented the app to a
total of 38 health care providers individually (n=13) or in eight
groups (n=25). The presentation included a summary of young
people’s and parents’ needs [28], a 15-minute introduction to
the app, and two role-playing scenarios in which health care
providers were asked to introduce the app and use it as a
dialogue ice breaker while a colleague or PC-S played the role
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e124 | p.152
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of a young person with T1DM. Finally, health care providers
were asked to familiarize themselves with the app in their
outpatient clinics and use it with at least 2 young people with
T1DM during the 5-week study period. Feasibility was evaluated
by an electronic questionnaire sent to health care providers that
contained questions such as:
•
•
•
•

Does the app work on your device?
To whom have you introduced the app?
What challenges have you experienced using the app?
What has to be changed before conducting an RCT
evaluating the app?

Six young people aged 15-22 years who had participated in
think-aloud tests were individually introduced to the app in
15-minute sessions and asked to test it for 5 weeks at home and
in cooperation with their health care providers and parents. They
received a paper questionnaire with questions such as:
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•
•
•
•

Has the app helped you?
How has the app helped you?
Have you used the app in collaboration with health care
provider or parent?
Would you recommend the app to peers?

The questions were based on previous experiences of the IT
company with app development; 2 health care providers and 2
young people assessed face validity before the questionnaire
was distributed to test participants. Their responses were
categorized into themes, and the IT company made final
refinements of the app based on the feedback.

Young With Diabetes App
The final mHealth solution consists of the app “Young with
Diabetes” (YWD) and an additional Web-based mail module
through which health care providers receive messages from
young people. The eight main functions in the app are outlined
in Figure 2.
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Figure 2. Young with Diabetes.

Results
Our experience yielded valuable learnings and a set of
recommendations for future app development (Table 3).

Mixed Methods Design
A mixed methods design allowed us to obtain a nuanced
understanding of users’ needs and challenges before the
workshops [29]. This knowledge was essential to guiding both
workshop content and design of the app. In addition, we used
a variety of qualitative techniques to explore how users viewed
and assessed YWD. This gave us a better understanding of the
app content, user interface, and technical issues and was
invaluable to further refining the app before implementation.
http://mhealth.jmir.org/2017/10/e124/
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By applying a mixed methods design [29], the findings from
the pre-studies informed the design process resulting in a final
version of YWD that met the users’ needs and challenges. As
an example, one of the findings from visual storytelling was
“striving for normality.” Young people strove for normality in
order to not feel different from their peers without T1DM. In
addition, meeting peers with T1DM often helped them feel
normal. This finding was approached in Workshop 3 “Sensitive
topics,” where ideas were generated on how to support young
people to feel normal. The final app consequently ended up
with a chat room and video self-portraits to share experiences
with peers, in addition to an information topic on how to tell
others that you have T1DM. Furthermore, the parent section
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informed parents on how it can actually be to have T1DM
including the young peoples’ struggle for normality.
Applying a mixed methods design is consistent with a recent
design study [34] reporting that qualitative and quantitative
results contributed to a comprehensive understanding of the
technology and area of concern. On the contrary, a recent PD
project [35] developed a patient-centered mHealth app for young
people with T1DM and their parents using only qualitative
methods, which provided limited information for improving the
app. A mixed methods design is highly recommended for future
PD projects to gain a comprehensive and nuanced knowledge
of the area of concern and meet the needs of users [29].

Participatory Approach
Our PD approach engaged all types of end users (young people,
parents, and health care providers) in designing the app. End
users were essential collaborators, helping researchers and
designers further understand their challenges and needs,
generating ideas, giving feedback, and testing the new
technology to ensure a usable and feasible product. Similar to
previous PD projects [17,18,25], user input contributed to crucial
changes in the technology. We found that different types of
users had different approaches when engaged in workshop
activities. For example, young people generally found it easier
to create paper prototypes than did parents, and health care
providers and young people often shared new apps with each
other, fostering new ideas. We also found it useful to separate
workshop participants by user type because they seemed to
share ideas more readily than they did in mixed groups. More
research is needed to improve our understanding of how best
to engage subgroups of participants and which tools and
techniques best suit each type of end user.
Giving a voice to end users and designers and respecting their
different views is key to success when developing new
technology [17,18,24,25]. However, we found it challenging to
resolve conflicting views on functionality while taking
resources, such as finances and time, into account [21,36]. The
seven workshops yielded large amounts of user input and
feedback: 46 hours of digital records in addition to several
Post-it notes, flip charts, pictures, etc. PC-S, the IT company,
and the steering group made final decisions about app content.
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Taking resources into consideration, they had to eliminate some
user-requested functions, such as a mentor/mentee function, a
monthly newsfeed, customizing the app, and the ongoing
possibility of uploading new video self-portraits. Future app
development should consider incorporating these functions,
since customization is especially known to be critical for app
engagement [35]. In addition, guidelines are needed as to how
to manage (collect, analyze, and prioritize) data in future PD
projects [36,37]. For example, we were challenged by questions
such as: Should digital records be transcribed? How should data
be analyzed in PD activities? How do we prioritize and eliminate
ideas that are highly valued? Such guidance may help to limit
the large amount of data that often challenge PD projects [36]
and reduce time-consuming data management activities.

Diverse Team of Experts
Researchers, designers, or end users alone could not have created
YWD. The expertise of a diverse team was crucial to building
a new health care technology platform and creating the content
(eg, information, quizzes, pictures, illustrations, movies, video
self-portraits). The authors collaborated with educational
institutions such as the Danish School of Media and Journalism
to obtain needed expertise at minimal cost and provide students
with “real life” projects. In addition, a public-private partnership
was established between the hospital and the IT company. The
partnership created a team of highly engaged stakeholders who
contributed to the study and shared an interest in the study’s
success. We strongly recommend establishing a
multidisciplinary team before developing an mHealth app in
health care, which is consistent with previous studies [38]. In
addition, it may be beneficial for health care providers, who are
often inexperienced in designing new technology, to cooperate
with an expert in conducting PD projects to guide the design
process. Stakeholders who are considering developing an
mHealth app may benefit by meeting with experts, such as
innovation and security consultants and lawyers (to draft a
partnership agreement) very early in the process. For instance,
a group has been established in the capital region of Denmark
to guide health care providers through facets of new app studies
such as addressing security regulations, facilitating workshops,
etc [39].
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Table 3. Recommendations for future app development.
Challenges

Experiences

Recommendations

Suggestions for further research

Engaging user subgroups

Participants who are separated in
user groups seemed freer to share
ideas than they may have been in
mixed groups.

Separate participants in user groups What tools and techniques are best
in workshops sessions.
suited for different types of end
users (ie, young people, parents,
health care providers)?

Young people found it easier to
Creating paper prototypes is an efcreate paper prototypes, compared fective tool for engagement, especialto parents and health care providers. ly with young people in activities to
generate ideas.
Resolving conflicting views on
functionality

Meeting requirements for building
an mHealth app

The IT company and the steering
group made the final decisions about
the content of the app.

Incorporate eliminated functions in
a future version since users wanted
them.

Functions (mentor/mentee-function,
customization, and monthly newsfeed) were eliminated due to lack of
resources.

How to prioritize and eliminate user
ideas?

A diverse team of experts was crucial to meeting the challenge of
building a new technology platform
within health care.

Invite end users, designers, and a
diverse team of experts (eg, illustrators, journalists) to participate in
workshops.
Collaborate with other educational
institutions to meet the need for expertise with minimal cost.
Establish public-private partnerships
to combine resources and ensure
engagement from all stakeholders.
Consider engaging an innovation
consultant to guide the PD process.
Set aside enough time to build the
app – it always takes more time than
expected.
Invite users to participate in meetings with the IT company during
app building.

Designing and refining technology
in a rapid, low-cost way

Improving the user interface

Main activities resulted in large
amounts of data (eg, 46 hours of
digital records from workshops).

Prolong the prototype stage before
developing complex expensive
technology.

Guidelines are needed on how to
collect, analyze, and prioritize data.

Ongoing user input from iterative
Consider workshops as an ongoing
cycles helped designers understand iterative activity in which users give
user needs and refine the app.
feedback and propose new ideas to
prototypes.

More efficient methods, tools, and
techniques are needed to meet the
rapid development within technology to avoid outdated app versions.

Expensive technology challenged
our ability to meet the users input.

Use living labs to simulate hospital How do we reduce resource (money
or home settings to try out paper
and time) use?
prototypes and explore future ways
to use the new technology.

The mail panel functioned as a consulting panel and provided feedback
in a short time that improved the app
content. The think-aloud tests explored how users assessed the app
(ie, navigation, technical errors).

We highly recommend both a mail Solicit larger panels using social
panel and think-aloud tests in future media (eg, Facebook, Twitter) to
PD studies, given the valuable input comment and share ideas.
and the low cost and speed of conducting these techniques.

Combining mail panel and thinkaloud tests resulted in a substantial
reduction of user problems.

Add digital videos and screen
Introduce a panel in an earlier phase
records in think-aloud tests to regis- to supplement or replace face-toter physical actions, supporting the face workshops.
interpretation of the results.

Implementing technology in health Interviews with health care
Include end users in all phases of a
care
providers helped us understand bar- PD project to ensure adoption.
riers to introducing new technology.
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Recommendations

Suggestions for further research

Workshops, mail panel, think-aloud Feasibility test new technology prior
tests, and feasibility study helped us to implementation.
to ensure a user-friendly app.
The feasibility study revealed imple- Provide a hotline in case of technimentation barriers.
cal difficulties.
Teach health care providers how to
use the technology prior to test.

Iterations
Iterative cycles were introduced based on the feedback from
the mail panel, think-aloud tests, and the feasibility study.
However, the expensive nature of the technology, which had
been developed after workshops before the iterative cycles
began, challenged our ability to address user input that arose
during iterative cycles after app development. Future studies
should prolong the prototype stage. Workshops could be
considered as an ongoing iterative activity to enable users to
give feedback on mock-ups and propose new ideas. In addition,
living labs [40] and scenarios could be used to simulate a
hospital or home setting where users could explore paper
prototypes early in the design process, reflecting on ways to
use the new technology [23]. Living labs have previously proved
useful to making quick adjustments to prototypes [41] before
developing complex, expensive technology [23]. Currently, a
need exists to evaluate new approaches and explore more
efficient methods, tools, and techniques for rapid technology
development.

Mail Panel and Think-Aloud Tests
YWD was evaluated by a mail panel and think-aloud tests before
the feasibility test. The mail panel provided valuable user
feedback in a short time frame, such as when researcher and
designers were uncertain about the front-page design of YWD
(Multimedia Appendix 2). The panel primarily improved the
app content by reporting incorrect or missing information,
misspellings, and information overload, whereas the think-aloud
tests largely explored how users assessed the app interface
(navigation, technical errors, and layout). As an example,
think-aloud test participants were not able to locate the “tips
package” located in the reminder function. This resulted in the
creation of a separate tips package function. Similarly,
think-aloud test participants perceived the icon illustrating the
carbohydrate-counting quiz score as a download symbol and
began to wait; the icon was subsequently changed. Combining
the mail panel and think-aloud tests made it possible to improve
the app’s usability [36]. In keeping with previous usability
studies, we found a substantial reduction in user-identified
problems between iterations [21]. Given the valuable input and
the low cost and speed with which these techniques can be used,
we highly recommend both mail panel and think-aloud tests in
future PD projects. In think-aloud tests, we recommend adding
digital videos and screen recordings to register physical actions,
making the analyses more objective [21] and supporting
designers’ interpretation of the results. Technology evaluations
may be expanded by engaging a larger panel via social media
such as Facebook and Twitter, thus disseminating ideas in a
http://mhealth.jmir.org/2017/10/e124/
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viral way and accomplishing iterations quickly [42]. Finally, it
could be interesting to introduce a panel in an earlier study phase
to supplement or replace face-to-face workshops in the process
of generating new ideas. PD practitioners are exploring these
possibilities to facilitate participation and further adoption of
new technology [23].

Feasibility Testing
Finally, the 5-week feasibility study evaluated YWD use in
real-life settings. Young people’s and health care providers’
attitudes towards the app were explored, revealing practical and
technological challenges. These challenges would otherwise
have been apparent only after implementation. Young people
found the app informative and found that it provided them with
a range of self-management support, such as the opportunity to
write to their health care providers. They all reported that they
would recommend the app to peers. In addition, health care
providers described the app as both intuitive to use and relevant
to collaborating with young people with T1DM. However, some
technical difficulties were reported regarding screen setup and
unstable wireless access networks at diabetes clinics, and
sending or receiving messages did not always work. None of
the young people initiated messages to peers or created notes.
To get more activity in the “Chat Room,” young people
suggested more participants, notifications about new messages,
and input from a moderator. Testing YWD’s feasibility in a
“real” clinical setting aligns with Medical Research Council
guidance for the evaluation of complex interventions [43]. We
found the feasibility study to be invaluable to further adaptation
of YWD; we improved wireless access at clinics, addressed
technical issues, and introduced message notifications. We hope
that feasibility testing will help prevent challenges and
frustrations that often follow the introduction of new health care
technology.

Implementation in Real-Life Settings
To facilitate successful implementation, we explored health
care providers’ perspectives during interviews before designing
the app; addressing their concerns was “the first step in
embedding the system into practice” (p. 573 [25]). However,
during the feasibility study, only half of the providers (n=19)
introduced the app to at least one person (young people,
colleague, or family). Of these, 14 providers successfully
introduced the app to one or more young people. Reasons that
health care providers did not introduce the app included a lack
of eligible patients, limited time, unstable wireless access, or
forgetting to do so. To ensure that providers were able to use
the app, we asked them to rate themselves on a readiness scale
from 1-10, with 1 representing not ready and 10 representing
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e124 | p.157
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absolutely ready [44]. Nearly half (16/38, 42%) of providers
rated themselves lower than 7 (median 7, range 1-10). This is
consistent with previous studies documenting challenges in
adoption of new health care technology [45]. Several
explanations should be considered. First, the introduction of
new technology may cause a disruptive change in providers’
usual workflow [46] and the benefits of the technology may
take time to materialize [47]. Our interviews with health care
providers (unpublished) revealed that some feared that their
authority would be questioned if they were not fully competent
at using the app. The training session included “hands-on”
activities to simulate real-time scenarios, as recommended
[48,49]. However, we may not have spent enough time
practicing the scenarios or could have used another teaching
approach. In addition, lack of competency at app use may have
influenced health care providers’ use of YWD, as identified in
other studies [50,51], making it challenging for them to engage
effectively with young people via the app. Furthermore, some
providers were challenged by technical issues related to wireless
access and the app itself. Finally, the extensive supporting
material (23 informational articles, 43 video selfies, 3 videos
of the adult department, 4 animations, several tips packages)
required health care providers to spend many hours becoming
familiar with YWD. Time should be allocated for health care
providers to become familiar with a new technology before
introducing it into their practice.
Future implementation of YWD will require regular updates
and ongoing staff training to address challenges. For instance,
some providers may need more training due to lack of eHealth
skills [52,53]. In addition, there is a need for continuous app
support via a hotline to overcome technical challenges and
wireless access barriers [54,55] and to provide a smooth
transition to a new workflow and success in actual usage [50,56].
Health care providers often function as gatekeepers deciding
which patients they believe the technology will work for [57].
It could be interesting to consider mHealth apps as
“prescriptions” in the future, since prescriptions are often seen
as more “serious” recommendations, hopefully enhancing the
use of technology. Our feasibility study was followed by health
care providers spending more time studying the app, additional
training in introducing the app to young people, an app refresher
session, help reinstalling the app, frequent app support visits
from PC-S, and establishment of a hotline for technical support.
Following these additional interventions, all providers rated
themselves at 7 or higher on the readiness scale.

Discussion
Strengths and Limitations
The strengths of our study are the mixed methods design and
rigorous PD approach applied to ensure that the app would be
relevant to all groups of end users and the evaluation of YWD

Castensøe-Seidenfaden et al
in real-life settings [58]. However, time and financial resources
limited our ability to fulfill all user needs. We invited users to
participate in more than one activity, which may have biased
our results toward favoring their preferences and perhaps made
it more difficult for them to continue to think critically about
the study. To mitigate this risk, we invited a new set of end
users to participate in think-aloud tests and feasibility studies.
However, one may argue that participation in more than one
main activity is required to gain a mutual understanding of the
design process. Due to limited time and economic resources,
no parents were included in the feasibility study, thus we do
not know if the app is feasible or suitable for them. This
shortcoming should be approached by including parents in future
tests of YWD. We were unaware of the relevance of including
users in the initial meetings with the IT company during the
design of the first versions of YWD. We did not use validated
questionnaires to score a wider variety of concepts related to
eHealth literacy [59], such as functionality, modes of interaction,
and user acceptance [60] since these questionnaires were not
available in Danish at the time. Doing so would be preferable
in future studies. We tested the app over a relatively short period
of time and thus do not know its long-term impact or the
likelihood that users will stop using it over time [61,62]. Finally,
PC-S performed all the main activities. This may have
influenced participants’ reflections during think-aloud tests and
their evaluation of the feasibility study, affecting the resulting
mHealth solution in unknown ways.

Conclusion
Our study is an important step for any stakeholder who wants
to design an mHealth app for any illness. It paves the way for
future PD projects within health care by underscoring the
importance of including end user groups during all phases and
establishing a multidisciplinary team to provide the wide range
of expertise required to build an mHealth app. Before building
expensive app versions, we suggest prolonging the prototype
stage through workshops, mail panel, think-aloud tests, or
scenarios in living labs. Our study highlights a crucial need to
develop and validate more efficient PD tools and techniques
and to focus on the tools and techniques that are best for specific
user groups. Finally, we need to understand how to successfully
and efficiently introduce an app to health care providers before
we can succeed in implementing mHealth apps in real-life health
care settings. An RCT is currently examining the efficacy of
YWD in improving the self-management skills of young people
with T1DM by measuring hemoglobin A1c and three
psychometric scales: Perceived Competence in Diabetes Scale
[63], Health Care Climate Questionnaire [63], and Problem
Areas in Diabetes care survey [64]. The RCT is followed up by
individual interviews qualitatively evaluating YWD. If it proves
effective, YWD may potentially serve as a model for supporting
self-management and transitions for young people with other
chronic or long-term conditions.
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Abstract
Background: Mobile health (mHealth) apps show a growing importance for patients and health care professionals. Apps in
this category are diverse. Some display important information (ie, drug interactions), whereas others help patients to keep track
of their health. However, insufficient transport security can lead to confidentiality issues for patients and medical professionals,
as well as safety issues regarding data integrity. mHealth apps should therefore deploy intensified vigilance to protect their data
and integrity. This paper analyzes the state of security in mHealth apps.
Objective: The objectives of this study were as follows: (1) identification of relevant transport issues in mHealth apps, (2)
development of a platform for test purposes, and (3) recommendation of practices to mitigate them.
Methods: Security characteristics relevant to the transport security of mHealth apps were assessed, presented, and discussed.
These characteristics were used in the development of a prototypical platform facilitating streamlined tests of apps. For the tests,
six lists of the 10 most downloaded free apps from three countries and two stores were selected. As some apps were part of these
top 10 lists in more than one country, 53 unique apps were tested.
Results: Out of the 53 apps tested from three European App Stores for Android and iOS, 21/53 (40%) showed critical results.
All 21 apps failed to guarantee the integrity of data displayed. A total of 18 apps leaked private data or were observable in a way
that compromised confidentiality between apps and their servers; 17 apps used unprotected connections; and two apps failed to
validate certificates correctly. None of the apps tested utilized certificate pinning. Many apps employed analytics or ad providers,
undermining user privacy.
Conclusions: The tests show that many mHealth apps do not apply sufficient transport security measures. The most common
security issue was the use of any kind of unprotected connection. Some apps used secure connections only for selected tasks,
leaving all other traffic vulnerable.
(JMIR Mhealth Uhealth 2017;5(10):e147) doi:10.2196/mhealth.7791
KEYWORDS
mobile health; mobile apps; data security; computer security; confidentiality; health information technology

Introduction
Mobile Health Apps
With the emergence of smartphones, ubiquitous Internet access
and the app ecosystems around, health information technology
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also found its way to these devices. Mobile health (mHealth)
describes using mobile devices to facilitate medical or
health-related purposes [1]. Among many other apps, mHealth
apps may offer a means of communication between patients
and medical professionals. They also give patients the ability
to keep track of their medical characteristics [2-5].
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In developing countries, smartphones are often the only means
of Internet access. mHealth apps on smartphones can thus help
to minimize discrepancies in health care worldwide [6,7].
Because they are used in a diverse set of medical apps, they
have a heightened need for protection [8]. To offer any security,
device vendors must ensure fast security patches for
smartphones. This represents an issue especially for low-cost
Android-based devices [9]. Beyond device security, security of
data in transport is relevant and will be the focus of this paper.
European privacy regulations set an additional baseline for data
handling by app providers [10]. The regulations are binding in
European countries only. The Privacy Code of Conduct on
mHealth apps by the European Commission represents an
important initiative outlining the heightened security
requirements for mHealth apps [11].
Studies have shown that there is an existing concern about
information security [12,13]. mHealth-related apps that do not
provide appropriate security might impede the growth of the
sector.

Transport Security
To provide information or to enable the transmission of
(medical) data to a service provider, an app must communicate
with servers. As soon as data are sent through public
infrastructure, data can potentially be observed, modified, or
redirected. Without any protection, this endangers the integrity
of data displayed, gives away potentially sensitive data, and
enables malicious parties to impersonate the victim.
The transport layer security (TLS) protocol makes up the
foundation of the modern Internet’s security infrastructure. It
was designed to give protection against the aforementioned
problems, offering authentication, data integrity, and
confidentiality through asymmetric and symmetric cryptography.
In the recent past, protocol weaknesses such as Padding
Oracle On Downgraded Legacy Encryption [14], Browser
Exploit Against SSL and TLS, Factoring RSA Export Keys,
and others, as well as implementation problems such as
Heartbleed [15,16] and Apple’s goto fail bug [17] have arisen.
The use of older protocol versions or deprecated
implementations can lead to these or other issues surfacing and
compromising the security and privacy of users.
Some prior research examined app source code for transport
security issues using static code analysis [18-22], showing
clearly that many apps are not using aforementioned up-to-date
security measurements and consequently putting users at risk.
The methods used in this paper will rely on the observation of
communication between the client app and servers, and thus
enabling observations under real-world conditions.
Consequently, the research presented also does not focus on the
analysis of data locally stored on a smartphone [23]. Other
transport security issues relevant to this research are listed as
part of the Open Web Application Security Project Mobile Top
10 [24].
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user about invalid certificates or missing encryption [25]. This
highlights the importance of independent evaluation of mobile
app transport security.

Prior Work
In existing research, metadata of mHealth apps on iOS and
Android app stores were analyzed and evaluated [26]. No test
or technical analysis was performed in that publication. Other
research focused on health-related apps in Chinese App Stores
[27]. This paper also did a comprehensive metadata analysis
and a manual screening of popular Chinese mobile apps [27].
The security analysis is limited to viewing of documentation or
auditing report availability from the app’s developer. The paper
did find that information security was absent in 97% of the
evaluated apps [27].
Furthermore, a framework for risk assessment of mHealth apps
was proposed [8]. The research focuses on evaluation and
categorization criteria for apps and represents an excellent
motivation for this work.
In other existing literature, a study on security aspects of
Android apps was performed, taking an in-depth look at 22
mHealth apps [28]. Here data in transit as well as device data
(on Secure Digital cards or in system log files) were considered
to evaluate the apps. Their results contain the finding that 18
of these apps send data unencrypted over the Internet.
Beyond the field of health-related security analysis, Gagnon et
al proposed the AndroSSL Platform to test Android apps
regarding transport security [29]. The approach presented here
was to test apps in an Android virtual device, utilizing a virtual
test bed for Android apps [30]. This enabled to record a test
once and repeat it multiple times automatically. The focus was
on certificate validation when secure connections were used.
By being able to repeat a test automatically, it was possible to
issue different secure sockets layer (SSL) certificates to find
out whether the client validated them correctly. These or similar
test scenarios are also found in other relevant research [22,31].
This led to the incorporation of similar tests into the research
presented in this paper.
The primary objective of the research presented in this paper
was to assess prominent transport security issues in popular
mHealth apps and to outline ways for developers of such apps
to mitigate these issues.
The following Methods section will first outline the app
selection criteria. A description of all the aspects analyzed
during the tests will be given in this section. Subsequently, the
system used for the tests will be described. In the Results
section, the apps selected for testing by the criteria described
before will be given, followed by a description of how the
previously described system was applied for testing. The last
section discusses common security concerns found during the
tests, compares prior work with this paper, and recommends
practices to mitigate the security issues discussed.

Apps on mobile devices conceal details of communication with
their servers from end users. Whereas a user of a website might
be able to identify a website as insecure and be warned about
certificate issues, a mobile app does not automatically warn the
https://mhealth.jmir.org/2017/10/e147/
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Methods
App Selection
To achieve appropriate diversity in the test pool, mHealth apps
from different European countries were chosen. To mitigate
any platform-dependent bias, apps for Android as well as for
iOS were tested.

Relevant Transport Security Considerations
This section will describe each characteristic that will be
considered in the tests performed later in this paper.
HTTP (Hypertext Transfer Protocol) is widely used by mobile
apps to facilitate server-client communication [32]. This paper
focuses on information transmitted utilizing this protocol. HTTP
is an application layer protocol (layer 4 in the Transmission
Control Protocol and Internet Protocol stack) and can be used
on top of a secure TLS connection [33,34]. TLS and its
predecessor SSL are designed to ensure confidentiality
(encryption), integrity, and authenticity between the parties
involved in the communication. The protocol utilizes
asymmetric cryptography and a public key infrastructure during
its initial handshake and key exchange. Later communication
is symmetrically encrypted [35,36]. In Figure 1, the protocol
stacks for unprotected HTTP and protected HTTPS (Hypertext
Transfer Protocol Secure) are illustrated. The version of the
transport security protocol in use is of high relevance to the
security of a connection. Earlier versions of TLS and SSL had
severe security issues [14,37,38]. This makes testing for the use
of HTTPS in general and for the TLS version imperative.
By default, a TLS implementation, for example, in a browser
or in a mobile operating system trusts a number of root public
certificates from certificate authorities [39]. When an app makes
a secure connection to a server, this server authenticates itself
with a certificate. The TLS client on the smartphone validates
that this certificate was derived from one of its trusted
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certificates. Because these lists of trusted certificates are not
controllable by the app developer, it is possible that it contains
compromised certificates. As soon as an app trusts such a rogue
certificate, the owner of the rogue certificate can issue valid
certificates for any domain visited by the device and can,
therefore, pretend to be any server [21]. This enables an attacker
to act as a middle man (man-in-the-middle [MitM]) between
the client and the server, leading to undermined integrity of
server responses and loss of privacy between the client (and
thus the user of an app) and the server [40]. In Android version
<7, the user can install such a certificate himself. In later
versions, a user cannot install additional CA (Certificate
Authority) certificates [41]. It should be noted that system
integrity is required for the validation of certificate trust chains
to work. Android’s inconsistent history with system security in
the past could make it more likely that an attacker might use
unpatched issues to gain privileges on the system and install
any certificates wanted or to do further harm [42,43]. A major
issue with Android phones is the lack of willingness in phone
manufacturers to ship security updates to their adoptions of
Android, leading to a high degree of version fragmentation in
the market [9,44]. iOS gives the user a way to install a trusted
CA certificate manually.
To make sure an app only connects to the correct servers, apps
can be shipped including several trusted certificates. When a
secure connection is made, the app validates the server
certificate against these certificates. As the app bundle is signed
by the developer and consecutively by the store operators (Apple
and Google, respectively), it cannot be tampered with later
[45,46]. This technique is called pinning. Whereas it brings
some important advantages, shipped trusted certificates can
expire, making the app unable to connect to its servers. It is also
possible that the necessity arises for a certificate to be revoked.
This will require the app to be repackaged. Pinning is similar
to HTTP public key pinning (HPKP) but does not require
changes to the server [47].
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Figure 1. The Hypertext Transfer Protocol (HTTP) and Hypertext Transfer Protocol Secure (HTTPS) protocol stacks. The topmost layers (transport
layer security [TLS] and HTTP itself) are of most interest. The HTTP protocol contains any relevant data sent to or received from the server. Examples
for HTTP data are written in blue. These data are readable by any third party when TLS is not used. When HTTP is used on top of TLS, these data are
encrypted. Additionally, TLS ensures the integrity of the messages exchanged and the authenticity of the server and in some cases the clients.

Because HPKP depends on a server configuration, it may not
prevent all MitM attacks [48]. During the tests, a self-issued
CA certificate is utilized and installed on devices used for testing
to inspect encrypted traffic in a part of the tests. When a
connection attempt is consistently aborted by the client while
the proxy is presenting a certificate derived from the
aforementioned CA certificate, pinning is likely to be used by
the app. Pinning is enabled if no connections to an app’s
backend can be made through the proxy.
Another set of tests is inspired by Gagnon et al. It consists of
several scenarios to test the certificate validation of TLS
implementations in apps [29]. Four of these are part of the tests
performed in this paper. In every scenario, the proxy serves a
different TLS certificate for each domain requested. The
certificates are all invalid and should be rejected by the client
app under test. These are the characteristics of the certificates
served in the scenarios:
1.
2.
3.
4.

Correct domain name, signed by an untrusted CA certificate
Self-signed certificate for the domain requested
Static host name, signed by a trusted CA
Self-signed for a static hostname

Because each scenario requires a separate manual test, only
these four scenarios were selected [29]. The last scenario in
Gagnon et al’s paper did not yield any further results and was
therefore excluded from the setup.
Next, the leakage of information is considered. Cookies are
used by servers to hold session information [49]. They are
transmitted as HTTP header fields. If it is possible to reuse an
intercepted cookie, the interceptor can hijack a session. Leaked
cookies can also reveal user data directly [50]. Cookies should
be protected by a secure connection. A secure cookie scheme
can also mitigate the issues [51].
https://mhealth.jmir.org/2017/10/e147/
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Cookies are one way to identify a client to the server. Users can
be authenticated by all kinds of tokens or parts of an HTTP
request. Therefore, the system to be developed will look for
cookie, set-cookie, and authorization headers.
The authorization header field can contain one of multiple
possible values of interest. It may leak usernames and passwords
[52], OAuth2 Bearer tokens [53], or other sensitive information.
Additionally, the body and URL string of each request and
response will be evaluated for any username or password leaks.
Lastly, the server location is relevant, as it has consequences
for the jurisdiction applied. As mentioned earlier, servers outside
Europe are not under the European privacy regulation.

Development of System for Semiautomatic Tests of
Relevant Transport Security Issues
To be able to rapidly and thoroughly test for the issues discussed
above, a Web-based app was developed. This Web-based app
should enable users to test apps for vulnerabilities while also
facilitating more in-depth analysis. The software is called
BProxy.
The app was based on the Zed Attack proxy and was started as
a fork of version 2.4.3 [54]. The main points of reusing the
existing code were the proxy inspection and dynamic
certificate–issuing codebase. Changes were made to dynamically
modify how certificates for requested domains are issued (to
enable the certificate validation scenarios discussed earlier). A
representational state transfer (REST) application programming
interface was designed to expose automatic creation and control
of proxies [55]. Additionally, an HTTP server exposes the
Angular2-based user interface. This Web-based app interacts
with the REST interface to control the proxy.
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The architecture of BProxy was engineered with fast and simple
extensibility in mind. Each single transport security
consideration was tested by a separated module. Modules can
implement interfaces to register for callbacks and influence
properties of TLS handshakes (for the TLS certificate validation
tests). Multimedia Appendix 1 shows the general software
architecture of the tool. Additionally, BProxy has been released
as open source software to help reproducibility of the research
presented [56].
During each test of an app, the proxy works in sessions. Before
the start of each session, the app under test is relaunched. During
a session, the user interacts with it. Any registration or log-in
actions are repeated.
First, this enables the system to separate domains used by the
app from other domains the device might communicate with
(background tasks, changing ads displayed in the app). A domain
present in more sessions is more likely to be connected to the
app under testing. Second, some sessions are used for the
certificate validation tests described earlier.
After the necessary number of sessions, a list of domains will
be shown. During our tests, two without certificate modifications
and four with different certificate validation tests must be run.
The results are displayed per domain that the app communicated
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with. The modules mentioned earlier are responsible for
generating these results. Where possible, a user can also display
all request and response pairs that are responsible for a certain
result displayed. This enables validation of the automatically
generated results and further in-depth analysis. The source code
for BProxy is available on the Web [56]. An example of how
it presents its results is shown in Figure 2.

Limitations
The platform developed as part of the research for this paper
should enable even less technology-affine users of mobile apps
to conduct tests and get results. These results should give an
indication of the value the app’s developer assigns to security.
As a direct result of the intention of developing such a tool, the
choice was made early on to develop it as a Web-based platform.
This choice brought certain design limitations. First, the analysis
is based on the use of a proxy running on a unique port assigned
to the app under test. This proxy can simply be configured on
user's devices. It is possible for an app to ignore system proxy
setting on Android and iOS, but during all tests, no apps ignored
the proxy and any traffic was apparently observable.
As described, the developed system works only
semiautomatically. This is to enable tests on apps from the
respective app stores on Android as well as on iOS. No research
on data locally stored on mobile devices was performed.

Figure 2. BProxy example results output. The columns inform the user about observations made by the proxy: the Transport Layer Security (TLS)
version used (TLS version), whether certificate pinning was used (Cert pinning used), whether cookies were observed (Session hijacking), whether
authentication tokens were visible (Leaks credentials), if OpenAuthorization (OAuth) tokens were observed (OAuth), the server location for the domain
visited (Location), the results for the certificate validation tests (SSL Test 1-4), if usernames or passwords were observed (Username/Password leak).
More Information on BProxy’s output can be found on the Web.
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Results
App Selection
Apps are selected by popularity in a relevant category from the
Apple App Store as well as from Google Play Store. As mHealth
apps are tested, the medical category is the most relevant. To
diversify the test pool as much as possible, lists of most
downloaded, free apps from three countries are considered.
European privacy regulations are part of the considerations in
this paper, therefore Germany, France and the United
Kingdom—the most populated countries in Europe—were
selected. The top 10 lists have been retrieved from App Annie
on January 10, 2017 [57]. Top lists for a specific day are
available after registration on the website. Whereas more exact
app descriptions and results are available in the Multimedia
Appendices 2 and 3, the apps were further categorized for better
understanding of the test results. The categories of the apps
tested are summarized in Table 1. The categories for each of
the apps are part of the app descriptions in Multimedia Appendix
3.

Performing the Test Using the BProxy Tool
The test results were obtained utilizing the BProxy tool. The
tool displayed results on a per domain basis. The first step in
analyzing the output of the tool is the filtering of domains
belonging to the app. These domains appear on top of BProxy’s
output, as they are communicated more frequently. The second
step is to differentiate between connections to servers belonging
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to an app and those belonging to analytics or advertising
providers. Next, the results in the columns are considered. They
can be interpreted directly and contribute to the results presented
here. To be able to make assessments regarding the integrity of
data displayed by an app and confidentiality between an app
and its servers, BProxy displays all request and response pairs
for every domain. Requests and responses with app servers are
examined and evaluated regarding their impact on integrity and
confidentiality. In some cases, further testing, such as
modification of server responses to validate integrity concerns,
was performed using the Charles Web Debugging Proxy
Application [58].

Summarized Results
Detailed results can be found in the form of two tables for
Android and iOS apps in Multimedia Appendix 2. These tables
list the results for each characteristic separately for every app.
Further details on the apps (developers, top 10 list positions,
and short descriptions) can be found in Multimedia Appendix
3.
All tests have been performed between January 17, 2017 and
January 27, 2017. The most recent versions of the apps have
been downloaded from the respective stores shortly before
testing. Table 2 shows the summarized results of our tests. As
none of the tested apps facilitated certificate pinning, the row
was therefore omitted from the table.
The table shows that there are slightly more security issues in
apps on the iOS platform in our test pool.

Table 1. Assigned categories of the tested apps.
Assigned category

Android, n

iOS, n

Total, n

(N=25)

(N=28)

(N=53)

Pregnancy or fertility related

8

13

21

Drug information

2

1

3

Reference or learning

5

3

8

Consulting or communication

5

6

11

Health and fitness

3

3

6

Others

2

2

4

Security issues

Android, n

iOS, n

Total, n

1.

Servers outside European Union countries

7

8

15

2.

No transport layer security for connections

7

12

19

3.

Cookies or secure tokens send over insecure connections

4

7

11

4.

Integrity of content displayed in the app compromised

8

13

21

5.

Username and password sent over insecure connections

1

2

3

6.

Confidentiality between user and app provider compromised

3

5

8

7.

Certificate validation issues present

1

1

2

Table 2. Summarized table of results for Android and iOS apps.

The most consequential issue observed is the omission of any
kind of TLS (No transport layer security for connections) for
connections present in 19 apps (36%). Insecure connections can
lead to integrity (Integrity of content displayed in the app
https://mhealth.jmir.org/2017/10/e147/
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and app provider compromised) breaches, as well as to exposed
cookies, tokens (Cookies or secure tokens send over insecure
connections), and user credentials (Username and password
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sent over insecure connections). The semantic here was that as
soon as a single unencrypted connection was used, the app was
counted as not using TLS. Although the other issues are
considered separately, they are more likely to occur in apps that
fail to apply TLS for server connections.

As of March 23, 2017, a total of 5 developers reacted to the
information shared with them. Four of the answers received
were constructive.

Apps that do use TLS-secured connections were tested regarding
their certificate validation mechanism as described. A failure
to validate a certificate correctly (Certificate validation issues
present) can expose all traffic sent through the TLS-secured
connection to be exposed. This renders integrity, confidentiality,
and authenticity protections otherwise offered by TLS useless.
Two apps (4%) failed to validate server certificates correctly.

It was found that out of 53 apps tested from the three European
App Stores for Android and iOS, 21/53 (40%) showed critical
results. Out of these 21 apps, all failed to guarantee the integrity
of data displayed. A total of 18 apps leaked private data or were
observable in a way that compromised confidentiality between
apps and their servers; 17 apps used connections without any
protection; and 2 apps failed to validate certificates correctly.
None of the apps tested utilized certificate pinning. Many apps
employ analytics or ad providers, thereby undermining user
privacy.

A total of 21 apps (40%) failed to protect the integrity of data
they display, and a total of 11 apps (21%) failed to protect
session data in transport (cookies or tokens), thus enabling
attackers to hijack a session. Three mHealth apps (6%) sent user
log-in credentials over insecure connections, whereas 8 (15%)
compromised confidentiality of communication between the
app and its servers.

Discussion

Common Security Concerns
The results show the following:
1.

Additionally, 15 apps (28%) used servers outside the European
Union (EU). However, 31 more apps (58%) used analytics or
advertising services outside EU countries, bringing the number
of apps that communicated with servers outside the EU to 46
(87%).
In the most severe cases, apps transmit data (health data,
usernames, and passwords) completely unprotected (ie, iCare
Health Monitor). Other apps fetch menu structure and update
prompt semantics (when and what to display when the app
should be updated) through insecure channels. This enables
third parties in privileged positions to hijack vulnerable parts
of the app. Confidentiality issues were also popular, mostly
because of the use of unsecured connections to retrieve content
specific to a user's interest or condition. The Pregnancy+ app,
for example, automatically retrieves data through an unprotected
(HTTP) connection for the week of the user's pregnancy. This
can expose the state of the pregnancy to a third party.
Most popular analytics providers used up-to-date transport
security standards. There was no general difference between
the security concerns found in iOS and Android apps. However,
single apps that exist on both platforms do show different
security characteristics. For example, whereas the iOS version
of the Pregnancy+ app is using a secure connection for log-in
and transmission of data, the Android app does not use any kind
of transport security. Similarly, the iOS version of the babylon
health online doctor fails one of the certificate validation tests
for one specific domain. This issue does not exist in the Android
version of the app.
An issue was discovered in the Android version of the German
Apotheke vor Ort app. The app does use a secure connection
but accepts any (even invalid) certificates from the server. This
is very problematic, among other things, because the app offers
the possibility to send prescriptions (listing diagnosis, treating
practitioner, and other sensitive medical details) to local
pharmacies.
Developers of apps with critical test results were informed about
the issues found in their apps before publication of this paper.
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Analytics services are almost universally used in the apps
under testing. Medical apps often handle sensitive data.
Analytics services collect data without consideration of the
kind of app using the software. Not only do these providers
collect data that should potentially be protected, they also
often are located outside EU countries and therefore not
bound by EU regulations.
Many apps tested still use insecure endpoints or a mix of
secure and insecure ones (19/53, 36%). Medical and
health-related apps require protection of patient's data
(authenticity of the apps communication partner and
confidentiality between patient and app) and should display
uncorrupted data (integrity). The lack of any kind of
connection security results in the most severe security risks
for users, patients, and providers of mHealth apps.
In this paper, pinning in any form was nonexistent in the
tests. Whereas a crash reporting and analytics provider and
Apple client software utilized pinning during the iOS tests,
none of the apps under test on either platform utilized the
technique for all connections to their servers.
Certificate validation seems to work fine for most apps that
use secure connections (35/37, 95%); this is most likely
because higher level programming interfaces are used.
There are, however, cases in which apps accepted
untrustworthy certificates. In one case, the app Apotheke
vor Ort accepted all certificates, rendering TLS essentially
useless. This is dangerous, as it seems to use a secure
connection until certificate-focused tests are performed. In
another problematic case, only one test failed for one
domain, indicating an implementation error inside a library
used by the app babylon health online doctor.

Comparison With Prior Work
The results presented in this paper were gathered by in-depth
inspection and evaluation of the network traffic of selected
mHealth apps. This differentiates the approach from
metadata-based analysis on a fundamental level [26,27]. On a
technical level, it is more comparable to Gagnon et al’s
AndroSSL analysis [29]. What makes the approach presented
here different from that of AndroSSL is that AndroSSL must
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be locally run, whereas BProxy can be run as a Web service
and used by third parties to test their apps. AndroSSL is limited
to the Android platform, as it relies on apps running in an
emulator. Whereas iOS apps can be tested in a simulator during
development, it is not possible to execute iOS binaries from the
App Store on the iOS simulator. They are built for the Advanced
RISC Machine architecture while the simulator requires them
to be built for the Intel x86_64 architecture. The research
presented in the AndroSSL publication was not aimed at
mHealth-related apps, but only at transport security issues in
Android apps.
Lastly, He et al’s approach of in-depth analysis of apps is more
manual than the approach presented here, but it does include
more characteristics [28]. Although it does include log and
storage analysis, the analysis of transport security is limited to
detection of completely unencrypted traffic. For example, old
TLS versions or certificate validation issues are not considered.

Recommended Practices for Transport Security
Most serious security issues are a result of missing or
inconsistently implemented security measures. The
recommended practices that help mitigate the security issues
found are as follows:
•

•

Use HTTPS calls exclusively. Be sure to keep the server
(and the client) up to date. Enforce the most current TLS
version and prevent a fallback to anything older than TLS
1.2 for any connections.
Pinning is an option. As any certificate will expire, public
key pinning or pinning the certificates of a smaller set of
CAs can be a workable alternative to pinning to one
certificate exclusively.

Up-to-date TLS for every connection from a mobile app prevents
most security issues for data during transport. The following
points represent suggestions when a full transition to this is
unwanted or impossible for some reason:

Müthing et al
•
•
•

Only send usernames and passwords through secure
connections.
Session cookies or authorization tokens should not be sent
over insecure connections.
Loading resources over an insecure connection can leak
user activity to an interested third party in a privileged
position. Use secure connections to prevent this.

Because this paper focused on European mHealth apps, the
location of servers should be kept in mind. Using a server in
the EU gives the data on these servers special protection under
European privacy regulations [10].
As mHealth apps often handle sensitive patient data, the use of
third-party advertising and mobile analytics services should be
seriously questioned and, if possible, avoided, or an opt-out
option should be offered [11,59]. Analytics providers collect
data not only to present it to the app developer but often also
to mine information. The same caution should be exercised
when considering the use of advertising services. They also
enable extensive user tracking and thus pose a confidentiality
risk [59]. Most third-party advertising and analytics services
are based outside EU borders and legislation.
Some third-party services offer to deliver updates to apps via
untrustworthy and unofficial update channels (not through
Google’s Play Store or Apple’s App Store). The security
implications of the use of these services are far-reaching and
potentially open apps up to remote code injection, putting users
at risk of confidentiality breaches and invalidating app integrity
[60,61]. Third-party frameworks that use this technique should
also be avoided.

Conclusions
The tests show that many mHealth apps do not apply sufficient
transport security measures. The most common security issue
was the use of any kind of unprotected connection. Some apps
used secure connections only for selected tasks, leaving all other
traffic vulnerable.
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Abstract
Background: Attention-deficit/hyperactivity disorder (ADHD) is a complex highly comorbid disorder, which can have a huge
impact on those with ADHD, their family, and the community around them. ADHD is currently managed using pharmacological
and nonpharmacological interventions. However, with advances in technology and an increase in the use of mobile apps, managing
ADHD can be augmented using apps specifically designed for this population. However, little is known regarding the suitability
and usability of currently available apps.
Objective: The aim of this study was to explore the suitability of the top 10 listed apps for children and young people with
ADHD and clinicians who work with them. It is hypothesized that mobile apps designed for this population could be more suitably
designed for this population.
Methods: The top 10 listed apps that are specifically targeted toward children and young people with ADHD in the United
Kingdom were identified via the Google Play (n=5) and iTunes store (n=5). Interviews were then undertaken with 5 clinicians
who specialize in treating this population and 5 children and young people with ADHD themselves, to explore their opinions of
the 10 apps identified and what they believe the key components are for apps to be suitable for this population.
Results: Five themes emerged from clinician and young people interviews: the accessibility of the technology, the importance
of relating to apps, addressing ADHD symptoms and related difficulties, age appropriateness, and app interaction. Three additional
themes emerged from the clinician interviews alone: monitoring symptoms, side effects and app effect on relationships, and the
impact of common comorbid conditions. The characteristics of the apps did not appear to match well with the views of our
sample.
Conclusions: These findings suggest that the apps may not be suitable in meeting the complex needs associated with this
condition. Further research is required to explore the value of apps for children and young people with ADHD and their families
and, in particular, any positive role for apps in the management of ADHD in this age group. A systematic review on how technology
can be used to engage this population and how it can be used to help them would be a useful way forward. This could be the
platform to begin exploring the use of apps further.
(JMIR Mhealth Uhealth 2017;5(10):e145) doi:10.2196/mhealth.7371
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Introduction
ADHD, Technology, and Mobile Apps
Attention-deficit/hyperactivity disorder (ADHD) is a
neurodevelopmental disorder characterized by three core
symptoms: inattention, impulsivity, and hyperactivity, which
can have a profound impact on the individual, their family, and
their community [1-3]. It is a highly comorbid [4-6] chronic
disorder and has a prevalence of 3% to 5% in school-age
children worldwide [7]. Furthermore, 80% to 85% of these
children will continue to be impaired by their ADHD symptoms
as adolescents and 60% as adults [2,8-16]. Indeed, the presence
of ADHD increases the risk of premature death [17]. Those
whose ADHD persists into adulthood are more likely to engage
in criminality and substance abuse [11,18,19]. Globally, ADHD
management involves a combination of nonpharmacological
and pharmacological interventions [20-22]. In mild to moderate
cases, behavioral interventions such as psychoeducation and
cognitive behavioral therapy are used alone, whereas in more
severe cases, it is recommended that both pharmacological and
nonpharmacological approaches are used concurrently [20,21].
Currently, the resources available to the service provider may
limit interventions. Therefore, interventions that can offer
support with minimal input from the clinic or school and can
be generalizable would be highly desirable. Contemporary forms
of engaging children and young people, such as the use of
technology, could have potential in facilitating greater
self-awareness, improving self-management skills or
management for carers, and managing the condition into
adulthood [23].
Xu et al reviewed 19 studies assessing technology use in
students with ADHD in the age group of 4 to 19 years. The
authors concluded that as yet there is very little evidence to
support the effectiveness of such interventions [24]. Another
recent review of what the authors describe as the most
representative studies of the past decade assessed the findings
of research that investigated the use of varying technologies
with young people diagnosed with ADHD [25]. Studies included
involved the use of a handheld device to help organize daily
activities [26] or self-monitor symptoms [27], software to
improve reading speed [28], and games to improve mathematical
ability [29]. The success of these technologies was measured
in a number of ways, including observational data [26-29], the
Behavioral Assessment of Dysexecutive syndrome [26],
qualitative interviews [26], reading speed, and time to complete
assignments [28]. The authors concluded that they believe
technology can enhance the learning of people with attention
difficulties; however, the evidence base for this remains limited.
Another study looked at a computer mission game that aims to
promote behavioral learning and organization of daily skills
such as time management and planning or organizing [30].
Children played the game either 3 or 8 times a fortnight. A user
satisfaction survey showed that between-group differences for
game satisfaction were not observed, but children did enjoy the
game and reported learning from it [30].
Technology has also been used by clinicians to aid diagnosis
of ADHD and to monitor outcomes. For example, the quantified
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behavior (Qb) Test uses the Continuous Performance Test to
produce a visual graph of the three core ADHD symptoms [31]
and has been used to assist with the diagnosis of ADHD [32].
The primary outcomes of this study are time to diagnosis and
diagnosis accuracy. The secondary outcome measures are
clinician’s diagnostic confidence and routine clinical outcome
measures. The authors are also conducting a qualitative
assessment of the feasibility and acceptability of incorporating
the QbTest into routine practice. A Web-based technology,
Health Tracker, has also been used for parents, children, and
professionals to track the long-term outcomes of children and
young people with ADHD to enable more effective treatments
and a more efficient service delivery [33].
The use of mobile phones and mobile devices has risen
dramatically over recent years. Indeed, a UK report cofunded
by the European Union found that 93% of children and
adolescents aged 9 to 16 years in the United Kingdom access
the Internet at least weekly and over half of these do so via
mobile devices such as mobile phones [34]. As a result, mobile
apps are also increasingly popular, and there has been some
success in using them to engage children or young people with
ADHD. These apps can include games, information about
ADHD diagnosis and ADHD treatment, various ADHD tests,
task managements, and reminders [35]. These attempts often
incorporate reward [36-38], bright colors, and varied visual
stimuli [37,39-43]. Examples include using apps said to monitor
behavior in ADHD [41], improve behavior [44], improve
organization skills [39,43] address medication compliance
[36,45], improve reading motivation and summarization [40],
and improve cognition through the use of games [37].
Currently available research evaluating apps for children and
young people with ADHD comprises single case studies [37],
technology development reports [36,42], and small sample sizes
[36,37,40,42-44]. The conclusions drawn by these evaluation
attempts of these apps include benefits for children and young
people with ADHD, such as the app can improve organization
and time management, reduce conflicts with parents during
morning routines [43], and improve academic improvement
[37] and ontask behaviors [44]. These claims are based on small
sample sizes of 2, 1, and 8, respectively. Each evaluation method
varied, and there was little consistency in the way apps were
assessed.
Although an increasing number of apps are being promoted for
use by or with [46] individuals with ADHD, there is still little
guidance to support the reliability, validity [35], and suitability
of currently available apps. There are few rules and regulations
around what apps are suitable and for whom. In England, a
review of the National Health Service (NHS) Choices apps
library was principally focused on three components: (1)
compliance with the Data Protection Act, (2) evidence of
efficacy, and (3) relevance to British individuals. Many
identified apps did not have an evidence base, and it was shown
that privacy and data security was not suitable [46]. Within a
week, the library was gone.
The concept of the use of apps to manage ADHD in children
and young people is in its infancy. The research base is thin and
is hugely outweighed by the number of apps available, thus
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suggesting that available apps are often not evidenced-based
[35] and may not be suitable for their complex target population.
Therefore, this study aims to identify and evaluate currently
available apps that are aimed at this population by gaining the
opinions of children and young people with ADHD and
specialist clinicians. These opinions will be used to ascertain
what they believe would make an app suitable for this
population. It is hypothesized that the selected apps will not be
suitable for this population, as apps generally have a thin or no
evidence base, and this complex population has very specific
needs.

Methodology
This research involved initially the identification of the top 10
listed apps aimed at children and young people diagnosed with
ADHD. The apps were identified as top 10, which was deemed
as a reasonable and manageable figure [47,48] as there is a
limited number of apps a consumer will search for. The authors
believe that the top 10 apps will be viewed as the best 10 apps
as they are the top 10 apps for a reason. Subsequently, young
people with ADHD tested the apps, and they were then
interviewed to ascertain their views on the apps and to explore
what they believed the key components are for apps to be helpful
for them. Clinicians were also interviewed to explore their
insights into how to make apps successful for this population.

Research Question
Are the top 10 listed apps specifically designed and marketed
for children and young people with ADHD suitable, and what
are the key components for apps to be suitable for this
population?

Methods
Search and Identification of Mobile Apps
In June 2016, a search of mobile apps in the Apple iTunes store
and the Android Google Play store in the United Kingdom was
conducted. iTunes and Google Play were chosen, as they are
the two largest and most popular app stores [49]. Apps for iPads
and tablets were reviewed rather than phones, as apps are
available on phone and tablet devices. For this study, apps
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available on tablets have been reviewed as they are easier to
discuss with children, young people, and clinicians. These
databases were selected as they display systematically organized
app rankings defined by algorithms unique to each app store,
commonly known as app store optimization (ASO). For Apple,
the primary factor is the number of downloads; however, there
are also many other secondary factors such as keywords and
visuals [50]. Similarly, the Android database is filtered
according to multiple criteria, including the volume of ratings,
value of ratings, and download growth [51]. Although this gives
rise to potential bias, as apps are selected according to the
database’s own ASO, it is to some extent unavoidable unless
all of the search results are downloaded for testing [48]. Where
the authors do acknowledge that other app stores such as
Amazon, Windows, and Blackberry do exist, currently, these
do not have enough of a market share to be considered.
The search term we used was “ADHD.” This is because other
search terms such as “ADD,” “children,” and “Young people”
did not provide different results to the “ADHD” searches. The
term “ADHD” was searched in both of the listed app stores.
Preliminary screening was conducted based on app titles, full
marketing description, and screenshots of the apps potentially
relevant for inclusion. The first five apps that fit the inclusion
criteria (Textbox 1) were included from each app store, giving
a total of 10 apps for inclusion.
Duplicate apps were then removed (see Figure 1). This was
applicable if there was more than one version of an app. It was
decided that the app version to be included was the app that
appeared first on the app store list.
The five apps from iTunes that fit the inclusion criteria were
downloaded onto an Apple iPad mini (model: A1489), and the
five apps from Google Play were downloaded to a Samsung
device (model: GT-P5220). The app contents were summarized
by 2 members of the team (LP and NR). The apps were simply
summarized into a tabular format to help assist clinician
participants during the semistructured interviews (see
Multimedia Appendix 1). Tables 1 and 2 also give a brief
overview of the apps claims. Multimedia Appendix 1 was given
to clinicians during interviews for their information.

Textbox 1. Inclusion and exclusion criteria of apps.
Inclusion criteria
•

States aimed at attention-deficit/hyperactivity disorder (ADHD)

•

The user is a child or young person with ADHD or attention deficit disorder (ADD)

•

Mobile app

•

App is available in the English language

Exclusion criteria
•

Does not state that app is aimed at ADHD or ADD

•

Not targeted at the child or young person with ADHD or ADD (eg, targeted at parents or clinicians only)

•

Not a mobile app

•

Not available in the English language

•

Duplicate app
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Figure 1. App selection process. The number of apps screened is the number of apps that had to be screened before identifying five apps for each
database that fit the inclusion criteria. Eight apps were duplicated across both databases; therefore 144 apps were screened before the final ten were
selected.

Participants and Recruitment
A convenience sample of 5 clinicians and 5 children and young
people were invited to take part. Children and young people
were recruited via a Family Action group (a national charity
that provides support for families) and a Web-based ADHD
community group. Clinicians were recruited via the NHS (Child
and Adolescent Mental Health Service and a Pediatric
Neurodisability Service in the South Yorkshire region). Four
clinicians were medical staff and one a specialist nurse.
Participants were recruited until data [52] were achieved.
Eligibility criteria for clinicians were that they had to be
employed by a service that treats children and young people
with ADHD and to specialize in treating this population
themselves. Eligibility criteria for the children and young people
were (1) must have a confirmed ADHD diagnosis and (2) must
be in the age group of 6 to 17 years.

Procedure
The study received ethical approval from the University of
Sheffield’s School of Health and Related Research Ethics
Committee (references 007880, 010768).
Clinicians were approached via email. A University of Sheffield
researcher visited a group for parents of children with ADHD.
Parents are referred to this group by NHS clinicians when their
child receives a diagnosis of ADHD. The researcher explained
the study to the parents and the parents discussed it with their
children at home. Age-appropriate information sheets were also
provided for the parents to give to their children. If their child
wanted to take part in the study, the parent either contacted the
researcher on their behalf or, with permission the researcher,
contacted the parent to discuss and arrange an interview
appointment. Ten separate semistructured interviews took place
in the Sheffield region and were held in locations convenient
to the participants (either NHS clinic for clinicians or home for
http://mhealth.jmir.org/2017/10/e145/
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the young people) from June to July 2016 for the clinicians and
from October to November 2016 for the young people.
Interviews lasted up to 60 min with the clinicians and up to 45
minutes with the child or young people.
Before the interviews, the clinicians provided written informed
consent. Children and young people provided written assent
and their parents consented on their behalf.
Information about the study was sent to all participants at least
1 week before interviews took place. At the beginning of each
interview, the study was explained to the participants and
questions were answered.
Clinicians were presented with all 10 apps identified. As two
of the 10 apps were aimed at a younger age group (3-7 years)
and all children or young people interviewed were over the age
of 7 years, they were given eight apps to review. Participants
were given the opportunity to use the apps themselves during
the interview. Interview discussions occurred after participants
examined each app. These discussions were guided by an
interview schedule covering their views in four key areas:
•
•
•
•

What makes a successful app?
What doesn’t make a successful app?
How could an app function benefit this population
How could apps help manage ADHD or address difficulties
in young people

The two groups provided two unique perspectives: a user
perspective and a clinical perspective. Participants also
completed a short questionnaire on their demographic
characteristics.

Data Analysis
All interviews were audio-recorded and transcribed verbatim.
Thematic analysis [53] was used to search for data patterns
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within and across the participant groups. LP and JP
independently identified codes and themes from the transcripts.
Discrepancies were resolved through group discussion in an
iterative fashion between authors. Themes identified aimed to
capture the essence of the participants’ views.
Additionally, participants identified characteristics they believe
apps should include if they are to be suitable for this population.
These characteristics are presented in Table 3 and are accounted
for within the qualitative analysis. Authors tabulated these
characteristics and assessed each of the 10 apps. They
documented how many of these characteristics identified by
participants were present in the apps assessed in this study.

Powell et al

Results
ADHD: Is There an App for That?
Five apps were identified from Google Play and five from
iTunes in July 2016. Tables 1 and 2 describe the claims the apps
make within their individual descriptions and their contents.
Table 3 demonstrates the app characteristics identified by
participants during semistructured interviews and which apps
possessed these characteristics. These characteristics are
accounted for within the themes that emerged from the
qualitative analysis and were discussed and agreed by
participants.

Table 1. Characteristics of the apps downloaded from iTunes.
App

App claims

How apps meet their claims

1

Improves attention, concentration, focus, perceptual reasoning, academic performance, and inhibition impairments

Games to improve cognition

2

Improves self-control, reduces hyperactivity, improves attention,
concentration, and focus

Mindfulness training

3

Improves self-control, reduces hyperactivity, and improves attention, Mindfulness training
concentration, and focus

4

Improves attention, concentration, and focus

Different version of same game involves responding to stimuli as
quickly as possible.

5

Improves academic performance

Games and lessons (for user to watch)

Table 2. Characteristics of the apps downloaded from Google Play apps.

a

App

App claims

How apps meet their claims

6

Addresses memory and provides information about ADHDa

Memory games, different levels, ADHD key concepts quiz. Dialogues
with a cartoon character, links provided with ADHD information

7

Improves attention, concentration, and focus, and addresses memory Three games (find all objects, find numbers, reaction times), 4 memory
games

8

Visualize time moving

On-screen moving timer

9

Improves academic performance

Improve reading speed: different ways of presenting text, books for
different reading abilities, comprehension quiz on text previously read

10

Provides motivation

Talking fitness avatar, games involving physical activity

ADHD: attention-deficit/hyperactivity disorder.
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Table 3. Summary of what makes an app suitable for a child or young person with attention-deficit/hyperactivity disorder (ADHD; left column),
according to the children and young people with ADHD and the clinicians interviewed in this study and which apps identified in this study include these
characteristics. Authors have examined each app against the criteria identified by participants and scored the apps out of 8 to highlight how they, mostly,
are not in line with the needs of their target audience.
Characteristics identified by participants
as likely to be positive

iTunes

Google Play

App 1

App 2

App 3

App 4

App 5

App 6

App 7

App 8

App 9

App 10

Visually pleasing (ie, includes bright

Yes

Yes

No

Yes

No

Yes

No

Yes

No

Yes

No

No

No

No

No

No

No

No

No

Yes,

colors)
Allows personalization so user can relate
to app

change
avatar’s
clothes

Plays music

Yes

Yes,

Yes,

No

relaxation relaxation

Briefly

Yes

No

No

No

No

Yes

No

No

No

Yes

Yes,

No

No

No

Yes,

in some
sections,
not all

Provides audio feedback (ie, makes a

Yes

No

No

sound when user interacts with app)

Yes, pig

Only in

snorts at

some

a correct

sections

response
Involves instant reward

No

No

No

No

No

collect

user

coins,

gains

different

points

levels
Is interactive

Yes,

No

No

Yes

No

Yes

No

Yes

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

No

4

2

1

3

2

5

0

2

0

4

games
Involves symptom monitoring component No
a

or ADHD -related monitoring component
(eg, diet)
Involves component that encourages
healthy relationships with others
App score (out of 8)
a

ADHD: attention-deficit/hyperactivity disorder.

Table 4. Demographic characteristics of young people.
Unique ID

Age, in years

Gender

Length of ADHDa Other diagnoses

Current prescribed ADHD

Medicated

diagnosis (years,

medication

during
interview?

months)

a

YP1b

10

Male

1, 11

Autism spectrum disorder (ASD)

Concerta XL, melatonin

Yes

YP2

13

Female

0, 7

ASD, anxiety

Equasym XL

No

YP3

9

Male

6, 5

ASD

None

No

YP4

8

Male

0, 5

Not applicable

Equasym XL, Methylphenidate Yes
Immediate release

YP5

8

Female

1, 0

ASD, generalized anxiety disorder,
sensory processing difficulties

Methylphenidate Immediate
release

No

ADHD: attention-deficit/hyperactivity disorder.

b

YP: young person.
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Participant Characteristics
Ten participants, recruited in 2016, were included in this study:
5 clinicians and 5 young people diagnosed with ADHD aged 8
to 13 years (2 female, 3 males). Participant characteristics are
reported in Table 4 (young people) and Table 5 (clinicians).
Four of the five young people provided their ADHD medication
as additional confirmation of diagnosis. One participant was
not medicated. Four out of the five young people were recruited
via an ADHD parent group in Sheffield. Parents were only
referred to this group if their child was diagnosed with ADHD.

Powell et al
Data were collected until data saturation was reached.
Transcripts were available for all 10 interviews. During analysis,
agreement between the 2 primary coders was high. Seven themes
were identified in total (see Figure 2). Where similarities
between children or young people and clinician views emerged,
from the data, they are combined and discussed under the same
themes. These themes are identified, compared, and discussed
below with illustrative quotations.

Table 5. Demographic characteristics of clinicians demonstrating a total of more than 57 years of experience working with children and young people
with attention-deficit/hyperactivity disorder (ADHD).

a

Unique ID

Gender

Length of time working with population (years)

Current job title

HCP1a

Male

4

Specialist registrar in Child and Adolescent Mental Health Service

HCP2

Female

11

Consultant child and adolescent psychiatrist

HCP3

Female

22

Community mental health nurse

HCP4

Female

15

Associate specialist in pediatric neurodisability

HCP5

Female

5

Consultant child and adolescent psychiatrist

HCP: health care professional.
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Figure 2. Summary of themes that emerged from the data and which participant perspectives they represent.

Eight themes emerged from the data and are presented below
with supporting quotations. They cover views specifically
expressed by clinicians, which include the following: that apps
could be used to monitor symptoms of children and young
people with ADHD, apps could have both a positive and a
negative effect on the relationships of child or young person
with ADHD with others, and the impact of common comorbid
conditions. Other themes expressed the views of both the
clinicians and the children or young people. These themes
involve discussion around accessibility issues of the technology,
how important it is that apps consider ADHD symptoms and
related difficulties, they should be age appropriate, preferably
have an element that can be personalized so that the user can
relate to the app, and similarly, the user should be able to interact
http://mhealth.jmir.org/2017/10/e145/
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with the app rather than simply watching a video clip or listening
to audio recordings.

Technology Accessibility
Young people (n=2) and clinicians (n=5) noted that the apps
were not always reliable, as they often did not work properly
or the log-in functions failed. This was a barrier when trying to
engage them with the technology. It was recognized as “silly”
(YP2) that the apps were all only available via iTunes or Google
Play, which was problematic for 2 participants, as they did not
have access to both. The young people also felt that it was a
barrier to pay for apps, as they are not old enough to pay for
them online (n=2). One participant noted that iPads could be
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slow and not load quickly enough, which was considered as
“boring” (YP2). One participant noted:
Some didn’t register log-ins but that’s just the people
that made it messing up and that. [YP1]
Another participated stated:
...you have to like buy them but that’s annoying cos
they should be free...I haven’t even got a credit card.
[YP2]
Clinicians were often skeptical of the claims the app developers
made (n=3) and believed they lacked underpinning evidence
(n=3), as noted below:
...it’s difficult through an app to build a child’s kind
of confidence. [HCP1]
So they are trying to just say that going on an app
makes you less impulsive and reduces your
hyperactivity which I very very much doubt. [HCP4]
...quite bold non evidenced based statements aren’t
they. [HCP]

Importance of User Relating to the App
All 5 young people noted a number of points relating to their
wish to relate to the app; audio was important to all participants.
Two young people described one of the voices on the app as a
“robot” (YP1 and YP3) and as having a “creepy voice” that
goes “on and on and on” (YP1); they said they wanted the voice
to have “more expression” (YP1). Young people and clinicians
noted that the apps should be visually attractive (n=10) and
“colorful” (YP2, YP3, and YP4) or “pretty” (YP5). They liked
the idea of changing some characters in the apps to represent
themselves (n=5) or somebody else such as Justin Bieber, their
favorite pop icon (YP2). Similarly, many of the young people
believed that the character in apps is important (n=2):
...cos if there were no sound you’d just play something
with no sound and it’ll be real boring. [YP3]
...they (app developers) could change the voice a bit
to like a character in like a like someone in a film.
[YP4]
Well his background needs changing to little boys
bedroom... [YP1]
...the trousers you could actually have trackies on
like mine. [YP4]
Similarly, the clinicians thought that the apps should be fun
(n=3), visually attractive (n=5), use language (n=3) and accents
(n=1) the child can relate to, and incorporate reward (n=1). It
was discussed that relating to an app may not always be a
positive experience for young people. One clinician stated that
one of the apps appeared to be mimicking school, which a child
may negatively relate to. Another clinician stated that a child
might respond to a character on an app telling them what to do
as opposed to a parent or school teacher:
...cos it just feels like being at school...and I think
they’ve got to be fun. [HCP3]
...the logo is very important...cos that’s what
teenagers will see...people with ADHD aren’t going
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to read all the details they’re going to be very
impulsive aren’t they and think oh that looks
interesting and bang (download the app). [HCP4]

Addressing Attention-Deficit/Hyperactivity Disorder
(ADHD) Symptoms and Related Difficulties
Young people noted a number of issues that involve addressing
their ADHD symptoms. For example, 2 participants liked the
idea that apps could be used to relax them (ie, assist with their
hyperactivity).
Participants noted that gaining an instant reward such as
“leveling up” or gaining coins during a game made them feel
“happy” (YP2). One participant found apps had the opposite
effect when she was denied rewards, such as leveling up (YP5).
Four participants said it is important that an app contains lots
of variety to keep YPs attention. One participant stated:
...it [the app] should make it so every time you
complete one [game level] you get little coins and
you can buy backgrounds and that. [YP1]
Another participant noted:
It makes you focus on the pattern so you relax. [YP2]
Similarly, clinicians also believed that reward and variety in
apps are important to engage the user. One clinician believed
that apps for ADHD have the ability to help improve their
memory and inhibition impairments, thus targeting the
impulsivity in ADHD. It was noted that the apps themselves
could be a distraction to other important tasks (n=1):
...if they’re rewarded for each activity...they’re going
to engage...cos they’re gonna get their dopamine hit
each time. [HCP4]

Age Appropriateness
Young people (n=4) and clinicians (n=5) believed that it is
important for the apps to be age appropriate for the user. Some
participants said that some apps were a bit “babyish,” and some
noted that one of the apps was a bit too old for a child because
of the language used. One participant noted that one of the apps
was describing a scene that was “hard to imagine” (YP1). The
participants noted:
A bit childish, does it say for 13 [years old]? [YP2]
...I’d rather have it when I’m older. [YP4]
...it doesn’t feel as if it’s aimed at kids. [HCP3]
I think it’s very immature, I dunno what the age range
is but it feels like the cartoons I used to watch when
I was little *laughs*. [HCP5]

App Interaction
Young people stated that apps must be interactive (n=3). They
were less impressed and, at times, frustrated with apps that
involved no interaction but simply listening or watching (n=3).
They wanted to be involved and interact with the app itself, as
noted below:
...how I didn’t do anything! This app is fake! Its fake!
[the app said he had achieved the next level and he
hadn’t done anything]. [YP3]
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I didn’t like it seriously, it’s mind controlling! [as
above, the app said she had achieved the next level
and he hadn’t done anything]. [YP5]
I would like change it a bit so you can like actually
do something cos and the moment on the writing you
just you don’t...do anything... [YP4]
One clinician also noted that the apps should incorporate
learning and make it fun, have a catchy title and app logo, and
a simple description. One person highlighted that ADHD
medication could affect a child’s ability to engage with an app:
Some children who we see with ADHD will be
medicated and some won’t and that will affect their
levels of concentration... [HCP2]
The following three themes were considered to be important
by clinicians but not mirrored by the young people:

Monitoring
Clinicians suggested that apps could be used to monitor diet
(n=2), a “mood component” (C1; n=2), and ADHD symptoms
within this population. Some believed they would be useful for
keeping a diary (n=3) of these, and one person believed apps
would be useful to act as ADHD medication reminders:
A child and parent app then the parent can then
monitor [ADHD symptoms]. [HCP1]
I think something about a diary in terms of perhaps
providing prompts or things that they’ve got going
on that day... [HCP2]
I think it’s really good to encourage kids with ADHD
to monitor the way they feel. [HCP3]
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apps used appeared challenging for the target age even without
the young people having additional needs. One participant stated
that autism spectrum disorders are a common ADHD
comorbidity and that a symptom of ASD can be the inability to
cope with multiple stimuli at once. For example, some of the
apps were very visually “busy” with lots of background noise.
This clinician described this as “sensory overload” (HCP4);
something these users may not always be able to cope with:
...a lot of children as you know with ADHD have got
autism as well and so sometimes things that are
completely too noisy, too bright, unless they pick
them, can be a bit of a problem. [HCP4]

Discussion
Principal Findings
This study identified 10 apps that stated they were aimed at
children and/or young people with ADHD. Five clinicians
working with this population and 5 young people with ADHD
were interviewed. Interviews involved sharing the 10 identified
apps with participants and asking what they think would make
an app suitable for children and young people with ADHD.
Young people stated that technology unreliability can be a
barrier when trying to engage them with the technology; young
people and clinicians believe that the young people want to be
able to relate to an app, clinicians wanted apps to target the
ADHD symptoms of young people, young people and clinicians
wanted apps to provide rewards, and young people wanted to
be able to interact with an app. Additionally, 2 clinicians felt
apps would be useful to monitor ADHD symptoms, diet, and
mood and to improve family and peer relationships.

App Effect on Relationships

Conclusions

One clinician was mindful that the use of apps could prompt
“disharmony” in the home, causing conflict in terms of sharing
with siblings (C2). They were also mindful that a number of
the apps encourage the user to access them daily. This clinician
believed that this could encourage a parent to nag their child to
use the app, causing tension in the home as well:

ADHD is a chronic condition with around 60% going on to
have some symptoms in adult life [2]. Treatment with
medication for ADHD falls significantly during the second
decade of life [54]—a time when many young people with
ADHD struggle with school, family, and peer relationships and
risks such as drug misuse. As with all chronic conditions,
empowering patients to manage their own symptoms is crucial.
Multimodal treatment is recommended for ADHD management
[20], but in most countries, resources for ongoing
nonpharmacological support are often thin.

...it kind of might at some point cause tension and
then, you know disharmony at home and arguments
and things like that, prompting them to try and get
them to do. [HCP2]
Others believed that as one common difficulty in ADHD is
maintaining relationships with friends and family, apps could
help facilitate these relationships rather than be harmful to them
(n=2):
...err I think relationships with peers would be useful...
[HCP2]
I think peer relationships would definitely be one
thing...if you’re looking at relationships you could
also mention family relationships as well. [HCP1]

The Impact of Common Comorbid Conditions
Additionally, they highlighted that ADHD is a highly comorbid
condition and the apps don’t always account for this (n=2). One
clinician shared that children with ADHD may have learning
difficulties and be behind academically and that some of the
http://mhealth.jmir.org/2017/10/e145/
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Individuals with ADHD, and especially those with comorbid
ASD, often enjoy technology and indeed are skilled with its
use. Many apps are advertised for individuals with ADHD and
their families [36,37,40,42-44], but little is known about their
use and value. In this small study, we aimed to collect the views
of the target group, children and young people with ADHD,
and of clinicians who specialize in management of ADHD on
what qualities they would like to see in an app and for ideas on
when apps could be useful. The young people and clinicians
whose views were sought in this study did not find that the apps
reviewed fully met their expectations. The highest match was
5 out of 8; two apps scored 0 and the mean was 2.3 out of 8.
Young people wanted to enjoy the technology and to use it for
some specific tasks. The clinicians were keen to explore apps
as a way to engage young people, motivate them to manage
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their difficulties, and target specific needs for particular young
people.
The perspectives of both the clinicians and the young people
are needed to build up a full picture. It is important to have the
views of clinicians as to whether the apps promote positive
behaviors and target specific needs. The views of the young
people give guidance as to whether they would actually use the
app and whether they found it enjoyable and/or helpful.
Individuals with ADHD show most reliable responses to
frequent positive reward, so this seems to be a prerequisite of
a successful app for the young people themselves.
Both clinicians and their patients wanted apps to be technically
reliable, to relate in some way to the user, to be age appropriate,
and to be interactive. Both were also keen to exploit technology
to help them, including, for example, an app to address ADHD
symptoms in some way. App developers may advertise their
apps to offer what clinicians and young people want, but as yet,
there does not seem to be a real evidence base to help families
and clinicians decide whether or not an app is likely to work
for them. Claims that apps can improve ADHD symptoms need
further exploring. Clinical networks and children, young people,
and families could work with app developers to trial existing
apps and develop new ones.
Clinicians also saw the use of apps as a way of collecting data
from their patients. For example, some young people do not
gain weight on ADHD medications [55]. An app could perhaps
be used to remind a young person to eat and to record what, if
anything, they do eat. If a young person is suffering from low
mood, perhaps an app could be used to record this and share
mood scores with the clinician. It can be extremely difficult for
a young person with ADHD to reliably report their dietary intake
or their mood over time when they attend appointments [56].
The marketplace for app development and specifically app
development in health care continues to expand. It is easy to
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see that conflict could exist between the desire to make money
from an app by producing it in a less-than-ideal way and
marketing it quickly and spending time and money researching
the benefits of an app. Indeed, once an app has been purchased,
the developer may move on to the next project, and families
and patients who purchase cheap apps are unlikely to complain
if they do not work well for them.
There is a need for guidelines and standards for app developers,
including a requirement for transparent trials of the usefulness
of the app. Clearly, there is however, a balance between making
these so time consuming and expensive as to deter developers.
To investigate the factors influencing technology acceptance,
a model named the technology acceptance model (TAM)
provides a basis for attitude measures with two technology
acceptance variables: perceived usefulness (PU) and perceived
ease of use (PEU) [57]. PU refers to “the degree to which a
person believes that using a particular system would enhance
his or her job performance.” PEU is defined as “the degree to
which a person believes that using a particular system would
be free from effort.” Research has shown that TAM has been
one of the most influential models in explaining user acceptance
of information technology (IT), and it has gained wide attention
in the IT literature because it includes the psychological
interaction of a user with technology (unpublished data, 2009
[58]). According to TAM, if users perceive a technology as
useful and easy to use, they develop positive attitudes toward
the technology.
Future research is needed on the value of apps for children and
young people with ADHD and their families and, in particular,
any positive role for apps in the management of ADHD in this
age group. A systematic review on how technology can be used
to engage this population and how it can be used to help them
would be a useful way forward. This could be the platform to
begin exploring the use of apps further.
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Abstract
Background: The best manner to prevent suicide is to recognize suicidal signs and signals, and know how to respond to them.
Objective: We aim to study the existing mobile apps for suicide prevention in the literature and the most commonly used virtual
stores.
Methods: Two reviews were carried out. The first was done by searching the most commonly used commercial app stores,
which are iTunes and Google Play. The second was a review of mobile health (mHealth) apps in published articles within the
last 10 years in the following 7 scientific databases: Science Direct, Medline, PsycINFO, Embase, The Cochrane Library, IEEE
Xplore, and Google Scholar.
Results: A total of 124 apps related to suicide were found in the cited virtual stores but only 20 apps were specifically designed
for suicide prevention. All apps were free and most were designed for Android. Furthermore, 6 relevant papers were found in the
indicated scientific databases; in these studies, some real experiences with physicians, caregivers, and families were described.
The importance of these people in suicide prevention was indicated.
Conclusions: The number of apps regarding suicide prevention is small, and there was little information available from literature
searches, indicating that technology-based suicide prevention remains understudied. Many of the apps provided no interactive
features. It is important to verify the accuracy of the results of different apps that are available on iOS and Android. The confidence
generated by these apps can benefit end users, either by improving their health monitoring or simply to verify their body condition.
(JMIR Mhealth Uhealth 2017;5(10):e130) doi:10.2196/mhealth.8036
KEYWORDS
app; literature; prevention; suicide; virtual stores

Introduction

Spain, suicide causes twice as many deaths as traffic accidents
and 70 times more deaths than gender violence [1].

According to the World Health Organization, approximately
one million people commit suicide each year, which is the
second leading cause of death among people from 15 to 29 years
of age [1]. There are also indications that for every adult who
committed suicide, possibly more than 20 others attempted
suicide [1]. Worldwide, suicides account for 50% of all violent
deaths recorded among men and 71% among women [2]. In

It is important to highlight the fact that suicides are preventable;
prevention efforts would require a comprehensive multi-sectorial
prevention response in all countries. Based on the societal
impacts that suicide has in many countries, it is very important
that health services incorporate suicide prevention as a central
component. In addition, alcohol consumption and mental
disorders contribute to many suicides worldwide [2-4].
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Early identification and effective management are key for people
at risk for suicide, so they can receive the care they need [5].
Communities play a key role in suicide prevention: they can
provide social support to the most vulnerable individuals, deal
with their follow-up, fight against social stigmatization, and
support those who have lost close relatives to suicide [6,7].
People feel anxiety and some situations can cause them to make
decisions to end their life. Information and communications
technologies (ICTs) can provide innovations to support the work
of health professionals to address this issue. Mobile apps can
also provide a valuable resource for communities and individuals
by addressing social issues [3,4]. The aim of this article is to
conduct a systematic review of existing mobile apps in Google
and Apple online stores, and in the literature for suicide
prevention. This research will help experts in the field and app
developers gain insight into what mobile apps exist, and features
that they can continue to research and develop.
Mobile health (mHealth) is a part of electronic health and refers
to computers, smartphones, mobile health apps, and patient
monitoring services and apps used for the purpose of positively
increasing access to health information. For many health issues,
especially those related to mental health prevention, remote
patient monitoring is a good start and mobile apps on
smartphones are an available means that can save costs and
benefit hard-to-reach populations. However, it is important to
verify the accuracy of the results of different apps that are
available on the virtual stores, such as iOS [8] and Android [9].
The confidence generated by these apps can benefit end users,
either by improving their health monitoring or simply to verify
their body condition.

de la Torre et al
The goal of this paper is to present the state of the art of mobile
apps designed to prevent suicide, in English and Spanish
languages. This review of the scientific literature is presented
to show scientific studies that demonstrate how such apps have
been developed, and the results that have been obtained, when
using mobile apps. This review allows us to promote the
discussion of the results found, and to communicate the current
state of these technologies to other members of the scientific
community.

Methods
Search Strategy for the Reviews
Two reviews have been completed; the first was carried out by
searching the most commonly used commercial apps stores,
which are Google Play [9] and iTunes [8]. The second review
was a search of published articles from the following scientific
databases: Science Direct, Medline, PsycINFO, Embase, The
Cochrane Library, IEEE Xplore, and Google Scholar.
The search terms used for virtual stores were “prevention” and
“suicide”. Only apps that focused on suicide prevention were
studied; music, games, and other apps were dismissed. The
literature review was developed on the indicated scientific
databases. The combination of terms in titles/abstracts used in
the literature revision was the following: “prevention” AND
“suicide” AND “app/mhealth”. The results were limited to the
last 10 years, from 2007 forward. Only articles published in
English were studied. Figure 1 presents a flowchart with the
steps that were followed in the review.

Figure 1. Flow chart of the steps in the review.
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Results
Virtual Store Apps
A total of 20 relevant apps were found in the Google Play and
Apple App Stores, although we note that some apps were
available in both stores. A classification of these apps is shown
in Multimedia Appendix 1. The characteristics chosen were:
name, operating system, language, brief description, and price.
The number of downloads has not been taken into account,
because this value can change continuously. Only one app was
found in Spanish (Prevensuic), which was designed by the
Spanish Mental Health Foundation for the prevention of mental
disorders and suicide. This app was developed for Android and
iOS.

Apps in the Literature
A total of 6 relevant papers were found in the online databases
that were searched. Shand et al [10] evaluated the effectiveness
of a self-help app for suicidal thoughts amongst young
Indigenous people (with a total of 150 participants). This
research was the first to evaluate the effectiveness of a self-help
app for suicidal thoughts amongst young Indigenous people.
Aguirre et al [11] described mobile apps for one specific field
of Human Service Organizations related to suicide prevention,
and other topics in mental health and behavioral issues. This
study analyzed 27 apps, and concluded that it was critical to
carefully plan and develop the apps, and undertake ongoing
evaluation of these apps [11]. Berrouiguet et al [12] proposed
a mobile app for suicide prevention that was a connected tool
used by the patient to describe his/her health status. The authors
concluded that the app should be ergonomic, with data
protection and question choices [12]. These facts should be
considered in the future to increase acceptance by both patients
and practitioners.
Larsen et al [13] found 123 apps referring to suicide, but not
all were specifically related to suicide prevention. The authors
warned that physicians should be wary in recommending apps
[13]. McManama et al [14] evaluated a smartphone app
intervention developed specifically for suicidal adolescents and
their parents, named Crisis Care. Twenty adolescent-parent
dyads participated in the pilot evaluation, and the results showed
positive results for usability, acceptability, and utility of the app
[14]. This app can be an adjunct to treatment for suicidal
adolescents and their parents [14].
Kennard et al [15] showed the results from phase one of a
treatment-development study for suicide prevention. This study
used qualitative methods to collect information from families,
teens, and physicians and evaluated acceptability and the
feasibility to provide the intervention to patients and parents.

de la Torre et al
All participants were constructive about the utility of technology
in safety planning with the mHealth app, but limitations included
privacy and confidentiality issues [15].

Discussion
Suicide prevention is a health issue, and it is important that apps
in this field are supported by professionals who make these
tools as a way to care for their patients, and to prevent this
situation that affects many countries.
Few commercial mobile apps aimed at suicide prevention exist,
compared to other pathologies such as cardiology [16]. As far
as existing literature is concerned, even fewer results have been
found. Luxton et al [17] examined innovate apps related to
suicide prevention. Some of these apps included gaming, text
analysis, and virtual worlds, and the authors discussed the
limitations and advantages of these technologies [17].
Marasinghe et al [18] conducted a randomized controlled trial
examining whether a Brief Mobile Treatment intervention could
improve outcomes related to typical care among people with
suicidal behavior. Sixty-eight participants were recruited from
a Sri Lankan hospital; people who received the intervention
were found to accomplish important improvements in reducing
suicidal ideation [18]. Larsen et al [19] showed an overview of
different technological developments for suicide prevention.
Some of these developments included automatic detection of
suicide cases from social media and crisis detection from
acoustic variability, among others [19]. The authors presented
the mHealth app for Indigenous populations that was detailed
in Shand et al [10]. Barriers to help-seeking included shame,
feared loss of autonomy, and negative attitudes towards health
care providers [10]. The use of mobile devices and apps
continues to rise amongst young people, thus presenting
opportunities to utilize these aids in overcoming help-seeking
barriers.
Based on our experience in clinical and real cases, we conclude
that mHealth apps are an essential tool that can help us to
prevent suicide, considering the family, caregivers, and health
professionals that are part of helping to save a life through the
use of ICTs. Therefore, we consider it fundamental that clinical
support provides validity to the apps offered on the Internet.
The bibliographic review allowed us to examine the apps based
on scientific studies from real cases that generated proven
results.
As future work, we will develop and evaluate a suicide
prevention app by looking at the shortcomings detected in the
apps that were analyzed in this work. Saving even a single life
via a mobile app is a breakthrough.
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Abstract
Background: Attention-deficit hyperactivity disorder (ADHD) is a highly comorbid disorder that can impact significantly on
the individual and their family. ADHD is managed via pharmacological and nonpharmacological interventions. Parents also gain
support from parent support groups, which may include chat rooms, as well as face-to-face meetings. With the growth of technology
use over recent years, parents have access to more resources that ever before. A number of mobile apps have been developed to
help parents manage ADHD in their children and young people. Unfortunately many of these apps are not evidence-based, and
little is known of their suitability for the parents or whether they are helpful in ADHD management.
Objective: The aim of this study was to explore the (1) parents’ views of the suitability of the top ten listed apps for parents of
children and young people with ADHD and (2) the views of clinicians that work with them on the suitability and value of the
apps.
Methods: The top 10 listed apps specifically targeted toward the parents of children and young people with ADHD were
identified via the Google Play (n=5) and iTunes store (n=5). Interviews were then undertaken with 7 parents of children or young
people with ADHD and 6 clinicians who specialize in working with this population to explore their opinions of the 10 apps
identified and what they believe the key components are for apps to be suitable and valuable for this population.
Results: Four themes emerged from clinician and parent interviews: (1) the importance of relating to the app, (2) apps that
address ADHD-related difficulties, (3) how the apps can affect family relationships, and (4) apps as an educational tool. Two
additional themes emerged from the clinician interviews alone: monitoring ADHD symptoms and that apps should be practical.
Parents also identified an additional theme: the importance of the technology. Overall, the characteristics of the current top 10
listed apps did not appear to match well to the views of our sample.
Conclusions: Findings suggest that these apps may not fully meet the complex needs of this parent population. Further research
is required to explore the value of apps with this population and how they can be tailored to their very specific needs.
(JMIR Mhealth Uhealth 2017;5(10):e149) doi:10.2196/mhealth.7941
KEYWORDS
attention deficit disorder with hyperactivity; mobile applications; technology

Introduction
ADHD in Children and Young People
Attention-deficit hyperactivity disorder (ADHD) is a
neurodevelopmental disorder, characterized by three core
http://mhealth.jmir.org/2017/10/e149/
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symptoms: hyperactivity, impulsivity, and inattention, which
has a profound impact on the individual and their family [1-3].
ADHD is highly comorbid [4-6] and has a prevalence of 3% to
5% of school-aged children worldwide [7]. Furthermore, 80%
to 85% of these children continue to be impaired by their ADHD
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e149 | p.195
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
symptoms as adolescents [1,8-10] and 60% as adults [2]. The
presence of ADHD also increases the risk of premature death
[11-13]. When ADHD persists into adulthood, affected
individuals are more likely to engage in criminality and
substance abuse [14-16]. ADHD also places a large economic
burden on society. In the United Kingdom, in 2010, it was
estimated that ADHD in adolescents alone cost £670 million
to the National Health Service (NHS), social care, and education
resources [17]. The total annual cost of ADHD for children in
the United States is estimated at US $38 to $72 billion [18].
ADHD in children and young people (YP) is also extremely
challenging for parents to manage [3].
Globally, ADHD treatments include pharmacological and
nonpharmacological interventions [19-21]. In less severe cases,
nonpharmacological behavioral interventions such as
psychoeducation programs, behavioral interventions, and
cognitive behavioral therapy are used alone, and in more severe
cases, it is recommended that both approaches are used in
parallel [19].
When young people diagnosed with ADHD reach their
adolescent years, they are less likely to take their ADHD
medication reliably and are more likely to disengage from
services [22]. This trend in young people is mirrored across
other services such as diabetes [23] and mental health services
[24-28]. This is problematic for a number of reasons including
the negative effect ADHD symptoms can have on academic
attainment [4,29], which can often result in the young people
having to repeat a school year [30]. Adolescents are more likely
to be expelled from school [31] and spend less time in education
because of truancy than their peers [32]. All of these problems
pose huge challenges for parents.

The Role of Parents in Child and Adolescent ADHD
Management
Parents are under tremendous strain when caring for a child or
YP with ADHD [3]. It is for this reason that the National
Institute for Health and Care Excellence [19] guidelines
recommend that all parents of children and young people
diagnosed with ADHD are invited to attend parent management
groups where they can build up a repertoire of strategies to help
them manage their child’s ADHD and help their child achieve
in life and at school [19].
Emphasis has been placed on the importance of the supportive
role of the parent in ADHD [3,33]. Young people with ADHD
often underreport their ADHD-related difficulties compared
with their parents [34]. Therefore it is important that they have
the support of somebody such as a parent or guardian to assist
with their difficulties, as the young people doesn’t always
appreciate how much difficulty they are having. Indeed, it is
often the case that the parents require support for themselves
so that they can provide optimal support for their child with
ADHD. Available parenting interventions for the management
of ADHD in primary school–aged children include an
eight-session parenting behavioral program [35], the New Forest
Parenting Programme [36], 123 Magic [37], and the Triple P
Positive Parenting Program [38]. These programs involve
strategies that cover aspects such as the understanding of ADHD
and the challenging behaviors associated with it, specific
http://mhealth.jmir.org/2017/10/e149/
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behavioral strategies that address parent-child interaction, the
use of time-out strategies to reduce problematic behavior, how
to manage child behavior in public, and school and maintenance
issues. Parent groups provide vital support for parents of
children with ADHD and provide the parent with strategies that
they can apply to managing their child’s ADHD outside the
group. However, many of them use paper-based resources which
may not provide instant advice at a time where a parent needs
it and management strategies will usually need reinforcement
over time.

The Role of Technology in ADHD Management
The increasing use and accessibility of the Internet, mobile
phones, and mobile devices offers an additional way to support
parents [39]. Technology could be used for parents to engage
their child in daily activities, monitor their symptoms, or to gain
further advice on how to manage their child’s or young person's
ADHD. A recent qualitative study has demonstrated that parents,
children, young people with ADHD, and health care
professionals appreciate the potential of technology to help with
the ongoing management and monitoring of a child’s ADHD
[40].
There have been a number of apps developed for parents for
this purpose, but thus far, there is little evidence to underpin
them. Some of these apps are designed for the parent and child
to use jointly to enable the parent to monitor their child’s ADHD
symptoms, monitor medication compliance, give parenting
advice for managing a child with ADHD, and also to help with
daily routines such as getting dressed and going to bed. Evidence
includes app development papers such as the WHAAM app that
involves monitoring ADHD behavior in children and data
sharing between parents, teachers, and health care professionals
[41]. One study uses an app and a skin conductance sensor to
measure parental stress by notifying the parent during stressful
times to make them self-aware of their emotions. However, a
number of false-positive alerts were apparent during this study
[42]. Another study used a mobile app to help improve morning
and bedtime routines. Parents reported decreased frustration
levels in this study [43]. Nevertheless, these studies focus on
the development of a single app and contain low sample sizes.
This means we cannot apply these findings to a wider
population.
Furthermore, app quality is not routinely monitored. Once the
app has been bought, there is little feedback on usefulness. There
is also minimal guidance available to demonstrate the reliability,
validity [44], and suitability of available apps. For example, the
British Standards Institution has developed a report outlining a
code of practice recommended when developing a health app
to help ensure it is fit for purpose [45]. This includes, and is not
limited to, acknowledging and catering for the app’s target
audience. Unfortunately, many apps do not adhere to such
guidelines. A review of the NHS Choices apps library was
undertaken in England, and three components were focused
upon: (1) data protection act compliance, (2) efficacy evidence,
and (3) relevance to British people. Many apps that were
identified in this review did not have an evidence base, and it
was shown that privacy and data security arrangements were
often unsuitable [46]. The thin evidence base for apps also
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means that we know very little about what would make an app
suitable for a parent of a child with ADHD.
This study proposes to identify apps aimed at the parents of
children and young people with ADHD and to interview the
parents and specialist clinicians who work with them to explore
what could make an app suitable in terms of appearance, content,
and functionality for the parents of children and young people
with ADHD. This will provide those developing apps for this
population with some key components to consider.

Methods
This research involved the identification of the top 10 listed
apps aimed at the parents and guardians of children and young
people diagnosed with ADHD. Subsequently, the parents tested
the apps, and they were then interviewed to ascertain their views
on the apps and to explore what they believed the key
components are for apps to be helpful for them. Clinicians who
work with children and young people with ADHD and their
parents were also interviewed to explore their insights into how
to make apps successful for this parent population.

Powell et al
however there are also many other secondary factors such as
keywords and visuals [48]. Similarly, the Android database is
filtered according to multiple criteria, including the volume of
ratings, value of ratings, and download growth [49]. Although
this presents a potential bias as apps are selected according to
the database’s own ASO, it is to some extent unavoidable unless
all of the search results are downloaded for testing [50], which
was beyond the scope of this study. Apps for iPads and tablets
were reviewed rather than phones, as apps are available on
phone and tablet devices. For this study, apps available on
tablets have been reviewed as they are easier to discuss with
parents and clinicians.
The search term used was “ADHD.” This is because other search
terms such as “ADD,” “children,” “Young people,” and
“parents” did not provide different results to the “ADHD”
searches. The term “ADHD” was searched in both iTunes and
Google Play.

Research Question

Preliminary screening was conducted based on app titles, full
marketing description, and screenshots of the apps potentially
relevant for inclusion. The first 5 listed apps that met the
inclusion criteria from each app store were included, giving a
total of 10 apps for study (Textboxes 1 and 2).

The research question was as follows: are the 10 top listed apps
that are specifically designed and marketed for the parents of
children and young people with ADHD suitable and what are
the key components for apps to be suitable for this population?

Duplicate apps were removed (Figure 1). This was applicable
if there was more than one version of an app. It was decided
that the app version to be included was the app that appeared
first on the app store lists.

Search and Identification of Mobile Apps

The remaining 10 apps were downloaded onto an Apple iPad
Mini (Model: A1489) or a Samsung device (Model: GT-P5220),
and their content was summarized by the lead author [18]. The
apps were summarized into a tabular format to help assist
participants during the semistructured interviews (Multimedia
Appendix 1).

In July 2016, a search of mobile apps in the Apple iTunes store
and the Android Google Play store was conducted. These
databases were selected because they displayed systematically
organized app rankings defined by algorithms unique to each
app store, commonly known as app store optimization (ASO)
[47]. For Apple, the primary factor is number of downloads;

Textbox 1. Inclusion criteria of apps. (Please note that some selected apps were aimed at children and young people with attention-deficit hyperactivity
disorder [ADHD], as well as the parents. These apps were included as long as they specifically stated they were for the parents as well. Apps were only
excluded if the app was not intended for the parents in any way).
Inclusion criteria
•

An app that states it is aimed at a parent of a child or a young person with ADHD or attention deficit disorder

•

Mobile app

•

App is available in the English language

Textbox 2. Exclusion criteria of apps. (Please note that some selected apps were aimed at children and young people with attention-deficit hyperactivity
disorder [ADHD], as well as the parents. These apps were included as long as they specifically stated they were for the parents as well. Apps were only
excluded if the app was not intended for the parents in any way).
Exclusion criteria
•

Does not state app is aimed at parent of a child or young people with ADHD

•

Not a mobile app (eg, magazine)

•

Not available in the English language

•

Duplicate app
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Figure 1. App selection process.

Participants
Convenience sampling was adopted to recruit specialist
clinicians who work with children and young people with
ADHD and their families, as well as parents of children and
young people with ADHD. Parents were recruited via a Family
Action group (a national charity that provides support for
families) and an online ADHD community group. Clinicians
were recruited via the NHS Child and Adolescent Mental Health
Service in the South Yorkshire region. Participants were
recruited until data saturation was achieved. Eligibility criteria
for clinicians were that they had to be employed by a service
that treats children and young people with ADHD.
Eligibility criteria for the parents of the children and young
people with ADHD were as follows: (1) must be a parent of a
young person who has a confirmed ADHD diagnosis and (2)
must be able to provide details of the medication the child is
prescribed.

Procedure
Ten separate semistructured interviews took place in the
Sheffield region. Three interviews with parents involved
interviewing parents jointly. Interviews lasted up to 60 min with
the clinicians, and up to 90 min with the parents. The study
received ethical approval from the University of Sheffield’s
School of Health and Related Research Ethics Committee
(references 010768, 011377), as well as NHS Health Research
Authority and Research and Development approval.
The researcher visited parents at the Family Action parent group
and introduced the study. Parents then either contacted the
researcher, or they requested that the researcher contacted them
at a time convenient to them. Clinicians were approached via
email. Interviews took place at a quiet convenient place with
the clinicians and in the homes with the parents. Before the
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interviews, the clinicians and parents provided written informed
consent.
Information about the study was sent to all participants at least
1 week before the interviews took place. At the beginning of
each interview, the study was explained to the participants and
questions were answered.
Clinicians and parents were presented with all 10 apps identified.
Participants were given the opportunity to use the apps
themselves during the interview. Interview discussions were
guided by an interview schedule covering their views in four
key areas:
•
•
•
•

What makes a successful app?
What makes an app less successful or unsuccessful?
How could an app function benefit them as parents of young
people with ADHD?
How could apps for parents help manage ADHD or address
difficulties in young people?

The two groups provided two unique perspectives: a user
perspective and a clinician perspective. Participants also
completed a short questionnaire on their demographic
characteristics. Parents additionally provided details of their
child’s diagnosis and prescribed ADHD medication (where
applicable).

Data Analysis
All interviews were audio-recorded and transcribed verbatim.
Thematic analysis [51] was used to search for data patterns
within and across the participant groups. LP and JP
independently identified codes and themes from the transcripts.
Discrepancies were resolved through group discussion in an
iterative fashion between the authors. Themes identified aimed
to capture the essence of the participant’s views.
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Table 1. Summary of how app developers describe the features of their apps.
iTunes apps

Android apps

App

App claims

How apps meet their claims

App

App claims

How apps meet their claims

1

News updates and re-

Condition-specific resource for
news, features, and research

6

To help coordinate parents, caregivers, and teachers in the followup of children aged under 18 years
with ADHD

Manage medication, plan daily
activities, measure treatment results, self-assessment tools, and
direct doctor and teacher communication via sister app

To change challenging Step-by-step directions of daily
daily routines into fun. tasks through songs, monitoring
Songs to help guide
chart, and coloring book reward
child to timely efficient
task completion through
consistency, repetition,
rhythm, and rhyme.

7

Addresses memory

Improves self-control, Mindfulness
reduces hyperactivity, Training
and improves attention,
concentration, and focus.

8

search about ADHDa
and other conditions.
Increases knowledge.
2

3

4

To help child improve
dressing skills.

Memory games of different levels
Provides information about ADHD and
ADHD key concepts quiz.
Dialogues with a cartoon character.
Links provided with ADHD information
Monitor ADHD symptoms over
time
Download resources

Learn to dress by dressing a cartoon 9
character in order and imitate

Gain solutions to problem behaviors

Links to ADHD info or resources
Sliders to record key times of day,
charts, email charts, and appointment reminders
Click on problem behavior and
find a suggested solution and possible approaches.
Related to special education

5

a

To help children and
Interactive story about a boy and a
adults understand AD- character with ADHD
HD and how to manage
it.

10

Create a visual schedule to support User can illustrate sequence of
transition times during the daytime tasks or substeps of a task and can
label images with text

ADHD: attention-deficit hyperactivity disorder.

Table 2. Demographic characteristics of parents.

a

Unique ID

Gender

Length of child’s ADHDa diagno- Child’s age
(years)
sis (years, months)

Other diagnoses of child

Child medicated?

P1

Fb

Undergoing ADHD assessment

11

ASDc

No

P2

F

4, 0

15

Not applicable

Yes

P3

F

0, 7

13

ASD and anxiety

Yes

P4

F

0, 7

13

ASD and anxiety

Yes

P5

M

1, 10

10

ASD

Yes

P6

M

0, 8

9

ASD

No; under assessment

P7

M

0, 8

9

ASD

No; under assessment

ADHD: attention-deficit hyperactivity disorder.

b

F: female.

c

ASD: autism spectrum disorder.
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Table 3. Demographic characteristics of clinicians demonstrating a total of more than 57 years of experience working with children and young people
with attention-deficit hyperactivity disorder (ADHD).

a

Unique ID

Gender

Length of time working with population
(years)

Current job title

C a1

Fb

6

Consultant child and adolescent psychiatrist

C2

F

12

Consultant child and adolescent psychiatrist

C3

F

0.5

Trainee 2 psychiatry

C4

F

10

Primary mental health worker

C5

Mc

20

Consultant child and adolescent psychiatrist

C6

M

13

Consultant child and adolescent psychiatrist

C: clinician.

b

F: female.

c

M: male.

Figure 2. Themes identified during thematic analysis.

Results
Five apps were identified from Google Play and five from
iTunes in August 2016. Table 1 describes the claims the apps
make within their individual descriptions and their contents.

Participant Characteristics
A total of 13 participants were recruited from February to March
2017 (clinicians) and October to November 2016 (parents).
Participants included 6 clinicians and 7 parents of young people
diagnosed with ADHD. Participant characteristics are reported
in Table 2 (parents) and Table 3 (clinicians). Two of the 7
parents were recruited via an online ADHD parent group in
South Yorkshire. Five of the 7 parents were recruited from an
ADHD parent group in Sheffield. Parents are only referred to
this group if their child was diagnosed or being assessed for
ADHD. All parents were able to provide information regarding
the ADHD medication prescribed to their children, when
applicable.
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Data was collected until data saturation was achieved.
Transcripts were available for all 13 interviews. During analysis,
agreement between the 2 primary coders was high. Seven themes
were identified in total (Figure 2). Where similarities between
parents and clinician views emerged, from the data, they are
combined and discussed under the same themes. These themes
are identified, compared, and discussed below with illustrative
quotations.

Themes Identified by Parents and Clinicians
Importance of Relating to the App
Parents (n=7) and clinicians (n=4) believed it was important to
relate to the app, especially when the app is aimed at both the
parent and the child:
...if you could choose who you were, [referring to
avatar in app] she [child] could relate a bit better.
[P1]
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...that’s an issue already [referring to gender and
race of apps character], it’s not even a boy is it, is it
a girl or a boy? [P1]
Clinicians (n=5) and parents (n=7) believed that apps should
be visually attractive and have an appealing audio component
(clinicians n=4; parents n=5):
I like quite visual things, I like visual things, I like
stuff that takes 2 minutes, simple. [P1]
Parents also believed that they should be able to alter apps to
suit their own circumstances (n=7). Examples of this involve
dressing a character in an order that is dictated by the parent;
the parent could choose the items of clothing or the songs they
play rather than the app dictating this. In terms of monitoring,
they would like to choose the factors that they monitor rather
than having these dictated by the app as well.
...having the option...at the beginning of being able
to change the colors because he might go oh I can’t
put that on because I don’t own a yellow t shirt... [P2]
...like a [different] song every morning,...Michael
Jackson, then Bob Marley, you know [tailoring the
app to] what he [son] likes...if he woke up to
something he likes it would put him in a better frame
of mind [for the rest of the day]... [P7]

Apps Should Target ADHD-Related Difficulties
Parents (n=7) and clinicians (n=6) also believed that the apps
should target difficulties that specifically relate to ADHD, such
as daily routines (clinicians n=3, parents n=7), behavior
management (clinicians n=1), organizational skills (parents
n=2), and to improve their communication with schools
(clinicians n=2, parents n=2).
...if you’ve done that preparatory work [using an app
to learn how to get dressed in the morning] with the
child then hopefully that would make things easier
[for the parents] in the mornings. [health care
professional 2, HCP2]
...they’ve got no organizational skills what so ever so
that’s [app targeting organizational skills] really
good. [P1]
Two parents acknowledged that apps have the potential to reduce
their ADHD-related anxieties (parents n=2). One clinician
(HCP1) stated how an app could do this and why it could be
beneficial:
...the parents’reaction to the behavior...may be based
on...day stress, my boss yelling at me so if I can do
something to bring own my stress levels my response
to the child with ADHD may be different. [HCP1]
Almost all the participants (clinicians n=6, parents n=6) were
able to highlight the benefits of using an app to monitor
ADHD-related difficulties in ADHD:
...might spot trends as to why their behavior became
the way it was. [P2]
...to help you see where your kids struggling I would
say. [P4]

http://mhealth.jmir.org/2017/10/e149/

XSL• FO
RenderX

Powell et al
...good idea because...school can give more
information...because I don’t see my child with the
medication so it would be useful if I could see what
the teachers are saying...? [P3]
One parent believed that an app shouldn’t try to slow down a
young person with ADHD but harness their hyperactivity by
having an app that is also fast paced:
...having something that tries to slow em down just
doesn’t work. You’re better off keeping them in one
place by giving them something that will interact
that’s fast. [P5]

App Effect on Family Relationships
Parents and clinicians (clinicians n=3, parents n=3) noted that
apps could be used to improve relationships between the parent
and their child:
...it’s like more bonding time, education for myself
and my son. [P6]
I like the idea of parent and child working alongside
[using an app]. [HCP1]
...bit of fun between the parent and child cos mornings
and mealtimes and bedtimes can be really stressful
so [the app] takes away some stress and introduces
a bit of relationship building as well. [HCP4]
It was also noted that apps could help address an ADHD
diagnosis and what it means with siblings so that they can learn
about their brother or sister’s condition (clinicians n=2, parents
n=3):
...I think it would be useful to use with siblings [to
explain ADHD to them] as well an’ they could
interact with the game. [HCP2]

Apps as an Educational Tool
Parents and clinicians liked the idea that apps could be used as
an educational tool to learn about ADHD either via the app
itself or via Web resources that are signposted within the apps
(clinicians n=4, parents n=3). Parents also liked that some of
the apps presented ADHD in a positive light (n=4):
...you can’t keep going on courses for the rest of your
life. And you can’t always get it from a book as you
either have to buy the book or the library doesn’t have
it. [P5]
...being reminded of positive things I also good for
you and the kids self-esteem... [P3]
Clinicians acknowledged that apps should be culturally relevant
(n=2). For example, one American app provided news stories
that provided information that isn’t always relevant to the United
Kingdom:
...parents may be taking things on board that when
you look into it there’s not much evidence for. Also,
it’s promoting medications of therapies or whatever
their whole healthcare systems structured differently
to ours, which puts a bias on it...And also they have
medication licenses that we don’t. [HCP2]
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One clinician stated that app developers should be mindful that
parents also have varying abilities:
...it’s hard for parents to understand exactly what
ADHD means...if you have a parent with...learning
difficulties then its explained in an easy simple to
understand way... [HCP2]

Themes Identified by Clinicians
Apps Should Be Practical
Many of the clinicians stated that parents of children and young
people with ADHD lead busy and often hectic lives. Therefore,
apps should be simple to use and easily integrated into their
daily routines if they are to use them routinely (n=4). One
clinician stated that if apps are visually appealing, then this
would contribute to the ease of use of the product, which is
important. They also believed that many parents may not want
to pay for apps (n=3):
I don’t think the parents have got time for apps...I’ve
met very few parents that will have time...most of them
will have a sibling with ADHD or...younger children...
[HCP3]
...if you are if you’re a parent…trying to catch up on
something in a fairly fast way,...I want something that
will be quick... [HCP6]
I wouldn’t spend that [as a parent]. [HCP6]

Apps to Monitor ADHD
Clinicians believed that apps could be a good tool to monitor
the ADHD-related difficulties of a child, their symptoms relating
to medication and also to provide reminders such as for
appointments and taking ADHD medication (n=6):
...if they are able to keep that record [ADHD
monitoring on an app] it may be helpful for the
clinician who is monitoring the young person’s care...
[HCP5]
...the best thing is...it will remind you say at 9 o’clock
at night and you can record the day. [HCP6; praising
an app that reminds the parents to enter ADHD
symptom information into the app on a daily basis]

Theme Identified by Parents
The Technology
Parents stressed the importance of the technology itself. They
believed that an app isn’t always necessary (n=5); they can be
distracting, and accessing the technology can sometimes be
problematic (n=5). They also discussed how some of the apps
required the input of identifiable information. Parents raised
concerns here regarding data security (n=3);
...that’s all I do,...I type in ADHD in Twitter if I want
to know about that I won’t download an app for it.
[P1]
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Once again the only thing is it’s (the app) trapped in
Apple world. [P4]
...today your data might be safe, tomorrow your data
maybe be going off on tour somewhere for a, for a
price. [P4]
Table 4 demonstrates the app characteristics identified by
participants during semistructured interviews and which apps
possessed these characteristics.

Discussion
Principal Findings
This study identified 10 apps that stated they were aimed at the
parents of children and or young people with ADHD. Seven
parents of young people with ADHD and 6 clinicians working
with this population were interviewed. Interviews involved
sharing the 10 identified apps with participants and asking what
they think would make an app suitable for parents of children
and young people with ADHD. Parents stated that technology
access can be a barrier, that apps could enhance family
relationships, apps have the potential to explain what ADHD
means to effected siblings, apps should be flexible, and they
could be used as an ADHD educational tool. Additionally,
clinicians felt that apps would be useful for parents to monitor
their child’s ADHD symptoms and related difficulties and that
apps should be practical, quick, and easy to use to account for
the parents with often busy and chaotic lifestyles. The latter
findings are consistent with the findings of Simons et al [40].
As living with and managing the ADHD with a child or young
person can be incredibly stressful for parents, the National
Institute for Health and Care Excellence guidelines recommend
that all the parents of children and young people diagnosed with
ADHD should be invited to attend parent management and
support groups [19]. There are a number of possible parent
training or management programs available [35-38]; however,
they cannot provide ongoing support, reminders, or instant
advice at a time of crisis.
We are living in a society where technology is routinely used
and embedded into our lives. Many apps are advertised for
parents of children and young people with ADHD, but there is
little evidence to underpin them and little evidence to ascertain
what makes such apps suitable for parents. The young people
and clinicians whose views were sought in this study did not
find that the apps reviewed fully met their expectations. The
highest match was 5 out of 8; two apps scored 1 out of 8, and
the mean score was 3.6. Parents wanted the apps to be visually
pleasing and tailored to their own circumstances. Clinicians
were keen to highlight the possibility of using apps to allow
parents to monitor their child or young person's ADHD-related
difficulties. Clinicians saw the opportunity to use this data
clinically.
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Table 4. Summary of what makes an app suitable for a parent of a child or young person with attention-deficit hyperactivity disorder (ADHD), according
to the parents and the clinicians interviewed in this study and which apps identified in this study include these characteristics. The apps have been scored
out of eight. The scores represent how each app fits with the views of the participants.
Characteristics identified by participants as iTunes
likely to be positive
App 1

Google Play
App 2

App 3

App 4

App 5

App 6

App 7

App 8

App 9

App 10

Visually pleasing (ie, includes bright colors) No

Yes

No

Yes

Yes

No

Yes

Yes

No

Yes

Allows personalization so that the user can No
relate to the app

No

No

No

No

Yes

No

Yes

No

Yes

Should help specifically with ADHDa-relat- Aims to
ed difficulties

Aims to

No

Aims to

Aims to

Aims to

Aims to

Aims to

No

No

Joint use (parent and child) to encourage
health family relationships

No

Yes

Yes

Yes

Yes

No

Yes

No

No

Yes

Can be used as an educational tool or infor- Yes
mation source

No

No

No

Yes

No

Yes

No

Yes

No

App to monitor ADHD symptoms and diffi- No
culties

No

No

No

No

Yes

No

Yes

No

No

Should be practical (easy to use or embed
into daily routine)

Yes

No

No

No

Yes

No

Yes

Yes

No

Yes

Attempts to improve daily routines

No

Yes

No

Yes

No

No

No

No

No

Yes

App score

3

4

1

4

5

3

5

5

1

5

(out of 8)
a

ADHD: attention-deficit hyperactivity disorder.

Increasing knowledge about a disorder, for example, by using
psychoeducation, is recognized as important in improving
management and then outcomes in chronic disorders. The
knowledge of parents or carers of children with ADHD and, in
particular, of young people with ADHD themselves, has been
shown to be poor [47]. When young people in an ADHD clinic
were asked what ADHD meant to them, they replied with
negative answers that did not accurately represent the clinician’s
views, as noted by Bleakley C (2014). A summary of these
views can be found in Figure 3. Although young people valued
direct information sharing with their doctor or nurse, they were
also comfortable with using technology to improve their
understanding [47].

A Canadian study [52] considered parents’ attitudes to medical
technology (genetic studies and magnetic resonance imaging
scanning) and concluded that parents were in fact “In search of
Anything that would help.” Indeed, their interviews reflected
parents’ views that their needs were not being met despite
increased understanding among health and education
professionals. The choice of medications for ADHD has
increased in recent years, but there is still a reluctance to use
medication, and for many young people, achieving symptom
improvement throughout their waking times, remains a
challenge. Technology can now be accessed at any time in most
places by most people, so it may offer the much needed extra
support to young people and their families.

The perspectives of both the clinicians and the parents are
needed to build up a full picture. Clinicians are keen to make
use of apps to promote positive behaviors and target specific
needs. The views of the parents give guidance as to whether
they would actually use the app and whether they felt it was
likely to be helpful.

If technology is to be reliably helpful, some quality standards
must be met. Apps are often developed rapidly with little
evidence base. The pressure is often for financial success rather
than proven benefit. This study gives us some insight into the
quality of currently available apps and suggests that more
research is needed to harness technology to benefit young people
with ADHD and their families.
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Figure 3. Replies from teenagers in an attention-deficit hyperactivity disorder (ADHD) clinic.

Conclusions
This research suggests that currently the top 10 listed apps
marketed for parents with young people with ADHD do not
seem likely to meet their needs and crucially, do not have the
key components of they believe will make an app helpful.
According to our participants, key components of a successful
app are likely to be; pleasing visuals, the facility to personalize,
the ability to help with specific ADHD difficulties, design for
joint use by a parent and young person, use as an ADHD
educational tool, use in monitoring ADHD-related difficulties
and symptoms, easy to use, possible use to improve daily
routines.

Future research is needed on the value of apps for parents of
children and young people with ADHD and, in particular, any
positive role for apps in the management of ADHD in this age
group.
Future research is needed to develop apps in coproduction with
key stakeholders and explore the effectiveness of
technology-based interventions.
This could result in setting standards for apps for ADHD and
other chronic conditions, which could guide users to the optimal
apps for their needs.
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Abstract
Background: Recently, the use of smartphones to deliver health-related content has experienced rapid growth, with more than
165,000 mobile health (mHealth) apps currently available in the digital marketplace. With 3 out of 4 Canadians currently owning
a smartphone, mHealth apps offer opportunities to deliver accessible health-related knowledge and support. Many individuals
experience pain after surgery, which can negatively impact their health-related quality of life, including sleep, emotional, and
social functioning. Smartphone apps that provide remote real-time monitoring and symptom management have the potential to
improve self-management skills in patients experiencing postoperative pain. Increased confidence and practice of self-management
skills could contribute to decreased postoperative pain and reduce risk of developing persistent pain. Published reviews of general
pain self-management apps demonstrate a lack of evidence-based content, theoretical grounding, and health care professional
involvement. However, no review to date has focused on the app marketplace specific for individuals with postoperative pain.
Objective: The aim of this study was to characterize and critically appraise the content and functionality of commercially
available postoperative pain self-management apps.
Methods: An electronic search and extraction was conducted between December 2016 and March 2017 of the official Canadian
app stores for the three major smartphone operating systems (iPhone operating system [iOS], Android, and Windows). Stores
were searched separately using predetermined search terms. Two authors screened apps based on information provided in the
public app description. Metadata from all included apps were abstracted into a standard spreadsheet. Two authors verified the
data with reference to the apps and downloaded apps themselves. The content and functionality of each app as it pertained to
postoperative pain self-management was rated.
Results: A total of 10 apps met the inclusion criteria. All included apps were designed exclusively for the Android platform.
Education was the most common self-management feature offered (8/10, 80%), with none of the apps offering features related
to goal setting or social support. Overall, no single app was comprehensive in terms of pain self-management content. Five (50%)
apps reported the involvement of a health care provider in their development. However, not a single app involved end users in
their development, and none of the apps underwent scientific evaluation. Additionally, none of the apps were designed for use
in pediatric patients.
Conclusions: Currently available postoperative pain apps for patients lack evidence-based content, goal setting, and social
support functions. There is a need to develop and test comprehensive theory-based apps to support patients with pain
self-management care following surgery.
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Introduction
Background
More than 80% of patients experience acute postoperative pain
after surgery, of whom approximately 75% report their pain
intensity as moderate, severe, or extreme [1,2]. Unrelieved or
undertreated acute postoperative pain can delay remobilization,
lead to increased opioid use and related side effects, and
negatively impact all aspects of health-related quality of life
[3-5]. Greater confidence in one’s ability to control pain is
referred to as pain coping self-efficacy. Improvements in pain
coping self-efficacy may contribute to decreased postoperative
pain and reduced risk for developing persistent postoperative
pain, an expensive and debilitating health problem [6,7]. Thus,
the prevention or minimization of postoperative pain is critically
important.
Remote real-time monitoring and symptom management support
for postoperative pain patients is a relatively new notion made
possible by technological advances. Smartphones, for instance,
are now widely used across the life span [8,9]. Smartphones
have the potential to empower people with postoperative pain
who are at increased risk for undertreatment of pain and
disruption in activities of daily living [10]. Smartphones can
support self-management by (1) improving self-monitoring of
pain and other symptoms in everyday environments (eg, home,
hospital settings), (2) promoting pain self-efficacy and
appropriate self-care (eg, adherence to prescribed medications,
cognitive-behavioral pain coping strategies), and (3) minimize
barriers to optimal pain treatment (eg, lack of transportation to
tertiary care centers) [11,12].

Existing Reviews of Pain Management Apps
There are a growing number of generalized pain
self-management smartphone apps available for users to
download on their personal mobile devices. In a 2011 scoping
review, Rosser and Eccleston identified 111 such apps [13]. A
majority were designed for the iPhone (iPhone operating system,
iOS) platform, with fewer being available for Android or
BlackBerry operating systems. The primary app functions
included education skills training (50.5%; 56/111),
self-monitoring (eg, pain diary, 26.1%; 29/111), and relaxation
training (21.6%; 24/111). Importantly, 85.6% (95/111) of the
identified apps did not report the involvement of health care
professionals in their design or evaluation of content. None of
the apps were focused on postoperative pain [13]. In 2012,
Reynoldson and colleagues conducted an updated search of the
iOS and Android stores [14]. This search only included apps
with a primary self-monitoring function (ie, allowing patients
to track their pain episodes). Apps were excluded if their
intended use was limited to pain from specific conditions such
as arthritis, inflammatory bowel disease, or migraine. The
authors identified 12 eligible apps, which then underwent
content analysis and usability testing. Their review identified
http://mhealth.jmir.org/2017/10/e162/
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a lack of user and clinician engagement in pain app
development, as well as variation in app quality [14]. In 2015,
Lalloo and colleagues conducted an updated scoping review of
available pain management apps [15]. A total of 279 apps met
the inclusion criteria. Pain self-care skill support was the most
common self-management function (77.4%; 216/279). Apps
also purported providing patients with the ability to engage in
pain education (45.9%; 128/279), self-monitoring (19.0%;
53/279), social support (3.6%; 10/279), and goal setting (0.7%;
2/279). No apps were comprehensive in terms of pain
self-management, with the majority of apps including only a
single self-management function (58.8%; 164/279).
Additionally, only 8.2% (23/279) of the apps included a health
care professional in their development, not a single app provided
a theoretical rationale, and only 1 app underwent scientific
evaluation [15].

Objectives
To our knowledge, no scoping review to date has focused on
apps for postoperative pain management. In addition, no scoping
reviews to date have sought to identify apps for both pediatric
and adult users. Therefore, the objectives of this study were to
(1) characterize the current field of patient-focused pain
self-management apps across all major smartphone platforms
in Canada; (2) critically appraise the content and functionality
of these apps, including self-care skill support, pain education,
self-monitoring, social support, and goal setting; and (3) identify
gaps in the field to guide future development of an app to
support individuals with postoperative pain.

Methods
An electronic search and extraction was conducted between
December 2016 and March 2017 of the official Canadian app
stores for the 3 major smartphone operating systems: iOS
(iTunes App Store), Android (Google Play Store), and Windows
(Windows Store). The entire stores were searched separately
using predetermined search terms (ie, no restrictions related to
store subcategories such as “health and wellness” were
imposed). The search terms were as follows: “Pain, Surgery,”
“Pain, Post-Surgery,” “Pain, Post-Surgical,” “Pain, Operative,”
“Pain, Operation,” “Pain Management, Surgery,” “Pain
Management,
Post-Surgery,”
“Pain
Management,
Post-Surgical,” “Pain Management, Operative,” “Pain
Management, Operation.”
No limits were imposed related to language or date of app
publication. Given that the process for app indexing exhibited
variability across app stores, a calibration exercise was
conducted before app selection in order to verify our ability to
detect postsurgical pain apps. Specifically, we tested our search
criteria for the ability to find postsurgical pain apps that were
known to be currently available in the app stores. In all cases,
our search criteria identified the apps we expected to find.
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Screening and Selection of Apps
Apps were included in the study if the primary intended user
of the app was a person undergoing surgery, and a stated goal
of the app was to provide education, tools, or advice related to
managing pain after surgery. Apps were excluded if they focused
only on the services offered by specific hospitals because they
were intended as advertisements for these sites. These clinic
apps typically included only lists of the pain management
services and personnel available at the hospital and directions
to the clinic rather than self-management programming. Apps
were also excluded if they were classified as e-books by the
respective app store or were judged by the reviewers as such.
An e-book was defined as an app that did not provide any
additional content or functionality beyond a textbook (eg, written
content identical to a book). Authors performed app selection
independently and all discrepancies regarding selection were
resolved through discussion with a third author. Apps were
screened based on the information provided in the app
description section of each respective app store. Apps that met
all screening criteria were downloaded and reviewed to confirm
eligibility, and then data abstraction and content assessment
were completed.

Data Abstraction
Metadata from all included apps were abstracted into a Microsoft
Excel spreadsheet. Abstracted metadata included app name,
URL, app description, customer rating on the day of store search,
number of installations, and price. A systematic approach to
data abstraction was used. Specifically, 2 authors (CDC and
JR) abstracted all data and 2 others (CL and US) verified the
data with reference to the app website and the downloaded apps
themselves.

Content Assessment
To assess the comprehensiveness of app self-management
content, the following criteria were used: (1) having a
postoperative pain tracking function, (2) ability to set goals
related to improving pain and functioning, (3) provision of skills
training related to specific pain self-care strategies, (4) provision
of social support, (5) provision of education related to surgery,
and (6) provision of education related to pain after surgery. For
each criterion, we assessed coverage as either present or absent.
Similar criteria were used in our 2015 published scoping review
[15] of general pain self-management apps. This list is based
on the features of pain self-management programs that have
been examined for effectiveness in scientific trials [16-19].
We also assessed whether a regulated health care professional
had provided clinical expertise related to development of the
app content and function. An app was required to reference the
involvement of a health care professional listed in the Ontario
Regulated Health Professions Act [20] to meet this criterion.
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This list contains 26 health care regulatory colleges to whom
the Ontario government has endowed the capacity to regulate
the practices of corresponding health care professionals to ensure
safe and ethical patient care. The list includes professions such
as physicians, nurses, and physiotherapists. If an app claimed
the input of a profession that was not listed in the Act in its
development, we assessed the health care professional
involvement as absent. The involvement of end users (eg,
surgery patients) in app development was also documented as
present or absent. Apps were reviewed to determine whether
they were designed for pediatric (aged 18 years or younger) or
adult users.
The app store descriptions were also screened for any reference
to the app being part of formal scientific research. The app
description and corresponding developer website (if available)
were reviewed to determine whether any specific theoretical
framework had been used to guide the development of app
content. Finally, large publicly accessible scientific literature
databases (ie, NCBI PubMed and Google Scholar) were searched
using the app name as a query for any published research related
to the app. The MyHealthApps website was also reviewed as
per the methods of de la Vega and Miro [21]. Descriptive
statistics were used to summarize the results of the content
assessment.

Results
App Screening
Our search strategy across iTunes, Windows, and Google Play
app stores identified a total of 1019 apps (923 Android, 93
iPhone, and 3 Windows), which were screened according to the
inclusion and exclusion criteria. Only 10/1019 apps (0.98% of
total screened) met all inclusion criteria and were included in
the analysis (see Figure 1 for PRISMA [Preferred Reporting
Items for Systematic Reviews and Meta-Analyses] flowchart)
[22]. All included apps were designed exclusively for the
Android platform (see Table 1 for included apps).

Self-Management Content of Reviewed Apps
Education related to postoperative pain was the most common
self-management feature offered across the identified apps. This
educational content largely focused on self-care advice following
surgery, particularly physiotherapy exercises to support return
to mobility. However, there was no specific content related to
emotional factors such as anxiety or catastrophizing related to
surgery. As well, none of the apps offered features related to
goal setting or social support. Overall, no single app was
comprehensive in terms of pain self-management content.
Additionally, no apps were designed specifically for pediatric
patients. See Figure 2 for a summary of the self-management
components across all reviewed apps.
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Table 1. Postoperative pain apps included in the review.
#

App

Developer

1

Activity Heals 1on1

Elevenity

2

Breast Implant Exercises

Chicago Plastic Surgery

3

BW MyTENS

Visiomed Lab

4

Doado Your Health Companion

Alex Spriet

5

Fuse—Post Op. Journal

Imbas Solutions

6

Healing Power

Phil Shapiro

7

My Hip Rehab

App Squid

8

Physiotherapy Help Guide

Creativity Knowledge App

9

Pocket Physio

Care UK HC

10

Surgeon on Call

Phoenix Medical Consulting

Figure 1. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flowchart of app review process.
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Figure 2. Self-management content across reviewed apps.

App Cost, Customer Ratings, and Number of Installs
Most apps (8/10, 80%) were free to download with the
exceptions of Surgeon on Call and My Hip Rehab, which were
associated with charges of Can $0.99 and Can $10.22,
respectively. App store customers had the option of rating each
app on a scale ranging from 1 to 5 stars (no anchors provided).

There was a high variability in the number of users who chose
to rate each app (range of 2-380 raters per app). As seen in
Figure 3, the average customer rating ranged from 2 to 4.8 stars.
However, fewer than 10 customers reviewed most (7/10, 70%)
of the apps. The number of app installs ranged from as low as
10 to as high as 100,000 across apps (see Table 2).

Table 2. App installations. Categories provided by Android Google Play Store. Data collected on April 26, 2017.
Number of installs

Apps

10-50

Surgeon on Call; My Hip Rehab

100-500

Fuse–Post Op. Journal; Healing Power

500-1000

Activity Heals 1on1; BW MyTENS

1000-5000

Breast Implant Exercises

5000-10000

Pocket Physio

10,000-50,000

Doado Your Health Companion

50,000-100,000

Physiotherapy Help Guide
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Figure 3. Customer-generated app ratings. *No customer ratings, or less than 2 ratings, were available for three apps: Fuse – Post-Op Journal, Surgeon
on Call, and Healing Power.

Involvement of Health Care Providers, End Users, and
Scientific Evaluation
Overall, 5/10 (50%) apps reported the involvement of a health
care provider in their development. In summary, Doado Your
Health Companion and Pocket Physio involved a
physiotherapist, while Breast Implant Exercises and Healing
Power involved a physician, and Surgeon on Call involved a
specialist (surgeon). The other apps did not report any
involvement of health care professionals in their development.
None of the apps reported involvement of end users (eg, surgical
patients) in their development. No evidence was found indicating
that any of the apps had been scientifically evaluated.

Discussion
Principal Findings
This review demonstrates the paucity of high-quality apps that
are commercially available to support self-management of
postoperative pain for either adult or pediatric users. All
included apps were designed exclusively for the Android
platform. Education was the most common self-management
feature offered (8/10, 80%), while none of the apps offered
features related to goal setting or social support. Overall, no
single app was comprehensive in terms of pain self-management
content. Five (5/10, 50%) apps reported the involvement of a
health care provider in their development. However, not a single
app involved end users in their development and none of the
apps underwent scientific evaluation. Additionally, none of the
apps were designed for use in pediatric patients.
Customer ratings for the apps were moderate on average (mean
3.6, standard deviation 1.1). However, it is important to highlight
that very few users chose to provide an app rating. For instance,
while Pocket Physio reported between 5000 and 10,000 installs,
only 86 users provided a rating (0.86-1.7%). No ratings, or less
than the required minimum of 2 ratings, were provided for 30%
(3/10) of the apps. All of the identified apps were designed
exclusively for Android devices with no interoperability for
iOS and Windows devices. This finding is in contrast to the
http://mhealth.jmir.org/2017/10/e162/
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2015 systematic review of generic pain apps, where the majority
of identified apps were designed for the iOS platform [15].
The adequacy of existing apps can be assessed relative to
recently published clinical practice guidelines for
evidence-based management of postoperative pain across the
life span [23]. Relevant recommendations include the delivery
of individually tailored preoperative education and perioperative
pain management planning, the use of validated pain assessment
tools to track response to pain interventions and inform treatment
adjustments as needed, as well as the use of evidence-based,
nonpharmacological pain management (eg, cognitive behavioral
strategies, physical modalities) in conjunction with indicated
pharmacological modalities [23]. Compared against these
guidelines, none of the reviewed apps uniquely fulfill all
recommended criteria of education (surgery and pain), symptom
self-management, and pain self-management strategies.
Furthermore, none of the apps offer the ability to prespecify a
postoperative pain management plan or to consider the relevance
of managing presurgical pain to postsurgical outcomes.
A
complex
myriad
of
surgical,
psychological,
socioenvironmental, and patient-related risk factors have been
shown to influence postsurgical pain experience [24]. Pre- and
postsurgical psychological factors associated with increased
pain include anxiety, depression, low self-efficacy, and the
tendency to catastrophize about pain [24-26]. Recent reviews
and meta-analyses identify psychological treatments delivered
preoperatively, postoperatively, or both, to effectively reduce
postoperative pain [23,27]. Many of these strategies, such as
distraction, relaxation, and guided imagery techniques, can be
easily delivered via mHealth platforms. The ability of
self-management apps to target psychosocial risk factors is
plausible, given existing evidence supporting the use of
smartphones to effectively deliver interventions to reduce
symptoms of anxiety and depression [28], particularly when
strategies are available in the moment when people are engaged
in their everyday lives [29].
Despite the focus of many apps on physical strategies in
recovery from surgery, none included goal setting. Goal setting
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is a critical function in smartphone apps targeting increased
physical activity [30]. In addition to increasing risk for
postsurgical pain, depression, anxiety, and low self-efficacy are
also identified as barriers to adherence to physiotherapy
treatment [31]. Apps that are designed to pair psychological
and physical pain self-management strategies with goal setting
may be particularly effective for reducing pain and enhancing
postsurgical outcomes.
Concurring with the findings of earlier app reviews [13,15,32],
this study demonstrates that existing postoperative pain apps
lack empirical evidence of evaluation. This finding continues
to raise concerns about the trustworthiness and effectiveness of
commercially available apps for helping individuals to manage
their postoperative pain. In contrast to previous reviews, 50%
(5/10) of the identified postoperative pain apps reported
inclusion of a health care provider in their development. While
this is a positive development, it would be informative for app
developers to more explicitly describe the nature of provider
input.
Moreover, none of the apps explicitly involved end users (people
with postoperative pain) in their development. It has been
recommended that patient-focused apps be developed as per a
user-centered design (UCD) approach [33]. UCD is
“characterized by a focus on the user, and on incorporating the
user’s perspective in all stages of the design process” [34].
Application of UCD has been associated with improved user
acceptance, satisfaction, and engagement [35]. Given the

Lalloo et al
limitations of existing apps, it is important that future app
development to support postoperative pain management adopt
the UCD principles.

Limitations
Given that the Web-based app searches were conducted within
Canada, the results reflect the Canadian app marketplace. Due
to the geographic search restrictions of the online app stores,
this limitation also applies to other published app reviews (eg,
Rosser and Eccleston [13] and Reynoldson et al [14] focused
on the United Kingdom; Lalloo et al [15] focused on Canada).
Thus, there may be differences in the commercially available
postoperative pain apps in other countries. Additionally, while
the Google Play Store (which contained all included apps)
allows users to rate their app experience, their 1 to 5 scale does
not have defined anchors. This lack of definition limits our
ability to interpret the factors that are driving customer ratings.
Furthermore, since app customers are not required to provide
ratings, there is a high frequency of missing rating data in
comparison with the reported number of installs.

Conclusions
Currently available postoperative pain apps are characterized
by a lack of evidence-based content, goal setting, and social
support functions and are not targeted to pediatric users. There
is a need to develop and evaluate comprehensive, theory-based
apps to better support patients with pain self-management care
following surgery.
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Abstract
Background: Posttraumatic stress disorder (PTSD) is a prevalent mental health issue among veterans. Access to PTSD treatment
is influenced by geographic (ie, travel distance to facilities), temporal (ie, time delay between services), financial (ie, eligibility
and cost of services), and cultural (ie, social stigma) barriers.
Objective: The emergence of mobile health (mHealth) apps has the potential to bridge many of these access gaps by providing
remote resources and monitoring that can offer discrete assistance to trauma survivors with PTSD and enhance patient-clinician
relationships. In this study, we investigate the current mHealth capabilities relevant to PTSD.
Methods: This study consists of two parts: (1) a review of publicly available PTSD apps designed to determine the availability
of PTSD apps, which includes more detailed information about three dominant apps and (2) a scoping literature review performed
using a systematic method to determine app usage and efforts toward validation of such mHealth apps. App usage relates to how
the end users (eg, clinicians and patients) are interacting with the app, whereas validation is testing performed to ensure the app’s
purpose and specifications are met.
Results: The results suggest that though numerous apps have been developed to aid in the diagnosis and treatment of PTSD
symptoms, few apps were designed to be integrated with clinical PTSD treatment, and minimal efforts have been made toward
enhancing the usability and validation of PTSD apps.
Conclusions: These findings expose the need for studies relating to the human factors evaluation of such tools, with the ultimate
goal of increasing access to treatment and widening the app adoption rate for patients with PTSD.
(JMIR Mhealth Uhealth 2017;5(10):e156) doi:10.2196/mhealth.7318
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posttraumatic stress disorders; PTSD; mobile health; mHealth; anxietys
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Introduction
Mobile Health (mHealth) Apps
Recent technological advances have resulted in the development
of emerging mobile health (mHealth) apps. mHealth apps
include a wide range of applications such as educational
materials and self-management platforms, health care–specific
tools for managing the therapeutic process, health and
preventative behavior, patient and patient-provider roles and
relationships, challenges of daily life, and crisis situations. In
addition, many of these apps are free and can help to reduce
barriers to access, as they are able to provide the assistance to
patients at any given time, whereas speaking with a clinician
requires an appointment, traveling to the facility, and financial
considerations. mHealth apps have thus far been successfully
implemented across a wide range of medical disciplines,
including dermatology [1], ophthalmology [2], and nutritional
sciences [3] and have addressed many specific illnesses such
as diabetes [4] and infectious diseases [5]. Apps have also been
developed to aid in the treatment of mental disorders such as
posttraumatic stress disorder (PTSD) [6-10].

Posttraumatic Stress Disorder
PTSD is a prevalent mental health issue that commonly occurs
after a person has experienced a traumatic event, which can
include being threatened with death or experiencing the death
of others (eg, death of a family member or a friend), sexual
violence, or serious injury [11]. Approximately, 7.8% of the
American population will experience PTSD at some point during
their lifetime [12], with veterans being between 5% and 25%
more likely to experience PTSD depending on the service era
in which they served their country (ie, Vietnam War, Gulf War,
Operations Iraqi Freedom, Enduring Freedom, and New Dawn)
[11,13]. All diagnoses of PTSD must occur after a traumatic
experience, but not all traumatic experiences lead to the
development of PTSD. Diagnosis of PTSD involves symptoms
from each of the following four clusters: (1) intrusion (eg,
nightmares and flashbacks), (2) avoidance (eg, thoughts and
feelings), (3) negative alterations to cognitions and mood, and
(4) alterations to arousal and reactivity (eg, depression or sleep
deprivation) [14]. As noted, military veterans are a special
population whose warzone experiences may increase the risk
for PTSD. Furthermore, many veterans diagnosed with PTSD
still serve the military in active combat roles, with this number
peaking at over 17,000 servicemen in 2012 [15]. However,
evidence has supported the efficacy of multiple PTSD treatment
options in reducing overall posttraumatic stress symptoms in
veterans diagnosed with PTSD [16-18].

PTSD Treatment
Current PTSD treatments are divided into two categories that
are not mutually exclusive: (1) pharmacotherapy and (2)
psychotherapy. Studies suggest psychotherapy is more effective
than pharmacotherapy [16], with two cognitive behavioral
therapy (CBT) treatment methods considered the most effective:
(1) prolonged exposure (PE) therapy and (2) cognitive
processing therapy (CPT) [16]. PE was developed from the idea
of prolonged or repeated exposure to traumatic events [17].
Patients repeatedly encounter situations known to cause
http://mhealth.jmir.org/2017/10/e156/
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symptoms while in a safe environment, with the expectation
that they will overcome their fears [17]. CPT helps patients
understand and change the way they think about traumatic events
by emphasizing that they are not at fault [18].
Despite the efficacy of current PTSD therapies, significant
challenges still exist in access to treatment, particularly for
veterans, that may influence both treatment-seeking behavior
and adherence to treatment [19,20]. First, access to mental health
care is becoming increasingly more difficult. Mental health
facilities continue to be understaffed despite the actively
growing demand for mental health care [21], with reports
indicating that facilities serving veterans have an insufficient
mental health workforce to meet the needs of personnel returning
home from active duty [21,22]. Access to health care may be
influenced by geographic, temporal, financial, cultural, and
technological factors [23]. Geographic factors create difficulties
in traveling to mental health facilities. Temporal factors include
obstacles in scheduling care (eg, evening or weekend
appointments). Financial factors center on the limitations of
health insurance, co-pays, and other monetary resources needed
to attend clinical sessions. Cultural factors stem from the societal
stigma associated with receiving mental health care [24-26] and
may be a particularly important factor in dissuading veterans
from seeking care because of the military culture related to
mental health care [27]. Finally, technological factors involve
the different barriers in obtaining or using technologies.
mHealth apps have the potential to help improve access to care
[28], foregoing some of the difficulties in accessing mental
health care as stand-alone tools (the patient can use the app
without a clinician) or tools used in coordination with the
clinician or in conjunction with the clinical treatment. Apps
may effectively address technological access challenges as
smartphones are widely available (64% of Americans owned a
smartphone in 2015) [29], and apps can make it easier for
patients to access information about the diagnosis and treatment
of mental disorders. Apps may address cultural access by
offering patients a discreet mobile environment to manage their
disorder. In addition, apps may lessen geographic access issues
by decreasing the number of in-person appointments needed.
A particular strength of apps is the potential to improve temporal
access by allowing patients and providers to conduct some of
their therapeutic work asynchronously. Patients can use apps
to monitor and manage their symptoms, record and replay
therapy sessions, connect with clinicians or emergency personnel
in the case of crises [30], and engage in social connections with
communities of trauma survivors for additional treatment
support [31]. Clinicians may use apps to collect data on patient
engagement and progress during and between sessions, such as
how much time the patient spends doing practice assignments,
how often patients utilize emotion regulation skills such as
relaxation, and how well the treatment is helping to manage
their symptoms. Along these same lines, the addition of external
wearable sensors, such as those found in smartwatches, may
provide both patients and clinicians with additional data on
sleep quality and could potentially aid in determining events
that trigger hyperarousal [7].
The goal of PTSD apps should be to aid in the treatment and
monitoring of trauma survivors with PTSD and to provide both
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patients and clinicians with timely remote feedback that can
supplement or enhance current therapies [10]. The potential
benefits of properly validated PTSD apps are to effectively
engage trauma survivors with PTSD, thus improving their access
to care [32]. However, limited knowledge exists about the
availability of apps for PTSD and about how well these apps
were developed. The aim of this paper was to document the
currently available PTSD-related apps as well as the usage of
these apps and validation procedures used when designing them.

Methods
Overview of Research Methods
This study consists of two parts: (1) a review of publically
available PTSD apps, which includes more detailed information
about the three most prevalent apps used and (2) a scoping
literature review performed using systematic methods. The
purpose of part 1 is to determine the availability of PTSD apps,
and the purpose of part 2 is to determine the usage and efforts
toward validation of such mHealth apps.

mHealth App Search Method
Health care providers’ mobile app websites (eg, the Department
of Veterans Affairs [VA] App Store), commercial app stores
(eg, Apple App Store, Google Play Store), websites that
aggregated or listed mental health apps, websites that provide
app ratings, Web communities supporting veterans, and Google
were used to search keywords relating to [post-traumatic stress
disorder” OR “PTSD”], [“veterans”], and words relating to
PTSD treatment (eg, [“insomnia”]). The search was performed
from January 2016 to August 2016. Data on available apps were
collected from the following websites: Apple App Store [33],
Google Play Store [34], VA App Store [35], National Center
for Telehealth & Technology mobile applications site [36], and
Amazon App store for Android [37]. All apps were available
on at least one of these websites as of August 10, 2016. The
following inclusion criteria was used: the app must be relevant
to PTSD, PTSD treatment, or common symptoms of PTSD (ie,
depression, anxiety, insomnia, and anger); treatment apps related
to veteran support must be specific to the US military or US
veterans; and the app had to be able to be used without opening
a Web browser. Apps may include content related to mental
health disorders that are comorbid with PTSD. For example,
apps may address both PTSD and depression. However, no apps
that solely addressed depression, and not PTSD, were included.
Apps were categorized according to clinical focus (ie, mental
health disorder, PTSD symptom, or clinical treatment modality)
and for each type of app utility used (eg, education and
exercises). Each app was assigned to one primary clinical focus
but could contain more than one app utility. For example,
Acceptance and Commitment Therapy (ACT) Coach included
mindfulness exercises, but the primary focus of this app is
specific to a VA-recognized evidence-based treatment for PTSD.
Apps may use several utilities. For example, PE Coach included
multiple utilities such as educational materials and exercises.
Apps within each clinical focus and app utility categories were
tallied to determine frequency. The following information for
each app was also collected to determine feasibility and
acceptability: average user ratings, number of user ratings,
http://mhealth.jmir.org/2017/10/e156/

XSL• FO
RenderX

Rodriguez-Paras et al
availability to iPhone operating system (henceforth iOS) (Apple,
Cupertino, CA) and/or Android (Google, Mountain View, CA)
operating systems (henceforth Android), minimum iOS and/or
Android requirements, and cost to download.

Scoping Literature Review Method
The app search did not reveal information on how the apps were
designed and evaluated, or whether studies had analyzed their
usability. A scoping literature review [38] was conducted to
further understand the scope of available evidence and support
the efficacy of such tools.
A combination of keywords relating to [“post-traumatic stress
disorder” OR “PTSD”] AND [“mobile applications” OR
“mHealth”] was used to search within Google Scholar and the
Texas A&M EBSCOHost Research Databases such as
MEDLINE, ABI/INFORM Complete, and Academic Search
Complete. The Google Scholar database search was completed
on March 16, 2016, with a total of 1850 results. The search
using other databases did not result in any new results. The
search only included journals written in English and published
in or after 2011, as this is the year in which PTSD Coach, the
first of the VA PTSD mobile apps, first appeared on the app
store. The following inclusion criteria were then used to narrow
the scope of the papers obtained through the search: the paper
reviewed or validated an existing PTSD app (eg, feasibility
studies, randomized clinical trials, usability testing, etc), the
paper detailed the development of a new app for the detection
or treatment of PTSD, or the paper was a case study using PTSD
apps.

Results
The following section first details the results from the review
of publically available PTSD apps and then the scoping literature
review.

mHealth App Search Results
A total of 201 apps were chosen for the study, all of which were
available for iOS or Android. Apps were categorized based on
their primary focus or purpose, which fell into six distinct
groups. These were as follows: (1) PTSD evidence-based
treatment (EBT), which included apps specific to a
VA-recognized EBT for PTSD [18]; (2) PTSD-specific, which
included apps that provided educational materials, exercises,
and/or symptom tracking only for PTSD but were not specific
to any evidence-based PTSD treatment method utilized at VA;
(3) general mental health (MH) that included PTSD, which
included educational materials and exercise content on multiple
mental health conditions (eg, depression and anxiety), as well
as content related to PTSD; (4) mindfulness and relaxation
techniques commonly used with PTSD, which included content
specific to mindfulness techniques or exercises; although these
apps are not specific to PTSD or a treatment for PTSD,
mindfulness techniques are a core component of ACT therapy,
which is recognized at VA as an EBT for PTSD; (5) anger
management, which is a common skills deficit in patients who
have PTSD, and therefore, commonly addressed in treatment
for PTSD; these apps were specific to anger management but
were not specific to PTSD; (6) insomnia, another common
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symptom of PTSD, is also a frequent focus in treatment for
PTSD; these apps were specific to addressing insomnia but were
not specific to PTSD (Table 1).
The total number of 201 apps chosen included duplicate apps
between operating systems; for example, PTSD Coach was
available for both iOS and Android, so it was counted twice.
When duplicates were removed, the total number of apps was
81. Across all categories, apps related to mindfulness and
relaxation were the most frequently available (approximately
29.9%, 60/201) followed by PTSD-specific apps (approximately
22.4%, 45/201).
Apps were further analyzed for content and utilities, which
included the following: (1) educational information, which
included educational material regarding PTSD, PTSD treatment,
or common symptoms of PTSD; (2) exercises, which included
either skills training or practice components; (3) symptom
tracking, which included tools to track severity of symptoms
of PTSD, whether or not the app was related to PTSD (eg,
tracking sleep); (4) connections to outside professional support,
which provided methods of contacting outside professional
support, and this included direct contact options (eg, send a
message through the app) or providing contact information (eg,
phone number); (5) connections to outside peer support, which
included content for individuals with PTSD for communication
with local or online peer support; and (6) components specific
to treatment integration, which included content designed to be
integrated into ongoing in-person treatment with a therapist.
An example of treatment integration content included patients’

ability to audio-record in-person therapy sessions and replay
them outside of therapy as part of a treatment homework
assignment (Table 2). Tallies of app content categories that are
included in Table 2 do not include duplicates between operating
systems. For example, CPT Coach utilities were only tallied
once and not twice for CPT Coach for iOS and for Android.
Across utilities, in-app exercises (eg, guided breathing) were
the most commonly provided app function and were especially
dominant across apps related to mindfulness and relaxation. All
apps that were directly related to an EBT for PTSD included
exercise components, and apps specific to PTSD commonly
utilized both education and exercise components. Both
PTSD-specific and mindfulness and relaxation app categories
had at least one app to provide for one or more of all measured
utility categories. All app categories included at least one app
that provided education.
Building on this work, app accessibility was measured in two
ways: (1) technological access, defined as the minimum
operating system and memory required to use the app, with
lower operating systems and less memory requirements having
better accessibility and (2) financial access, defined as the cost
of downloading the app, with lower costs having better
accessibility. With respect to technological access, although
some Android apps adjusted to the operating system on the
user’s phone, several Android and iOS apps required relatively
recent versions of operating systems (eg, iOS 8.1), which may
act as a barrier to individuals with older smartphones with low
storage space.

Table 1. The app categories grouped by the type of operating system.

a

Type of operating system

PTSDa EBTb

PTSD-specific

MH variety

Mindful and relax

Anger

Insomnia

Total

iPhone operating system (iOS) only

8

12

8

22

4

12

66

Android only

7

14

5

16

4

8

54

Both iOS and Android

12

19

8

22

8

12

81

Total

27

45

21

60

16

32

201

Posttraumatic stress disorder.

b

Evidence-based treatment.

c

MH: mental health.

Table 2. The app tallies for different utility categories (utilities are not mutually exclusive).

a

App categories (total from search)

Education

Exercises

Tracking

Professional support

Peer support

Treatment
integration

Other

PTSDa EBTb (27)

5

12

4

2

0

2

2

PTSD-specific (45)

13

12

5

4

2

0

9

MH variety (21)

2

5

5

0

1

0

8

Mindful and relax (60)

7

22

7

2

3

0

19

Anger (16)

5

7

2

0

0

0

2

Insomnia (32)

3

11

3

0

1

0

14

Total

35

69

26

8

7

2

54

Posttraumatic stress disorder.

b

Evidence-based treatment.
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For example, an Apple phone with 8 GB of space may not be
able to download an upgrade that requires over 4 GB of available
space. Regarding financial access, in 2013, a new smartphone
cost, on average, US $531 in North America (Can $662.13, Aus
$678.28) [39], and, for most major smartphone carriers, the first
1 to 3 GB of data costs an average of US $35 per month (Can
$43.64, Aus $44.71) [40,41]. Most apps were either free or
inexpensive to download, with the most expensive apps at US
$9.99 (Can $12.46 , Aus $44.71). However, several apps
included in-app purchases or equipment that cost much more
than the app itself.
Three mHealth apps reviewed in this search appeared dominant
among users (most downloads), all of which were developed

Rodriguez-Paras et al
by the Department of Veterans Affairs for trauma survivors
with PTSD: PTSD Coach (261,045 total downloads), PE Coach
(49,453 total downloads), and CPT Coach (11,689 total
downloads). Download counts were reported by J Worthen from
the National Center for Telehealth and Technology (September
12, 2016). These apps can be divided into two categories based
on their intended use: (1) as a stand-alone app for the
self-management of symptoms (ie, PTSD Coach) or (2) in
conjunction with a PTSD EBT through a health care provider
(ie, PE Coach and CPT Coach). PE Coach and CPT Coach are
the only apps designed thus far explicitly for integration with
standard treatment.

Figure 1. PTSD Coach (left), PE Coach (middle), CPT Coach (right).
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PTSD Coach (Figure 1, left) is an mHealth app designed to
explain PTSD concepts to patients and provide them with
self-management tools based on CBT. Patients can use the tools
in this app to learn, perform self-assessments, manage
symptoms, and find support. The learn section provides trauma
survivors and their family members with information about
PTSD. The app’s self-assessment and manage symptoms sections
provide individuals with a checklist to assess the severity of
their symptoms, which patients can track over time to see their
treatment progress and a list of mitigation techniques to cope
with distressing situations, such as prompts to think about
pleasant events and guidance through progressive muscle
relaxation. After users finish using each mitigation technique,
they are prompted to complete the checklist again; if the person
rates their distress the same or higher, then they are offered
another mitigation tool to try. The find support section allows
trauma survivors to store contact information for those they rely
on during emergency or crisis situations, making this
information easy to access.
Of the 201 apps collected, only 2 were designed explicitly for
integration with standard treatment for PTSD: PE Coach (with
PE therapy; Figure 1, middle) and CPT Coach (with CPT; Figure
1, right). PE Coach is divided according to the different sessions
for PE. For example, Session 1 contains only the PTSD
Checklist assessment, the option to record the session,
scheduling the next appointment, and the assigned homework,
whereas Session 2 has the additional options to review previous
homework assignments, add anchors for Subjective Units of
Distress Scale, in vivo hierarchy, and in vivo homework, which
occur only after the first session is complete. After Session 3,
PE Coach also allows patients to record the imaginal exposure
portion of the session, where the person processes the memory
which causes their PTSD symptoms. Similarly, CPT Coach has
information detailing the treatment components of CPT,
homework assignments, and exercises. Both these apps also
offer benefits to clinicians by allowing them to review a patient’s
homework or monitor how much the patient is using the app
during the session, allowing providers to see the patient’s
between-session progress and to review these data with the
patient during the session. In addition, the apps provide patients
with reminders or help them schedule follow-up appointments.

Scoping Literature Review Results
A total of 1850 papers were found. The 28 papers fitting the
inclusion criteria are listed in Table 3. Table 3 also indicates
whether or not each paper addresses some relevant usage
categories identified in this research. The categories were
defined to understand the human factors approach to the app
design and development, including the population, any analysis
performed on the app, the user demographics, and the usage
and adoption. The categories were not mutually exclusive; thus,
a paper could fit into more than one designation.
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The first category “Veteran population” refers to papers that
specifically mention PTSD apps in reference to the veteran
populations (as opposed to the general population). “Benefit
analysis” contains the papers that focus on the perception or
evaluation of app, or with the potential benefits of apps to the
population. “Age concern” includes the papers that discuss
potential barriers to older populations, or the appeal of mHealth
apps to the younger populations. “Usage and adoption” refers
to papers that specifically mention how the users have interacted
with the apps, particularly those that contain analytics on the
use of apps, such as statistics about downloads, how often users
return to the app after the initial download, and the number of
users who download the app specifically as part of their
treatment for PTSD. The final category “HFE considerations”
(ie, human factors and ergonomics) contains the papers that
mention app design concerns, including usability of apps, user
satisfaction, and acceptability of apps, or other HFE analysis
beyond that in the previous categories.
Although all the papers listed in Table 3 met the inclusion
criteria, the majority only mentioned PTSD apps as an example
or in passing. The 6 papers with the footnote in the reference
column in Table 3 focused on more detailed analysis of a
specific PTSD app—either PE Coach or PTSD
Coach—discussing their usage or validation more extensively
than the other papers and hence are discussed here in further
detail.
Three studies examined PE Coach. Reger et al [44,60] and Kuhn
et al [59] explored the functions and potential benefits of using
PE Coach as an adjunct to traditional therapy. Studies conducted
before the app’s release highlighted the features of the app [44]
and surveyed clinicians’ perceptions on the usefulness of the
app [59]. The only study performed after PE Coach’s release
was Reger et al [60], which was a case study examining two
soldiers’ perceptions of the usability and their satisfaction with
the app when implemented along with PE therapy. Although
all these studies had positive results, most noted the need for
additional testing to determine the app’s impact on clinical
outcomes.
Three studies examined PTSD Coach, all of which were more
analytical than those that examined PE Coach. Both Kuhn et al
[9] and Owen et al [42] explored app usage, with Kuhn et al [9]
focusing more on subjective perceptions, such as user
satisfaction and helpfulness, and Owen et al [42] focusing more
on objective user engagement via Flurry Analytics software
(Yahoo! Developer Network). Owen et al [42] was also able to
determine common points of attrition in using the app. The final
paper [46] was a randomized control trial evaluating the
effectiveness of PTSD Coach as a stand-alone app versus when
used in conjunction with clinical support; both treatment groups
had clinically significant improvements in their symptoms but
having clinician support resulted in greater reductions in PTSD
symptoms.
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Table 3. The 28 papers meeting the inclusion criteria. The headers are the categories of gaps identified. An “X” in the column indicates that the papers
worked to address this gap.

a

Paper number and author name

Veteran population

Benefit analysis

Age concern

Usage and adoption

HFEa considerations

1

Erbes et al [6]

X

X

X

X

X

2

Gravenhorst et al [7]

3

Chen et al [8]

X

4

Kuhn et al [9]b

X

5

Olff [10]

6

Sloan et al [30]

X

7

Owen et al [42]b

X

8

Kuhn et al [43]

9

Reger et al [44]b

X

10

McInnes et al [45]

X

11

Possemato et al [46]b

X

12

Gratzer et al [47]

13

Kuester et al [48]

14

Luxton et al [49]

15

Fletcher et al [50]

16

Castro et al [51]

17

Turvey et al [52]

18

Kanuri et al [53]

19

Baysari et al [54]

20

Mohsenin et al [55]

21

Driesenga et al [56]

22

Proudfoot [57]

23

Price et al [58]

24

Kuhn et al [59]b

25

Reger et al [60]b

26

Olff et al [61]

27

Weingardt and Greene [62]

28

Chan et al [32]

X

X

X

X
X

X

X

X

X

X

X

X

X

X

X

X
X

X

X

X
X
X

X

X

X

X

X

X

X

Human factors and ergonomics.

b

Papers that provide more detailed analysis of a specific PTSD App (PE Coach or PTSD Coach).

To date, no papers exist that compare the stand-alone app (PTSD
Coach) with the adjunctive apps (CPT Coach and PE Coach).
Although PTSD Coach offers more information on PTSD and
some therapy tools, both PE and CPT Coach contain information
relevant for each clinical session. For example, these adjunctive
apps may be able to improve treatment adherence by offering
reminders on homework assignments due. Clinicians’
perceptions tend to be favorable toward implementing apps for
PTSD treatment, such as PE Coach [43]. Similar apps that
address mental or chronic conditions include those for helping
users manage stress [63] and for aiding arthritis patients in
medication and exercise compliance [64].
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Some of this literature conceptualizes mHealth apps as a method
for overcoming geographic and temporal access barriers to
mental health care [42]. Although there are few papers
evaluating the PTSD apps’ effectiveness, the papers reviewed
indicated that mobile phones may be an adequate supplement
for PTSD treatment [7]. Increasing temporal access through
mHealth apps to health services may also result in lower cost,
improved patient satisfaction, and improved health outcomes
[8].
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Discussion
Principal Findings
The goal of this review was to determine the availability and
level of validation of PTSD apps. The mHealth app search
indicated that a plethora of Android and iOS PTSD-specific
apps are available. In addition, the app search showed that other
PTSD-related apps such as relaxation, insomnia management,
and anger management tools are available but may not be
necessarily known to PTSD patients. Despite the availability
of these tools, the scoping literature review suggested there was
insufficient evidence on the validity of the apps. The literature
review highlighted the need for additional studies on app
dissemination and adoption [6,32,44,45,49,53] and app
validation and treatment integration [7,43,44,46-48,52,59]. This
literature also suggests the potential of integrating such
PTSD-related apps with new technologies, such as
smartwatches, as an adjunct for improving treatment.
Of the PTSD-related apps available, all of the VA’s apps
including the three most-downloaded apps for PTSD treatment
(PTSD Coach, CPT Coach, and PE Coach) are free to download.
However, the results suggest many trauma survivors with PTSD,
and even some practitioners, may not be aware that these apps
exist [8,6,10,52,57]. Many factors may influence app adoption,
including social contacts [65]. In addition, there are different
business models that can be implemented depending on the type
of app [66]. Additional concerns over app usage remain,
focusing on issues relating to patient data confidentiality, data
storage, legal and ethical issues [67], and on issues relating to
the cost of smartphones and data plans, app software
requirements, and the cost of some apps developed by non-VA
developers. More information is hence needed on the
dissemination and adoption of these mHealth tools and how to
improve their accessibility to PTSD patients.
This review found only 6 papers analyzing the usage or
validation of specific PTSD-related apps [9,42,44,46,59,60].
Of the 6 papers examined in further detail, none provided
evidence of the implementation of user-centered procedures
during the app development to improve usability. High-level
usability fosters user engagement and is essential to ensure such
apps reach a broad audience of veterans that include those with
PTSD receiving minimal or insufficient treatment [68]. Evidence
also suggests the majority of the PTSD-related apps have yet
to be validated, with no validation efforts reported for these
apps in the patient-provider context before their release [44].
These papers also highlighted the small sample sizes in user
studies conducted postapp release [9,31,60]. This lack of
documentation of the user-centered design and testing process
is less rigorous compared with traditional validation procedures
set out by the US Food and Drug Administration. An important
question to ask is what should be the level of validation needed
for these apps. App validation will incur into additional time
and monetary resources for app developers. However, the lack
of validation data limits the ability of consumers to determine
which apps may be helpful in managing PTSD symptoms. A
good balance might be to conduct selective postrelease
validation studies on popular apps.
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The potential legal ramifications posed by mHealth apps center
on scrutiny of data storage and remote communication with
health care providers. The responsible party for these legal
issues—whether it is the developer, the health care provider,
the user, or some combination of the aforementioned—has yet
to be determined [7]. Current PTSD-related apps reside solely
on the smartphone and involve no data communication with
any hospital system. The threat of legal ramifications for data
security issues relating to remote communication is the primary
reason why many PTSD-related apps do not have user accounts
or remote connections with clinicians [8]. Data synchronization
issues within complex health care environments and
accountability after automatic data notifications contribute to
health care providers’ concerns.
Despite potential security issues and obstacles to apps’
dispersion among users, an abundance of calls for more studies
on app dissemination and adoption [6,32,44,45,47,49,53] and
on
app
validation
and
treatment
integration
[7,43,44,46-48,52,59] indicates the importance of developing
apps with optimal usability and improve treatment. Of those
apps designed to be used in conjunction with clinical treatment,
only two currently incorporate specific treatment-related
components (PE Coach and CPT Coach). This indicates a need
for further app development and refinement to include treatment
integration components such as objective measures of PTSD.
These objective measures may be provided through adding
functions incorporating wearable sensors into PTSD-related
apps, which would provide valuable information to aid in
treatment.
Recent advances in wearable sensors provide an opportunity
for future PTSD apps to utilize the features of activity trackers
for tracking patients’ PTSD-related physiological changes, thus
aiding in diagnosing, monitoring, and optimizing clinical
treatment regimens. This has the potential to significantly
contribute to on-going therapies. App-integrated information
from wearable sensors could be used to inform patients of their
current physiology and mental state or provide clinicians with
information about the most viable treatment course or aid in
remote care [54]. Voice modulation has successfully been used
to identify depression and anxiety, indicating its potential to
detect PTSD triggers [69]. Physiological monitors, such as heart
rate straps and watches, can also connect to mobile apps and
act as an indicator of PTSD trigger [50,70], particularly because
trauma survivors with PTSD tend to have a higher heart rate
variability, which is an autonomic indicator of how they cope
with stress that is currently being independently tested for
biofeedback therapy [70].
The mHealth app search centered around four main symptoms
of PTSD (eg, intrusion, avoidance, negative alterations to mood
and cognition, and changes in arousal and reactivity), which are
common among mental health issues including PTSD. Apps
specific to other mental conditions that may aid in PTSD were
hence not included in this analysis. In addition, although we
focused on stand-alone mobile apps, there are several
mobile-responsive websites related to PTSD that were not
included in this search. Although accessibility was assessed and
discussed based on technical and financial access, future studies
should investigate design for the disabled (eg, blind, cognitively
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impaired, deaf, and users with missing limbs). Although the
literature review yielded only a small number of peer-reviewed
publications relating to PTSD mobile apps, the combined results
of the app search and review of literature shed light on the
current state of mHealth apps to support PTSD patients.

Conclusions

Rodriguez-Paras et al
Results of this review suggest that current app development,
however, lacks strong usability and validation components and
that not enough apps are being developed to be integrated as
treatment tools. These findings expose the need for studies
relating to the human factors evaluation of such tools, with the
ultimate goal of increasing access to treatment and widening
the app adoption rate, for patients with PTSD.

This dual review highlights the availability and potential of
PTSD app usage in increasing treatment adherence and quality.

Acknowledgments
This research was funded by a Texas A&M Engineering Experiment Station (TEES) Grant and a Department of Veterans Affairs
Career Development Award (CDA 11-246). The views expressed in this paper are those of the authors and do not necessarily
reflect the position or policy of the Department of Veterans Affairs or the US Government. The authors would like to thank the
members of the Applied Cognitive Ergonomics Laboratory at Texas A&M University for their insightful feedback.

Conflicts of Interest
None declared.

References
1.
2.

3.

4.

5.
6.

7.
8.

9.

10.
11.
12.

13.
14.

Robson Y, Blackford S, Roberts D. Caution in melanoma risk analysis with smartphone application technology. Br J
Dermatol 2012 Sep;167(3):703-704. [doi: 10.1111/j.1365-2133.2012.11046.x] [Medline: 22762381]
Bhosai SJ, Amza A, Beido N, Bailey RL, Keenan JD, Gaynor BD, et al. Application of smartphone cameras for detecting
clinically active trachoma. Br J Ophthalmol 2012 Oct;96(10):1350-1351 [FREE Full text] [doi:
10.1136/bjophthalmol-2012-302050] [Medline: 22797320]
Carter MC, Burley VJ, Nykjaer C, Cade JE. Adherence to a smartphone application for weight loss compared to website
and paper diary: pilot randomized controlled trial. J Med Internet Res 2013 Apr 15;15(4):e32 [FREE Full text] [doi:
10.2196/jmir.2283] [Medline: 23587561]
Ciemins E, Coon P, Sorli C. An analysis of data management tools for diabetes self-management: can smart phone technology
keep up? J Diabetes Sci Technol 2010 Jul 01;4(4):958-960 [FREE Full text] [doi: 10.1177/193229681000400427] [Medline:
20663462]
Oehler RL, Smith K, Toney JF. Infectious diseases resources for the iPhone. Clin Infect Dis 2010 May 01;50(9):1268-1274.
[doi: 10.1086/651602] [Medline: 20233061]
Erbes CR, Stinson R, Kuhn E, Polusny M, Urban J, Hoffman J, et al. Access, utilization, and interest in mHealth applications
among veterans receiving outpatient care for PTSD. Mil Med 2014 Nov;179(11):1218-1222. [doi:
10.7205/MILMED-D-14-00014] [Medline: 25373044]
Gravenhorst F, Muaremi A, Bardram J, Grünerbl A, Mayora O, Wurzer G, et al. Mobile phones as medical devices in
mental disorder treatment: an overview. Pers Ubiquit Comput 2014 Sep 21;19(2):335-353. [doi: 10.1007/s00779-014-0829-5]
Chen C, Haddad D, Selsky J, Hoffman JE, Kravitz RL, Estrin DE, et al. Making sense of mobile health data: an open
architecture to improve individual- and population-level health. J Med Internet Res 2012 Aug 9;14(4):e112 [FREE Full
text] [doi: 10.2196/jmir.2152] [Medline: 22875563]
Kuhn E, Greene C, Hoffman J, Nguyen T, Wald L, Schmidt J, et al. Preliminary evaluation of PTSD Coach, a smartphone
app for post-traumatic stress symptoms. Mil Med 2014 Jan;179(1):12-18. [doi: 10.7205/MILMED-D-13-00271] [Medline:
24402979]
Olff M. Mobile mental health: a challenging research agenda. Eur J Psychotraumatol 2015 May 19;6:27882 [FREE Full
text] [Medline: 25994025]
Ptsd.va. How common is PTSD? URL: http://www.ptsd.va.gov/public/PTSD-overview/basics/how-common-is-ptsd.asp
[accessed 2017-01-12] [WebCite Cache ID 6nT31yFoo]
Goldstein RB, Smith SM, Chou SP, Saha TD, Jung J, Zhang H, et al. The epidemiology of DSM-5 posttraumatic stress
disorder in the United States: results from the National Epidemiologic Survey on Alcohol and Related Conditions-III. Soc
Psychiatry Psychiatr Epidemiol 2016 Aug;51(8):1137-1148. [doi: 10.1007/s00127-016-1208-5] [Medline: 27106853]
Gradus JL. Ptsd.va. Epidemiology of PTSD URL: http://www.ptsd.va.gov/professional/PTSD-overview/
epidemiological-facts-ptsd.asp [accessed 2017-01-12] [WebCite Cache ID 6nT3D8BQL]
American Psychiatric Association. Diagnostic and statistical manual of mental disorders (DSM-5®), fifth edition. Arlington,
VA: American Psychiatric Publishing; 2013.

http://mhealth.jmir.org/2017/10/e156/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e156 | p.225
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
15.

16.
17.

18.
19.
20.

21.
22.
23.

24.
25.
26.

27.

28.

29.
30.
31.

32.
33.
34.
35.
36.
37.
38.
39.

40.

Fischer H. Fas. A guide to U.S. military casualty statistics: operation freedom's sentinel, operation inherent resolve, operation
new dawn, operation Iraqi freedom, and operation enduring freedom URL: https://fas.org/sgp/crs/natsec/RS22452.pdf
[accessed 2017-10-05] [WebCite Cache ID 6tyvEcpah]
Forbes D, Creamer M, Bisson JI, Cohen JA, Crow BE, Foa EB, et al. A guide to guidelines for the treatment of PTSD and
related conditions. J Trauma Stress 2010 Oct;23(5):537-552. [doi: 10.1002/jts.20565] [Medline: 20839310]
Foa EB, Chrestman KR, Gilboa-Schechtman E. Books.google. 2008. Prolonged exposure therapy for adolescents with
PTSD emotional processing of traumatic experiences: therapist guide URL: https://books.google.com/
books?hl=en&lr=&id=qdwdDAAAQBAJ&oi=fnd&pg=PR11&dq=Foa,+Chrestman,+%26+Gilboa-Schechtman,+2008&ots=3rX11tfR-O&sig=cUR-TxxKYBIT3qEmVa3ScPoOVmg
[WebCite Cache ID 6nT3NaVIO]
Ptsd.va. Treatment URL: http://www.ptsd.va.gov/PTSD/public/treatment/therapy-med/index.asp [accessed 2017-01-12]
[WebCite Cache ID 6nT3WFpOa]
Greene-Shortridge TM, Britt TW, Castro CA. The stigma of mental health problems in the military. Mil Med 2007
Feb;172(2):157-161. [Medline: 17357770]
Kim PY, Thomas JL, Wilk JE, Castro CA, Hoge CW. Stigma, barriers to care, and use of mental health services among
active duty and National Guard soldiers after combat. Psychiatr Serv 2010 Jun;61(6):582-588. [doi: 10.1176/ps.2010.61.6.582]
[Medline: 20513681]
Mentalhealth.va. VA Mental health services: public report URL: http://www.mentalhealth.va.gov/docs/
mental_health_transparency_report_11-24-14.pdf [accessed 2017-01-12] [WebCite Cache ID 6nTF9Johb]
Burnam MA, Meredith LS, Tanielian T, Jaycox LH. Mental health care for Iraq and Afghanistan War Veterans. Health Aff
(Millwood) 2009;28(3):771-782 [FREE Full text] [doi: 10.1377/hlthaff.28.3.771] [Medline: 19414886]
[No authors listed]. Returning home from Iraq and Afghanistan: assessment of readjustment needs of veterans, service
members, and their families. Mil Med 2014 Oct;179(10):1053-1055 [FREE Full text] [doi: 10.7205/MILMED-D-14-00263]
[Medline: 25269119]
Corrigan P. How stigma interferes with mental health care. Am Psychol 2004 Oct;59(7):614-625. [doi:
10.1037/0003-066X.59.7.614] [Medline: 15491256]
Mittal D, Drummond KL, Blevins D, Curran G, Corrigan P, Sullivan G. Stigma associated with PTSD: perceptions of
treatment seeking combat veterans. Psychiatr Rehabil J 2013 Jun;36(2):86-92. [doi: 10.1037/h0094976] [Medline: 23750758]
Pietrzak RH, Johnson DC, Goldstein MB, Malley JC, Southwick SM. Perceived stigma and barriers to mental health care
utilization among OEF-OIF veterans. Psychiatr Serv 2009 Aug;60(8):1118-1122. [doi: 10.1176/ps.2009.60.8.1118] [Medline:
19648201]
American Public Health Association. Apha. 2014. Removing barriers to mental health services for veterans URL: http:/
/www.apha.org/policies-and-advocacy/public-health-policy-statements/policy-database/2015/01/28/14/51/
removing-barriers-to-mental-health-services-for-veterans [accessed 2017-01-12] [WebCite Cache ID 6nTFiuUTx]
Galea S, Basham K, Culpepper L, Davidson J, Foa E, Kizer K, et al. Nationalacademies. 2012. Treatment for posttraumatic
stress disorder in military and veteran populations: initial assessment URL: https://nationalacademies.org/hmd/Reports/
2012/Treatment-for-Posttraumatic-Stress-Disorder-in-Military-and-Veteran-Populations-Initial-Assessment.aspx [WebCite
Cache ID 6nTGN2msW]
Smith A. Pewinternet. 2015. U.S. smartphone use in 2015 URL: http://www.pewinternet.org/2015/04/01/
us-smartphone-use-in-2015/ [WebCite Cache ID 6nTGg6w0B]
Sloan DM, Marx BP, Keane TM. Reducing the burden of mental illness in military veterans: commentary on Kazdin and
Blase (2011). Perspect Psychol Sci 2011 Sep;6(5):503-506. [doi: 10.1177/1745691611416995] [Medline: 26168203]
Al Ayubi SU, Parmanto B, Branch R, Ding D. A persuasive and social mHealth application for physical activity: a usability
and feasibility study. JMIR Mhealth Uhealth 2014 May 22;2(2):e25 [FREE Full text] [doi: 10.2196/mhealth.2902] [Medline:
25099928]
Chan SR, Torous J, Hinton L, Yellowlees P. Mobile tele-mental health: increasing applications and a move to hybrid models
of care. Healthcare (Basel) 2014 Jun;2(2):220-233. [Medline: 27429272]
Appstore. iTunes Internet store URL: http://appstore.com/ [WebCite Cache ID 6qEtXFlXv]
Play.google. Google playstore URL: https://play.google.com/store [WebCite Cache ID 6qEtgXBSa]
Mobile.va. VA app store URL: https://mobile.va.gov/appstore [accessed 2017-05-05] [WebCite Cache ID 6qEu7LyDL]
t2health.dcoe.mil. Mobile apps URL: http://t2health.dcoe.mil/products/mobile-apps [accessed 2017-05-05] [WebCite Cache
ID 6qEu7tP57]
Amazon. Appstore for Android URL: http://www.amazon.com/gp/mas/dl/android [WebCite Cache ID 6qEuDqTLd]
Arksey H, O'Malley L. Scoping studies: towards a methodological framework. Int J Soc Res Methodol 2005;8(1):19-32.
[doi: 10.1080/1364557032000119616]
Arksey H, O'Malley L. Statistica. 2013. Average selling price for smartphones worldwide in 2013 and 2017, by region (in
U.S. dollars) URL: https://www.statista.com/statistics/283334/global-average-selling-price-smartphones/ [WebCite Cache
ID 6qKZpRbmi]
AT&T. AT&T data plans URL: https://www.att.com/shop/wireless/data-plans.html [accessed 2017-05-09] [WebCite Cache
ID 6qKZfJW9c]

http://mhealth.jmir.org/2017/10/e156/

XSL• FO
RenderX

Rodriguez-Paras et al

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e156 | p.226
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
41.
42.

43.

44.

45.

46.

47.

48.
49.
50.

51.

52.
53.

54.

55.

56.

57.
58.
59.

60.

61.
62.

Verizonwireless. Verizon plan URL: https://www.verizonwireless.com/plans/verizon-plan/ [accessed 2017-05-09] [WebCite
Cache ID 6qKZutnvH]
Owen JE, Jaworski BK, Kuhn E, Makin-Byrd KN, Ramsey KM, Hoffman JE. mHealth in the wild: using novel data to
examine the reach, use, and impact of PTSD Coach. JMIR Ment Health 2015 Mar 25;2(1):e7 [FREE Full text] [doi:
10.2196/mental.3935] [Medline: 26543913]
Kuhn E, Eftekhari A, Hoffman JE, Crowley JJ, Ramsey KM, Reger GM, et al. Clinician perceptions of using a smartphone
app with prolonged exposure therapy. Adm Policy Ment Health 2014 Nov;41(6):800-807. [doi: 10.1007/s10488-013-0532-2]
[Medline: 24398700]
Reger GM, Hoffman J, Riggs D, Rothbaum BO, Ruzek J, Holloway KM, et al. The “PE coach” smartphone application:
an innovative approach to improving implementation, fidelity, and homework adherence during prolonged exposure. Psychol
Serv 2013 Aug;10(3):342-349. [doi: 10.1037/a0032774] [Medline: 23937084]
McInnes DK, Sawh L, Petrakis BA, Rao S, Shimada SL, Eyrich-Garg KM, et al. The potential for health-related uses of
mobile phones and internet with homeless veterans: results from a multisite survey. Telemed J E Health 2014
Sep;20(9):801-809. [doi: 10.1089/tmj.2013.0329] [Medline: 25046280]
Possemato K, Kuhn E, Johnson E, Hoffman JE, Owen JE, Kanuri N, et al. Using PTSD Coach in primary care with and
without clinician support: a pilot randomized controlled trial. Gen Hosp Psychiatry 2016;38:94-98. [doi:
10.1016/j.genhosppsych.2015.09.005] [Medline: 26589765]
Gratzer D, Khalid-Khan F, Khalid-Khan S. Anxiety — is there an app for that? Considering technology, psychiatry, and
Internet-assisted cognitive behavioral therapy. In: Durbano F, editor. A Fresh Look at Anxiety Disorders. Rijeka, Croatia:
InTech; 2015.
Kuester A, Niemeyer H, Knaevelsrud C. Internet-based interventions for posttraumatic stress: a meta-analysis of randomized
controlled trials. Clin Psychol Rev 2016 Feb;43:1-16. [doi: 10.1016/j.cpr.2015.11.004] [Medline: 26655959]
Luxton DD, McCann RA, Bush NE, Mishkind MC, Reger GM. mHealth for mental health: integrating smartphone technology
in behavioral healthcare. Prof Psychol Res Pr 2011 Dec;42(6):505-512. [doi: 10.1037/a0024485]
Fletcher RR, Tam S, Omojola O, Redemske R, Kwan J. Wearable sensor platform and mobile application for use in cognitive
behavioral therapy for drug addiction and PTSD. Conf Proc IEEE Eng Med Biol Soc 2011;2011:1802-1805. [doi:
10.1109/IEMBS.2011.6090513] [Medline: 22254678]
Castro CA. The US framework for understanding, preventing, and caring for the mental health needs of service members
who served in combat in Afghanistan and Iraq: a brief review of the issues and the research. Eur J Psychotraumatol 2014
Aug 14;5 [FREE Full text] [doi: 10.3402/ejpt.v5.24713] [Medline: 25206943]
Turvey CL, Roberts LJ. Recent developments in the use of online resources and mobile technologies to support mental
health care. Int Rev Psychiatry 2015;27(6):547-557. [doi: 10.3109/09540261.2015.1087975] [Medline: 26523397]
Kanuri N, Newman MG, Ruzek JI, Kuhn E, Manjula M, Jones M, et al. The feasibility, acceptability, and efficacy of
delivering Internet-based self-help and guided self-help interventions for generalized anxiety disorder to Indian university
students: design of a randomized controlled trial. JMIR Res Protoc 2015 Dec 11;4(4):e136 [FREE Full text] [doi:
10.2196/resprot.4783] [Medline: 26679295]
Baysari MT, Westbrook JI. Mobile applications for patient-centered care coordination: a review of human factors methods
applied to their design, development, and evaluation. Yearb Med Inform 2015 Aug 13;10(1):47-54 [FREE Full text] [doi:
10.15265/IY-2015-011] [Medline: 26293851]
Mohsenin S, Mohsenin V. Diagnosis and management of sleep disorders in posttraumatic stress disorder:a review of the
literature. Prim Care Companion CNS Disord 2014 Dec 11;16(6) [FREE Full text] [doi: 10.4088/PCC.14r01663] [Medline:
25834768]
Driesenga SA, Rodriguez JL, Picard T. Evidence-based treatments for military-related posttraumatic stress disorder in a
Veterans Affairs setting. Crit Care Nurs Clin North Am 2015 Jun;27(2):247-270. [doi: 10.1016/j.cnc.2015.02.001] [Medline:
25981727]
Proudfoot J. The future is in our hands: the role of mobile phones in the prevention and management of mental disorders.
Aust N Z J Psychiatry 2013 Feb;47(2):111-113. [doi: 10.1177/0004867412471441] [Medline: 23382507]
Price M, Kuhn E, Hoffman JE, Ruzek J, Acierno R. Comparison of the PTSD checklist (PCL) administered via a mobile
device relative to a paper form. J Trauma Stress 2015 Oct;28(5):480-483. [doi: 10.1002/jts.22037] [Medline: 26375277]
Kuhn E, Crowley JJ, Hoffman J, Eftekhari A, Ramsey KM, Owen JE, et al. Clinician characteristics and perceptions related
to use of the PE (prolonged exposure) Coach mobile app. Prof Psychol Res Pr 2015 Dec;46(6):437-443. [doi:
10.1037/pro0000051]
Reger GM, Skopp NA, Edwards-Stewart A, Lemus EL. Comparison of prolonged exposure (PE) coach to treatment as
usual: a case series with two active duty soldiers. Mil Psychol 2015;27(5):287-296. [doi: 10.1037/mil0000083] [Medline:
26167784]
Olff M, Van Zuiden M, Bakker A. Early interventions: from e-health to neurobiology. Eur J Psychotraumatol 2015 Jun
11;6:28545 [FREE Full text] [Medline: 26073209]
Weingardt KR, Greene CJ. New electronic tools for veterans. N C Med J 2015;76(5):332-334. [doi: 10.18043/ncm.76.5.332]

http://mhealth.jmir.org/2017/10/e156/

XSL• FO
RenderX

Rodriguez-Paras et al

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e156 | p.227
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
63.

64.

65.
66.
67.

68.
69.

70.

Rodriguez-Paras et al

Christmann CA, Hoffmann A, Bleser G. Stress management apps with regard to emotion-focused coping and behavior
change techniques: a content analysis. JMIR Mhealth Uhealth 2017 Feb 23;5(2):e22 [FREE Full text] [doi:
10.2196/mhealth.6471] [Medline: 28232299]
Geuens J, Swinnen TW, Westhovens R, de Vlam K, Geurts L, Vanden Abeele V. A review of persuasive principles in
mobile apps for chronic arthritis patients: opportunities for improvement. JMIR Mhealth Uhealth 2016 Oct 13;4(4):e118
[FREE Full text] [doi: 10.2196/mhealth.6286] [Medline: 27742604]
Taylor DG, Voelker TA, Pentina I. Digitalcommons.sacredheart. 2011. Mobile application adoption by young adults: a
social network perspective URL: http://digitalcommons.sacredheart.edu/cgi/viewcontent.cgi?article=1000&context=wcob_fac
Cortimiglia MN, Ghezzi A, Renga F. Mobile applications and their delivery platforms. IT Prof 2011;13(5):51-56. [doi:
10.1109/MITP.2011.84]
Lymberis A. Smart wearables for remote health monitoring, from prevention to rehabilitation: current R&D, future challenges.
2003 Presented at: 4th International IEEE EMBS Special Topic Conference on Information Technology Applications in
Biomedicine, 2003; 2003; Birmingham p. 272-275. [doi: 10.1109/ITAB.2003.1222530]
Spoont MR, Murdoch M, Hodges J, Nugent S. Treatment receipt by veterans after a PTSD diagnosis in PTSD, mental
health, or general medical clinics. Psychiatr Serv 2010 Jan;61(1):58-63. [doi: 10.1176/appi.ps.61.1.58] [Medline: 20044419]
Alghowinem S, Goecke R, Wagner M, Epps J, Breakspear M, Parker G. Citeseerx.ist.psu. 2012. From joyous to clinically
depressed: mood detection using spontaneous speech URL: http://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.655.
4340&rep=rep1&type=pdf [WebCite Cache ID 6nTKTD09T]
Berry ME, Chapple IT, Ginsberg JP, Gleichauf KJ, Meyer JA, Nagpal ML. Non-pharmacological intervention for chronic
pain in veterans: a pilot study of heart rate variability biofeedback. Glob Adv Health Med 2014 Mar;3(2):28-33 [FREE
Full text] [doi: 10.7453/gahmj.2013.075] [Medline: 24808979]

Abbreviations
ACT: Acceptance and Commitment Therapy
CBT: cognitive behavioral therapy
CPT: cognitive processing therapy
EBT: evidence-based treatment
HFE: human factors and ergonomics
mHealth: mobile health
PE: prolonged exposure therapy
PTSD: posttraumatic stress disorder
VA: Veterans Affairs

Edited by G Eysenbach; submitted 12.01.17; peer-reviewed by S Chan, K Weingardt; comments to author 22.03.17; revised version
received 05.08.17; accepted 29.08.17; published 26.10.17.
Please cite as:
Rodriguez-Paras C, Tippey K, Brown E, Sasangohar F, Creech S, Kum HC, Lawley M, Benzer JK
Posttraumatic Stress Disorder and Mobile Health: App Investigation and Scoping Literature Review
JMIR Mhealth Uhealth 2017;5(10):e156
URL: http://mhealth.jmir.org/2017/10/e156/
doi:10.2196/mhealth.7318
PMID:29074470

©Carolina Rodriguez-Paras, Kathryn Tippey, Elaine Brown, Farzan Sasangohar, Suzannah Creech, Hye-Chung Kum, Mark
Lawley, Justin K Benzer. Originally published in JMIR Mhealth and Uhealth (http://mhealth.jmir.org), 26.10.2017. This is an
open-access
article
distributed
under
the
terms
of
the
Creative
Commons
Attribution
License
(https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and reproduction in any medium,
provided the original work, first published in JMIR mhealth and uhealth, is properly cited. The complete bibliographic information,
a link to the original publication on http://mhealth.jmir.org/, as well as this copyright and license information must be included.

http://mhealth.jmir.org/2017/10/e156/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e156 | p.228
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Lee et al

Original Paper

Impact of a Telehealth Program With Voice Recognition
Technology in Patients With Chronic Heart Failure: Feasibility
Study
Heesun Lee1,2, MD; Jun-Bean Park1,3, MD, PhD; Sae Won Choi4, MD; Yeonyee E Yoon1,5, MD; Hyo Eun Park1,2,
MD; Sang Eun Lee6, MD, PhD; Seung-Pyo Lee1,3, MD, PhD; Hyung-Kwan Kim1,3, MD, PhD; Hyun-Jai Cho1,3, MD,
PhD; Su-Yeon Choi1,2, MD, PhD; Hae-Young Lee1,3, MD, PhD; Jonghyuk Choi7, MD; Young-Joon Lee7, MD;
Yong-Jin Kim1,3, MD, PhD; Goo-Yeong Cho1,5, MD, PhD; Jinwook Choi8, MD, PhD; Dae-Won Sohn1,3, MD, PhD
1

Department of Internal Medicine, Seoul National University College of Medicine, Seoul, Republic Of Korea

2

Healthcare System Gangnam Center, Seoul National University Hospital, Seoul, Republic Of Korea

3

Cardiovascular Center, Seoul National University Hospital, Seoul, Republic Of Korea

4

Office of Hospital Information, Seoul National University Hospital, Seoul, Republic Of Korea

5

Cardiovascular Center, Seoul National University Bundang Hospital, Seongnam, Republic Of Korea

6

Department of Cardiology, Asan Medical Center, University of Ulsan College of Medicine, Seoul, Republic Of Korea

7

AIMMED Co., Ltd., Seoul, Republic Of Korea

8

Department of Biomedical Engineering, Seoul National University College of Medicine, Seoul, Republic Of Korea

Corresponding Author:
Jun-Bean Park, MD, PhD
Cardiovascular Center
Seoul National University Hospital
101 Daehak-ro, Jongro-gu
Seoul, 110-744
Republic Of Korea
Phone: 82 2 2072 2252
Fax: 82 2 2072 4922
Email: nanumy1@gmail.com

Abstract
Background: Despite the advances in the diagnosis and treatment of heart failure (HF), the current hospital-oriented framework
for HF management does not appear to be sufficient to maintain the stability of HF patients in the long term. The importance of
self-care management is increasingly being emphasized as a promising long-term treatment strategy for patients with chronic
HF.
Objective: The objective of this study was to evaluate whether a new information communication technology (ICT)–based
telehealth program with voice recognition technology could improve clinical or laboratory outcomes in HF patients.
Methods: In this prospective single-arm pilot study, we recruited 31 consecutive patients with chronic HF who were referred
to our institute. An ICT-based telehealth program with voice recognition technology was developed and used by patients with
HF for 12 weeks. Patients were educated on the use of this program via mobile phone, landline, or the Internet for the purpose
of improving communication and data collection. Using these systems, we collected comprehensive data elements related to the
risk of HF self-care management such as weight, diet, exercise, medication adherence, overall symptom change, and home blood
pressure. The study endpoints were the changes observed in urine sodium concentration (uNa), Minnesota Living with Heart
Failure (MLHFQ) scores, 6-min walk test, and N-terminal prohormone of brain natriuretic peptide (NT-proBNP) as surrogate
markers for appropriate HF management.
Results: Among the 31 enrolled patients, 27 (87%) patients completed the study, and 10 (10/27, 37%) showed good adherence
to ICT-based telehealth program with voice recognition technology, which was defined as the use of the program for 100 times
or more during the study period. Nearly three-fourths of the patients had been hospitalized at least once because of HF before
the enrollment (20/27, 74%); 14 patients had 1, 2 patients had 2, and 4 patients had 3 or more previous HF hospitalizations. In
the total study population, there was no significant interval change in laboratory and functional outcome variables after 12 weeks
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of ICT-based telehealth program. In patients with good adherence to ICT-based telehealth program, there was a significant
improvement in the mean uNa (103.1 to 78.1; P=.01) but not in those without (85.4 to 96.9; P=.49). Similarly, a marginal
improvement in MLHFQ scores was only observed in patients with good adherence (27.5 to 21.4; P=.08) but not in their
counterparts (19.0 to 19.7; P=.73). The mean 6-min walk distance and NT-proBNP were not significantly increased in patients
regardless of their adherence.
Conclusions: Short-term application of ICT-based telehealth program with voice recognition technology showed the potential
to improve uNa values and MLHFQ scores in HF patients, suggesting that better control of sodium intake and greater quality of
life can be achieved by this program.
(JMIR Mhealth Uhealth 2017;5(10):e127) doi:10.2196/mhealth.7058
KEYWORDS
heart failure; telemedicine; selfcare; compliance

Introduction
Heart failure (HF) is a major public health issue, with a
prevalence of over 23 million worldwide and rising with the
aging of the population [1,2]. The characteristic feature of HF
is a progressive loss of cardiomyocytes and the development
of cardiac dysfunction, ultimately leading to frequent
hospitalization and significant morbidity and mortality [1,3-5].
There are ongoing efforts to develop improved therapeutic and
preventive strategies for HF, as most current strategies fail to
reduce readmission rates and maintain the stability of HF
patients in the long term [6,7].
Most hospitalizations for acute decompensated HF are
attributable to poor self-care, including lack of knowledge,
nonadherence to proper diet or medications, and failure of
self-management of symptoms. Recent studies on
patient-centered out-of-hospital management of HF patients
have shown improvements in prognosis and quality of life
[3,8-10]. However, in practice, barriers to self-care management
such as insufficient personalized real-time feedback to patients
regarding body weight, fluid balance, and physical activity limit
their effectiveness [8,11,12]. Frequent assessment of physiologic
parameters related to HF aggravation and remote disease
management aided by advances in telemonitoring systems based
on information communication technology (ICT) may be an
approach to overcome the limitations of self-management. By
enabling early detection of HF decompensation and through
timely intervention, it may be possible to achieve improved
outcomes and reduced medical costs for HF patients [11,13].
Voice recognition technology enables the recognition and
translation of verbal information into text, which can then be
used in automated data processing systems. With advances in
the accuracy of this technology, it is being applied in the medical
field to facilitate interest and improve the adherence of patients
with chronic conditions such as asthma, diabetes mellitus, and
glaucoma [14-16]. In a recent study, an ICT-based telehealth
program with voice recognition technology was effective in
achieving glycemic control without hypoglycemia in elderly
diabetic patients [15]. Given that voice recognition technology
can facilitate the gathering of data that are currently difficult to
retrieve, as it enables patients, particularly the elderly, to easily
access the system and input their data and does not entail
additional equipment costs to collect the necessary data, an
ICT-based telehealth program incorporating this technology
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may be a promising tool for improving clinical or laboratory
outcomes in chronic HF patients. However, data regarding the
role of this novel suite of technologies in the self-management
of HF patients are scarce.
With the expectation of enhanced interactivity and active
engagement of participants and delivery of tailored
interventions, ultimately leading to effective self-care of HF,
we developed an ICT-based telehealth program featuring voice
recognition technology for HF and sought to explore whether
this new program influences the control of sodium intake and
quality of life in patients with chronic HF.

Methods
Study Design and Population
This study was designed as a prospective single-arm pilot study.
The study sample was recruited from consecutive HF patients
who were referred to the outpatient clinic of our institute since
July 2014. Inclusion criteria were as follows: (1) age ≥18 years;
(2) left ventricular (LV) systolic HF diagnosis for >3 months,
regardless of etiology according to current guidelines [3,9]; (3)
LV ejection fraction (EF) <40% on transthoracic
echocardiography of a duration of at least 3 months; (4) New
York Heart Association (NYHA) class II or III; and (5) clinical
stability including no change in medications for at least the past
4 weeks. Exclusion criteria were the following: (1)
hospitalization within 3 months or a condition expected to
require hospitalization; (2) a history of acute myocardial
infarction or unstable angina within 6 months; (3) a history of
significant valvular heart disease requiring surgical or
interventional correction; (4) renal replacement therapy; (5)
severe hepatic dysfunction defined as aspartate transaminase
and alanine transaminase ≥3 times the upper normal limits; (6)
malignancy with life expectancy <6 months; (7) childbearing
potential or breastfeeding; (8) functional impairment related to
severe musculoskeletal or neurological problems; and (9) refusal
to participate. The study protocol was in accordance with the
Declaration of Helsinki and approved by the institutional review
board of our institution. Written informed consent was obtained
from all the enrolled subjects.
Patients were educated regarding the full range of HF self-care
behaviors, including diet, exercise, and medication adherence.
All participants underwent the following assessments at baseline
and after 12 weeks of the ICT-based telehealth program: medical
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history, physical examination, laboratory tests including urine
sodium concentration (uNa) and N-terminal prohormone of
brain natriuretic peptide (NT-proBNP), 6-min walk test, NYHA
functional class, and Minnesota Living with Heart Failure
Questionnaire (MLHFQ) scores [17-19]. The study endpoints
included the changes in uNa, MLHFQ scores, NT-proBNP, and

Lee et al
6-min walk distance after 12 weeks of intervention. The
adherence to the telehealth program was also analyzed, and a
good adherence was defined as the use of the program for 100
times or more during the 12-week intervention period. The study
flow is illustrated in Figure 1.

Figure 1. Study flow of ICT-based telehealth program in HF. ICT: information communication technology. HF: heart failure, LV: left ventricular,
NYHA: New York Heart Association, TTE: transthoracic echocardiography, AMI: acute myocardial infarction, UA: unstable angina.

The ICT-Based Telehealth Program
The ICT-based telehealth center comprised multidisciplinary
team members, including experienced cardiologists, professional
nurses, a dietitian, and computer programmers. Participants
were instructed to use the ICT-based telehealth program with
voice recognition technology (AIMMED Co Ltd) that was
developed for HF patients to provide data and to communicate
with clinicians more conveniently through ordinary
communication channels via their handheld mobile phone or
landline. Patients used their voice or touch-tone telephone
keypads to enter essential information for the assessment of HF,
including daily weight, diet, exercise, medication adherence,
overall symptom change, and home blood pressure. Figure 2
illustrates the schematic diagram of the ICT-based telehealth
program.
Direct voice input of health-related data was performed via
landline or mobile phone through the automatic call and
response system. The automatic call system was programmed
to automatically dial the participants’ registered phone numbers
once daily 5 days per week for 12 weeks, and when a person
answered the phone, it asked prespecified questions to collect
narrative responses. Additionally, patients were also allowed
free calls into the system during the study period to collect
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health-related data from participants who did not answer the
call from the automatic call system. Patients, guided by a series
of prespecified verbal questions, were requested to speak or to
enter a preset range of inputs, including body weight, blood
pressure, heart rate, and HF-related symptoms. Examples of
possible answers were also presented for patients’ convenience
and to reduce the error of the data collection. To further ensure
the accuracy of data, the program provided patients the
opportunity to either confirm or correct the initial extracted
data. An example flow diagram for voice recognition is shown
in Figure 3.
A clinical decision support system was implemented to provide
immediate tailored feedback by voice or text messages (short
message service, SMS) to patients according to a predetermined
algorithm following current guidelines [3,20]. When data entries
were outside predefined ranges or symptoms were reported, an
automatic phone call was made to patients to confirm the data
and to their attending physicians and research nurses to notify
them of the occurrence of these events. Patients received timely
self-care feedback from their physicians and were monitored
to ensure resolution. Attending physicians were able to tailor
HF management and adjust clinic visit schedules, taking into
account the clinical status of each patient. After an out-of-range
value occurred, the choice of whether to modify the limits of
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e127 | p.231
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
the range was at the discretion of the physician, who made the
decision weighing the individual risk and benefit. Patients were
instructed on the use of the website or mobile app created for
this study, which provided individually tailored feedback
messages based on data entered by the patients (Multimedia
Appendix 1). By analyzing the cumulative data of each
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individual, patients also received personalized guidance on
long-term self-care management of HF via the website or as a
mobile report. We summarized the functionalities of the
ICT-based telehealth program used in our study compared with
previous programs in Multimedia Appendix 2.

Figure 2. Schematic diagram of the ICT-based telehealth program in HF. ICT: information communication technology, HF: heart failure, TTS: text to
speech, IVR: interactive voice response, PBX: private branch exchange, CTI: computer telephony integration, TCP: transmission control protocol,
WAS: Web application server, REC: recording, IP: Internet Protocol.
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Figure 3. An example of flow diagram for voice recognition program. The voice recognition component of the automatic call and response system
enabled the recognition of the patient’s voice data to be input into the ICT-based telehealth program. Patients were requested to speak a pre-set range
of inputs, such as body weight, blood pressure, heart rate, and heart failure-related symptoms. Patients were guided by a series of pre-specified verbal
questions and examples of possible answers. To ensure the accuracy of the obtained data, the program allowed patients to either confirm or correct the
initial extracted data.

Data Collection
Venous blood and urinary samples were obtained from all
patients at baseline and after completion of 12 weeks of
ICT-based telehealth program. Data including uNa, NT-proBNP,
6-min walk test, and MLHFQ scores were collected to assess
the impact of this program on patient outcomes. Specifically,
uNa and NT-proBNP were used to assess the adherence to a
low-salt diet and the progression of HF, respectively. To assess
functional capacity, 6-min walk test was conducted using a
standardized protocol between 11 AM to 2 PM on usual
medications [21,22]. Briefly, patients were required to perform
a 6-min shuttle walk test with markers placed every 25 m.
https://mhealth.jmir.org/2017/10/e127/
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During the 6-min walk test, patients were accompanied by
trained research nurses, who were independent of this study,
for the safety of participants as well as for the accuracy and
reliability of the results. We also used MLHFQ scores to
quantify and compare health-related quality of life outcomes
before and after the telehealth program [17-19]. The MLHFQ
is an established questionnaire, which was developed to measure
the subjective influence of HF and HF treatments on an
individual’s quality of life, including physical, socioeconomic,
and emotional aspects. It comprises 21 items with scores ranging
from 0 to 105, and higher scores indicate a lower quality of life
in HF patients [17,19].
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Statistical Analysis
Descriptive statistics were used to characterize the study
population and measurements. Data were presented as numbers
and percentages for categorical variables and mean ± standard
error for continuous variables. Differences between continuous
variables were compared by the Student t test or Mann-Whitney
U test for independent samples, and those between categorical
variables were analyzed by the chi-square test or Fisher exact
test, as appropriate. A P value of <.05 was considered
statistically significant. The Wilcoxon signed-rank test was used
to compare values before and after ICT-based telehealth
program. In addition, subgroup analysis was also performed
according to the adherence to intervention.

Results
Baseline Characteristics of Study Population
Of the 40 chronic HF patients who were screened, 31 subjects
met the inclusion and exclusion criteria and agreed to participate
in this study. Furthermore, 4 patients (4/31, 13%) were dropped
from the study because of hospitalization for acute
decompensated HF (n=2) and withdrawal of consent (n=2). Two
patients hospitalized for acute decompensated HF withdrew
within 1 week and 4 weeks of starting the study, respectively,
and the cause of HF hospitalization was considered to be a viral
infection in both patients. The final analysis was performed in
27 patients (27/31, 87%) who completed the baseline and
12-week measurements. Ten patients (10/27, 37%) showed
good adherence to the program, defined as the frequency of its
use ≥100 times during the 12-week intervention period. Table
1 describes the baseline characteristics of the total study
population and subgroups according to adherence to the
intervention. The mean age of the total study population was
63.4 years, and one-third were females (9/27, 33%). Nearly
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three-fourths had been hospitalized at least once because of HF
before the enrollment (20/27, 74%). The number of prior HF
hospitalizations per individual was 1.15; 14 patients had 1, 2
patients had 2, and 4 patients had 3 or more previous HF
hospitalizations. Before the program started, 70% of patients
were already undergoing treatment with diuretics, including
mineralocorticoid receptor antagonists (19/27, 70%). There
were no changes in HF medications or dosages during the study
period. The etiology of 8 patients was ischemia. The baseline
mean values of LV ejection fraction, MLHFQ scores, and 6-min
walk distance were 30%, 22.2 points, and 408.4 m, respectively.
When comparing the baseline characteristics between patients
according to adherence to the program, there was no significant
difference between the groups. Patients with good adherence
tended to have worse baseline parameters, including
significantly more frequent hospitalizations related to HF,
greater levels of NT-proBNP and uNa, higher MLHFQ scores,
and shorter 6-min walk distances, compared with those without
(Table 1).

Approach and Satisfaction of ICT-Based Telehealth
Program
Twenty-one patients utilized the program via their mobile phone
or landline, and about 59% (16/27) of them also accessed the
website. The accuracy of voice recognition was 93% and 95%
in patients using mobile phone and landline, respectively. Of
the patients in whom the user experience with the voice
recognition system could be evaluated, ≥85% patients (23/27)
indicated that they were satisfied or neutral with the service
provided, as shown in Multimedia Appendix 3. Patients were
interested in the following services: blood pressure (27/27,
100%), followed by body weight (26/27, 96%; 951 cases/week),
and medication (26/27, 96%; 776 cases/week). Table 2 shows
the utilization according to the method and the components
accessed.
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Table 1. Baseline characteristics according to adherence to information communication technology (ICT)–based telehealth program in heart failure
(HF).
Characteristics

All patients

Patients without
good adherence
(n=17)

P values

(N=27)

Patients with good
adherence (n=10)

Age in years, mean ± SEa

63.4 ± 1.8

62.1 ± 2.7

64.1 ± 2.4

.60

Female gender, n (%)

9 (33)

2 (20)

7 (41)

.41

Height in cm, mean ± SE

161.4 ± 1.4

164.7 ± 1.9

159.4 ± 1.8

.07

Weight in kg, mean ± SE

63.7 ± 1.9

64.8 ± 2.8

63.1 ± 2.7

.70

Body mass index in kg/m , mean 24.4 ± 0.6
± SE

23.9 ± 0.4

24.7 ± 0.6

.52

Hypertension

12 (44)

4 (40)

8 (47)

.72

Diabetes mellitus

6 (22)

3 (30)

3 (18)

.46

Atrial fibrillation

11 (41)

4 (40)

7 (41)

.95

Chronic obstructive pulmonary
disease

1 (4)

1 (10)

0 (0)

.18

Chronic kidney disease

10 (37)

4 (40)

6 (35)

.81

Prior myocardial infarction

9 (33)

5 (51)

4 (24)

.16

Prior hospitalization due to HFb

20 (74)

6 (60)

14 (82)

.20

Systolic BPc, mm Hg

117.3 ± 2.5

116.1 ± 4.3

117.9 ± 3.1

.73

Diastolic BP, mm Hg

68.4 ± 1.3

68.5 ± 1.4

68.4 ± 1.9

.98

Heart rate, beats per minute

67.9 ± 2.3

64.4 ± 4.0

69.9 ± 2.8

.26

Diuretics

19 (70)

6 (60)

13 (77)

.42

ACEId

9 (33)

4 (40)

4 (29)

.68

ARBe

15 (56)

4 (40)

11 (65)

.26

Beta blocker

12 (44)

4 (40)

8 (47)

>.99

Calcium channel blocker

4 (15)

1 (10)

3 (18)

>.99

Spironolactone

19 (70)

7 (70)

12 (71)

>.99

Digoxin

8 (30)

3 (30)

5 (29)

>.99

Ischemic

8 (30)

4 (40)

4 (29)

.37

Nonischemic

19 (70)

6 (60)

13 (77)

.42

WBCf, × 103/uL

6.4 ± 0.3

6.1 ± 0.5

6.6 ± 0.3

.37

Hemoglobin, g/dL

13.4 ± 0.3

13.6 ± 0.5

13.3 ± 0.4

.60

Platelet, × 103/uL

196.7 ± 9.5

178.6 ± 14.3

207.3 ± 12.0

.15

Sodium, mmol/L

139.6 ± 0.5

140.2 ± 0.7

139.2 ± 0.6

.35

Potassium, mmol/L

4.6 ± 0.1

4.7 ± 0.2

4.5 ± 0.1

.27

Chloride, mmol/L

102.9 ± 0.6

104.6 ± 0.8

101.9 ± 0.8

.13

Total CO2g, mmol/L

28.5 ± 0.6

27.2 ± 1.2

29.2 ± 0.7

.13

Demographics

2

Clinical history, n (%)

Signs and symptoms on enrollment, mean ± SE

Medications on enrollment, n (%)

Etiology, n (%)

Laboratory variables, mean ± SE
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Characteristics

All patients

Quality of life data,
mean ± SE

Patients with good
adherence (n=10)

Patients without
good adherence
(n=17)

P values

(N=27)
Calcium, mg/dL

9.4 ± 0.1

9.2 ± 0.2

9.5 ± 0.1

.13

Phosphate, mg/dL

3.6 ± 0.1

3.5 ± 0.1

3.8 ± 0.1

.13

Blood urea nitrogen, mg/dL

18.2 ± 1.3

17.7 ± 2.5

18.5 ± 1.5

.78

Creatinine, mg/dL

1.1 ± 0.1

1.2 ± 0.3

1.0 ± 0.1

.35

GFRh, mL/min/1.73 m2

69.8 ± 3.6

70.6 ± 7.7

69.3 ± 3.8

.88

NT-proBNPi, pg/mL

288.6 ± 65.7

300.2 ± 108.1

281.7 ± 85.2

.90

Urine sodium, mmol/L

91.9 ± 0.5

103.1 ± 9.2

85.4 ± 10.5

.26

LVj ejection fraction, %

30.3 ± 1.3

30.7 ± 2.4

30.1 ± 1.5

.81

MLHFQk score

22.2 ± 3.2

27.5 ± 6.4

19.0 ± 3.3

.20

408.4 ± 16.1

404.0 ± 30.1

411.0 ± 19.2

.84

Functional status data, 6-min walk distance, m
mean ± SE
a
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SE: standard error.

b

HF: heart failure.

c

BP: blood pressure.

d

ACEI: angiotensin-converting enzyme inhibitor.

e

ARB: angiotensin receptor blocker.

f

WBC: white blood cell.

g

CO2: carbon dioxide.

h

GFR: glomerular filtration rate.

i

NT-proBNP: N-terminal prohormone of brain natriuretic peptide.

j

LV: left ventricular.

k

MLHFQ: Minnesota Living with Heart Failure Questionnaire.

Table 2. Data on utilization of information communication technology (ICT)–based telehealth program in heart failure (HF).
Data on utilization

Patients accessed, n (%)

Frequency of access per
week

Mobile phone or landline

21 (77.8)

2297

ACSa/ARSb

10 (37.0)

139

TTSc

18 (66.7)

848

Website access

16 (59.3)

433

Body weight

26 (96.3)

951

Diet

24 (88.9)

419

Exercise

25 (92.6)

657

Medication

26 (96.3)

776

Overall symptom change

22 (81.5)

651

Blood pressure

27 (100.0)

2812

Type of access method

Type of accessed component

a

ACS: automatic call system.

b

ARS: automatic response system.

c

TTS: text to speech.
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Changes After Using ICT-Based Telehealth Program
In the total study population, there was no significant interval
change in laboratory and functional outcome variables after 12
weeks of ICT-based telehealth program (Figure 4): uNa (91.9
to 90.0; P=.45), MLHFQ scores (22.2 to 20.3; P=.18), 6-min
walk distance, (408.4 to 410.6; P=.59), and NT-proBNP (288.6
to 318.1; P=.91). When we stratified patients into two groups
by adherence to the ICT-based telehealth program, there was a
significant reduction in the value of uNa (103.1 to 78.1; P=.01)
and a marginal decrease in the MLHFQ scores (27.5 to 21.4;
P=.08) in HF patients with good adherence (Figure 5). However,
no significant changes were observed in those without good
adherence regarding these variables (Figure 6). On the other
hand, 6-min walk distance neither significantly improved in
patients with good adherence nor in those without (Figure 6).
No significant change in NT-proBNP was observed in both
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groups of patients (Figures 5 and 6). The MLHFQ scores
decreased after 12 weeks of ICT-based telehealth program in
18 patients (18/27, 67%). When we assessed the change in the
subscores of physical (8 items), emotional (5 items), and
socioeconomic (8 items) dimensions of the MLHFQ, although
statistically insignificant, patients with good adherence showed
numerically greater improvements in all dimensions.
Specifically, the improvement in the total score of MLHFQ was
largely driven by the decrease in emotional dimension measures
among three quality of life dimensions (94%, 17/18 patients).
The change in emotional domain scores was −2.1 in patients
with good adherence and −0.2 in those without (P=.48). Results
in terms of physical dimension measures revealed that the
change was −2.5 in patients with good adherence and 0.35 in
those without (P=.13). Regarding socioeconomic dimension
measures, the change was −1.5 in patients with good adherence
and 0.5 in those without (P=.11).

Figure 4. Changes in major outcomes over time by ICT-based telehealth program in total study population. There was no significant changes in uNa
(a), MLHFQ scores (b), 6-minute walk distance (c), and NT-proBNP level (d) after 12 weeks of ICT-based telehealth program. ICT: information
communication technology, HF: heart failure, NT-proBNP: N-terminal prohormone of brain natriuretic peptide, MLHFQ: Minnesota Living with Heart
Failure Questionnaire.
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Figure 5. Changes in major outcomes over time by information communication technology (ICT)–based telehealth program in patients with good
adherence. In patients with good adherence, uNa significantly decreased after 12 weeks of intervention (a), whereas MLHFQ scores marginally decreased
(b). There were no changes in 6-minute walk distance (c) and NT-proBNP level (d). NT-proBNP: N-terminal prohormone of brain natriuretic peptide,
MLHFQ: Minnesota Living with Heart Failure Questionnaire.

Figure 6. Changes in major outcomes over time by information communication technology (ICT)–based telehealth program in patients without good
adherence. In patients without good adherence, no significant changes were observed in laboratory and functional outcomes after 12 weeks of ICT-based
telehealth program (a-d). NT-proBNP: N-terminal prohormone of brain natriuretic peptide, MLHFQ: Minnesota Living with Heart Failure Questionnaire.
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Discussion
Principal Findings
This study is a prospective pilot study examining the possibility
of ICT-based telehealth program with voice recognition
technology in HF and building up the foundation for further
large-scale randomized controlled studies. Our study
demonstrated that chronic HF patients with good adherence to
ICT-based telehealth program showed improvement in uNa and
in symptoms evaluated by the MLHFQ scores. To the best of
our knowledge, this is the first study to implement this novel
technology to improve self-care of HF. Our study may pave the
way for further large-scale clinical outcome trials to determine
the efficacy and feasibility of ICT-based interventions for
long-term management of HF patients.

Impact of ICT-Based Telehealth Program in HF on
Urine Sodium Concentration
The key characteristics of HF include an increase in sodium
avidity and a tendency toward congestion [23,24]. Therefore,
the maintenance of sodium and water balance is a critical
element of HF management, and among several noninvasive
methods proposed to assess this balance, uNa has been
increasingly used as a simple, inexpensive, and noninvasive
indicator for the dietary sodium intake [25-29]. Specifically, it
is well established that the urinary sodium excretion is precisely
regulated to match dietary sodium intake [25,30]. Although the
assessment of 24-hour urine sodium excretion is considered the
gold standard method, the measurement of spot uNa could
provide an approximate estimate of sodium excretion, with
increased convenience and low cost [25,29,31-34]. On the other
hand, a previous study demonstrated that spot uNa was reduced
by decongestive therapy for advanced HF, which might provide
insightful information to titrate the diuretic dose [35,36]. Hence,
in general, decreased uNa in HF patients can be a result of low
salt intake or effective diuretic therapy [35]. In this study, HF
patients with good adherence to ICT-based telehealth program
showed reduced uNa after 12 weeks of intervention. Given that
patients were clinically stable without any evidence of acute
destabilized HF and change in diuretic dose, decreased uNa
might be a reflection of better control of dietary salt intake. As
recent data emphasize nonpharmacological as well as
pharmacological interventions for HF because of its progressive
nature [37], an ICT-based telehealth program can be a useful
tool for improving self-care and, potentially, prognosis in HF
patients [37].

Impact of ICT-Based Telehealth Program in HF on
the MLHFQ Scores
Improving health-related quality of life is not only a major
treatment goal in HF but also an effective surrogate marker of
appropriate HF therapy and improved prognosis in HF patients
[17,38-40]. Among various methods of assessing health-related
quality of life, we used the MLHFQ, which has been extensively
validated in HF patients [18,19,38,40,41]. In our study, the mean
MLHFQ scores numerically decreased by about 2 points in all
patients (P=.18) and by 6.1 points in patients with good
adherence (P=.08) after 12 weeks of ICT-based telehealth
https://mhealth.jmir.org/2017/10/e127/
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program. Although there is no absolute cutoff for the MLHFQ
scores to discriminate between normal and impaired quality of
life, a decrease of more than 5 points is considered as a clinically
important change [42,43]. Previous studies have suggested that
the changes in the MLHFQ scores can translate into differences
in clinical outcomes of HF patients. For example, EPICAL trial
showed that a 10-point decrement in the MLHFQ scores was
associated with a 23% decrease in mortality and a 31% decrease
in readmission for HF [17]. Hoekstra et al [42] also reported
that each 10-point increment in the MLHFQ scores was
associated with a 7% increase in mortality. Given that the short
duration of intervention in this study led to a 6.1 point decrease
in the MLHFQ scores among patients with good adherence, an
ICT-based telehealth program seems promising to enhance
quality of life and consequently survival of HF patients. Since
the MLHFQ comprises three subscores (physical, emotional,
and socioeconomic dimensions), we also compared the changes
in each of the subscores between groups. In this analysis, the
reduction in the MLHFQ scores mostly stemmed from the
improvement in emotional aspects in patients with good
adherence, although the between-group difference was not
significant. These findings suggest that intense monitoring and
automated feedback using an ICT-based telehealth program can
play a pivotal role in providing emotional support for HF
patients. Considering the close relationship between emotional
health and hard clinical outcomes in HF [44,45], ICT-based
telehealth program has the potential to improve the prognosis
of HF patients. The improvement in physical subscores was
also numerically greater in patients with good adherence without
reaching statistical significance. Considering that patients with
good adherence to ICT-based telehealth program showed
reduced uNa, a surrogate marker of better control of sodium
intake, it seems plausible that this program can also be helpful
in improving the physical aspects of quality of life in HF
patients. A future study with a large sample size is needed to
validate these findings.

Importance of Adherence in Self-Care Management
Previous studies demonstrated that self-care management using
telemonitoring systems did not significantly improve hard
endpoints in HF patients, such as all-cause death or HF
hospitalization [46,47]. The low rate of adherence to self-care
management programs has been suggested as one of possible
reasons for these suboptimal results. In the tele-HF trial, only
55% of study patients utilized the telemonitoring system at least
3 times per week during 6 months and, furthermore, 14% of
patients never used this system during the study period [46]. In
our study, 23 of 27 patients (85.2%) utilized ICT-based
telehealth program at least 3 times per week during 12 weeks,
and there were no patients who did not use the program.
Furthermore, 10 of 27 patients (37.0%) used the ICT-based
telehealth program ≥100 times during the 12-week period,
indicating the use of this program more than once daily. These
patients with good adherence to the program showed the
improvement in sodium intake and quality of life. This improved
adherence of patients may be partially due to the enhanced
integration of ICT-based telehealth program into their daily
lives, with the easier use of such systems.
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User Experience With Voice Recognition Component
of the Technology
The user experience was positive with ≥85% patients indicating
satisfaction or neutral response with the voice recognition
system provided. This favorable user experience might have
been achieved by the acceptable success rate of voice
recognition in our study, considering that 95% accuracy is nearly
on par with that of human speech recognition. In this study,
however, the accuracy of voice recognition was affected by
adverse conditions, including the use of nonstandard speech,
voice alteration during walking, and the presence of substantial
background noise. Specifically, the success rate of voice
recognition was 91% and 86% for the patients who used
nonstandard language and for those who were walking during
the process of voice recognition, respectively. Furthermore, the
success rate was 87% in settings with increased background
noise level, such as when using public transportation. Hence,
the user experience can be further optimized by improving the
accuracy of voice recognition under these unfavorable
circumstances.

Implications of Using ICT-Based Telehealth Program
With Voice Recognition Technology on Study
Endpoints
HF patients performing and maintaining self-care management
behaviors, such as control of sodium intake (uNa), is one
practical implication of this technology from a health care
perspective. Although future studies with larger number of HF
patients are warranted, this technology also has the potential to
improve health-related quality of life (MLHFQ scores). Current
implications for improving functional capacity (6-min walk
test) or HF severity (NT-proBNP) are limited. Further studies
are also needed to determine whether the use of this technology
has workforce implications in the management of HF patients.

Study Limitations
This study has several limitations that should be considered.
First, our sample size was small and the duration of intervention
was short. This limitation made it difficult to show the benefit
of the ICT-based telehealth program for clinical outcomes in
HF patients, especially given the chronic and progressive nature
of HF. However, in the case of pilot studies, sample sizes of 10
to 30 are generally considered large enough to test the null
hypothesis and small enough to ignore weak treatment effects
[47]. Furthermore, even though our study population largely
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comprised patients with moderate to severe systolic dysfunction
(LVEF <40%) whose mortality is substantial (25.6%-41.7%)
[48], there was no mortality and only 2 patients withdrew
because of hospitalization for acute decompensated HF at the
early phase of the study. Notably, the most likely cause of HF
exacerbation in these patients was viral infection, not a high-salt
diet or poor adherence to medication. In addition, there were
no rehospitalizations or emergency department visits for HF
after 4 weeks of intervention in our study participants,
approximately 75% of whom had a history of prior HF
hospitalizations, suggesting that clinical outcomes can be
improved by applying this strategy to HF patients. Considering
that a prior history of HF hospitalizations has been reported as
a risk factor for repeat hospitalizations in HF patients [49,50],
our findings suggest that clinical outcomes can be improved by
the appropriate application of ICT-based telehealth program in
HF patients, although larger studies with longer follow-up are
definitely warranted. Second, the definition of good adherence
was arbitrary. We assumed that the total frequency of program
use of more than 100 times during the follow-up of 12 weeks
could be regarded as accessing the system at least once per day.
Third, we did not have data on baseline education level,
including literacy, health care literacy, digital literacy, and
numeracy skills of the study population, which can be critical
components for successful technology uptake [51]. Fourth,
although spot uNa provides an approximate estimate of sodium
excretion, it has limited usefulness as an indicator of long-term
dietary behavior change because of its short-term relevance.
Thus, a future study using a more accurate surrogate marker,
such as 24-hour urine sodium excretion, is warranted to more
clearly discern the beneficial effect of ICT-based telehealth
program on sodium intake. Finally, because of the lack of an
appropriate control arm, study findings should be interpreted
with caution. A prospective randomized study comparing an
ICT-based telehealth program with conventional HF care is
necessary to define the true clinical benefit from this therapeutic
strategy in HF patients.

Conclusions
Short-term application of ICT-based telehealth program in HF
demonstrated the potential to improve control of sodium intake
and quality of life in chronic HF patients with good adherence
to this program. Our results suggest that an ICT-based telehealth
program can be an effective strategy to achieve better patient
care and clinical outcomes in HF.
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Abstract
Background: Automatically detecting falls with mobile phones provides an opportunity for rapid response to injuries and better
knowledge of what precipitated the fall and its consequences. This is beneficial for populations that are prone to falling, such as
people with lower limb amputations. Prior studies have focused on fall detection in able-bodied individuals using data from a
laboratory setting. Such approaches may provide a limited ability to detect falls in amputees and in real-world scenarios.
Objective: The aim was to develop a classifier that uses data from able-bodied individuals to detect falls in individuals with a
lower limb amputation, while they freely carry the mobile phone in different locations and during free-living.
Methods: We obtained 861 simulated indoor and outdoor falls from 10 young control (non-amputee) individuals and 6 individuals
with a lower limb amputation. In addition, we recorded a broad database of activities of daily living, including data from three
participants’ free-living routines. Sensor readings (accelerometer and gyroscope) from a mobile phone were recorded as participants
freely carried it in three common locations—on the waist, in a pocket, and in the hand. A set of 40 features were computed from
the sensors data and four classifiers were trained and combined through stacking to detect falls. We compared the performance
of two population-specific models, trained and tested on either able-bodied or amputee participants, with that of a model trained
on able-bodied participants and tested on amputees. A simple threshold-based classifier was used to benchmark our machine-learning
classifier.
Results: The accuracy of fall detection in amputees for a model trained on control individuals (sensitivity: mean 0.989,
1.96*standard error of the mean [SEM] 0.017; specificity: mean 0.968, SEM 0.025) was not statistically different (P=.69) from
that of a model trained on the amputee population (sensitivity: mean 0.984, SEM 0.016; specificity: mean 0.965, SEM 0.022).
http://mhealth.jmir.org/2017/10/e151/
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Detection of falls in control individuals yielded similar results (sensitivity: mean 0.979, SEM 0.022; specificity: mean 0.991,
SEM 0.012). A mean 2.2 (SD 1.7) false alarms per day were obtained when evaluating the model (vs mean 122.1, SD 166.1 based
on thresholds) on data recorded as participants carried the phone during their daily routine for two or more days. Machine-learning
classifiers outperformed the threshold-based one (P<.001).
Conclusions: A mobile phone-based fall detection model can use data from non-amputee individuals to detect falls in individuals
walking with a prosthesis. We successfully detected falls when the mobile phone was carried across multiple locations and without
a predetermined orientation. Furthermore, the number of false alarms yielded by the model over a longer period of time was
reasonably low. This moves the application of mobile phone-based fall detection systems closer to a real-world use case scenario.
(JMIR Mhealth Uhealth 2017;5(10):e151) doi:10.2196/mhealth.8201
KEYWORDS
fall detection; lower limb amputation; mobile phones; machine learning

Introduction
Falls are a common occurrence in the elderly and in people with
lower limb amputations. In the elderly, they are the primary
cause of injury-related deaths [1], and for people older than 75
years, the estimated percentage who fall is more than 30% per
year [2]. Individuals with an amputation, especially elderly with
an amputation due to vascular disease, are at a similar or higher
risk for falls, with studies reporting that more than 50% of
individuals with a unilateral lower limb amputation had fallen
in the previous 12 months [3,4]. As such, detecting,
understanding, and reacting to falls are of very high importance.
Decreasing response time after a fall and improving fall
prevention strategies can dramatically enhance the quality of
life for people with lower limb amputations, as well as decrease
health care costs. Getting help following an immobilizing fall
improves the chance of survival by approximately 50% and
increases the likelihood of a return to independent living [5].
Therefore, detecting falls and understanding the environmental
circumstances that led to it is crucial for both timely assistance
and evaluation of prevention strategies.
Data from real-world fall events are essential for such analyses.
However, capturing data from real-world falls is difficult without
long-term continuous monitoring [6]. Mobile phones can provide
an inexpensive way to detect and measure falls over long time
periods [7-10]. All modern mobile phones are equipped with
multiple sensors—most notably accelerometers, gyroscopes,
barometer, and Global Positioning System (GPS)—which
generate a wide range of information regarding the user’s
movements and location. Furthermore, mobile phones include
memory, computing, and transmission capabilities, which makes
them a convenient platform to process the sensors’ data and
detect falls [11]. Mobile phones then promise a relatively
straightforward generation of large datasets because they can
unobtrusively record all the time.
Sensor-based fall-detection algorithms have shown encouraging
results in previous studies using young, unimpaired participants
performing simulated falls [12,13]. Many of these studies
employed threshold-based algorithms, such that a fall is detected
if one or more statistical measures (features) computed from
the acceleration exceeded a predefined threshold [6,14], whereas
some approaches employed machine-learning algorithms, either
supervised [15-18] or unsupervised [19]. Such studies showed
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that simulated falls can be successfully distinguished from daily
activities with high accuracy under laboratory-controlled
conditions.
Traditionally, studies have used unimpaired individuals for
training and testing fall-detection systems. However, a large
difference exists between movement patterns of individuals
with and without lower limb amputations [20]. Furthermore,
most studies have fixed the phone to a specific orientation and
location on the body, although phones are carried in multiple
locations during everyday use. Common movements, such as
taking the phone out of a pocket, could cause large accelerations
that may be confused with falls. Therefore, we do not know
whether these factors affect the accuracy of a fall-detection
algorithm when used with individuals with an amputation.
In this study, we developed a fall-detection classifier that is
robust to the previously mentioned sources of error (population,
location of the phone, environment) and successfully detect
falls in both control (non-amputee) and amputee populations.
We collected data from simulated falls and activities from both
control volunteers and individuals with transfemoral amputations
(TFAs) or above-the-knee amputations in both a laboratory and
outdoor environment. To account for the influence of phone
location, we collected simulated falls and activities data with
the mobile phone carried in three different common locations:
in a pouch at the waist, in a pocket, and in the participant’s hand.

Methods
Study Design
Data representative of typical activities of daily living and falls
was collected from both control participants and participants
with a unilateral TFA using a prosthesis. Participants with a
TFA were included in the study if they had a unilateral
amputation of the lower limb, above or below the knee, within
at least 6 months, and if they used either a mechanical or
microprocessor-controlled prosthesis on a daily basis. The study
was approved by Northwestern University Institutional review
board. Written informed consent was obtained from all
participants.
Data were collected from the accelerometer and gyroscope
sensor of a mobile phone (Samsung Galaxy S4) using the Purple
Robot app [21] running on Android 4.4.4. Purple Robot was
developed as a research platform for collecting data through
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hardware sensors on an Android mobile phone. Data from the
selected sensors are compiled and transmitted to a remote server
for storage and future analysis via Wi-Fi or cellular data
connection. The app also allows for some data processing to
occur on the phone.
The data sampling rate was approximately 50 Hz and could
vary depending on the phone central processing unit usage.
Participants carried the phone in three different locations during
the data collection: in a pouch worn on the waist, in a pants
pocket, or in their hand. Participants were asked to carry the
phone in these locations as they would carry their own phone
during daily use; as a result, there was some variation in the
precise placement of the device (eg, the pocket location included
both front and back pockets based on individual preference).
During data collection, a researcher annotated the start and end
time of each activity or fall with a second mobile phone running
Purple Robot.
All participants performed four types of simulated falls: forward
(trip), backward (slip), left, and right. Non-amputee participants
performed both indoor and outdoor falls, whereas participants
with amputation only fell indoors. During all simulated falls,
participants fell onto a padded mat (indoor) or grass (outdoor),
and wore several layers of padding and guards over the wrists,
elbows, knees, and shins to prevent injury. During simulated
trips, participants were asked to walk toward the mat and then
stumble on the edge as if tripping, then falling forward onto the
mat. For slips, participants were instructed to slide one foot out
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from under them as if slipping and fall backward onto the mat
(Figure 1). For lateral falls (left and right), participants were
asked to close their eyes and a researcher provided a push to
cause the participant to lose their balance and fall onto the mat.
The TFA participants were instructed to use whatever protective
strategies they might employ in a real fall event, such as turning
to avoid landing on their prosthesis. Participants performed each
fall type three times for each phone location, for a total of 36
simulated falls.
After completing the falls, participants performed a series of
daily activities, again with the phone varied between the three
different locations (see Multimedia Appendix 1 for a full list
of activities). The different activities performed were sitting,
standing, walking, stairs ascent/descent, and lying. During still
activities with the phone in hand, participants were asked to use
the phone as they usually would (eg, browsing the Internet,
checking text messages). In total, approximately 17 hours of
labeled data from falls and activities were obtained. In addition,
three participants with TFA carried the phone with them for a
period between two and seven days, so as to quantify the number
of false alarms per day generated by the fall-detection model.
No specific instructions were given to the participants, beyond
that of carrying the phone in either their pocket or in a pouch
around the waist for the majority of their daily routine. All three
participants chose to carry the phone in a pants pocket. Over
the entire recording period, a mean 213 (SD 182) clips per day
(total 2251) exceeded the 2 g threshold and were subsequently
analyzed.
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Figure 1. Experimental setup for capturing falls data and detecting falls. A non-amputee volunteer performed a series of falls, including trips (left) and
slips (right). A phone was carried in a pouch secured around the waist with a strap belt and in a pants pocket or in hand (not shown). The graphs show
example data captured by the phone accelerometer during the two types of falls over a 5 second window.

Data Preprocessing and Feature Extraction
Data collected by Purple Robot was transmitted to an external
server and downloaded for analysis using Matlab 2016b
(MathWorks) and Python 2.7. All data were organized into
5-second clips of data for feature extraction. For each fall event,
a 10-second long data clip centered on the peak acceleration
magnitude (ie, the impact) was extracted; from these clips, ten
5-second long windows were extracted based on a uniform
random distribution, such that the beginning of the fall in each
5-second window (clip) can occur with uniform probability in
the interval (0 s, 3 s). This was done to provide variety in the
location of the falls within a 5-second window.
Activities data were generated by taking all data from the
beginning to the end of the activities protocol and dividing it
into nonoverlapping 5-second windows. Thus, our activity data
included postural transitions (eg, sit-to-stand) and phone
transitions (eg, pocket-to-hand) that may be confounded with
falls by a classifier. We then selected activity clips whose total
acceleration (x2+y2+z2) was higher than 2 g, which corresponded
to the first percentile of the acceleration distribution within the
falls (Figure 2). Therefore, only activity clips that included high
accelerations and could thus resemble a fall were included in
the dataset. In total, 6637 clips (6337 falls, 300 non-falls) of
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data were obtained from the non-amputee control group and
1815 clips (1537 falls, 278 non-falls) from the TFA group.
After organizing data into the 5-second windows, the
accelerometer and gyroscope signals were interpolated to 50
Hz with a cubic polynomial. A total of 40 features were then
computed on each axis (x, y, z) and on the resultant vectors
(x2+y2+z2) for both the accelerometer and gyroscope signals
(Table 1). In training and testing our fall-detection models, all
feature vectors derived from activities were labeled as
“non-falls” and those derived from simulated falls as “falls.”

Model Training and Evaluation
We combined the predictions of four different classifiers through
stacking [22]: random forest (100 trees), support vector machine
[23] (linear kernel, C=1), gradient boosting (100 trees, maximum
depth=2), and extreme gradient boosting (XGBoost [24], 150
trees, maximum depth=2, learning rate=0.5, feature subsampling
rate=0.6). Each classifier (C1,...,C4) predicts the probability
Pi(fall|x) that the current clip x corresponds to a fall, and all the
probabilities are combined into a feature vector:
x meta=[P 1(fall|x),...,P 4(fall|x),σ(P i)]
where i=1,...,4, and these probabilities and their standard
deviation (σ) are used as input features to a meta-level classifier
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e151 | p.248
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(logistic regression [25,26]), which learns to combine the
individual predictions and outputs the final probability of the
clip x being a fall (Figure 3).
Classifier performance was evaluated either by
leave-one-subject-out cross-validation (LOSOCV) or with an
external validation set (see next section). Hyperparameters of
the base-level classifiers were tuned using a cross-validated grid
search. The primary measures chosen to summarize model
performance were sensitivity, specificity, and area under the
curve (AUC). Specificity and sensitivity values are reported
from the optimal point from the receiver-operator characteristic
(ROC) curve, or the point with the greatest sum of sensitivity
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and specificity. LOSOCV was used for determining the
threshold when evaluating the control-to-control model.
As a comparison, we evaluated the performance obtained when
using a threshold on a single feature, the maximum acceleration
magnitude. This was chosen as a high-performing representative
of threshold-based methods because the acceleration magnitude
is one the strongest single predictors of a fall and is frequently
used [27]. An ROC curve was obtained by measuring the
sensitivity and specificity as the threshold on maximum
acceleration magnitude was changed, from which we obtained
values for AUC, sensitivity, and specificity for this
single-feature approach.

Table 1. Features computed on each 5-second clip of sensor data (accelerometer and gyroscope) on either the vector resultant or on each axis (x, y, z).
Feature name

Number of features

Mean

1

Median

1

Standard deviation

1

Skewness

1

Kurtosis

1

IQR and derivative of IQR

2

Minimum and derivative of minimum

2

Maximum and derivative of maximum

2

Maximum, minimum, and IQR on each axis (x, y, z)

9

Total per sensor

20

Figure 2. The distribution of maximum acceleration values for falls and non-fall data clips. Values for non-amputee (left) and individuals with TFA
(right). Only activity (non-fall) clips with an acceleration greater than 2g were used in the analysis. Peak accelerations from participants’ daily routine
(home trial) are also shown for the TFA group. Boxes indicate interquartile (IQR) range; midlines and whiskers represent median and 1.5 IQR, respectively.
Individual points denote outliers.
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Figure 3. Five-second data clips are recorded from the mobile phone sensors (accelerometer and gyroscope), with each clip yielding a matrix of
dimension (3 channels × 250 samples) per sensor. A set of 40 features were calculated from a data clip, and the resulting feature vector x was input to
four different classifiers, which were combined through stacking to output the probability of the clip being a fall (see text for details).

Effect of Training Population and Phone Location
To determine whether data collected from control (non-amputee)
individuals will be effective to detect falls in amputees, we
trained and tested models under three training conditions: a
model trained and evaluated on control participants using
LOSOCV (control to control), a model trained using data from
all control participants and evaluated on data from the TFA
group (control to amputee), and a model trained and evaluated
on TFA participants using LOSOCV (amputee to amputee).
Each model was trained and evaluated using data collected in
all three phone locations. Furthermore, we assessed the
performance of the control-to-amputee model at detecting falls
from each individual location (waist, pocket, or hand). Each
model was also compared to its corresponding threshold-based
version, which represented the baseline performance.

Measuring Performance at Home
Our model is intended for real-time use on a mobile phone;
therefore, we also collected data from TFA participants while
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they carried the phone in a pocket for at least 2 days. No
participant fell during this data collection, so the data represents
only non-fall events. This dataset was filtered as before,
generating a total of 2467 data clips above the 2 g threshold.
Resampling and feature extraction were performed as previously
to prepare the data for model evaluation. The preceding analysis
procedure was repeated, using data collected at home to
represent non-falls, rather than daily activities performed in the
laboratory.

Results
A total of 7 amputees (mean 47.4, SD 12.0 years) and 10 control
non-amputee participants (mean 24.2, SD 2.2 years) took part
to the study. One amputee participant withdrew before
performing the outdoor falls protocol and their data was
therefore excluded from the analysis. Also, two amputee
participants could not complete the entire set of falls because
of fatigue. Table 2 describes participant demographics for both
groups.
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Table 2. Demographic information of participants.
Subject ID

Age (years)

Gender

Height (ft/in) Weight (lbs)

Amputation
side

Amputation rea- Type of prosthesis
son

AF004

58

Male

5'10“

203

Left

Trauma

Mechanical

AF005

51

Female

5'5”

160

Right

Cancer

Microprocessor

AF006

24

Male

5'10“

205

Right

Cancer

Microprocessor

AF007

54

Male

6'1”

240

Left

Trauma

Hydraulic

AF008

37

Female

5'3“

102

Right

Congenital

Mechanical

AF010

61

Male

5'11”

267

Left

Trauma

Hydraulic

AF011

47

Male

5'9“

224

Left

Accident

Microprocessor

CF023

23

Female

5'8”

140

CF024

24

Female

6'3“

155

CF025

24

Female

5'8”

150

CF026

23

Female

5'6“

130

CF027

23

Female

5'2”

128

CF028

25

Male

6'1“

230

CF029

27

Female

5'0”

100

CF030

29

Female

5'3“

105

CF031

21

Male

5'9”

260

CF032

23

Male

5'10“

145

Amputee participants

Control participants

We compared the performance of a fall-detection model trained
on data from control individuals with that of a model trained
on data from the TFA population. We examined how carrying
the mobile phone in different locations affected the accuracy
of fall detection. To evaluate false positives during everyday
life, we assessed the performance of the model when three
individuals with TFA carried the phone for a minimum of 48
hours during their daily routine.

Effect of Population
Our results indicated that a fall-detection classifier trained using
data from control participants was able to reliably separate falls
from daily activities in individuals with TFA (Figure 4). The
performance of this model (control to amputee: AUC mean
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0.996, 1.96*standard error of the mean [SEM] 0.004) was not
significantly lower than that of a model trained on TFA
individuals (amputee to amputee: AUC mean 0.995, SEM 0.004)
(Wilcoxon rank-sum test, z=.40, P=.69). Fall-detection accuracy
for a model trained and tested on non-amputee individuals
yielded similar performance (control to control: AUC mean
0.997, SEM 0.003) (z=.65, P=.52). Stacking classifiers
outperformed the threshold-based classification models in both
populations (control to control: z=3.63, P<.001; amputee to
amputee: z=1.92, P=.06; control to amputee: z=2.08, P=.04).
Table 3 summarizes the fall detection results obtained with each
model. Therefore, detecting falls in individuals with TFA could
be achieved by only using training falls and activity data from
non-amputee individuals.
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Table 3. Summary results for models trained and tested on each population (control or amputee). Sensitivity and specificity values represent the optimal
point of the ROC curve.
Method and performance metric

Model, mean (1.96 SEM)
Control-control

Control-amputee

Amputee-amputee

AUC

0.997 (0.003)

0.996 (0.004)

0.995 (0.004)

Sensitivity

0.979 (0.022)

0.989 (0.017)

0.984 (0.016)

Specificity

0.991 (0.012)

0.968 (0.025)

0.965 (0.022)

AUC

0.960 (0.020)

0.939 (0.059)

0.939 (0.059)

Sensitivity

0.915 (0.040)

0.878 (0.097)

0.878 (0.097)

Specificity

0.927 (0.045)

0.922 (0.045)

0.922 (0.045)

Stacking

Threshold-based

Figure 4. Effect of population on model accuracy. Receiver-operator characteristic curves of fall-detection models based on threshold (blue) or using
stacked classifiers (green) trained and tested on data from non-amputee individuals (control-control) and individuals with TFA (amputee-amputee), and
trained on non-amputee individuals and tested on TFA data (control-amputee). Shaded areas are 95% confidence intervals from bootstrapping.

Effect of Location
To assess how the location where the phone was carried affected
fall-detection accuracy, we examined the performance of the
control-amputee model for each location separately (Figure 5).
Carrying the phone in the pocket yielded the highest AUC (mean
1.000, SEM 0.000) followed by hand (mean 0.997, SEM 0.003)

and waist (mean 0.992, SEM 0.012); however, no statistically
significant differences were found between these values
(z=0.37-1.47, P=.14-.72). Our stacked classifier model showed
less intersubject variability than threshold approaches. A
summary of results is reported in Table 4. Regardless of the
location, the AUC values suggest good algorithm performance
for the stacked classifiers.

Table 4. Summary results for the control-to-amputee model tested on in-laboratory data organized by phone location.
Method and performance
metric

Mobile phone location, mean (1.96 SEM)
Waist

Pocket

Hand

All

AUC

0.992 (0.012)

1.000 (0.000)

0.997 (0.003)

0.996 (0.004)

Sensitivity

0.990 (0.017)

1.000 (0.000)

0.989 (0.013)

0.989 (0.017)

Specificity

0.982 (0.033)

1.000 (0.000)

0.980 (0.036)

0.968 (0.025)

AUC

0.929 (0.097)

0.948 (0.065)

0.984 (0.027)

0.939 (0.059)

Sensitivity

0.932 (0.087)

0.979 (0.036)

0.995 (0.010)

0.878 (0.097)

Specificity

0.915 (0.112)

0.934(0.115)

0.939 (0.092)

0.922 (0.045)

Stacked classifiers

Threshold
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Figure 5. Effect of phone location on fall-classification accuracy. Receiver-operator characteristic curves for the control-amputee model organized by
test location (green: stacked classifiers; blue: threshold model). Shaded areas are 95% confidence intervals.

Home Data Analysis
A fall-detection model can be effectively deployed outside of
a laboratory setting if the number of false alarms generated is
small. Therefore, we tested our model on data from three
individuals with TFA who, following the experimental session,
carried the mobile phone with them during their daily routine
for a period between 2 and 7 days. All participants chose to
carry the phone in their pocket and were not given any indication
on how to carry the phone otherwise. The participants did not
experience a fall during the recording period. Testing the model
during the home period allowed us to meaningfully assess the
false positive rate.
Performance of our model on the home data was comparable
to performance obtained on laboratory data (control-to-amputee

model, Figure 6 and Table 5; z=1.03, P=.30), with a mean AUC
across the three participants of 0.992 (SEM 0.001); sensitivity:
mean 0.970, SEM 0.021; specificity: mean 0.950, SEM 0.016.
The stacked classifiers model also performed better than the
threshold method (z=1.96, P=.05), with all results reported in
Table 5. We also calculated the false alarms rates for these three
participants: at a sensitivity of 90%, there were 1.0, 4.6, and 1.1
false alarms per day (mean 2.2, SD 1.7), whereas for the
threshold approach, the false alarm rates were 4.9, 357.0, and
4.4 per day (mean 122.1, SD 166.1), respectively. The high
false positive rate for the second participant appears to be the
result of both low acceleration magnitude during simulated falls
and high acceleration magnitude during at-home activities. Thus,
our model can effectively detect falls while keeping its false
alarm rate to a reasonable low value when deployed outside of
a laboratory-controlled scenario.

Table 5. Summary results for each model on home data.
Performance metric

Method, mean (1.96 SEM)
Stacked classifiers

Threshold

AUC

0.992 (0.001)

0.879 (0.121)

Sensitivity

0.970 (0.021)

0.842 (0.188)

Specificity

0.950 (0.016)

0.844 (0.011)
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Figure 6. Fall-detection performance on home data. Receiver-operator characteristic curve averaged across the three amputee participants. Data include
both the participants’ daily routine data and the in-laboratory falls. Shaded areas are 95% confidence intervals.

Discussion

to build a fall-detection system that can be deployed in an
everyday scenario.

Principal Results

We compared a machine-learning model based on 40 features
to a threshold-based approach, which used a single feature
(maximum acceleration) to detect whether the motion of the
phone constituted a fall event. Our model yielded an average
of two false alarms per day versus approximately 122 produced
by the threshold model. This result is at least as good as current
state-of-the-art fall-detection systems based on a waist-mounted
wearable accelerometer [6]. Therefore, combining multiple
features through machine learning confers a significant
advantage to build a robust phone-based fall detection system.

We developed a fall-detection classifier using data collected
from the inertial sensors of a mobile phone, carried by
non-amputee individuals and by individuals with a TFA. In
order to mimic a naturalistic setting, phones were carried in
three common locations (pouch, pocket, or hand) and without
standardizing the orientation of the phone. We observed no
significant effect of the population used for training the model
on the fall detection accuracy; a model trained on non-amputee
data was as accurate as one trained on our pool of individuals
with TFA. Therefore, fall detection can be reliably performed
in amputee participants using data from non-amputee
participants.
Previous studies have generally used validation on non-amputee
participants despite the fact that the clinical population is the
real target. However, participants with mobility impairments
display different movement patterns from unimpaired
individuals, which can affect the accuracy of activity recognition
classifiers [28-30]. We pursued the possibility that amputee
movements during activities and simulated fall events may have
been unique enough to suggest population-specific model
training. Our results did not show such a dependency, thus
suggesting that a fall-detection model trained on non-amputee
individuals can generalize to other clinical populations prone
to falls.
We collected falls and activity data as the phone was carried
across common locations to mimic a naturalistic scenario.
Nevertheless, we observed that the peak acceleration from
real-world data exceeded the range of accelerations of the
in-laboratory activities. This is not surprising because prior
studies also found that in-laboratory activities look different
from real-world unstructured behaviors [30]. Thus, falls and
activity data during natural use of the phone must be collected
http://mhealth.jmir.org/2017/10/e151/
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The purpose of this work was to develop a system that can
capture real-world falls with high probability, while reducing
the number of false alarms. In addition to the inertial
measurement unit (accelerometer, gyroscope) data used for the
study, mobile phones can also collect location and weather data,
as well as responses to survey questions sent to the participants.
This data could be uploaded to a remote server for further
analysis, including classification of fall types and the activity
preceding the fall. This host of information can be used to build
better fall monitoring systems, as well as understanding the
context where real falls can occur in amputees.

Limitations
One limitation of this study is the fact that we did not
incorporate real-world falls, but rather falls in a controlled
setting either initiated by the participant (for slips and trips) or
induced by pushing (for lateral falls). Our goal was to collect
falls data that approximate real falls, while being practical and
safe for our participants. Real falls may have a different
movement pattern than simulated falls [31], and algorithms
developed on simulated falls can fail when tested on real falls
[6]. We will acquire real-world falls data for future work by
letting participants carry the mobile phones and report the
natural falls when they occur using the Purple Robot app; this
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e151 | p.254
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data could then be used to refine the detection algorithm and
improve the system reliability over time.
Although two false alarms per day is a reasonably low value,
this result might still produce a large number of false positives
relative to the total number of falls that can be expected to
capture. Additional analysis is necessary to differentiate false
positives from actual falls. This could be done by analyzing
other sources of information surrounding the fall, such as GPS
and activity data. For example, this would distinguish someone
who fell and remained on the ground from someone who lost
their balance but continued to walk afterwards, or a phone
dropped on the ground and then picked up. Such an analysis
could be performed either on the phone or on a remote server,
depending on its complexity.
A larger feature set or larger clip lengths could also be used to
further reduce the number of false positives, and remains to be
explored. For example, previous models have used features
describing posture and frequency domain features [6,15].
However, the computational complexity has to be balanced
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against the need for real-time continuous monitoring.
Alternatively, a more complex analysis could be also run on a
remote server, with the phone filtering for probable falls.

Conclusions
We developed a machine-learning classifier to detect falls in
people with lower limb amputations using data from mobile
phone inertial sensors. Our results demonstrate that a classifier
trained on falls from non-amputee participants can reliably
generalize to other populations while the mobile phone is
naturally carried in multiple locations. Our approach yields a
significant advantage over a threshold-based classifier because
it drastically reduces the number of false alarms, which is
arguably necessary for fall-detection system to be of practical
use. By applying the techniques used here, along with
improvements in battery management, we believe that fall
detection comes one step closer to improving the interventions
performed after individuals with disabilities experience a fall.
Currently, we are in the process of collecting real-world falls
in individuals with lower limb amputations to test our
fall-detection system in everyday life.
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Abstract
Background: Emerging evidence indicates mobile technology–based strategies may improve access to secondary prevention
and reduce risk factors in cardiac patients. However, little is known about cardiac patients’ use of mobile technology, particularly
for health reasons and whether the usage varies across patient demographics.
Objective: This study aimed to describe cardiac patients’ use of mobile technology and to determine variations between age
groups after adjusting for education, employment, and confidence with using mobile technology.
Methods: Cardiac patients eligible for attending cardiac rehabilitation were recruited from 9 hospital and community sites
across metropolitan and rural settings in New South Wales, Australia. Participants completed a survey on the use of mobile
technology devices, features used, confidence with using mobile technology, willingness and interest in learning, and health-related
use.
Results: The sample (N=282) had a mean age of 66.5 (standard deviation [SD] 10.6) years, 71.9% (203/282) were male, and
79.0% (223/282) lived in a metropolitan area. The most common diagnoses were percutaneous coronary intervention (33.3%,
94/282) and myocardial infarction (22.7%, 64/282). The majority (91.1%, 257/282) used at least one type of technology device,
70.9% (200/282) used mobile technology (mobile phone/tablet), and 31.9% (90/282) used all types. Technology was used by
54.6% (154/282) for health purposes, most often to access information on health conditions (41.4%, 117/282) and medications
(34.8%, 98/282). Age had an important independent association with the use of mobile technology after adjusting for education,
employment, and confidence. The youngest group (<56 years) was over 4 times more likely to use any mobile technology than
the oldest (>69 years) age group (odds ratio [OR] 4.45, 95% CI 1.46-13.55), 5 times more likely to use mobile apps (OR 5.00,
95% CI 2.01-12.44), and 3 times more likely to use technology for health-related reasons (OR 3.31, 95% CI 1.34-8.18). Compared
with the older group, the middle age group (56-69 years) was more than twice as likely to use any mobile technology (OR 2.42,
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95% CI 1.27-4.59) and mobile technology for health-related purposes (OR 1.92, 95% CI 1.04-3.53). Participants who had
completed high school were twice as likely to use mobile technology (OR 2.62, 95% CI 1.45-4.70), mobile apps (OR 2.05, 95%
CI 1.09-3.84), and mobile technology for health-related reasons (OR 5.09, 95% CI 2.89-8.95) than those who had not completed
high school. Associations were also present between participants living in metropolitan areas and mobile technology use (OR
1.07, 95% CI 1.07-4.24) and employment and mobile app use (OR 2.72, 95% CI 1.44-5.140).
Conclusions: Mobile technology offers an important opportunity to improve access to secondary prevention for cardiac patients,
particularly when modified to suit subgroups. High levels of mobile technology use and health motivation need to be harnessed
for secondary prevention.
(JMIR Mhealth Uhealth 2017;5(10):e161) doi:10.2196/mhealth.8352
KEYWORDS
mobile phone; cell phone; digital divide; cardiac rehabilitation; cardiovascular disease

Introduction
Cardiovascular disease (CVD) is a leading cause of death and
disability globally [1]. Recurrence of cardiac events is common,
causing frequent hospitalizations and high costs to the health
system [2]. Secondary prevention is the key to limiting
recurrence, yet patients struggle with initiating and maintaining
the required behaviors [3]. An important evidence-based,
cost-effective secondary prevention strategy is comprehensive
cardiac rehabilitation (CR). Participation in CR reduces
mortality and risk factors, as well as promotes recovery and
quality of life [4,5]. Despite this, CR is underutilized, with less
than one-third of eligible patients attending and dropout rates
estimated at 25% [6]. A key factor contributing to poor CR
participation is that delivery is in-person and offered at limited
times and locations, so patients with limited resources,
comorbidities, and other demands, such as caring roles, are
unable to attend [7,8]. Technology, particularly, mobile devices
that provide Internet access, offers a potential solution to reduce
these barriers and improve access to secondary prevention
strategies.
Advantages of mobile technologies for secondary prevention
include timely patient education, real-time tracking of behavior,
reminders, and prompts. Persuasive technology design and
gaming principles can also be incorporated to promote key risk
reduction across the life course [9,10]. Patients may also access
health information and connect with health professionals and
fellow cardiac patients more directly. Patients and health care
providers may benefit from an increased capacity to compile,
store, and deliver data, which may be used to assess and improve
effectiveness. When mobile technologies are incorporated or
offered as an alternative to traditional CR, improvements in
multiple risk factors occur and mortality benefits have shown
to be equal for both modes of delivery [11]. However, evidence
regarding the benefits of specific mobile technology–based
strategies for secondary prevention in cardiac patients is still
evolving. Furthermore, implementation of these new strategies
into practice is rare [12], in part because of lack of convincing
evidence that cardiac patients are currently using mobile
technology and the perceptions that the older age of this
population will be a barrier.

http://mhealth.jmir.org/2017/10/e161/

XSL• FO
RenderX

Mobile Technology Use and Age
Mobile technologies have advanced rapidly and their adoption
has been widespread in developed countries, with seniors
showing the fastest adoption rates [13]. However, age is
frequently perceived as a critical and a potential barrier to
technology engagement because age influences the opportunities
people have had to develop familiarity, skills, and confidence
with technology from their education and employment
experiences [14]. Barriers and facilitators may also be
idiosyncratic to a particular technology or functionality for an
age group [15]. People who are currently aged between 50 and
70 years tend to have used computers, Internet, email, and
various other technologies and features in their work and daily
life but, perhaps, not a mobile phone. When this age group does
use a mobile phone, they tend not to use all the features, such
as apps, or may not do so confidently [15]. Whereas, people
aged under 50 years tend to have been exposed to multiple
technologies through education and employment; therefore,
they are more likely to confidently use the full extent of mobile
phone features, including schedulers, apps, and social media.
In contrast, people aged 70 years and older generally use devices
in a more passive way, such as using a mobile phone for voice
calls and receiving texts [16,17]. This older subgroup will turn
to computers and tablet devices for Internet use [15], in part,
for the bigger screen because of visual impairment, and they
tend to rely on younger people in areas where they are less
confident, such as for setup and problem solving [17]. Therefore,
the influence of the patient’s age is crucial to consider in any
investigation of technology use for health [14].

Mobile Technology Use in Cardiac Rehabilitation
Patients
Research into cardiac patients’ engagement with mobile
technology is in its infancy. Two studies were found that
investigated technology use in CR patients of samples in New
Zealand (n=74) [18] and Ireland and Belgium (n=298) [19].
The majority (97% [72/74] and 93.9% [280/298]) had a mobile
phone, and mobile phone use was 38% (21/74) and 63.1%
(188/298), respectively, with 74% (55/74) and 74.0% (220/298)
of both samples accessing the Internet daily. Older patients were
less likely to use mobile phone features or to be interested in
Web-based CR programs [19]. The influence of education,
employment, and confidence in mobile technology use was not
assessed, and may have been significant, given that the samples
from Ireland and Belgium were highly educated [19]. A more
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thorough understanding of the use of technology devices and
functionalities across age groups of cardiac patients is needed.
This knowledge will ensure that health technology interventions
can be developed with an understanding of the subgroup for
whom they are most likely to benefit and or modified to ensure
that the attributes and requirements are suitable to the larger
population of cardiac patients.
This study aimed to describe cardiac patients’ patterns of use
of mobile technology and to determine the impact of age group
after adjusting for education, employment, and confidence in
mobile technology use.

Methods
Design and Patients
This multisite study involved a cross-sectional survey of cardiac
patients, both in metropolitan settings (university [n=3] and
community [n=3] hospitals) and rural settings (university [n=1]
and community [n=2] hospitals), in New South Wales, Australia.
Human research ethics approval was received from all
institutions involved LNR/15 HAWKE/450.
Patients met inclusion criteria if they were: (1) current inpatients
with a cardiac diagnosis and were eligible to be referred to CR,
or (2) currently enrolled in a CR program, and (3) had sufficient
understanding of the English language for consent and
questionnaire processes. Patients with neurocognitive disorders
and major visual impairment were excluded.
Sample size was calculated to be 250 patients, based on eight
variables (gender, age group, home language English, education,
marital/partner status, employment status, metropolitan or rural
residence, confidence in mobile technology use) and on the
basis of multiple regression analysis of technology engagement,
and power was set at 80% and alpha=.05.
Current inpatients eligible for referral to and or patients currently
attending CR were approached to participate in the study; once
their consent was obtained, the survey was completed. Staff
received training to ensure the survey process was standardized
and remained present to assist if needed. A total of 296 patients
were approached and 282 were recruited; reasons for refusal
included not interested in being involved in research (n=6) and
currently not using technology of any type and therefore not
interested in this specific project (n=8).

Data Collection
Technology engagement was assessed using a 20-item survey
combining components of questionnaires developed by Edwards
et al [20] for use and confidence-in-use and Illiger et al [21] for
use of mobile technology. All of the following questions were
in checklist format with tick-box responses for when the item
applied. Questions related to whether participants currently used
technology devices (computer, tablet, mobile phone, voice/text
only phone, and activity trackers) and features that were
regularly used (voice calls, text messages, email, Internet,
Skype/Facetime, mobile apps, social media, scheduling, and
information access). Participants were then asked separately to
identify the devices they, (1) felt confident in using; (2) could
easily learn; and (3) would like to learn to use. Additionally,
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participants were then asked to identify any health-related use
of the Internet to (1) access information on health and heart
conditions, treatments, medications, and lifestyle change and
(2) communication with health professionals or other heart
patients.
Confidence with technology use was modified from the original
questionnaires to refer to technology overall [20]. However,
pilot testing of this item indicated that participants focused
primarily on using new programs. Therefore, an item was
created that assessed confidence with technology use based on
how quickly participants felt they could use a new program on
any device (1=very quickly to 4=very slowly). A pilot test of
the full survey was conducted on 15 cardiac patients to assess
the appropriateness of format and understanding of survey items,
minor modifications were then made to improve readability,
accuracy, and specificity.
Sociodemographic data (age, gender, ethnicity, home language,
education level achieved, marital/partnership status, and
employment) and clinical details were collected to characterize
the sample and include in the analyses [22], Patients who
indicated they did not use any technology completed the
sociodemographic and clinical details only.

Statistical Analysis
Sociodemographic characteristics, engagement with different
types of technology and functionalities were described using
means, standard deviations (SD), frequencies, and percentages.
Participants were grouped by age into categories of <56, 56-69,
and >69 years to allow comparisons with the literature [14,16]
and with reference to population level surveys of technology
access and use [15,23]. The most relevant for the study context
is the DeLoitte 2015 Australian technology survey, which
categorized older Australians using a 68-year age threshold
[15], and as the study recruited 1 year later than the report, 69
years of age was used. The final category was used to
differentiate the age group for which technology was integral
to their education and employment, in this case 56 years [24].
Comparisons between age groups were conducted using
chi-square test for categorical variables and one-way analysis
of variance followed by Tukey test for continuous variables.
“Mobile technology” was defined as use of a mobile phone or
tablet, and “health-related use” as Internet use to access health
information or communicate with health professionals or other
heart patients. The independent factors associated with mobile
technology, mobile apps, and health-related Internet use were
determined using simple linear regression analysis for each
technology using the variables such as gender, age group, home
language English, completed high school, marital/partner status,
currently employed, metropolitan or rural resident, and overall
confidence. All assumptions required for the linear regression
analysis were met. The P value was set at .05 for all analyses,
with Bonferroni correction to P value of .01 when multiple
analyses occurred.

Results
The sample (n=282) had a mean age of 66.5 (SD 10.6, range
31-92) years, 72.0% (203/282) were male, and 79.1% (223/282)
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lived in a metropolitan area (Table 1). All patients had at least
one cardiac diagnosis, the most common being percutaneous
coronary intervention (33.3%, 94/282), myocardial infarction
(22.7%, 64/282), and coronary artery bypass graft surgery
(22.3%, 63/282). The majority (91.1%, 258/282) of participants
currently used at least one type of technology, 70.9% (200/282)
used mobile technology (mobile phone/tablet), and 31.9%
(90/282) used all types. The most common single technology
used was desktop/laptop computers (68.1%, 192/282) followed
by mobile phones (63.8%, 180/282), mobile phones were also
the device reported most often reported as being used

confidently, correspondingly 69.9% (197/282) and 62.8%
(177/282) (Figure 1). Mobile phones and tablets were the types
of technology that if not currently used, participants most often
felt confident they could learn to use (41.1%, 116/282 and
37.9%, 107/282, respectively) and wanted to learn to use
(13.1%, 37/282 and 14.2%, 40/282, respectively). As age
increased, participants were less likely to use any mobile
technology (mobile phone/tablet) (overall and post hoc bivariate
analyses P<.001), and overall confidence for technology use
decreased significantly (overall and post hoc bivariate analyses
P<.001) (Table 1).

Table 1. Sample characteristics and technology use of study participants compared for age category (N=282).
Characteristics

Age category (years)

P value, across ages

<56, N=44

56-69, N=123

>69, N=115

34 (77)

91 (74.0)

79 (68.7)

.52

Married/partnered, n (%)

33 (75)

82 (66.7)

69 (60.0)

.18

English primary language, n (%)

42 (95)

111 (90.2)

105 (91.3)

.79

Completed high school, n (%)

30 (68)

81 (65.9)

67 (58.3)

.36

Employed, n (%)

29 (65)

49 (39.8)

6 (5.2)

<.001

Metropolitan residence n (%)

35 (79)

96 (78.0)

94 (81.7)

.77

Mobile technologya, n (%)

39 (88)

96 (78.0)

65 (56.5)

<.001b

Mobile apps, n (%)

31 (70)

52 (42.3)

24 (20.9)

<.001b

Health-related use, n (%)

32 (72)

74 (60.2)

49 (42.6)

.001b

2 (0.92)

2.41 (0.96)

2.67 (0.89)

.001b

Gender
Male, n (%)

Technology use

Confidence (1-highest, 4-lowest), mean (SD)
a

mobile phone or tablet.

b

post hoc analyses all P<.01.

Figure 1. Use, confidence, and willingness to learn to use different technology devices.
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Figure 2. Use of technology features compared by age group.

Mobile technology (mobile phone/tablet) features used most
often were voice calls (79.8%, 225/282), text messaging (70.6%,
199/282), sending email (55.3%, 156/282), using the Internet
(52.1%, 147/282), and mobile apps (37.9%, 107/282). A small
proportion (9.9%, 28/282) used all functionalities. With
advancing age, every type of feature was used significantly less
often, including mobile apps, with the exception of voice calls
and Skype/Facetime (overall and post hoc bivariate analyses
P<.001) (Figure 2,Table 1).
Technology was used by 54.6% (154/282) for health purposes,
which included accessing health information, and this occurred
most often for health conditions (41.5%, 117/282) and
medications (34.8%, 98/282). As the age of the sample
increased, health-related use decreased significantly (overall
and post hoc bivariate analyses P<.001) (Table 1), including
accessing information related to lifestyle changes, heart
conditions and treatments, and communicating with health
professionals (overall and post hoc bivariate analyses P<.01)
(Figure 3). In contrast, accessing information on health
conditions and medication information did not alter significantly.
Different patterns of use were observed (not statistically tested)
across age groups as the gap between mobile technology device
use and the use of the device features, such as apps, was much
larger in the two older groups (>69 years: mobile technology
use of 56.5% [65/115] vs app use of 20.9% [24/115]; 56-69
years: mobile technology use of 78.0% [96/123] vs app use of
42.3% [52/123]), than in the youngest group (<56 years: mobile
technology use of 88% [39/44] vs app use of 70% [31/44])
(Table 1). This gap was also present in health-related technology
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use but was much smaller and similar across age groups (>69
years: mobile technology use of 56.5% [65/115] vs
health-related use of 42.6% [49/115]; 56-69 years: mobile
technology use of 78.0% [96/123] vs health-related use of 60.2%
[74/123]; and <56 years: mobile technology use of 88% [39/44]
vs health-related use of 72% [32/44]).
Age had an important independent association with mobile
technology use after adjusting for education, and employment
and other important variables (Table 2). Compared with the
oldest age group, the youngest age group was at least four times
more likely to use any mobile technology (odds ratio [OR] 4.45,
95% CI 1.46-13.55), 5 times more likely to use any mobile apps
(OR 5.0, 95% CI 2.01-12.44), and 3 times more likely to use
mobile technology for health-related reasons (OR 3.31, 95%
CI 1.34-8.18). This association was evident but less pronounced
when the middle age group was compared with the oldest age
group, with participants more than twice as likely to use any
mobile technology (OR 2.42, 95% CI 1.27-4.59) and mobile
technology for health-related purposes (OR 1.92, 95% CI
1.04-3.53). Education was also important, with participants who
had completed high school being much more likely to use any
mobile technology (OR 2.62, 95% CI 1.45-4.70), mobile apps
(OR 2.05, 95% CI 1.09-3.84), or to use mobile technology for
health-related reasons (OR 5.09, 95% CI 2.89-8.95), rather than
those who had not completed high school. Living in
metropolitan areas increased the likelihood of any mobile
technology use (OR 2.13, 95% CI 1.07-4.24), and employment
increased the likelihood of using any apps (OR 2.72, 95% CI
1.44-5.14).
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Table 2. Factors independently associated with mobile (mobile phone/tablet) technology use.
Characteristics

Mobile phone/tablet

Mobile apps

Health-related

ORa (95% CI)

P value

OR (95% CI)

P value

OR (95% CI)

P value

<56 years vs >69 years

4.45 (1.46-13.55)

.009

5.00 (2.01-12.44)

.001

3.31 (1.34-8.18)

.01

56-69 years vs >69 years

2.42 (1.27-4.59)

.007

1.79 (0.93-3.45)

.08

1.92 (1.04-3.53)

.04

Completed high school

2.62 (1.45-4.70)

.007

2.05 (1.09-3.84)

.02

5.09 (2.89-8.95)

<.001

Metropolitan residence

2.13 (1.07-4.24)

.03

1.41 (0.65-3.04)

.39

1.63 (0.82-3.23)

.16

Employed

1.94 (0.87-4.33)

.12

2.72 (1.44-5.14)

.002

1.35 (0.69-2.59)

.39

1.66 (0.87-3.18)

.12

0.61 (0.32-1.14)

.12

0.67 (0.37-1.22)

.19

Age

Gender
Male
a

OR: odds ratio.

Figure 3. Health-related technology uses compared by age group.
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Discussion
Principal Findings
This study provides evidence that majority of patients eligible
for or already attending CR, use mobile technologies such as
mobile phones or tablets, providing the first evidence for the
feasibility of using these technologies as an important alternative
for delivering secondary prevention in more diverse samples.
The study results contribute to the currently limited evidence
that technology use is also very common when the sample is
more diverse, including lower education and language
backgrounds. Use of texting, Internet, and email were
particularly high across all age groups. However, age and
education were important influences in technology use and
confidence of use. Younger and more educated patients were
more likely to use mobile technology and to do so for health
reasons, as well as to use apps, especially, if they were
employed. Younger patients were also more confident in
technology use.
Mobile technology use was high and comparable to the other
limited studies in cardiac patients, despite the sample having
much lower education levels. Mobile phone use (63.8%,
180/282), was similar to reports from Ireland and Belgium
63.1% (188/298), [19] but much higher than a sample from New
Zealand 38% (21/74) [18]. An earlier recruitment year for the
New Zealand sample may have contributed to this variation,
despite being only 3 to 4 years, given the rapid penetration of
mobile phones into the market and uptake of mobile technology
in older groups such as cardiac patients [15]. Furthermore, this
study identifies that the majority (54.6%, 154/282) of patients
eligible for CR are using mobile technologies for health-related
purposes [19], which was higher than reports from studies of
general patient samples [16,21]. Common health-related uses
included accessing health information, communicating with
health professionals, and the use of activity-tracking devices
[19]. It is important to capitalize on these health-related
motivations given that a recent systematic review suggests that
mobile health (mHealth) interventions can improve
cardiovascular-related lifestyle behaviors and disease
management in a way that is scalable to the public health level
[25]. It is also important to acknowledge that cardiac patients
use multiple sources of informational and behavioral support
for their health and to include these aspects in patient education
and recommend credible and trustworthy sources [9] would be
helpful. Identification of any subgroups of users within cardiac
patients and insight into associated differences within these
subgroups of users is essential to the process.
Age was an important defining factor in cardiac patients’
engagement with mobile technology, including for health-related
purposes. This study adds to existing findings that a “digital
divide” is present in mobile technology access and use for health
reasons, and it also occurs in patients with cardiac conditions
[14,16,26]. These previous studies proposed that the divide is
the result of the relative presence of opportunities provided by
education and employment that vary with age. This study is the
first to identify that education and employment are indeed
important, but the effect of age is also important and is
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independent of these aspects. Rather than a digital divide in
mobile technology use created by age, education and
employment, for cardiac patients the three age-defined groups
identified by DeLoitte [15] proved accurate and reflected
similarities to those identified by LeRouge et al [14]. For
instance, younger individuals (<56 years) were highly engaged
with mobile technology, using multiple devices and interactive
features, such as apps, and frequently doing so for health. More
than half of this group accessed online health and medication
information, and more than a third accessed lifestyle and
cardiac-related information and used trackers for their activity.
The middle-aged group defined by LeRouge et al [14] as the
Baby Boomer group (56-69 years) was also highly engaged
with mobile technology, but their use was more narrowly
focused, being far less likely to include interactive functionalities
such as apps or trackers or to use mobile technology for health
reasons. On the other hand, the oldest group (>69 years) were
much less likely to be using mobile technology in all respects
[14]. As a consequence, when mHealth interventions are
developed, efforts should be made to ensure older patients are
not accidentally excluded.
Aside from a lower likelihood of experience with mobile
devices, aging is also accompanied by important changes in
visual acuity and manual dexterity, which limits the potential
use of small-screen devices [17]. Furthermore, the influence of
older people’s social group, including their peers, can limit
motivation [27]. However, people of all ages can be taught to
use technology, and so, although usage is less, benefits may
still be obtained, particularly when larger screen devices, such
as tablets, are used [17]. Therefore, age continues to be an
important consideration in the development and targeting of
mobile technology–based interventions for secondary
prevention. However, this effect is likely to be rapidly diluted
in the coming years, given the rapidly changing technology and
communication landscape [15].
Education is another important factor to consider, potentially
because it is an indicator of socioeconomic status and inequality
generally. This study found that participants who had completed
high school were at least five times more likely to be using
mobile technology for health reasons than those not completing
high school, which is consistent with a national survey on
eHealth use in the United States [28]. In that survey of 2358
adult cancer patients, respondents who had not completed high
school were less likely than even the lowest income participants
to use the Internet/mobile phone for health reasons [28].
However, other idiosyncrasies in technology use were evident
in that study, with the least educated and oldest males the least
likely to engage in any mobile technology for health and
younger females more likely to use social media for health. In
this study, gender was not associated with mobile technology
use in any respect. However, the Kontos et al [28] study
highlights the need for a detailed understanding of the feasibility
and acceptability of mobile technologies and features before
developing online health-related interventions [29]. There is
also an imperative to ensure when mobile technology is used
for health that the information and support accessed is accurate
and appropriate to their condition and circumstances. When
these measures have been used for online secondary prevention
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programs, uptake has been high and the intervention effective
[30,31]. However, these examples are limited and further work
is required, particularly to keep pace with rapidly changing
technologies and features. Indeed, given the rapid adoption of
technology by older people and the inevitable advancing age
of the digital generation, there is an imperative for regular
reassessment of health technology usage patterns [23].

Limitations
While the study recruited participants from multiple diverse
locations, the sample may not represent all cardiac patients
eligible for CR. The survey used to collect data was developed
and modified based on previous studies and while pilot-tested
in the relevant population, it has not been tested previously. The
age categories chosen were based on relevant cut-points from
the literature on technology use, resulting in unequal sample
sizes, particularly for the youngest age group. If equal sized age
groups were used, this would not reflect digital habits identified

Gallagher et al
in the literature. The question used to assess overall confidence
with technology requires further development to ensure a more
comprehensive understanding of confidence with technology,
particularly in relation to individual technology features.

Conclusions
This study identifies that mobile technology use in cardiac
patients is at a high level, providing an important strategy for
delivering secondary prevention, which should be harnessed.
Furthermore, mobile technology offers an important opportunity
to improve access to secondary prevention and enhance CR
programs, particularly for younger patients for whom time and
work pressures prove a barrier to participation. However, when
developing mobile technology–based interventions, care must
be taken not to presume that interventions demonstrated as
applicable to younger age cardiac patients will also be directly
applicable to older age patients.
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Abstract
Background: Performance tests are important to characterize patient disabilities and functional changes. The Osteoarthritis
Research Society International and others recommend the 30-second Chair Stand Test and Stair Climb Test, among others, as
core tests that capture two distinct types of disability during activities of daily living. However, these two tests are limited by
current protocols of testing in clinics. There is a need for an alternative that allows remote testing of functional capabilities during
these tests in the osteoarthritis patient population.
Objective: Objectives are to (1) develop an app for testing the functionality of an iPhone’s accelerometer and gravity sensor
and (2) conduct a pilot study objectively evaluating the criterion validity and test-retest reliability of outcome variables obtained
from these sensors during the 30-second Chair Stand Test and Stair Climb Test.
Methods: An iOS app was developed with data collection capabilities from the built-in iPhone accelerometer and gravity sensor
tools and linked to Google Firebase. A total of 24 subjects performed the 30-second Chair Stand Test with an iPhone accelerometer
collecting data and an external rater manually counting sit-to-stand repetitions. A total of 21 subjects performed the Stair Climb
Test with an iPhone gravity sensor turned on and an external rater timing the duration of the test on a stopwatch. App data from
Firebase were converted into graphical data and exported into MATLAB for data filtering. Multiple iterations of a data processing
algorithm were used to increase robustness and accuracy. MATLAB-generated outcome variables were compared to the manually
determined outcome variables of each test. Pearson’s correlation coefficients (PCCs), Bland-Altman plots, intraclass correlation
coefficients (ICCs), standard errors of measurement, and repeatability coefficients were generated to evaluate criterion validity,
agreement, and test-retest reliability of iPhone sensor data against gold-standard manual measurements.
Results: App accelerometer data during the 30-second Chair Stand Test (PCC=.890) and gravity sensor data during the Stair
Climb Test (PCC=.865) were highly correlated to gold-standard manual measurements. Greater than 95% of values on Bland-Altman
plots comparing the manual data to the app data fell within the 95% limits of agreement. Strong intraclass correlation was found
for trials of the 30-second Chair Stand Test (ICC=.968) and Stair Climb Test (ICC=.902). Standard errors of measurement for
both tests were found to be within acceptable thresholds for MATLAB. Repeatability coefficients for the 30-second Chair Stand
Test and Stair Climb Test were 0.629 and 1.20, respectively.
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Conclusions: App-based performance testing of the 30-second Chair Stand Test and Stair Climb Test is valid and reliable,
suggesting its applicability to future, larger-scale studies in the osteoarthritis patient population.
(JMIR Mhealth Uhealth 2017;5(10):e166) doi:10.2196/mhealth.8656
KEYWORDS
osteoarthritis; telemedicine; mobile phone; mobile apps; algorithms; medical informatics

Introduction
Osteoarthritis is the most prevalent chronic condition of the
joints, affecting approximately 30 million Americans and one
in every two adults during their lifetimes [1]. Osteoarthritis
most commonly occurs in the weight-bearing hip and knee joints
and is the consequence of a progressive breakdown process of
articular cartilage, joint capsule, and ligaments; synovial tissue
inflammation; and subchondral bone sclerosis [2-5]. Patients
diagnosed with osteoarthritis experience a decline in physical
function and often report difficulty performing activities of daily
living (ADL) [6]. Recent work has shown that osteoarthritis
patients place increased compensatory stress on their unaffected
weight-bearing joints during ADL, a vicious cycle that makes
them susceptible to further damage and worsened severity of
disease [7-9].
It is imperative for the development of a treatment plan to
identify osteoarthritis-induced deteriorations in physical function
and each patient’s respective compensatory mechanisms. In
2013, a battery of five tests simulating ADL was recommended
by the Osteoarthritis Research Society International (OARSI)
for this purpose [10]. The 30-second Chair Stand Test (CST),
40-meter Fast-Paced Walk Test, and Stair Climb Test (SCT)
were listed as the three minimal core set of performance-based
tests; the 6-Minute Walk Test (6MWT) and Timed Up and Go
were listed as noncore tests. Outcome variables from the CST
have since been found to be significant predictors of pain,
self-reported disability, fall risk, and decreased lower-extremity
strength in osteoarthritis patients [11,12]. Similarly, strong
associations have been found between the SCT, self-reported
walking limitation, and quadriceps and hamstring strength [13].
The simplicity of both the CST and SCT makes possible testing
in both clinical and residential settings.
There is precedent in the use of iPhones to quantify outcome
variables during the 6MWT in congenital heart failure patients
[14]. The ubiquity of iPhones and their built-in sensors may
allow for the widespread extrapolation of this utility to the CST
and SCT. The primary outcome variables of (1) CST: total
number of sit-to-stand cycles and (2) SCT: total ascent and
descent duration must be captured by iPhones for this
extrapolation to be successful [11,12,15].
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Our long-term proposal is to develop an iOS app accessible to
the world population, with the ability to instruct osteoarthritis
patients in any setting through the CST and SCT, capture clinical
outcome data, and export results to clinicians and researchers.
As a precursor to this, we developed a prototype app to
demonstrate proof of concept and evaluated two iOS sensors
of interest: the linear accelerometer and the gravity sensor. We
discuss in this paper our experience working with these sensors
and report on the criterion validity and test-retest reliability of
CST and SCT outcome variable data captured by the app as
compared to gold-standard measurements during each test.

Methods
iPhone Sensor Triaxial Alignment and Phone
Placement
The iPhone accelerometer has a preprogrammed triaxial
alignment, as depicted in Figure 1. Standing up out of a chair
during CST is considered Z acceleration in the 3D-world
coordinate system, but the phone may experience X, Y, Z, or a
combination of accelerations depending on its orientation.
The CST protocol requires subjects to cross their arms across
their chest as they stand up out of a chair, so we opted to conduct
testing at an analogous phone location and orientation: holding
the phone vertically in hand against the chest with arms crossed
(see Figure 2).This placement gives Y acceleration peak output
during each stand and would make widespread CST testing a
practicality, without a requirement for extra equipment.
The gravity sensor was used for the SCT because of its ability
to sense changes in gravitational moments along the three axes.
We decided to place the phone in the subject’s pants pocket
during the SCT. When the subject is standing upright, the phone
is vertical in the pocket and feels gravity on its Y-axis; but as
the leg is lifted to take the first step, the phone becomes
horizontal and the phone feels gravity on its Z-axis, with a
simultaneous decrease to zero on the Y-axis. We sought to
isolate these features during the SCT to determine the primary
outcome variable, total duration of the test. Validation of data
obtained at this pocket location could make widespread testing
of the SCT a practicality as well.
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Figure 1. A 3D depiction of an iPhone’s triaxial coordinate system. Notice that both axis and direction are contingent on the phone’s orientation during
movement.

Figure 2. A representation of the phone’s orientation and location during Chair Stand Test testing. An iPhone with its screen facing inward and home
button downward would experience +Y acceleration to represent upward vertical movement and –Z acceleration to represent the subject moving forward
during the postural transition of standing.
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Participant Recruitment
Patients were recruited from the University of California San
Francisco (UCSF) Center of Research Translation for the Study
of Osteoarthritis. Healthy controls were recruited internally
from the Musculoskeletal Quantitative Imaging Research Group
at UCSF. Sample size was targeted to be a number between 24
and 50 based on recommendations for pilot studies in clinical
research [16,17]. Exclusion criteria for controls were
confounders that, in the opinion of the tester, could affect the
postural transition of standing up (eg, lower extremity orthopedic
conditions, morbid obesity, and pregnancy). Patients and
controls consented after the study was ethically approved by
the UCSF Human Research Protection Office and Institutional
Review Board.

Prototype App Development and Functionality
The prototype app was designed with Swift 3.0 on the XCode
8.3.3 platform (Apple Inc). After using an existing app on the
iOS app store that graphically displayed accelerometer and
gravity sensor data to determine the optimal phone placement
and sensor data collection, we integrated relevant sensor data
collection into a user-friendly app with account capabilities and
testing prompts to allow for longitudinal participation.
We used the Core Motion framework (Apple Inc) to give the
app the ability to collect raw accelerometer data reflecting phone
motion. We used FirebaseDatabase and FirebaseAuth
frameworks (Google Inc) to set up data storage in Google
Firebase, a cloud-hosted real-time database that can facilitate
user authentication for iOS apps.
Subject identifier fields requested in the app included the
following: Name, Date of Birth, Email, Password, and Subject
Classification (Osteoarthritis, Femoroacetabular Impingement,
and Healthy Control). In addition, subjects were prompted prior
to the Stair Climb Test to choose the number of steps they will
ascend and descend from a range of 8-15 steps.
The 30-second data recording period of the CST was started
using a toggle button, with a 3-second latency to allow the
subject to cross their arms and orient the phone. This latency is
coupled with a countdown on the screen and beeps of various
tones to signal the inception of the 30-second countdown.
The recording period of the SCT was also initiated with a toggle
button and a 3-second latency to allow the subject to put the
phone in their pants pocket, coupled with the same visual and
audial cues. The recording period was set to be 45 seconds, with
an option to take the phone out of the pocket and end data
collection if the test was completed early. Sampling rate was
set constant at 100 Hz for both tests, but small fluctuations were
observed in the sampling frequency between 100 Hz and 101
Hz as the app collected data.

Performance Testing Protocol
Testing was conducted in various sites at the UCSF Departments
of Orthopaedic Surgery and Radiology.

Chair Stand Test
Prior to the CST, a chair of 18 inches in height was placed
against a wall to ensure stability. The tester provided an iPhone
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6 with the prototype app and requested subjects to hold the
phone vertically in their right hand during testing, with the home
button facing down and screen facing inward. Subjects were
asked to repeat cycles of standing up and sitting down
completely at a self-selected speed for 30 seconds during the
test.
Each subject pressed the start button and positioned the phone
quickly across the chest during the 3-second latency period. At
the sound of the start buzzer, subjects began standing and sitting
cycles, with the tester manually counting the total number of
sit-to-stand cycles. An end buzzer from the app signaled the
end of data collection. The entire protocol was repeated for two
trials in all subjects. An optional resting period was given
between trials as required to reduce fatigue as a confounder.
Upon completion of both trials, data were automatically pushed
to Google Firebase in real time as JSON files.

Stair Climb Test
A stairway of 12 steps was located at each of the UCSF testing
locations. The tester provided an iPhone with the prototype app
and instructed each subject to choose the leg they planned to
take their first step with. Subjects were requested to climb the
steps and descend at a self-selected speed.
Each subject pressed the start button and placed the phone in
the pocket of the leg they chose to take their first step with. At
the sound of the start buzzer, the tester started a stopwatch and
the subject proceeded to ascend the stairs. At the end of the
descent, after both feet had touched the base of the steps, the
stopwatch was stopped. The subject was instructed to take the
phone out of their pocket and manually end data collection if
the test took less than 45 seconds. The entire protocol was
repeated for two trials in all subjects, with a 120-second resting
period preset in the app between trials as required. Data was
automatically pushed to Google Firebase after completion of
the test.

Data Processing
Overview
After exporting the raw data from each test out of Google
Firebase in a JSON file format, we used an online conversion
tool to change the file format from JSON to CSV. The data from
each test were then imported into MATLAB (The MathWorks,
Inc) for data processing.

Chair Stand Test
In MATLAB, graphs of acceleration in the Y-axis were
phase-shifted by subtracting the mean to compensate for the
effects of gravity and time-normalized to exactly 3000 frames
(30 seconds at 100 Hz) to remediate variation in data collection
frequency. A 3 Hz low-pass, fourth-order Butterworth filter and
magnitude thresholds were applied to eliminate extraneous
peaks due to recoil noise.
After completion of graph processing, local extrema were
automatically identified, using a threshold of 0.4 m/s2, and
labeled in MATLAB as sit-to-stand postural transitions of the
individual. The total number of repetitions identified for each
trial was juxtaposed with manual counts from testing.
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Stair Climb Test
The data were phase-shifted in MATLAB by subtracting the
mean and a 3 Hz low-pass, fourth-order Butterworth filter was
applied to eliminate extraneous data points due to recoil noise.
The derivative of each graph was taken to determine change in
acceleration. Test graphical features were determined using a
threshold of 0.03 m/s3 for local extrema. Since a peak in the
graph occurred for alternating steps due to the placement of the
phone adjacent to one limb, we observed six peaks during the
ascent and six during the descent of a 12-step test. The twelfth
peak was set as the end marker for the test and the corresponding
frame number for this peak was outputted as the outcome
variable, test duration, by dividing the frame number by the
data collection frequency of 100 Hz.

Statistical Analysis
Validation of Chair Stand Test Outcome Variable: Total
Number of Sit-to-Stand Cycles
Observed sit-to-stand count was compared to +Y-acceleration
peak count outputted by MATLAB to validate the iPhone’s
ability to capture the sit-to-stand feature of each cycle. The
average of trials was taken for each subject to obtain average
MATLAB count and average manual count for that subject.
These values were compared across all subjects to obtain
average absolute difference between MATLAB and human
counts. Pearson’s correlation coefficient (PCC) was determined
in Microsoft Excel between the variables of average MATLAB
count and average manual count.
To determine the intraclass correlation coefficient (ICC), the
difference between MATLAB and human count for each
individual trial was firstly computed using Microsoft Excel.
The average of differences across trials was taken for each
individual subject to obtain test-retest means. The average and
standard deviation of these test-retest means (SDtest-retest) was
computed and SPSS Statistics version 23 (IBM Corp) was used
to calculate the ICC.
The standard error of measurement (SEM) was calculated as
follows:
SEM = SDtest-retest × √(1-ICC) (1)
SEM was then converted into percentage by dividing by the
average value of the manual count. SEM less than 10% was set
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as the threshold for the acceptability of MATLAB calculations
[18].
Repeatability coefficients (CRs) were calculated as follows:
CR = 1.96 × SEM × √2 (2)
A Bland-Altman plot with 95% limits of agreement was then
created using SPSS to observe the agreement and distribution
of differences between app-derived and manual sit-to-stand
count.

Validation of Stair Climb Test Outcome Variable: Total
Ascent + Descent Duration
Stopwatch time of the SCT test was compared to app-derived
duration from MATLAB to validate the iPhone’s ability to
detect features of the test that enable isolation of the testing
interval within the data. Average absolute difference, PCC,
SDtest-retest, ICC, and SEM were determined as they were for
the CST analysis.
A Bland-Altman plot with 95% limits of agreement was created
to evaluate the distribution of differences between app-derived
test duration and stopwatch time.

Results
Chair Stand Test and Stair Climb Test Graphical
Waveforms
A total of 3 patients (age >50 years; 1 male, 2 female) and 21
healthy controls (age 17-60 years; 12 male, 9 female)
participated in testing. Data collection was completely objective
and internal controls had a great range of physical capabilities.
CST graphical waveforms were characterized by Y peaks and
troughs for each sit-to-stand and stand-to-sit repetition,
respectively (see Figure 3). Z troughs were observed for the
anterior movement during a sit-to-stand repetition and Z peaks
for the posterior movement during stand-to-sit repetition. X-axis
graphical features were observed if the phone was not held
exactly vertical during a trial.
SCT waveforms contained features exclusive to the stair ascent
and descent components of the test (see Figure 4). Each step
climbed or descended by the limb adjacent to the phone is seen
as a decrease in Y acceleration and an increase in Z acceleration
to reflect the change of gravitational moments on the phone.
The magnitude of these changes was observed to be greater
during the stair ascent than the stair descent.
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Figure 3. A graphical representation of the 30-second Chair Stand Test as captured by an iOS-based linear accelerometer. Y-axis features represent
the postural transitions of sitting and standing and Z-axis features represent anterior and posterior movement during the postural transition. acc:
acceleration.

Figure 4. A graphical representation of the Stair Climb Test as captured by an iOS-based gravity sensor. Y-axis features represent changes in gravitational
moments during stair ascent and descent.

App-Derived Chair Stand Test Versus
Human-Observed Chair Stand Test
A strong Pearson’s correlation (see Figure 5) and intraclass
correlation was found between the MATLAB count of Y peaks
in the CST graphical data and the human count of stands during
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testing (see Table 1). The SEM was found to be well within the
threshold set for acceptability of MATLAB measurements.
This concordance and low variance was observed for all subjects
regardless of sit-to-stand count. In the Bland-Altman plot, 96%
of points fell within the lines of agreement with an even
distribution around the line of mean difference at -0.63 (see
Figure 6).
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Table 1. Descriptive statistics of Chair Stand Test and Stair Climb Test with comparisons between app-derived data and human-observed data.

a

Statistic

Chair Stand Test, stands

Stair Climb Test, seconds

Average human count

19.3

10.9

Average MATLAB count

18.6

9.2

Average absolute difference

0.7

1.7

Pearson’s correlation coefficient

.890

.865

Average test-retest

1.38

1.77

SDtest-retesta

1.27

1.32

Intraclass correlation coefficient

.968

.902

Standard error of measurement

0.227

0.433

Standard error of measurement, %

1.12

3.94

Repeatability coefficient

0.629

1.20

SDtest-retest: standard deviation of test-retest means.

Figure 5. Regression between MATLAB computation and manual count in calculation of 30-second Chair Stand Test repetitions (n=24; Pearson’s
correlation coefficient=.890).
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Figure 6. A Bland-Altman plot of differences between app-derived and manual sit-to-stand count during the 30-second Chair Stand Test. Line of mean
difference is at -0.63 and upper and lower limits of 95% agreement are at 2.62 and -3.87, respectively.

App-Derived Stair Climb Test Versus
Stopwatch-Derived Stair Climb Test
A strong Pearson’s correlation and intraclass correlation were
observed between MATLAB output test duration and
stopwatch-derived duration (see Figure 7 and Table 1). The

SEM was within the acceptability threshold and the variance
of data appeared to be low between lower and higher test
durations (see Figure 7 and Table 1). A total of 95% of data
points in the Bland-Altman plot fell within the lines of
agreement with a relatively even distribution around the line of
mean difference at -1.71 (see Figure 8).

Figure 7. Regression between MATLAB-generated test duration and stopwatch-measured time during the 12-step Stair Climb Test (n=21; Pearson's
correlation coefficient=.865).
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Figure 8. A Bland-Altman plot of differences between app-derived test duration and stopwatch time during the Stair Climb Test. Line of mean difference
is at -1.71 and upper and lower limits of 95% agreement are at 1.00 and -4.42, respectively.

Discussion
Principal Findings
Our findings demonstrate that CST and SCT data obtained from
iPhone sensors can accurately capture the primary outcome
variable from each test. The distinct and consistent data features
from each test made it possible to automate data processing
using MATLAB. This resulted in very strong values of PCC
and ICC and conclusive Bland-Altman plots between manually
obtained data and app-derived data, thus establishing criterion
validity, test-retest reliability, and agreement. The SEMs for
both tests were well below the threshold set in literature, further
suggesting the accuracy of our MATLAB algorithm at
automating computation of the outcome variables. The CRs
further complement the findings of agreement between the app
data and the gold-standard manual measurements.
These results have great clinical implication, especially as
performance testing using current gold-standard measurements
has become a topic of increased interest since OARSI’s
recommendations were made public in 2013 [10]. The
inefficiency of current testing is often complemented by the
fact that the data collected in closed clinical settings may not
be representative of a patient’s disability during ADL in their
community. There have been previous efforts at the UCSF
Department of Cardiology to make remote testing possible
utilizing the ubiquity of iPhones [14]. However, the results are
confined to one performance test, the 6MWT, and one iPhone
tool, the motion sensor. Though the 6MWT is also a part of the
battery of five tests suggested by OARSI, it was not listed as a
core test and thus was not chosen as a focus of our study.
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Our findings on the two core tests of CST and SCT have greater
significance in the osteoarthritis community. Recent papers
have reported on their relevancy and importance toward tracking
clinical markers of lower extremity strength and fall risk, and
patient-reported outcomes such as walking limitation, pain, and
disability [11-13]. Furthermore, both tests require rapid hip and
knee flexion and extension and a larger range of joint motion
than walking tests such as the 6MWT. Because these factors
tend to be impaired early in osteoarthritis disease progression,
longitudinal examination of these tests may help clinicians
predict deteriorations and ultimately develop a better care plan
[19,20].
Most subjects in our study reported that they would use the app
to test longitudinally at home. While the 6MWT-app study
included the requirement of a hip holster for one phone
placement location, neither of our phone locations require
equipment [14]. This adds to the simplicity of our testing
protocol and increases the likelihood of acquiring a large sample
of subjects from remote testing locations. On the clinical side,
automated data processing with our MATLAB codes could
make it practical to longitudinally evaluate and track such a
large subject sample. Collectively, this could meet the goals of
increasing the frequency of assessments in community settings,
decreasing the requirement for clinical visits, and providing a
streamlined database of longitudinal physical function data from
osteoarthritis patients across the world.

Limitations and Future Directions
Limitations of our study include a low sample size and an
overrepresentation of subjects within a younger age group, not
well represented in osteoarthritis. Nonetheless, physical abilities
varied sufficiently enough to determine iPhone sensor
functionality across a large range of outcome variable
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magnitudes. The SCT in general appeared to be more difficult
to accurately capture than the CST, but given that stopwatch
times were consistently overestimated compared to
MATLAB-derived times, this may be largely due to human
reaction time as a confounder in our study.
The absence of at-home testing within our study can also be
considered a limitation. Future studies may be required to
definitively establish the validity and reliability of at-home app
testing in the presence of external raters and the compliance
rate of osteoarthritis patients who receive the app to test
longitudinally at home without external raters. Should both
studies prove to be successful, a large-scale study focused on

Adusumilli et al
establishing minimally clinical importance difference for
MATLAB-computed counts of CST and SCT in osteoarthritis
patients may be warranted.

Conclusions
An app utilizing the iPhone’s accelerometer and gravity sensor
might be a good alternate to accurately and consistently obtain
outcome variables during the CST and SCT, respectively. The
ease of protocol, lack of adverse events during testing, and
ability to automate data extraction collectively suggest the
preliminary applicability of iPhones as a safe and reliable tool
for widespread and longitudinal performance testing in the
future.
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Abstract
Background: The extensive availability and increasing use of mobile apps for nutrition-based health interventions makes
evaluation of the quality of these apps crucial for integration of apps into nutritional counseling.
Objective: The goal of this research was the development, validation, and reliability testing of the app quality evaluation (AQEL)
tool, an instrument for evaluating apps’ educational quality and technical functionality.
Methods: Items for evaluating app quality were adapted from website evaluations, with additional items added to evaluate the
specific characteristics of apps, resulting in 79 initial items. Expert panels of nutrition and technology professionals and app users
reviewed items for face and content validation. After recommended revisions, nutrition experts completed a second AQEL review
to ensure clarity. On the basis of 150 sets of responses using the revised AQEL, principal component analysis was completed,
reducing AQEL into 5 factors that underwent reliability testing, including internal consistency, split-half reliability, test-retest
reliability, and interrater reliability (IRR). Two additional modifiable constructs for evaluating apps based on the age and needs
of the target audience as selected by the evaluator were also tested for construct reliability. IRR testing using intraclass correlations
(ICC) with all 7 constructs was conducted, with 15 dietitians evaluating one app.
Results: Development and validation resulted in the 51-item AQEL. These were reduced to 25 items in 5 factors after principal
component analysis, plus 9 modifiable items in two constructs that were not included in principal component analysis. Internal
consistency and split-half reliability of the following constructs derived from principal components analysis was good (Cronbach
alpha >.80, Spearman-Brown coefficient >.80): behavior change potential, support of knowledge acquisition, app function, and
skill development. App purpose split half-reliability was .65. Test-retest reliability showed no significant change over time (P>.05)
for all but skill development (P=.001). Construct reliability was good for items assessing age appropriateness of apps for children,
teens, and a general audience. In addition, construct reliability was acceptable for assessing app appropriateness for various target
audiences (Cronbach alpha >.70). For the 5 main factors, ICC (1,k) was >.80, with a P value of <.05. When 15 nutrition professionals
evaluated one app, ICC (2,15) was .98, with a P value of <.001 for all 7 constructs when the modifiable items were specified for
adults seeking weight loss support.
Conclusions: Our preliminary effort shows that AQEL is a valid, reliable instrument for evaluating nutrition apps’ qualities for
clinical interventions by nutrition clinicians, educators, and researchers. Further efforts in validating AQEL in various contexts
are needed.
(JMIR Mhealth Uhealth 2017;5(10):e163) doi:10.2196/mhealth.7441
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Introduction

Methods

Smartphone ownership reached 68% of Americans in 2015,
increasing from 35% in 2011 [1]. Smartphones allow instant
access to health information, enabling 62% of smartphone
owners who obtain information on health conditions via
smartphone [2]. A nationwide survey corroborated these results,
showing 58% of mobile phone users in the United States had
downloaded a health app, citing tracking physical activity
(52.8%), tracking diet (46.6%), weight loss (46.8%), and to
learn exercises (34.0%) as the most common reasons for health
app use [3]. The study further suggested that research is needed
to create methods to evaluate health app quality to ensure the
needs of app users are met [3].

Survey Development

Dietitians are using apps in practice; a 2012 survey of Canadian
dietitians showed 57.3% of dietitians surveyed used apps in
practice, and 83.6% of those not currently using apps expressed
interest in future app use in dietetic practice [4]. Whereas
nutrition-related health apps are widely available and utilized,
health professional’s involvement in the development of apps’
content and functionalities remains uncertain [5]. Currently, no
method grounded in empirical studies for evaluating and
selecting apps specifically for use in nutrition interventions
exists. When selecting an app for dietetic practice, dietitians
resort to subjectively relying on best clinical judgment or relying
on similarly subjective recommendations of others [6].
Standardized app evaluation is called for to present
cost-effective, transparent means of providing app developers
and distributors with the necessary information to guide app
selection [7]. A need for a systematic framework for evaluating
health-based apps [8] and weight loss apps [9] have both been
emphasized, although a recent investigation into best practices
in health app evaluations emphasizes that an available best
practice approach could not be identified [10]. The study did
identify various constructs evaluated in studies, suggesting that
a review of apps should include an evaluation of usability or
functionality, a critique of potential to promote behavior change,
and the quality of the health-related content [10]. None of the
reviewed studies included an evaluation of all three constructs
[10]. Whereas studies evaluating nutrition apps have reported
the use of evidence-based treatment strategies [11], the use of
theory [12], as well as behavior change techniques within apps
[11,13-15], a measure of quality as perceived by the health care
provider is needed, which evaluates the quality of the content
and the functionality of the app to complement previous work
evaluating scientific evidence that goes into mobile app
development.
With this in mind, the objective of this study was the
development, validation, and reliability testing of the app quality
evaluation (AQEL) tool, an evaluation instrument for judging
the quality of apps to aid in the development and selection of
apps for nutrition interventions.
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PubMed was searched first for nutrition and health education
apps evaluation studies and then for educational website
evaluation studies to form a pool of initial survey items. Search
terms included website, app, and evaluation. The search was
not limited by date. No apps evaluation studies were found, but
6 studies were identified that evaluated websites [13,16-20].
Three studies were excluded after review by 2 researchers. Two
of these assessed only for the inclusion of behavior theories
rather than broader measures of quality [13,19] and another did
not provide specific questions within the paper [20]. The 3
evaluation tools selected to create the initial item pool were
chosen based on relevance to education and coverage of items
targeting the areas of content, usability, and technology [16-18].
Ninety-four items from these 3 selected website evaluation
tools, with n=43 in one [16], n=16 in another [17], and n=35 in
the third [18] were entered into a spreadsheet and sorted based
on relevance to three categories: content, usability, and
technology. One researcher completed the initial sorting of
questions, with a second researcher reviewing the category
selections. Any disagreement was discussed until agreement
was reached. These categories were selected to broadly cover
the needs of previously identified stakeholders in nutrition app
development and use, namely the researchers and practitioners
involved in content selection and distribution of the app as an
educational tool [6], the end users (potential patients or clients)
of the app in terms of usability [6,7], and developers of the app
technology [7]. The 2 researchers removed items specific to
websites with no relevance to apps, reworded other items to
pertain to apps and nutrition, and divided complex questions
into 2 or more questions. This resulted in 27 content, 9
technology, and 19 usability items. Additional items were
created based on specific features of apps, including transition
between pages and touchscreen functionality [21], with 6 new
content items, 8 new technology items, 8 new usability items,
and 2 questions identifying the app and the device used to
download the app. As the three sources used different rating
scales, questions were converted to 5-point Likert-type scales
(content n=26, usability n=19, and technology n=13); yes or
no, or yes, maybe, or no (content n=5, usability n=3, and
technology n=1); or open ended questions (content n=2, usability
n=5, and technology n=1) [15,22].

Content and Face Validation
Nutrition experts and app developers completed content
validation by reviewing survey sections; app end users
completed face validation. Institutional review board approval
was obtained at all points where participants were involved. A
total of 13 nutrition experts, including registered dietitians and
nutrition professors with publications in app-based nutrition
interventions, were contacted to review the 33 nutrition content
questions, with 6 agreeing. Of 15 technology experts contacted,
4 agreed. For face validation, app users were recruited through
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a Web-based weekly email newsletter at the University. This
newsletter targets all university employees, not just academic
faculty. The first 14 respondents were requested to review the
27 usability questions; 10 completed the review.
Each expert and app user was asked to review the survey
selecting from the following options: complete the survey
considering an app used in the past, complete the survey
reviewing a new app, or provide general opinions of the survey
questions. To specifically improve the validity of the survey,
experts and app users were asked to cross out inappropriate
questions, circle unclear words or phrases, modify unclear
questions, add additional questions they felt would improve the
survey, and provide any additional comments on survey items
they felt would benefit survey development.
After modification based on expert panel review suggestions,
further content and face validation was completed because of
the magnitude of the changes and to allow review of the whole
tool. Four of six nutrition expert panel reviewers repeated the
procedures described above, reviewing all of 51 preliminary
AQEL items.

Item Reduction
To reduce and evaluate the reliability of the preliminary AQEL
items, nutrition professionals were recruited via an online
discussion group from the Nutrition Education for the Public
Dietetics Practice Group of the Academy of Nutrition and
Dietetics. A total of 25 nutrition professionals evaluated 3 apps
each using the 51 AQEL items. These apps were randomly
assigned from a pool of 15 apps selected to represent a wide
variety of nutrition-related apps, as described later on. This
provided 75 evaluations using the preliminary AQEL items.
The nutrition professionals completed a second evaluation of
each app 3 weeks later, providing a total of 150 evaluations
using the 51 preliminary AQEL items.
App selection specifically targeted 3 categories: popular apps,
unpopular apps, and app-based games. Popular and unpopular
apps were determined by searching the Apple App Store using
6 terms: healthy eating, nutrition, diet, nutrition games, diabetes,
and diabetes recipes. This was completed daily (May 2014 to
July 2014; January 2015 to February, 2015). In the App Store,
the default setting was changed so that the apps were searched
by popularity, and daily top apps were recorded. Nine apps
ranked in the top 3 for their search term in both the 2014 and
2015 searches. Five of these were selected for reliability testing,
including a calorie counter, a nutrition quiz, a digestive system
game for kids, and 2 diabetes apps. An additional 4 apps were
selected that were considered unpopular. Three had fallen in
popularity, ranking in the top 6 of the 2014 search but not
appearing in the 2015 search. These were a weight loss hypnosis
app, a weight loss app, and a calorie tracker. One additional app
was considered unpopular as it was the last English language
app listed in a search of nutrition games on June 11, 2015. Six
additional apps were selected to increase the number of
educational gaming apps because of the specific interest of the
research team to better understand educational games.
Item number was reduced first by removing 7 questions where
not applicable was selected more than 50% of the time for the
http://mhealth.jmir.org/2017/10/e163/
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150 evaluations, as the frequent selection of not applicable for
a given item indicated that the question was considered by
participants as irrelevant for evaluating apps in general. These
included questions such as “how well does the app provide
capacity to log food?” An additional 10 items were not included
in principal component analyses (PCA) that allowed AQEL to
be modified for the target audience of the app. Five of these
items related to the specific age group the evaluator felt the app
targeted, the other 5 to the specific educational needs of the app
end user. For these items, the app evaluator selected the groups
they would like to evaluate the app for; therefore, limiting the
responses to these items.
The 34 remaining items were reduced into categories using PCA
with varimax rotation with the 150 app evaluations. Items were
removed and analysis rerun when communalities were less than
.50. Factor criteria were Eigen values of 1 or more, at least two
items per factor, primary loadings of .45 or more [23], and
secondary loadings with a difference of at least .20.
Additionally, only the number of factors required to explain
just over 70% of the variance were retained. Scree plots were
also examined for points of inflection to determine which factors
to retain. For further refinement of factors, items not meeting
these criteria were eliminated and additional factor analyses
were run on the remaining factors with the factor number limited
to the number of factors identified in the previous analysis.
Multiple imputation with 100 imputations followed by
aggregation of imputations was used to treat missing data, with
new imputations run each time items were removed.

Reliability Analysis
Construct reliability of the final factors was assessed using
Cronbach alpha. Spearman-Brown coefficient was used to test
split-half reliability. For construct reliability only, items not on
a 5-point scale were adjusted to a 5-point scale. These analyses
were conducted using the first occasion apps were evaluated.
Each rater’s first evaluation was used for analysis (n=75).
Items within each factor were summed to create factor scores.
Test-retest analysis was conducted comparing first and second
evaluations using Wilcoxon sign-rank as the data were not
normally distributed (n=75).
Interrater reliability (IRR) for the evaluation of each app using
factors identified in PCA was tested using one-way random,
average measures intra correlations (ICC) using the first
evaluation (n=75).
For the items assessing app appropriateness for various age
groups (n=5) and target audiences (n=5), construct reliability
was measured using Cronbach alpha. For the questions regarding
age group, the second evaluation completed by each evaluator
was utilized because of a mistake in the questionnaire discovered
after many of the first evaluations had been completed. For the
target audience, the first evaluation of the app by each evaluator
was used. Sample size varied, as evaluators were able to select
the age groups and target audiences. All sample sizes are
reported.
Further IRR testing of app evaluations using the factors
identified in PCA plus the age and audience constructs utilized
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e163 | p.281
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two-way random, average measures ICC. For this analysis, a
new dataset was collected, with 15 nutrition professionals using
the AQEL tool to evaluate MyFitnessPal, the most popular app
according to a dietitians’ survey (unpublished data, 2017) [24].
For this analysis, the age group apps evaluated for was adults
and the evaluators considered the target audience of people
seeking weight loss support (n=15).
Reporting on the survey using the Checklist for Reporting of
Internet E-Surveys can be found in Multimedia Appendix 1
[25]. All statistical analysis were conducted using the Statistical
Package for the Social Sciences (SPSS) for Windows, version
24 (IBM Corp).

Results
Content and Face Validation
Specific recommendations from the nutrition experts included
clarifying words such as aim and target population, changing
the rating scales used, and requesting additional items on
skill-building and goals of the apps. App users recommended
reducing repetitive questions. Technology experts recommended
clarification of 10 items and dividing 3 items into multiple
questions plus additional items on data storage and user
characteristics. The recommendations of the expert panels led
to the modification of nearly every item. Once modifications
were completed as described, the three subtools were combined
into the full AQEL with 51-scaled items for evaluating app
quality plus items for app identification. The second expert
panel resulted in minor clarifications.

DiFilippo et al

Item Reduction
For the first round of PCA, Kaiser-Meyer-Olkin measure of
sampling adequacy was .59 and the Bartlett test of sphericity
was significant (χ2561=4456, P<.001). Correlations were greater
than .30, and communalities were greater than .50 for all items.
Nine factors had Eigen values greater than 1, but 8 factors
explained 73% of the variance. When using 9 factors, 3 items
were removed because they loaded onto 2 factors with less than
a .20 difference; 1 item was removed because it did not load at
.45 on any factor. Removing these items resulted in the
elimination of a factor; therefore, the next analysis was run with
8 factors.
In the second PCA analysis, Kaiser-Meyer Olkin measure of
sampling adequacy was .67, Bartlett test of sphericity was
significant (χ2435=3357, P<.001). The point of inflection on the
scree plot indicated that 5 factors should be retained (Figure 1);
therefore, analysis was rerun with 5 factors. Five items had
communalities below .50; these item were removed, and PCA
was completed a third time with 5 factors.
In the final PCA analysis, Kaiser-Meyer-Olkin measure of
sampling adequacy was .81, and Bartlett test of sphericity was
significant (χ2300=2929, P<.001). All correlations were greater
than .30, and communalities were .50 or greater when rounded
to the nearest tenth. For items that loaded on more than one
factor, differences were greater than .20 when rounded to the
nearest tenth, and these items were placed on the factor where
they loaded the highest. The final factor loadings are presented
in Table 1.

Figure 1. Scree plot for second round of principal components analysis of items assessing nutrition app quality.
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Table 1. Primary factor loadings of items assessing nutrition app quality.
Item

Factor loading value

Factor 1-Behavior change potential
In your opinion does the app try to change behavior?

.56

Do you think the app will lead to behavior change?

.81

When considering activities within the app, will the activities help the user to change behavior?

.80

Would your friends use this app?

.57

Do you intend to use this app in the future?

.59

Will you do something differently after using this app?

.82

Will you try to do something new after using this app?

.82

Factor 2-Support of knowledge acquisition
In your opinion, does the app try to increase knowledge?

.78

Do you think the app will increase the user’s knowledge?

.69

When considering activities within the app, will the activities help the user to increase knowledge?

.70

How well does the app provide information?

.71

How well does the app provide feedback on progress?

.75

How well does the app provide timely feedback whenever needed?

.77

Is feedback provided when the user participates in an activity in the app?

.67

Factor 3-App function
Please rate the speed of loading the app

.62

Please rate the user’s ability to retrace their steps if they need to

.80

Please rate the transitions from page to page

.87

Please rate the function of any animations (quick and functional—slow and fragmented)

.60

Please rate the design of menus and icons

.79

Please rate the ease of navigation to the app’s various features

.81

Factor 4-Skill development
In your opinion does the app try to develop a skill?

.89

Do you think the app will lead to the development of a skill?

.71

When considering activities within the app, will the activities help the user to develop a skill?

.70

Factor 5-App purpose
Do you feel that the app has a clear purpose?

.68

Does the app title accurately describe the content of the app?

.76

Missing data represented 6.40% (240/3750) of the entries in the
dataset. Little missing completely at random (MCAR) test
indicated data were not MCAR (χ21140=1267, P=.005); therefore,
multiple imputations with 100 imputations were used to treat
missing data.

Reliability Analysis
Measures of reliability are reported in Table 2. Construct
reliability for factors 1 to 4 were all excellent with Cronbach
alpha between .80 and .90 [26]. Split-half reliability for factors
1 to 4 were also good with Spearman-Brown coefficients
between .80 and .90. For factor 5, Cronbach alpha was not used
as there were only two items, and split half reliability was .65.
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Test-retest reliability was not significant, indicating that
evaluations of each factor did not change over time, with the
exception of the factor evaluating the potential of the app assist
skill development (Table 3).
IRR for each app was excellent [27]. These results are shown
in Table 4. The 15th app was not included, as only one evaluator
completed the evaluation for this app.
For the 5 items assessing specific age groups, construct
reliability was good except for evaluations specific to adults
(Table 5) [26].
For the 5 items assessing the app’s appropriateness of various
audience, construct reliability was less than desirable; however,
removing one item improved the reliability to be at minimum
acceptable (>.70) and for many audiences good (>.80) or
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excellent (>.90) [19,26]. These results are presented in Table
6.
In the second dataset with 15 nutrition professionals evaluating
My Fitness Pal, two-way random ICC using average measures
was excellent, with ICC (2,15)=.99, P<.001. Single measure

ICC was also good, with ICC (2,15)=.83, P<.001, reflecting
that the AQEL tool, including both the factors identified by
PCA and the two additional modifiable constructs, can be
reliably used both by averaging responses of multiple evaluators
or by a single evaluator.

Table 2. Construct and split-half reliability of factors evaluating app quality (n=75 evaluations).

a

Factor

Construct reliability (Cronbach alpha)

Split-half reliability (Spearman-Brown coefficient)

Factor 1-Behavior change potential

.89

.82

Factor 2-Knowledge

.88

.84

Factor 3-App function

.89

.83

Factor 4-Skill development

.81

.83

Factor 5-App purpose

N/Aa

.65

Cronbach alpha not applicable as the factor only includes 2 items.

Table 3. Test-retest reliability of factors of the app quality evaluation (n=75 evaluations).

a

Factor or item

Test-retest reliability Wilcoxon signed-rank test (P value)

Factor 1-Behavior change potential

.13

Factor 2-Knowledge

.05

Factor 3-App function

.55

Factor 4-Skill developmenta

.001

Skill item 1

.01

Skill item 2

.006

Skill item 3

.05

Factor 5-App purpose

.89

Results for individual items shown for skill development as differences were found to be significant.

Table 4. Interrater reliability of dietitians evaluating apps using the app quality evaluation (AQEL) tool (n=75 evaluations).

a

App

ICCa(1,k)

P value

Calorie Counter by MyFitnessPal

ICC (1,3)=.88

.003

Nutrition Quiz 600+ Facts, Myths and Diet Tips

ICC (1,3)=.94

<.001

Science Heroes: Digestive System for Kids by Yogome Inc.

ICC (1,5)=.86

.001

Diabetes In Check: Coach, Blood Glucose & Carb Tracer by Everyday Health Inc.

ICC (1,8)=.96

<.001

Diabetes App Lite by BHI Technologies, Inc.

ICC (1,6)=.96

<.001

Weight Loss Hypnosis-Free by Surf City Apps LLC

ICC 1,4)=.80

.01

Jillian Michael’s Slim Down

ICC (1,4)=.87

.002

MyPlate Calorie Tracker

ICC 1,5)=.96

<.001

National Center on Health Nutrition Education Gamelettes by ZebraZapps Engineering

ICC (1,5)=.97

<.001

Nutrition and Healthy Eating by Tribal Nova

ICC (1,7)=.95

<.001

Awesome EatsTM by whole Kids Foundation

ICC (1,6)=.95

<.001

Eat Smart by Edin

ICC (1,7)=.92

<.001

Eat & Move O-Matic by Learning Games Lab, NM State University

ICC (1,6)=.96

<.001

Harry’s Healthy Garden

ICC (1,5)=.98

<.001

ICC: intraclass correlations.
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Table 5. Construct reliability of items assessing app appropriateness for evaluator-selected age groups.

a

Age group

Evaluations completed (n)a

Construct reliability (Cronbach alpha)

Children

36

.82

Teens

12

.86

Adults

31

.53

General audience

10

.80

Other audience

6

N/Ab

Analysis of responses from evaluators second evaluation of each app because of survey error discovered during first round of evaluations.

b

Analysis not completed because of negative covariance among items.

Table 6. Construct reliability of items assessing app appropriateness for evaluator-selected audiences.
Construct reliability with
Evaluations completed

Construct reliability

item 5 deleteda

(n)

(Cronbach alpha)

(Cronbach alpha)

People seeking help for medical conditions

16

.62

.82

People with specific nutrition concerns

5

.67

.94

People who are shopping for food

3

.40

.98

People seeking recipe or meal ideas

8

.20

.70

People seeking guidance for restaurant eatingb

1

-

-

People seeking weight loss support

18

.53

.92

People seeking nutrition education

43

.57

.71

Other audience

16

.59

.72

Audience

a

Item 5: Does the level of detail exceed the target populations’ abilities?

b

Analysis not run as only 1 person selected this option.

Discussion

to establish the overall reliability of this new tool for use in
evaluating nutrition apps.

Principal Findings

The validation and reliability testing of AQEL contributes to
the literature by providing a standardized method of evaluating
and reporting on nutrition apps, a gap identified previously in
app research [7-10].

In summary, the 94 items first selected from the literature were
modified to 51 items after expert panel review. Five items
evaluating app appropriateness for various age groups and 5
items evaluating app appropriateness for evaluator chosen target
audiences were not included in PCA, as the response number
to these items was limited. Construct reliability testing of these
two constructs resulted in removal of one item evaluating
appropriateness for target audiences. This left 41 items to be
grouped into factors for evaluating apps. Seven of these were
eliminated as raters selected the option of does not apply in
more than 50% of the evaluations. Therefore, 34 items were
tested using PCA. After three rounds of PCA, the result was a
survey with 25 items grouped into 5 factors for evaluating apps,
plus 5 additional items that can be used for evaluating app
appropriateness for various age groups, and 4 additional items
which can be used to evaluate apps for specific target audiences
(Multimedia Appendix 2).
The AQEL is a valid, reliable tool for evaluating app quality.
Careful consideration of stakeholder needs, including nutrition
educators and researchers, app end users, and developers, guided
development and assurance of face and content validity.
Construct, split-half, test-retest, and IRR were also evaluated
http://mhealth.jmir.org/2017/10/e163/
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Limitations
AQEL allows for the evaluator to specifically choose both an
age group and audience for some of the evaluation items.
Although a strength of the tool, it did limit the samples size for
reliability testing of these items. Addressing characteristics of
the intended app user, such as learning preferences and skill
with technology, is an important aspect of selecting apps.
Generally apps are able to accommodate a wide variety of user
preferences as they are able to deliver multimedia content based
on users’ choices. Rarely do apps only deliver text or multimedia
content. Assessment based on age group begins to address
variations in app users; however, clinician assessment remains
an important piece when selecting apps for clients to account
for individual preferences and needs.
App users for face validation were recruited from a population
of university employees reflecting a wide range educational
experience and income; however, demographic data were not
collected from this group.
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Rater knowledge of apps is important for completing accurate
evaluations. For this reason, raters were asked to spend 10 to
15 min becoming familiar with the app before completing the
evaluation [28]. Whereas extensive repeated use of the app
would be ideal, this is not always feasible in practice, especially
when evaluating a large number of apps. Test-retest reliability
showed that for most questions, results remained stable as raters
presumably were more familiar with apps on the second
evaluation compared with the first; however, raters were not
asked how familiar they were with the app on the first
evaluation. Future studies comparing AQEL ratings on first use
with later evaluations after regular use of an app would be useful
to corroborate this finding.
During validation, a mistake was discovered in the display logic
of Q17 to Q21 in the survey. These questions all concerned the
subscore of the category appropriateness to the target audience.
Of the included 75 surveys 37 had been completed at the time
the error was identified. The survey was corrected and updated.
To account for this, the analysis of Cronbach alpha for items
evaluating app appropriateness for selected age groups were
taken from the second evaluation of each app.

Comparison With Prior Work
Previous studies evaluating nutrition apps focus primarily on
evidence-based features currently available in apps [11,12] and
behavior change techniques or behavior theory use within apps
[11,13-15]. AQEL provides the first valid and reliable
instrument specifically for dietitians and nutrition researchers
to evaluate the quality of apps for use in nutrition interventions.
AQEL would add to such evaluations by providing a quantitative
method of scoring app quality.
One app selection method in chronic disease management calls
for practitioners to create an app library by identifying apps per
topic. Evaluation of these apps are based on popularity and
incorporation of best practice guidelines, assessing the use of
behavior theory using the Behavioral Theory Content Survey
[13], then matching apps to patient preferences and disease
etiology [29]. This methodology, inevitably, depends heavily
on the popularity rating of an app and requires an individual
subjective judgment of the quality of many apps. AQEL could
add to this methodology by proving an objective measure of
app quality specific to content for nutrition education.
When evaluating apps in research, it has been recommended to
evaluate apps in terms of what works, for which people, and in
what circumstances [6]. AQEL allows for this by considering
not just the app but also the end user. AQEL is consistent with
a previous study evaluating platforms supporting apps,
incorporating the same perspectives of developer, end user, and
content provider [30].
At the onset of this study, no tools had been developed for app
evaluation. During development of the AQEL tool, another app
evaluation tool, the mobile app rating scale (MARS) was
published for health app evaluation [28]. This 23-item tool
included 5 subscales for measuring app quality: engagement,
functionality, aesthetics, information, and app subjective quality.
MARS also supplies optional items that can be modified to
assess knowledge, attitudes, and intention to change; however,
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these are not included in the main scoring of MARS. Reliability
testing for MARS was completed using evaluation of mental
health apps with overall two-way mixed ICC=.79, 95% CI
0.75-0.83, whereas the subscales ICC=.50 to .80. Cronbach
alpha of subscales=.80 to .89, median=.85, and overall
scale=.90. Although not originally designed for nutrition apps,
one recent study used the first four MARS categories to evaluate
weight loss apps, finding that IRR between 2 raters was good,
with median Krippendorf alpha=.80 and interquartile range=.14
[31].
However, AQEL differs from MARS in several important ways.
First, development and reliability testing of AQEL was
specifically based on input from practicing and research nutrition
professionals. ICC testing in MARS relied on 2 raters’
evaluations, whereas reliability testing of the AQEL used 25
raters. PCA was used to refine AQEL, and test-retest reliability
was evaluated; steps not included in the testing of MARS.
Second, AQEL includes as primary constructs the categories
of behavior change potential, knowledge, and skill development.
These categories are not captured as part of the main MARS
score; instead, there are optional items assessing similar
categories: knowledge, attitudes, and intentions to change.
Reliability testing of these categories is not provided for MARS.
Behavior change potential, which is included in AQEL but not
MARS, along with functionality and the appropriateness and
quality of content for the targeted health condition, which are
included in both scales, have been cited as critical for a complete
evaluation of health-related apps [10]. MARS and AQEL both
allow for modification of items concerning the targeted health
behavior or audience; only AQEL allows for modification of
items based on the targeted age group being considered. This
allows greater flexibility as a dietitian could rate the same app
differently when considering two different age groups. Finally,
AQEL places a clear emphasis on evaluating the ability of the
app to support education to increase nutrition knowledge and
support behavior change.
An additional checklist was recently published for physician
use in evaluating health apps; however, no information is
provided on development, validation or reliability testing, and
no scoring scheme was provided [32].

Conclusions
The AQEL is a reliable tool for use when designing educational
interventions that include nutrition-related apps. This tool fills
a gap by allowing for standardized evaluation of the vast number
of apps available for use in dietetics practice and research that
have not undergone rigorous testing [6,9]. By providing
evaluation based on multiple factors of quality, app selection
can focus on the specific needs of the client. For example, if
looking for an app specifically to support behavior change, those
scores can be focused on, while also evaluating for functionality
and appropriateness for the age and nutrition needs of the client.
Scores from the scale can be evidence to justify app selection
for interventions as well. Additionally, this tool will help inform
app selection in future studies assessing for consistent use,
behavior change, and improved clinical outcomes, and to
provide dietitians with standardized reports [8-10] on the
strengths and weaknesses of apps available to their clients.
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Abstract
Background: Many modern smart watches and activity trackers feature an optical sensor that estimates the wearer’s heart rate.
Recent studies have evaluated the performance of these consumer devices in the laboratory.
Objective: The objective of our study was to examine the accuracy and sensitivity of a common wrist-worn tracker device in
measuring heart rates and detecting 1-min bouts of moderate to vigorous physical activity (MVPA) under free-living conditions.
Methods: Ten healthy volunteers were recruited from a large university in Singapore to participate in a limited field test,
followed by a month of continuous data collection. During the field test, each participant would wear one Fitbit Charge HR
activity tracker and one Polar H6 heart rate monitor. Fitbit measures were accessed at 1-min intervals, while Polar readings were
available for 10-s intervals. We derived intraclass correlation coefficients (ICCs) for individual participants comparing heart rate
estimates. We applied Centers for Disease Control and Prevention heart rate zone cut-offs to ascertain the sensitivity and specificity
of Fitbit in identifying 1-min epochs falling into MVPA heart rate zone.
Results: We collected paired heart rate data for 2509 1-min epochs in 10 individuals under free-living conditions of 3 to 6 hours.
The overall ICC comparing 1-min Fitbit measures with average 10-s Polar H6 measures for the same epoch was .83 (95% CI
.63-.91). On average, the Fitbit tracker underestimated heart rate measures by −5.96 bpm (standard error, SE=0.18). At the low
intensity heart rate zone, the underestimate was smaller at −4.22 bpm (SE=0.15). This underestimate grew to −16.2 bpm (SE=0.74)
in the MVPA heart rate zone. Fitbit devices detected 52.9% (192/363) of MVPA heart rate zone epochs correctly. Positive and
negative predictive values were 86.1% (192/223) and 92.52% (2115/2286), respectively. During subsequent 1 month of continuous
data collection (270 person-days), only 3.9% of 1-min epochs could be categorized as MVPA according to heart rate zones. This
measure was affected by decreasing wear time and adherence over the period of follow-up.
Conclusions: Under free-living conditions, Fitbit trackers are affected by significant systematic errors. Improvements in tracker
accuracy and sensitivity when measuring MVPA are required before they can be considered for use in the context of exercise
prescription to promote better health.
(JMIR Mhealth Uhealth 2017;5(10):e157) doi:10.2196/mhealth.8233
KEYWORDS
heart rate; photoplethysmography; telemedicine; validation studies
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Introduction

radial pulse rates, a method which is potentially cumbersome
or inaccurate in laypersons.

Sedentary behavior, daily step counts, and moderate to vigorous
physical activity (MVPA) have been identified as targets for
public health intervention [1]. In response to these findings, the
practice of physician-directed exercise prescription emerged as
a promising strategy to promote the health benefits of physical
activity. Under the tagline Exercise Is Medicine, clinicians are
advocating nonpharmacological interventions in the management
of chronic health conditions such as hypertension and diabetes
[2].

Naturally, there are some important disadvantages using heart
rates to approximate physical activity. Heart rate is a vital sign
which responds to a multitude of physiological stimuli, including
emotional state and illness. Heart rates also tend to exhibit
considerable lag in the minutes following the cessation of
activity. Moreover, devices that have been shown to track heart
rates reliably, such as Polar [12,13] and Actiheart [14,15], by
measuring myocardial electric potentials (akin to an
electrocardiogram), are cumbersome to wear over extended
periods as they need to be strapped across the chest.

The objective of exercise prescription is to assess current levels
of activity and guide patients as they increase their levels of
exercise. A total of 150 min of MVPA per week is required to
sustain health, whereas 300 min is needed to improve health
[3]. It is rare for any information on physical activity to be
captured in clinical practice, and when patients are assessed for
their level of activity, little emphasis is placed on objective
measures. In the domain of population research, physical activity
questionnaires have for many years been the primary means of
measurement [4,5], although more recent studies have used
wearable devices to assess activity [6,7].
Today, objective measurement of individual physical activity
under free-living conditions has become a reality following the
introduction of miniaturized step counters and triaxial
accelerometer technology. What started off as ball-in-a-box
devices that were clipped to the belt have evolved into sleek
wrist-worn gadgets that connect wirelessly to mobile phones
and the Internet. Data are captured, logged, analyzed, and
displayed within a matter of seconds. Wearable devices, which
once had only been used in research settings, are now being
marketed directly to consumers on a large scale. A recent
systematic review of 22 studies has demonstrated high validity
of step count measures among commercial devices [8]. Our own
experience has shown remarkable correlation between
wrist-worn step counters and scientific devices under free-living
conditions [9]. It therefore follows that health care providers
and exercise professionals might learn to review and interpret
the large amounts of objective physical activity data that patients
and clients may have collected incidentally.
Apart from recording daily step counts or total volumes of
physical activity, a number of commercial wrist-worn trackers
and hybrid watches feature optical sensors that estimate heart
rates by means of photoplethysmography. The noninvasive
optical probe detects the small variation in light absorption
brought about by pulsatile perfusion of tissues [10]. In principle,
heart rate measures should offer a number of advantages in
activity tracking. First, heart rate monitors outperform
accelerometers in capturing non–weight-bearing activities such
as cycling and rowing. Second, whereas the latter reflects total
volume of activity, heart rate monitors provide information on
the relative intensity of activity, allowing MVPA to be more
accurately discerned from light activity. Finally, where
information on real-time relative intensity is available, there
are, in theory, potential applications in the realm of safety
monitoring for users at risk of overtraining [11]. The current
approach to intensity assessment still relies on tactile carotid or
http://mhealth.jmir.org/2017/10/e157/
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We sought to explore whether it would be feasible to adopt a
wrist-worn consumer wearable to augment health promotion
strategies such as exercise prescription. By monitoring heart
rate information through the wearable device, the patient would
have a more convenient means to guide the calibration of
intensity to attain a specific training target [11]. In turn, these
measures could be useful to review compliance during follow-up
appointments with the health care provider and make available
objective feedback to inform behavior change strategies [16].
The literature offers conflicting information on the utility of
wrist-worn heart rate sensors when tested for validity while
participating in exercise protocols under laboratory conditions.
Authors who chose to cite strong correlation coefficients and
low mean percentage errors as validation criteria concluded that
wrist-worn devices performed well [17-19]. Others with a
stricter definition of accuracy choosing to examine mean bias
and levels of agreement [20] concluded that devices performed
inadequately. When validated in hospital patients, the devices
were found suitable for a subset of patients who were in sinus
rhythm [21]. We found only a limited number of validation
studies that collected information on minute-by-minute heart
rates [22] and daily energy expenditure [23] outside the
laboratory. In the time following our data collection efforts, a
class action lawsuit was filed against Fitbit Inc, alleging that
the devices “consistently mis-record heart rates by a very
significant margin, particularly during exercise” [24].
To address some of the existing gaps in the literature, we have
conducted this validation study to assess the accuracy of a
common wrist-worn heart rate tracking device under free-living
conditions and to evaluate the feasibility of including heart rate
tracking measures as part of population-based activity
monitoring and mobile health interventions.

Methods
Participants
We aimed to recruit 40 members of the university’s staff and
students through department-approved internal emails for a pilot
study assessing the feasibility of wearable-based observational
studies examining physical activity, nutrition, and mental
well-being. Out of this pilot study group, a convenience sample
of 10 participants would be invited to participate in an additional
validation component to examine the accuracy of heart rate
measures provided by Fitbit Charge HR (Fitbit, San Francisco
CA, USA). Participants could be included if they owned a
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compatible mobile phone with a data plan, were aged between
18 and 65 years, and were unlikely to travel abroad over the
subsequent 1 month. The following criteria excluded an
interested participant from the study: having a severe medical
condition that would prevent participation in physical activity,
discomfort, or unwillingness to wear multiple devices
concurrently and participation in activities or work that would
restrict the use of the devices.

Study Procedures and Data Collection
We compiled baseline characteristics for all our participants by
means of a self-administered questionnaire. Measures of height
and weight were taken using a SECA stadiometer (SECA
GmbH, Hamburg, Germany) at our study site.
Each participant was provided a new Fitbit Charge HR (Fitbit)
tracker to be worn on the nondominant hand throughout the
pilot study. Participants were instructed in the use of the tracker
device and the installation of mobile phone apps according to
manufacturer’s specifications. They were also taught to
synchronize the Fitbit tracker periodically.
Each of the 10 participants in the heart rate validation series
were also fitted with one Polar H6 heart rate monitor (Polar
Electro Oy, Kempele, Finland) worn across the chest. To record
the Polar H6 heart rate monitor (Polar) data, these participants
were provided with an Actigraph GT3X+ logger (Actigraph)
on Bluetooth receiver mode set to sample measures at 10-s
intervals and worn on the same wrist as the Fitbit device. The
10 participants were asked to wear all 3 devices for at least 3
and at most 6 continuous hours of nonsleeping activities. They
were encouraged to continue pursuing their usual activities,
excluding water sports. The Polar and wrist-worn Actigraph
devices could be removed before bedtime and returned to the
study site over the following days. Participants would continue
to use their Fitbit trackers for the remaining 1 month of
free-living study. Participants used their personal data plans to
run synchronizations with the Fitbit server.
Fitbit heart rate measures were downloaded directly from the
Web server using a developer’s application programming
interface (API) issued by Fitbit. Polar measures were collated
from the wrist-worn Actigraph devices. Common wear time for
the validation study was defined as every 1-min epoch, which
reflected a nonzero heart rate on both devices. For the 1-month
period of continuous monitoring, any nonzero heart rate
registered by the Fitbit was defined as valid 1-min epoch of
wear time. A valid day of wear time was defined as having at
least 600 1-min epochs of nonzero counts within 1 calendar
day.

Graphical Analysis
Our first dataset comprised one Fitbit heart rate measure for
each discreet 1-min epoch, whereas six 10-s measures for the
same epoch were available from the Polar device. While the
Fitbit API allowed us to review heart rate measures at intervals
less than 1 min, the time differences between measures were
irregular. Given that Fitbit users would only have access to data
logs recorded by minute, we did not attempt to generate our
own summary measures for within-minute heart rates. It is worth
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noting that the literature recommend that photoplethysmographic
readings should be averaged over a 60-s duration to obtain a
reliable measure [10]. To appreciate the data contributed by
individual participants, we generated time series plots of discreet
1-min epochs where Fitbit measures were superimposed onto
ranges of Polar 10-s measures. Thereafter, 10-s Polar heart rate
measures were averaged for each 1-min epoch. Subsequently,
we rank-ordered aggregated discreet epochs by their average
Polar measure, divided these epochs by deciles, and constructed
box plots to compare average Polar and Fitbit measures. Box
plots for the width of within-epoch ranges of 10-s Polar
measures were included in this descriptive plot.

Statistical Analysis
Intraclass correlation coefficients (ICCs) were calculated using
a mixed effects model assessing for absolute agreement between
average 10-s Polar measures, and 1-min Fitbit measures. ICCs
were calculated first for overall measures and then for measures
stratified by physical activity heart rate zone cut-offs proposed
by the Centers for Disease Control and Prevention [25] and by
individual participants. Given that the Polar device was chosen
as reference, heart rate zones were assigned according to each
participant’s age and average 10-s Polar measure within discreet
epochs. Two Bland-Altman plots were constructed to visually
evaluate the overall differences in absolute measures within
heart rate zones. A two-by-two table was constructed to estimate
the sensitivity, specificity, and positive and negative predictive
values for Fitbit devices, correctly identifying MVPA heart rate
zones where average 10-s Polar values were considered as
reference.
In our second dataset, we compiled all Fitbit heart rate measures
obtained in the 1-month free-living study period. The aggregated
valid days and epochs of wear time were compiled in a bar chart
with superimposed dot and whiskers plots. We tabulated
summary statistics for each participant, detailing the number of
1-min epochs spent in respective heart rate zones under
free-living conditions.
All statistical analyses were conducted using STATA (Version
13.1, StataCorp LP). Given the exploratory nature of this study,
P<.05 was chosen as a level of statistical significance. The
strength of ICC coefficients was interpreted based on the
following definitions: weak (r<.5), moderate (.5-.7), and strong
(r>.7). This study was approved by the institutional review
board of the National University of Singapore.

Results
Study Participants
From our pilot study group of 20 males and 20 females, we
recruited 3 females and 7 males to participate in the heart rate
validation segment. Recruitment and data collection began on
November 4, 2015, and the last day of assessment was January
7, 2016. Nine out of 10 participants were students, and their
average body mass index was 22.9 kg/m2 (standard deviation
[SD] 3.8). Table 1 describes the characteristics of the final
sample of 10 study participants.
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Table 1. Sample characteristics (N=10).
Characteristics

Value (N=10)

Gender, n
Female

3

Male

7

Occupation, n
Undergraduate

3

Postgraduate

6

Staff

1

Age in years, mean (SDa)

25.4 (3.7)

Body mass index in kg/m2, mean (SD)

22.9 (3.8)

Number of valid 1-min epochs contributed, mean (SD)

a

Paired measures

250 (95)

1-month follow-up period

38880 (11758)

SD: standard deviation.

Figure 1. Time-series of Fitbit 1-min measures (circles) and Polar 1-min ranges (gray bars) estimating heart rate in beats per minute for participants
D and I.
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Validation of Fitbit Measures Compared With Polar
Of a total of 2769 possible 1-min epochs, 2509 valid paired
readings were identified, with each participant contributing on
average 250 (SD 95) epochs. Unpaired readings were treated
as missing data and omitted from further analyses. For
illustrative purpose, 2 of the 10 time series plots are shown in
Figure 1, representing the strongest and weakest measures of
intraclass correlation.
The graphical comparison of aggregated epochs in Figure 2
shows how heart rate measures from Fitbit were consistently
lower than Polar, whereas the width of 10-s Polar value ranges
remained consistent.

Gorny et al
Table 2 shows the ICCs and differences between Fitbit and
Polar measures. The overall ICC between both devices was
strong (.83; 95% CI 0.63-0.91) and ranged from .40 to .97 across
participants. The ICC was markedly weaker at MVPA heart
rate zones as compared with the low heart rate zone. On average,
Fitbit devices measured heart rates that were −5.96 bpm (95%
CI −6.33 to −5.60) lower than Polar. Reviewing the differences
between participants, we noted that the underestimate was
statistically significant in all but 1 participant, who also
demonstrated the strongest ICC. Again, the difference between
both devices was greater in MVPA heart rate zones. This finding
was reproduced in the Bland-Altman plots of measures (Figure
3).

Figure 2. Box-plots providing by-decile comparisons of average Polar (dark gray) and Fitbit (black) measures, width of within-epoch ranges of 10-second
Polar measures (white) included (n=2509).
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Table 2. Overall and stratified comparisons between Fitbit and Polar of minute-by-minute epochs.
1-min epochs

n

Within-epoch comparison of 1-min Fitbit and average 10-s Polar
heart rates (in bpm)
Intraclass correlation
coefficient

a

Average differenceb

P valueb

(95% CI)

(95% CI)
Overall

2509

.83 (0.63-0.91)

−5.96 (−6.33 to −5.60)

<.001

Low (<50%)

2146

.77 (0.55-0.87)

−4.24 (−4.53 to −3.96)

<.001

Moderate to vigorous physical activity (≥50%)

363

.56 (0-0.79)

−16.2 (−17.6 to −14.7)

<.001

A

348

.87 (0.69-0.94)

−2.58 (−2.99 to −2.18)

<.001

B

358

.75 (0.50-0.86)

−3.92 (−4.55 to −3.29)

<.001

C

169

.70 (0.28-0.85)

−5.08 (−6.01 to −4.14)

<.001

D

198

.97 (0.96-0.98)

0.25 (−1.08 to 1.58)

.70

E

359

.62 (0.14-0.81)

−6.40 (−7.13 to −5.67)

<.001

F

208

.47 (0-0.74)

−17.4 (−19.5 to −15.4)

<.001

G

320

.72 (0.19-0.88)

−5.05 (−5.62 to −4.47)

<.001

H

228

.81 (0.65-0.88)

−5.20 (−6.45 to −3.94)

<.001

I

248

.40 (0-0.68)

−12.3 (−13.6 to −11.1)

<.001

J

73

.93 (0.88-0.95)

−0.92 (−1.69 to −0.14)

.02

By Centers for Disease Control and Prevention heart rate zonec

By participant

a

ICCs derived using two-way mixed effects model for absolute agreement.

b

Statistics derived in paired t tests.

c

Calculated as percent of maximal heart rate (220 bpm—age in years) for discreet 1-min epochs drawing from the average 10-s Polar measure and age
of the respective participant.
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Figure 3. Bland-Altman plots for paired measures in low (top) and moderate to vigorous physical activity (MVPA; bottom) Centers for Disease Control
and Prevention (CDC) heart rate zones.

Within the aggregate 2509 1-min epochs shown in Table 3, only
363 were spent in the MVPA heart rate zone according to Polar
measures.

One-Month Continuous Observation

On valid days of device usage as shown in Table 4, 24.4% of
epochs were classified as nonwear time, 71.7% of epochs fell
within the low intensity heart rate zone, and 3.9% of epochs
were classified as MVPA. Thus, on average, participants spent
55 min (SD 34) per day in the MVPA heart rate zone.

Figure 4 shows that wear time on valid days was consistent,
although the number of participants providing valid days of
device usage declined over the course of the study period.
http://mhealth.jmir.org/2017/10/e157/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e157 | p.296
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Gorny et al

Table 3. Number of 1-min epochs spent in Centers for Disease Control and Prevention (CDC) physical activity heart rate zone; n=2509 paired
observations. Sensitivity and specificity were 52.9% (192/363) and 98.6% (2115/2146), respectively. The positive predictive value for a 1-min epoch
categorized as MVPA by Fitbit values was 86.1% (192/223), and the negative predictive value was 92.52% (2115/2286).
Epoch categorization

According to Fitbit values, n (%)

Total, n (%)

Low

MVPAa

Low

2115 (98.6)

31 (1.4)

2146 (100.0)

MVPA

171 (47.1)

192 (52.9)

363 (100.0)

According to average 10-s Polar values

a

MVPA: moderate to vigorous physical activity.

Figure 4. Number of participants with valid days (gray bars) with distribution of aggregated wear time means (boxes) and one standard deviation
(whiskers).
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Table 4. Free-living data collection. Over n=270 valid person-days of Fitbit usage.
Device use

Overall

Valid days

Total number of
epochs

Number of 1-min epochs spent in CDCa physical activity heart Average daily minutes spent
rate zone, n (%)
in MVPAb heart rate zone
No valid reading

Low

MVPA

270

388,800

94,993 (24.4)

278,856 (71.7)

14,951 (3.9)

55 (SD 34)

A

21

30,240

13212 (43.7)

16,397 (54.2)

631 (2.09)

30

B

30

43,200

12076 (28.0)

29,729 (68.8)

1395 (3.2)

47

C

26

37,440

13984 (37.4)

20,691 (55.3)

2765 (7.4)

106

D

33

47,520

16136 (34.0)

30,600(64.4)

784 (1.7)

24

E

22

31,680

6754 (21.3)

23,686 (74.8)

1240 (3.9)

56

F

32

46,080

10703 (23.2)

33,593 (72.9)

1784 (3.9)

56

G

34

48,960

2743 (5.6)

44,580 (91.1)

1637 (3.3)

48

H

34

48,960

2694 (5.5)

45,488 (92.9)

778 (1.6)

23

I

30

43,200

11901 (27.6)

27,614 (63.9)

3685 (8.5)

123

J

8

11,520

4790 (41.6)

6478 (56.2)

252 (2.2)

32

By participant

a

CDC: Centers for Disease Control and Prevention.

b

MVPA: moderate to vigorous physical activity.

Discussion
Principal Findings
In this free-living validation study, we have compiled rich data
by relatively convenient means, capturing 2509 1-min epochs
of paired data and tens of thousands of unpaired 1-min epochs
in the follow-up period. Visual inspection of within-participant
heart rate plots showed that there were differences in how well
Fitbit readings coincided with Polar ranges. We ascertained an
overall strong ICC for absolute agreement between Fitbit and
Polar measures that varied markedly between participants and
diminished at heart rates that represent moderate to vigorous
intensity physical activity. The Fitbit devices identified just
over half of MVPA heart rate zone readings correctly.
Our summary measure of a 6 bpm or 7% underestimate of heart
rates measured by Fitbit was in keeping with current literature
where error estimates have been established under laboratory
conditions [18,26,27]. In MVPA heart rate zones, we found an
average underestimate of 16 bpm, which was shown to markedly
impact Fitbit’s ability to correctly identify time spent in MVPA
under free-living conditions. This finding of a larger error at
higher heart rates is consistent with other studies [26,28].
However, our findings suggest that the systematic
underestimation of heart rates might partially be accounted for
by differences between participants.
Applying our own measures of sensitivity and specificity to the
data obtained during the 1-month follow-up period, we could
surmise that close to an hour’s worth of MVPA epochs were
not captured on any given day. This underestimate of daily
MVPA time contrasts with the overestimate observed in a
free-living validation study of a wrist-worn tracker of the same
brand that measured bouts of activity based on accelerometry
[29]. It is also important to note that Fitbit wear time and the
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number of participants wearing it sufficiently long had decreased
considerably even over the 1-month monitoring period. This is
consistent with findings from other studies [30] that have also
reported considerable drops in compliance with wearable device
use over time.
Our free-living validation study into the accuracy of wrist-worn
heart rate monitors has several implications on their potential
usefulness in monitoring relevant physiological parameters over
time and tracking compliance with exercise prescriptions. The
results are in keeping with the past studies, which concluded
that the device would fare poorly in the calibration of intensity
of activity owing to insufficient accuracy. Concerning activity
tracking, we found that the devices would fail to recognize one
in two MVPA heart rate zone epochs, thus diminishing their
value as a means of assessing activity levels objectively. Our
follow-up data suggest that device use declined over the course
of the study, further complicating potential uses as a compliance
monitoring tool.
Overall, our findings have demonstrated that more emphasis
should be placed on eliminating systematic error in the tracker
measures. Our data showed that errors might be explained in
part by putative between-participant differences that would
include device fit and skin surface characteristics. Additional
mathematical calibration might be appropriate for the trackers
to more reliably detect MVPA heart rate zones. As these sensors
become increasingly ubiquitous, their potential role in exercise
prescription and health promotion merits further evaluation.

Limitations
Our study design was limited to a small sample of mostly male,
young adults who did not report significant health issues, thus
limiting the generalizability of our findings. The recruitment of
female participants was affected by expressed discomfort
wearing the Polar H6 chest strap beneath undergarments. In
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addition, the measurement period was restricted over a few
hours of one day where participants would engage in their
normal activities. Although this provided us the necessary
information on usual day-to-day life, it resulted in a limited
number of paired measures, particularly in the moderate to
vigorous heart rate zones. We did not include any form of
activity diary in the 1-month period of follow-up, thus limiting
our ability to verify the total duration of MVPA accrued. The
sensitivity of the photoplethysmographic probe is strongly
affected by placement and skin condition [10]. Although we
provided advice on proper fit, it is plausible that participants
may have foregone scientific accuracy in favor of personal
comfort by loosening wrist straps. Due to the logistics of the
study, we were unable to ascertain proper fit at the end of the
observation period, which could have provided further insights
into the apparent interpersonal differences in Fitbit accuracy.
Finally, it is important to note that the optical sensors provide
a measure of microvascular perfusion, whereas our reference

Gorny et al
device registers myocardial electric potentials. In practice the
arterial pulse rate is often synonymous with the rate of cardiac
contractions, but this level of equivalence might be considered
inappropriate in the evaluation of photoplethysmographic
devices, which are known to be affected by movement and other
artifacts that contribute to error rates of up to 8% [10].

Conclusions
The nature of this study was part validation and part exploration.
While the overall ICC for absolute agreement appears strong,
our data suggest that under free-living conditions, Fitbit Charge
HR trackers overall compared poorly against the reference
device, especially at higher heart rate zones. Our findings are
in line with findings of past studies, which have expressed
concern that such devices might not provide adequate
information to guide exercise intensity or detect MVPA. Given
the nature of our small pilot study with a limited period of
observation, further research with a larger sample is warranted
to confirm our results.
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Abstract
Background: Automatically tracking mental well-being could facilitate personalization of treatments for mood disorders such
as depression and bipolar disorder. Smartphones present a novel and ubiquitous opportunity to track individuals’ behavior and
may be useful for inferring and automatically monitoring mental well-being.
Objective: The aim of this study was to assess the extent to which activity and sleep tracking with a smartphone can be used
for monitoring individuals’ mental well-being.
Methods: A cohort of 106 individuals was recruited to install an app on their smartphone that would track their well-being with
daily surveys and track their behavior with activity inferences from their phone’s accelerometer data. Of the participants recruited,
53 had sufficient data to infer activity and sleep measures. For this subset of individuals, we related measures of activity and
sleep to the individuals’ well-being and used these measures to predict their well-being.
Results: We found that smartphone-measured approximations for daily physical activity were positively correlated with both
mood (P=.004) and perceived energy level (P<.001). Sleep duration was positively correlated with mood (P=.02) but not energy.
Our measure for sleep disturbance was not found to be significantly related to either mood or energy, which could imply too
much noise in the measurement. Models predicting the well-being measures from the activity and sleep measures were found to
be significantly better than naive baselines (P<.01), despite modest overall improvements.
Conclusions: Measures of activity and sleep inferred from smartphone activity were strongly related to and somewhat predictive
of participants’ well-being. Whereas the improvement over naive models was modest, it reaffirms the importance of considering
physical activity and sleep for predicting mood and for making automatic mood monitoring a reality.
(JMIR Mhealth Uhealth 2017;5(10):e137) doi:10.2196/mhealth.7820
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Introduction
A goal of personalized medicine is to tailor treatments to
individuals based on their needs. To aid the tailoring of
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treatments, it is necessary to monitor an individual’s state of
well-being and to evaluate whether they are responding to a
treatment [1,2]. However, monitoring can be a tedious and
expensive process and, as a result, can yield low adherence [3].
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To overcome low patient adherence, automatic monitoring can
be employed in the treatment of mental health disorders, such
as depression and bipolar disorder, which benefit from
monitoring symptoms over time to identify symptom relapse
and to possibly prevent symptoms because of higher
self-awareness [4].
The proliferation of personal electronics has enabled continuous
personal monitoring [5]. For example, activity recognition has
enabled tracking to monitor physical exertion and sleep patterns
[6]. Recent studies have started examining whether these
smartphone-measured behavioral patterns can be used to infer
and then automatically track signals that are not explicitly
measured by the smartphone, such as mental well-being.
Many studies have looked at inferring measures of mental
well-being from smartphone-measured behavioral patterns [7].
In particular, researchers have considered using measures of
location and mobility from global positioning system (GPS)
logs to infer depression [8-10], bipolar state [11], stress [12],
and well-being measures related to schizophrenia [13]. These
studies have shown that daily self-reported levels of stress are
related to geospatial activity and sleep [12] and that mobility
data can improve predictions of whether a participant is happier
or less depressed than usual [8,10] and their bipolar state or
transition between states [11]. Researchers have also found that
regularity of an individual’s daily mobility is significant when
predicting depression symptom severity [9,14].
Additional studies have explored the relationships of social
signals such as phone usage, call logs, and SMS (short message
service) logs with well-being. Two recent studies found that
phone usage measures were correlated with depressive symptom
severity [9,14]. Another study found that using social signals
such as emails, SMS and call logs, Internet usage, app usage,
and location frequency was predictive of mood and energy when
previous observations of mood and energy were included [15].
However, a similar follow-up study was unable to reproduce
these results. This follow-up study did not find sophisticated
models considering high accelerometer activity, call and SMS
logs, screen events, app usage, and number of images taken to
be better than guessing each individual’s well-being [16].
Whereas this body of literature has established that relationships
between
measures
of
mental
well-being
and
smartphone-measured behaviors may exist, the above literature
has not focused extensively on physical activity in uncontrolled
environments (ie, outside a lab without constraints on
participants, such as where the phone must be located). For
example, studies have explored predicting bipolar states and
state transitions via accelerometers on small populations [11]
or mood in constrained environments where the phone had to
be in a fixed position [17,18] or activities had to be performed
in a lab [19]. One study looked at a measure of total daily
physical activity and sleep (as measured with multiple sensors)
but within the context of stress and not well-being more broadly,
and it did not attempt to predict well-being [12].
Despite these few studies’ limited focus on activity and sleep,
there is a body of literature external to mobile health (mHealth)
that has established a strong relationship of better mood with
increased activity [20-24] and sleep quality [25,26]. There is
https://mhealth.jmir.org/2017/10/e137/
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also mounting evidence that a smartphone accelerometer
measures physical activity to a sufficient extent to be useful for
monitoring well-being. Several studies have demonstrated that
individuals’ sleep and physical activity can be somewhat
accurately tracked with smartphones [27] and activity
recognition [28-30], respectively. As a result, it seems probable
that an individual’s activity and sleep, as tracked by their
smartphone’s accelerometer, could be related to and potentially
predictive of their mood and well-being more broadly.
If possible, tracking mental well-being with an accelerometer
could have benefits over using other sensors. For example, an
accelerometer could provide more privacy than previously
considered sensors, such as GPS location [8-12] and call logs
[13,15,16]. Another advantage to using an accelerometer is that
the sensor is always available when the phone is turned on,
including when the individual’s phone is out of service or, for
example, in a tunnel. Whereas accelerometers embedded in a
wearable device might have more potential to accurately track
activity, smartphones are more ubiquitous and thus more realistic
for long-term tracking.
Here, we are interested in focusing on and better understanding
the relationships of physical activity and sleep, as measured by
a smartphone accelerometer, with emotion for improving
automatic mood tracking. We are particularly interested in
understanding whether the relationships are predictive,
especially from data collected with ordinary participant-owned
smartphones in unconstrained environments (ie, not imposing
constraints on participants about where they need to keep the
phone or whether they need to have a special device with an
accelerometer attached to their body). To explore these research
questions, we conducted a field study, extracted measures of
physical activity and sleep from smartphone accelerometer logs,
related these measures to participants’ self-reported well-being,
and attempted to infer participants’ well-being with classification
and regression models. We expect that increased physical
activity and better sleep quality will be related to improved
self-reported mood and well-being.

Methods
Field Study
We recruited 106 participants from the university community
through the Experimental Social Science Laboratory (XLab)
for an 8-week field study to pilot methods. Participants were
eligible if they owned an Android smartphone, were native
English speakers, were undergraduate students, and agreed to
the consent form. The study was approved by the University of
California, Berkeley Internal Review Board. The participants
were asked to take an entry survey, respond to daily well-being
prompts on their smartphone, allow passive collection of sensor
data from their smartphone, and take an exit survey.

Data Collection
Data were collected from participants through a custom Android
app that used the Funf Open Sensing Framework [31]. This app
was installed by participants before the study period and
collected both passive sensor data as well as daily participant
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input. The participants were instructed and reminded to uninstall
the app at study completion.
To quantify well-being, we followed prior studies and asked
participants to repeatedly fill out a 2-question survey on their
phone. Participants could enter information about their state on
two 9-point Likert scales—one for energy and one for mood.
Scales were labeled with opposite poles, such as unhappy to
happy and unenergetic to energetic. Participants could select
the specific words from short lists of relative synonyms for each
pole, such as unhappy, negative, sad, bad versus happy, positive,
good. Participants were queried for their state 4 times a day.
Each of the four daily surveys occurred at a random time within
a predefined period between 8 AM and 10 PM. The purpose of
randomizing within periods was to ensure distribution of surveys
throughout the day without having participants anticipate them.
All responses given in a day were averaged into a daily level
of perceived mood and energy.
To measure activity, we sampled the smartphone’s
accelerometer for intervals of 3 seconds every 5 minutes. These
data were collected continuously from the time the app was
installed. There were compatibility issues with phone models
and network connections, hence, the amount of data collected
on each subject varied. Quality of accelerometers also varied
between phone models, which contributed to variance in the
amount and quality of data collected on each individual. Some
of the difficulties we encountered with sensor data collection
included entirely missing observations, nonuniform readings
during an observation interval, and insufficient duration of
sampling, that is, less than 3 seconds. Participants were excluded
from the analyses if they did not have complete data (well-being
responses and activity readings) for at least 14 days of the study.

Data Processing
Preprocessing
The smartphones’ 3-axis accelerometers measured the
acceleration of the device in three directions. Following prior
work, we considered the magnitude of the acceleration minus
gravity [32]. Gravity for each segment was estimated as the
average of coordinates in each of the directions. To account for
irregular sampling and to reduce noise in the sensor readings
during a sampling interval, we interpolated the available data
points and took regular sampling from the interpolation.
Quadratic and cubic splines gave irregularities with missing
readings; thus, a linear spline was identified as performing the
best. This regular sampling allowed us to compute discrete
Fourier transforms on the approximated signal and approximate
the spectral density using Welch’s method, that is, averaging
between Fourier transforms on multiple overlapping segments
of the full observation window.

Activity Inference
We inferred activity from features summarizing the
orientation-invariant magnitude of acceleration deviation and
the spectral density of the magnitude of deviation of
acceleration. The acceleration deviation was computed by
subtracting the estimated gravity from all readings in the
interval. This approach was taken to allow for more fine-grained
analysis of movement than is presented here. Much prior work
https://mhealth.jmir.org/2017/10/e137/

XSL• FO
RenderX

DeMasi et al
with accelerometers, predicting both mental well-being
[11,17,19] and activity [28-30], utilized features on
coordinate-wise acceleration. However, such approaches were
not applicable here, as our participants’ phones were not in a
fixed position during the study. We followed prior work that
considered features on the magnitude and power spectrum of
the magnitude of acceleration during the sample period [30].
The features we used were the average and standard deviation
of the magnitude of acceleration and the dominant frequency,
entropy of the normalized power spectrum, power in the high
frequencies, medium frequencies, and low frequencies of the
power spectrum of the magnitude of the acceleration. These
eight features were used to fit two logistic regression classifiers.
One classifier was trained to identify when the phone is still or
set down; the second classifier identified activity such as
walking, running, or pedaling a bicycle. We did not use a
classifier to explicitly identify the phone being in a vehicle,
such as a car, bus, or train. We did not find a classifier to be
reliable enough, given the many states a vehicle can assume,
for example, idling, accelerating, and traversing a smooth or
bumpy road. Such a task was also of uncertain necessity because
participants do not necessarily exert extra energy while riding
in transportation and thus vehicle activity was less likely to
correspond to elevated mood from physical exertion.. As a
result, we focused this study on measures of physical activity
and sleep. The goal of these two classifiers was to quantify how
long the phone was set down at night, and the subject
presumably sleeping, and how long the participant was
physically active during the day. These classifiers were trained
on an auxiliary activity-labeled dataset that was collected with
the same smartphone app and data processing pipeline. The
classifiers achieved 80% to 95% accuracy on held out subjects
from the training dataset.

Measure Extraction
Sleep Duration
Sleep duration was estimated as the length of the longest period
during which the participant was not physically active, starting
after 9 PM the prior evening. This period was calculated by
looking at the longest contiguous series of observations when
the accelerometer data predicted that the participant was not
active and taking the duration of that period. Whereas this
approach likely overestimates the duration of sleep, it should
be representative of a period of passivity or evening rest and is
preferable to the highly noisy alternative of considering the
duration for which the phone was predicted to be still during
the evening.

Nighttime Stillness
Sleep disturbance, or nighttime stillness, sought to capture sleep
disturbance during the time when each participant’s phone was
most likely to be set down and the participant presumably asleep,
based on their typical behavior. This measure was considered
to be the fraction of time that a participant was still during their
median period of late evening or when their phone would
typically be still, based on their behavior during the study. The
period of late evening was defined for each participant by first
considering the longest contiguous set of observations during
which the phone was predicted to be set down, starting after 9
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e137 | p.304
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PM for each day of the study. The median time that this period
started, or presumably the phone was set down, for each day of
the study defined the beginning of period, and the median time

that the contiguous still observations ended on each day of the
study was considered the end of the period of late evening.

Table 1. Daily measures of activity and sleep and how they were calculated.
Type of measure

Measure

How it was measured and calculated

Time

Day of study (semester)

Coded as the number of days since the first day of the study.

Day of week

Ordinal variable coded Monday (0) through Sunday (6).

Sleep

Sleep duration

Longest contiguous time that the participant was not physically active starting after 9 PM.

Activity

Daytime activity

Fraction of time a participant was physically active during the median active period. The median active
period is the time between the median hour the participant became physically active during each day
of the study and the median hour that the participant stopped being active during the study.

Nighttime stillness

Fraction of time the phone was predicted to be still, that is, set down, during the median still period.
The median still period was calculated over the course of the study to be the median hour that the
longest contiguous still period started and the median hour it stopped.

The nighttime stillness measure for each day of the study was
the fraction of observations on that day of the study, which
occurred during the late evening period and was predicted to
be still.

Daytime Activity
For a measure of daily physical activity, we consider the daytime
activity, which was the fraction of time that a participant was
predicted to be physically active during their active period or
the period of the day that we would expect each participant to
be active, given their typical behavior during the study. The
active period of the day was determined by first looking at the
longest contiguous set of observations when the phone’s
predicted behavior was not-physically active, starting after 9
PM. The median time across all the days of the study when this
physically not-active period began was considered as the end
of the active period, and the median end time of the not-active
period was considered the beginning of the participant’s typical
active period. The daytime activity measure for each day of the
study was then the fraction of time that the participant’s phone
predicted (with the models discussed previously) that the
participant was physically active during the participant’s active
period.

Day of Study
Following prior work, we coded the day of the study as the
number of days that had elapsed since the first day of the study
[12]. This measure is important to account for potential
participant fatigue, and also to represent the progression of the
academic semester, which may have had an effect on the
participants.

mixed-effects linear models to relate reported average daily
well-being measures to daily behavior measures [33]. We started
with a maximal random-effects structure for each well-being
measure to allow for individual variation and increase
generalizability. Due to lack of initial convergence of the model,
we followed suggestions in prior work to look at the covariance
of the partially converged model and remove the variable in
minimum variance from the random-effects structure [34]. Using
this procedure, we removed the measure of sleep disturbance,
nighttime stillness, from the random-effects structure when
modeling mood and removed the scaled ordinal variable coding
the day of the week when modeling energy. After this step, both
models converged. Activity and sleep measures were centered
and normalized within individuals, and time measures were
scaled between 0 and 1 before fitting the models to compare
the relative sizes of effects.
To ensure the value of the model with maximally justified
random-effects structure, we fit two additional models: (1) a
model with only random intercepts and no additional
random-effects or fixed-effects and (2) a model with
fixed-effects and a random intercept only. Model fit was
assessed with chi-square tests on the log likelihood values of
different models. Model assumptions were visually checked.
The linear mixed-effects models and analyses were carried out
in the R programming language and environment [35] using
the lme4 [36] and lmerTest [37] software packages.

Predicting Well-Being

Analyses

The second set of analyses assessed whether the relationships
between daily mood and the activity, behavior, and time features
were strong enough to be predictive. To do this, we attempted
two tasks. The first task was to predict whether a participant
was having a bad day, that is, whether their well-being was
lower than their median-reported well-being. Only participants
with sufficient observations of each class (at least 5 fine days
and 5 bad days) were included in the analysis. The second task
was to predict a participant’s level of well-being.

Relating Measures to Well-Being

Prediction Models

The first set of analyses sought to study the relationship of
activity, sleep, and time on daily well-being. To account for the
repeated measures design and missing data, we used

For the first task, predicting whether a participant was having
a worse-than-usual day, we used logistic regressions with an
L1 and an L2 norm penalty as well as support vector machines

Weekday
The day of the week, and thus the potential effect of weekends,
was accounted for by coding weekdays with an ordinal variable
from 0 to 6, Monday through Sunday (Table 1).
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(SVMs) and random forests [38,39]. For predicting the daily
level of well-being, we used a linear regression model with the
elastic net penalty [40] in addition to an Epsilon-Support Vector
Regression and random forests. These models were used on
individuals’ data to build personal models, rather than pooling
all individuals’ data into a global model. Personal models were
used because they have been shown to be the most successful
approach to predicting individuals’ responses [13].
Mixed-effects models help to model behavior within the
population as a whole while taking into account the fact that
individuals have different behavior, but personal linear models
are a best-case scenario for predicting individuals’ behavior
from their own data.

Prediction Framework
For both prediction tasks, we evaluated prediction accuracy
with leave-one-out cross-validation on personalized models,
that is, we trained a model on all but one of a participant’s data
points, evaluated the model accuracy on the held-out
observation, and then averaged accuracy across observations.
The penalty weights hyperparameters were set with
leave-one-out cross-validation on the training data and scanning
a variety of penalty weights. The predictive analysis was
performed in Python with the scikit-learn library [41].

Model Evaluation: User Lift
The accuracy of predicting whether an individual was having
a good day was quantified by prediction error or the percentage
of observations that were incorrectly predicted. The accuracy
of predicting the level of well-being on a given day was
quantified by root-mean-square error, which is the square root

of the average squared distance of a prediction from the true
value. We report the accuracy of predictions compared with the
accuracy of predicting each participant to be at their most
common state. This measure is called user lift; it is the increase
in accuracy, or decrease in error, that the model has relative to
always predicting an individual to be at their most common
state [42]. By comparing a model with each participant’s
baseline, user lift reveals how much better a model is doing
than guessing a participant to always be at their usual state. We
then used permutation tests to assess whether user lift was
significantly positive across the participants, that is, whether
the models were significantly better than always guessing a
participant to be at their most common state, as permutation
tests are reported to be more reliable than paired nonparametric
tests [43,44].

Results
Participation
Of the 106 participants recruited, 87 installed our app; 57
completed the study, that is, completed the exit survey at the
end of the 8-week study period. However, there were only
sufficient data on 53 participants to include in the analyses.
Baseline characteristics of individuals included and excluded
from the analyses are shown in Table 2 and indicate that similar
populations were included and excluded from the analyses.
Whereas some attrition was because of participation waning
over the 8-week study period, there was also attrition as a result
of technical difficulties and app compatibility issues on older
phones.

Table 2. Participant baseline characteristics. Averages across individuals are reported with standard deviations in parenthesis, except where indicated.
Where appropriate, numbers represent the average across individuals of averages within individuals.
Participant measure

Included participants

Included participants

Excluded participants

with exit survey

with no exit survey

because of insufficient data

(n=47)

(n=6)

(n=53)

Age

19.83 (1.99)

20.33 (1.60)

20.80 (4.13)

Female (number)a

26

3

28

BDI-20b score (entry)a

11.14 (9.27)

7.33 (3.54)

12.61 (7.20)

BDI-20b score (exit)a

11.98 (12.00)

N/A

N/A

Median mood rating

5.17 (1.63)

5.83 (0.90)

5.44 (1.44)

Median energy rating

5.60 (1.27)

6.67 (0.94)

5.98 (0.80)

Number of emotion surveys completed

160.51 (44.42)

139.33 (55.01)

30.25 (50.97)

Number of days with emotion ratings

49.45 (8.27)

44.00 (11.06)

10.49 (15.99)

Reported typical sleep duration in hours (from exit survey)a

6.88 (1.35)

N/A

N/A

8.79 (1.22)

8.56 (0.48)

N/A

4.24 (5.04)

N/A

N/A

Average minutes active per day (sensed daytime activity)

118.78 (32.67)

151.25 (59.68)

N/A

Number of days with sensed activity and mood input

38.60 (9.15)

40.00 (9.64)

3.36 (5.15)

a

Average duration of inactive period in hours (sensed sleep duration)
Number of times per month a participant exercised (from exit survey)

a

a

Indicates measures averaged only over submitted responses, as entry and exit survey questions were optional.

b

BDI-20 indicates optional self-reports to 20 questions of the Beck’s Depression Inventory (the question related to suicidal ideation was omitted).
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Table 3. Results of fixed-effects for linear mixed-effects model of mood level from smartphone-measured and time variables. The measure for nighttime
stillness was excluded from the otherwise maximal random-effects structure.
Fixed-effect

Estimate

Standard error

t value

P value

(degrees of freedom)
Mean mood (intercept)

5.056

0.174

28.973 (49.0)

<.001

Day of study (semester)

−0.059

0.261

−0.226 (47.0)

.82

Day of week (coded 0-6, Monday-Sunday)

0.040

0.076

0.528 (257.0)

.60

Sleep duration

0.072

0.030

2.451 (52.0)

.02

Daytime activity

0.097

0.032

3.062 (50.4)

.004

Nighttime stillness

0.040

0.026

1.528 (1881.5)

.13

Log likelihood

Chi-square value

P value

Table 4. Checking model fits for linear mixed-effects model of mood.
Model name

Akaike information

Bayesian information

criterion

criterion

Random intercept only

6522.0

6538.8

−3258.0

Fixed-effects with random intercept only

6508.8

6553.7

−3246.4

23.2 (5)

<.001

Maximal random-effects structure

6322.0

6445.4

−3139.0

214.8 (14)

<.001

(degrees of freedom)

(Table 4). The main effects also remained significant, even
when accounting for individual differences.

Relationship of Sensor Data With Well-Being
From linear mixed-effects models, we found significant positive
relationships of daytime activity and sleep duration with daily
mood; when participants get more sleep and more daily activity
they tend to report better moods (Table 3). Daytime activity has
a stronger relative effect than sleep duration. Of note is that
nighttime stillness (sleep disturbance) is not significant. This
lack of significance could imply that the measurement is too
noisy and that more work is needed to reliably measure sleep
disturbance with a smartphone. The model with the maximal
random-effects structure better accounted for the variance across
individual participants than the random intercept only model

We also found a significant positive relationship of daytime
activity with daily perceived energy level (Table 5). The relation
for sleep, though negative, is not significant, revealing a
potentially different relationship between the two emotions
(mood and energy) with sleep.
Day of the week has a significant positive fixed-effect but had
to be removed from the random-effects structure following prior
suggestions about how to handle lack of model convergence
[33].

Table 5. Fixed-effects for a mixed-effects linear model relating daily energy level from smartphone-measured and time variables. The ordinal variable
for weekday was excluded from the near-maximal random-effects structure.
Fixed-effect

Estimate

Standard error

t value

P value

(degrees of freedom)
Mean energy (intercept)

5.686

0.184

30.857 (53.9)

<.001

Day of study (semester)

−0.304

0.233

−1.303 (49.4)

.20

Day of week (coded 0-6, Monday-Sunday)

0.196

0.067

2.912 (1876.2)

.004

Sleep duration

−0.027

0.031

−0.858 (57.7)

.39

Daytime activity

0.182

0.039

4.673 (49.6)

<.001

Nighttime stillness

0.024

0.030

0.810 (50.4)

.42

Log likelihood

Chi-square value

P value

Table 6. Checking model fits for linear mixed-effects model of energy.
Model name

Akaike information

Bayesian information

criterion

criterion

Random intercept only

6284.2

6301.0

−3139.1

Fixed-effects with random intercept only

6196.1

6240.9

−3090.0

98.1 (5)

<.001

Maximal random-effects structure

5972.5

6095.9

−2964.2

251.6 (14)

<.001
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This effect for day of the week indicated that participants
collectively felt more energy at the end of the week, and there
is not sufficient evidence to support the idea that weekday
affected participants differently.When we changed the variable
encoding weekday to a binary variable indicating a fixed
weekend of Saturday and Sunday versus the rest of the week,
as has been suggested in related work [14], this relationship did
not remain significant. An interaction term between a weekend
indicator and daily activity was similarly not found to be
significant. This lack of significance as a binary variable could
be a result of weekends being less defined in our undergraduate
population, some of whom may or may not have classes on
Friday and thus have had extended weekends. The lack of
significance could alternatively result from insufficient
observations of weekends for each participant. Again, sleep
disturbance is not significant, further indicating that there might
be too much noise in the variable measuring sleep quality. The
model with the maximally justified random-effects structure
accounted for significantly more variation across participants
than having only a random intercept (Table 6).

Predicting Well-Being From Sensor Data
The activity, sleep, and time measures described above were
also used to predict daily well-being scores. Whereas
mixed-effects models were used to understand relationships of

activity and sleep measures with well-being within the
population, personal models (linear and nonlinear) were used
as a maximally personalized and thus somewhat best-case
approach for predicting individuals’ well-being [13]. The user
lift, or improvement of model predictions over a baseline is
reported (Table 7). The user lift is the increase in accuracy (or
decrease in error) that a model has relative to always predicting
an individual to be at their most common state. User lift
compares a model’s accuracy with a participant’s baseline; thus,
it quantifies how much better a model is performing than the
most reasonable constant prediction for each participant.
In general, it was difficult to predict individuals’ well-being on
a daily basis with the given information only being about their
activity and sleep (Table 7). On average, the best models were
able to improve prediction of good and bad mood and energy
by 5.44% and 4.92%, respectively. The model prediction
performance presented in Table 7 is for linear models (penalized
logistic regression and elastic-net penalized linear regression),
as those models were found to return higher accuracy than the
nonlinear SVMs and random forests. Whereas there was
considerable variation in predictability across individuals,
permutation tests reveal that user lift was significantly greater
than 0, that is, the models were better than naively always
predicting each participant to always be at their most common
state.

Table 7. Statistics on linear models predicting daily well-being from activity measures. Whereas the models provide an improvement overall, there is
a range in the ability to model individuals. The P values are for permutation tests, checking whether user lift is greater than 0, that is, whether models
are significantly more accurate than always predicting each individual to be at their most frequent state.
Problem (model)

Good or bad day (penalized logistic regression)

Daily average (linear regression with elastic net)

a

Well-being measure

Average

Minimum

Maximum

user lift

user lift

user lift

P value

Mood (Prediction error)

5.44%

−21.74%

35.00%

.001

Energy (Prediction error)

4.92%

−22.73%

39.39%

.008

Mood (RMSEa)

0.026

−0.232

0.48

.08

Energy (RMSE)

0.048

−0.169

0.575

.01

RMSE: root-mean-square error.

Discussion

on different emotions, which we have observed by considering
mood and energy separately.

Principal Findings

We also found that a simple measure of sleep duration derived
solely from accelerometer data was significantly positively
correlated with mood. However, it was not significantly
correlated with perceived energy, which supports the idea that
there are different relationships between different emotions and
physical behaviors. We did not find a significant correlation of
either mood or energy with our measure of
smartphone-measured sleep disturbance. This may imply that
the measure did not sufficiently describe sleep quality and that
more work is needed to monitor sleep quality in a sustainable
manner. It is possible that a more sophisticated method for
predicting sleep, such as the method found in prior works, would
allow for a finer measure of sleep disturbance [27].

We found that increased daily activity, as tracked with a
smartphone’s accelerometer, positively correlated with
participant-reported mental well-being over time. Whereas a
positive correlation of activity and well-being has been
substantiated in literature external to mHealth [20-24], we have
shown that smartphones measure individuals’ daily activity to
a sufficient level of accuracy to measure this relationship in
everyday life. Although the potential for this result has been
shown in environments where constraints were placed on the
participants [11,17-19], we found this relationship present when
no constraints were placed on participants. Previous work did
not find a significant correlation of the total activity in a 24-hour
day with stress [12], which could indicate the need for
distinguishing daytime activity from nighttime activity, as we
have done, or indicate that physical behavior has unique effects
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When we used the activity, sleep, and time measures to predict
individuals’ well-being, we found modest but significant
improvement over naive baseline models. It is important to
emphasize that there was a range in our ability to predict
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individuals’ well-being from their activity and sleep behavior.
This range highlights the need for tracking approaches that tailor
to the user. However, it is unclear whether this effect is the
result of a range in how thoughtfully individuals responded with
their state, phone usage, data quality and quantity, or the strength
of well-being and activity relationship between individuals.

Limitations
A limitation of this study is that participants’ self-reported
well-being is subjective, and the population was not clinically
assessed. However, the measures of well-being that we used
have been widely used and prior research has found simple
single-scale measures to be related to longer clinical assessments
[45]. Whereas a better measure of well-being could be a longer
survey, such a measure would incur significant participant
fatigue and likely decrease the duration of participation.
Whether all of the participants’ relevant activity was tracked
with smartphones during the study is another concern. There
are limitations to activity recognition, especially when the
smartphone is not in a fixed position, a participant is performing
a nonstandard activity, or the phone is set down, for example,
left in a gym locker. However, the study cohort retrospectively
reported little vigorous exercise during the study period (Table
2); thus, the underestimation of vigorous exercise is likely to
be minor. Such limitations could possibly be partially mitigated
with location tracking, but time at a location is not necessarily
representative of activity, and poor GPS sensitivity would
remain a challenge. Wearables may provide a better facsimile
of an individual’s behavior when they are worn, but they have
notorious compliance limitations that smartphones do not suffer.

DeMasi et al
Another limitation was the sample size and lack of clinical
population. Some of the individuals in our study cohort did
report elevated levels of depressive symptoms in the entry and
exit survey. However, the cohort is not necessarily representative
of a population with clinically diagnosed mood disorders.
Depressed individuals often are less active than the general
population, but even small increases in physical activity can
improve symptoms [46].

Conclusions
This study examined the extent to which smartphones’
accelerometers can contribute to passively tracking individuals’
mental well-being in everyday life. We have found that
smartphones measure activity and sleep with sufficient accuracy
to reproduce prior findings of significant relationships between
activity and sleep with mood. Whereas models have a modest,
though significant, improvement over naive baseline models in
general, the range in predictive capability implies that more
work is needed to tailor mood- and depression-tracking apps to
individuals.
Our results support the promise for smartphones to be used in
sophisticated and long-term monitoring of patients’ well-being.
Because smartphone use is high and their presence ubiquitous,
the ability to use a smartphone for tracking mental well-being
could have a huge impact on mental health care. Smartphone
monitoring may improve self-management via smartphone apps,
thereby making care more affordable and thus accessible to
individuals who currently do not have access to care. Passive
monitoring could also be used as an adjunct to clinician-led
treatment, thus increasing the quality of care and personalizing
treatments.
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Abstract
Background: A lack of physical activity is considered to cause 6% of deaths globally. Feedback from wearables such as activity
trackers has the potential to encourage daily physical activity. To date, little research is available on the natural development of
adherence to activity trackers or on potential factors that predict which users manage to keep using their activity tracker during
the first year (and thereby increasing the chance of healthy behavior change) and which users discontinue using their trackers
after a short time.
Objective: The aim of this study was to identify the determinants for sustained use in the first year after purchase. Specifically,
we look at the relative importance of demographic and socioeconomic, psychological, health-related, goal-related, technological,
user experience–related, and social predictors of feedback device use. Furthermore, this study tests the effect of these predictors
on physical activity.
Methods: A total of 711 participants from four urban areas in France received an activity tracker (Fitbit Zip) and gave permission
to use their logged data. Participants filled out three Web-based questionnaires: at start, after 98 days, and after 232 days to
measure the aforementioned determinants. Furthermore, for each participant, we collected activity data tracked by their Fitbit
tracker for 320 days. We determined the relative importance of all included predictors by using Random Forest, a machine learning
analysis technique.
Results: The data showed a slow exponential decay in Fitbit use, with 73.9% (526/711) of participants still tracking after 100
days and 16.0% (114/711) of participants tracking after 320 days. On average, participants used the tracker for 129 days. Most
important reasons to quit tracking were technical issues such as empty batteries and broken trackers or lost trackers (21.5% of
all Q3 respondents, 130/601). Random Forest analysis of predictors revealed that the most influential determinants were age,
user experience–related factors, mobile phone type, household type, perceived effect of the Fitbit tracker, and goal-related factors.
We explore the role of those predictors that show meaningful differences in the number of days the tracker was worn.
Conclusions: This study offers an overview of the natural development of the use of an activity tracker, as well as the relative
importance of a range of determinants from literature. Decay is exponential but slower than may be expected from existing
literature. Many factors have a small contribution to sustained use. The most important determinants are technical condition, age,
user experience, and goal-related factors. This finding suggests that activity tracking is potentially beneficial for a broad range
of target groups, but more attention should be paid to technical and user experience–related aspects of activity trackers.
(JMIR Mhealth Uhealth 2017;5(10):e164) doi:10.2196/mhealth.7311
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Introduction
The Effect of Activity Tracker Usage on Physical
Activity
One of the biggest threats to our health is physical inactivity,
which is considered to cause 6% of deaths globally [1]. Too
little physical activity plays a role in a range of debilitating
conditions such as cardiovascular diseases, diabetes mellitus
type II, chronic obstructive pulmonary disease, and some forms
of cancer [2,3]. The American Heart Association endorses
10,000 steps a day or 30 min of moderate-intensity physical
activity (eg, brisk walking) for at least 5 days a week as
guidelines to improve health and reduce health risk [3,4].
Unfortunately, many people fail to meet these criteria [5].
Behavior change toward more physical activity might greatly
benefit our health. Unfortunately, for many people, their physical
activity is a deeply engrained habit [6,7]. Choosing physical
activity over inactivity tends to occur outside awareness [7].
This lack of conscious scrutiny is one of the main reasons
sedentary habits are difficult to change; we are not always adept
in monitoring our own behavior, especially not when this
behavior is executed unintentionally [8]. It is not surprising,
therefore, that people tend to overestimate their physical activity
[9,10]. Supporting our self-monitoring abilities by providing
us with timely and relevant feedback on our behavior has proven
a successful strategy to disrupt the automaticity of deeply
engrained habitual behaviors such as inactivity and make them
available for conscious scrutiny [11-13].
In recent years, numerous interactive and mobile technology
solutions to encourage physical activity have arrived in the form
of devices that are able to directly monitor our physical activity
through a range of sensors. The information thus gathered can
be applied by automatically providing the user of the device
with behavior change techniques (BCTs) from the monitoring
cluster [14]: timely feedback on their own behavior and the
possibility to self-monitor behavior and its outcomes.
Furthermore, dashboard applications often encourage (but hardly
ever enforce) a range of secondary BCTs: goal setting, the
review of behavioral goals and their outcomes, and social
comparison and support.
Such activity trackers are an increasingly popular way to
promote physical activity. In 2012, a survey showed that 69%
of adults in the United States tracked at least one health behavior
using some sort of tracking device, and 14% of US citizens
owned a specialized activity tracker of some sort [15]. Of those
who did track a health behavior, roughly half indicated that
tracking changed their overall approach to maintaining their
health (ibidem).
The effect of using activity tracker technology on physical
activity is well established for a range of populations (eg,
[16-19]); however, a crucial ingredient for lasting effects of
behavior change interventions in general is the sustained use of
the intervention [12]. Unfortunately, even though there is a
http://mhealth.jmir.org/2017/10/e164/
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growing body of research utilizing activity trackers, there is as
yet little research available on sustained use of such devices.
Anecdotal evidence, as well as what little evidence that is
available [19], suggests activity trackers may have a poor record
when it comes to sustained use, as they are easy to switch off,
ignore, lose, or neglect. Furthermore, there is to date no research
available that sheds light on which users manage to stick to
using their activity tracker during the first year (and thereby
increasing the chance of healthy behavior change) and which
users stop using their trackers after a relatively short time. This
paper attempts to add to our knowledge of the sustained use of
activity trackers and factors that predict this sustained use.

Potential Determinants of Tracker Use
On the basis of evidence from prior research on the effect of
feedback interventions on habitual behaviors (eg, [12,20]), there
is a broad range of factors that might influence sustained use
and efficacy of activity trackers.
First, tracker technology may play a crucial role in sustained
use. Trackers may be abandoned because of empty batteries,
with the perceived cost of replacement too high or too
cumbersome [21]. Apart from technical failures, actual or
perceived characteristics of the tracker may fit user expectations.
The user experience and ease of use [22,23], functionality or
lack thereof [22], the possibility to upgrade toward a newer
device (ibidem), aesthetics and form [24], perceived accuracy
(ibidem), and perceived fit between device and self-image [23]
are all reasons to either abandon the tracker or to keep using it.
Furthermore, the data delivered by the tracker must fit
participants’ needs (ibidem). Finally, computer literacy, or the
perceived self-efficacy in using digital devices, is known to
affect sustained use (eg, [25,26], higher more than lower).
Socioeconomic status markers such as education (eg, [25,27],
higher more than lower) and employment (eg, [28,29], higher
more than lower), age [25,30,31], older more than younger) and
gender (eg, [25,27,32], women more than men) are known to
influence sustained use, as are psychological traits such as
inhibitory strength and the capacity for self-regulation [33-35].
Personal health-related factors may very well influence the
sustained use of the activity tracker; poor health decreases
perceived self-efficacy [36,37], which is known to influence
sustained use [38]. Low mood, stress, sleep disturbances, and
other markers of mental health, are also known to decrease
sustained use [30,39].
Goal-setting is generally seen as a promising strategy to increase
the use of physical activity interventions [40-42]. Strong, clear
goals and motivation to fulfil these goals [25,30,31] increase
the chance of sustained tracker use. Achieving these goals, or
at least displaying a performance level that could lead to
achieving previously-set goals, can provide a further boost to
initial motivation and perceived self-efficacy, increasing the
chances of sustained tracker use. However, the fulfilment of a
set goal may also lead to device abandonment, because users
feel they no longer need the tracker [43].
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Furthermore, behavior change theories (eg, social cognitive
theory [44] and control theory [35]) suggest that behavior change
is most likely if feedback is not delivered on its own but
embedded in larger interventions with clear target behaviors
and action plans. Combined use of the activity tracker with other
health apps, participation in a therapeutic regime, and use of
the app and Web-based platform that accompany the activity
tracker may be seen as an operationalization of this concept of
integration. Overall, we expect users with strong goals and high
integration of their tracking behavior in other health-related
practices to have a higher chance of sustained tracker use,
especially when these users manage to achieve their performance
goals.
Feedback properties such as timing, duration, frequency and
sensory modality (cf [20]), and user experience (eg, [45]) are
known to influence the efficacy of the feedback intervention,
both directly and through perceived usability and agreeableness.
Similarly, feedback properties [46] and user experience-related
factors are known to affect the uptake and sustained use of
physical activity trackers [47]. We expect users with greater
liking of the tracker and its accompanying online tools to have
a higher chance of sustained tracker use.
Activity tracking is often social and collaborative instead of
individual and personal [24,48,49]. Social interaction is known
to improve adherence to physical activity interventions in
general [50]. We therefore expect users that share their tracking
data with peers or relatives to have a higher chance of sustained
tracker use.

Sample Size and Duration in Previous Research on
Activity Trackers
Current research into determinants of activity tracker use
typically makes use of small test populations, ranging from 7
to 31 participants (eg, [23,24,48,49,51-53]), which limits the
possibilities to reliably investigate quantitative measures of
determinants of device use. When larger samples have been
tested (eg, [22], n=1561 and [39], n=256), only a small number
of determinants were included. Furthermore, adherence studies
generally covered only a very short period, that is, 2 months or
less (eg, [23,51-53]). Only one study ([54]) tested sustained use
over a period of up to 10 months. However, this study did not
evaluate potential determinants for adherence.
This study attempts to contribute to bridging this knowledge
gap by looking into factors predicting sustained use in the first
year after purchase. Specifically, we look at demographic and
socioeconomic, psychological, health-related, goal-related,
technological, user experience–related, and social predictors of
feedback device use and their predictive power in determining
which participant is most likely to continue using the device.

Methods
Study Design
This study was initiated by IDS Santé Inc (Paris, France), a
full-service communication agency aimed at the health sector
and specializing in prevention and health education and executed
from June 2013 until winter 2014 as a project called
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“MySantéMobile.” A total number of 1000 participants were
recruited in France via a (free) newspaper from four French
cities (Bordeaux, Lille, Montpellier, and Lyon). Each participant
received an activity tracker and was requested by email to fill
in three Web-based questionnaires (June 2013, August 2013,
and January 2014). After completion of the study, the full raw
dataset was transferred for independent and retrospective
analysis to the authors of this paper.
To establish which set of the included predictors best explains
the use and nonuse of this activity tracker in the dataset, we
adopted the Random Forest method, a machine learning
approach [55]. This approach enables identification of predictors
that explain large portions of variance while minimizing the
risk of overfitting, which is likely to occur when performing a
regression analysis with a large set of predictors [56].
Furthermore, this approach is also capable of detecting nonlinear
relationships and higher-order interactions between predictors.

Activity Tracker
The activity monitor used in this study, the Fitbit Zip, is a small
(2.9 cm x 3.6 cm x 1 cm) consumer device that tracks activity
through counting steps. The Zip is worn as a clip-on device on
the waist or elsewhere where it can be easily clipped onto
clothing. On the device screen, the Zip displays the number of
steps taken on the current day, and, after pressing a button on
the device, displays the distance covered on the current day,
active minutes, the time, an approximation of calorie
expenditure, and feedback in the form of a happy, neutral, or
unhappy smiley. Research [57,58] shows that the reliability and
validity of the Fitbit Zip activity monitor is high, with little error
in the number of registered steps, both in laboratory conditions
and in daily life.

Participants
Recruitment
Participants were recruited through a newspaper article,
published on the 14th of May 2013, in free newspapers in
France. 1000 participants were selected using the following
inclusion criteria: living in one of the four eligible cities
(Montpellier, Lyon, Lille, and Bordeaux); at least 18 years of
age; and owning a smartphone or computer compatible with
Fitbit. Of those 1000, 929 received a Fitbit Zip activity tracker
and took part in the study.

Data Acquisition
In the first week of June (2013), all eligible participants were
invited to fill out a Web-based questionnaire by email. This
questionnaire was presented through the LimeSurvey platform
and covered sociodemographics, device usage, tablet/phone
brand, self-reported tracker use, use of other health apps and
devices, health, exercise, and diet. All questionnaires used in
this study are available in Multimedia Appendix 1.
Approximately two weeks after filling in this questionnaire, the
participant received their Fitbit Zip tracker by mail. Participants
received their Fitbit Zip tracker free of charge.
Upon dispatch of the Fitbit trackers, participants received an
email giving them instructions on how to install and use the
Fitbit, how to synchronize data and how to authorize
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MySantéMobile in acquiring their data through the Fitbit API.
Instructions were also provided on the MySantéMobile website.
Participants then had to give permission to MySantéMobile to
read their activity data through the Fitbit API. Participants who
did not give permission received reminder phone calls and
emails.
A second questionnaire was sent out by email on 23 August
2013 (after 98 days). The third questionnaire was also sent out
by email, on 7 January 2014 (232 days). Participants who did
not fill out the questionnaire received a reminder email after
two weeks. Participants received no incentive other than a free
activity tracker. At the end of the data acquisition period, all
participants received an overview of the study results.
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Participant Selection
Since the selected analysis method does not allow missing
values, only data from those participants who completed their
questionnaires could be used. Of the 929 participants originally
approached to take part in the study, 711 participants (76.5%)
completed the first questionnaire and gave permission to
MySantéMobile to read their activity data through the Fitbit
API (Textbox 1). Data collection using the Fitbit took place
from 20 June 2013 to 13 May 2014 (327 days). Of this group
of 711 participants, a total number of 575 participants (80.8%)
completed the second questionnaire (August 2013) and 542
participants (76.2%) completed both the second and the final
questionnaire (January 2014).

Textbox 1. Participant characteristics at Q1.
•

Gender
• 330 female, 381 male

•

Age
• < 25: 133, 26-35: 444, 36-45: 182, 46-55: 124, 56-65: 49, >65: 4

•

Marital status
• Single: 240, Couple: 332, Single parent: 38, Family: 272, Other: 54

•

Profession
• Cadre (management): 456, Intermédiaire (middle management): 91, Employé (employee): 251, Artisan (craftsperson): 51, Ouvrier (worker):
12, Retraité (retired): 19, Sans (without): 56

•

Education
• Bac: 106, Bac+2: 371, Bac+5: 406, CAP/BEP: 38, Brevet des Colleges: 11, None: 2

Measures
The total number of days on which the device was worn was
used as the primary outcome measure (adherence to using the
wearable for self-tracking). We only had access to data that
were synchronized with a personal computer or mobile app.
However, the Fitbit Zip stores steps data for 30 days, therefore,
we assume most active users will synchronize their data within
this time window. For ease of interpretation, we will speak of
“using” or “wearing” the Fitbit. However, note that our measure
may somewhat underestimate the number of days the Fitbit was
worn.

On the basis of our analysis of potential determinants for
sustained use, we included the following items from the
questionnaires in our analysis:
1.

2.

Furthermore, we calculated the average amount of steps taken
by each participant on those days the tracker was used.

Questionnaires and Item Selection
Three questionnaires (Q1, June 2013; Q2, August 2013; Q3,
January 2014) were sent out to the participants. A complete
overview of all three questionnaires, with the exact questions
(translated into English), and the response scales used for each
question, is available as Multimedia Appendix 1.

3.

4.

From these questionnaires, we selected for our analysis those
items that (1) matched the potential determinants for sustained
use of the tracker outlined in the introduction of this paper, and
(2) met with our requirements for item validity.
5.
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Demographical and socioeconomic factors: age, gender,
place of residence, household size and household
composition, profession, and education (all in questionnaire
1 (Q1).
Psychological factors: general mood (all questionnaires);
specific scores on affective situation (sadness, gaiety), stress
(calmness, stressfulness), energy (energy level, tiredness),
and sleep quality (all in all questionnaires); big five
personality
traits
(openness
to
experience,
conscientiousness, extraversion, agreeableness, and
neuroticism; plus, rebelliousness, health-mindedness, and
independence (all in Q3).
Technological factors: synching platform type (smartphone,
tablet, computer), operating system—iOS or Android (all
in Q1), use of other health applications (Q1), experience
with technology (Q3).
User experience: perceived utility, enjoyableness,
intrusiveness, modernity, fun, reliability, simplicity,
inconvenience, correspondence to needs, beauty, robustness,
and cumbersomeness of the activity tracker (all in Q2);
exactness, detail, clarity, credibility, confidence, insight,
perceived efficacy (all in Q3).
Health-related factors: body mass index (all questionnaires),
smoking (Q1), pregnancy (Q1), diet (Q1), medical treatment
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6.

7.

status (Q1), activity in sports (Q1), and sports together with
others (Q1).
Predefined participant goals and perceived goal
achievement: increasing activity, improving sleep, quitting
smoking, diagnosing or improving diet, diagnosing
behaviors, losing weight, and improving stamina (all in
Q1); for each goal, the perceived achievement of the goal
was measured (Q2 and Q3).
Social factors: whether participants talked about the tracker
sharing use with family, friends, colleagues, teams and
clubs; sharing data on the Internet through social media,
blogs, Twitter, websites, forums, and mailing lists (Q2 and
Q3).

Questionnaire Validity
Because of the history of this study, which started as
groundwork for a publicity campaign for a communications
agency, the questionnaires used in this study have not been
constructed in such a way that meets the current standards for
validity. To evaluate the validity of the three questionnaires
used in this study and to determine which items were of high
enough standard to include in our analysis, we compared each
question with current, well-validated standard approaches in
scientific literature. The complete result of this analysis is
included in Multimedia Appendix 1. For each item, under
“remarks,” the validity evaluation is listed. Generally, our
evaluation showed that the greater part of the questionnaire
items survives rigid scrutiny and satisfies scientific criteria.
However, the validity of four items, one item on digital
proficiency and three items on psychological traits
(rebelliousness, independence, and health-mindedness) could
not be satisfactorily assessed. Results for these items should be
used with caution.
The greater part of the questionnaire consisted of single-item
measures. Single-item measures can be eminently usable
(sometimes even more so than multiple item measures) when
the attribute (eg, attitude, frequency) is concrete and singular
(ie, not consist of multiple facets) and when the object of the
item (eg, brand, product) is concrete [59]. For most of the items,
this is the case; see Multimedia Appendix 1 for an overview.
Three exceptions occurred, which are as follows: items regarding
emotional well-being, items regarding psychological traits, and
items regarding user experience.
The first group of items that do not have a concrete object are
about emotional well-being. However, single-item assessments
of emotional well-being are often used in large-scale surveys
(see [60] for an overview) and have been shown to perform
quite well compared with multiple-item scales (eg, [61]). We
can therefore probably conclude that these single-item self-report
measures are a sufficiently valid measure for the purpose of this
paper.
The second group of items that do not have a concrete object
concern psychological traits. In Questionnaire 3, the big five
personality traits (openness to experience, conscientiousness,
extraversion, agreeableness, and neuroticism) are measured
using the French translation of the TIPI questionnaire [62]. This
questionnaire has been well validated.
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A third group of items address the user experience of the Fitbit.
User experience can be defined as a person’s perceptions and
responses that result from the use and/or anticipated use of a
product, system, or service [63]. In recent years, approximately
a hundred different measures have been developed [64]. User
experience evaluations generally consist of questions addressing
some (but never all) of the following concepts: timeliness,
adaptability, comfort, opacity, efficiency, immersion,
intuitiveness, ease of use, usefulness, interaction, controllability,
clearness, completeness, identity, novelty, originality, fun,
stimulation, valence, connectedness, attractiveness, beauty, and
trust [65]. Currently, no questionnaires or other measures exist
that address all of the aforementioned concepts. In this study,
comfort, ease of use, novelty, fun, valence, attractiveness, trust,
and invasiveness have been measured.
Concepts regarding user experience can be subdivided in three
categories [66]: pragmatic qualities (usability-oriented; first 13
concepts [timeliness-completeness]), hedonic qualities
(identity-connectedness), and general concepts, mainly focused
on attraction. Principal component analysis showed that the
response patterns for the 22 user experiences-related items asked
in questionnaires 2 and 3 justified the construction of three
conceptual factors. The first factor was the valence of the
activity tracker, which was formed by the following 12 items:
usefulness (practicality), niceness, modernity, amusingness,
credibility, ease of use, level of answering to needs, beauty,
robustness, intrusiveness, embarrassment, and nuisance. This
factor corresponds with the hedonic quality in [66]. The second
factor was the preciseness of the activity tracker, which was
formed by the following 4 items: exactness, level of detail,
clarity, and credibility. This factor corresponds with the
pragmatic qualities in [66]. The third and final factor was
perceived efficacy of the activity tracker, which was constructed
by averaging 3 items on perceived efficacy of the tracker,
namely activity increase, health changes, and well-being. This
third factor does not correspond with hedonic nor pragmatic
qualities but has to do with the perceived effectiveness of the
activity tracker. The results of the principal component analysis
are reported in Multimedia Appendix 2.
On the basis of our analysis, some items were left out of our
analysis; see Multimedia Appendix 1 under “left out” for each
questionnaire. Four items, of which the validity could not be
determined satisfactorily, were nevertheless included in the
analysis. One item concerned technological aptitude, and three
further items concerned the psychological traits: rebellion,
independence, and health-mindedness. We advise to treat the
results of these items with caution.

Statistical Analysis
We determined the relative importance of all included predictors
by using Random Forest, an analysis technique based on
recursive partitioning [55,56]. Random Forest is an ensemble
method that makes use of a large number of decision trees,
strengthened by “bootstrap aggregating”: drawing random
samples from the original dataset with replacement. For each
of the bootstrap samples that are drawn, a decision tree is
constructed. At each branch of the tree, a random selection of
the predictor variables is considered. The variable that produces
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e164 | p.317
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH
the best split (ie, most informative and offering the largest
contrast) is used to divide the cases over two daughter nodes.
To predict the outcome variable for a specific case, Random
Forest uses the predictions of all trees to arrive at an “ensemble”
prediction (in the case of regression, it averages the prediction
of all trees). To evaluate the performance of the Random Forest
model, we can test each tree on those cases that fell outside its
bootstrapped sample and thus, were not used to grow the tree.
This produces an “out-of-bag” error rate, which is a good
approximation of the test error.
Random Forest analysis can produce a list of predictors, sorted
by relative importance. This is done by calculating the mean
squared error (MSE) and looking at the relative increase of the
MSE when the values of a predictor are permuted across cases.
Permuting the predictors retains frequency information but
destroys the association between the predictor and the outcome
variable. If the variable is important for the Random Forest
model, we would expect its predictions to deteriorate and the
MSE to go up. Thus, the relative increase in MSE is used to
determine an importance ranking of predictors, sorted from
greatest to least increase in MSE.
Random Forest modeling has the benefit of being able to deal
with large numbers of predictor variables with complex
interactions, especially in situations with relatively few cases
relative to the number of predictors. Furthermore, Random
Forest is capable of detecting nonlinear relations between
independent and dependent variables. Random Forest analysis
methods have recently been applied successfully in genetics,
clinical medicine, bioinformatics, and the social sciences (see
[56,67] for examples).
The predictor variables for the Random Forest analysis were
taken from the responses to the questionnaires. All parameter
settings, source code, and data files for the Random Forest
analysis are available through the Open Science Foundation.
We used R 3.3 for analysis [68] and the R package
“randomForest” [69] for Random Forest modeling.

Results
Fitbit Use
The mean number of days that participants used their Fitbits
was 129.3 (nonconsecutive) days (standard deviation [SD]=88.5;
median=122). Figure 1 shows the distribution of total days of
use.
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A graphical overview of usage over time is shown in Figure 2.
As some users only started to wear the Fitbit after weeks or
even months, the number on the x-axis refers to the number of
days since the first day the device was used, rather than from
the start of the study. The figure indicates both the percentage
of participants who used the device for any length of time after
the indicated day and habitual use (defined as 3, 5, and 7 days
worn out of the last 7 days). The decline during the first 50 days
coincides for most users with the French holiday season
(July-August). The peak shortly after 100 days coincides with
Q2 being sent out (again, for most users).
The pattern of (nonhabitual) usage decline is roughly linear. A
linear regression with time as the independent variable shows
a decline of 2.0 percentage points per week from day 1 to day
300. In other words, every week, 2% (14) of the participants at
start stopped using the tracker entirely. As the base of users is
shrinking, this means that the proportion of participants who
stopped using the tracker increases over time. After 175 days
(5.7 months), 50% of users have stopped wearing their tracker.
Habitual use seems to follow a pattern of slow exponential
decay. An exponential model shows that the proportion of users
wearing the activity tracker 5 or more days per week declines
5.7% per week, as calculated from the peak after the summer
holiday dip (from day 102 to day 300).
On average, participants took 7492 steps (SD 3012) per synced
day (ie, day on which they wore their tracker). The median
number of steps was 7107, with an interquartile range of 3462.
A plot of the distribution of the number of steps taken is
provided in Figure 3.
An overview of the correlations between the number of days
on which the tracker was used, mean number of steps, and a
range of self-report measures on personal health are displayed
in Table 1. The number of days the activity tracker was used
significantly predicted mean steps per day: b=9.43, t709=32.60,
and P<.001. A significant proportion of the variance was
explained: R2=.08, F1,709=8.92, and P<.001. An exploratory
analysis of correlations with measures on personal health
showed generally weak to negligible associations for both days
used and mean steps per day. Strongest associations were
between the number of days used and self-reported general
health (r=.16) and between days used and physical shape
(r=.12).
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Table 1. Correlations (Spearman r, unless marked with b: Pearson r) between steps taken, days worn, and health measures. All measures are from Q3
unless otherwise noted.
Health measure

Mean steps

.28a,b

Mean steps

a

Days used

Days used

.28a,b

Self-reported weight change (kg, Q3-Q1)

−.05a

−.04a

Self-reported effect tracker on weight

.04

.10d

Self-reported effect tracker on activity

.02

.04

Self-reported effect tracker on sleep quality

.05

.08

Self-reported effect tracker on smoking

−.03

−.07

Self-reported effect tracker on healthy eating

.04

.07

Self-reported effect tracker on general health

.04

.16b

Self-reported effect tracker on physical shape

.07

.12c

Self-reported tiredness

−.04

−.06

Self-reported happiness

.04

.07

Self-reported stress

−.04

.01

Trend in self-reported tiredness (Q3-Q1)

.07

.03

Trend in self-reported happiness (Q3-Q1)

.04

−.01

Trend in self-reported stress (Q3-Q1)

.03

−.01

Pearson r.

b

Significance at P<.001.

c

Significance at P<.01.

d

Significance at P<.05.

Figure 1. Distribution of participants’ total number of days of activity tracker use.
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Figure 2. Usage decline over time. The horizontal axis shows the number of days since the first day of use. The percentage of participants who used
the activity tracker for any number of days after a particular day is indicated with a solid line. The other lines indicate habitual use: the percentage of
participants who used the tracker for at least 3, 5, and 7 days in the preceding 7 days. Note that this includes participants who stop using the tracker and
later start using it again. The early dip in use is due to the summer holiday.

Figure 3. Distribution of participants’ mean number of daily steps.
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Table 2. Reasons for not wearing the Fitbit.
Reason to not wear

Q2 (98 days)
Count

Q3 (232 days)

% of total reasons % of total respondents Count
Q2 (639)

% of total reasons % of total respondents
Q3 (601)

Technical failure or difficulty 20

50.0

3.1

106

56.7

17.5

Lost the device

9

22.5

1.4

24

12.8

4.0

Forgot to wear

2

5.0

0.3

24

12.8

4.0

Had no use for device or no
motivation

0

0.0

0.0

16

8.6

2.6

Health issues

1

2.5

0.2

7

3.7

1.2

Used other device

0

0.0

0.0

2

1.1

0.3

Was on holiday

7

17.5

1.1

2

1.1

0.3

Did not start yet

1

2.5

0.2

0

0.0

0.0

Other

0

0.0

0.0

6

3.2

1.0

Total

40

100

6.3

187

100

30.8

Reasons for No Longer Using the Tracker
In both Q2 and Q3, participants were asked how many of the
last 30 days they wore their Fitbit. If the answer was “fewer
than 5,” they were asked additionally why they did not wear
their tracker (more often) in an open-ended question. The
responses were categorized and can be found in Table 2.
The results from Q2 (sent after 98 days) indicated that 40
participants (6.3% of all respondents) used the Fitbit fewer than
5 days in the last month. The primary reason for not using the
device, given by half of those indicating low or nonuse, was
technical failure or other technical problems, including empty
batteries. Other reasons included losing the device or being on
a holiday. Technical problems were also the main reason given
in Q3 (sent after 232 days), with 17.5% of all respondents
reporting this issue.

Factors Associated With Usage
We used the Random Forest method to investigate which
predictors are associated with continued use of the activity
tracker. The total number of days on which the device was worn
was used as the outcome variable. As many participants did not
respond to all three questionnaires, with those who stopped
using their Fitbit less likely to fill in questionnaires 2 and 3, we
decided to construct two different models, corresponding to two
different groups of participants: (1) participants completing Q1
and (2) participants completing all three questionnaires (Q1 to
Q3). For the latter model, we analyzed only those participants
who did not state technical malfunction of any kind as a reason
to quit.
In the first model, the data from those 586 participants who
completed Q1, gave permission to use their tracker data, and
stated neither technical issues nor lost trackers as a reason to
no longer track, were entered. Some predictors were adjusted
or recalculated. A complete overview of all questionnaires, the
exact questions, the response scales, and any recalculations or
adjustments is available in Multimedia Appendix 1.
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Figure 4 shows the relative impact of each predictor variable
in Q1 on the amount of variance explained, expressed as the
relative increase in MSE when the predictor is randomly
permuted across participants. The Random Forest model with
all Q1 predictors included explains 8.29% of variance. Only
those predictors whose increase in MSE is above zero are
displayed because decreases can be safely attributed to noise.
We explored the effect of the different predictors on the number
of days the participants wore their tracker. Figures 5-9 provide
boxplot representations of the distributions for the marginal
means (with all other factors kept constant) of the different
levels of each predictor. Only those predictors of which the
differences in marginal means implies a meaningful difference
in real life (>1 day) are included: Age, goal to quit smoking,
iPhone type, sports activities in the company of others,
household type, household size, having a smartphone, having
an iOS-based-smartphone, profession, and smoking.
In the second model, data from 397 participants who completed
all three questionnaires (Q1 to Q3) and who did not state
technological malfunction as a reason to stop tracking, were
entered. Once again, some predictors were adjusted or
recalculated. A complete overview of all questionnaires, the
exact questions, the response scales, and any recalculations or
adjustments is available in Multimedia Appendix 1.
Figure 6 shows the relative impact of each predictor variable
in the questionnaires on the amount of variance explained,
expressed as the relative increase in MSE when the predictor
is randomly permuted across participants. The total percentage
of variance explained by the Random Forest model with all Q1
to Q3 predictors is 10.91%.
Once again, we explored the effect of the different predictors
on the number of days participants wore their tracker. Figures
11-15 show the marginal means (with all other factors kept
constant) of the different levels of each predictor. Again, only
those predictors of which the differences in marginal means
implies a meaningful difference in real life (>1 day) are
included: age, perceived effect on goals, user experience
JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e164 | p.321
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(valence), user experience (effect), perceived effect on goals,
iPhone type, and the goal to change eating habits. User
experience (valence and effect) and perceived effect on goals
are continuous variables, so no levels of marginal means could
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be shown. Instead, we show a partial dependence plot. The user
experience variables are shown normalized with a mean 0 and
a SD of 1.

Figure 4. Plot of relative importance of predictors of sustained use in questionnaire 1 (Q1); BMI: body mass index, MSE: mean squared error.
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Figure 5. Boxplots of the distributions of Age levels. Older participants have longer sustained use.

Figure 6. Boxplots of the distributions of iPhone type levels. Holders of iPhones show less sustained use than those of other smartphones.
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Figure 7. Boxplots of the distributions of Having the goal to quit smoking. Those not wanting to quit smoking (including non-smokers) have longer
sustained use than those who do.

Figure 8. Boxplots of the distributions of Household type. Single parents show shorter sustained use than other household types.
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Figure 9. Boxplots of the distributions of Sports in company of others. Those who practice individual sports or with relatives, have longer sustained
use of the tracker than those who participate in sports with friends or acquaintances.

http://mhealth.jmir.org/2017/10/e164/

XSL• FO
RenderX

JMIR Mhealth Uhealth 2017 | vol. 5 | iss. 10 | e164 | p.325
(page number not for citation purposes)

JMIR MHEALTH AND UHEALTH

Hermsen et al

Figure 10. Plot of the relative importance of predictors in all questionnaires (Q1 + Q2 + Q3).
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Figure 11. Boxplots of the distributions of the marginal means for participant age. The under-25 use the Fitbit less long than the other groups. There
are no participants older than 65 in this sample.

Figure 12. Boxplots of the distributions of having the goal to change eating habits. The stronger the goal, the less sustained use of the tracker.
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Figure 13. Plot of the partial dependence of sustained tracker use on the perceived effect of the tracker on goal attainment. A larger perceived effect
leads to longer sustained use.

Figure 14. Plot of the partial dependence of sustained tracker use on user experience of the valence of the tracker. A better user experience leads to
longer sustained use.
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Figure 15. Plot of the partial dependence of sustained tracker use on user experience of the efficacy of the tracker. A better user experience leads to
longer sustained use.

This study examined the use of an activity tracker, as well as
reasons to stop using the tracker and predictors of sustained use.
This study shows that of the 711 initial participants,
approximately 50% still used their tracker after 6 months, and
12% continued to use their tracker even after 300 days. This
rate of decay in usage confirms earlier findings [18]. This result
also confirms the notion that wearable activity trackers are not
subject to the rapid exponential decay of use we see in mobile
phone apps, where usually 80% of users drop out in the first
few days (eg, in [70]).

of technical failure as a reason to quit tracking. The results from
this study may therefore serve as a first indication of the relative
importance of technological reliability for the sustained use of
feedback technology. Simple actions, such as changing a battery,
already seem to raise insurmountable barriers for sustained use
of a tracker. Newer activity trackers, fortunately, mostly do not
rely on button cell batteries, which take some effort to replace,
but make it possible to recharge the device, much like one would
recharge a smartphone. This, however, also constitutes a barrier
to sustained use. Further research into the effect of technological
failures on sustained use of activity trackers, and how to help
users overcome the barriers brought about by technical issues
such as empty barriers, is needed to corroborate this finding
and shed light on potential solution strategies.

Reasons to Quit Tracking

Relative Importance of Predictors for Self-Tracking

After half a year, half of the participants quit using their tracker;
at the sending out of Q3, three-quarters of participants were no
longer using the Fitbit. When asked for reasons for their quitting,
56.7% of those who answered the question stated some form
of technical malfunctioning (including empty batteries). A
further 12.8% indicated they had lost the device. This result
confirms findings (eg, [21]) in which trackers were abandoned
because of empty batteries, with the perceived cost of
replacement too high or too cumbersome [71], but this result
deviates from other findings (eg, [22,24]) in which technological
failures comprise only a very small part of reasons to no longer
use a device, and reasons such as sustained motivation, device
aesthetics, and device accuracy seem to be of more importance.
However, in studies in which reasons to quit tracking are
covered, either the demand characteristics of the study (eg, [24])
or the data gathering technique (eg, [22], where advertisement
data from Craigslist were used) preclude the reliable registration

In the analysis of items from Q1 only (Figure 5), participant
age was the only predictor that showed great impact; higher age
was associated with more sustained use. A second group of
predictors for sustained use were the goal to quit smoking (with
not having the goal associated with longer use), iPhone type
(with not having an iPhone associated with longer use), and
household type (with single parents using the tracker for a
shorter duration than all other groups). All other predictors were
not found to have a noteworthy impact on sustained tracker use.

Discussion
Principal Findings
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In the analysis of all (three) questionnaires (Figure 6), participant
age was once again the strongest predictor of sustained tracker
use. As in Q1, sustained use increased with age (to a point),
overall (Q1 to Q3) the Fitbit was used for a shorter duration by
the youngest age group (under 25). Other important predictors
were user experience–related predictors (tracker valence and
user experience, and perceived efficacy and helpfulness of the
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tracker). iPhone type, having the goal to change eating habits,
and wanting to quit smoking were other relevant predictors,
albeit in an opposing way: these predictors were associated with
a decreased use of the self-tracking device.
The relative importance of age as a predictor of sustained tracker
use (with higher age associated with longer use) is in line with
previous literature (eg, [25,30,31]). More research is needed to
answer the question why this is, and to determine its implications
for the design of tracker-based interventions for physical
activity. Is the greater efficacy for older participants problematic,
or are younger participants already well-served by other
possibilities to exert themselves physically? In a similar notion,
is this age-effect a consequence of self-selection, in which
younger people already have enough alternatives for physical
activity, and it is mostly those older than 25 years that turn to
tracking as viable solution? Answers to these questions also
have implications for the development of tracker interventions.
Do we need more age-inclusive solutions, or can we regard this
type of intervention as more effective for people older than 25
years?
The importance of user experience–related predictors such as
valence, perceived efficacy, and preciseness of the tracker is
also in line with previous studies. User experience and ease of
use [22,23], functionality or lack thereof [22], the possibility to
upgrade toward a newer device (ibidem), aesthetics and form
[24], and perceived fit between device and self-image [23] have
all been cited as reasons to either abandon the tracker or to keep
using it. This sheds light on the relative importance of
technological and design-related aspects of behavior change
feedback technology aimed at greater physical activity. Even
though there is a substantive literature on the subject, this
remains an underexposed area in current health behavior change
research. Clunky intervention designs carry the risk of being
rejected by their participants and, more importantly, a lack of
uptake once the intervention hits the market or the app store.
In health behavior change research, a lot more attention is
needed for user experience, user friendliness, and the aesthetic
experience.
The negative impact of goals, such as wanting to change one’s
eating habits or wanting to quit smoking, seems logical in
hindsight. The Fitbit tracker does not in itself contribute to the
attainment of these goals, which could easily have a
demoralizing effect. The fact that having an iPhone seemed to
reduce the chances of sustained use could point at another covert
measure of user experience. The iPhone interface for
Fitbit-related feedback might possibly be more difficult to use
or less functional than its Android equivalent; alternatively,
iPhone users may be psychographically different from Android
users on traits that lead to reduced usage of activity trackers.
However, no evidence to support either hypothesis is presently
available.
A surprising finding was the lack of effect of a range of
predictors, which is not in line with previous literature (eg,
[12,20]). Socioeconomic status markers such as education (eg,
[25,27]) and profession [28,29], gender (eg, [25,27,32]),
psychological traits (eg, [33-35]), personal health-related
factors (eg, [36,37]), strong motivation (eg, in [30,31]), strong,
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clear goals (eg, in [25]), and social interaction (eg, in [50]) did
not appear to affect tracker use. These have often been
researched out of context, with predictors singled out and
assessed independently. The current result could point to the
fact that some predictors may not be as important as we think
they are, when compared with many other possibilities. When
placed in context, their role may be smaller than we assumed.
A competing hypothesis, however, could be preselection; for
instance, it is possible that motivation did not play a large role,
because those who entered the challenge were already highly
motivated. Similarly, perhaps only those already high on
psychological traits such as conscientiousness took part. This
preselection would limit the confidence in some of the
null-results found in this study. If so, however, this preselection
constitutes less of a problem as one would think. We can assume
similar preselection would take place in the market place; it is
reasonable to suspect that traits and states found in those who
take part in this study would resemble states and traits of those
people who would be interested in using a Fitbit in the first
place. Unfortunately, this cannot be deducted from our research.
Further research would be interesting.
The entire range of independent variables in Q1 explained 8.29%
of variance; in Q1-Q3, the whole set of predictors accounted
for 10.91% of explained variance. In Cohen’s [72] frequently
used assessments of effect sizes for psychology, an R2 of .095
(Q1) to .099 (Q1-Q3) are described as a small effect or
approaching a medium effect. Such an effect size is common
in social and behavioral sciences, for situations where there is
a lot of individual variation and many different factors may
affect the dependent variable independently (see also [73]). To
our best knowledge, this is the first quantitative study looking
into the factors influencing the persistent use of activity trackers.
Earlier studies (eg, [21,48,49,51-53]) were qualitative and
small-scale studies (7 to 31 participants) and did not attempt to
model activity tracker use. Thus, we have no immediate context
to compare our model’s performance with.
Intuitively, we may have expected a larger effect size from such
a broad range of predictors. We can discern two competing
hypotheses. A first hypothesis is that sustained use is mostly
predicted by random events such as empty batteries or loss, but
there are many small but significant contributions from a broad
range of predictors. A second hypothesis is that unmeasured
third variables are responsible for the relative lack of effect.
Not all relevant predictors we could identify in the literature
were included in the questionnaires. First, perceived self-efficacy
was not directly assessed but only through measures regarding
perceived efficacy of healthier behavior change. Second,
literature [49] suggests that different tracking styles exist, such
as tracking physical activity to diagnose a secondary problem
such as sleeping disorders or stomach problems, or “fetishized”
tracking: tracking because it is cool or otherwise desirable. In
this study, the tacit assumption is that all participants want to
at least document and probably also change their physical
activity, which might not be the case in reality. Third, different
forms of intrinsic motivation, such as motivation for autonomy,
mastery, and relatedness [74], might lead to different levels of
adherence to activity tracking. Finally, the completion of set
goals was not registered. It is plausible to assume that when
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people achieve their goal, their interest in tracking their progress
wanes. The inclusion of these possible moderators in future
research would shed light on their effect on sustained use of a
tracking device. Further research could shed light on which of
these possible explanations would be most feasible.

Limiting Factors
A few limitations to this study warrant further discussion. First,
our confidence in the validity of the findings is limited by the
fact that of the original 929 participants, 711 gave permission
to access their Fitbit data and filled out Q1; of those 711, only
575 took part in Q2 (80.9%), and 542 took part in both Q2 and
Q3 (76.2%). The greater part of those participants who did not
fill out Q2 or Q3 quit using their Fitbit somewhere in the period
preceding that questionnaire. Even though this decline in
adherence is not at all uncommon in interventions for health
behavior change, and thereby no cause for alarm, their data
would have increased the validity and reliability of our findings.
Similarly, 56.7% of those who provided a reason for their no
longer tracking stated technical malfunctioning. Of those who
did not report a reason (eg, because they did not fill out Q2 or
Q3), we do not know why they no longer took part. However,
the fact that at least 17.5% of all participants quit because of
technical reasons still emphasizes the importance of this finding,
regardless of the reasons the nonreporters could have had for
quitting.
A second, and possibly greater, limitation to the validity of the
findings stems from the way the study design was carried out.
Questionnaire construction and data gathering were carried out
by the MySantéMobile team. The quality of the questionnaires
would have benefited from early involvement of social scientists
with relevant experience in questionnaire construction, which
would have led to a more hypothesis-based selection of
questions, and more informative response scales. As it is, we
think this study has enough validity to serve its purpose, that
is, as an exploratory analysis of potential determinants of
sustained use of physical activity trackers.
A third limitation in the study design is the fact that the
psychological predictors of use such as the Big Five and user
experience–related predictors were not included in Q1 but made
a first appearance in Q3. This limits the applicability of findings
concerning these predictors because only participants making
it to Q3 (76.2% of those who filled out Q1 and gave access to
their data) answered these questions. However, psychological
traits are known to be stable [75], so it is reasonable to expect
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that no great changes in big five traits occurred. User
experience-related predictors can only be measured once
participants have used the product; an a-priori judgment lacks
value. These, therefore, could not have been included in Q1.
Finally, the data analysis method selected has its benefits, such
as robustness toward overfitting and good handling of relatively
low participant populations, but Random Forest analysis also
has its limitations. The result of the analysis is a ranking of the
relative importance of each predictor on the use of the activity
tracker. Due to its ensemble nature, results from a Random
Forest can be hard to interpret (unlike a linear model).
Contributions from a variable can be present in multiple ways
and through nonlinear and/or (higher-order) interactions.
However, through Random Forest modeling, we can establish
which predictor variables are important with respect to outcome
variables. These variables can be studied further to establish
their effect and interactions with other variables.

Conclusions
This study confirms earlier findings that habitual use of an
activity tracker tends to decline at a slow exponential pace rather
than show the rapid exponential decline shown in health app
use. When they start using an activity tracker, most users in our
sample continued to use it for at least half a year. Around 12%
of users still use their tracker after 300 days.
This study also shows that sustained use of an activity tracker
is not easy to predict. Most known predictors of sustained
adherence to physical activity interventions do not seem to have
an impact on sustained use in the sample observed in this study.
When participants no longer use their tracker, technological
failures such as empty batteries seem the predominant reason
to quit.
The broad range of predictors entered in the Random Forest
model in this study only led to a small proportion of explained
variance. Those predictors that did have an effect on sustained
use were participant age and factors related to the user
experience of tracker use.
Regardless of the limitations to the findings cited above, this
study shows some much-needed insight in predictors of
sustained use of trackers. Furthermore, this study is one of few
examples in which academia gets the chance to evaluate data
from industry; the field would greatly benefit from a greater
number of such collaborations, preferably with a larger role for
the academic partner in setting up the study.
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