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Abstract

Although traditional methods of data collection in naturalistic settings can shed light on constructs of interest to researchers,
advances in sensor-based technology allow researchers to capture continuous physiological and behavioral data to provide a more
comprehensive understanding of the constructs that are examined in a dynamic health care setting. This study gives examples
for implementing technology-facilitated approaches and provides the following recommendations for conducting such longitudinal,
sensor-based research, with both environmental and wearable sensors in a health care setting: pilot test sensors and software early
and often; build trust with key stakeholders and with potential participants who may be wary of sensor-based data collection and
concerned about privacy; generate excitement for novel, new technology during recruitment; monitor incoming sensor data to
troubleshoot sensor issues; and consider the logistical constraints of sensor-based research. The study describes how these
recommendations were successfully implemented by providing examples from a large-scale, longitudinal, sensor-based study of
hospital employees at a large hospital in California. The knowledge gained from this study may be helpful to researchers interested
in obtaining dynamic, longitudinal sensor data from both wearable and environmental sensors in a health care setting (eg, a
hospital) to obtain a more comprehensive understanding of constructs of interest in an ecologically valid, secure, and efficient
way.

(JMIR Mhealth Uhealth 2019;7(12):e13305)   doi:10.2196/13305
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Introduction

Background
Facilitating a healthy and high-performing workforce has long
been a topic of interest to both researchers and organizations
[1] and is particularly relevant to employees working in health

care settings. A significant fraction of an individual’s time is
spent at work, often managing dynamic and competing
cognitive, emotional, social, and physical demands. The
determinants of healthy and productive work behavior and
performance are, however, not well understood. Moreover, the
determinants of well-being and work performance are influenced
by factors outside work, and vice versa. For example, past
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research has found a significant relationship between employee
well-being and job performance [2]. In addition, well-being is
a predictor of job performance, even when controlling for job
satisfaction, age, gender, and tenure [3]. Furthermore, meta
analytic data show that that one’s satisfaction has a positive
relationship with one’ job performance [4]. Taken together,
these studies suggest that employee well-being is important to
understanding job performance, and therefore more effort ought
to be used to understand it.

Numerous studies examining worker wellness or job
performance rely solely on self-report survey data [1,5], which
are relatively easy to obtain. Such measures, however, are prone
to response bias, as participants tend to underreport behaviors
deemed inappropriate and overreport behaviors that are
considered appropriate [6]. This bias is heightened in
organizational settings, as employees often believe that their
employers can see their responses or may be privy to such
information in the future [6]. Consequently, obtaining accurate,
dynamic data from health care employees in their workplace
can pose a challenge to researchers who aim to better understand
factors affecting employee wellness and workplace behaviors
and outcomes.

A Brief Overview of Sensors
Converging advances in distributed biobehavioral sensing,
wireless and wearable technologies, and machine learning
promise novel ways for illuminating knowledge gaps about
work behavior and facilitating productive and healthy job
performance in the field of health care. Wearable sensors are
devices that can be worn or momentarily attached to a person’s
body. They typically rely on wireless, miniature circuits
embedded in patches or bandages, wristbands, rings, or shirts
[7]. They can be used in tandem with hand-held devices (eg, a
mobile phone) to temporarily store physiological or behavioral
data and upload those data to a database server [7]. Examples
of wearable sensors include smartwatches, heart rate monitors,
and smart glasses [8].

Nonwearable trackers such as video cameras and gaze trackers
[9] are devices that are placed in the environment and indirectly
collect data from individuals. Environmental sensors are devices
that are placed in the environment and collect environmental
data such as temperature, humidity, and noise levels. They may
pose less of a burden to participants than wearable sensors, as
little to no participant interaction with nonwearable sensors is
needed. However, nonwearable sensors do provide challenges
for consent and privacy if data from identifiable participants
are recorded without the participants’ knowledge.

Advantages of Using Sensors in Research
Advances in sensor technology make continuous collection of
behavioral and physiological data possible. Although traditional
methods of data collection often yield cross-sectional data
obtained at a specific point in time, both wearable and
nonwearable sensors can provide a continuum of automated
data [10]. The use of sensors as data collection instruments also
allows researchers to overcome the limitations of traditional
data collection tools, such as surveys [11], as sensor data are
considered to be more objective and accurate [12,13]. Thus,

sensor data can be used in tandem with self-report survey data
and can help validate self-report data (eg, checking Fitbit data
to identify the number of hours an individual slept the previous
night and comparing this with the self-reported number of
hours). Wearable sensors provide an advantage to research
participants, as data can be collected unobtrusively, in real time
and in natural settings. This advantage may be particularly
relevant to health care employees, as they may be unable to take
a break at work to complete a survey when they are busy
providing critical patient care.

Sensor data can help answer diverse research questions related
to working in a health care setting. Prior research has employed
sensors to measure performance and personality in a
postanesthesia care unit [14] and to measure physician workload
to improve the safety and efficiency of emergency rooms [15].
Previous research has also used sensors to better understand
employees’ mood throughout the workday [16]. Researchers in
one study used the Toshiba Silmee Bar Type chest sensor to
measure heart rate and pulse rate. Participants also reported
their mood (ie, excited, happy, calm, tired, bored, sad, stressed,
and angry) every 2 hours over 11 workdays through a mobile
app called HealthyOffice. This method improved predictions
of mood. Another option is the mobile sensing platform
EmotionSense, developed by Jason Rentfrow and Cecilia
Mascolo. EmotionSense has been used to analyze and classify
participants’ voices as happy, sad, fearful, anger, and neutral
[17]. Other researchers have used Moodscope, an app developed
by Adrian Hosford and Caroline Ashcroft, to infer mood based
on how participants used their mobile phones [18]. These
researchers used text messages, emails, phone calls, app usage
data, Web browsing, and location to predict mood intensity of
2 dimensions (pleasure and activeness). Sensors can also be
used to examine leadership emergence and group structure [11],
which may be of interest to health care leadership.

This study provides recommendations for researchers conducting
sensor-based research in a health care setting. In addition, we
demonstrate how we successfully implemented these
recommendations and the outcomes of doing so by providing
examples from a large-scale, sensor-based, longitudinal study
of hospital employees. These recommendations may be useful
to researchers who are interested in obtaining dynamic data in
a health care setting to paint a more comprehensive picture of
factors affecting job performance and worker well-being.

Tracking Individual Performance With Sensors as a
Case Study
In early 2018, we conducted the Tracking Individual
Performance with Sensors(TILES) project, a large-scale study
examining physiological, environmental, and behavioral
variables affecting employee wellness and job performance.
Over 200 volunteer hospital employees of a large hospital in
Los Angeles, California, enrolled in the study; participant
characteristics are described in Table 1. Participants enrolled
in 1 of 3 waves of participation, each with different start and
end dates. Participants in each wave were asked to wear sensors
and respond to brief daily surveys for 10 weeks, starting on the
first day of participation for the wave.
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Table 1. Participant characteristics (N=212).

ValueDemographics

Gender, n (%)

66 (31.1)Male

146 (68.9)Female

Education, n (%)

40 (18.9)High school or some college

126 (59.4)Bachelor’s degree

46 (21.7)Some graduate school or graduate degree

Work status, n (%)

210 (99.1)Full-time

2 (0.9)Part-time

Job title, n (%)

113 (54.3)Registered nurse

25 (12.0)Certified nursing assistants

11 (5.3)Monitor technicians

6 (2.9)Physical therapists

2 (1.0)Occupational therapists

3 (1.4)Respiratory therapists

48 (23.1)Other

Type of work, n (%)

155 (73.1)Direct patient care

25 (11.8)Lab

2 (0.9)Administrative

36 (21-65)Age (years), median (range)

Participants were asked to wear multiple sensors over 10 weeks
to collect physiological data including audio features, heart rate,
respiratory rate, and sleep (see Table 2 for detailed descriptions;
Figure 1 for images). Participants also completed survey
batteries at the beginning and end of the study and daily surveys
throughout the 10 weeks. Survey data were used in tandem with
sensor-based data to provide a more comprehensive assessment
of participant behavior.

The successful implementation of the TILES project required
us to overcome a number of challenges, including identifying

potential challenges with wearable sensors and making
adjustments as needed, handling both the hospital’s and potential
participants’ concerns regarding sensor-based data collection
and privacy; garnering interest in a complex study with
unfamiliar sensors; ensuring that participants were compliant
with demanding, sensor-specific study procedures; and
effectively implementing the study within budget and sensor
manufacturer constraints. This study provides recommendations
for successfully navigating such challenges based on what we
learned before, during, and after study implementation.
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Table 2. Wearable and nonwearable sensors used in the Tracking Individual Performance with Sensors (TILES) study.

Data collected from sensorFrequency of wear (if applicable)Description of sensorType of sensor

Wearable sensors

Heart rate; step count; sleep
duration

24 hours a day for 10 weeksWrist-worn sensor; requires companion
Fitbit phone app

Fitbit Charge 2 (FitBit)

Electrocardiogram; breathing
rate, depth; body motion

Worn for the duration of a participant’s
work shift over the course of 10 weeks

Chest garment (bra for women, shirt for
men) with clip-on box to collect data; re-
quires companion OM signal app

OM signal (OM signal)

Audio features (eg, duration
of speech and intonation)

Worn for the duration of a participant’s
work shift over the course of 10 weeks

Small Android phone that can be clipped
onto participant’s clothing as a badge

Jelly phone (Unihertz)

Nonwearable sensors

Temperature; humidityNo participant interaction with this sen-
sor is required

Environmental sensor that can be placed
in different rooms; communicates with
Owl-in-One sensor

S1 Minew beacon (Minew)

MotionNo participant interaction with this sen-
sor is required

Environmental sensor that can be attached
to doors or placed in different rooms;
communicates with Owl-in-One sensor

i7-Rock Minew beacon
(Minew)

Light levelNo participant interaction with this sen-
sor is required

Environmental sensor that can be placed
in different rooms; communicates with
Owl-in-One sensor

E6 Minew beacon
(Minew)

Participant proximityPlugged into different rooms within the
hospital where participants spent most
of their time; no participant interaction
with these sensors was required

Environmental sensor that plugs into an
outlet; tracks participant proximity using
Bluetooth pings from the Fitbit Charge 2

Owl-in-One (reelyActive)

Figure 1. Sensors used in the TILES project. This figure includes both wearable and nonwearable sensors that we used for this study. TILES: Tracking
Individual Performance with Sensors.
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Methods

Efficiency, security, and ecological validity were at the forefront
when planning and implementing the TILES study and are
reflected in the recommendations here. Recommendations were
generated in the following ways: drawing on existing knowledge
of and interaction with sensors, obtaining health care
leadership’s feedback on using sensors with their employees,
resolving problems encountered with sensors during the study,
or by post hoc reflections on what worked well and what did
not. For purposes of this study, we limit our recommendations
to those that relate specifically to the sensors; are believed to
have the greatest impact on successful study implementation
with regard to ecological validity, security, and efficiency; and
can be generalized to other sensor-based research efforts.

We acknowledge that those recommendations that are grounded
in the existing literature may be deemed more credible than
those that are based on anecdotal challenges or post hoc
reflections. Despite this, we remain confident that the strategies
to overcome the challenges we encountered helped facilitate
successful study implementation in a dynamic environment.
The following sections outline the recommendations that were
synthesized using the methods described above.

Results

Outcomes/Recommendations for Conducting
Sensor-Based Research in a Health Care Setting

Recommendation 1: Pilot Test Sensors and Software
Early and Often
Pilot studies are used to troubleshoot study design [19] and
facilitate a smooth participant experience. In sensor-based
research, conducting pilot studies can help identify whether
proposed sensors are inappropriate or too complicated for
participant use [19]. Sensor manufacturers may be willing to
incorporate researchers’ feedback to improve upon the sensors
or their companion apps. Although conducting one pilot study
may be suitable for some research projects, we recommend
conducting several pilot studies early on to allow ample time
to test, tweak, and retest sensor procedures. This
recommendation is based on the existing sensor literature [20],
which highlights some of the challenges of using sensors and
the benefit of testing them before deploying them in naturalistic
settings.

For our study, we conducted 2 internal pilot studies in which
various research team members and student volunteers wore
the sensors that we planned to use in the full-scale study. We
aimed to assess the comfort of the sensors, gain insight into
frustration that arose from participant interaction with the
sensors or software, obtain feedback about the perceived
invasiveness of the sensors, test the battery life, and assess
incoming data quality from the sensors. Such considerations
are unique to sensor-based data collection; failing to consider
these aspects of the study may result in obtaining a smaller
sample size than desired, participant attrition, data sparseness,
or poor data quality.

In our first pilot study, participants (n=12) wore the 3 sensors
for 2 weeks. Several men found the OM signal shirt to be tight,
and all the women (n=3) experienced discomfort (ie, chafing,
irritation, and blisters) with the bra. We provided this feedback
to the manufacturers, who provided solutions to alleviate
discomfort. Pilot participants also noticed that the Jelly phones
that were hung around the neck would swing. This would likely
frustrate hospital employees who leaned over patients’bedsides,
so we attached a clip to the phone that could be secured onto
clothing. A few participants felt uncomfortable about having
their conversations potentially recorded, so we learned the
importance of emphasizing that the phone was programmed to
only record audio features and not content of conversations.
Although this information was in our consent form, many
participants expressed concerns before agreeing to participate
in the pilot study and seeing the consent form. This underscores
the importance of clearly articulating what data are being
collected while recruiting participants, as participants will not
see the consent form when they first hear about the study. The
few battery issues that arose were overcome by adjusting the
configuration parameters of the phone software. After making
the necessary changes to sensor logistics and learning how to
troubleshoot issues, we conducted another internal pilot 2
months later. Participants reported much less frustration, and
the procedures were more seamless.

Before implementing the full-scale study, we conducted another
pilot study within the hospital from where we would recruit
study participants. A total of 6 hospital employees participated
in this pilot study. During this study, we learned that
participants’ familiarity with technology varied dramatically,
and when difficulties with syncing sensors to their mobile
phones arose, participants were, understandably, frustrated. We
changed our study procedures to sync participants’ sensors to
their mobile phones for them. Conducting an external pilot study
allowed us to identify the challenges of conducting a
sensor-based research study in a dynamic hospital environment
and make the necessary adjustments to ensure a smooth
participant experience.

Recommendation 2: Build/Maintain Trust With Those
Wary of Sensors and Concerned About Privacy
Conducting a sensor-based research study in a health care setting
requires researchers to effectively communicate study goals and
details with both health care leadership and potential study
participants. Researchers can use unique strategies tailored to
each audience to build trust with those who are wary of
introducing or using unfamiliar, complex sensors within the
organization or concerned about the invasiveness of the sensors
and how privacy may be compromised in a sensor-based study.
This recommendation is grounded in the existing literature,
which highlights that the acceptance of technology is an essential
consideration for sensor-based data collection [21,22].

Build Trust Within the Organization

Building trust and developing buy-in with leadership is essential
when conducting a large-scale research project in a dynamic
environment [23]. The importance of doing so is heightened
when employees are asked to use unfamiliar sensors that may
be deemed as invasive. Developing relationships with multiple
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leaders and incorporating their feedback into study
implementation can build trust within the health care setting
and assuage leadership’s concerns about the use of sensors in
an environment where privacy is of utmost importance.

Researchers are more likely to successfully conduct research
in the workplace when they establish and maintain relationships
with powerful organizational leaders [24]. For our study, the
principal investigator leveraged an existing contact to learn
about the organization’s structure and key personnel. Forming
additional relationships with the organization’s leaders was
crucial, as we had to ensure that the environmental sensors to
be installed at the hospital would not adversely affect the
hospital’s technology infrastructure such as Wi-Fi networks,
power outlets, and access. We effectively leveraged our existing
relationship with hospital leadership to form and maintain
relationships with those who gave us feedback and permission
to use sensors in the hospital.

Physiological, behavioral, and contextual data from one’s
environment are sensitive in nature [25]. Leadership in a health
care setting will likely have concerns about the sensors, so
researchers will be tasked with assuaging such concerns [26].
Leadership will likely want to know how the research team will
ensure anonymity of employee sensor data, and researchers
should provide detailed information about how the sensors will
be used, what data will be collected, and how those data will
be used. In our study, engineers who were most knowledgeable
about the sensors explained to leadership what data
environmental sensors would collect (eg, temperature and
humidity) and the purpose for collecting these data (eg, how
does this context impact workers’ affect, behavior, and
cognition?). By meeting with leaders who were knowledgeable
about their field and had decision-making authority, we were
able to conduct research with our sensors of choice within a
sensitive environment.

Build Trust With Potential Participants

Obtaining high-quality data hinges on participants feeling that
they can trust the researchers [26]. Wearable sensors may be
perceived as more invasive than self-report surveys, thus,
building trust with potential participants is important in
sensor-based research. Letting health care employees know that
sensor data can provide insights into the demanding nature of
their jobs can be an effective way to build trust with and
motivate health care employees to take on the additional tasks
of learning how to use unfamiliar sensors, charge sensors, wear
sensors, and submit sensor data to the research team.

For the TILES study, we attempted to build trust with potential
participants by being clear about the aim of our study and
emphasizing that data were collected for research purposes only.
Furthermore, we were sure to note the compensation that
participants would receive for participating. We met with
employees and emphasized that because we know that hospital
employees tend to experience high levels of stress [27] and
burnout, we were studying the factors that affected their ability
to thrive at work and perform well. Afterward, we introduced
the novel aspect of sensor-based research and pointed out that
using sensors could unobtrusively collect data to provide insights
into well-being and job performance. By emphasizing that we

knew the challenges of their work and highlighting the
advantages of using sensors and the greater impact of our study
on participants and their patients, we built trust and found
common ground via a shared goal.

Informed consent is also a way to reinforce trust with
participants. In our study, we crafted a consent form that
thoroughly explained what was expected of participants and
what data were being collected. We also clearly specified how
we planned to use these data. Although this information was
clearly outlined in the consent form, we learned the importance
of reiterating this information to potential participants during
in-person interactions with them, as some individuals may not
read a lengthy, detailed consent form in its entirety.

Eliciting and responding to potential participants’ concerns
regarding sensors can help build trust with potential participants,
create excitement for the study, yield a larger sample size,
increase compliance, and decrease attrition [28]. Researchers
may ask participants to wear and interact with unfamiliar sensors
that may be seen as complicated and invasive [29]. Potential
participants may have questions or concerns about such sensors;
therefore, researchers should be prepared to address them.

When introducing our study during our participant recruitment
period, hospital employees expressed concern that the Jelly
phone would record the content of conversations at work. A
research team member who designed the Jelly phone software
met with several employees to show them what the data from
this sensor looked like and explained that the audio features in
the study would be used to infer things such as stress and affect.
Employees were also concerned that environmental sensor data
could get back to their bosses who might ask them “What were
you doing here at this time?” We clarified that location data
would not be shared with hospital management and explained
that environmental sensor data would allow us to estimate how
much time participants spent at the bedside. We wanted to obtain
an estimate of this as hospital leadership and employees said
that patient care providers disliked going to medicine rooms,
which decreased time spent with patients. It is important to note
that this information was specified in the consent form that
interested individuals gained access to after hearing about our
study and expressing interest in participating. By engaging in
open dialogue during the recruitment process, we appeased
concerns regarding sensors, which led to participants trusting
both our team and the sensors and expressing interest in
participating.

Recommendation 3: Generate Excitement for Novel,
New Technology During Recruitment
Previous attempts at longitudinal studies involving hospital
employees have shown significant barriers with regard to
participant recruitment and retention [30]. We were interested
in learning about employee receptivity to the sensors; therefore,
we took a participatory approach to recruitment. We asked
directors and staff councils that comprised leaders for
recommendations regarding how to initially engage and retain
potential study participants, given that participants would have
to learn how to use unfamiliar sensors and interact with them
daily to collect sensitive data. The overarching recommendation
that emerged from conversations with health care leadership
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was to generate excitement for the sensors used in the study, as
most of this technology would be new to participants.

Allow Potential Participants to Interact With Sensors

We generated excitement for the sensors by having them on
display at study information tables in the hospital cafeteria and
by allowing passersby to interact with them and ask questions.
Having team members on-site can generate initial interest in
the study [31]. Employees showed interest in the OM signal
sensor and Jelly phone, which were the 2 sensors that we
expected them to be unfamiliar with. Upon learning about the
capability of the OM signal sensor to capture breathing and
respiration rate, we received positive feedback about how cool
the sensor and accompanying app were and how it could be nice
to see these data displayed on the app when exercising. Once
employees had the opportunity to interact with the sensors and
learn about emerging technology and its use in daily life, they
seemed more excited about the prospect of joining our study to
try out the sensors.

Personally Reach Out to Those Who May Be Wary About
Sensors

Translating initial interest in the sensors into study enrollment
can be challenging. Although some employees may be enticed
by novel sensors and incentives for participating [28], others
may become warier about participating as they learn more about
the sensors and their interaction with these devices. Researchers
can decrease feelings of caution by personally reaching out to
these individuals.

During recruitment, we identified a gap between the number of
individuals who expressed initial interest and the number of
individuals who signed up for an enrollment session. We
contacted these individuals and learned that many of them had
questions about the sensors, such as how often they would need
to wear each device and if these devices would be safe to wear
inside the hospital (eg, when visiting the magnetic resonance
imaging room). Although much of this information was included
on our study website, we personally reached out to these
individuals and enrolled many of them after answering their
questions. We encourage researchers to anticipate hesitance
from potential participants in sensor-based research and
personally reach out to effectively translate interest into study
enrollment.

Consider the Level of Detail Needed When Introducing
Sensors

The design and content of paper recruitment materials can affect
an individual’s decision to participate in a research study [32].
Researchers must balance informative yet brief content to
engage the reader and must decide what sensor-related content,
if any, to include. Although listing unfamiliar sensors may be
meaningless or intimidating to potential participants, the
enjoyment gained from learning about new products and
technologies motivates people to participate in
technology-related activities [33].

In our study recruitment materials, we emphasized the
opportunity to be a part of a ground-breaking study that used
cutting-edge technology. Paper materials contained a QR code
that employees could easily scan with their mobile phone to be

taken to our website to learn about the sensors. We encourage
researchers to carefully consider how to best introduce the aspect
of wearable sensors in their recruitment materials.

Recommendation 4: Monitor Incoming Sensor Data to
Troubleshoot Sensor Issues
Monitoring incoming sensor data can help researchers identify
technology glitches or participant issues with sensors that may
otherwise go unnoticed or unreported. This recommendation is
based on challenges we encountered during the study and the
real-time solutions that we generated as well as post hoc
reflections about what strategies worked. Not all sensors provide
feedback regarding data quality and volume. In this case,
researchers may have to rely on third-party quality metrics or
a team member who is well versed on data analysis to determine
what constitutes sensor data issues.

Monitoring Sensor Data to Identify Technology Glitches

Researchers should anticipate issues that may arise with
wearable sensors, such as sensors breaking or companion apps
crashing [34]. Participants may not be aware that a sensor or
related software is malfunctioning; however, researchers may
be able to identify when such an event occurs by monitoring
the incoming sensor data.

The Jelly phone used in our study was initially programmed for
voice activity detection to turn on the audio capture only after
detecting vocal signals [35]; the battery lasted for approximately
10 to 12 hours for internal pilot testers in a university setting.
While monitoring incoming Jelly data from hospital pilot
participants, we noticed that we only received a couple of hours
of Jelly data from a few participants. We learned that the Jelly
battery died after a couple hours because of the high noise level
in the hospital; thus, participants stopped wearing the Jelly. We
reprogrammed the device to turn on only for a fixed duration
of time (20 seconds) to save the battery. By monitoring incoming
sensor data, we identified a technical glitch with our sensor and
quickly developed an effective solution.

We also set up weekly calls with the manufacturers of OM
signal, who provided us with usage statistics such as frequency
of wear and data quality. We flagged 15.1% (32/212) of
participants to check on and remeasured them to ensure
appropriate sizing, checked that their companion app was
collecting and sending data as expected, and reinstructed them
on how to use this sensor. These issues may have otherwise
gone unnoticed; therefore, we recommend that researchers
monitor incoming data for both quality and volume and reach
out in person to participants who fall below a predetermined
threshold for both [36].

Monitor Sensor Data to Identify Participant Issues With
Sensors

Identifying unique participant issues with sensors is important,
as compliance with longitudinal research and sensors can be
challenging [28,37], and researchers may ask participants to
wear sensors that may be uncomfortable [38]. Monitoring
incoming data allows researchers to identify sparse or
low-quality sensor data, which may indicate a participant issue
with the sensor, and take appropriate action [11,39].
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By monitoring incoming OM signal data, we identified that
several participants stopped wearing the garment, whereas
several others only wore the garments for a couple of hours on
each workday. We determined that 10% of participants
experienced chafing, rashes, or general discomfort with the
garment. For mild discomfort, we instructed participants to
apply a bit of water or aloe vera to the electrodes that pressed
against the skin. This solution decreased discomfort of several
participants. Participants who experienced severe discomfort
were instructed to refrain from wearing the garment for a few
days; however, 5% continued to experience discomfort. We
allowed these participants to participate without wearing the
garment. We encourage researchers to anticipate that some
participants may find certain wearable sensors uncomfortable
and may fail to report instances of discomfort. Monitoring the
incoming sensor data can help researchers identify how to
accommodate participants and the unique issues they may
experience with wearable sensors.

Monitor Sensor Data to Keep Abreast of Unresolved Issues

Depending on the sample size, number of sensors used in the
study, and ease of participant sensor use, it may be challenging
to identify and keep abreast of unresolved issues. Monitoring
sensor data can help researchers ensure that the myriad of
potential sensor issues that may arise do not go unnoticed or
unresolved.

By monitoring incoming sensor data, we learned that data
sparsity or low-quality data could be due to several things (eg,
forgetting how to charge a sensor and not having a strong Wi-Fi
connection when uploading data). We developed a shared
logbook to note which participants had sparse or low-quality
data so that we could follow up and assist them. We also
developed a companion frequently asked
questions/troubleshooting document that team members could
reference to resolve sensor-related issues. Monitoring incoming
data to manage and keep abreast of the different sensor issues
allowed us to facilitate a smooth participant experience with
the sensors.

Recommendation 5: Consider the Logistical Constraints
of Sensor-Based Research
Researchers conducting sensor-based research will likely be
constrained in their ability to purchase their most desired sensors

or receive sensors in a timely manner. Although there is a
seemingly endless number of constraints that may arise, budget
and manufacturer constraints are 2 aspects of sensor-based
research that can greatly impact the participant experience and
study timeline. Thus, we urge researchers to consider the
logistical constraints of sensor-based research, based on the
challenges we encountered during the study, and on post hoc
reflection about how we successfully navigated such challenges.

Consider Budget Constraints During Sensor Selection

The researcher’s budget should be carefully considered when
selecting sensors to be used in data collection. Although other
criteria, such as battery life and ease of participant use should
also be considered during sensor selection, the suite of sensors
that a researcher chooses will ultimately be constrained by their
budget [40]. Having a member of the research team who is
well-versed in contractual obligations or financial resources is
essential.

We tested several different sensors for our study and came to
our final decision based on affordability, ease of participant use,
and quality of data obtained. The cost of sensors (wearable and
environmental) and sensor-related products was US $233,000
(US $1142 per participant; see Table 3). Each participant
received 1 Fitbit Charge 2, 1 OM signal sensor, and 1 Jelly
phone; however, we purchased extra sensors to accommodate
sensors malfunctioning or breaking. In addition, we purchased
a surplus of OM signal garments as we did not know the
accurate size breakdown of our participants until after they
enrolled in the study. Additional sensor-related costs included
US $5000 for charging hubs and charging cables to make
charging various sensors easy for participants and US $13,000
for 64 iPod touches to accommodate Android phone users who
could not access the OM signal app without an Apple device.
Our project manager who was well versed in our study budget
was essential to the sensor selection and purchasing process.

Researchers should also consider the cost of incentivizing
participants to wear sensors. The compensation for complying
with sensor-related study procedures may be influenced by
several factors including how often participants are asked to
wear the sensor, how comfortable the sensor is, and ease of
participant interaction with the sensor [36]. For this study,
structuring these incentives to be motivating enough to
encourage compliance, while staying within budget, was crucial.

Table 3. Cost of sensors.

Total/person (n=204)
(US $)

Total price
(US $)

Unit price
(US $)

Quantity, nSensor

525.74107,250429250OM signal 250 boxes and 1250 garments

169.1234,500138250Jelly phones

198.3140,455155261Owl-in-one: Bluetooth data hub and Bluetooth device proximity sensor

10.90222416139Minew beacons (Bluetooth environment data sensors)

151.9631,000124250Fitbit Charge 2

1056215,429——aTotal

aNot applicable.
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We used recommendations from Lawler [41] to guide the
development of our incentive system. We made it clear what
behaviors were required to obtain the reward, and we made the
incentives desirable to participants [41]. For example,
participants received US $75 for completing an in-person
enrollment session, during which they received their sensors
and instructions for use. We also paid participants between US
$10 to US $25 in a prepaid Visa gift card each week based on
their level of weekly compliance in wearing sensors and
answering surveys. To determine compensation for each week
of participation, we generated a list of actions they could do for
each day and allotted a specific number of points to each action.
At the end of the study, we distributed grand prizes to the top
3 participants in each wave who earned the most points
throughout the 10 weeks (ie, US $250, US $200, and US $150,
respectively). Such incentives highlight the magnitude of
investment that may be necessary to conduct a sensor-based
study, so we encourage researchers to consider the cost of
incentivizing participants to interact with sensors while planning
a sensor-based study.

Consider Sensor Manufacturer Constraints

Researchers should anticipate constraints from sensor
manufacturers when planning and conducting a sensor-based
study. Manufacturers may run into production delays and may
be unable to deliver sensors in accordance with the expected
shipment schedule [42]. These events may delay the research
team’s timeline; therefore, constant communication and
transparency with sensor manufacturers are crucial to the success
of a sensor-based study.

Developing good rapport with sensor manufacturers helped us
navigate the constraints of sensor-based research. The nature
of our study required us to have all wearable sensors in hand
before the study began. The OM signal garments were made to
order and required 6 to 8 weeks of manufacturing and shipping

time, which was challenging to navigate with a tight timeline
and budget approval delays. In addition, batch ordering hundreds
of sensors and receiving them on time was an obstacle, as the
manufacturers were unable to process new orders during
holidays. Finally, there were times when we had to exchange
sensors for different sizes. When experiencing such issues, we
expressed the urgency of timely delivery to the manufacturers,
who accommodated us by sending sensors in partial shipments,
so that we had enough sensors to cover our initial needs. We
encourage researchers to delegate a few team members to
establishing and maintaining relationships with sensor
manufacturers, as doing so will likely help researchers navigate
any manufacturer constraints that arise.

Discussion

Key Takeaways
Researchers will likely encounter several challenges when
conducting sensor-based research. Pilot testing sensors and
software early and often can help researchers iteratively improve
the study procedures and user experience with sensors before
the study begins. Building trust, both with key stakeholders and
potential study participants who may be wary of sensor-based
data collection and concerned about privacy, can aid in the
recruitment of study participants and compliance with complex
study procedures such as interacting with unfamiliar sensors.
Researchers should aim to generate excitement for these novel
sensors and technology during recruitment to spark initial
interest in the study. Once the study is underway, monitoring
incoming sensor data can help researchers troubleshoot issues
that may have gone unnoticed. Finally, we urge researchers to
consider the logistical constraints of sensor-based research.
These general recommendations (summarized in Textbox 1)
can be adapted to different apps of sensor technology.

Textbox 1. Summary of recommendations.

1. Conduct pilot tests of sensors and software early and do so several times to anticipate what works well and what challenges may arise with the
sensors to be used.

2. Build trust with health care leadership and potential participants who may be wary of sensor-based data collection and concerned about privacy.

3. Generate excitement for novel, new technology during recruitment.

4. Monitor incoming sensor data to troubleshoot sensor issues.

5. Consider the logistical constraints of sensor-based research.

Limitations
We are confident that the recommendations put forth in this
study will help facilitate a smoother investigator and participant
experience with sensors. There are, however, several limitations
of this study. The recommendations in this study were grounded
in the existing literature, feedback from organizational
leadership, challenges we encountered along the way and the
solutions we generated, and post hoc reflections. This study
would be strengthened with additional statistics demonstrating
the effectiveness of each recommendation. These data, however,
were either unavailable or challenging to quantify. For example,
hospital leadership emphasized the importance of generating

excitement for novel, new sensor technology rather than rattle
off a list of unfamiliar sensors to participants. We recall seeing
spikes in the number of participants who indicated interest on
our website immediately after we spoke with them.
Unfortunately, we did not keep track of the specific days and
times that we spoke to participants and relayed information
about “exciting” sensors; keeping such a log would have allowed
us to provide descriptive statistics to speak to the effectiveness
of this strategy. However, upon thoughtful reflection, feedback
from participants, and seeing the number of interested
individuals increase immediately after we conducted events (eg,
having a study information booth in the hospital cafeteria), we
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are confident that this (and other strategies) was effective in
having the intended impact.

We limited the recommendations in this study to those that
related specifically to the sensors; were believed to have had
the greatest impact with regard to ecological validity, security,
and efficiency; and could be generalized to other sensor-based
research efforts. Therefore, researchers should consider the
recommendations we provide within the broader scope of
sensor-based research and not look to this study as the sole
source of recommendations for implementing such a study. For
example, other sensor-specific recommendations may relate to
sensor selection (eg, learning how to prioritize ease of use,
battery life, data quality, and cost) or implementing strategies
to encourage participant compliance with sensors.

Another limitation is that we focus on using sensors to meet a
specific goal in a specific population in a specific context.
Although the primary aim of this study was to provide
researchers with insight into assessing overworked, shift-based
employees with sensors, we acknowledge that these
recommendations may be applicable and helpful to those who
wish to use sensors for other purposes. To overcome this
limitation, the following section discusses how these
recommendations can apply to an area that is already seeing
significant growth from sensor-based data collection:
telemedicine/remote patient monitoring.

Health Care Applications of Sensor Technology
Advancements in wearable sensor technology and wireless
communications allow for real-time health care monitoring,
which is a promising solution to treating those who live in
remote areas far from medical centers or those who cannot
afford inpatient care. Telemedicine, the integration of mobile
communication with wearable sensors in patients, can be used
to remotely monitor patients with diverse health issues including
cardiac disease, diabetes, and autism spectrum disorder [43].
For example, electrodermal activity sensors, also known as skin
conductance sensors, are effective for monitoring sympathetic
nervous system arousal [44]. These sensors can provide those
with autism spectrum disorder a means of measuring stress or
anxiety when these feelings cannot be verbally or socially
expressed [44]. The sensors can provide feedback to both
caregivers and patients to help understand causes of stress or
anxiety and help prevent negative behavior [44]. Moving toward
technologies that enable continuous, outpatient monitoring is a
cost-effective way to provide health care; however, health
monitoring technology must be comfortable and unobtrusive,
must be simple to use, and must provide privacy and security
[44]. Thus, the recommendations provided in this study are
applicable to the use of sensors in telemedicine.

Health care providers interested in using sensors to remotely
monitor patients should pilot test sensors early and often. Pilot
testing with the end user allows providers to ensure minimal
discomfort to the patient and freedom of mobility, which allows
the patient to carry out normal activities while under continuous
monitoring. This may enhance the quality of data, as the
patient’s behavior may be closer to how it is when not wearing
sensors [45]. Pilot tests can also be used to test the functional
aspects of sensors, such as the battery life [44,46].

Building trust with patients and generating excitement for
sensors to facilitate patient health is crucial to the success of
using sensors for remote health care monitoring. A patient may
not believe that the sensor will give good enough signals to
health care providers [45], which may result in the individual
deciding not to wear the sensor as frequently as asked. Health
care providers should appease patient concerns that arise with
sensors, as patients may be inclined to initially reject devices
[47]. Previous research identifies such concerns, including being
afraid that the sensor may fall off the skin if they move too
much, being afraid of wearing the sensor, being afraid that it
may suddenly stop working, and worrying that it may be visible
to others [45]. In addition, patients may be concerned about the
security and privacy of sensor-based data [47]. In this case,
health care providers could discuss a patient-centric access
policy with the patient, in which different privacy levels could
be assigned to the sensor data, based on sensitivity. Different
access privileges could then be assigned to health care providers
based on their role [47]. Informing patients about the feasibility
of using sensors in their daily lives and providing instructions
for use can help patients trust the health care providers and the
sensors themselves. Health care providers can also highlight
the advantages of continuous, sensor-based patient monitoring,
such as decreased cost and less time spent going to a clinic or
to the patient. Highlighting these exciting advances in
technology that result in decreased patient burden can help
health care providers successfully implement wearable sensors
into a patient’s health care plan.

Monitoring incoming sensor data allows health care providers
to help patients in real time. Sensors may have different
interfaces, one for patients and one for health care providers,
allowing for monitoring of incoming data. In one study,
researchers employed a wearable sensor that extracted cardiac
parameters such as heart rate and blood pressure to help in the
early detection of diseases such as hypertension. The patient
interface was the wearable sensor. This sensor extracted medical
information from patients and used Bluetooth to transmit the
data to an Android-based listening port, which transferred
information to the Web server to show reports on the doctor
interface [43]. This Web interface allowed doctors and medical
centers to simultaneously view and diagnose patients’ medical
status. For example, the Web interface had a module containing
alarming messages (eg, signaling arrhythmia) generated by the
Android-based listening port. The interface also had location
records so that the doctor could track the patient’s location and
send an ambulance to the patient, if needed [43]. Monitoring
incoming sensor data may literally be the difference between
life and death in remote patient monitoring.

Finally, we encourage health care providers to consider the
logistical constraints of sensor-based patient monitoring. For
example, health care providers may access sensor-based patient
data for multiple patients at once [43]. In this case, the provider
must consider the cost involved in obtaining sensors, teaching
multiple patients how to use sensors, monitoring sensor data,
and taking appropriate action (eg, calling an ambulance) during
monitoring. Considering such constraints, in terms of cost and
labor, will likely impact the patient experience. Sensor
manufacturer constraints should also be considered when
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selecting sensors for remote patient monitoring. Delays in
manufacturing or shipment may have a more adverse impact
on the end user, as health care providers who care for critically
ill patients may have less flexibility in their timeline than
researchers. Being mindful of the constraints of
sensor-facilitated health care can help facilitate a smoother
patient monitoring experience.

Conclusions
Advances in sensor-based technology allow for new ways of
obtaining continuous physiological data from individuals in real
time. Furthermore, these sensors can allow researchers to

measure things that are difficult to measure with self-report and
can potentially reduce the participant’s burden. Although
exciting, these new methods of data collections pose new
challenges to researchers and require them to adapt new skills.
Nevertheless, we are confident that implementing the
recommendations in this study will facilitate successful study
implementation and a smooth participant experience for
investigators who are interested in conducting research with
sensors and will provide patient care providers with insights
into how to successfully use sensors for applications such as
remote patient monitoring.
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Abstract

Background: Research on digital technology to change health behavior has increased enormously in recent decades. Due to
the interdisciplinary nature of this topic, knowledge and technologies from different research areas are required. Up to now, it is
not clear how the knowledge from those fields is combined in actual applications. A comprehensive analysis that systematically
maps and explores the use of knowledge within this emerging interdisciplinary field is required.

Objective: This study aims to provide an overview of the research area around the design and development of digital technologies
for health behavior change and to explore trends and patterns.

Methods: A bibliometric analysis is used to provide an overview of the field, and a scoping review is presented to identify the
trends and possible gaps. The study is based on the publications related to persuasive technologies and health behavior change
in the last 18 years, as indexed by the Web of Science and Scopus (317 and 314 articles, respectively). In the first part, regional
and time-based publishing trends; research fields and keyword co-occurrence networks; influential journals; and collaboration
network between influential authors, countries, and institutions are examined. In the second part, the behavioral domains,
technological means and theoretical foundations are investigated via a scoping review.

Results: The literature reviewed shows a clear and emerging trend after 2001 in technology-based behavior change, which grew
exponentially after the introduction of the smartphone around 2009. Authors from the United States, Europe, and Australia have
the highest number of publications in the field. The three most active research areas are computer science, public and occupational
health, and psychology. The keyword “mhealth” was the dominant term and predominantly used together with the term “physical
activity” and “ehealth”. A total of three strong clusters of coauthors have been found. Nearly half of the total reported papers
were published in three journals. The United States, the United Kingdom, and the Netherlands have the highest degree of author
collaboration and a strong institutional network. Mobile phones were most often used as a technology platform, regardless of the
targeted behavioral domain. Physical activity and healthy eating were the most frequently targeted behavioral domains. Most
articles did not report about the behavior change techniques that were applied. Among the reported behavior change techniques,
goal setting and self-management were the most frequently reported.

Conclusions: Closer cooperation and interaction between behavioral sciences and technological areas is needed, so that theoretical
knowledge and new technological advancements are better connected in actual applications. Eventually, this could result in a
larger societal impact, an increase of the effectiveness of digital technologies for health behavioral change, and more insight in
the relationship between behavioral change strategies and persuasive technologies' effectiveness.

(JMIR Mhealth Uhealth 2019;7(12):e13311)   doi:10.2196/13311
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persuasive technology; digital health behavior; behavior change systems; behavior change support systems; bibliometric analysis;
scoping review
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Introduction

In the past two decades, researchers have spent a lot of effort
to understand how digital technology can help people to make
a positive change in their behavior. This research is often
motivated by the increasing cost of our health care systems and
the increasing demand for health care professionals. The field
of influencing or changing human behavior through digital
technologies started with the term persuasive technology (PT)
around 1998. Fogg [1] states that persuasion is more than just
computer-mediated communication but focuses on
human-computer interaction. He defined PT as “how people
can be persuaded when interacting with the technology and
adjusting itself according to the actions, inputs, and context of
persuaded party” [1]. Over time, many terms have emerged to
describe technology-based behavior change interventions. For
example, Oinas-Kukkonen and Harjumaa [2] define persuasive
systems as “a computerized software or information system
designed to reinforce, change, or shape attitude or behavior or
both, without using coercion or deception”. Later, from system
perspective, Oinas-Kukkonen [3] defined the term behavior
change support systems (BCSS): “a sociotechnical information
system with psychological and behavioral outcomes designed
to form, alter, or reinforce attitudes, behaviors or an act of
complying without using coercion or deception”. In this paper,
we will use the terms “persuasive technology,” “behavior change
support systems,” and “digital health interventions” intermixed.

Often, behavior change support systems are used to support
individuals in making lifestyle changes that will lead to better
health. When a sufficiently large portion of the population starts
making positive changes to health-related behaviors, this will
lead to lower utilization of health care and, eventually, to a
significant reduction of health care expenditure. Although the
potential and societal impact of digital health interventions is
highly attractive, so far, its impact on health care utilization and
expenditure has been minimal. This is partly because of the
limited deployment and implementation, in terms of potential
beneficiary users, of effective digital technology for behavior
change.

The development of BCSS for health requires an
interdisciplinary approach. For example, social psychology
provides us a useful theory about the role of people’s
personalities, cognitions, and social environment, which system
designers could use to better design and develop an effective
system. The social science theories provide an accumulated
understanding of what human behavior is and the contexts in
which they occur, what are the mechanisms of action for change,
and what are the ingredients required for change [4]. However,
such theories are not often used when designing an intervention
[4]. Note that the question whether an intervention based on
theory is more effective is still under discussion; some reviews
have found a positive association [5], whereas others found a
negative association [6]. In this study, we tried, among other
goals, to explore the adoption theoretical knowledge from related
behavioral and psychological sciences, but we did not investigate
the effectiveness itself.

In behavioral sciences, 92-item taxonomy of behavior change
techniques (BCTs) has been developed to better report about
behavior change interventions [7] and support their
development. Moreover, some popular models and frameworks
exist that provide a systematic procedure for understanding and
changing behaviors. For example, Fogg [8] introduced a model
called Fogg behavioral model that explains why a person does
what he does and also defines functional triads of a persuasive
system. Harjumaa extended Fogg’s study and created a
conceptual framework called persuasive system design (PSD)
that can be directly applied for persuasive system development
and evaluation [9,10]. Michie et al [11] combined 19
frameworks to propose a new framework called the behavior
change wheel that comprises a layered structure that explains
behavior with 3 components (capability, motivation, and
opportunity) and links this to techniques known to change
behavior and the concerned policy. There are some more latest
models that combines the other well-established models and
theories to translate clinical aims into behavioral strategies and
endeavor to include the full scope of elements from behavioral
principles to technological features [12,13].

To our knowledge, no bibliometric analysis of scientific
literature on digital technologies for health behavior change has
been published. However, a lot of research has been conducted
on different aspects of PT and health domains, for example, the
literature about the persuasive design principle in different
technology domains [14-17] or systematic reviews about the
effectiveness and prevalence of the persuasive systems [18-20].
Only a few studies evaluated the effectiveness of PT for health
and well-being; it was hard to establish long-term effectiveness
because of the lack of long-term evaluation methods.

Our study is related to the papers mentioned above, but in our
study, the main focus is the application domains and the
theoretical basis (eg, behavioral theories and BCTs) of actual
BCSS. A better understanding of the main application domains,
the usage of theories, and the gaps between them will help
identify which areas of PT have sufficient evidence that
implementation on a larger scale can be justified and which
areas still require additional research.

In this study, we first conducted a bibliometric analysis of the
literature to answer the questions about the quantitative trends
in the literature and the geographical distribution of the
researchers. With the help of a co-occurrence network of
keywords and research fields, we tried to uncover meaningful
insights based on the strength of links between the nodes in the
network. We also studied the collaboration between scholars
in the field and the collaboration between developers of digital
interventions and health behavior change researchers. This is
done at the author, institution, and country level.

Second, we have presented a scoping review that aims to
critically evaluate the content of the published literature on
digital health behavior change systems and answer the following
questions: (1) what are the trends in adopted technologies for
different health domains? and (2) what are the theoretical
foundations (ie, theories from behavioral sciences or systematic
frameworks/models for the development of PT) of implemented
systems?
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Finally, we concluded with a discussion on the identified pitfalls
and possible future directions for research.

The information provided by this review will help analyze who
are the relevant stakeholders that have contributed to the
growing knowledge of digital health interventions and will help
designers make more informed decisions regarding the
development and design of PT for healthy behavior change.

Methods

This section describes the procedures that have been used in
the different phases of our study. We discuss the query selection,
the database selection, methodologies, eligibility criteria, data
items, and the choice of the tools used for different types of
analysis.

Data Collection
We chose to use the Web of Science (WoS) core collection and
the Scopus database as basis for the study. The search query
aimed to retrieve actually implemented behavior change systems
with a technical component. Therefore, the following terms
were used: (“persuas*” OR “ehealth” OR “mhealth”) AND
(“ICT” OR “prototype” OR “techno*” OR “system”) AND
“behavio* change.” The search was limited to the articles
publicated during January 2000 and December 2018. The
process of merging the collected data is discussed below. The
query search resulted in a set of 317 and 325 articles from WoS
and Scopus, respectively. Among the 325 items from Scopus,
11 appeared empty or incomplete at further inspection, so 314
were left.

Study Design
For evaluating the existing scientific output through citations
count, keywords, geographical data, authors collaborations, and
discipline-wise interactions, the method of bibliometric analysis
was used. The basic statistics included yearly publication output,
publishing countries, the field of study, citation count, keyword
co-occurrences, coauthorships, and collaboration networks
between countries and institutions.

Several software packages are available to support a bibliometric
analysis, each with different capabilities and limitations. Some
of the most popular tools include HistCite [21], CiteSpace [22],
BibExcel [23], and Science of Science (Sci2). In this study, the
Sci2 tool was used, which is based on the Cyberinfrastructure
Shell toolset, for the study of science [24].

In addition to tools for bibliometric analysis, we also used
network visualization and analysis tools for the co-occurrence
networks of keywords and research fields and the collaboration
networks between countries and institutions. We used Gephi
and VOSviewer that use a 3-dimensional render engine to render
illustrations of large networks [25,26]. For the network analyses,
the 394 extracted articles and their references were converted
into graphs. For example, for the coauthor network, 394 articles
resulted in 1777 nodes, where each node represented an author,

and 5583 edges, where each edge represented coauthored
studies.

A scoping review is a useful methodology to determine the
coverage of a body of literature on a given topic and identify
and analyze knowledge gaps [27]. A number of research
questions in the introduction section were defined that will help
investigate the use of behavior change theories and BCTs in
actual BCSS.

Owing to the broad scope of the review, any conventional
systematic review or meta-analysis framework was not followed
strictly. However, the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses for Scoping Reviews guidelines
(PRISMA-Scr) were applied [28] for our scoping review.

Eligibility Criteria
To be considered for review, the following inclusion criteria
were formulated: (1) publication in a peer-reviewed academic
journal; (2) publication in the English language; (3) the research
should have the primary purpose of changing behavior, either
increasing or decreasing the behavior or stopping the behavior
altogether; and (4) the article should discuss a technological
solution that is used for behavior change.

Categorization
In this section, the key categories used in this study to classify
the different interventions described in our dataset have been
defined. The first category, technology, refers to the type of
computer-based tool that is used to change a behavior, that is,
a digital device, hardware, or a software solution. The target
domain describes the behaviors that are targeted for change—for
example, diet, sedentary behavior, mental health, or physical
activity. The term behavior change theory/model is used to
describe the theories and models about behavior change from
behavioral sciences that are used as the basis for the persuasive
systems. The category development frameworks/models covers
a slightly different aspect; it describes the frameworks and
models that are used to guide the design and development of
the intervention. To further clarify the distinction between the
two categories discussed above, the behavior change
theory/model is used as the key behavior change principle for
approaching the problem. For example, in a study by Lyons et
al [29], the authors approached narrative transportation theory
as a basis for increasing autonomous motivation about health
behavior. In contrast, elements of the development frameworks
category provide a systematic approach to select the behavioral
principles and technological features during the design and
development of the system. Finally, the category BCT describes
the active ingredients of an intervention, for example, goal
setting, reminder, and education. For this category, the taxonomy
found in the study by Michie et al [7] was used.

Table 1 provides an overview of the categories and some
examples of values. The categorization of the systems has been
performed by the first author and finalized with the approval of
other authors.
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Table 1. Classification and coding scheme.

Possible valuesCategory

Web, mobile app, computer applications, mobile game, SMS, pedometers, virtual agent, and inter-
active voice response

Technology

Physical activity, healthy eating, smoking cessation, carbon emission, and energy consumptionTarget domain

Transtheoretical model, motivational interviewing, health belief model, and social cognitive theoryTheories/model employed for behavior change

Persuasive system design, behavior intervention technology, intervention mapping, and behavior
change wheels

Development frameworks/model

Self-monitoring, motivation, goal setting, reward, punishment, and knowledgeBehavior change techniques

Results

Data Source and Selection
We applied our search query on 2 major literature databases,
that is, WoS and Scopus. The WoS and Scopus databases
returned 317 and 314 articles, respectively. There was an overlap
of 179 articles between both datasets; thus, we identified 452
unique articles.

To perform our bibliometric analysis, we ideally would have
merged the data from WoS with the data from Scopus. However,
there are some technical constraints when performing a
bibliometric analysis on different datasets: first, each database
uses different sources for indexing the articles and, second, each
database starts to index different journals at a different moment
in time. For example, WoS started indexing the Journal of
Medical Internet Research and its sister journal articles in 2015,
whereas Scopus started in 2018 and is still indexing only a few
of the journals published by JMIR Publications. Another issue
is that the citation count for each article is different in the
different databases, apparently, because different sources are
used.

Owing to its quality and completeness of data, we decided to
base our bibliometric analyses on data extracted from the WoS
database [30,31]. To include as many relevant papers as
possible, a manual search was performed in the WoS database
for the 135 (314 minus 179 overlap) Scopus results that were
not returned by the search query in WoS. Of those 135 articles,
77 were found in the WoS database, and 58 were not found.
This resulted in a dataset of 394 items (317 as results to a query
and 77 manually added items) for the bibliometric analysis.

Our scoping review started from the full set of 452 unique
articles. A 2-phase screening was performed to determine their
relevance for our scoping review. The first author initially
screened the articles by reading the title and abstract and
removing those that clearly did not match the inclusion criteria.
As a result, 149 articles were excluded. The remaining 303
articles were thoroughly studied by the main author and
compared with the inclusion criteria, which led to the exclusion
of another 175 articles. The excluded articles were characterized
in 3 main categories through group discussion. Furthermore,
10 articles were found as duplicates, as they were discussing
the same intervention. Eventually, 118 articles were considered
for the scoping review. The detailed flow of the selection process
is presented in Figure 1.
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Figure 1. Flowchart of study selection (n=the actual number of publications). WoS: Web of Science.

Bibliometric Analysis

Growth of the Literature and Distribution Over Countries
When looking at the number of publications in our selection,
we can observe that it started in 2001, with 1 or 2 publications
yearly, but rapidly increased since 2009 to 2010, as can be seen
in Figure 2.

Table 2 shows the top 10 regions where publications originated.
The United States is leading with 46.5% (183/394 records) of
all contributions, followed by England and the Netherlands with
14.5% (57/394 records) and 8.4% (33/394 records), respectively.
Furthermore, Australia and Canada are fourth and fifth in the
ranking with 7.6% (30/394 records) and 5.8% (23/394 records),
respectively.
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Figure 2. Publication trend from 2000 to 2018.

Table 2. Persuasive technology for behavior change, scholarly papers by region.

Publications, n (%)Country

183 (46)United States

57 (14)England

33 (8)The Netherlands

30 (7)Australia

23 (6)Canada

19 (5)New Zealand

17 (4)Finland

16 (4)Italy

13 (3)Belgium

11 (2)Switzerland

Interdisciplinary Collaboration Network
From the research field column in the WoS database, a
co-occurrence network of research areas has been created. The
weights of the nodes in the graph were determined by the

number of publications in each given category. The visualization
of this network (see Figure 3) shows 3 clear clusters. The first
cluster is the area of computer science and related fields, the
second cluster is public health care and occupational health,
and the third major cluster is psychology and subfields.
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Figure 3. Disciplines involved in persuasive technology and health behavior change.

Citations
Tables 3 and 4 show the list of the 5 most cited articles, either
globally or locally. The global citation count is based on the

full WoS citation count, whereas the local citation count is the
number of citations of an article within the network.

Table 3. Top 5 of the globally most citied articles.

Global citation countReferenceTitle

235[32]A behavior change model for internet interventions

205[33]New directions in electronic health communication: opportunities and challenges

162[34]Behavior change techniques implemented in electronic lifestyle activity monitors: a systematic content analysis

151[35]Virtual self-modeling: the effects of vicarious reinforcement and identification on exercise behaviors

139[36]Online interventions for social marketing health behavior change campaigns: meta-analysis of psychological
architectures and adherence factors
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Table 4. Top 5 of the most citied articles within the network (locally).

Local citation countReferenceTitle

45[37]Health behavior models in the age of mobile interventions: are our theories up to the task?

44[38]Behavior change interventions delivered by mobile telephone short message service

43[39]Text messaging as a tool for behavior change in disease prevention and management

41[40]The theory of planned behavior

41[41]Persuasive technology: using computers to change what we think and do

Co-occurrence of Keywords
keywords are assumed to compose an adequate description of
the content of a research article. The co-occurrence of keywords
could provide an interesting structure of the research field, as
it reveals the semantic relations in the scientific literature. The

most frequently used keywords are “mhealth,” “physical
activity,” “ehealth,” “persuasive technology,” “smart phone,”
and “behavior change” (see Figure 4). The size of the node and
label reflects the co-occurrence count of a certain word. The
higher the count, the larger the size of node and label.

Figure 4. The co-occurrence network of author keywords.

Coauthorship Network
A coauthorship network was extracted using the Sci2 tool. Each
node represented an author, and a connection between 2 nodes
represented a coauthorship. A total of 1777 authors were

identified with 5583 connections. For better visualization, only
authors who had at least two publications together were
considered. Node sizes were based on the number of articles
coauthored with other authors. There were 3 strong clusters
among the network that were strongly intraconnected but not
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interconnected (see Figure 5). In Figure 5, the highest
coauthorship count (13 times) within the network was by R
Whittaker. Her major coauthorship is with colleagues R
Maddison and Y Jiang at the National Institute for Health
Innovation, University of Auckland, Auckland, New Zealand.
The other cluster is led by Oinas-Kukkonen, with a coauthorship
count of 11 and most coauthorships with his colleague, T
Alahäivälä, at the University of Oulu, Faculty of Information
Technology and Electrical Engineering, Oulu Advanced

Research on Service and Information Systems, Oulu, Finland.
The last cluster is led by S Michie (Research Department of
Clinical, Educational, and Health Psychology, University
College London or UCL, London, United Kingdom), with a
coauthorship count of 6 and, mostly, with R West (Health
Behavior Research Center, UCL Epidemiology and Public
Health, London, United Kingdom) and EB Hekler (School of
Nutrition and Health Promotion, Arizona State University,
Phoenix, Arizona, United States).

Figure 5. Coauthor graph.

Most Important Journals
The articles under review were published in 147 different
journals. Table 5 shows the distribution of published articles in
the top 6 journals. The leading journals are all related to JMIR

Publications. The most often used subjournal is JMIR mHealth
and uHealth with 45 publications out of 394 (11.4%). The main
journal, Journal of Medical Internet Research, and the
subjournal, JMIR Research Protocols, with 34 (8.6%) and 17
(4.3%) are in second and third places, respectively.
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Table 5. List of top journal distribution.

Publications (n)Journal title

45JMIR mHealth and uHealth

34Journal of Medical Internet Research

17JMIR Research Protocols

11BioMed Central Public Health

10Personal and Ubiquitous Computing

9International Journal of Medical Informatics

International Collaboration
To investigate the collaboration between countries and
organizations/universities, the geographical distribution of the
research was analyzed. Coauthorship networks between
countries and organizations/universities were extracted. Figure
6 shows the network of 52 productive countries in 8 clusters;

each cluster is represented by different colors. The size of the
node represents the number of articles originating from a certain
country and the thickness of the connection indicates the number
of collaborations between the 2 countries. The largest cluster
is the red one with around 18 nodes, led by England. The second
biggest cluster is the blue one (12 nodes); the major country in
this group is Australia.

Figure 6. Countries collaboration graph.

Figure 7 shows the productiveness of institutions and their
collaboration with other institutions. There were about 511

organizations identified, but we only considered the
organizations that had at least two or more articles published.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 12 | e13311 | p.25https://mhealth.jmir.org/2019/12/e13311
(page number not for citation purposes)

Taj et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


This filter left us with 90 institutions, which were divided into
10 clusters, each depicted with a different color. The largest
and most productive cluster is the red one with 20 nodes. Most
institutions in the cluster are from the United Kingdom and the
United States, with UCL and Arizona State University as the

leading ones. The second largest cluster is the blue one, with
12 nodes and University of Michigan and University of
California as leading institutions. The size of nodes reflects the
number of documents, and the thickness of the edge reflects the
strength of collaboration.

Figure 7. Organization/institution collaboration graph. Coll: college; Hosp: hospital; Inst: Institute; NYU: New York University; Technol: technology;
UCL: University College London; and Univ: University.

Scoping Review
The second objective of this study was a scoping review. The
contents of the 118 articles that resulted from our selection
process were thoroughly studied. This revealed some interesting
insights and trends. The findings about the trends regarding
technological choices and the theoretical basis of digital health
interventions are presented in the following sections.

Technology Platforms Used
Table 6 summarizes the major technological platforms used for
persuasive systems for behavior change. Apps on a mobile
phone are the most frequently employed platform with 52.5%
(62/118) of the studied systems, followed by SMS and the Web
with 21.1% (25) and 19.4% (23), respectively. Less frequently
adopted platforms are wearable sensors 16.1% (19), games 6%
(8), desktop apps 3% (4), and social media 2% (3). Finally,
9.3% (11) use yet another platform. A complete list of
technology usage with references is provided in Multimedia
Appendix 1.
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Table 6. Frequency of different technological platform used.

Usage count, n (%)Digital technology

62 (52)Mobile apps

25 (21)SMS

23 (19)Web

19 (16)Wearable sensors

11 (9)Others

8 (6)Game

4 (3)Desktop apps

3 (2)Social media

Targeted (Health) Domains
The most often targeted behaviors are health-related behaviors.
The top 8 is formed by physical activity, healthy eating, diabetes
management, smoking cessation, weight control, AIDS/sexual
behavior, cardiovascular diseases, and alcohol consumption.

Physical activity makes up 28.8% (34/118) of all the reviewed
studies, followed by healthy eating and diabetes with a total of
18.6% (22) and 11% (13), respectively (see Table 7). There are
also some interventions targeting multiple health domains, for
example, with physical activity for both diabetes control and
cardiovascular diseases.

Table 7. Different targeted behavioral domains.

Count, n (%)Targeted behavior

34 (28)Physical activity

22 (18)Healthy eating

13 (11)Diabetes management

10 (8)Smoking cessation

10 (8)Weight control

6 (5)AIDS or sexual behavior

5 (4)Cardiovascular disease

5 (4)Carbon dioxide emission

4 (3)Energy saving

3 (2)Alcohol consumption, medical adherence, lower back pain, mental illnesses

2 (1)Overdose prediction, mammography adherence, asthma control, sedentary
behavior, knee osteoarthritis, waste management, educational behavior

1 (0.8)Psychotropic, multiple sclerosis, sleeping behavior, screen time

Behavior Change Theories
Most of the analyzed articles seem not to be based on proper
theories. Only 33% (59/118) of articles reported at least one or
more theories among the 21 theories identified during out review
for designing the system. The social cognitive theory (SCT),

transtheoretical model, self-determination theory, and
motivational interviewing are most frequently reported theories.
Table 8 shows the top 5 of most frequently used theories. The
complete pie chart showing the usage percentages of all reported
theories is provided in Multimedia Appendix 1.

Table 8. Percentage of reported theories (N=59).

Number reported, n (%)Theory

17 (29)Social cognitive theory

6 (10)Transtheoretical model

4 (7)Self-determination theory

4 (7)Motivational interviewing

3 (5)Theory of planned behavior
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Framework/Model Adopted
Another important finding is about the usage of development
frameworks and models. Such frameworks provide guidance
on the development of a persuasive system, by suggesting a
coordinated set of activities to help translate theory into practice
[11]. Similar to the result of theories usage, we also see that the
usage percentages are quite low; only 47 articles used any
framework or model. We found a total of 15 frameworks, but
they appeared to be rarely followed (see Table 9). However, it
is also found that gamification is increasingly used as a paradigm

for developing persuasive systems. Gamification is generally
understood as the integration of specific features (eg, points,
leaderboards, levels, competitions, rewards, and achievements)
into the wider context of pursuing a goal [42]. These features
are not only used in designing game-based interventions but
also equally popular in other technology-based interventions.
Among the list of 15 frameworks and models, PSD is a popular
development framework with 20% (9/47) usage. The complete
pie chart of reported frameworks/models is provided in
Multimedia Appendix 1.

Table 9. Usage of different development framework/models (N=47).

Usage percentage, n (%)Framework/model

9 (20)Persuasive system design

8 (17)Gamification

4 (9)User-centered design

4 (9)Intervention mapping

4 (9)BJ Fogg persuasive principles and model

2 (4)Theoretical domains framework

Behavior Change Technique Employed
There are many different BCTs that can be used to induce
behavior change. Goal setting is the most frequently employed
strategy with a total of 42 studies, followed by self-monitoring
and motivation, by 39 and 34 times, respectively. Feedback is
used for 33 times (see Figure 8).

It needs to be mentioned that there are no standard guidelines
for reporting active components of the interventions, and people
used different synonyms to report similar techniques [43]. The
recently developed extensively agreed taxonomy of techniques
used in behavior change interventions [7] is obviously not
reported in papers before 2013 but also in newer papers, it is

not often used (maybe partly because it is not widely known
[44]). In our review, only 8 articles were identified that used
this taxonomy for reporting the BCT adopted in the intervention.

It is relevant to mention that there is some overlap between the
psychological constructs and BCTs [43]. Sometimes, articles
do not explicitly mention the mechanism of change but do
mention the construct they targeted. For example, a study [45]
targeted the psychological construct motivation through text
messaging but did not explicitly mention the type of motivation
and what the mechanism of change was. In this part of our
analysis, we focused on explicit descriptions of BCTs as
mechanism of change. A list of BCTs with references is
provided in Multimedia Appendix 1.
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Figure 8. Frequency of different behavior change techniques adopted.

Relating Targeted Behavior With Technologies
After analyzing the usage of BCTs, theories, and technologies
previously, we now analyze a combination of them. First, we
compare the targeted behavior with the technological platforms

that are used. We found that for increasing physical activity,
almost all technological platforms were used, whereas for
healthy eating, mobile apps were used in more than 80% of the
cases (see Figure 9).
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Figure 9. Bar graph representing the different targeted health domains using different technological platforms.

Relating Targeted Behavior With Behavior Change
Techniques
Change in physical activity was targeted by a number of
different BCTs, mostly by goal setting, self-monitoring, and
motivation. Healthy eating was mostly targeted by

self-monitoring, goal setting, and feedback (see Figure 10).
From the findings, it seems quite hard to make any one-to-one
link between behavior and BCT. The choices of BCTs for each
intervention and system vary significantly, and each designer
decides on his own accord.
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Figure 10. Bar graph represents the different target behavior using different behavior change techniques.

Relating Behavior Change Techniques With
Technologies
Some techniques were more frequently applied in one
technological platform than in another. In mobile apps, the most
frequent strategies are goal setting (22 times), self-monitoring

(20 times), and feedback (17 times; see Figure 11). Almost all
the major BCTs are used on the mobile platform, probably
because of its flexibility and accessibility. When using game,
the most frequently used BCTs are education and reward, as
those are important features of gamification. Goal setting is
almost evenly used in all technological platforms.

Figure 11. Frequency of different behavior change techniques per technological platform.
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Discussion

This study presents a comprehensive review of digital
technologies and health behavior change. The review comprises
2 parts. First, a thorough bibliometric analysis has been
conducted to present the scholarly networks and the global
research trends. The bibliometric analysis identifies influential
articles, authors, and collaboration networks among different
stakeholders and shows where interdisciplinary collaboration
is already strong and where further collaboration could
strengthen the field. The bibliometric analysis is followed by a
scoping review to map the collected literature and answer
questions about the theoretical grounding of digital behavior
change interventions and the use of technological platforms and
targeted domains.

Bibliometric Analysis
The field of PT is still quite young, and the literature regarding
persuasive technologies for health and well-being started to
appear in early 2000 [46]. The literature has grown exponentially
after 2009/2010, which seems to be because of the introduction
of smartphones in this era. Given the development around
ubiquitous technologies such as sensors and networks, it is
reasonable to expect that the growth of the literature will
continue. As the field begins to mature, we see the number of
publications increasing and researchers from different fields
(eg, psychology and behavior sciences) contributing to the field.
The geographic distribution of the publications shows that the
United States plays a leading role, with a decent contribution
from Western European countries and Australia. Other regions
such as Asia and Africa almost have no contributions. To be
able to include different behaviors and cultures, it would be
useful if the collaboration networks are extended to these
regions.

Given the fact that technology for behavior change requires
expertise from different scientific areas, we expected quite some
collaborations between technological and behavioral scientists.
This study shows that interdisciplinary collaboration was not
as widespread as expected. As human-centered disciplines such
as psychology and other behavior sciences are quite mature and
can provide essential knowledge about human behavior,
technological researches cannot develop effective digital
behavior change interventions without their contribution.
Similarly, behavioral scientists require knowledge and insights
from technological areas to apply their knowledge with modern
means.

The keyword network illustrates the most important knowledge
structures and thematic evolution in the field of digital behavior
change systems. The keyword “mhealth” was strongly connected
with the word “physical activity” and “ehealth.” This finding
was not so different from the findings of our scoping review.
The author collaboration network can be useful for expanding
the collaboration network. The network shows a very strong
intracollaboration among 3 groups of authors, where one is
specifically working on behavior change, another on mobile
health interventions, and the last one on persuasive system or
BCSS. There is an opportunity to increase the intergroup
collaboration, which could add valuable knowledge to the field.

For example, with the help of remote sensors and Internet of
Things (IoT) devices, health practitioners can monitor and tune
systems for better adherence for their target group.

Scoping Review
The translation of theories and theoretical frameworks/models
into practice is essential for the development of any intervention.
Davis et al [4] already concluded that only a few theories were
used frequently. We also identified that the theoretical grounding
for most of the systems was weak or, at best, not well described.
An often-discussed reason for ignoring the majority of the
theories is that intervention developers usually choose the most
used theories and consider them as an easy and good choice.
Another possible explanation is that the PT designer often lacks
the skill to translate the theoretical determinants into technology
design artifacts that are as effective as originally intended [4].
Conversely, a psychologist could study how digital technology
enables new ways to personalize interventions and deliver
just-in-time behavior change, with the potential to develop
behavioral theories specific to the digital age.

The creation of a taxonomy of BCTs has been an important
development in behavioral science, which is visible in the
topmost cited articles in this review. However, these BCTs are
still underreported in publications that describe persuasive
systems [18]. Drawing on [47], the systematic review on mobile
apps found that only 10 out of 93 BCTs were mentioned (mean
of 2.42 BCTs were present in each app). Our finding in this
review is not so different, only 6 articles explicitly used Michie
coded taxonomy of BCTs. The most recent addition at the
theoretical level is the link between the mechanism of actions
and BCTs; this will probably pace up the development and
evaluation of effective behavioral change interventions [48].
Owing to nonstandardized reporting, it is very hard to establish
any relationship of effectiveness between 1 strategy and the
success of persuasive systems. The result shows that each
behavior domain is targeted with several techniques and
strategies. Therefore, it is quite hard to determine the
effectiveness of a certain technique or theory and the
recommended process for design and evaluation of a behavior
change support system.

Identified Pitfalls and Future Studies
On the basis our study, we can formulate a number of
suggestions for future directions of the research in this domain.

Our study found a large gap in the process of designing digital
technologies for health behavior change. They are, usually,
weak in their theoretical grounding, and the papers describing
them do not clearly report the different components, for
example, persuasive strategies, theories, and BCTs. The main
reason for this is the lack of design guidelines for these
components. For better utilization and reporting of behavioral
theories, the development frameworks also need to be updated
to the most recent technological advances, for example, the IoT,
that is, technologies capable of collecting a large amount of
data, such as sensors and mobiles. Furthermore, computational
models based on different theories can be designed that could
be used by digital intervention developers [13].
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Moreover, the relation between BCTs and behavior change
theories/mechanisms requires more elaboration. For example,
both for the SCT and theory of planned behavior, the use of
self-efficacy construct is important. Self-efficacy is the strongest
predictor of intention [49]. Furthermore, the correlations
between determinants at different ecological levels for different
behaviors need to be established. For example, the sitting time
in cars has already been associated with urban design [50]. This
requires more cross-sectional studies and controlled trials. These
studies could help system developers make early decisions about
the approach and techniques to follow for their digital
interventions.

A clear framework or mechanism for reporting the components
of health behavior change systems will not only advance the

evaluation and its research design (eg, assess engagement,
acceptability, and effectiveness) but also could enhance the
costly process of development.

Limitations
There are 2 limitations to our study worth mentioning. First,
owing to technical reasons, we only considered the WoS
database for bibliometric analysis; 58 papers that were relevant
according to Scopus were not included in our analysis. A second
limitation is a possible subjectivity in our scoping review. The
categorizing of the reviewed papers has been done in a thorough
manner but might still be influenced by subjective
interpretations. Unfortunately, this problem cannot be avoided
in this type of studies.
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Abstract

Background: As societies become more complex, larger populations suffer from insomnia. In 2014, the US Centers for Disease
Control and Prevention declared that sleep disorders should be dealt with as a public health epidemic. However, it is hard to
provide adequate treatment for each insomnia sufferer, since various behavioral characteristics influence symptoms of insomnia
collectively.

Objective: We aim to develop a neural-net based unsupervised user clustering method towards insomnia sufferers in order to
clarify the unique traits for each derived groups. Unlike the current diagnosis of insomnia that requires qualitative analysis from
interview results, the classification of individuals with insomnia by using various information modalities from smart bands and
neural-nets can provide better insight into insomnia treatments.

Methods: This study, as part of the precision psychiatry initiative, is based on a smart band experiment conducted over 6 weeks
on individuals with insomnia. During the experiment period, a total of 42 participants (19 male; average age 22.00 [SD 2.79])
from a large university wore smart bands 24/7, and 3 modalities were collected and examined: sleep patterns, daily activities,
and personal demographics. We considered the consecutive daily information as a form of images, learned the latent variables
of the images via a convolutional autoencoder (CAE), and clustered and labeled the input images based on the derived features.
We then converted consecutive daily information into a sequence of the labels for each subject and finally clustered the people
with insomnia based on their predominant labels.

Results: Our method identified 5 new insomnia-activity clusters of participants that conventional methods have not recognized,
and significant differences in sleep and behavioral characteristics were shown among groups (analysis of variance on rank:
F4,37=2.36, P=.07 for the sleep_min feature; F4,37=9.05, P<.001 for sleep_efficiency; F4,37=8.16, P<.001 for active_calorie;
F4,37=6.53, P<.001 for walks; and F4,37=3.51, P=.02 for stairs). Analyzing the consecutive data through a CAE and clustering
could reveal intricate connections between insomnia and various everyday activity markers.

Conclusions: Our research suggests that unsupervised learning allows health practitioners to devise precise and tailored
interventions at the level of data-guided user clusters (ie, precision psychiatry), which could be a novel solution to treating insomnia
and other mental disorders.

(JMIR Mhealth Uhealth 2019;7(12):e14473)   doi:10.2196/14473
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Introduction

Approximately 30% of contemporary people have one or more
symptoms of insomnia, and insomnia sufferers encounter
difficulty falling or staying asleep [1,2]. Work schedule; sleep
irregularity; naps; and nicotine, alcohol, and caffeine
consumption can have significant effects on insomnia symptoms
[3,4]. While an individual’s intermixed behavioral characteristics
might affect sleep behaviors, these are not considered in current
diagnostic systems such as the Diagnostic and Statistical
Manual of Mental Disorders, Fifth Edition or the International
Classification of Diseases.

With concepts of precision psychiatry emerging, individual
characteristics including genetic or neuroimaging, behavioral
characteristics, and individual symptoms of illness are being
used to make better decisions for diagnosis or treatment.
Advances in machine learning and deep learning techniques
can make precision psychiatry possible in clinical situations.
For instance, unsupervised learning has been applied to
distinguish traits of patients with various psychiatric disorders
from those of healthy subjects [5,6]. When considering the
heterogeneous characteristics of insomnia patients, an approach
using precision psychiatry concepts can help develop better
treatment methods for insomnia.

There has been considerable research using unsupervised
machine learning methodologies in medical sciences not limited
to psychiatry. One study reviewed the literature on detecting
various diseases via computer-aided diagnosis and identified
the best machine learning methodology for each disease [7].
Specific to using images as inputs, researchers have developed
a single-layer sparse autoencoder to automatically classify tissue
types from dynamic contrast-enhanced magnetic resonance
imaging [8]. Another study discovered ground-truth networks
in the brain through unsupervised learning of functional
magnetic resonance imaging data [9]. As these research projects
demonstrate, unsupervised learning has shown its potential to
produce highly accurate models in the real world.

Several approaches have been proposed to handle the
unstructured data type common in medical research. The support
vector machine algorithm has been used on brain images for
detecting Alzheimer disease in patients as well as for finding
related brain parts with signs of Alzheimer disease [10]. One
study built a convolutional neural network model to learn
relevant features from unstructured raw data automatically and
then made a convolutional neural network–based multimodal
disease risk prediction model [11]. Another work collected data
from an online social network (Twitter), constructed symptom
weighting vectors by exploiting sentiment analysis, and tried
to detect latent infectious diseases [12]. Some researchers have
adopted wearable devices as inputs and built a neural network
based on a multilayered perceptron to detect cardiovascular
disease [13].

Despite the potential of a precision approach to insomnia
treatment, little effort has been made to classify patients with

insomnia using sleep and behavioral patterns. We hypothesized
that certain symptom clusters representing specific sleep and/or
behavioral patterns exist among individuals with insomnia.
Sleep and behavioral characteristics that can affect insomnia
symptoms are easily collected through smart bands. In this
study, we tried to find certain clusters representing different
sleep or behavioral characteristics using smart band data. Our
unsupervised learning classification approach can be a
cost-effective alternative that can bring positive insights for
developing everyday interventions to assist in insomnia recovery
(see Multimedia Appendix 1 for more information about
implementation details including codes and datasets).

Methods

Recruitment
We applied unsupervised learning to gathered time-series data
from an experiment. Participants were recruited using an online
board of a large university community. To recruit subjects with
insomnia symptoms, we used the Insomnia Severity Index (ISI)
[14], Korean version [15]. The ISI is calculated based on
responses to 7 questions that ask about sleep problems
individuals have experienced in the most recent 2 weeks. For
example, the questionnaire asks “How satisfied/dissatisfied are
you with your current sleep pattern?” and the respondents
answer using a 5-point Likert scale (1=very satisfied,
2=satisfied, 3=moderately satisfied, 4=dissatisfied, 5=very
dissatisfied). This index is used as a standard metric of treatment
response in clinical research.

A total of 50 participants whose ISI scores were 15 or above
(ie, an indication of a mild to severe level of insomnia)
participated (26 male; average age 22.63 [SD 3.02] years).
Height and weight information were also gathered to calculate
body mass index (BMI). In the study, we recruited young,
healthy participants. Applicants being treated for medical or
psychiatric illnesses were excluded from the experiment. The
experiment was approved by the Korea Advanced Institute of
Science and Technology institutional review board (approval
number KH2018-40). Subjects’ behavioral and sleep
characteristics were collected via a smart band, the Charge 2
(Fitbit Inc) [16].

Intervention
The experiment was conducted for 6 weeks from April 23 to
June 3, 2018, and the subjects’ data were sent to a server. The
first author gave weekly reminders to encourage subjects to
wear the device continuously. Eight subjects were excluded
from the study since they failed to wear the device for longer
than 2 consecutive days. The remaining 42 participants finished
our experiment, and we analyzed data from the subjects (19
male; average age 22.00 [SD 2.79]). The data features gathered
and analyzed in our study are shown in Textbox 1. All values
were normalized before analysis (see Figure 1 for the
normalization method).
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Textbox 1. List of data gathered from the smart band–wearing experiment.

Modality 1: Sleep pattern (source: Fitbit)

• sleep_start_time: time when a user goes to bed in units of seconds

• sleep_end_time: time when a user gets out of bed

• onbed_min: total time duration for staying in bed

• sleep_min: total time duration for actual sleeping

• sleep_efficiency: sleep min/onbed min

• awaken_min: total time duration of waking while sleeping

• awaken_moments: total frequency of waking up while sleeping

Modality 2: Daily activity (Fitbit)

• calories_consumed: total number of calories consumed per day

• active_calories: total number of calories consumed for activities per day

• Walks: total frequency of steps per day

• distance: total distance a user moves per day

• Stairs: total frequency at which a user climbs stairs per day

• active_ratio: daily moving time over the total time wearing the device

Modality 3: Personal demographic (Survey)

• Age: age of the participant

• Gender: gender of the participant

• Body mass index: kg/m2

• Insomnia Severity Index: result from the survey

Figure 1. Min-max scaler for normalizing each feature, where all values for each feature are normalized between 0 and 1.

Fitbit provides a rich set of information about the wearer’s sleep.
For example, it tracks the total time that a person is in bed as
well as the predicted total sleep time. Its autodetection and
prediction are based on various behavioral or biological patterns
such as information on heart rate and movement. There is one
paper confirming the validity of the data from the Charge 2
[17]; it reports that sleep sensitivity (ie, predicting falling asleep)
of Fitbit is remarkable, about 0.96, and the measured wake after
sleep onset is similar to that of the existing polysomnography
(PSG) method. Another study also demonstrated that the
retrieved data from actigraphy corresponded acceptably well to
that of PSG [18]. However, at the same time, we need to be
cautious of using the data retrieved from wearables, since there
might be a specificity (relatively low precision) issue with the
wearables [19]. While it is possible for smart bands to give false
sleep reports, we chose smart bands over PSG because they are
easier to use and can obtain sleep measures regularly not in the
clinical setting but in the wild. In addition to the sleep log, the
Fitbit also reports a variety of information about the subjects’
activity, including the calories consumed, steps walked, distance
moved, and stairs climbed.

Data Analysis
Among the Fitbit-provided features in Textbox 1, we considered
the reliability of information about sleep stages to be relatively
low; therefore, 3 sleep features (rapid eye movement sleep,
narrow sleep, deep sleep) were excluded from the analysis.
Instead, sleep efficiency was added, which is calculated as the
fraction of time dedicated to actual sleep out of the time spent
lying in bed. Sleep efficiency is an essential factor in
determining sleep quality [20]. Additionally, we introduced a
new variable, the active ratio, which examines the total fraction
of time spent on any activity.

Due to the nature of sleep, we needed to examine time-series
data and consider the entire sequence of activities leading to
each sleep event [21]. Today’s sleep can be affected collectively
by today’s activity, yesterday’s sleep, and so on. Therefore, it
may be acceptable to jointly consider logs like this across
multiple sleep and behavioral features. Our goal was to
automatically identify clusters of sleep and behavioral features
in hopes of identifying meaningful groups of individuals with
insomnia who exhibit similar sleep-related dysfunctions.
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Results

Approach Overview of Cluster Analysis
Cluster analysis has been a popular research topic in computer
science [22]. In this study, we have tried two different
approaches to clustering: synchronic and diachronic. In the
synchronic approach, we would consider the dataset as one
whole snapshot and cluster features within a snapshot all
together. There were two issues with the synchronic approach
(see Multimedia Appendix 1 for more detailed research
procedures and results of this approach): (1) the clustering
performance was not good enough in general and (2) this
approach does not consider the consecutive patterns within and
between features. Thus, we developed a novel diachronic
approach, presented in the following section, in which we cluster
the chunk consecutive daily logs first and then classify users
based on their dominant clusters of chunk logs. This method
represents insomnia-related patterns as a sequence of images.

Diachronic Unsupervised Learning of Insomnia
Patterns
Supervised learning of clinical data may develop an overfitting
problem because data are unstructured, sparse, noisy, or irregular
[23]. In such conditions, unsupervised learning can be a good
alternative. In particular, a convolutional autoencoder (CAE)
that learns the abstract latent representations of data is known
to be appropriate for the task [24]. We implemented a CAE and
prepared a collage of daily features as an input image. This
approach allowed us to capture the entire set of features
simultaneously within the assigned time window.

When clustering high-dimensional data, it is crucial to reduce
dimensions to avoid expensive computational costs and memory
loss [25]. In handling high-dimensional data, the target clusters
often lie in subspaces of the full space [26]. Hence, reducing
dimensions via conventional methods such as singular value
decomposition or principal component analysis may not yield
correct clustering results, mainly when the target clusters are
not in the same subspace. To avoid this issue, we implemented
a CAE to effectively reduce the dimensions in the data since
the latent variables of the CAE may include subspace
information via filters. We also chose to implement CAE before
clustering because a previous study argued that subsequence
time-series clustering based on a sliding window might not be
meaningful [27]. By treating the data with CAE first and then
applying to cluster, the outcome patterns of the clusters are
affected not by the subsequence time-series data but by the
derived latent variables per image. Moreover, we can also expect
that by presuming the data into images, the latent variables of

CAE are more robust to the noisy daily changes of the Fitbit
logs.

Clustering Steps
The neural net–based clustering approach operates in 5 steps.

Step 1: Preprocessing of Time-Series Data
We combine modality 1 (sleep pattern) and modality 2 (daily
activity) in Textbox 1 to construct a multiplex vector of 12
dimensions (cf, modality 3, personal demographics, was not
included since its data did not frequently change over the 6-week
period, so it was solely employed in the comprehensive
qualitative analysis process). In this step, with respect to
modality 1, the onbed_min feature was excluded from the source
dataset because it showed high correlations with other features,
similar to the synchronic approach (see Multimedia Appendix
2 for the cross-correlations among 12 features of modalities 1
and 2). Let sleep vector vs={x1, x2, ..., x8} and activity vector
va={y1, y2, ..., y6}; then, the daily multiplex vector of subject
αvα={x1α, ..., x8α, y1α, ..., y6α}.

Step 2: Composing Sequential Images From Data
Sequentially connected multiplex vectors can be treated as an
image chunk. We then composed the consecutive multiplex
matrix to learn latent variables from images that represent
individuals’daily log series. We modeled the daily sleep patterns
as a Markov decision process because, according to previous
sleep research, sleep deprivation (ie, sleep debt) has cumulative
effects on waking function, and tonight’s sleep debt will mostly
be affected by recent sleep patterns (ie, sleep 1 to 2 days before)
[28]. As a result, we connected each daily multiplex vector with
a sliding window over 8 days (ie, the total 8-day logs are
combined as one window always to include a weekend, where
a window slides to the next vector, which is the next day). We
applied a discount factor (γ) such that on the first window, the
consecutive multiplex vector of the subject α per day can be
formulated as in Figure 2.

We then finalized the sequential multiplex matrix, as shown in
Figure 3. Fixing 8 days as a window size leaves a total of 42
days worth of data (ie, 42 data points). This result means that
each user is represented by 35 sets of images (42–8+1=35),
which is the batch size. The total number of input image chunks
for the CAE is 1470 (42 users×35 images=1470). Let the
sequential multiplex matrix of the first image chunk for the
subject α be defined as in Figure 4. As a consequence, the
sequential multiplex matrix of all subjects for all 35 images can
be framed as in Figure 5 (see Multimedia Appendix 1 for more
information about the mathematical notations).

Figure 2. Consecutive multiplex vector of the subject α per day on the 1st image chunk, where t1 is defined as the 9th of vα (ie, the 9th day from the

starting date) and m as the corresponding closeness rank number (mth of vα) to t1 within the image chunk (1≤m≤8).
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Figure 3. Converting the consecutive sleep and activity data to images: sliding windows of 8-day chunks (# of Features=12, # of Days [ie, win-size]=8).

Figure 4. Sequential multiplex matrix of the subject α on the 1st image chunk, where t1=9.

Figure 5. Sequential multiplex matrix of all subjects for all 35 images, where β indicates the 2nd participant, tn≤43, and tn+1=tn+1.

Step 3: Learning Representations With Reducing
Dimensions via Convolutional Autoencoder
In the proposed model depicted in Figure 6 for the designed
CAE, the pooling layer has been omitted due to the small size
of the input images (8×12). Additionally, we set up only one
convolutional layer due to the relatively small amount of data
(141,120 pixels=1470×8×12). Discount factor γ was set between
0.60 and 0.99. Then we iterated the model until finding the
optimal learning rate, optimal γ value, optimal vertical size (cf,
the horizontal size was fixed to 12, ie, the number of features),
number of convolutional filters, and number of latent variables
(ie, encoded_size in Figure 6).

We tested all combinations among 5 hyperparameters and found

that the optimal values were 1e–4 with the AdamOptimizer
(optimal learning rate); 0.75 (optimal γ value); 3 (optimal
vertical size); 30 (number of convolutional filters); and 15
(number of latent variables), for each of these hyperparameters
with the lowest L2-norm regularized reconstruction loss value
of 1.09 (see Multimedia Appendix 1 for more information about
the optimization and overfitting issue). To confirm the learning
results, Figure 7 depicts the 35 input images and 35
reconstructed outputs of one random participant (UserId 26).
This visual coherence ensures that the CAE efficiently reduced
the input size dimensions (ie, 8×12→15) by learning the vital
latent representations of data.
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Figure 6. Convolutional autoencoder to find the latent variables of insomnia-related patterns per 8 days.

Figure 7. Convolutional autoencoder (CAE) reconstruction results of the learned CAE for one random subject.

Step 4: Clustering Images via Latent Variables
We clustered the latent variables as follows. As an initial step,
we used t-SNE (ie, stochastic neighbor embedding with
t-distribution) to reduce the number of dimensions from 15 to
2 additionally (ie, major hyperparameters for t-SNE were
perplexity=30.0 [29,30], see Multimedia Appendix 1 for more
information related to t-SNE; metric=euclidean;
method=barnes_hut; the clustering result from the largest value

of average silhouettes [AS] was chosen out of 100 trials). We
then applied k-means and hierarchical clustering algorithms to
form clusters of the 8-day chunk images. The results are
displayed in Figure 8; both clustering results indicate the same
cluster number of 6, and they were found reasonable by the AS
values. However, the results of k-means clustering showed better
results following the AS as well as the sum of squared errors
(SSE). Therefore, we chose k-means to be the choice of the
final user clustering step.

Figure 8. Clusters of 8-day chunk images based on sequential sleep/activity patterns. D: dimensions; C: clusters; AS: average silhouettes; SSE: sum
of squared errors.
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Step 5: Clustering Individuals With Insomnia
Each cluster of the 8-day images was labeled as cluster A, B,
C, D, E, and F. We then composed a sequence of codes for each
user (eg, the best-matched cluster code for each of the 35 images
representing the user’s logs, such as “A-A-D-C-C-E-B-...”).
Finally, to determine one dominant cluster type per user, the
PageRank algorithm was implemented and used among the
stochastic relations between those 6 extracted labels. This
intuition is feasible since participants’ sequential codes, which
are the series of the latent space representations per 8-day image
for both sleep pattern and daily activity modalities, became the
subjects’ series of the comprehensive insomnia-related patterns;
therefore, the codes can be modeled as a hidden Markov model,
meaning that one’s next state is dependent on the current state
[28]. We then set the largest stochastic value of the labels per
participant to be the dominant cluster, which is identical to
finding a cluster with the highest PageRank value (ie, the
probability of arriving at the cluster after many steps).

Evaluation Outcomes
Table 1 shows the clustering evaluation results among the two
approaches concerning the diachronic clustering of daily vectors
(v). The first approach is without CAE, meaning the original
dataset is converted into chunk images (one image is composed
of the 8 consecutive daily vectors with 96 dimensions) and then
filtered via t-SNE (96→2 dimensions) and clustered by 3
clustering methods. The second approach is our model, and as
introduced above, the original dataset is converted into chunk
images and then inputted into CAE, and the latent variables of
CAE are clustered by 3 clustering methods after the variables
are filtered through t-SNE (96→15→2 dimensions).

We calculated two metrics to measure the clustering
performance: the AS and the SSE. With AS, if the value is
greater or equal to 0.4, then the clustering result is guaranteed

to be significant [31]. By contemplating consecutive pattern
information together via composing 35 images from the weekly
based consecutive v per user, we could confirm that k-means
clustering with our process showed the best performance (ie,
the highest value of AS and the lowest of SSE) in clustering v.
With respect to the first approach, the clustering performances
were worse, and the possible reason for this result is that
although the number of dimensions becomes large due to the
chunked v, the approach could not successfully extract the latent
features of the chunks while dramatically reducing the number
of dimensions from 96 to 2.

Table 2 presents how the 42 subjects were eventually divided
across the identified clusters of v by using our process with
k-means clustering. Cluster F did not contain any members.
The table shows the PageRank value, which represents the
strength of the association between subjects and clusters. Cluster
IDs are sorted by this PageRank value. Both cluster A and
cluster D have the largest subject count of 12 people. The
average BMI and ISI values are also given for each of the
clusters. The BMI and ISI values were similar across clusters.

A psychiatrist conducted both qualitative and quantitative
analyses of the 5 clusters. The number of subjects for each
cluster is small and does not meet normality, and therefore, we
performed an analysis of variance (ANOVA) on rank and
Kruskal-Wallis test. There were several features that showed
statistically significant differences among clusters (ANOVA
on rank: F4,37=2.36, P=.07 for sleep_min; F4,37=9.05, P<.001
for sleep_efficiency; F4,37=8.16, P<.001 for active_calorie;
F4,37=6.53, P<.001 for walks; F4,37=3.51, P=.02 for stairs).
Detailed results were described in Figure 9 as well as Tables
MA3-a and MA3-b in Multimedia Appendix 3 (we also
performed the ANOVA and post hoc Tukey honest significant
difference test and included the results in the same
supplementary material for reference).

Table 1. Evaluation of user clustering results for two diachronic approaches.

RemarkNEOdSSEcASbNCaApproach

Chunk images used without a CAEf14119.44670.20751First with DBSCANe

Chunk images used without a CAE—g35.01900.33944First with hierarchical clustering

Chunk images used without a CAE—22.61030.39415First with k-means clustering

Chunk images used with a CAE3064.71790.12754Ours with DBSCAN

Chunk images used with a CAE—24.39880.44856Ours with hierarchical clustering

Chunk images used with a CAE—21.55320.46536Ours with k-means clustering

aNC: number of clusters.
bAS: average silhouettes.
cSSE: sum of squared errors.
dNEO: number of excluded outliers.
eDBSCAN: density-based spatial clustering of applications with noise.
fCAE: convolutional autoencoder.
gNot applicable.
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Table 2. Diachronic clustering results of 42 participants suffering from insomnia.

FEDCBACluster ID

0 (0)5 (12)12 (29)4 (10)9 (21)12 (29)Subjects, n (%)

—a0.360.420.450.540.57PageRank

—22.9 (2.3)20.2 (3.0)26.0 (2.7)20.8 (2.3)22.8 (3.3)BMIb (kg/m2), mean
(SD)

—18.8 (2.4)16.9 (1.8)18.2 (1.6)19.1 (2.4)19.1 (1.5)ISIc, mean (SD)

aNot applicable.
bBMI: body mass index.
cISI: Insomnia Severity Index.

Figure 9. Bar plots of the major smartband features per cluster (†P<.10, *P<.05, **P<.01, ***P<.001 in analysis of variance on rank and Kruskal-Wallis
test results for 5 groups, also find Tables MA3-a and MA3-b in Multimedia Appendix 3).

Discussion

Principal Findings
This research conducted a 6-week experiment to collect smart
band data and analyzed it to identify relationships between
insomnia and daily activities. Our analysis finds that participants
who seemingly face similar levels of insomnia based on the ISI
score belonged to different clusters based on unsupervised
learning. This finding means that our neural net–based clustering
method could identify, beyond conventional diagnosis, new
meaningful sleep-activity relationships that could be used to
devise tailored interventions. Our method could determine which
cluster an individual belongs to via data indicators of sleep and
behavior acquired in the study.

Among the derived clusters of people with insomnia (see Figure
9), we found clusters B, C, and E to be more similar to one
another and clusters A and D to contain similar sleep-activity

profiles. Within the former group, subjects in cluster B were
relatively long sleepers (even with insomnia) with low sleep
efficiency. These subjects were in bed long hours, yet they could
not easily fall asleep. Sleep restriction was a potentially useful
intervention for these subjects [32]. In contrast, the subjects in
cluster E exhibited a short sleep time with high sleep efficiency.
These subjects also burned more calories per day. Chronic
restriction of sleep may have affected symptoms of insomnia
in this group [33]. While subjects in cluster C seemed to be
morning persons, as indicated by the awake time patterns, their
activity levels were relatively low, as shown in the active calorie,
walk, and stair data. These subjects were treated with different
interventions from the other similar clusters. In the latter group,
clusters A and D had similar sleep patterns, such as total sleep
time and sleep efficiency. However, subjects in cluster A
indicated higher activity levels, such as walks and stairs,
compared with cluster D. Cluster D also showed the lowest
ranges for both BMI and ISI compared with other clusters, where
a smaller BMI value represents nonobese status and a smaller
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ISI value represents a milder insomnia level. Such subtle
differences would have been difficult to notice with conventional
methods or supervised learning. These results suggest that
cluster-based intervention for individuals with insomnia could
be an accurate method for alleviating symptoms of insomnia.

This study demonstrates that unsupervised learning of insomnia
activity data gathered from wearable fitness devices could
identify meaningful clusters. The 5 derived clusters each had
distinctive characteristics, meaning that they can be used to
derive different therapies and diagnoses. In accordance with
our finding, one study also classified thousands of participants
who answered online surveys by using latent class analysis so
that they could find insomnia disorder subtypes [34], yet they
were more focused not on past behavioral and sleeping patterns
but on individual personalities as well as stressful surroundings
in revealing the clusters. One more difference is that they solely
used a conventional statistical method. Our study highlights
that merely looking at sleep logs can reveal a limited aspect of
insomnia; one needs to look at the full spectrum of both daily
activities and sleep logs. Finally, our findings align with those
of a previous study that revealed the average sleep quality is
better related to many behavioral aspects of the person than the
average sleep quantity [35].

Limitations
This work has several limitations. First, participants were from
the same university, which may induce sampling biases. A larger
scale study can draw conclusions that apply to the general
public. In the future, we plan to conduct experiments targeting
generic patients who visit hospitals regularly due to insomnia

to ensure the generality of the clustering result. Second, a small
sample size can reduce the statistical power, and it can affect
the reducibility for future study. Third, various behaviors, such
as consuming alcohol, tobacco, or caffeine, can affect patterns
of sleep and activity. However, these factors were not considered
in the current clustering analyses, mainly due to the small sample
size and limited information on these behaviors (eg, consuming
frequency per day or week). In that sense, a future study is
needed to verify our preliminary insights. Fourth, when
constructing the CAE, we prepared the input and output images
irrespective of subjects. As a consequence, the learned latent
variables cannot capture subtle dissimilarities that may exist
across participants. To reduce this potential bias, a learning
model may diminish the latent factors in composing images
among participants while training. Last, we used t-SNE when
reducing the dimensionality of the latent features of CAE
images, and there could be type 1 errors when clustering
dimension-reduced data because t-SNE forcibly fits original
data into a t-distribution. We further plan to adopt and test other
dimensionality reduction methods toward the extracted latent
variables of CAE images to relax the possible type 1 error issue.

Conclusion
This study, although preliminary, gives new insights for future
studies in the field of mobile health. Motivated by the results
of this study, in the future we hope to develop tailored
intervention strategies that can be matched to each cluster for
relieving insomnia symptoms, which will be a meaningful step
in precision psychiatry. In the meantime, we plan to consider
qualitative factors such as the level of sleep as well as
quantitative aspects of sleep-related factors.
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[PDF File (Adobe PDF File), 275 KB - mhealth_v7i12e14473_app3.pdf ]
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Abstract

Background: Objective symptom monitoring of patients with Amyotrophic Lateral Sclerosis (ALS) has the potential to provide
an important source of information to evaluate the impact of the disease on aspects of real-world functional capacity and activities
of daily living in the home setting, providing useful objective outcome measures for clinical trials.

Objective: This study aimed to investigate the feasibility of a novel digital platform for remote data collection of multiple
symptoms—physical activity, heart rate variability (HRV), and digital speech characteristics—in 25 patients with ALS in an
observational clinical trial setting to explore the impact of the devices on patients’ everyday life and to record tolerability related
to the devices and study procedures over 48 weeks.

Methods: In this exploratory, noncontrolled, nondrug study, patients attended a clinical site visit every 3 months to perform
activity reference tasks while wearing a sensor, to conduct digital speech tests and for conventional ALS monitoring. In addition,
patients wore the sensor in their daily life for approximately 3 days every month for the duration of the study.

Results: The amount and quality of digital speech data captured at the clinical sites were as intended, and there were no significant
issues. All the home monitoring sensor data available were propagated through the system and were received as expected. However,
the amount and quality of physical activity home monitoring data were lower than anticipated. A total of 3 or more days (or partial
days) of data were recorded for 65% of protocol time points, with no data collected for 24% of time points. At baseline, 24 of 25
patients provided data, reduced to 13 of 18 patients at Week 48. Lower-than-expected quality HRV data were obtained, likely
because of poor contact between the sensor and the skin. In total, 6 of 25 patients had mild or moderate adverse events (AEs) in
the skin and subcutaneous tissue disorders category because of skin irritation caused by the electrode patch. There were no reports
of serious AEs or deaths. Most patients found the sensor comfortable, with no or minimal impact on daily activities.

Conclusions: The platform can measure physical activity in patients with ALS in their home environment; patients used the
equipment successfully, and it was generally well tolerated. The quantity of home monitoring physical activity data was lower
than expected, although it was sufficient to allow investigation of novel physical activity end points. Good-quality in-clinic speech
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data were successfully captured for analysis. Future studies using objective patient monitoring approaches, combined with the
most current technological advances, may be useful to elucidate novel digital biomarkers of disease progression.

(JMIR Mhealth Uhealth 2019;7(12):e13433)   doi:10.2196/13433

KEYWORDS

amyotrophic lateral sclerosis; objective symptom monitoring; clinical trial; physical activity; digital phenotyping; digital biomarker;
heart rate; speech; accelerometer; wearable

Introduction

Background
Amyotrophic Lateral Sclerosis (ALS) is a neurodegenerative
disorder affecting motor neurons, characterized by progressive
weakness, leading to increased disability and eventually death
from neuromuscular respiratory failure, typically within 5 years
[1,2].

There is no known cure for ALS; the existing licensed
disease-modifying medications riluzone (trade names: Rilutek,
Teglutik), and edaravone (trade names: Radicut, Radicava) are
only modestly effective in impacting the disease course or
improving survival [3-5]. Thus, there remains a significant
unmet medical need in ALS for therapies to slow progression
of functional decline and improve survival. Numerous therapies
and experimental agents have been tested in ALS and have
failed, sometimes after positive results were achieved in early
efficacy studies, suggesting a need to improve outcome measures
of disease progression and overall study design [6,7]. Existing
disease progression measures have limitations in terms of
sensitivity, requiring long trials with large sample sizes. The
ALS Functional Rating Score (Revised) (ALSFRS-R) [8] is the
most commonly used instrument to monitor the progression of
disability in patients with ALS; however, it relies on patients’
recollection of their clinical function rather than direct objective
assessment. Testing burden in ALS clinical trials is heavy and
often involves a significant number of in-clinic assessments for
overall clinical function, respiratory function, and muscle
strength, which are mainly conducted at clinical visits. This can
be tiring for patients, particularly as the disease progresses,
leading to patient dropout and, consequently, missing data. As
a result, the ability to draw conclusions from the data is often
impacted. In that regard, objective monitoring of patients has
the potential to (1) enable the development of novel digital
biomarkers to accurately quantify changes in function and
disease progression with greater sensitivity than current clinical
methods, thereby enabling smaller and shorter trials, and (2)
provide additional, important information to assess the impact
of the disease and treatment on clinical function and activities
of daily living in a real-life setting, while reducing the testing
burden.

For these reasons, there has been an increasing interest in
developing new technologies for remote and objective clinical
assessment of ALS, which may be useful outcome measures in
clinical trials [9-11].

Amyotrophic Lateral Sclerosis Digital Biomarker
Candidates
Although the presentation of ALS varies among patients, its
main characteristics are (1) upper and lower motor neuron
symptoms and signs, resulting in skeletal muscle weakness and
spasticity (compromising mobility and activities of daily living),
(2) speech and swallowing difficulties, and (3) respiratory
problems. In addition, other symptoms such as impaired cardiac
autonomic control, weight loss, cramps and fasciculations,
emotional lability, and frontal lobe-type cognitive dysfunction
are not uncommon [10,12-16]. Technology advances over the
last few years have provided an opportunity to objectively
quantify some of these manifestations.

Movement sensors have been previously used to quantify
mobility and activities of daily living in patients with rheumatoid
arthritis (RA), chronic obstructive pulmonary disease (COPD),
or Parkinson disease (PD). Hashimoto et al [17] found that the
mean daily activity level of patients with RA was significantly
lower than that in healthy controls, and the number of sedentary
periods was significantly higher and moderately correlated with
the Health Assessment Questionnaire Disability Index.
Van Buul et al [18] found that patients with more
symptomatic COPD do fewer steps a day and spend less time
in moderate-and-vigorous physical activity than those with less
symptomatic disease. Lipsmeier et al [19] found multiple aspects
of significantly reduced everyday motor behavior in patients
with PD compared with controls. Objective activity data have
not been reported for patients with ALS thus far, although
ongoing studies (such as the AT HOME study [9]) aim to
investigate the use of armbands for evaluating disease
progression through physical activity measures. Patients are
anticipated to be increasingly less mobile as the disease
progresses, which would be reflected in multiple activity
measures, including overall time spent active, average daily
activity levels, or activity fragmentation. In this study, we
hypothesized that these measures could be objectively assessed
with a standard accelerometer, as long as patients wear the
device for a period of time long enough to be representative of
their typical behavior (continuous in-home monitoring).

Portable electrocardiogram (ECG) systems have been used to
evaluate cardiac function and perform analysis of heart rate
variability (HRV) data. An increase in the mean heart rate at
rest, a decrease in standard deviation of interbeat interval (tRR),
as well as in proportion of number of pairs of successive
beat-to-beat intervals that differ more than 50 ms divided by
the total number of beat-to-beat intervals, and an increase in the
low-frequency/high-frequency (LF/HF) component ratio were
found in patients with ALS, indicating a vagal-sympathetic
imbalance [10,20,21].
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Different acoustic recording systems have previously been used
to demonstrate associations between acoustic measures and
speech intelligibility in patients with ALS. Patients were found
to have significantly slower syllabic and speaking rate and lower
speech intelligibility, with speaking rate typically declining
much earlier in the disease stage than speech intelligibility
[11,22,23]. In this study, we evaluate speech characteristics at
the clinical sites to allow for high-fidelity data capture
equipment and a controlled quiet environment that may allow
more accurate quantification of changes in speech formats.

All previously reported efforts to objectively monitor patients
with ALS evaluate individual symptoms only; however, the
heterogeneity of symptom presentation (among patients and
within a patient over time) makes it likely that a combination
of measurements would be needed to accurately quantify
changes in disease progression with high sensitivity for a diverse
cohort of patients. Thus, platforms incorporating multiple
objective symptom assessment technologies present the best
opportunity to investigate multiple digital biomarkers—and
ultimately composite digital biomarkers—that would be useful
measures of disease progression for a broad patient population
and disease stages.

The objective of this clinical study was 3-fold: (1) to investigate
the feasibility of a novel platform for objective data collection
of multiple ALS manifestations (physical activity, HRV, and
speech characteristics) in a clinical study; (2) to explore the
impact of the devices on patients’ everyday life and to record
safety and tolerability related to the devices and study
procedures over 48 weeks; and (3) to explore digital disease
progression markers in ALS, which may be useful outcome
measures in clinical trials. The results for the latter objective
will be reported separately.

Methods

Study Overview
An exploratory, noncontrolled, nondrug study in ALS
(NCT02447952) was sponsored by GlaxoSmithKline (GSK)

and conducted in collaboration with McLaren Applied
Technologies (MAT). A total of 2 clinical sites, both in the
United Kingdom, enrolled patients. The study was initiated on
June 30, 2015 (first patient screened), and completed on June
1, 2017 (last patient, last visit). The study comprised 2 phases,
a variable length Pilot Study Phase (5 patients enrolled) and a
48-week Core Study Phase (25 patients enrolled, including the
5 patients who progressed from Pilot Study Phase to Core Study
Phase), as shown schematically in Figure 1. The 2-phase
approach was utilized to allow for refinement of the equipment
and data transmission processes during the Pilot Study Phase
and enable adaptation of components of the digital platform,
which were performing suboptimally before embarking on the
Core Study Phase. In such an exploratory setting, the 2-part
design helped mitigate taking forward equipment, algorithms,
data capture methods, and data transmission processes that may
require adaptation and lessened the risk that major changes
would be needed during the Core Study Phase. For the duration
of the study, patients attended a clinical site visit every 12 weeks
to perform various assessments and tasks; in addition, they wore
a sensor in their daily life for approximately 3 consecutive days
every month (home monitoring periods), allocating 2 hours per
24-shour period to recharge the sensor. The study did not include
any specific patient retention strategy. The home monitoring
period duration was selected to minimize patient burden while
capturing sufficient data to enable extraction of clinically
relevant data. At all study time points, patients were provided
with a diary as a tool to record details about their experience
with the sensor and their activity type and level while wearing
the sensor.

The study was designed to enable exploration of novel disease
progression markers; for the purposes of the sample size
justification, the correlation between the ALSFRS-R and the
novel end points was considered. With 20 patients, it was
assumed that there would be an 80% chance of detecting a
within-patient correlation of greater than or equal to 0.6
(considered a moderate to strong correlation), if the true
correlation was 0.7. A total of 25 patients were enrolled to allow
20 evaluable patients (anticipating 20% dropout rate).
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Figure 1. Study design overview: All 5 patients from the Pilot Study Phase progressed to the Core Study Phase. ALSFRS-R: ALS Functional Rating
Score (Revised); FVC: forced vital capacity; Wk: week.

Patient Population
The intended study population comprised patients with a
diagnosis of ALS, who were ambulant and had a relatively high
level of clinical function at baseline. The diagnosis was required
to have been made by a neurologist with ALS expertise within
18 months of symptom onset. Eligible participants were 18 to
80 years of age, capable of giving signed (or verbal) informed
consent and were capable of, and willing to follow the study
protocol. Patients were excluded from study participation if
they met any of the following criteria: had neurological (other
than ALS) or nonneurological comorbidities; presented with
clinically significant cognitive impairment; had a regionally
restricted form of ALS or other atypical variant; required

mechanical ventilation; and had an active implantable cardiac
medical device or were at a high risk for needing external
defibrillation or had a history of skin hypersensitivity to
adhesives. There were no prohibited medications, but enrollment
into an investigational drug trial (in addition to participation in
this trial) could be prohibited if, in the opinion of the
investigator, the investigational drug might have impacted the
objectives of this study. Table 1 summarizes the baseline
population characteristics of all patients and the completers’
population. As expected, the most common concomitant
medications were from the nervous system class, with the most
common being riluzole (64%), zopiclone (24%), and citalopram
(20%; Table 2).
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Table 1. Patient demographics and baseline disease characteristics.

Completers population (n=18)Overall population (N=25)Characteristics

Gender, n (%)

16 (89)21 (84)Male

2 (11)4 (16)Female

52.9 (11.3)53.1 (9.93)Age (years), mean (SD)

Race, n (%)

17 (94)23 (92)White

1 (6)2 (8)Asian

Duration of Amyotrophic Lateral Sclerosis, n (%)

16 (89)22 (88)<18 months

2 (11)3 (12)Missing

Phenotype at onset, n (%)

10 (56)15 (60)Upper limbs

5 (28)6 (24)Lower limbs

1 (6)2 (8)Upper and lower limbs

2 (11)2 (8)Bulbar

43.0 (2.71)41.6 (4.98)ALSFRS-Ra total score, mean (SD)

4.262 (1.238)3.927 (1.432)FVCb, mean (SD)

aALSFRS-R: Amyotrophic Lateral Sclerosis Functional Rating Score (Revised).
bFVC: forced vital capacity.

Table 2. Most common (≥2 patients) concomitant medications.

Core Study Phase (N=25), n (%)Anatomical Therapeutic Chemical medication grouping

22 (88)Any medication

20 (80)Nervous system

4 (16)Musculoskeletal system

3 (12)Alimentary tract and metabolism

3 (12)Cardiovascular system

3 (12)Sensory organs

2 (8)Genitourinary system and sex hormones

2 (8)Respiratory system

Technology Description
A monitoring system (Figure 2) was developed to allow
evaluation of key ALS symptoms. It comprised the following
3 main components:

1. The commercially available Mega Faros 180 accelerometer
(3 axes, 50 Hz) and 2-lead ECG sensor (Mega Electronics
Ltd, Finland). The selected heartbeat sensing electrode was
the Mega Fast Fix electrode disposable patch. The
accelerometer and the electrode were attached to the chest
(Figure 2). It was expected that physical activity and tRR
data would be continuously captured by this sensor
(extracted from 1 kHz ECG data, enough for HRV analysis
[24]; full ECG data are not available with the sensor
configuration utilized). This device is in conformity with

the provisions of the Council Directive 93/42/EEC of June
14, 1993, concerning medical devices, and it was compliant
with the standards of measurement from the European
Society of Cardiology and the North American Society of
Pacing and Electrophysiology [25].

2. A “LifeInsight Hub (v.2.0.6.),” developed by MAT,
received data from the sensor via a secure Bluetooth
wireless signal every 2 min. The hub then automatically
uploaded the data in near real time (every 10 min) to secure
cloud servers (Amazon Web Services EC2) via a secure
connection on a third-generation mobile phone network.
The hub allowed secure connection to additional devices,
and it may be utilized to receive and transmit data from
different data capture technologies, depending on future
study needs.
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3. A digital speech capture system comprising a high-fidelity
microphone connected to a computer, with bespoke software
that instructed the patients to say a series of vowels, words,

and paragraphs, which were then recorded and immediately
automatically transferred to a secure server via mobile
connectivity.

Figure 2. Schematic representation of the monitoring platform. AWS: Amazon Web Service; HRV: heart rate variability; PA: physical activity; tRR:
interbeat interval.

Physical Activity
A total of 2 types of activity algorithms (summarized in the
Multimedia Appendix 1) were developed to interpret the raw
data from the accelerometer: “Activity score” algorithms to
evaluate “how much” activity the patients performed and
“Activity classification” algorithms to evaluate “what” activities
the patients performed.

The activity score is used as a measure of physical activity and
is based on the intensity of movement. To develop the activity
classification algorithms, a series of reference tasks were
performed by the patients at each clinic visit in both the Pilot
and Core Study Phases. A group of healthy volunteers outside
the clinical study also performed the same tasks before the Core
Study Phase; this can enhance algorithm accuracy when the
number of patients is small [26]. All the reference tasks served
as a “blueprint” for specific movements measured by the
accelerometer. The data generated from these tasks helped in
developing the algorithms and evaluating their performance
using a leave-one-patient-out validation procedure. The
reference tasks (which included sitting, standing, lying down,
walking, climbing stairs, and transitions such as sit to stand,

stand to sit, stand to lying, lying to stand, and nine-hole peg test
of manual dexterity) were predefined to enable the development
of clinically meaningful digital markers of disease progression
for investigation. This process aligns with the recommendations
from the Clinical Trials Transformation Initiative [27].

Heart Rate Variability
There are a number of widely accepted HRV metrics [17]; 2
such metrics include the Root Mean Square of the Successive
Differences (RMSSD; time domain) and LF/HF ratio (frequency
domain).

It is important to note that measures of HRV are derived from
tRR data and are impacted by the duration of the time series
(number of data points), body orientation, time of day, and
activity being performed. Where possible, these factors have
been considered by using the recommended 5-min duration of
tRR and providing values specific to each activity.

From our analysis (summarized in the Multimedia Appendix
1), the RMSSD metric is less sensitive to the amount of data
points missing. As per our analysis (Multimedia Appendix 1),
around 88% of the data was needed to reliably compute RMSSD
for a 5-min window, whereas almost all the data (99%) were
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needed to reliably compute LF/HF. Therefore, the RMSSD may
be considered a metric that is more robust for patients with
lower data quality. This is a similar finding to other studies that
have found time-based metrics to be less sensitive to missing
data and poor data quality than frequency-based metrics [28].

Speech
The speech data collection was performed during the clinical
site visits for simplicity and to allow for a more sensitive and
structured assessment at this early exploratory stage. Speech
algorithms to extract acoustic, quantitative, and linguistic audio
features were developed based on classical speech processing
techniques (eg, formants and fundamental frequencies) and
used, where possible, open-source components to implement
these techniques.

The patients were asked to perform 4 speech tests that were
identified as clinically relevant. The first 2 tests used the
phonation of the “Ah” sound, one being shortly sustained and
repeated 7 times and the other being a long-sustained sound for
10 seconds [22]. The subsequent test was to pronounce the word
“doily” 3 times [11]. Finally, the patients were asked to read a
short 100-word paragraph (“Bamboo” passage) [29]. This
particular speech data collection protocol comprised tests that
had individually been shown to demonstrate associations
between acoustic measures and speech intelligibility in patients
with ALS but who had not been jointly investigated within the
same patient group.

In contrast to physical activity and HRV, the data and processing
of speech were done offline using a MATLAB script to analyze
the speech data and generate a comma-separated value file with
the desired end points. This process is summarized in the
Multimedia Appendix 1.

Results

Pilot Study Phase: Feasibility of Equipment and Data
Transmission
A total of 5 patients with ALS were recruited for the Pilot Study
Phase and attended 2 clinical visits. Patients also wore the sensor
in their routine home-life setting for approximately 3 days after
each clinical visit.

At the time of reviewing the data from the Pilot Study Phase,
clinic reference task data were available for 4 of the 5 patients
and home monitoring was available for 3 out of 5 patients. The
missing data did not propagate through the system within the
expected timeframe, but data were subsequently fully recovered.
For every patient, the number of days having least 18 hours’
data available varied from 2 to 3. The device recharging routine
(2 hours each day) was successfully adopted by 3 of the 5
patients.

HRV data were available for 4 of the 5 patients and the
percentage of success of good-quality HRV windows of data
varied from 74.8% to 100% for RMSSD analyses and 53.2%
to 100% for LF/HF analyses. This was deemed to be acceptable
and no adaptations for the Core Study Phase were considered
necessary. The amount and quality of the speech data captured
were as planned.

Most (4; 80%) patients were able to attach and remove the
sensor without assistance. A patient reported that the sensor fell
off on a single occasion. Most patients (4; 80%) found the device
comfortable to wear. All patients reported that wearing the
sensor did not have an impact on the ability to perform daily
activities. Overall, the sensor was well tolerated, although 1 of
the 5 patients experienced mild skin irritation.

Satisfactory user acceptance for the new technology, combined
with the successful capture of study data and absence of adverse
events (AEs), enabled the study to continue to the Core Study
Phase with minimal tweaks to the monitoring platform. No
protocol amendments based on the Pilot Phase results were
necessary.

Core Study Phase
A total of 25 patients (including the 5 patients who completed
the Pilot Study Phase) were enrolled in the Core Study Phase.
A total of 18 of the 25 patients completed the study; 4 patients
discontinued from the study because of withdrawal of consent
(3 of whom had become too unwell to continue with the study
because of progression of ALS, the fourth patient did not provide
a specific reason), 2 patients discontinued because of AEs, and
1 patient was discontinued at the investigator’s discretion. The
mean (standard deviation) ALSFRS-R score at baseline was
41.6 (4.98). The mean (standard error) monthly rate of change
for ALSFRS-R total score was 0.9 (0.23) points/month.

Physical Activity and Heart Rate Variability: Impact,
Data Quantity, Quality, and Algorithm Accuracy
At the start of the Core Phase, a majority of patients (16/25,
64% patients) were able to attach and remove the sensor without
assistance; however, the proportion of patients who did not
require assistance gradually decreased over the course of the
study, and by Week 48, only 6 of 15 patients (40.0%) were able
to attach the sensor without some assistance. A majority of
patients found the device comfortable to wear; the majority of
patients who reported that the device was uncomfortable
reported symptoms of skin irritation (skin itching and local skin
reactions likely because of an allergy to the adhesive). A
majority of patients reported that wearing the sensor had no or
minimal impact on the ability to perform daily activities during
the Core Phase; only 1 patient reported a moderate impact on
daily activities at Week 12.

A low number of patients reported a minimal impact of the
sensor on sleep: the reasons given included difficulty in getting
comfortable, local itching, and impact of the flashing light at
night. A patient reported a moderate negative impact on sleep.

Most patients adhered to protocol requirements on sensor wear:
65% of visits with data across the subjects had at least three
days of data. However, only 6 of 25 (24%) patients had data
captured for all 13 home monitoring time points.

Figure 3 illustrates the number of days of raw accelerometer
and tRR data captured for each patient at each time point. There
are examples of good data coverage where the patient has been
able to follow the protocol (eg, patients A, B, and C) and many
examples of deviations from the ideal data coverage. Patients
O, P, T, V, W, X, and Y ended the study early.
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There are significant gaps in the data coverage for patients Q,
R, S, and U, as indicated by the zeros in Figure 3. Others have
smaller gaps in the data coverage. Across all 25 patients, no
data were collected for 24% of time points expected.

There are several instances where more than 3 days, or partial
days, of data were collected (partial days represent those days
where any data were captured). Patient O used the sensor for 8
days during 1 home monitoring period, and there are several
occurrences of 5 or 6 days of wear time across different patients.

At baseline, 23 of 25 (92%) patients provided data for 3 or more
days (or partial days) during the home monitoring; however, at
Week 48, this reduced to 10 of 18 (56%) patients, indicating
that either an increasing number of patients were unable to meet
the protocol requirements as the study progressed or they were
less willing to comply with study procedures. Over the course
of the study, there was deterioration in the ALSFRS-R total
score, indicating worsening of ALS (loss of physical function),

and a decreasing number of patients provided any home
monitoring sensor data (Figure 4).

If a patient wore the sensor for any period during the day which
was significantly lower than the requested 22-hour period, then
the derivation of any activity type end point, even if normalized
to wear time, may be biased because of the heterogeneity of
activity patterns throughout the day. The total wear times over
each 24-hour period showed that patients did not wear the device
for long enough. Average total wear time over the 24-hour
recording period showed mean total wear time was 1106 min
(approximately 18.4 hours) per day at baseline. The mean total
wear times did not decrease significantly throughout the study
to Week 48 (1084 min; 18.1 hours) per day and did not decrease
significantly from the first day of monitoring, “Day 1” (1086
min; 18.1 hours) to the third, “Day 3” (1051 min; 17.5 hours).
Therefore, although fewer patients provided data as the study
progressed, the quality of the daily data provided by
participating patients did not deteriorate significantly.

Figure 3. Home monitoring data coverage: number of days (or partial days) of data captured for each patient and time point. Blank entries indicate
early withdrawals. Patients had either a Pilot Study Phase or Core Study Phase baseline home monitoring period but not both. For clarity, in 5 instances,
data were excluded from the analysis because of predefined data quality deviation rules unrelated to the monitoring platform.
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Figure 4. Percentage of patients providing home monitoring data throughout the study; mean Amyotrophic Lateral Sclerosis Functional Rating Score
(Revised) total score of all patients remaining in the study. The number in brackets next to each time point represents the number of patients in the
study. ALSFRS-R: ALS Functional Rating Score (Revised).

Physical activity algorithms were developed to classify “active,”
“sedentary but not lying,” and “lying,” as these 3 activity classes
were expected to enable describing patients’ level of physical
function. For clarity, “sedentary but not lying” refers to any
activity requiring low levels of intensity (but excluding “lying
down”), such as standing, sitting, or performing low-intensity
movements. The algorithms were tested using the reference
tasks data. Their overall performance is illustrated by the
confusion matrix in Figure 5, where it can be seen that a few
“active” labels are being predicted as “sedentary but not lying”;
nonetheless, the overall performance is considered high, as
accuracy, sensitivity, and specificity are greater than 97% for
all 3 activity classes.

Overall, the amount and quality of the data collected and the
accuracy of the algorithms developed were sufficient to evaluate
changes over time in patients’ activities of daily living. Changes
from baseline at Week 48 in the main physical activity end

points investigated (normalized to wear time) are shown in
Table 3. A reduction in the patients’ ability to perform activities
of daily living over time can be observed across all end points.

Figure 6 provides a high-level summary of the HRV data quality
for each patient across the study. The effect of muscle activation
can be considered small enough, which was supported by the
tRR data. Some patients had poor data quality throughout the
study, whereas others had periods of both good and poor data.
Very few patients had good data quality throughout the study.
The percentage of windows with enough good-quality data to
compute the RMSSD and LF/HF metrics varied across the
patients. Some patients had very poor data quality, with very
few windows having sufficient data to compute the HRV metrics
(eg, patient P and patient W). It is possible that those patients
had a poor contact between the sensor and the skin using the
Fast Fix.

Figure 5. The confusion matrix for the physical activity algorithms. The percentages represent the predictions of “Actual classes.” NL: number of data
labels from reference tasks, collected by 24 Amyotrophic Lateral Sclerosis patients (1 patient did not provide reference task data). Each label contains
1 min of accelerometer data.
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Table 3. Changes in physical activity end points from baseline to Week 48.

Week 48 (n=13), mean (SE)Baseline (n=24), mean (SE)End point

23.58 (8.05)34.42 (6.00)Average daytime active (minutes)

3.59 (1.16)5.36 (0.85)Percentage of daytime active (%)

651.11 (43.36)602.22 (26.89)Average daytime sedentary (minutes)

96.41 (1.16)94.64 (0.85)Percentage of daytime sedentary (%)

1972.51 (612.89)3336.55 (541.83)Total daytime activity score per hour (counts)

1430.35 (464.89)2275.65 (370.22)Total 24-hour activity score per hour (counts)

1647.04 (456.40)2803.91 (575.50)Maximum daytime activity score per hour (counts)

1002.06 (280.53)1618.40 (263.01)Mean maximum daytime activity score per hour (counts)

Daytime number of active periods per hour (minutes)

0.25 (0.10)0.28 (0.06)>1 to ≤2

0.10 (0.04)0.11 (0.03)>2 to ≤5

0.02 (0.01)0.04 (0.02)>5 to ≤15

2.08 (0.13)b2.60 (0.24)aAverage duration of active periods >1 min (minutes)

an=21.
bn=7.

Figure 6. Percentage of windows with sufficient data to compute heart rate variability metrics for each patient. LF/HF: low-frequency/high-frequency;
RMSSD: Root Mean Square of the Successive Differences; tRR: interbeat interval.

Some patients had much better data quality. In particular, nearly
90% of the windows for patient H had sufficient data to compute
RMSSD; however, this patient only wore the sensor for 2 home
monitoring periods (7 days of data in total); therefore, this high
percentage is biased by the limited wear time (Figure 3).

For all data across the whole study, only 33% of 5-min windows
of tRR data were sufficient to compute RMSSD metrics, and
only 19% were sufficient to compute the LF/HF metrics.
Overall, the percentage of RMSSD and LF/HF quality data did
not correlate with the number of days of data; there was only a
slight decrease in LF/HF quality data, with increasing number
of days of data.

A slight decrease in the RMSSD HRV mean and variance data
was observed over time (data not shown), but this finding should
be treated with caution, given the small amount of data available.
Unsurprisingly (because of the limited amount of LF/HF data
available), no discernible trends were observed over time in the
LF/HF data.

Speech: Data Quantity and Quality
The quantity and quality of the digital speech data files captured
during the Core Study Phase of the study was as intended, with
no significant issues related to the methods or equipment. Both
at baseline and at Week 48, all (100%) patients captured the
digital speech data successfully. However, patients J, P, and U
did not perform the speech test at Weeks 12, 24, or 36. All data
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files captured were transferred as anticipated, and no data were
lost. All speech data were successfully analyzed. Change from
baseline values at Week 48 were low for all speech end points
studied, with no obvious pattern of change over time.

Safety Evaluation: Adverse Events and Serious Adverse
Events
Safety evaluation comprised reported AEs and serious AEs
(SAEs) related to the study equipment, devices, or procedures
only. A total of 6 (24.0%) patients reported AEs assessed as
related to the devices (including the sensor and Fast Fix adhesive
patches); there were no reports of SAEs and no deaths, and only
2 (8.0%) patients had AEs that led to withdrawal, both because
of contact dermatitis. Table 4 summarizes AEs in the study.

All the AEs reported in the study were in the skin and
subcutaneous tissue disorders system organ class (SOC) and all
were skin reactions related to the use of the Fast Fix adhesive
patch. The most commonly reported AE was contact dermatitis.

A total of 21 AEs were reported by 6 patients. Events were mild
or moderate in intensity in 5 of 6 (83.3%) patients and all events
were recovered/resolved at the end of study (1 patient had an
AE of contact dermatitis, which was recovered/resolved with
sequelae). A patient had 2 events of pruritic rash of severe
intensity: the first event lasted for 4 days; the second event
lasted for 5 days.

Table 4. Summary of adverse events in the Core Study Phase (N=25).

Patients reporting adverse eventsAdverse events reportedAdverse event

C, F, J, U, W, and Y21Adverse events

Severity of events

Y, F, J, and C14Mild

Y, U, and W5Moderate

U2Severe

—a0Severe adverse events

System organ class

C, F, J, U, W, and Y21Skin and subcutaneous tissue

Disorders

Y, F, U, and W15Dermatitis contact

J and C3Rash

U2Rash pruritic

Y1Skin irritation

W and Y2Adverse events leading to withdrawal

—0Deaths

aNo patient reported an adverse event.

Medical Device Incidents, Near-Miss Incidents, and
Malfunctions
A near-miss incident was reported in the Core Study Phase: it
was discovered that, despite being CE-marked, in some
circumstances, it was possible for the mains chargers’ casing
to come apart, exposing the internal wires and components,
resulting in a risk of an electrical shock. The clinical sites were
informed immediately, and all the chargers were recalled from
all the patients and replaced. A patient reported a replacement
charger made crackling noises and smelled of burning when it
was plugged into the mains. The issue was reported to the
manufacturer, who confirmed there were no other instances of
failure in over 15,000 units sold over a 5-year period before
receiving this report. The patient was issued with a replacement
charger. Before receiving the new charger, the patient had been
able to use a mobile phone charger; therefore, no data were lost.

No incidents or malfunctions were reported with the use of
Mega Faros sensor, Fast Fix electrode, or LifeInsight hub in
this study.

Discussion

Principal Findings
Objective monitoring of disease manifestations in clinical trials
using sensors is a rapidly advancing area, with over 100 actively
recruiting trials using technology-based outcomes across a range
of diseases (as of July 2019), according to clinical trial registers
[30]. Interest is building across multiple conditions, including
other neurodegenerative diseases, such as PD and multiple
sclerosis [31]; RA [26,32], and COPD [33]. This study
successfully developed and explored the feasibility of a novel
integrated platform to objectively monitor multiple ALS
symptoms across several domains (physical activity, HRV, and
speech). This is a key advantage compared with other existing
approaches that monitor symptoms individually [10,34].
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Moreover, the platform is flexible and could be tailored to the
needs of future studies, as components for measuring different
symptoms may be added or removed as required. The system
allowed for real-world and in-clinic data collection, both of
which could be reviewed remotely in near real time.

The dual-phase study design proved to be useful, as the Pilot
Study Phase enabled adaptation of components and algorithms
before embarking on the Core Study Phase, thereby lessening
the risk that major changes would be needed during the Core
Study Phase. From an ethical perspective, this is particularly
important in ALS, as patients have a limited life expectancy
and are making a significant effort donating their time to the
study; therefore, clinical trial sponsors have a duty to maximize
the value of their time and data collected. It is also important
to note that the study participants continued to receive ALS
standard of care (eg, riluzole and multidisciplinary care).

Core Study Phase results demonstrate that the monitoring
platform can measure physical activity and digital speech for
patients with ALS over the course of the 48-week study,
although the specific sensor and analysis methodology used
were not successful for continuously measuring tRR data, and,
hence, HRV.

Importantly, this novel study showed that it was possible to
assess the physical activity of patients with ALS in their daily
life (real-world monitoring): the data propagated through the
system and were received as expected, although in some
instances, the data experienced delay in being transmitted
because of poor network connectivity, which prevented the data
to be available for review in true real time. At baseline, 23 of
25 patients collected at least three days of home monitoring
data; however, this decreased to 10 of 18 patients at Week 48.
The decreasing amount of data collected with study progression
may be partly explained because of loss of physical function
with disease progression; patients had increased reliance on
carers to attach or remove the device and were less able to
follow the study procedures. It might also be possible that
patients were simply willing to provide less data as the “novelty”
effect faded away over time. This highlights that it is important
to achieve a balance between patient burden and the ease of use
vs the amount of the data being collected. If technology is too
intrusive, awkward, or requires frequent interaction with
patients, then it is likely that compliance will be adversely
affected, reducing the amount of valuable and useful data
collected. Wrist-worn devices have shown excellent patient
acceptance in previous studies [35]; however, they are currently
unable to monitor HRV continuously, and from a biomechanical
perspective, the wrist is a less-than-ideal wear location for
accurate activity classification.

HRV data quality appeared to be affected by a poor connection
between the Fast Fix electrode patch and the chest, yielding
insufficient HRV data on which one may draw any robust
clinical conclusions for both the RMSSD and LF/HF analyses.
The lower than anticipated quality of HRV data could have been
prevented if we had identified this as an issue at the end of the
Pilot Study Phase. However, the Pilot Study Phase data showed
a much greater percentage of good-quality HRV windows; this
was likely biased because of the low number of patients and

monitoring periods. A greater number of patients and/or
monitoring periods would have been needed at the Pilot Study
Phase to identify this issue. In future studies, data quality could
be improved by optimizing study design and using newer, less
invasive sensors with a more reliable skin attachment and not
needing to be recharged daily. Owing to the rapid technological
evolution that has occurred in the wearable device market,
wearable devices are now available and are expected to continue
improving reliability of data collection over time, but they were
not available at the time this study was designed. Moreover, the
analysis of HRV data in this study was performed using the
typical 5-min duration of tRRs, but the literature is unclear as
to how long HRV analysis windows should be to offer the best
compromise between the quality/accuracy of the metrics
extracted and the quantity of data resulting from the analysis.
The longer the analysis window, the more reliable the HRV
parameters; the shorter the analysis window, the lower the
amount of data that needs to be excluded from analysis because
of data points missing. Recent studies suggest that 2-min
windows and 3-to-4 min windows would not negatively affect
the quality of RMSSD and LF/HF analyses, respectively [36];
therefore, these might be a better choice to maximize data
availability.

The amount and quality of the speech data captured were as
intended, and there were no significant issues with the methods,
equipment, or the data analysis. However, speech analysis was
performed only during in-clinic visits. Future studies may
employ different technologies, such as mobile phones, to collect
digital speech data at home and more frequently. This approach
is currently being followed in a number of ongoing studies, such
as the AT Home study in ALS [9] or the mPower study in PD
[37]. From a statistical perspective, more frequent data collected
at home would be useful to investigate novel end points,
particularly if within-patient and between-patient end point
variability is high.

Patients were able to use all the study equipment successfully,
with the majority of patients reporting that the sensor was
comfortable to wear and had no or minimal impact on their
ability to perform daily activities, nor did it affect their sleep
quality. The technology was generally well tolerated with AEs
in the skin and subcutaneous tissue disorders SOC reported by
6 of 25 (24.0%) patients, with the events being mild or moderate
in intensity in 5 of 6 (83.3%) patients. This is a typical drawback
of using sensors that are directly affixed to the skin; wearing
armbands or wrist-worn devices often lessens the risk of skin
irritation, but these sensors are less appropriate for continuous
HRV monitoring.

The near-miss incident with the study technology, which
occurred during the study, highlighted the importance of patient
safety considerations that need to be taken into account before
deciding upon which technologies are acceptable to use.
Thorough risk assessments need to be carried out and risk
management measures put in place before study starts, in
addition to the use of CE-marked (or equivalent) equipment.

Conclusions
In conclusion, the novel monitoring platform tested in this
exploratory study was successful in collecting ALS patient data
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remotely, which may be useful in identifying digital markers
of disease progression; the home monitoring of physical activity
was a particular accomplishment that may generate insights into
the real lives of patients with ALS not previously appreciated,
thus providing the clinicians with a valuable new understanding
of their patients’ well-being. The limitations of the study
included a large amount of missing data, partly because of a
number of patients withdrawing from the study early, which
limited the ability to draw robust clinical conclusions; however,
the platform was able to capture objective data to monitor

patients outside of clinical visits, in near real time, and further
improvements are expected with the ever-rapid advancements
in digital sensor technologies. The relationship between the
exploratory biotelemetry end points and the clinical gold
standard ALS measures will be reported separately (manuscript
under preparation). Ultimately, the goal should be to develop
a platform that seamlessly integrates the data from various
sources and standardizes ALS clinically relevant measures,
procedures, and data reporting and validation and, ultimately,
regulatory acceptance of the digital clinical trial end points.
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Abstract

Background: There is a limited understanding of components that should be included in digital interventions for 24-hour
movement behaviors (physical activity [PA], sleep, and sedentary behavior [SB]). For intervention effectiveness, user engagement
is important. This can be enhanced by a user-centered design to, for example, explore and integrate user preferences for intervention
techniques and features.

Objective: This study aimed to examine adult users’preferences for techniques and features in mobile apps for 24-hour movement
behaviors.

Methods: A total of 86 participants (mean age 37.4 years [SD 9.2]; 49/86, 57% female) completed a Web-based survey. Behavior
change techniques (BCTs) were based on a validated taxonomy v2 by Abraham and Michie, and engagement features were based
on a list extracted from the literature. Behavioral data were collected using Fitbit trackers. Correlations, (repeated measures)
analysis of variance, and independent sample t tests were used to examine associations and differences between and within users
by the type of health domain and users’ behavioral intention and adoption.

Results: Preferences were generally the highest for information on the health consequences of movement behavior self-monitoring,
behavioral feedback, insight into healthy lifestyles, and tips and instructions. Although the same ranking was found for techniques
across behaviors, preferences were stronger for all but one BCT for PA in comparison to the other two health behaviors. Although
techniques fit user preferences for addressing PA well, supplemental techniques may be able to address preferences for sleep and
SB in a better manner. In addition to what is commonly included in apps, sleep apps should consider providing tips for sleep. SB
apps may wish to include more self-regulation and goal-setting techniques. Few differences were found by users’ intentions or
adoption to change a particular behavior. Apps should provide more self-monitoring (P=.03), information on behavior health
outcome (P=.048), and feedback (P=.04) and incorporate social support (P=.048) to help those who are further removed from
healthy sleep. A virtual coach (P<.001) and video modeling (P=.004) may provide appreciated support to those who are physically
less active. PA self-monitoring appealed more to those with an intention to change PA (P=.03). Social comparison and support
features are not high on users’ agenda and may not be needed from an engagement point of view. Engagement features may not
be very relevant for user engagement but should be examined in future research with a less reflective method.
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Conclusions: The findings of this study provide guidance for the design of digital 24-hour movement behavior interventions.
As 24-hour movement guidelines are increasingly being adopted in several countries, our study findings are timely to support
the design of interventions to meet these guidelines.

(JMIR Mhealth Uhealth 2019;7(12):e15707)   doi:10.2196/15707

KEYWORDS

physical activity; sleep; sedentary behavior; 24-hour movement; mobile health; mobile apps; behavior change technique;
engagement; adult

Introduction

Movement Behaviors
Physical activity (PA), sleep, and sedentary behavior (SB) are
modifiable determinants of several negative health outcomes
among adults. More time spent being physically active (more
light-intensity PA [LPA] and a minimum of 30-min
moderate-to-vigorous PA [MVPA] per day), a sleep duration
of 7-9 hours per night, and less time spent on SB are associated
with beneficial health outcomes, including lower risk of weight
gain and obesity [1,2], lower risk of type 2 diabetes [3-5], lower
risk of cardiovascular diseases [3,6], and higher health-related
quality of life [1-7]. In Europe, 61% of the adult population
meets the guidelines for MVPA [8], and 73% of adults without
diseases meet the recommendations for a healthy sleep duration
(7-8 hours per night) [9]. Between 10% and 42% of adults in
Europe have been reported sitting for more than 7.5 hours per
day [10], whereas less than 7 hours of SB per day (mainly
measured via self-reports) has been suggested as beneficial for
health [11]. Despite the benefits of PA, reducing SB, and getting
enough sleep, most studies to date have examined the duration
of these movement behaviors in isolation [12]. This is
problematic, as these behaviors are interrelated; over the course
of 24 hours, a change in any of these given behaviors impacts
the duration of (at least one) movement behavior(s).
Consequently, these behaviors need to be considered together
in a multibehavior program, as targeting one behavior will cause
a time displacement in another behavior, and not all
displacements are equally favorable to health [13,14].

User-Centered Design of Multibehavior Programs
To date, very few multibehavior programs have been designed
taking into account 24-hour movement behaviors, with no
effectiveness data available thus far [15,16]. As a result, there
is a limited understanding of which components should be
included and how behavior recommendations are best combined
in such multibehavioral interventions [17,18]. Behavior change
techniques (BCTs) are uniquely identifiable components of an
intervention that can be considered active ingredients of
behavior change [19]. To ensure effectiveness, exposure to and
active elaboration of intervention content are also required,
referred to as user engagement [20]. User-centered design, in
which user preferences for BCTs and other intervention features
are taken into account, can help increase user engagement
[20-22]. This is especially important in digital multibehavior
programs that face additional challenges to user engagement
because of a lack of in-person support [20]. Although BCTs are
an important feature of behavior change interventions, apps
may also include specific features to enhance user engagement,

such as the use of celebrities [23,24], narratives [25],
gamification, challenge and competition elements [25,26],
interactive features such as a chat function and virtual coaches
[27,28], or a social media connection [28]. In line with the
Elaboration Likelihood Model, when users are not able or
motivated to process the message in a rational way, the message
is processed via such visual and contextual cues, here referred
to as engagement features [29,30].

BCTs are best selected to fit specific determinants of behavior
[31]. This may imply that different BCTs are needed and
preferred by users for different behaviors. Users’ needs and
preferences for techniques in an intervention may change as
users proceed to adopting and maintaining the behavior change
[32] and may also differ between users with a higher or lower
motivation to change behavior, where those with low motivation
may, for example, be more interested in peripheral cues than
those with high motivation for the health behavior [32,33]. We
do not expect preferences for peripheral engagement features
to differ by specific behavior because these peripheral cues do
not rely on content matching with specific behaviors. This is
therefore not included in our study.

Study Aims and Research Questions
To the best of our knowledge, no study has assessed adult users’
preferences for BCTs and engagement features in relation to
combined PA, sleep, and SB intervention and investigated
whether these differ between movement behaviors and by the
user’s intention and current adoption for each health behavior
domain. When designing interventions for 24-hour movement
behaviors, these insights are important to ensure that users will
engage with the intervention and continue to use the app for as
long as it is necessary to change behavior. This study aimed to
assess the following research questions: (1) What are the
preferences for BCTs in mobile apps aiming to improve PA,
sleep, and SB? (2) Do differences exist between participants in
terms of their preferences for specific movement behavior (PA,
sleep, and SB)? (3) What are their preferences for engagement
features? (4) Do differences exist in participants’ preferences
for BCTs or features by their intention to change the health
behavior and current behavioral adoption (PA, sleep, and SB)?
The results of this study may inform the evidence-based design
of mobile health interventions, promoting 24-hour movement
behaviors in a general adult population.

Methods

Study Design
The data used for this study were part of the Healthy Worker
study, a 2-week intensive measurement study that assessed PA,
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sleep, SB, and their behavioral determinants. Incentives for
study participation consisted of individual feedback and the
possibility to win a folding bike via a raffle. On study
completion, users completed a voluntary Web-based process
evaluation survey using QuestionPro (Austin, Texas, US). The
data reported here were derived from the process evaluation
survey. Methods and results were reported in accordance with
the Checklist for Reporting Results of Internet E-Surveys
guidelines [34]. Surveys were pseudonymized to ensure
confidentiality and avoid social desirability bias. The survey
did not use a randomized order of items to maintain a logical
flow. Adaptive questioning (branching and skips) was used to
reduce respondent burden. Surveys were sent to individual email
addresses, disabling multiple logins. Only completed surveys
were included. Most items required a response to continue.
Participants could save responses and continue later. It took,
on average, 12 min to complete the survey, which consisted of
40 questions. Data were collected between February 2017 and
May 2017. Participants received a personal feedback report at
study completion and, as an incentive, they could win a folding
bike via a raffle. The ethics committee of Ghent University
Hospital approved this study (reference 2016/1231).

Participants and Sampling Procedure
A random sample of working-age adults (aged 22-55 years) was
drawn from the civil registry in Ghent, a city of roughly 250,000
inhabitants in Flanders, Belgium. A total of 2453 letters were
sent out, of which 47 were returned undeliverable. Participants
were included if they were aged 22-55 years and owned a
smartphone with access to the internet. Participants were
requested to notify the researchers of their interest to participate
by email and provide their phone number and postal address.
Home visits were made to each participant to set up the Fitbit
app (San Francisco, California, US) and wearable device and
to retrieve the Fitbit app after study completion.

Measurements

Sociodemographic Information
Sociodemographic information including gender (male/or
female), age (continuous), and highest educational degree
(primary school, secondary school, postsecondary nonacademic
education, or academic education) was assessed in a Web-based
survey 1 week before the start of the study.

Movement Behaviors
Participants were provided a Fitbit Charge 2, a commercial
wrist-worn activity tracker that includes a triaxial accelerometer
and a heart rate monitor. Fitbit devices have been shown to be
valid and reliable commercial devices to measure the time spent
on these movement behaviors [35,36]. The Fitbit Charge 2
measured minute-by-minute activities classified as LPA,
moderate PA (MPA), vigorous PA (VPA), sleep, or SB. The
usability of the Fitbit trackers was assessed with Likert scale
items (1-5) based on the Short Usability Scale [37] and was
rated as high, with average scores between agree and completely
agree (≥4 or 5) for ease of use, self-confidence in using it,
quickly learning how to use it, good integration of functionality,
and interest in using it in the future. Full descriptive results are
provided in Multimedia Appendix 1.

Preferences for Behavior Change Techniques and
Engagement Features in a Mobile App on Physical
Activity, Sedentary Behavior, and Sleep
Preferences for BCTs and engagement features were rated per
behavior on a 5-point rating scale. A short BCT list, consisting
of 22 BCTs (Multimedia Appendix 2) [38] rather than the more
extensive list of 93 BCTs [19], was used to reduce respondent
burden. The BCT list was inspired by commonly used
techniques in health apps [28,39,40] when scored based on BCT
taxonomy of Abraham and Michie [38]. Participants rated their
preferences for specific engagement app features on a 5-point
rating scale including social media connection [28], gamification
[25,26], competition with others [25], a virtual coach to give
instructions [27,28], being able to ask questions via a chat
function [27], having a narrative (eg, fictional drama) and being
a character in this narrative [25], and having celebrity
endorsement of the app [24].

Intention to Change Movement Behaviors
Validated scales to measure intention-to-change behavior were
used for each behavior, where possible. As a result, the
operational definitions of intentional phases differed between
each health behavior. Intention was measured before the start
of the study in a Web-based survey for PA and SB and in diaries
during the 14-day follow-up period for sleep. For PA, the
intention phase was determined by one item from the Belgian
Environmental Physical Activity Study survey reflecting their
stages of change: (1) premotivational phase: “I am not
sufficiently active and have no intention to change in the next
6 months,” (2) action phase: “I am not sufficiently active and
have the intention to change in the next 6 months,” and (3)
maintenance phase: “I am sufficiently physically active” [41].
The action and maintenance phases were grouped into the
intentional phase. For sleep, no validated behavioral determinant
questionnaires existed then. A questionnaire was developed in
the framework of this study and validated elsewhere (DeSmet
et al, unpublished, 2019). The intention to improve sleep was
defined as users’ intention to go to bed on time (measured in
evening diaries, averaged over 14 days, and dichotomized by
no intention ≤3 [completely disagree to neutral] and >3 [rather
to completely agree] on a 1- to 5-point rating scale). For SB,
users were asked for their intention to reduce their time spent
sitting based on a previous scale for occupational sitting time
[42], assessed here across five different domains (ie, while
watching TV, using computers in leisure time, during other
leisure activities, during transport, and at work). If users
indicated they wanted to reduce their sitting in at least one of
these areas in the next 6 months, they were considered to have
an intention to reduce their SB.

Analysis
Descriptive statistics assessed participants’ average preferences
for BCT by each movement behavior and for app features
(research question 1). Associations of preferences with age were
assessed with Pearson correlations, and differences in
preferences by gender were assessed with analysis of variance
(ANOVA) tests. Repeated measures ANOVA analyses were
conducted to assess differences among users in their preferences
for BCTs in each of the three movement behaviors (PA, sleep,
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and SB). No between-factor test was used. Significant results
were subsequently tested via independent sample t tests to detect
differences between pairs (research question 2). ANOVA tests
were used to assess differences among participants by their
intention to change and current behavior in relation to PA, sleep,
and SB. Homogeneity of variances was assessed, and
significance tests were only performed for item sets with
nonsignificant tests on homogeneity of variances (research
question 3). All statistics were performed in SPSS, version 25
(IBM corporation, Armonk, NY).

Results

A total of 98 participants completed the main study, with 86
participants completing the process evaluation (response rate
88%; Figure 1). The analyzed sample (n=86) mostly consisted
of people living in an urban area (65/86, 76%), who were well

educated (71/86, 83% completed postsecondary education),
living together with a partner (58/86, 67%), and working full
time (66/86, 77%). The mean age was 37.4 years (SD 9.2), and
57% (49/86) of the participants were female. Fitbit data were,
on average, available for 11.9 of 14 days (median 14, SD 4.3).
Participants spent, on average, 4.6 hours (SD 1.19) on LPA,
25.3 min (SD 15.01) on MPA, 29.4 min (SD 20.7) on VPA, 7.6
hours (SD 0.80) asleep, and 10.3 hours (SD 1.31) on SB per 24
hours. There were no significant correlations between the
number of days Fitbit data were available for and users’ activity
profile. Of the 74 preference items, there were significant
correlations with one technique and one feature (ie, having more
measured days was positively correlated with a preference for
social comparison with others on PA: r=0.22, P=.04; having
more measured days was negatively correlated with a preference
for a narrative: r=−0.22, P=.04).

Figure 1. Study flow.

Across movement behaviors, the same BCTs were the most
preferred, that is, information on the health consequences of
movement behaviors, self-monitoring of behavior, feedback on
how well they do, obtaining insight into their healthy lifestyles,
and receiving tips and instructions on how to do the behavior
(Multimedia Appendix 2). Moreover, the standard deviations
for preferences on the specific techniques of information on the
link between behavior health outcome and behavioral
self-monitoring were small, indicating a strong agreement among
users for these BCTs. Although the same BCTs were ranked
highest across behaviors, there were significant differences in
participants’ preferences for the BCT items between the health
domains of PA, sleep, and SB on all but one BCT (ie, time
management skills; Multimedia Appendix 2). There was a higher
preference for several BCTs to promote PA than for sleep or
SB. This was the case for several BCTs associated with goal
setting (ie, setting and adjusting personally desired outcomes,
setting and adjusting personally relevant goals, building up
toward more difficult goals, and receiving a reminder). This
was also the case for several BCTs in relation to positive
reinforcement (ie, receiving rewards of incentives, providing
encouragement, and obtaining social support) and BCTs related

to (role) modeling (ie, receiving videos that model the desired
behavior and being a role model for others).

Specific BCTs were less preferred for SB than for sleep and
PA. This was noted for several BCTs in relation to instructions
to perform the behavior, self-monitoring, and feedback (ie,
information on link between behavior and health outcome,
instructions on how to perform the behavior, self-monitoring
of behavior, feedback on behavior, and receiving regular
feedback on how the behavior contributes to the health
outcome). Identifying barriers for the behavior was less preferred
for SB than for sleep and PA. For two BCTs— receiving tips
tailored to their profile and to compare themselves with others
with a similar profile—there was a lower preference for SB than
for PA, but there was no difference with sleep. For obtaining
insights into the differences between what the person does and
what is needed to meet the health outcome, the preference was
significantly higher for PA than for the other behaviors, and
this BCT preference for sleep was significantly higher than for
SB. In sum, the preference was lowest for SB on all BCTs but
one (no significant difference in time management skills). Goal
setting, role modeling, and reinforcement BCTs were generally
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preferred more for PA than for either sleep or SB. Instructions,
behavioral monitoring, and feedback were less preferred for SB
than for either sleep or PA.

The preference for engagement features was low to very low
(Multimedia Appendix 3).

Very few BCTs showed a difference in preference between
participants with a low or high intention to change the specific
movement behavior (Multimedia Appendices 4-6.) For PA only,
participants with a higher intention to increase this behavior
had a stronger preference for monitoring their behavior than
participants with a lower intention. There were no significant
differences by intention to change behavior on any other BCT
preference (Multimedia Appendices 4-6). Participants who had
fewer hours of sleep per night showed a higher preference for
information on behavior health outcome, behavioral monitoring,
and feedback (Multimedia Appendix 5). For PA, lower levels
of MVPA were associated with a higher preference for a virtual
coach that gives instructions and for video modeling
(Multimedia Appendix 4).

Discussion

Principal Findings
When designing interventions for 24-hour movement behaviors,
it is important to assess whether users would prefer a different
approach for each behavior. This study examined adult users’
preferences for different BCTs in a mobile app to improve
24-hour movement behaviors of PA, sleep, and SB and to assess
whether these preferences differed by behavior and users’
behavioral intention and adoption. The study also examined
preferences for engagement features and differences in
preferences by users’ behavioral intention and adoption.

In general, the same BCTs were top-ranked across 24-hour
movement behaviors, although the strength of these preferences
was higher for PA than for SB or sleep. This suggests that the
same BCTs can be used universally for combined intervention
on the 24-hour movement behavior rather than behavior-specific
BCTs. For all behaviors, information on behavior health
outcomes, obtaining insights into their healthy lifestyles,
self-monitoring, feedback, instructions, or tips were ranked the
highest, and social support and comparison were ranked lowest
in user preferences. The high preference for self-monitoring
techniques is in line with earlier research on user preferences
for apps to promote PA [28] and underscores the upcoming
interest among users in commercial wearable activity trackers
that monitor PA, sleep, and SB. In Belgium, 19% of adults had
a wearable activity tracker in 2017 compared with only 5%
owning one in 2016 [43]. Some BCTs, such as self-regulation
techniques, were less preferred for both sleep and SB than for
PA. A lower preference for self-regulation techniques, such as
action and coping planning, to improve sleep in comparison
with PA, aligns with previous research showing that users felt
that self-regulation techniques were not always easy to apply,
given limited control over wake time and bedtimes [44], or
where integrating self-regulation techniques in mental imagery
was found more useful to promote sleep than the traditional

form of creating implementation intentions, given the habitual
nature of bedtime routines [45].

This study moreover examined preferences and differences in
user preferences for BCTs and engagement features by
behavioral intention and adoption. The interest in the
engagement features was generally low. A previous study on
engagement features in digital health interventions to reduce
alcohol consumption showed that personalization, control
features (being able to make choices), and interactive features
(allowing you to enter information and take a game or quiz)
were most appreciated. Action plans and challenge features
(competition against others) were ranked as least important by
some, but as more important by others in the study. Narrative
features (storyline, in which the user can be a character) were
rated as not very important for engagement with the app [25].
This largely fits with our findings. This earlier study found little
consistency in user preferences [25]. For example, it showed
that users only valued social comparison features if they
expected that they would not be outperformed by others;
however, our study did not find a higher user preference for
such features among users with a behavior that was in a healthier
range compared with those who scored worse on these
behaviors. We also found no difference in preferences for
engagement features by intentional phase, disconfirming our
expectation that these features would appeal more via a
peripheral route among those with a lower motivation. However,
our self-reported method of assessment may not have been
appropriate to capture any interest in features via a peripheral
route. For example, in entertainment education, where a
narrative and characters are used in an entertainment format to
convey health messages, a crucial condition for its effectiveness
is that the message is provided unobtrusively and that the
audience is unaware of the intent to change their opinions or
behavior [46]. An experimental method or a conjoint analysis
method where examples of apps differing in these features are
shown and rated by users, rather than asking them to reflect on
the importance of these features, may be better suited to assess
user preferences for such engagement features in apps to
promote PA, sleep, and SB.

A stronger preference for BCTs of self-monitoring, reminders
or cues, role modeling, and rewards for PA than for SB and
sleep may be unexpected, as these BCTs are mainly assumed
to change automatic, habitual behavior [31,47,48] and would
hence be expected as more preferred for SB and sleep than for
PA. Possibly, a higher intention to change PA and familiarity
with PA may have resulted in a stronger preference for BCTs
to change this movement behavior than for SB or sleep. This
is, however, not supported by our findings for SB, as no
difference was noted in BCT preferences between participants
with an intention to change SB and those without such an
intention nor were there any significant associations found
between the time spent on SB and any of the BCT preferences.
For sleep, however, those with a longer sleep duration were
indeed less interested in using self-monitoring for sleep. The
lower preferences for SB and sleep on these BCTs than for PA
may also be a consequence of the taxonomy that was used. A
relatively brief set of BCTs was selected to reduce respondent
burden when scoring these for three behaviors. The taxonomy
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used was inspired by previous scorings of mobile health apps
[28,39,40] but was designed specifically for PA and diet
interventions [38,49]. Possibly for sleep and SB, other relevant
techniques may need to be included, such as sleep hygiene
practices and cognitive behavioral therapy for sleep, or
environmental changes, emotional persuasion, and education
for SB [50-52], which were not examined here. A selection of
BCTs that is relevant for SB and sleep, for example, based on
a larger taxonomy of 93 BCTs has been constructed with expert
input from several behavioral areas [19], may be appropriate
for future studies on user ratings of techniques to address
24-hour movement behaviors. Finally, we may expect that
features differentially implemented across behaviors in the Fitbit
that the participants had worn before filling out this survey may
have affected their preference ratings. This does not appear to
be the case, as preferences were higher for PA both for BCTs
more strongly integrated for PA than for other behaviors (eg,
detailed and real-time self-monitoring), as well as for features
more strongly implemented for SB than for PA (ie, reminders
and buzzes).

Some recommendations can be made when comparing user
preferences with what is currently commonly used in apps. PA
tracker apps often include information, self-monitoring,
instructions and feedback, goal-setting techniques, social
support, modeling, and social comparison [53]. Our findings
show that all BCTs, except social comparison techniques, that
showed the lowest preference are important to include in PA
apps to ensure user engagement. Sleep tracker apps include
fewer BCTs and mainly consist of self-monitoring and feedback
[53], which align well with preferred BCT factors for sleep
observed in our study. Our findings suggest that adding giving
tips as BCT in sleep apps may further increase user engagement.
In addition, for SB, activity tracker apps mostly include
self-monitoring and feedback [53]. A previous study suggested
including more social support features in SB apps [53]. On the
basis of our findings, we expect that this would not increase
user engagement, as preferences were lowest for social
comparison and support. Self-regulation and goal-setting
techniques, however, were highly preferred and may be a more
useful addition to SB apps. In addition, two mobile apps have
been designed to improve multibehavior patterns of PA, sleep,
and SB in adults: Balanced and BeWell24. Balanced included
goal setting, information on behavior health outcome,
self-monitoring, and feedback as BCTs [16]. BeWell24 included
goals and planning, feedback, and monitoring, shaping
knowledge, and associations for all behaviors, complemented
with shaping knowledge, natural consequences, and repetition
and substitution for some behaviors [15]. It appears that these
fit well with user preferences for these behaviors, with the
exception of goal setting, which is included but not highly
preferred for all behaviors and tips and instructions, which are
highly preferred but not included.

In addition, for BCTs, we did not find any differences according
to users’ intentions to improve their behaviors. Those with a
lower intention to change their behavior may be more interested
in BCTs that increase risk perception and positive outcome
expectancies, such as feedback and information on the behavior
health link [31], and those with a higher intention may have a

higher preference for self-regulation techniques [32]. This was
not consistent with our results; however, we did observe a higher
interest in these features, not by intention, but by behavioral
adoption of sleep: Participants who had fewer hours of sleep
per night showed a higher preference for information on
behavior health outcome, behavioral monitoring, and feedback.
Thus, these techniques may be important to create awareness
and initiation of health behavior change [54]. Other specific
BCTs and engagement features also appeared to be preferred
by people who showed lower levels of healthy behavior,
indicating that these may be especially useful to support initial
behavior change. Those with already higher levels of sleep
wished to receive more social support for their sleep. Those
with a high intention to change PA were more interested in
self-monitoring their behavior. For PA, lower levels of MVPA
were associated with a higher preference for a virtual coach that
gives instructions and for video modeling. This suggests that
more instructions and support are needed on specific exercises
via which to actually achieve more MVPA. Such virtual coaches
have been integrated into several research-grade mobile apps
or digital interventions for PA [55-57], but in commercial
settings, apps are often provided at a premium (eg, Fitbit
Coach), although some trackers have also started providing free
audio guidance during sports activities (eg, Polar Beat and
Moov). From a public health perspective, it is unfortunate that
a virtual coach would be offered at a premium because it would
then be available only to those who can afford it. On the other
hand, this is where an opportunity may lie for public health and
academic organizations to develop such an app that incorporates
a virtual coach and can be provided free as an add on to the
service provided by commercial apps and wearable trackers.

Limitations and Strengths
The study had some limitations. Despite using a random
sampling method to recruit a sample representative of the
population, the final sample was highly educated. This is a
common problem in health promotion research. The Belgian
National Health Survey, a nationally representative survey
conducted among 12,038 Belgian individuals aged 15 years or
older, with 3191 individuals from the Flemish region, shows
that 48% of Flemish individuals have attained postsecondary
education compared with 83% in our sample of individuals aged
22-55 years [58]. Although some differences may result from
the inclusion of a younger age group that could not have attained
postsecondary education yet (ie, aged 15-21 years,
approximately 9%), it is clear that our sample overrepresents
people who are highly educated. This may have had an influence
on behavior outcomes, as both SB and PA were higher among
well-educated individuals than among less-educated people in
the Belgian National Health Survey [59]. It is unclear how this
may have affected the preferences for BCTs, as we are not aware
of any studies assessing the differences in preferences for BCTs
by educational background. We could, however, expect a lower
preference for self-quantification among less educated
individuals based on existing research [60]. Our findings may
thus not be generalizable to users who are less educated. Our
list of chosen BCTs was based on previous research on mobile
health apps. A more extensive list of BCTs may have uncovered
more unmet needs of users in current mobile apps. Preferences
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were elicited via self-report measures in a hypothetical way.
Future research should validate these findings by using
experimental studies with experiences from an actual app.
Eliciting user preferences is the first step in a user-centered
design of a digital health intervention. On the basis of these user
preferences, a prototype can be developed that can be optimized
based on subsequent rounds of user feedback [61].

This study also had several strengths. It examined BCT
preferences for each behavior separately, indicating important
differences that should be taken into account in 24-hour activity
interventions. The study examined not only BCTs but also other
features that may increase engagement. As engagement and
effectiveness are closely entwined, examining engagement
features is important in intervention design considerations.
Finally, examining differences between users in their preferences
provides a useful basis for tailoring 24-hour activity
interventions.

Conclusions
Across behaviors, preferences were generally highest for
information on the link between behavior health outcomes,

self-monitoring, behavioral feedback, insight into healthy
lifestyles, and tips and instructions. In general, very few
differences were found by users’ intentions or adoption to
change a particular movement behavior. The same ranking of
preferred BCTs was found for all 24-hour movement behaviors,
indicating that the same selection for all three behaviors could
fit user preferences. However, some techniques may be added
to more closely meet preferences for sleep and SB. In addition
to what is commonly included in apps, sleep apps should
consider giving tips for sleep and provide more information on
behavior health outcome and feedback to support those who are
further removed from healthy sleep. A virtual coach and video
modeling may provide appreciated support to those who are
less physically active. Social comparison and support features
are not high on users’ agenda and may not be needed from an
engagement point of view. Engagement features may not be
very relevant for user preferences but should be examined in
future research with a less reflective method.

 

Acknowledgments
AD (FWO/16/PDO/060) is supported by the Research Foundation Flanders (Fonds Wetenschappelijk Onderzoek).

Conflicts of Interest
None declared.

Multimedia Appendix 1
Perceived usability of the Fitbit tracker.
[DOCX File , 13 KB - mhealth_v7i12e15707_app1.docx ]

Multimedia Appendix 2
Repeated measured analyses assessing within-user differences in behavior change technique preferences between health domains.
[DOCX File , 16 KB - mhealth_v7i12e15707_app2.docx ]

Multimedia Appendix 3
Descriptive statistics for engagement features.
[DOCX File , 12 KB - mhealth_v7i12e15707_app3.docx ]

Multimedia Appendix 4
Differences between participants in behavior change technique preferences for physical activity by users’ intention to change
behavior and behavioral adoption.
[DOCX File , 17 KB - mhealth_v7i12e15707_app4.docx ]

Multimedia Appendix 5
Differences between participants in behavior change technique preferences for sleep by users’ intention to change behavior and
behavioral adoption.
[DOCX File , 16 KB - mhealth_v7i12e15707_app5.docx ]

Multimedia Appendix 6
Differences between participants in behavior change technique preferences for sedentary behavior by users’ intention to change
behavior and behavioral adoption.
[DOCX File , 16 KB - mhealth_v7i12e15707_app6.docx ]

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 12 | e15707 | p.69http://mhealth.jmir.org/2019/12/e15707/
(page number not for citation purposes)

DeSmet et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

mhealth_v7i12e15707_app1.docx
mhealth_v7i12e15707_app1.docx
mhealth_v7i12e15707_app2.docx
mhealth_v7i12e15707_app2.docx
mhealth_v7i12e15707_app3.docx
mhealth_v7i12e15707_app3.docx
mhealth_v7i12e15707_app4.docx
mhealth_v7i12e15707_app4.docx
mhealth_v7i12e15707_app5.docx
mhealth_v7i12e15707_app5.docx
mhealth_v7i12e15707_app6.docx
mhealth_v7i12e15707_app6.docx
http://www.w3.org/Style/XSL
http://www.renderx.com/


References
1. Magee L, Hale L. Longitudinal associations between sleep duration and subsequent weight gain: a systematic review. Sleep

Med Rev 2012 Jun;16(3):231-241 [FREE Full text] [doi: 10.1016/j.smrv.2011.05.005] [Medline: 21784678]
2. Maher CA, Mire E, Harrington DM, Staiano AE, Katzmarzyk PT. The independent and combined associations of physical

activity and sedentary behavior with obesity in adults: NHANES 2003-06. Obesity (Silver Spring) 2013
Dec;21(12):E730-E737 [FREE Full text] [doi: 10.1002/oby.20430] [Medline: 23512825]

3. Bassuk SS, Manson JE. Epidemiological evidence for the role of physical activity in reducing risk of type 2 diabetes and
cardiovascular disease. J Appl Physiol (1985) 2005 Sep;99(3):1193-1204 [FREE Full text] [doi:
10.1152/japplphysiol.00160.2005] [Medline: 16103522]

4. Biswas A, Oh PI, Faulkner GE, Bajaj RR, Silver MA, Mitchell MS, et al. Sedentary time and its association with risk for
disease incidence, mortality, and hospitalization in adults: a systematic review and meta-analysis. Ann Intern Med 2015
Jan 20;162(2):123-132. [doi: 10.7326/M14-1651] [Medline: 25599350]

5. Cappuccio FP, D'Elia L, Strazzullo P, Miller MA. Quantity and quality of sleep and incidence of type 2 diabetes: a systematic
review and meta-analysis. Diabetes Care 2010 Feb;33(2):414-420 [FREE Full text] [doi: 10.2337/dc09-1124] [Medline:
19910503]

6. Cappuccio F, Cooper D, D'Elia L, Strazzullo P, Miller MA. Sleep duration predicts cardiovascular outcomes: a systematic
review and meta-analysis of prospective studies. Eur Heart J 2011 Jun;32(12):1484-1492. [doi: 10.1093/eurheartj/ehr007]
[Medline: 21300732]

7. Guallar-Castillón P, Bayán-Bravo A, León-Muñoz LM, Balboa-Castillo T, López-García E, Gutierrez-Fisac JL, et al. The
association of major patterns of physical activity, sedentary behavior and sleep with health-related quality of life: a cohort
study. Prev Med 2014 Oct;67:248-254. [doi: 10.1016/j.ypmed.2014.08.015] [Medline: 25138382]

8. Marques A, Sarmento H, Martins J, Saboga Nunes L. Prevalence of physical activity in European adults - Compliance with
the World Health Organization's physical activity guidelines. Prev Med 2015 Dec;81:333-338. [doi:
10.1016/j.ypmed.2015.09.018] [Medline: 26449407]

9. Cassidy S, Chau JY, Catt M, Bauman A, Trenell MI. Cross-sectional study of diet, physical activity, television viewing
and sleep duration in 233,110 adults from the UK Biobank; the behavioural phenotype of cardiovascular disease and type
2 diabetes. BMJ Open 2016 Mar 15;6(3):e010038 [FREE Full text] [doi: 10.1136/bmjopen-2015-010038] [Medline:
27008686]

10. Loyen A, Verloigne M, Van Hecke L, Hendriksen I, Lakerveld J, Steene-Johannessen J, DEDIPAC consortium. Variation
in population levels of sedentary time in European adults according to cross-European studies: a systematic literature review
within DEDIPAC. Int J Behav Nutr Phys Act 2016 Jun 28;13:71 [FREE Full text] [doi: 10.1186/s12966-016-0397-3]
[Medline: 27350251]

11. Chau JY, Grunseit AC, Chey T, Stamatakis E, Brown WJ, Matthews CE, et al. Daily sitting time and all-cause mortality:
a meta-analysis. PLoS One 2013;8(11):e80000 [FREE Full text] [doi: 10.1371/journal.pone.0080000] [Medline: 24236168]

12. Pedišić Z. Measurement issues and poor adjustments for physical activity and sleep undermine sedentary behaviour
research—the focus should shift to the balance between sleep, sedentary behaviour, standing and activity. Kinesiology
2014;46(1):135-146 [FREE Full text]

13. Chastin SF, Palarea-Albaladejo J, Dontje ML, Skelton DA. Combined effects of time spent in physical activity, sedentary
behaviors and sleep on obesity and cardio-metabolic health markers: a novel compositional data analysis approach. PLoS
One 2015;10(10):e0139984 [FREE Full text] [doi: 10.1371/journal.pone.0139984] [Medline: 26461112]

14. Chaput J, Carson V, Gray C, Tremblay M. Importance of all movement behaviors in a 24 hour period for overall health.
Int J Environ Res Public Health 2014 Dec 4;11(12):12575-12581 [FREE Full text] [doi: 10.3390/ijerph111212575] [Medline:
25485978]

15. Buman MP, Epstein DR, Gutierrez M, Herb C, Hollingshead K, Huberty JL, et al. BeWell24: development and process
evaluation of a smartphone 'app' to improve sleep, sedentary, and active behaviors in US Veterans with increased metabolic
risk. Transl Behav Med 2016 Sep;6(3):438-448 [FREE Full text] [doi: 10.1007/s13142-015-0359-3] [Medline: 27528532]

16. Duncan MJ, Vandelanotte C, Trost SG, Rebar AL, Rogers N, Burton NW, et al. Balanced: a randomised trial examining
the efficacy of two self-monitoring methods for an app-based multi-behaviour intervention to improve physical activity,
sitting and sleep in adults. BMC Public Health 2016 Jul 30;16:670 [FREE Full text] [doi: 10.1186/s12889-016-3256-x]
[Medline: 27473327]

17. Albarracín D, Wilson K, Chan M, Durantini M, Sanchez F. Action and inaction in multi-behaviour recommendations: a
meta-analysis of lifestyle interventions. Health Psychol Rev 2018 Mar;12(1):1-24. [doi: 10.1080/17437199.2017.1369140]
[Medline: 28831848]

18. Meader N, King K, Wright K, Graham HM, Petticrew M, Power C, et al. Multiple risk behavior interventions: meta-analyses
of RCTs. Am J Prev Med 2017 Jul;53(1):e19-e30 [FREE Full text] [doi: 10.1016/j.amepre.2017.01.032] [Medline: 28258777]

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

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 12 | e15707 | p.70http://mhealth.jmir.org/2019/12/e15707/
(page number not for citation purposes)

DeSmet et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://europepmc.org/abstract/MED/21784678
http://dx.doi.org/10.1016/j.smrv.2011.05.005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21784678&dopt=Abstract
https://doi.org/10.1002/oby.20430
http://dx.doi.org/10.1002/oby.20430
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23512825&dopt=Abstract
http://www.physiology.org/doi/full/10.1152/japplphysiol.00160.2005?url_ver=Z39.88-2003&rfr_id=ori:rid:crossref.org&rfr_dat=cr_pub%3dpubmed
http://dx.doi.org/10.1152/japplphysiol.00160.2005
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=16103522&dopt=Abstract
http://dx.doi.org/10.7326/M14-1651
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25599350&dopt=Abstract
http://europepmc.org/abstract/MED/19910503
http://dx.doi.org/10.2337/dc09-1124
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19910503&dopt=Abstract
http://dx.doi.org/10.1093/eurheartj/ehr007
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21300732&dopt=Abstract
http://dx.doi.org/10.1016/j.ypmed.2014.08.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25138382&dopt=Abstract
http://dx.doi.org/10.1016/j.ypmed.2015.09.018
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26449407&dopt=Abstract
http://bmjopen.bmj.com/cgi/pmidlookup?view=long&pmid=27008686
http://dx.doi.org/10.1136/bmjopen-2015-010038
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27008686&dopt=Abstract
https://ijbnpa.biomedcentral.com/articles/10.1186/s12966-016-0397-3
http://dx.doi.org/10.1186/s12966-016-0397-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27350251&dopt=Abstract
http://dx.plos.org/10.1371/journal.pone.0080000
http://dx.doi.org/10.1371/journal.pone.0080000
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24236168&dopt=Abstract
https://www.researchgate.net/publication/263617926_Measurement_issues_and_poor_adjustments_for_physical_activity_and_sleep_undermine_sedentary_behaviour_research-The_focus_should_shift_to_the_balance_between_sleep_sedentary_behaviour_standing_and_acti
http://dx.plos.org/10.1371/journal.pone.0139984
http://dx.doi.org/10.1371/journal.pone.0139984
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26461112&dopt=Abstract
http://www.mdpi.com/resolver?pii=ijerph111212575
http://dx.doi.org/10.3390/ijerph111212575
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25485978&dopt=Abstract
http://europepmc.org/abstract/MED/27528532
http://dx.doi.org/10.1007/s13142-015-0359-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27528532&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/s12889-016-3256-x
http://dx.doi.org/10.1186/s12889-016-3256-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27473327&dopt=Abstract
http://dx.doi.org/10.1080/17437199.2017.1369140
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28831848&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0749-3797(17)30091-0
http://dx.doi.org/10.1016/j.amepre.2017.01.032
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28258777&dopt=Abstract
http://dx.doi.org/10.1007/s12160-013-9486-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23512568&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


20. Yardley L, Spring B, Riper H, Morrison L, Crane D, Curtis K, et al. Understanding and promoting effective engagement
with digital behavior change interventions. Am J Prev Med 2016 Nov;51(5):833-842. [doi: 10.1016/j.amepre.2016.06.015]
[Medline: 27745683]

21. Kelders S, Pots W, Oskam M, Bohlmeijer E, van Gemert-Pijnen JE. Development of a web-based intervention for the
indicated prevention of depression. BMC Med Inform Decis Mak 2013 Feb 20;13:26 [FREE Full text] [doi:
10.1186/1472-6947-13-26] [Medline: 23425322]

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

23. Hoffman S, Tan C. Biological, psychological and social processes that explain celebrities' influence on patients' health-related
behaviors. Arch Public Health 2015;73(1):3 [FREE Full text] [doi: 10.1186/2049-3258-73-3] [Medline: 25973193]

24. Chan A, Kow R, Cheng JK. Adolescents’ perceptions on smartphone applications (Apps) for health management. J Mob
Technol Med 2017 Aug;6(2):47-55. [doi: 10.7309/jmtm.6.2.6]

25. Perski O, Baretta D, Blandford A, West R, Michie S. Engagement features judged by excessive drinkers as most important
to include in smartphone applications for alcohol reduction: A mixed-methods study. Digit Health 2018;4:2055207618785841
[FREE Full text] [doi: 10.1177/2055207618785841] [Medline: 31463077]

26. Edwards E, Lumsden J, Rivas C, Steed L, Edwards L, Thiyagarajan A, et al. Gamification for health promotion: systematic
review of behaviour change techniques in smartphone apps. BMJ Open 2016 Oct 4;6(10):e012447 [FREE Full text] [doi:
10.1136/bmjopen-2016-012447] [Medline: 27707829]

27. Morrison L, Yardley L, Powell J, Michie S. What design features are used in effective e-health interventions? A review
using techniques from Critical Interpretive Synthesis. Telemed J E Health 2012 Mar;18(2):137-144. [doi:
10.1089/tmj.2011.0062] [Medline: 22381060]

28. Middelweerd A, van der Laan DM, van Stralen MM, Mollee J, Stuij M, te Velde S, et al. What features do Dutch university
students prefer in a smartphone application for promotion of physical activity? A qualitative approach. Int J Behav Nutr
Phys Act 2015 Mar 1;12:31 [FREE Full text] [doi: 10.1186/s12966-015-0189-1] [Medline: 25889577]

29. Petty RE, Cacioppo JT. Communication and persuasion: Central and peripheral routes to attitude change. New York:
Springer Science & Business Media; 2012.

30. Ahmed R, Beard F, Yoon D. Examining and extending advertising's dual mediation hypothesis to a branded mobile phone
app. J Interact Advert 2016;16(2):133-144. [doi: 10.1080/15252019.2016.1237315]

31. Eldredge LK, Markham CM, Ruiter RA, Kok G, Fernandez ME, Parcel GS. Planning Health Promotion Programs: An
Intervention Mapping Approach. San Francisco: John Wiley & Sons; 2016.

32. Schwarzer R, Luszczynska A. How to overcome health-compromising behaviors: The health action process approach. Eur
Psychol 2008 Jan;13(2):141-151. [doi: 10.1027/1016-9040.13.2.141]

33. Hagger M, Trost N, Keech J, Chan D, Hamilton K. Predicting sugar consumption: application of an integrated dual-process,
dual-phase model. Appetite 2017 Sep 1;116:147-156. [doi: 10.1016/j.appet.2017.04.032] [Medline: 28461198]

34. Eysenbach G. Improving the quality of Web surveys: the Checklist for Reporting Results of Internet E-Surveys (CHERRIES).
J Med Internet Res 2004 Sep 29;6(3):e34 [FREE Full text] [doi: 10.2196/jmir.6.3.e34] [Medline: 15471760]

35. Evenson K, Goto M, Furberg RD. Systematic review of the validity and reliability of consumer-wearable activity trackers.
Int J Behav Nutr Phys Act 2015 Dec 18;12:159 [FREE Full text] [doi: 10.1186/s12966-015-0314-1] [Medline: 26684758]

36. Rosenberger M, Buman M, Haskell W, McConnell M, Carstensen LL. Twenty-four hours of sleep, sedentary behavior,
and physical activity with nine wearable devices. Med Sci Sports Exerc 2016 Mar;48(3):457-465 [FREE Full text] [doi:
10.1249/MSS.0000000000000778] [Medline: 26484953]

37. Brooke J. UNIGE - Université de Genève. SUS-A Quick and Dirty Usability Scale URL: https://cui.unige.ch/isi/icle-wiki/
_media/ipm:test-suschapt.pdf [accessed 2019-11-01]

38. Abraham C, Michie S. A taxonomy of behavior change techniques used in interventions. Health Psychol 2008
May;27(3):379-387. [doi: 10.1037/0278-6133.27.3.379] [Medline: 18624603]

39. Direito A, Dale L, Shields E, Dobson R, Whittaker R, Maddison R. Do physical activity and dietary smartphone applications
incorporate evidence-based behaviour change techniques? BMC Public Health 2014 Jun 25;14:646 [FREE Full text] [doi:
10.1186/1471-2458-14-646] [Medline: 24965805]

40. Middelweerd A, Mollee J, van der Wal CN, Brug J, Te Velde S. Apps to promote physical activity among adults: a review
and content analysis. Int J Behav Nutr Phys Act 2014 Jul 25;11:97 [FREE Full text] [doi: 10.1186/s12966-014-0097-9]
[Medline: 25059981]

41. van Dyck D, Cardon G, Deforche B, Giles-Corti B, Sallis J, Owen N, et al. Environmental and psychosocial correlates of
accelerometer-assessed and self-reported physical activity in Belgian adults. Int J Behav Med 2011 Sep;18(3):235-245.
[doi: 10.1007/s12529-010-9127-4] [Medline: 21038103]

42. de Cocker K, Duncan M, Short C, van Uffelen JG, Vandelanotte C. Understanding occupational sitting: prevalence, correlates
and moderating effects in Australian employees. Prev Med 2014 Oct;67:288-294. [doi: 10.1016/j.ypmed.2014.07.031]
[Medline: 25117522]

43. Vanhaelewyn B, De Marez L. imec. Digimeter 2017. Measuring digital media trends in Flanders. Leuven: imec; 2017.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 12 | e15707 | p.71http://mhealth.jmir.org/2019/12/e15707/
(page number not for citation purposes)

DeSmet et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1016/j.amepre.2016.06.015
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27745683&dopt=Abstract
https://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/1472-6947-13-26
http://dx.doi.org/10.1186/1472-6947-13-26
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23425322&dopt=Abstract
https://www.jmir.org/2015/1/e30/
http://dx.doi.org/10.2196/jmir.4055
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25639757&dopt=Abstract
https://archpublichealth.biomedcentral.com/articles/10.1186/2049-3258-73-3
http://dx.doi.org/10.1186/2049-3258-73-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25973193&dopt=Abstract
http://dx.doi.org/10.7309/jmtm.6.2.6
http://europepmc.org/abstract/MED/31463077
http://dx.doi.org/10.1177/2055207618785841
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31463077&dopt=Abstract
http://bmjopen.bmj.com/cgi/pmidlookup?view=long&pmid=27707829
http://dx.doi.org/10.1136/bmjopen-2016-012447
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27707829&dopt=Abstract
http://dx.doi.org/10.1089/tmj.2011.0062
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22381060&dopt=Abstract
https://ijbnpa.biomedcentral.com/articles/10.1186/s12966-015-0189-1
http://dx.doi.org/10.1186/s12966-015-0189-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25889577&dopt=Abstract
http://dx.doi.org/10.1080/15252019.2016.1237315
http://dx.doi.org/10.1027/1016-9040.13.2.141
http://dx.doi.org/10.1016/j.appet.2017.04.032
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28461198&dopt=Abstract
https://www.jmir.org/2004/3/e34/
http://dx.doi.org/10.2196/jmir.6.3.e34
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15471760&dopt=Abstract
https://ijbnpa.biomedcentral.com/articles/10.1186/s12966-015-0314-1
http://dx.doi.org/10.1186/s12966-015-0314-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26684758&dopt=Abstract
http://europepmc.org/abstract/MED/26484953
http://dx.doi.org/10.1249/MSS.0000000000000778
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26484953&dopt=Abstract
https://cui.unige.ch/isi/icle-wiki/_media/ipm:test-suschapt.pdf
https://cui.unige.ch/isi/icle-wiki/_media/ipm:test-suschapt.pdf
http://dx.doi.org/10.1037/0278-6133.27.3.379
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18624603&dopt=Abstract
https://bmcpublichealth.biomedcentral.com/articles/10.1186/1471-2458-14-646
http://dx.doi.org/10.1186/1471-2458-14-646
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24965805&dopt=Abstract
https://ijbnpa.biomedcentral.com/articles/10.1186/s12966-014-0097-9
http://dx.doi.org/10.1186/s12966-014-0097-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25059981&dopt=Abstract
http://dx.doi.org/10.1007/s12529-010-9127-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21038103&dopt=Abstract
http://dx.doi.org/10.1016/j.ypmed.2014.07.031
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25117522&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


44. Berger AM, Kuhn BR, Farr LA, Lynch JC, Agrawal S, Chamberlain J, et al. Behavioral therapy intervention trial to improve
sleep quality and cancer-related fatigue. Psychooncology 2009 Jun;18(6):634-646. [doi: 10.1002/pon.1438] [Medline:
19090531]

45. Loft M, Cameron LD. Using mental imagery to deliver self-regulation techniques to improve sleep behaviors. Ann Behav
Med 2013 Dec;46(3):260-272. [doi: 10.1007/s12160-013-9503-9] [Medline: 23640130]

46. Slater MD, Rouner D. Entertainment - education and elaboration likelihood: understanding the processing of narrative
persuasion. Commun Theory 2002;12(2):173-191. [doi: 10.1111/j.1468-2885.2002.tb00265.x]

47. Lally P, Gardner B. Promoting habit formation. Health Psychol Rev 2013;7(Suppl 1):S137-S158. [doi:
10.1080/17437199.2011.603640]

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

49. Michie S, Ashford S, Sniehotta F, Dombrowski S, Bishop A, French DP. A refined taxonomy of behaviour change techniques
to help people change their physical activity and healthy eating behaviours: the CALO-RE taxonomy. Psychol Health 2011
Nov;26(11):1479-1498. [doi: 10.1080/08870446.2010.540664] [Medline: 21678185]

50. Gardner B, Smith L, Lorencatto F, Hamer M, Biddle SJ. How to reduce sitting time? A review of behaviour change strategies
used in sedentary behaviour reduction interventions among adults. Health Psychol Rev 2016;10(1):89-112 [FREE Full text]
[doi: 10.1080/17437199.2015.1082146] [Medline: 26315814]

51. Irish LA, Kline CE, Gunn HE, Buysse DJ, Hall MH. The role of sleep hygiene in promoting public health: a review of
empirical evidence. Sleep Med Rev 2015 Aug;22:23-36 [FREE Full text] [doi: 10.1016/j.smrv.2014.10.001] [Medline:
25454674]

52. Knowlden A, Sharma M, Bernard AL. A Theory of Planned Behavior research model for predicting the sleep intentions
and behaviors of undergraduate college students. J Prim Prev 2012 Feb;33(1):19-31. [doi: 10.1007/s10935-012-0263-2]
[Medline: 22293980]

53. Duncan M, Murawski B, Short C, Rebar A, Schoeppe S, Alley S, et al. Activity trackers implement different behavior
change techniques for activity, sleep, and sedentary behaviors. Interact J Med Res 2017 Aug 14;6(2):e13 [FREE Full text]
[doi: 10.2196/ijmr.6685] [Medline: 28807889]

54. Rothman A, Sheeran P, Wood W. Reflective and automatic processes in the initiation and maintenance of dietary change.
Ann Behav Med 2009 Dec;38(Suppl 1):S4-17. [doi: 10.1007/s12160-009-9118-3] [Medline: 19787308]

55. Watson A, Bickmore T, Cange A, Kulshreshtha A, Kvedar J. An internet-based virtual coach to promote physical activity
adherence in overweight adults: randomized controlled trial. J Med Internet Res 2012 Jan 26;14(1):e1 [FREE Full text]
[doi: 10.2196/jmir.1629] [Medline: 22281837]

56. Eyck A, Geerlings K, Karimova D, Meerbeek B, Wang L, IJsselsteijn W, et al. Effect of a Virtual Coach on Athletes’
Motivation. In: Proceedings of the International Conference on Persuasive Technology. 2006 Presented at: PERSUASIVE'06;
May 18-19, 2006; Eindhoven, The Netherlands p. 158-161.

57. Ellis T, Latham N, DeAngelis T, Thomas C, Saint-Hilaire M, Bickmore TW. Feasibility of a virtual exercise coach to
promote walking in community-dwelling persons with Parkinson disease. Am J Phys Med Rehabil 2013 Jun;92(6):472-81;
quiz 482 [FREE Full text] [doi: 10.1097/PHM.0b013e31828cd466] [Medline: 23552335]

58. Health Interview Survey. Full reports: Health Survey Belgium 2018 URL: https://his.wiv-isp.be/nl/SitePages/
Volledige_rapporten_2018_backup.aspx [accessed 2019-10-13]

59. Drieskens S, Nguyen D, Gisle L. Sciensano Rapportnummer: D/2019/14.440/54. Brussel, België; 2019. Gezondheidsenquête
2018: Lichaamsbeweging. (National Health Survey 2018: Physical Activity) URL: https://his.wiv-isp.be/nl/SitePages/
Volledige_rapporten_2018_backup.aspx [accessed 2019-10-13]

60. Régnier F, Chauvel L. Digital inequalities in the use of self-tracking diet and fitness apps: interview study on the influence
of social, economic, and cultural factors. JMIR Mhealth Uhealth 2018 Apr 20;6(4):e101 [FREE Full text] [doi:
10.2196/mhealth.9189] [Medline: 29678807]

61. Morrison L, Muller I, Yardley L, Bradbury K. The person-based approach to planning, optimising, evaluating and
implementing behavioural health interventions. Eur Health Psychol 2018;20(3):464-469 [FREE Full text]

Abbreviations
BCT: behavior change technique
LPA: light physical activity
MPA: moderate physical activity
MVPA: moderate-to-vigorous physical activity
PA: physical activity
SB: sedentary behavior

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 12 | e15707 | p.72http://mhealth.jmir.org/2019/12/e15707/
(page number not for citation purposes)

DeSmet et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://dx.doi.org/10.1002/pon.1438
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19090531&dopt=Abstract
http://dx.doi.org/10.1007/s12160-013-9503-9
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23640130&dopt=Abstract
http://dx.doi.org/10.1111/j.1468-2885.2002.tb00265.x
http://dx.doi.org/10.1080/17437199.2011.603640
https://implementationscience.biomedcentral.com/articles/10.1186/1748-5908-6-42
http://dx.doi.org/10.1186/1748-5908-6-42
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21513547&dopt=Abstract
http://dx.doi.org/10.1080/08870446.2010.540664
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21678185&dopt=Abstract
http://europepmc.org/abstract/MED/26315814
http://dx.doi.org/10.1080/17437199.2015.1082146
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26315814&dopt=Abstract
http://europepmc.org/abstract/MED/25454674
http://dx.doi.org/10.1016/j.smrv.2014.10.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25454674&dopt=Abstract
http://dx.doi.org/10.1007/s10935-012-0263-2
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22293980&dopt=Abstract
https://www.i-jmr.org/2017/2/e13/
http://dx.doi.org/10.2196/ijmr.6685
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28807889&dopt=Abstract
http://dx.doi.org/10.1007/s12160-009-9118-3
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19787308&dopt=Abstract
https://www.jmir.org/2012/1/e1/
http://dx.doi.org/10.2196/jmir.1629
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22281837&dopt=Abstract
http://europepmc.org/abstract/MED/23552335
http://dx.doi.org/10.1097/PHM.0b013e31828cd466
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23552335&dopt=Abstract
https://his.wiv-isp.be/nl/SitePages/Volledige_rapporten_2018_backup.aspx
https://his.wiv-isp.be/nl/SitePages/Volledige_rapporten_2018_backup.aspx
https://his.wiv-isp.be/nl/SitePages/Volledige_rapporten_2018_backup.aspx
https://his.wiv-isp.be/nl/SitePages/Volledige_rapporten_2018_backup.aspx
https://mhealth.jmir.org/2018/4/e101/
http://dx.doi.org/10.2196/mhealth.9189
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29678807&dopt=Abstract
https://eprints.soton.ac.uk/425043/
http://www.w3.org/Style/XSL
http://www.renderx.com/


Edited by G Eysenbach; submitted 31.07.19; peer-reviewed by E Ortega, D Wolff-Hughes; comments to author 25.09.19; revised
version received 13.10.19; accepted 20.10.19; published 20.12.19.

Please cite as:
DeSmet A, De Bourdeaudhuij I, Chastin S, Crombez G, Maddison R, Cardon G
Adults’ Preferences for Behavior Change Techniques and Engagement Features in a Mobile App to Promote 24-Hour Movement
Behaviors: Cross-Sectional Survey Study
JMIR Mhealth Uhealth 2019;7(12):e15707
URL: http://mhealth.jmir.org/2019/12/e15707/ 
doi:10.2196/15707
PMID:31859680

©Ann DeSmet, Ilse De Bourdeaudhuij, Sebastien Chastin, Geert Crombez, Ralph Maddison, Greet Cardon. Originally published
in JMIR mHealth and uHealth (http://mhealth.jmir.org), 20.12.2019. 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.

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 12 | e15707 | p.73http://mhealth.jmir.org/2019/12/e15707/
(page number not for citation purposes)

DeSmet et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

http://mhealth.jmir.org/2019/12/e15707/
http://dx.doi.org/10.2196/15707
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=31859680&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/


Original Paper

Medical Videography Using a Mobile App: Retrospective Analysis

Julia C Cambron1, BS; Kirk D Wyatt2, MD; Christine M Lohse3, MS; Page Y Underwood4, JD; Thomas R Hellmich5,
MD
1Mayo Clinic Alix School of Medicine, Mayo Clinic, Rochester, MN, United States
2Division of Pediatric Hematology/Oncology, Department of Pediatric and Adolescent Medicine, Mayo Clinic, Rochester, MN, United States
3Division of Biomedical Statistics and Informatics, Mayo Clinic, Rochester, MN, United States
4Legal Department, Mayo Clinic, Scottsdale, AZ, United States
5Department of Emergency Medicine, Mayo Clinic, Rochester, MN, United States

Corresponding Author:
Thomas R Hellmich, MD
Department of Emergency Medicine
Mayo Clinic
200 First Street Southwest
Rochester, MN, 55905
United States
Phone: 1 507 255 2216
Email: Hellmich.Thomas@mayo.edu

Abstract

Background: As mobile devices and apps grow in popularity, they are increasingly being used by health care providers to aid
clinical care. At our institution, we developed and implemented a point-of-care clinical photography app that also permitted the
capture of video recordings; however, the clinical findings it was used to capture and the outcomes that resulted following video
recording were unclear.

Objective: The study aimed to assess the use of a mobile clinical video recording app at our institution and its impact on clinical
care.

Methods: A single reviewer retrospectively reviewed video recordings captured between April 2016 and July 2017, associated
metadata, and patient records.

Results: We identified 362 video recordings that were eligible for inclusion. Most video recordings (54.1%; 190/351) were
captured by attending physicians. Specialties recording a high number of video recordings included orthopedic surgery (33.7%;
122/362), neurology (21.3%; 77/362), and ophthalmology (15.2%; 55/362). Consent was clearly documented in the medical
record in less than one-third (31.8%; 115/362) of the records. People other than the patient were incidentally captured in 29.6%
(107/362) of video recordings. Although video recordings were infrequently referenced in notes corresponding to the clinical
encounter (12.2%; 44/362), 7.7% (22/286) of patients were video recorded in subsequent clinical encounters, with 82% (18/22)
of these corresponding to the same finding seen in the index video. Store-and-forward telemedicine was documented in clinical
notes in only 2 cases (0.5%; 2/362). Videos appeared to be of acceptable quality for clinical purposes.

Conclusions: Video recordings were captured in a variety of clinical settings. Documentation of consent was inconsistent, and
other individuals were incidentally included in videos. Although clinical impact was not always clearly evident through retrospective
review because of limited documentation, potential uses include documentation for future reference and store-and-forward
telemedicine. Repeat video recordings of the same finding provide evidence of use to track the findings over time. Clinical video
recordings have the potential to support clinical care; however, documentation of consent requires standardization.

(JMIR Mhealth Uhealth 2019;7(12):e14919)   doi:10.2196/14919
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Introduction

Background
Mayo Clinic’s institutional archives reference the use of video
cameras to record surgeries as early as the 1930s using
equipment that would be considered bulky by today’s standards.
Historical photographs show videographers perched from
balconies above operating theaters to record surgeries (Figure
1). As the process of video recording patients has become easier,
the use of rich media for clinical documentation and diagnostic
purposes has evolved.

At present, video cameras remain in use to capture medical
procedures for the purposes of quality improvement, training,
and research [1,2]. A recent systematic review on video
recording open surgeries included 110 articles that discussed
camera use to capture open surgery with miniature cameras,
such as GoPro (GoPro, Inc.) and GoogleGlass (Alphabet, Inc)
[3]. Outside of surgical specialties, video recordings are widely
used to correlate clinical findings with electroencephalogram

findings in patients with suspected seizures [4-6] and may also
be used to study team dynamics and technical skills in
emergency cardiopulmonary resuscitation [7]. In addition to
asynchronous review of video recordings after they have been
captured, live video can be used to conduct synchronous
telemedicine encounters. For example, provider-to-provider
telemedicine is used to guide neonatal resuscitation [8] and
provider-to-consumer telemedicine is used for urgent care visits
for minor illnesses [9].

At present, cameras available in smartphones arguably capture
photographs and video recordings with better quality than most
consumer-grade digital cameras that were available less than a
decade ago. In a time when at least 77% of Americans own
smartphones and more than 86% of physicians report using an
electronic health record (EHR), merging both technologies
presents an attractive and convenient opportunity to enhance
point-of-care documentation [10,11]. Indeed, leading EHR
vendors have seized this opportunity to integrate point-of-care
image capture into their mobile apps, and institutions have
developed home-grown apps for this purpose [12-14].

Figure 1. Videographer recording a surgical procedure at Mayo Clinic in Rochester, Minnesota, in March 1937. Copyright 1937 Mayo Foundation for
Medical Education and Research. Used with the permission of Mayo Foundation for Medical Education and Research, all rights reserved.

Prior Work
We previously described the implementation of a mobile app
(PhotoExam) for point-of-care clinical photography at Mayo
Clinic [12], including its integration in the primary care setting
[15]. Later evaluations revealed that the app’s primary use was
not for teleconsultation but rather for improved documentation
of physical examination findings within the EHR. Our initial
assessment observed that residents and fellows represented the
primary user base, with surgical specialties making up the largest
number of users and dermatology accounting for most of the
photographs [12]. Photographs were observed to be of
acceptable quality, and the app’s release did not appear to be
associated with a decrease in the use of traditional medical

photography services. Our ongoing efforts are focused on
assessing how point-of-care medical photography affects patient
care–related outcomes.

The PhotoExam app has predominantly been used for its
photography function, which allows authorized users to securely
photograph a clinical finding and tag it with metadata (eg,
anatomical site captured and description of finding). However,
more recent versions of the PhotoExam app include capability
to capture and upload video recordings.

Goals
As it was unclear how the video recording function was being
used in clinical practice and we were unable to identify literature
about the use of point-of-care mobile clinical video recording
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technology elsewhere, we aimed to assess the following
attributes of video recordings captured using the PhotoExam
app: (1) who was capturing video recordings (in terms of
specialty and work role), (2) what clinical findings were being
captured on video recordings, and (3) was there a measurable
impact of video recordings on patient care. Therefore, we
retrospectively reviewed video recordings, their associated
metadata, and patient records to assess the use and impact of
the PhotoExam video recording feature.

Methods

The PhotoExam App
The PhotoExam app is available to health care providers at all
Mayo Clinic sites via an internal App Store and is compatible
with recent versions of iOS. Its release and updates were
announced in internal communications (ie, staff newsletter).
Any health care staff with access to the EHR can use the app
while their device is securely connected behind the institutional
firewall. Use of the app was not mandated by the institution.
Although we are not aware of specific, formal departmental
initiatives promoting use, we cannot rule out the possibility that
departmental quality improvement initiatives may have
encouraged use within specific specialties. Our anecdotal
experience has been that clinical champions within a department
often encouraged colleagues to use the app. The features and
functionality of the video recording function are identical to
those previously described for the photography function [12]
except that only 1 video recording can be uploaded for each
anatomic site (compared with multiple photographs per anatomic
site), and the newest version automatically launches from within
our EHR vendor’s proprietary mobile EHR app in a manner
that hands off patient context, thereby obviating the need to
manually search for the patient record within the PhotoExam
app. Once the patient record is opened within the PhotoExam
app, a hard stop verifies that the appropriate consent for
photography or videography has been obtained according to
departmental policies. The user is then permitted to capture a
video recording using the device’s camera. The video recording
is securely uploaded to a Digital Imaging and Communications
in Medicine standard-compliant Digital Clinical Asset
Management System. The captured video recordings are stored
on the local device only temporarily until they are successfully
uploaded or the user closes the app—whichever comes
first—after which, they are permanently deleted from the user’s
device in a manner that is compliant with the Health Insurance
Portability and Accountability Act (HIPAA). Video recordings
are not accessible by other apps on the mobile device. The app
was not designed for patient use, and patients were not able to
utilize the app to upload self-shot video recordings.

The users did not receive any formal training on practical aspects
such as use case scenarios or how to capture clinically relevant
video recordings with high fidelity. However, an internally
accessible website provided technical support and instructions
on the app’s use. We are unaware of formal integration of the
app into medical training programs; however, users included
residents and fellows in training.

Human Subjects Protection
The study procedures were reviewed and approved by the Mayo
Clinic’s institutional review board.

Patient Selection and Data Collection
We queried the clinical asset management database to identify
all video recordings taken using the PhotoExam app between
April 15, 2016, (when the video recording feature first became
available) and July 17, 2017. We excluded records
corresponding to patients who refused the use of their medical
records for research purposes, known test patients (ie, fictitious
medical records within the production environment used for
training and testing) and incidental video recordings (ie, user
had not intended to record a video).

Employee work role and department were identified by
cross-referencing a human resources database. These data were
missing in the data source for a small number of users who were
no longer employed by Mayo Clinic at the time of the query.
Data available by review of the video recording and the patient
medical records were extracted by 1 reviewer (JCC). Data were
extracted into a data extraction form in REDCap [16] and
exported for analysis.

Quality Assessment
Lacking a standardized tool to assess the quality of
provider-captured clinical video recordings, we adapted the
quality assessment rubric used previously for assessing
photographs taken using PhotoExam [12]. By consensus, we
arrived at the following quality assessment items that were
included in our rubric:

1. Does image quality or blurriness limit ability to see the area
of focus?

2. Does the video recording objectively portray size using a
ruler?

3. Does the video recording zoom in or out or move around
to optimally characterize the finding as needed?

4. Is there sufficient lighting and color differentiation to see
the area of focus?

5. Is the audio clear and audible (if present)?
6. Is the video recording image stable?
7. Is the video recording right side up?

A favorable score was awarded for an answer of yes on questions
2, 3, 4, 5, 6, and 7, and a favorable score was awarded for an
answer of no on question 1. A quality score was calculated as
a percentage of applicable favorable scores awarded on rubric
items. For video recordings that included sound, the total score
was calculated as a percentage of items out of 7. For video
recordings that did not include sound, the total score was
calculated as a percentage of items out of 6 because item 5 did
not apply.

Data Analysis
Continuous features were summarized with means and standard
deviations when approximately normally distributed and with
medians and interquartile ranges otherwise. Categorical features
were summarized with frequency counts and percentages. For
differences in quality score, referral generation, and consent
documentation between specialties, analysis of variance and
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chi-square tests were performed across the most common user
specialties (ie, orthopedic surgery, neurology, ophthalmology,
and emergency medicine) with all other specialties grouped
together as other. Throughout the paper, sample sizes for
features with missing data or for subsets of interest are indicated
in italics in parentheses. Results are reported at the video
recording level—rather than patient level—unless otherwise
specified. Statistical analyses were performed using SAS version
9.4 (SAS Institute). All tests were 2 sided, and P values less
than .05 were considered statistically significant.

Results

Included Records
We identified 390 video recordings that were potentially eligible
for inclusion. We observed that 11 video recordings were
unavailable for review, 1 video recording corresponded to a test
patient record that had not been identified in the initial screening
process, and 16 video recordings appeared to be incidentally
recorded. These video recordings were all excluded, yielding
362 video recordings of 286 patients that were included in the
study (Figure 2).

Figure 2. Patient record selection.

Demographics
App use in terms of the number of clinical video recordings
captured using the PhotoExam app over time is shown in Figure
3.

In terms of patient demographics, there was a slight
predominance of males (58.0%, 210/362), and patients were
largely white (88.6% [321/362]; Table 1). The most common

site where video recordings took place was the Mayo Clinic
Rochester campus, corresponding to nearly 4 out of 5 video
recordings (79.0% [286/362]; Table 1). Most (70.7%, 256/362)
video recordings took place in the outpatient clinic setting,
followed by the inpatient hospital setting (20.4%, 74/362),
emergency department (8.3%, 30/362), and, unexpectedly,
patients’homes (1.1% [4/362]; Table 1). The mean video length
was 21 seconds (SD 12 seconds; Figure 4).
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Figure 3. Videorecordings over time.

Table 1. Patient demographics and location of video recording, including work site and clinical setting.

ValuePatient demographics (N=362)

45.0 (24.6)Age (years), mean (SD)

Sex, n (%)

210 (58.0)Male

152 (41.9)Female

Race, n (%)

321 (88.6)White

10 (2.7)Black/African American

4 (0.2)Asian

18 (5.0)Other

9 (2.5)Unknown

Location of video recording

Work site, n (%)

286 (79.0)Mayo Clinic Rochester

43 (12.0)Mayo Clinic Arizona

10 (2.8)Mayo Clinic Florida

23 (6.4)Mayo Clinic Health System

Clinical setting, n (%)

74 (20.4)Hospital

256 (70.7)Clinic

30 (8.3)Emergency department

2 (0.5)Patient’s home
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Figure 4. Distribution of videorecording lengths.

User Demographics
The work role and primary clinical department of the provider
who captured each video recording were assessed. The majority
of video recordings were captured by attending physicians
(54.1%; 190/351), followed by nurses (19.7%; 69/351) and
residents/fellows (18.2%; 64/351). When assessed according
to clinical department, approximately one-third (34.8%;
122/351) of video recordings were taken within orthopedic
surgery, 21.9% (77/351) were taken within neurology, and
15.7% (55/351) of video recordings were taken within
ophthalmology.

Video Recordings and Photographs Within the Medical
Record
To assess the extent of utilization of the app, we assessed the
number of video recordings or photographs taken of the patient
during each clinical encounter. To assess the provider’s
experience level, we measured the cumulative number of video
recordings and photographs the recording provider had
previously captured using the app as of the time of each video
recording. In most cases, only 1 video recording was recorded
during the encounter and no photographs were captured (Table
2). Furthermore, providers had previously captured a median
of 46.5 photographs and 3.5 video recordings using the
PhotoExam app as of the time the video recording was recorded
(Table 2). The distribution of provider experience level with
videography and photography is graphically demonstrated in a
histogram form in Figures 5 and 6, respectively.

Table 2. Photographs and video recordings associated with each clinical encounter and provider experience level at the time of use.

Value, median (IQR)Associated photographs and video recordings

Extent of app use during encounter

1 (1-2)Number of video recordings captured at visit

0 (0-2)Number of photographs captured at visit

Provider experience level

3.5 (2-8)Cumulative number of video recordings captured by provider

46.5 (14-111)Cumulative number of photographs captured by provider

Figure 5. Distribution of provider experience level with videography. A single outlier who captured nearly 50 videorecordings is not included on the
histogram.
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Figure 6. Distribution of provider experience with photography. A single outlier who captured over 1000 photographs is not included on the histogram.

Patients included in 22 video recordings (7.7% of patients;
N=286) were video recorded during subsequent clinical
encounters, with 82% (18/22) of video recordings of these
patients demonstrating the same finding seen in the index video.

Similarly, 19.2% (55/286) of patients’ video recordings were
associated with additional photographs taken using the
PhotoExam app. In 71% (39/55) of these cases, the
photographed finding was the same as the video-recorded
finding.

Clinical Findings Recorded
Independent of the recording provider’s identified specialty,
clinical findings were classified according to finding specialty
categories. Table 3 summarizes the types of specific findings
captured, stratified by finding category for the 4 most common
specialty uses of orthopedic/musculoskeletal/physiatrics,

neurologic, ophthalmologic, and dental, which accounted for
more than three-quarters of all video recordings.

Table 4 includes additional details about the findings
documented in the reviewed video recordings. Most of the video
recordings (68.8%; 249/362) captured volitional movements
by patients, and 29.6% (107/362) of them captured either passive
movements initiated by the examiner or static findings. The
vast majority (92.3%; 334/362) of video recordings captured
physical examination findings; however, less common uses
included demonstration of cares (eg, wound care), capture of
externally captured media (eg, video recording originally
captured on patient’s cellphone or portable ultrasound), and
objects external to the patient (eg, foreign body). A variety of
anatomic sites were captured, with the most common sites being
the upper extremities (31.5%; 114/362) and the eyes (18.0%;
65/362).

Table 3. Specialty-specific findings included in the video recordings.

Value, n (%)Specialty findings (N=362)

130 (35.9)Orthopedic/musculoskeletal/physiatrics

102 (28.2)Range of motion

4 (1.1)Muscle strength test

38 (10.5)Other

80 (22.1)Neurologic

19 (5.2)Motor function and balance

17 (4.7)Coordination test

7 (1.9)Cranial nerve test

5 (1.4)Mental status

4 (1.1)Reflexes

40 (11.0)Other

58 (16.0)Ophthalmologic

26 (7.2)Extraocular movement

5 (1.4)Slit lamp examination

2 (0.6)Pupillary response

31 (8.6)Other

13 (3.6)Dental

11 (3.0)Surgical prosthesis or device

2 (0.6)Other

83 (22.9)Other findings
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Table 4. General characteristics of the findings captured in video.

Value, n (%)General finding characteristics (N=362)

Volition

107 (29.6)Nonvolitional

249 (68.8)Volitional

6 (1.7)Both

Finding type

3 (0.8)Object outside patient

5 (1.4)Capture of video recording on another device

11 (3.0)Capture of imaging findings

334 (92.3)Physical exam

9 (2.5)Demonstration of care

Anatomic site captured

75 (20.7)Hand

65 (18.0)Eye

39 (10.8)Arm

44 (12.2)Entire body/unspecified

29 (8.0)Leg

23 (6.4)Face

15 (4.1)Mouth

14 (3.9)Chest

12 (3.3)Head

46 (12.7)Other

In 107 (29.6%; 107/362) video recordings, we noted that people
other than the patient were incidentally captured. In 80 (74.8%;
80/107) of these, medical personnel were included, and in 31
(29.0%; 31/107) video recordings, other people who had
accompanied the patient to the visit (ie, family or friends) were
included. As both medical personnel and other people who had
accompanied a patient to a visit could have been captured in
the same video recording, these percentages add up to greater
than 100%.

Captured Audio
As the PhotoExam app allows the user to include or omit the
recording of sound, we were interested in the inclusion and
content of the recorded audio. Audio was only recorded in 118
(32.6%; 118/362) video recordings. In 36.4% (43/118) of cases,
only background noise was captured, suggesting that audio did
not need to be recorded in those cases. In 55.1% (65/118) of
cases, the audio included provider instructions (such as
commands to the patient to complete physical examination
maneuvers), and in 11.0% (13/118) of cases, providers recorded
commentary (eg, description) about the observed findings. In
28.0% (33/118) of cases, sounds made by the patient, which
may be relevant to an observer, were captured.

Upon manual review of these 118 video recordings that included
audio, the audio recorded findings were deemed to be the
primary finding in 2.5% (3/118) of the video recordings, audio
recorded and video recorded findings were considered equally

important in 27.1% (32/118) of cases, and, in the remaining
70.3% (83/118), the video recorded finding was deemed the
primary finding.

Video Recording Quality
Our quality assessment revealed that most video recordings
were acceptably in focus with adequate lighting, stability, and
sound. However, video recordings frequently did not adequately
demonstrate scale (ie, by using a ruler) or perspective (ie, by
rotating the camera around clinical findings). The mean quality
score across video recordings was 67.8 (SD 7.7)%. There was
no significant difference in quality score when compared across
specialties. Average quality scores ranged between 65.8% in
emergency medicine and 68.5% in other specialties, with quality
scores of ophthalmology, neurology, and orthopedic surgery
falling within this range (P=.59).

Consent
In 115 (31.8%; 115/362) video recordings, patient consent was
clearly documented in the medical record: for 113 of these video
recordings (98.2%), a signed media consent form was scanned
into the medical record, and for 2 video recordings (1.7%), the
provider documented in the clinical note that verbal consent
was obtained. There was a significant difference between
specialties in terms of the percentage of video recordings that
were associated with explicitly documented consent within
clinical notes or a signed media consent form (P<.001).
Exploratory comparisons between individual specialties and

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 12 | e14919 | p.81https://mhealth.jmir.org/2019/12/e14919
(page number not for citation purposes)

Cambron et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


the others revealed driving factors to be high rates in orthopedic
surgery (53.3%, 65/122; P<.001 vs all others) compared with
low rates in emergency medicine (13.3%, 4/30; P=.02 vs all
others) and other (ie, not orthopedic surgery, neurology,
ophthalmology, or emergency medicine) specialties (11.5%,
9/78; P<.001 vs all others).

Clinical Impact
We first evaluated clinical notes to identify evidence of the
clinical impact of video recordings. Disappointingly, only 44
(12.2%; 44/362) video recordings were referenced in the clinical
notes corresponding to the visit, and in only 2 cases (0.6%;
2/362) the use of telemedicine with remote, asynchronous review
of the video recording by another provider was explicitly
documented in the clinical notes.

In 30 cases (8.3%; 30/362), an outcome of the visit was
generation of a referral to a specialist. In the majority of these
cases (20/30; 67%), the referral occurred on the same day. Of
the 20 same-day referrals, 14 (70%) were specialist referrals
made for patients seen in the emergency department. Overall,
16 total referrals were made in the emergency department,
meaning that only 2 patients for whom a referral was generated
in the emergency department were not seen by the specialist on
the same day the referral was made. Neurology and plastic
surgery accounted for the majority of the specialists consulted,
contributing 10 and 6 referrals, respectively. There was a
significant difference between departments in the proportion of
video recordings associated with a referral (P<.001), with the
main driver being a high rate of referrals made from the
emergency department, where half of the video recordings were
associated with a referral compared with 7% or fewer encounters
for all other specialties.

Qualitative Aspects and Real-World Use Cases
In this study, we categorized and summarized the myriad ways
that health care providers have used video recordings to
document clinical findings. One unfortunate consequence of
aggregating data is that the qualitative richness of the video
content becomes lost. To capture these uses, we therefore
include a few qualitative observations to highlight innovative
or interesting use cases. One coauthor (TRH) utilized the app
to capture the work of the breathing of an infant with
bronchiolitis who required hospital admission. Another coauthor
(KDW) who was covering the pediatric ward was able to view
the video from elsewhere in the hospital, and this was noted to
facilitate the appropriate disposition of the patient to the
intensive care unit.

Overall, 19 video recordings demonstrated motor function and
balance in a variety of ways. Common use cases included
capturing of abnormal gait (eg, ataxia), tremors, and dystonia.
Face, letter, and number recognition exercises were recorded
and used to document mental status. Ophthalmologic video
recordings captured slit lamp examinations, which were
generally conducted without the use of a magnifying objective.

Innovative uses included capturing radiographic videos (eg,
fluoroscopy, echocardiography and other ultrasonography
captured on portable machines and at outreach locations that
utilize a different EHR), dressing of a wound and application

of vacuum-assisted closure device (ie, intended to be instructive
to other providers), recording brief procedures (eg, plantar corn
removal) and capturing patient-provided video recordings (eg,
capturing a video recording of a video playing on the patient’s
phone in order to integrate it into the EHR).

Discussion

To our knowledge, this is the first report in the literature to
summarize the use of a point-of-care mobile app to capture and
upload clinical video recordings to the EHR in a manner that
is secure and HIPAA compliant.

Principal Findings and Comparison With Prior Work
In our initial report on the use of the photography feature of the
PhotoExam app, attending physicians captured more
photographs than other user groups (29.5%; 6725/22,784), with
nurses taking a similar number of photographs (28.3%;
6446/22,784). In this study, attending physicians and nurses
were still the leading users, though there was a greater
discrepancy between the percentage of video recordings captured
by the top user groups when compared with photographs, with
attending physicians and nurses capturing 54.1% (190/351) and
19.7% (69/351) of video recordings, respectively. With respect
to specialty, our initial report on PhotoExam revealed that 54.1%
(12,315/22,784) of photographs were captured within
dermatology and 25.6% (5825/22,784) were captured within
surgery. In contrast, leading user departments in this study were
orthopedic surgery (33.7%; 122/362), neurology (21.3%;
77/362), and ophthalmology (15.2%; 55/362). This is not
surprising as dermatology and surgery may be able to rely on
static clinical findings, whereas orthopedic surgery, neurology,
and ophthalmology commonly refer to active physical
examination findings.

Analysis of usage patterns indicated steady growth in use over
time, though the number of photographs taken using the app
dwarf the number of video recordings. For example, in the first
8 months after the launch of the PhotoExam app, 22,784
photographs were captured compared with 148 video recordings
in the 8 months following the addition of video recording
functionality to the app [12]. There are several possible
explanations for this discrepancy. One possibility is that users
are not as aware of or familiar with the video recording feature.
Another possibility is that many users may find the photography
feature to be sufficient to capture clinical findings, thereby
obviating the need to capture a video recording.

Most video recordings were recorded at the Mayo Clinic
Rochester campus. This likely—at least partly—reflects
differences in patient visit volumes between sites. The majority
of video recordings were taken by attending physicians.
However, nurses and residents/fellows also captured a
significant number of video recordings. In comparison, in our
previous study on the use of the app to capture photographs,
attending physicians captured more photographs than other user
groups (29.5%; 6725/22,784) but nurses took a similar number
of photographs (28.3%; 6446/22,784) [12]. On the basis of
review of the video recordings and medical records, as well as
practical experience with the app’s use, nurses and
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residents/fellows may take video recordings on their own
initiative or may be delegated by an attending physician to
capture a video recording.

In addition to permitting moving images to be captured, video
recordings also permit sound to be recorded. Common inclusions
on audio tracks included provider commands (which allow the
viewer to follow what is being asked of a patient) and a
provider’s verbal description (to indicate what is being
captured). Furthermore, sounds made by patients, which could
be relevant to the clinical finding, were also captured.

In general, video recordings were of high quality, though many
did not extensively demonstrate perspective by rotating about
the clinical finding, and many did not explicitly demonstrate
size/scale using an objective measuring device (ie, ruler). In
retrospect, perspective may be less important for some findings
(ie, seizure) than for others (ie, raised subcutaneous abscess)
and therefore may be less relevant to consider when assessing
these video recordings for quality. In addition, our rubric may
have been excessively stringent by requiring the use of a ruler
to be deemed as adequately demonstrating size/scale. Our
previous use of this rubric for assessment of photography quality
[12] did not strictly require size to be portrayed using a
ruler—photographs could be considered to demonstrate size if
other anatomical landmarks that infer size were included. In
that study, 12.0% (12/100) of photographs did not adequately
demonstrate size [12] compared with 99.4% (360/362) of video
recordings in this study. In retrospect, many video recordings
that we reviewed for this study were able to reasonably
demonstrate size/scale by including an object of reference within
the frame or by starting the video recording showing the
patient’s entire body or recognizable landmarks and then slowly
panning and zooming to the area of interest to capture size.
Therefore, the use of overly stringent criteria to judge
demonstration of size represents a limitation of the quality
adjudication criteria used in this study. Furthermore, assessment
of quality by only 1 reviewer was another limitation. In future
studies, we will adjust the quality rating scale based on our
observations, and we will consider reviewing at least a subset
of video recordings in duplicate to ensure consistency in the
quality assessment process.

Patient consent was not always clearly documented in the EHR.
However, we are confident that patient consent was obtained
for all video recordings because the app includes a hard stop
(toggle switch and popup dialog box) that requires the user to
attest that consent was obtained from the patient before being
permitted to proceed with photography. One reason verbal
consent may not have been clearly documented in clinical notes
could be that providers may have thought that attesting that
consent was obtained within the app was sufficient for
documentation purposes. One possible improvement to the app
would be to have the user select the method of consent (ie,
verbal or written) and indicate the person providing consent (ie,
patient, parent, guardian, and legal representative), which would
then be documented with the video recordings. During the early
stages of the app’s development, the idea of having patients
sign the screen of the device to provide written consent was
considered. However, this option was not pursued because
providers’ personal mobile devices were often used and would

ideally need be sanitized before having patients handle them.
Furthermore, logistical issues relating to internal form
processing and practical considerations of handing a patient an
unlocked mobile device that contains protected health
information and other private, personal information limited our
ability to pursue this mechanism for consent documentation.

In many cases, people other than the patient were incidentally
captured in video recordings. Most of the individuals
incidentally captured on the video recordings appeared to be
staff members, but others appeared to be family or friends who
accompanied the patient. It is unclear whether these individuals
also separately provided consent to be included in the video
recordings or whether their consent was implied by facilitating
video recording (ie, parent holding a child while the provider
captures the video recording). From a legal standpoint, patients
have a fundamental right to privacy that includes the right to
consent to be photographed or video recorded. Staff, family,
and friends do not have the same privacy rights. Courts have
held that when individuals are in public areas, such as common
areas within a hospital, they do not have reasonable expectations
of privacy and can be photographed and, in most states, video
recorded without the need for their prior consent. In a minority
of states, a recording of a conversation requires the consent of
every person in the conversation. If the video recording occurs
in one of these 2-party consent states, consent is required of
each staff member, family member, or friend who is a party to
the recorded conversation. However, consent can be expressed
or implied based on the circumstances. As in the case of the
parent holding a child, if the individual is aware of the video
recording and continues to participate, consent may be implied.

We observed evidence that video recordings favorably affected
clinical care. For example, we observed that video recorded
findings were either video recorded or photographed at
subsequent visits, suggesting that clinical findings were being
tracked over time using the app and presumably referenced at
those visits for comparison. In 8% of cases, a referral to a
specialist was generated, and in two-thirds of these cases,
referrals occurred the same day. Furthermore, video recordings
captured in the emergency department were more likely to be
associated with a referral than those captured within other
specialties. Although it is tempting to speculate that the
existence of a video recording within the EHR facilitated or
expedited referrals, we do not have additional evidence to
support this hypothesis. The authors’ anecdotal experience has
been that consulting specialists find video recordings helpful
because they allow specialists to gather important information
and provide tentative management advice before seeing the
patient in-person. Review of video recordings may also help
specialists prioritize consultations or expedite care when
appropriate (eg, notify the operating room staff of an anticipated
procedure).

We were disappointed that providers only infrequently
mentioned video recordings within clinical notes. In fact, when
video recordings were mentioned in clinical notes, they were
only mentioned in notes corresponding to the clinical encounter
where the video recording was recorded and were not mentioned
in subsequent follow-up visits. We had anticipated that other
providers who see the patient in follow-up might reference
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previously taken video recordings. As noted above, we speculate
that providers who captured repeat video recordings or
photographs at follow-up visits viewed those video recordings,
but we do not have evidence of this. It is unclear whether the
absence of further references in follow-up and referred
consultation notes reflects an incomplete search of the patients’
medical records, a lack of viewership by subsequent physicians,
a simple omission on the part of the provider in documentation,
or a lack of impact of the video recording on future medical
care. Video recording access log audits would help demonstrate
how often other providers view the video recordings.

Strengths and Limitations
Strengths include that we captured data from a variety of
sources, including photograph metadata, human resources
records, manual review of video recordings, and review of
clinical documentation. We also reviewed longitudinal data to
identify when additional photographs or video recordings of
the captured findings were obtained.

The major limitation was the use of a single reviewer to abstract
data and review video recordings. Although we included patients
seen at multiple sites within various settings, another limitation
that limits the generalizability of our findings is that our patient
population is not representative. Furthermore, we were unable
to clearly associate video recordings with objective clinical
outcomes. We systematically assessed the technical quality of
video recordings; however, in this descriptive study, we did not
include an assessment of suitability for clinical use. Conducting
such an assessment in the course of our review presents several
challenges. For one, the reviewer may not be familiar with the
clinical requirements of a given subspecialty and may therefore
not be appropriate to assess the suitability for clinical purposes.
Second, the clinical utility may not be apparent or evident to
those who are not directly involved in the patient’s care during
a retrospective review (ie, third-party reviewer). In part, to
address this aspect of the app’s use and assess the clinical impact
of the app, we separately conducted Web-based user surveys
(unpublished) that included questions about use cases and
outcomes of photography. To keep the survey brief and
maximize the response rate, the questions asked about the app
in general and did not ask the same questions separately about
the photography and videography features. Most users utilized
the app exclusively to capture photographs—rather than video
recordings—and, therefore, responses in general were in

reference to photography. Therefore, the clinical utility of the
video recording feature remains an area needing study.

Areas of Future Research
Through the authors’ use of the app in clinical practice, a
number of legal questions have arisen. Although it is out of the
scope of this study to review them all, several of these questions
are worth raising. For example, in video recordings where people
other than the patient are included, have consent laws been
violated? In some cases, consent for video recording may be
implied—for example, if a parent holds a child in their lap and
poses them to the video camera for photography, they are
providing implied consent. However, if another patient is
captured on a video recording while walking by, they have not
provided implied consent. Even in cases where others may be
incidentally included in video recordings, the HIPAA privacy
rule permits certain incidental disclosures as long as reasonable
safeguards are put in place to limit these disclosures. For
example, policies, procedures, and training may be reasonable
safeguards to limit incidental disclosures. In cases where others
are incidentally included in recordings, other privacy rights
beyond HIPAA may limit reuse of the video recording without
the express consent of all parties included in the video recording.

If a recording is to be used in court proceedings, state laws may
dictate consent requirements. For example, some states have
two-party consent laws that require consent of parties involved
to be used as evidence in court. Another legal consideration if
the video recording is to be used for legal proceedings is
maintenance of the chain of custody. The use of electronic log
files that document the creation and any modifications to the
video recording can help maintain the chain of custody.

Conclusions
In conclusion, the video recording feature of the PhotoExam
app has proven to be a versatile tool that has uses within many
different specialties at Mayo Clinic. Clinical video recordings
offer the potential to augment clinical documentation, support
assessments at follow-up visits, and facilitate telemedicine. In
particular, the ability to closely track patient examination
findings over time offers the potential to more accurately
document chronic and progressive conditions. This technology
may be used to capture objective assessments of the efficacy of
treatments and medical interventions over time, and it can
facilitate collaboration among multiple members of a
multidisciplinary patient care team.
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Abstract

Background: An increasing number of patients with chronic heart failure (CHF) are demanding more convenient and efficient
modern health care systems, especially in remote areas away from central cities. Telehealth is receiving increasing attention,
which may be useful to patients with CHF.

Objective: This study aimed to evaluate the feasibility of a hospital-community-family (HCF)–based telehealth program, which
was designed to implement remote hierarchical management in patients with CHF.

Methods: This was a single-arm prospective study in which 70 patients with CHF participated in the HCF-based telehealth
program for remote intervention for at least 4 months. The participants were recruited from the clinic and educated on the use of
smart health tracking devices and mobile apps to collect and manually upload comprehensive data elements related to the risk of
CHF self-care management. They were also instructed on how to use the remote platform and mobile app to send text messages,
check notifications, and open video channels. The general practitioners viewed the index of each participant on the mobile app
and provided primary care periodically, and cardiologists in the regional central hospital offered remote guidance, if necessary.
The assessed outcomes included accomplishments of the program, usability and satisfaction, engagement with the intervention,
and changes of heart failure–related health behaviors.

Results: As of February 2018, a total of 66 individuals, aged 40-79 years, completed the 4-month study. Throughout the study
period, 294 electronic medical records were formed on the remote monitoring service platform. In addition, a total of 89 remote
consultations and 196 remote ward rounds were conducted. Participants indicated that they were generally satisfied with the
intervention for its ease of use and usefulness. More than 91% (21/23) of physicians believed the program was effective, and
87% (20/23) of physicians stated that their professional knowledge could always be refreshed and enhanced through a library
hosted on the platform and remote consultation. More than 60% (40/66) of participants showed good adherence to the care plan
in the study period, and 79% (52/66) of patients maintained a consistent pattern of reporting and viewing their data over the course
of the 4-month follow-up period. The program showed a positive effect on self-management for patients (healthy diet: P=.046,
more fruit and vegetable intake: P=.02, weight monitoring: P=.002, blood pressure: P<.001, correct time: P=.049, and daily
dosages of medicine taken: P=.006).

Conclusions: The HCF-based telehealth program is feasible and provided researchers with evidence of remote hierarchical
management for patients with CHF, which can enhance participants’ and their families’ access and motivation to engage in
self-management. Further prospective studies with a larger sample size are necessary to confirm the program’s effectiveness.
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Introduction

Background
Chronic heart failure (CHF) is a major public health issue,
affecting nearly 1 in every 100 people aged above than 65 years,
and its prevalence is increasing with the aging population [1].
Patients with CHF have a poor quality of life and a very low
5-year survival rate [2]. In addition, they are particularly
vulnerable to readmission. Previous studies indicated that the
30-day readmission rate was 5.6% for CHF, and more than half
of them were readmitted a year later [3,4]. In addition to the
morbidity of repeat hospitalizations, the cost of hospitalizations
is high [5,6]. It undoubtedly increases the burden on the health
care system and results in unnecessary wastage of medical
resources.

Considering the demographic changes of patients with CHF,
there is a need for a solution that can facilitate more convenient
and effective access to medical service, especially in remote
areas. With ubiquitous penetration of wireless internet, mobile
phone, and portable personal health tracking devices, telehealth
has become possible. On account of its potential to provide a
much larger number of patients across a much greater geography
with specialist care, it is increasingly being valued as a
promising long-term management strategy for patients with
chronic diseases. It promises the opportunity to remotely provide
patients with consistent education, motivation to become
engaged in their own self-care, and assistance in monitoring on
a regular basis [7].

To date, many experiments have confirmed the remarkable
achievements of telehealth in decreasing patients’ risk of CHF
exacerbations and hospital readmissions [8-11], which addresses
the burdens associated with disease management and reduces
CHF-associated health care costs [12]. However, a number of
prior research studies have selected general practitioners or
cardiologists to be the only management lead [13,14] or adopted
a single management strategy to support self-care and home
telemonitoring, such as structured telephone programs [10,15],
mobile apps [11], or Web platforms [16]. To our knowledge,
no existing system has incorporated a Web platform, mobile
app, and smart health tracking devices, together with
collaborative work between general practitioners and
cardiologists, to engage and empower patients in disease
self-management.

Objectives
We developed a hospital-community-family (HCF)–based
telehealth program and aimed to explore its feasibility for the
implementation of remote hierarchical management in patients
with CHF.

Methods

Innovative Digital Devices in the
Hospital-Community-Family–Based Telehealth
Program
Overall, the program consisted of three innovative digital
devices: (1) a remote monitoring service platform (Physio-Gate
PG 1000, GETEMED Medizin- und Informationstechnik AG)
that collects and integrates patients’ data, (2) a personal health
tracking mobile app (King OPTO-Electronic) for each patient,
and (3) a few smart health tracking devices.

The Integrated Remote Monitoring Service Platform
The integrated remote monitoring service platform is a
cloud-based, tablet computer–accessed, secure Web platform
that was designed by the Information Academy of Yangzhou
University to collect and integrate data. Its domain name is
iccvd.com. It is available for both doctors and participants. Each
doctor has his/her own specific log-in account. Participants can
browse the Web directly without logging in. In the HCF-based
telehealth program, this platform acted as a medium for
information transmission and sharing of resources among
regional central hospitals, community hospitals, and patients.
The main functions of this platform are as follows:

• The electronic medical record of each participant, including
medical history, physical examinations, laboratory and
imaging findings, clinical diagnosis, general treatment,
medication, and individualized reminder, was recorded on
the remote monitoring service platform. There are three
different important data sources: (1) data registered at the
clinic, (2) data exported from the hospital information
system, and (3) data recorded by participants themselves.

• In the electronic medical record, previous data about
laboratory and imaging findings were cumulated and
arranged in a chronological order. Each value was color
marked to indicate the health status of participants: green
for improvement, orange for medium risk, red for high risk,
and no color for normal or close to normal range. Thus,
doctors can assess a patient’s condition more quickly and
comprehensively from high-to-moderate risk to low risk,
as all medical information is available at a glance.

• What makes the platform different is the function of
analyzing the cumulative data of each individual. A trend
diagram of quantitative data such as blood pressure (BP),
heart rate, and 6-minute walk distance can be generated
automatically by the platform, which can help visualize the
overall dynamic change of data.

• The platform, equipped with a dedicated audio-video
system, has high confidentiality and anti-interference ability,
which is different from public video-audio platforms such
as QQ or WeChat (Tencent, Shenzhen, China).

• The platform was designed as a library about CHF,
including the current research state, latest developments,
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future trends, and most influential technologies and theories,
with more advanced medical knowledge browsing links to
the MedSci medical website.

Mobile App
A Web-based app, created on both Android and iOS platforms,
was developed for reporting health information, monitoring
clinical signs, and enabling direct supervision and instruction
for patients. The app was designed with a link to the remote
monitoring service platform, and two versions were available:
one for physicians and another for patients. Both participants
and physicians have the right to use the mobile app free of
charge. It enables participant management from a distance and
allows the physicians to observe and follow the health status of
participants at any time.

The patient’s mobile app is secured by their own specific
password. It has the following main functions: data uploading,
remote consultations, electronic medical record viewing, and

medical appointments (Figure 1). Participants can use the app
at home to record and upload comprehensive data elements
related to the risk of CHF self-care management, including daily
recording of symptom and sign changes and medication
adherence. Physicians will analyze these incoming values. When
data are outside an acceptable range, participants will receive
video calls or text messages via the app. In addition, participants
can communicate with physicians more conveniently through
their handheld mobile phone with the assistance of the remote
consultations function of our app. They can send text messages
to their general practitioners round the clock for help and receive
personalized guidance on long-term self-care management of
CHF via the mobile app. Moreover, participants and their family
members can view the participant’s cumulative data, including
examination report and clinical diagnosis and medication.
Finally, reminders for tracking medical appointments and next
visits are visible on the mobile app to keep track of their
schedule.

Figure 1. Screenshots from the mobile app of patient.

A mobile app for physicians was also designed. When a
participant uploads data or clicks on the remote consultation
icon, general practitioners receive text messages that alert them.
They can then view the electronic medical record of the
participant under their jurisdiction at any time by logging into
the mobile app. If necessary, they can send text or video
messages to participants and provide them with individualized
advice through mobile apps.

Smart Health Tracking Devices
The basic devices including a weight scale and a BP monitor
with a cuff were prepared by participants themselves. Some

smart health tracking devices are available in our program, if
necessary: multicomponent remote monitor (for an
electrocardiogram [ECG], peripheral capillary oxygen saturation,
and BP; hlTE-4000X, TE-4000Y, Beijing Haileying Medical
Technology Co, Ltd, Beijing, China), long-term wearable ECG
monitor (BECG1200-A, Thoth Medical Technology Co, Ltd,
Suzhou, China), and mobile phone ECG monitor (Zhongwei
Laikang Technology Development Co, Ltd, Beijing, China;
Figure 2). These health tracking devices were invented to allow
remote monitoring, recording, transmitting, and analysis of
health parameters during daily activities.
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Figure 2. Smart health tracking devices. ECG: electrocardiogram.

Study Design

Population
This single-arm, prospective, quasi-experimental study was
conducted in the midland of Jiangsu province. The study
received approval from the institutional review board of Subei
People’s Hospital. Patients were recruited consecutively from
the outpatient clinics of our medical center between June 2017
and September 2017 and were followed up for at least 4 months.

Inclusion Criteria
The inclusion criteria were as follows: (1) age ≥18 years; (2)
left ventricular ejection fraction of ≤45% as assessed by
echocardiogram, but left ventricular ejection fraction can be
>45% for patients with cardiac insufficiency caused by atrial
fibrillation, valvular heart disease, and hypertrophic
cardiomyopathy; (3) history of CHF of ≥3 months with New
York Heart Association functional class I to IV, of which class
IV was without strict bed rest; (4) the general intervention rules
are based on the current guidelines [5,17]; and (5) ability to
understand the requirements of the study and will to provide
written informed consent.

Exclusion Criteria
The exclusion criteria were as follows: (1) some secondary
cardiomyopathy (eg, hyperthyroid heart disease, anemic heart
disease); (2) a history of malignancy and life expectancy <1
year; (3) severe primary hepatic and renal insufficiency (alanine
aminotransferase level ≥ 100 U/L, serum creatinine level >
3.0 mg/dL, and serum albumin level < 2.5g/L); (4) refusal to
participate; (5) inability to visit outpatient clinics periodically;
(6) ambulatory status; and (7) judged to be inappropriate for
the study by the researchers.

Study Procedure
General practitioners in 12 peripheral community hospitals who
agreed to participate and signed the contract were organized
and trained about the study procedures, the latest standardized
management, and the treatment of CHF before the trial began.

On the patient’s first outpatient visit, the investigator introduced
the study plan to the patient and his or her caregiver (if present)
who met the inclusion and exclusion criteria. The mobile app
was downloaded to patient’s iOS or Android mobile phone or
tablet device after the procedures were explained, and written
informed consent of the patient was obtained. Trained research
assistants then instructed the patient on participation of the
HCF-based telehealth program (described below) and the use
of digital devices. At study enrollment, information on
participant demographics was collected, and the first electronic
medical record was established on the remote monitoring service
platform. Thereafter, participants were assigned to the nearest
participating community hospitals for further follow-up and
management. Participants then took their health tracking devices
and mobile apps home to join our HCF-based telehealth
program, in which they were reminded to use the app or browse
the Web platform more than once a week. Telephone follow-up
was scheduled at weeks 1, 4, 8, and 16 to evaluate and provide
technical support regarding the use of digital devices.

At the end of the study, the accomplishments of the HCF-based
telehealth program were summarized and engagement in the
intervention was assessed. Participants, their family members,
and professional health care professionals were also interviewed
for their experiences and opinions about the telehealth program.
Participants were encouraged to provide their honest and candid
feedback about the program. The study flow is illustrated in
Figure 3.
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Figure 3. Study flow of HCF-based telehealth program. HCF: hospital-community-family.

The Hospital-Community-Family–Based Telehealth
Program
The HCF-based telehealth program consisted of
multidisciplinary team members, including experienced
cardiologists, general practitioners, participants, and their family
members (Figure 4). Mobile app, as the main communication
tool between different parts, is at the core of the telehealth
structure. The HCF-based telehealth program was not a purely
Web-based trial, and there were face-to-face components
included in the intervention and assessment.

The program was partly financed by the project of the Jiangsu
Provincial Science and Technology Department (project code:
BL2013022) for items such as remote equipment, software
development, labor subsidies, and academic expenses. The
primary care physicians and cardiologists who joined the
program were compensated or remunerated according to their
workload and contribution to the project.

During the study, participants were required to visit the
cardiologist clinic at least once every 2-4 months, and
examination of indices related to CHF was arranged every 3-6
months or on the basis of the participant’s condition. During
regular clinical visits, participants could provide their health
information via the mobile app at home and browse the
Web-based platform at any time. As for participants with CHF
who were at high risk of arrhythmia, a smart health tracking
device was provided to record and send health parameters at
any moment. Owing to the remote consultation function of the
mobile app, patients could contact with the general practitioner
24 hours a day if they felt uncomfortable. Subsequently, they
would receive feedback about their measurements, education

about their symptoms and their diseases, reminders, and
encouragement to follow care plans [18].

The general practitioners in community hospitals examined the
data submitted by the participants and artificially identified
abnormal or worsening health data of participants. Depending
on the risk level of the participant, the general practitioners
would send out a phone confirmation or perform other
interventions, such as consulting experienced cardiologists at
our regional central hospital. In some cases, the result may be
a referral patient to a superior hospital through a green passage.
Usually, general practitioners would initiate weekly interactive
voice calls to assess the health status and provide technical
support on the use of digital devices. Changes in the health
status of each participant would be reported on the remote
monitoring service platform in the electronic medical records
form monthly by general practitioners. The comorbidities and
medication would be kept up to date, as they were the reasons
for adjusting the treatment regimen.

Experienced cardiology specialists in regional central hospitals,
through the app’s audio and video system, conducted weekly
ward rounds for patients reported to be critically ill by general
practitioners, tailored CHF management, and adjusted outpatient
visit schedules according to the clinical situation of each
participant. In addition, experts regularly held remote video
lectures on the treatment and management of CHF and provided
free training for general practitioners throughout the study.

A unique feature of this project was the collaborative work
between general practitioners and cardiologists using a
Web-based platform, a variety of intelligent health tracking
devices, and mobile apps to achieve a comprehensive and
personalized intervention for patients with CHF.
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Figure 4. The hospital-community-family–based telehealth program in patients with chronic heart failure. EMR: electronic medical record.

Outcome Measures
Usability of the HCF intervention for patients was assessed
based on the 12-item Perceived Health Web Site Usability
Questionnaire [19], which is a widely used tool to assess
usability for a variety of technologies. It consists of three
separate components that ask about a patient’s satisfaction with
the intervention, the ease of use, and the effectiveness. All items
were rated on a 1-7 scale. Responses were averaged for each
component and across all items. In this study, the Cronbach
alpha for satisfaction, ease of use, usefulness, and overall
usability were .81, .74, .82, and .83, respectively. The
physician’s satisfaction with the intervention was assessed
through self-reported questionnaires.

At the beginning and end of the study, lifestyle and health
behaviors of participants were collected by interview, which
would be used to assess changes in self-management for
participants. Engagement with the intervention was assessed
objectively via daily Web portal log-ins and use of the mobile
app, including data uploading, remote consultations, and
electronic medical record viewing. During the interview, a
qualitative method was used to examine perceptions of the
intervention components for participants.

Data Analyses
Descriptive statistics were computed for participants’
characteristics and all outcome variables. Data were presented
as numbers and percentages for categorical variables and mean
and standard deviations for continuous variables. The Wilcoxon
signed-rank tests for nonparametric data were used to assess
satisfaction with the HCF intervention. Differences between
categorical variables were analyzed by the Chi-square test when
P<.05 was considered statistically significant.

Results

Baseline Characteristics of Participants
As of February 2018, of the 105 patients with CHF assessed
for eligibility, 70 subjects met the inclusion criteria and agreed
to participate in this study. Of the 70 participants, 4 (6%)
dropped out from the study: 2 of them were lost to follow-up
and 2 others withdrew voluntarily because they had
migrated abroad and were unable to visit outpatient clinics
periodically. The final analysis was performed in 66 (94%)
participants who completed the baseline and 4-month
measurements. All demographic information for participants
who completed the study is shown in Table 1.
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Table 1. Baseline demographic characteristics of the study participants.

ValuesCharacteristics

69.35 (11.15)Age (years), mean (SD)

Sex, n

34Male

32Female

22.17 (1.69)Body mass index (kg/m2), mean (SE)

Clinical history, n (%)

37 (56)Hypertension

11 (17)Coronary heart disease

11 (17)Valvular heart disease

32 (48)Atrial fibrillation

23 (35)Cardiomyopathy

22 (33)Diabetes

Medications, n (%)

36 (55)Angiotensin-converting enzyme inhibitors/angiotensin receptor blocker

40 (61)Beta blocker

32 (48)Diuretic

21 (32)Digitalis

0 (0)Ivabradine

Device, n (%)

3 (5)Cardiac resynchronization therapy

New York Heart Association, n (%)

11 (17)I

32 (48)II

23 (35)III

0 (0)IV

Education, n (%)

51 (77)Less than high school

15 (23)High school degree or more

Home caregiver, n (%)

34 (52)Spouse

21 (32)Relative

11 (17)Other

Monthly income (CNY $), n (%)

31 (47)≤400

21 (32)400-800

14 (21)≥800

Accomplishments of the
Hospital-Community-Family–Based Telehealth
Program
Participants uploaded data elements recorded by themselves or
their caregivers weekly via the mobile app, submitting a total
of 1096 reports. Data and the trend diagram of health parameters

from one of the participants, analyzed and generated
automatically by the platform, is shown in Figure 5. In addition,
294 electronic medical records were recorded on the remote
monitoring service platform. Throughout the study period,
general practitioners consulted the experienced cardiologists in
the regional central hospital remotely 89 times by the mobile
app, and one participant was transferred to a superior hospital.
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Cardiologists completed 196 remote ward rounds and gave
advice on adjustments of medications and lifestyle to

participants. A total of eight remote interventions failed because
of wireless network problems and operational errors by patients.

Figure 5. Data trends of a person on the remote monitoring service platform. HR: heart rate; BP: blood pressure; DBP: diastolic blood pressure; SBP:
systolic blood pressure; 6MWD: 6-min walk distance.

Participants and Physicians’ Experience of the
Hospital-Community-Family Intervention
As shown in Table 2, the overall usability of the program was
slightly above the midpoint of the 1-7 scale. Participants rated
their satisfaction with and usefulness of the HCF intervention
higher than they rated the ease of use of the HCF intervention.

At the end of the study, 23 physicians, including 18 general
practitioners and 5 experienced cardiologists, were surveyed.

Results from the survey data showed that 21 (91%) physicians
believed that this remote hierarchical management program
improves management efficiency, with 20 (87%) physicians
stating their professional knowledge can always be refreshed
and enhanced through the library hosted on the platform and
remote consultation, and all 23 (100%) physicians
firmly believed that the program should be explored and
promoted on a larger scale.

Table 2. Participant-reported usability of hospital-community-family intervention (average scores; possible range=1-7; higher scores indicate greater
overall usability, higher degree of satisfaction, easier use, and better effectiveness of the hospital-community-family intervention).

RangeMean (SD)Usability of intervention

2.00-7.004.79 (1.03)Overall usability

3.00-7.005.04 (0.89)Satisfaction

2.00-7.004.40 (1.08)Ease of use

2.00-7.004.69 (1.09)Usefulness

Feedback on Intervention Components
Most participants indicated that they found the mobile app useful
as a tool to track CHF-related information, contact clinicians
easily, and be reminded to take their medication, and they were
also able to share their logged information with the people whom
they trust most, such as family members or close friends who
could help them during their medical appointments. Participants

also responded positively to the knowledge propaganda feature
of the remote monitoring service platform, which provided them
with useful information, particularly relating to sustaining health.
The participants were more interested in smart health tracking
devices, which could help them keep track of health conditions
anywhere, so that they felt more secure and involved in their
own care. Generally, most of them were somewhat or very
willing to recommend the telehealth program to patients with
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CHF around them. We also heard a few complaints about the
components that negatively affected their experience. These
complaints were mainly focused on the complex operation steps
and the consumption of mobile data traffic. Moreover, one
patient complained that voice or video call is the largest segment
of mobile data traffic unless they can directly connect to
the Wi-Fi. Another older patient said that operating this
complicated system has more or less obstacles for him.

Engagement With the Intervention
The overall engagement with the two main components of the
intervention (ie, the mobile app and the Web platform) was
assessed by participants or their caregivers’usage logging. More
than 60% (40/66) of the study participants showed great
adherence to the HCF-based telehealth program, which was
defined as the use of the app or the access of Web platform
more than once a week and the visit of specialist clinics as
scheduled during the study period. Although most of

them engaged through the mobile app, 12 participants (18%)
who displayed high adherence to the program were found to
have used the mobile app and the Web platform simultaneously.
In addition, 79% (52/66) of the patients maintained a consistent
pattern of reporting and viewing their data over the course of
the 4-month follow-up period. We found that overall
engagement decreased following the first 8 weeks, but 40 of
the 66 participants continued to engage with the care plan
throughout each week of the study. Moreover, nearly one-third
(21/66) of the participants used a mobile app by themselves,
and the rest were mostly family members or caregivers.

Changes in Lifestyle and Health Behaviors
As shown in Table 3, the program may also have some value
in improving health behaviors (increasing fruit and vegetable
intake, controlling BP and weight, and reducing salt intake) and
drug compliance in participants.

Table 3. Changes in lifestyle and health behaviors.

P valueAt 4 months, n (%)Baseline, n (%)Lifestyle and health behaviors

Diet

.04648 (73)37 (56)Low salt, low fat, and low sugar

.0235 (53)22 (33)More fruits or vegetables

Self-monitoring

<.00141 (62)15 (23)Blood pressure

.00219 (29)5 (8)Weight

Medicine adherence

.00655 (83)41 (62)Correct daily dosages

.04946 (70)35 (53)Correct time

Discussion

Principal Findings
This is a prospective experimental study to investigate the
feasibility of the HCF-based telehealth program in patients with
CHF. To the best of our knowledge, this is the first study
evaluating the use of such a telehealth program incorporating
remote monitoring service platforms, mobile apps, and smart
health tracking devices to manage patients with CHF at their
own homes. The initial results have been achieved in the
program. The results indicate that satisfaction and participation
of doctors and patients are relatively higher; meanwhile, the
patients’ lifestyle has been effectively improved. Our research
is expected to lay a foundation for further large-scale
randomized controlled clinical trials related to remote
hierarchical medical care.

Comparison With Prior Work
The main contribution of this program lies in the development
of a remote hierarchical management system centered on
patients with CHF. This system has multiple intelligent tracking
devices that can support patients’ self-care at home and
strengthen communications among patients, medical service
providers, and home caregivers for better care transition and

coordination. To our knowledge, this is one of few systems with
collaborative work between general practitioners and
cardiologists for HF remote hierarchical management through
remote monitoring service platforms, mobile apps, and smart
health tracking devices.

This paper presented the design and use of the HCF-based
telehealth program for patients with CHF. Similar to other pilot
studies [20], we focused on user perceptions and experience
because user perspective was the most important dimension in
the development phase of telehealth projects [21,22]. According
to the interviews of participants, their family members, and
physicians, they were generally satisfied with the service. The
CHF management team was key in engaging patients to
participate the program; the benefits of the program also include
support in recording and tracking health status, encouragement
and reassurance received from medical staff, timely detection,
recognition and management of subtle changes in the condition,
and more convenient and faster communication among all
participants. Previous investigation showed that physicians did
not seem very enthusiastic about telemedicine. The main causes
of such opposition were found to be the lack of a medical
services delivery system and a professional management team
[23]. The HCF-based telehealth program can serve as a platform
for providing more continuous care, linking primary and
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specialty care to support management of patients with severe
and chronic diseases. Some physicians perceived the platform
to be effective as a communication tool to share data in a timely,
accurate, and visual manner, so that they can be armed with all
relevant health information contained in one system, especially
in an emergency or unfamiliar health care setting, for care
planning.

The poor compliance of patients is a major obstacle to the
management of most chronic diseases [24,25]. An earlier large
trial showed that 14% of the intervention patients never used
their equipment, and only 55% were still using the system at
the end of the study (6 months from the baseline) [26]. Our most
significant finding was that 79% of patients maintained a
consistent pattern of reporting and viewing their data over the
course of the 4-month follow-up period. In contrast, we found
higher engagement levels over the course of the study. A
possible explanation for this findings is the user friendliness of
digital devices and that family-targeted self-care interventions
[27] may play an important role in promoting
patient compliance. The caregiver app will show the patient’s
real-time data (with the patient’s consent) and receive messages
from the patient’s health care providers, so that he/she can help
monitor the patient’s health. In fact, telehealth apps have been
used to enhance patient-caregiver engagement [28]. Inviting
family members or caregivers in training sessions was effective
for older adults to continue to adopt the telehealth tools in their
daily life. To date, educational interventions intentionally
including family involvement in the care of patients with CHF
are few, although such family involvement is explicitly
recommended in the existing CHF management guidelines [29].

In accordance with reports from the World Health Organization,
nearly two-thirds of people’s quality of life and health status
lies with their lifestyle and health behaviors, and 53% of the
death causes were also associated with lifestyle and personal
behaviors. Therefore, we can say that elderly individuals who
adopt improved health behaviors would experience a healthy
old age [30]. Emerging evidence suggests that telehealth
interventions may improve self-care behaviors and disease
management for elderly patients [11,31,32]. The Web-based
social networks acting as an active communication framework
can be an effective means of promoting healthy lifestyles [33].
In the study, patients were encouraged to document their
conditions and medicine use and then received personalized

health coaching tailored for their individual situation through
face-to-face communications, which can intensify the patient’s
health behaviors, medication adherence, and self-management
ability. One possible reason is that the use of mobile health via
an app with real-time representation of data trends would
strengthen patient empowerment and decision making in
self-management. They felt more empowered and confident to
perform their self-care activities at home with the help of the
program.

Limitations
This study had some limitations. First, our sample size was
small, and the duration of intervention was short. In addition,
as this was only a feasibility pilot study, we did not conduct a
formal sample size calculation. Furthermore, this was a
single-arm, experimental, prospective design study rather than
a randomized evaluation and may be not powered to detect the
effects of the intervention on clinical outcomes. Large-scale
randomized prospective controlled studies will be necessary to
test the program. In addition, those who participated in our study
were predominantly elderly patients with CHF having varying
socioeconomic and educational backgrounds; this limits the
generalizability of our findings and precludes us from
extrapolating the findings from this study to other populations.
Finally, because of technical restriction, semiautomatic input
of data in this program greatly wastes human resources and
possibly increases the error rate.

Conclusions
Given the serious and complex condition of patients with CHF,
a more convenient and effective access to medical services is
urgently needed, especially in remote areas. The HCF-based
telehealth program offers them a glimmer of light. On the basis
of remote monitoring service platform, mobile app, intelligent
health tracking device, and professional management team, this
study realized remote hierarchical management of patients with
CHF. This study provided evidence on the feasibility of
HCF-based telehealth program, potentially enhancing the
opportunities and incentives for patients with CHF and their
families to participate in self-management. In addition, it may
lay the foundation for further large-scale randomized controlled
studies. In the near future, we would like to expand the
HCF-based telehealth program to other cardiovascular diseases
such as atrial fibrillation, coronary heart disease, and stroke.
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Abstract

Background: Improving physical activity (PA) is a core component of secondary prevention and cardiac (tele)rehabilitation.
Commercially available activity trackers are frequently used to monitor and promote PA in cardiac patients. However, studies
on the validity of these devices in cardiac patients are scarce. As cardiac patients are being advised and treated based on PA
parameters measured by these devices, it is highly important to evaluate the accuracy of these parameters in this specific population.

Objective: The aim of this study was to determine the accuracy and responsiveness of 2 wrist-worn activity trackers, Fitbit
Charge 2 (FC2) and Mio Slice (MS), for the assessment of energy expenditure (EE) in cardiac patients.

Methods: EE assessed by the activity trackers was compared with indirect calorimetry (Oxycon Mobile [OM]) during a laboratory
activity protocol. Two groups were assessed: patients with stable coronary artery disease (CAD) with preserved left ventricular
ejection fraction (LVEF) and patients with heart failure with reduced ejection fraction (HFrEF).

Results: A total of 38 patients were included: 19 with CAD and 19 with HFrEF (LVEF 31.8%, SD 7.6%). The CAD group
showed no significant difference in total EE between FC2 and OM (47.5 kcal, SD 112 kcal; P=.09), in contrast to a significant
difference between MS and OM (88 kcal, SD 108 kcal; P=.003). The HFrEF group showed significant differences in EE between
FC2 and OM (38 kcal, SD 57 kcal; P=.01), as well as between MS and OM (106 kcal, SD 167 kcal; P=.02). Agreement of the
activity trackers was low in both groups (CAD: intraclass correlation coefficient [ICC] FC2=0.10, ICC MS=0.12; HFrEF: ICC
FC2=0.42, ICC MS=0.11). The responsiveness of FC2 was poor, whereas MS was able to detect changes in cycling loads only.

Conclusions: Both activity trackers demonstrated low accuracy in estimating EE in cardiac patients and poor performance to
detect within-patient changes in the low-to-moderate exercise intensity domain. Although the use of activity trackers in cardiac
patients is promising and could enhance daily exercise behavior, these findings highlight the need for population-specific devices
and algorithms.

(JMIR Mhealth Uhealth 2019;7(12):e15045)   doi:10.2196/15045
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cardiac diseases; activity trackers; energy metabolism; physical activity; validation studies

Introduction

Background
Improving physical fitness and physical activity (PA) levels are
core components of cardiac rehabilitation (CR) and secondary

prevention in patients with coronary artery disease (CAD) and
chronic heart failure (CHF) [1,2]. Exercise-based CR in these
patients has documented positive effects on psychological
well-being, hospitalization, and mortality by slowing the
progression of CAD and CHF, while also combatting risk factors
as hypertension, dyslipidemia, and psychological stress [1,3,4].
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Besides exercise training, enhancing daily PA and reducing
sedentary behavior are also effective for the prevention of
repetitive cardiac events and therefore highly recommended by
the current guidelines [5]. Yet, despite these recommendations,
patients with CAD and CHF are characterized by a less active
lifestyle compared with individuals not diagnosed with these
conditions. Subsequently, this results in further deterioration of
their activity level, social participation, prognosis, and quality
of life [6-8]. One of the explanations for low activity levels in
these patients is that secondary prevention programs and
center-based CR typically do not focus on increasing daily
activity behavior and reduction of sedentary time, as shown by
high sedentary levels in post-CR patients comparable with
patients who have not participated in CR [9]. This may be
because of the fact that CR programs mainly focus on short-term
improvements of exercise capacity rather than preparation for
self-management and improving exercise behavior in daily life,
causing a relapse into sedentary behavior after the rehabilitation
program [10].

Home-based exercise programs such as telerehabilitation, may
be successful methods for improving PA and reducing sedentary
behavior on long term [11-15]. Telerehabilitation programs do
thereby not only focus on prescribing exercise sessions but also
on monitoring PA levels during the day to give appropriate
feedback on PA behavior. To monitor and promote PA
successfully during cardiac telerehabilitation, reliable and
nonobtrusive devices to assess energy expenditure (EE) need
to be available. In fact, safety and clinical effectivity of medical
devices are high on the agenda of the European Society of
Cardiology, mainly focusing on high risk (implantable) devices
such as coronary artery stents or implantable cardioverter
defibrillators [16]. At this stage, less attention is payed to the
clinical effectiveness of wearable sensors and its algorithms in
cardiac patients. Since nowadays, exercise prescriptions in
cardiac patients are being made based on commercially available
activity trackers, more information on the validity of these
devices in cardiac patients is urgently needed, as medical advice
based on invalid physiological parameters might be potentially
harmful.

Important prerequisites for activity trackers include high
accuracy and responsiveness. Accuracy is defined as the
closeness of agreement between the device measurement and
the true value [17]. Responsiveness of a device is the ability to
detect within-patient changes of exercise intensity over time
and is therefore highly important in cardiac patients to monitor
progression, and for daily coaching [18,19].

Kraal et al found that combining heart rate (HR) with
accelerometer data provides a higher accuracy for measuring
EE than using accelerometer or HR data alone in patients with
CAD [20]. However, in this study, a hip-worn accelerometer
was combined with a chest belt to record HR, which is not
feasible for all-day use. Wrist-worn activity trackers can provide
a nonobtrusive solution combining HR and accelerometer data
for calculation of EE. However, little information is available
about their accuracy and responsiveness. Studies that did
validate such devices showed mixed results [21-24]. These
studies, however, used early device models and were performed
in a population without cardiac conditions. The results of these

studies cannot be extrapolated to cardiac patients because of
factors such as chronotropic incompetence and use of HR
lowering medication such as beta blockers. Moreover, to our
knowledge, there has been no previous investigation to the
responsiveness of wrist-based devices combining HR with
accelerometer data, especially not in cardiac patients.

Objectives
The aim of this study is to investigate the accuracy and
responsiveness of 2 commercially available wrist-worn activity
trackers to calculate EE in patients with CAD and CHF. This
study may provide important information whether 2 modern
activity trackers, Fitbit Charge 2 (FC2) and Mio Slice (MS),
can be used for measuring EE to monitor PA levels in cardiac
patients.

Methods

Study Population
Patients (aged ≥18 years) were included based on their diagnosis
to form 2 patient groups: patients with stable CAD with
preserved left ventricular ejection fraction (LVEF) and patients
with stable heart failure with reduced ejection fraction (HFrEF).
These 2 patient categories were selected because HFrEF patients
generally have lower activity levels compared with CAD
patients with preserved LVEF. Household activities, for
example, can be experienced as more intensive by HFrEF
patients than by CAD patients with preserved LVEF. Also,
HFrEF patients often suffer from chronotropic incompetence,
yielding a difference in HR variation during activities.
Therefore, both groups were analyzed separately. The
participants were recruited via their cardiologist in the outpatient
clinic of the Máxima Medical Center, the Netherlands, and were
randomly selected from a list of patients who participated in
previous studies and gave informed consent to be contacted for
participation in future research projects. Patients were excluded
if they suffered from hemodynamic significant valvular disease,
permanent atrial fibrillation or peripheral vascular, neurological,
or orthopedic conditions impairing exercise capacity. All
patients provided written informed consent. The study was
approved by the local medical ethical committee of the Máxima
Medical Center and was conducted in accordance with the
declaration of Helsinki.

Protocol
Participants completed a laboratory protocol consisting of 14
low-to-moderate intensity activities, which was modified from
a previous study with cardiac patients [20]. The protocol
comprised sedentary and household activities, treadmill walking
on 3 different speeds, cycling on 3 different loads, and walking
up and down the stairs. Walking speeds and cycling loads were
adjusted for the HFrEF group. The total duration of the protocol
was 39 min (resting time excluded). An overview of the protocol
is shown in Table 1. Resting HR was measured using a chest
belt (Polar T31, Polar) at the start of the protocol. Between each
activity, the patients received recovery time which lasted until
the HR reached resting HR. The protocol was performed at the
gym of the physical therapy department in the Máxima Medical
Center and was supervised by a medical doctor and an assistant.
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The room temperature was approximately 20°C. EE calculated
by the activity trackers was noted at the start and at the end of
an activity. To ensure continuous HR tracking during each

activity, the workout mode was turned on in both activity
trackers when an activity was started.

Table 1. Activity protocol.

Duration in minutesActivity type and activity

Sedentary activities

5Sitting

2Standing

3Typing

Household activities

3Table cleaning

3(Un)loading the dishwasher

3Vacuuming

Stairs

1Ascending

1Descending

Cycling (ergometer); load

3CADa 0 Watt; HFrEFb 0 Watt

3CAD 40 Watt; HFrEF 25 Watt

3CAD 70 Watt; HFrEF 50 Watt

Walking (treadmill); speed/inclination

3CAD 4 km/h; HFrEF 3 km/h

3CAD 5.5 km/h; HFrEF 4.5 km/h

3CAD 4 km/h 5% slope; HFrEF 3 km/h 5% slope

aCAD: coronary artery disease.
bHFrEF: heart failure with reduced ejection fraction.

Criterion Measure
Breath-by-breath oxygen uptake (VO2) and carbon dioxide
production (VCO2) were measured during the entire length of
the protocol using the Oxycon Mobile (OM; CareFusion). The
OM is a light-weighted mobile device consisting of a facemask
and a gas analyzer unit with battery attached to the patients back
via a shoulder belt system. Real time data measured by the
device were sent to a computer with corresponding software.
Before the start of the protocol, automatic volume and gas
calibration was performed and ambient conditions were checked.
The OM has been validated before by comparing it with the
golden standard, the Douglas Bag, and has been found reliable
as a criterion measure [25].

Devices

Fitbit Charge 2
The FC2 (Fitbit Inc) is a wrist-worn activity tracker consisting
of a 3-axial accelerometer, an altimeter, and an optical HR
tracker. EE calculation is based on a combination of basal
metabolic rate (which is calculated by gender, age, height, and
weight), activity counts during the activities, and, as claimed
by the manufacturer on HR [26,27]. The Fitbit was worn on the

dominant wrist following the recommendations of the
manufacturer. The activity tracker was connected via Bluetooth
to the Fitbit app in which parameters such as date of birth,
length, weight, gender, wrist orientation, and handedness were
entered for each patient. The app was supplied with the most
recent firmware updates.

Mio Slice
The MS (MIO Global) is a wrist-worn activity tracker consisting
of a 2-axial accelerometer and an optical HR tracker. The
activity tracker was worn on the nondominant wrist. Age, length,
weight, gender, and wrist orientation were entered in the
corresponding app for every patient. Afterwards, the activity
tracker was synchronized with the Mio app via Bluetooth. The
app contained the latest version of firmware. Information on
algorithms used to calculate EE is not provided by the
manufacturer. The manufacturer claims that both activity counts
and HR are used for EE calculation when the workout mode is
activated [28].

Data Analysis
Raw data from the breathing analysis was exported and imported
together with the values from the FC2 and MS in a custom-made
MATLAB analysis program (R2018a [9.4.0.813654],
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Mathworks). The entire activity bouts were analyzed. First, the
EE was calculated from breath-by-breath measurements using
the Weir equation, as follows [29]:

EE=[(3.941×VO2)+(1.11×VCO2)]×1.1440

Then, outliers (eg, coughing) in the EE data were detected using
a Hampel filter. Outliers were replaced if the value exceeded 3
standard deviations from the median of itself and 3 neighboring
data points of that median value [30]. Thereafter, the data were
cubic spline interpolated to 1 second values following a 1-Hz
low pass fourth Butterworth filter with a cutoff frequency of
0.04 Hz [31,32].

Statistical Analysis
To achieve 80% power to detect an intraclass correlation
coefficient (ICC) of 0.75 (excellent agreement) under the
alternative hypothesis that the ICC is 0.35 (poor agreement), a
sample size of 19 subjects per study group (ie, CAD and HFrEF)
was calculated.

Descriptive statistics were used to describe the population
regarding baseline clinical characteristics. Normality of data
was assessed by visual inspection of histograms and by
interpreting Skewness and Kurtosis [33]. Accuracy of FC2 and
MS was assessed by calculating mean EE and mean differences
in EE compared with the criterion measure (OM). The values
were calculated per activity and over the total protocol (resting
time included). To identify if agreement (between the activity
trackers and the criterion measure) was between reasonable
limits (set at 10% error zone), one-sample T-tests were
performed using mean differences (device minus OM) compared
with zero. In addition, Bland-Altman plots were created to

illustrate the level of agreement between estimated EE and
criterion EE with mean bias and 95% upper and lower limits of
agreement (LoA). Data falling outside the LoA were inspected;
however, no clear reason was found why these data were
different. Therefore, these data were included in the analysis.
The ICC using 2-way mixed models with absolute agreement
was used for assessment of reliability of the devices for each
activity and total protocol. An ICC below 0.4 was considered
poor, between 0.4 and 0.59 fair, between 0.6 and 0.74 good,
and above 0.75 was considered as excellent reliability [34]. The
root mean square error (RMSE) of FC2 and MS was calculated
for the total protocol in both groups. Responsiveness of FC2
and MS was assessed by using a paired T-test during walking
at different speeds and cycling at different loads. All data
analyses were performed using SPSS software (Version 22.0,
SPSS Inc). Significance level was set at P<.05 for all analyses.

Results

A total of 38 patients were included and completed the protocol.
The group was equally divided in CAD patients (n=19, age 61.4
years, SD 6.9 years) and patients with HFrEF (n=19, age 65.1
years, SD 6.6 years, LVEF 31.8%, SD 7.6%). In both groups,
the majority of patients were using HR lowering medication
(14 CAD patients [14/19, 74%] and 17 HFrEF patients [17/19,
89%]). Pulmonary diseases were present in 2 HFrEF patients
(1 patient with mild bronchiectasis and 1 patient with COPD
treated by the general practitioner). Additional patient
characteristics are shown in Table 2. All data recordings of 2
patients (1 CAD and 1 HFrEF) and stair walking activities of
3 additional (2 CAD and 1 HFrEF) were excluded from the
analysis, because of a failure in OM measurement.
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Table 2. Patient characteristics.

HFrEFb (N=19)CADa (N=19)Characteristics

65.1 (6.6)61.4 (6.9)Age (years), mean (SD)

Gender, n (%)

17 (89)14 (74)Male

2 (11)5 (26)Female

177 (5.4)176 (6.8)Height (cm), mean (SD)

86.7 (13.7)84.3 (12.1)Weight (kg), mean (SD)

27.7 (4.2)27.1 (3.1)BMIc (kg/m2), mean (SD)

31.8 (7.6)60.5 (4.5)LVEFd (%), mean (SD)

6(32)/11(58)/1(5)/1(5)—fNYHAe classification I/II/III/Unknown, n (%)

Heart failure etiology, n (%)

11 (58)—Ischemic

8 (42)—Nonischemic

Medication, n (%)

15 (79)12 (63)Beta-blocker

0 (0)2 (11)Calcium channel blocker (non-DHPg)

4 (21)0 (0)Amiodarone

1 (5)0 (0)Ivabradine

aCAD: coronary artery disease.
bHFrEF: heart failure with reduced ejection fraction.
cBMI: body mass index.
dLVEF: left ventricular ejection fraction.
eNYHA: New York Heart Association.
fNot applicable.
gDHP: dihydropyridine.

Accuracy

Coronary Artery Disease Group
The Multimedia Appendix 1 demonstrates the accuracy of EE
measurement by FC2 and MS for participants with CAD. Mean
(SD) EE in the CAD group over the total protocol was 228.1
(37.0) kcal, 275.6 (113.5) kcal, and 316.2 (113.3) kcal for OM,
FC2, and MS, respectively. MS significantly overestimated EE
over the total protocol (mean difference 88.1 kcal, P=.003).

FC2 showed a nonsignificant overestimation in total EE (mean
difference 47.5 kcal, P=.09). Most sedentary activities were
underestimated by both FC2 and MS, and cycling activities
were underestimated by FC2 at all loads. Bland-Altman plots
based on total EE illustrate the overestimation with wide LoA
for both devices (see Figure 1). The MS showed an increasing
bias when EE levels are higher. The ICCs for the total protocol
were low for both devices (FC2 0.10 and MS 0.12). The RMSE
was 119.2 kcal and 136.7 kcal for FC2 and MS, respectively.
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Figure 1. Bland-Altman plots for total energy expenditure. The solid horizontal line corresponds to the mean difference, whereas the dashed horizontal
lines correspond to limits of agreement. The dotted line is the line of equality. (a) Comparison of Oxycon Mobile with Fitbit Charge 2 for patients with
CAD. (b) Comparison of Oxycon Mobile with Fitbit charge 2 for patients with HFrEF. (c) Comparison of Oxycon Mobile with Mio Slice for patients
with CAD. (d) Comparison of Oxycon Mobile with Mio Slice for patients with HFrEF. CAD: coronary artery disease; EE: energy expenditure; FC2:
Fitbit Charge 2; HFrEF: heart failure with reduced ejection fraction; MS: Mio Slice; OM: Oxycon Mobile.

Heart Failure With Reduced Ejection Fraction Group
The Multimedia Appendix 2 demonstrates the accuracy of EE
measurement by FC2 and MS for participants with HFrEF.
Mean (SD) EE over the total protocol in the HFrEF group was
218.2 (42.3) kcal, 256.4 (69.3) kcal, and 324.4 (174.6) kcal for
OM, FC2, and MS, respectively. Both devices significantly
overestimated EE (mean difference FC2 38.2 kcal, MS 106.2
kcal, P=.01 and P=.02, respectively) with a similar pattern of
underestimation in sedentary activities and cycling activities.
Bland-Altman plots based on total EE illustrate the
overestimation with wide LoA for both devices (see Figure 1).
The MS showed wider LoA (lower LoA −220.3 kcal and upper
LoA 432.7 kcal) and an increasing bias when EE levels were
higher. The ICCs for the total protocol were low for both devices
(FC2 0.42 and MS 0.11). The RMSE was 66.9 kcal and 193.6
kcal for FC2 and MS, respectively.

Responsiveness
Table 3 shows the ability of FC2 and MS to detect within patient
changes in walking and cycling activities.

Coronary Artery Disease Group
FC2 was able to detect a difference between cycling at 0 versus
40 watts (mean difference 3.3 kcal, P=.003) and between
walking at 4 km/h with a 5% slope versus 5.5 km/h (mean
difference 4.4 kcal, P=.01) in patients with CAD. However, no
significant differences were observed for the other walking and
cycling activities. The MS was able to detect differences at all
cycling loads; however, it was not able to detect any differences
in walking speeds/inclination. Note that the difference in EE
between walking 4 km/h with a 5% slope and 5.5 km/h was
nonsignificant as measured by the OM.

Heart Failure With Reduced Ejection Fraction Group
FC2 was not able to detect changes at any walking speeds or
cycling loads in the HFrEF group. MS was able to detect
within-patient changes at cycling 0 versus 50 watts (mean
difference 4.7 kcal, P=.02), at cycling 25 versus 50 watts (mean
difference 3.6 kcal, P=.02) and at walking 3 km/h with a 5%
slope versus 4.5 km/h (mean difference 3.0 kcal, P=.03). Note
that the difference in EE between walking 3 km/h with a 5%
slope and 4.5 km/h was nonsignificant as measured by the OM.
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Table 3. Responsiveness of Fitbit Charge 2 and Mio Slice.

P valueMio Slice, Mean differ-
ence (kcal)

P valueFitbit Charge 2, Mean
difference (kcal)

P valueOxycon Mobile, Mean

difference (kcala)

Group and activity

CADb (N=18)

Cycling

<.0013.2.0033.3<.0012.70 versus 40 watts

<.0015.1.112.6<.0015.40 versus 70 watts

.031.9.670.7<.0012.740 versus 70 watts

Walking

.362.2.151.8<.0012.54 km/h versus 4 km/h 5%
slope

.313.8.152.6<.0012.54 km/h versus 5.5 km/h

.421.6.014.4.710.14 km/h 5% slope versus
5.5 km/h

HFrEFc (N=18)

Cycling

.231.1.880.3<.0011.20 versus 25 watts

.024.7.461.0<.0013.00 versus 50 watts

.023.6.401.3<.0011.925 versus 50 watts

Walking

.66.8.161.9.0021.13 km/h versus 3 km/h 5%
slope

.162.2.89.3.0011.53 km/h versus 4.5 km/h

.033.0.082.2.270.43 km/h 5% slope versus
4.5 km/h

akcal: kilocalories.
bCAD: coronary artery disease.
cHFrEF: heart failure with reduced ejection fraction.

Discussion

This study is the first to evaluate the accuracy and
responsiveness of wrist-worn activity trackers combining HR
monitoring and accelerometry for EE calculation in patients
with CAD with preserved LVEF and patients with HFrEF. Poor
accuracy was observed for both devices in predicting EE, with
MS performing worse than FC2. MS provides a higher
responsiveness than FC2 with regard to the ability to detect
changes in cycling load, but both devices performed poorly with
respect to detecting within-patient differences in walking speed.

Accuracy
Both FC2 and MS significantly overestimated EE over the total
activity protocol with a tendency of greater bias when EE
increased. Other studies using wrist-worn Fitbit models that
combine accelerometer data and heart data showed mixed
results. The results from our study were in line with previous
research from Bai et al which showed a whole-trial
overestimation of EE (mean absolute percentage error 32.9%)
of FC HR [23]. Regarding exercise intensity, the device showed
an underestimation of sedentary activities and overestimation
of light physical activities and aerobic activities, similar to our

results. Dooley et al also found significant overestimation of
EE at baseline, light, and moderate intensity treadmill activities
by FC HR [35]. In contrast, other studies showed an
underestimation of EE by wrist-worn devices [21,22].
Differences in study outcomes might be due to variation in study
design and population. The above-mentioned studies have been
performed in noncardiac participants, so results cannot be
extrapolated to cardiac patients using beta-blocker medication
and chronotropic incompetence. To our knowledge, only 1 study
evaluated the accuracy of a wrist-worn Fitbit device (Fitbit Flex,
2013) in a population in which 59% had coronary heart disease
[36]. This study showed a 10% overestimation of minutes of
moderate to vigorous physical activity (MVPA), which was in
line with our study. Although they found a high correlation
between Fitbit and the criterion measure for minutes of MVPA
(r=0.74 total population, r=0.71 cardiac patients), ICC’s and
Bland-Altman analysis were not performed to evaluate accuracy.

Possible causes for the limited accuracy of EE estimation by
different wrist-worn devices include poor quality of HR and
accelerometer assessment and inadequate algorithms to calculate
EE (ie, not well tailored to the target population). Yet, the
algorithms to calculate EE are usually not provided by the
manufacturer. As patient characteristics such as length, weight,
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and exercise modality are fixed, EE estimates are most likely
determined by the accuracy of the (accelerometer and HR)
sensors and the reliability of the algorithms related to HR and
activity counts. However, both the reliability of the algorithms
and the accuracy of both sensors were not evaluated in this
study. Concerning the accuracy of the HR sensor, Wallen et al
concluded that Mio Alfa and FC HR slightly underestimate HR,
within an expectable range (ICC Fitbit 0.78; ICC Mio 0.91)
[21]. Other studies found similar results for Fitbit Surge, FC
HR, and Mio Alfa [24,37]. In total, 2 studies found that the error
of Mio Alfa was comparable with the reference method;
however, considerable variability was observed when dividing
protocol activities into different types, and the device did not
perform well as speed or load of an activity increased [38,39].
Despite reasonable accuracy of HR assessment by previous
Fitbit and Mio models, it remains unclear how HR is
incorporated in EE equations. Moreover, it is questionable if
the relation between changes in HR and EE is comparable
between people who do not have a cardiac condition and patients
with CAD or HFrEF. Therefore, EE estimates might be even
more inaccurate in our study compared with these studies with
individuals without cardiac conditions.

Another factor that may have influenced the accuracy of EE
estimation is the location of the accelerometer. Waist placement
is generally considered favorable as the sensor is close to the
center of body mass and is able to detect whole body movement.
A recent review evaluating the influence of body placement to
accuracy of EE estimation concluded that wrist placement
generally leads to overestimation and torso placement to
underestimation of EE, with a greater mean error for devices
placed at the wrist [40]. Hand placement on the bars of the
treadmill might also contribute to the devices not being able to
provide an accurate EE measurement in our study. Wrist-based
wearable devices might have difficulties with detecting activities
when specific characteristics of an activity (swing of the arm
during walking) are not detected. Nonetheless, our findings for
indoor conditions are valuable as patients will also use the
treadmill during rehabilitation, leisure time sports activities, or
even at home.

Nevertheless, our study clearly showed that EE estimates, using
algorithms for commercially available wrist-worn devices,
should be interpreted with caution in cardiac patients. Therefore,
to improve the utility of these devices for this population,
extraction of raw HR and accelerometer data are needed to be
able to develop adequately tailored algorithms. However, most
manufacturers of activity trackers do not provide this
opportunity.

Responsiveness
Whereas, MS was shown to be useful for detecting changes in
cycling load, changes in walking speed and inclination were
not detected. Furthermore, FC2 was not capable in detecting

changes in both walking and cycling activities. Although the
ability to detect changes in intensity within specific activities
is an important feature of an activity tracker, previous research
on responsiveness is scarce. Price et al concluded the hip-worn
Fitbit One is able to detect gross changes in walking and running
speed [41]. Compared with Price et al [41], we tested
responsiveness for smaller differences in walking speed, which
may explain the difference with our findings. In addition,
Gusmer et al showed the hip-worn Fitbit Ultra was able to detect
changes in slow and brisk walking, where slow walking was
defined as minus 10% of a self-selected comfortable speed and
brisk walking as plus 10% of the self-selected speed [42].
Personalized changes in gait speed and device placement might
contribute to the detection of differences in walking speed. To
our knowledge, there are no studies available which evaluate
responsiveness during cycling, which is relevant because cycling
is a major component of Dutch CR and during daily life
activities [43]. Given the fact that daily exercise behavior
consists of a combination of walking, cycling, and other physical
activities, our results show that EE measured by both devices
should not be used for monitoring purposes and exercise
prescription in patients with CHF and CAD. However, wearable
devices have demonstrated promising results in motivating and
engaging PA and exercise behavior [44].

Strengths and Limitations
This study is the first to evaluate both the accuracy and
responsiveness of wrist-worn activity trackers, which combine
HR and accelerometer data in a cardiac population. The
responsiveness of a device is a very important feature when
implemented in practice, such as in cardiac telerehabilitation.
The study is limited by not evaluating test-retest reliability. This
would have given a more complete overview of the overall
device validity. Moreover, patients were tested in a laboratory
setting, so it is not sure whether these results can be extrapolated
to free-living conditions. However, because we mimicked
free-living conditions by creating a protocol consisting of daily
life activities, we expect little differences with a free-living
validation study. Another limitation is that HR boundaries were
not personalized for each patient. As we did not assess the
maximum HR for each individual patient, default settings of
the activity trackers were used, which could have influenced
the calculation of EE.

Conclusions
Both wrist-worn activity trackers demonstrated low accuracy
in estimation of EE in patients with CAD and HFrEF.
Importantly, both devices also showed poor performance to
detect within-patient changes in the low-to-moderate exercise
intensity domain. Notwithstanding the fact that the use of
activity trackers in cardiac patients might stimulate daily
exercise behavior, these findings highlight the need for
population-specific devices and algorithms.
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Abstract

Background: The prevalence of overweight and obesity in children and adolescents has dramatically increased in the Pacific
Island countries and territories over the last decade. Childhood overweight and obesity not only have short-term consequences
but are also likely to lead to noncommunicable diseases in adulthood. A major factor contributing to the rising prevalence is an
insufficient amount of daily moderate-to-vigorous physical activity (MVPA). In the Pacific region, less than 50% of children and
adolescents meet the international recommendations of 11,000 steps and 60 min of MVPA per day. Although studies have shown
the potential of digital technologies to change behaviors, none has been proposed to guide adolescents toward achieving these
recommendations.

Objective: The aims of this study were (1) to investigate whether a technology-based educational program that combines
education, objective measures of physical activity (PA), and self-assessment of goal achievement would be well received by
Pacific adolescents and help change their PA behaviors toward the international PA recommendations and (2) to create more
insightful data analysis methods to better understand PA behavior change.

Methods: A total of 24 adolescents, aged 12 to 14 years, participated in a 4-week program comprising 8 1-hour modules designed
to develop health literacy and physical skills. This self-paced user-centered program was delivered via an app and provided
health-related learning content as well as goal setting and self-assessment tasks. PA performed during the 4-week program was
captured by an activity tracker to support learning and help the adolescents self-assess their achievements against personal goals.
The data were analyzed using a consistency rate and daily behavior clustering to reveal any PA changes, particularly regarding
adherence to international recommendations.

Results: The consistency rate of daily steps revealed that the adolescents reached 11,000 steps per day 48% (approximately 3.4
days per week) of the time in the first week of the program, and this peaked at 59% (approximately 4.1 days per week) toward
the end of the program. PA data showed an overall increase during the program, particularly in the less active adolescents, who
increased their daily steps by 15% and ultimately reached 11,000 steps more frequently. The consistency of daily behavior
clustering showed a 27% increase in adherence to international recommendations in the least active adolescents.

Conclusions: Technology-supported educational programs that include self-monitored PA via activity trackers can be successfully
delivered to adolescents in schools in remote Pacific areas. New data mining techniques enable innovative analyses of PA
engagement based on the international recommendations.
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Introduction

Background
The populations of the Pacific Island countries and territories
(PICTs) have undergone a rapid lifestyle transition, with impacts
on health. Despite a history of colonization, tribal and rural
living has persisted, but today’s urbanization, industrialization,
and mechanization are causing many transformations [1],
notably a decrease in physical activity (PA) and dietary changes
because of imported and processed foods [2]. These phenomena
have affected the main PICT communities (Melanesian,
Polynesian, Asian, and European) [3,4], resulting in an alarming
increase in overweight and obesity in children and adolescents
[5] that often persists into adulthood [6] and leads to
noncommunicable diseases [7]. Early intervention is, therefore,
crucial to reverse these trends, and both PA—especially
moderate-to-vigorous physical activity (MVPA)—and healthy
dietary behaviors in childhood are notably associated with a
healthy adult lifestyle [3]. Research indicates that less than 50%
of children aged between 13 and 15 years living in the Pacific
meet the international recommendations of 11,000 steps and 60
min of MVPA per day [2]. In New Caledonia, 35% of children
aged between 11 and 16 years are overweight or obese [3,4],
and 45% and 20% of these adolescents living in rural and urban
regions, respectively, meet the recommendations [8]. Although
these data are based on self-reports, which are known to have
a large margin of error when estimating PA levels, they
underline the need for action to encourage children and
adolescents to become more physically active [9]. This is a
challenge for the PICTs and indeed many countries worldwide.

Data are limited for the PICTs, but a recent Australian study
found that initiatives to increase adolescent MVPA have been
unsuccessful [10]. The low MVPA was attributed in part to
perceived lack of support, poor motivation, and low physical
competence [11]. Important drivers for children’s and
adolescents’ engagement in PA include health knowledge,
personally organized PA, and competence in diverse PA types
[12]. Systematic reviews of Western studies have concluded
that future initiatives need to focus on school interventions
involving families or communities and should embed multiple
components, such as the guided use of technology [13,14].

Furthermore, digital interventions aiming to increase PA have
shown promising results, particularly when they involve
self-monitoring and feedback via activity trackers [15].
However, the optimal choice and appropriate use of the trackers
is critical; Kerner and Goodyear [16] indicated that a bracelet
and app designed for adults but used for adolescents without
educational support conveyed inappropriate messages (eg, be
fit or be fat), resulting in demotivation and negative feelings.

We explored a technology-supported educational program
focused on PA in a Pacific Island rural school environment.
Our program (called iEngage) was designed to improve

adolescents’ PA knowledge and skills and to help them
understand their activity tracker data, which provided objective
feedback on their PA. Data mining enabled us to develop a
comprehensive approach to analyzing PA trends throughout the
program. First, clustering took into account all the components
of the international recommendations (number of steps, time
spent at each intensity, and days over 11,000 steps). Second, a
sliding 7-day window captured the frequency and regularity of
the PA behaviors.

Objectives
The first aim was to investigate whether a technology-based
educational program that combines education, objective
measures of PA, and self-assessment of goal achievement would
be well received by Pacific adolescents and help change their
PA behaviors toward the international PA recommendations.
The second aim was to create more insightful data analysis
methods to better understand PA behavior change.

Methods

Study Design and Participants
This exploratory study was conducted in a rural school in New
Caledonia on Lifou Island. A total of 24 adolescents aged 12
to 14 years participated in this pilot. Parents gave informed
written consent before their child’s participation in the study,
which met all legal requirements and the criteria of the
Declaration of Helsinki. The protocol was approved by the
ethics committee of the University of New Caledonia and the
consultative ethics committee of New Caledonia
(CEC-NC03-2016).

Our study design is illustrated in Figure 1. Before the study, we
communicated extensively with the school principal, the
teaching team, and the wider community (including families)
to explain the framework of the iEngage educational program.

Moreover, 3 weeks before the program, anthropometric and
physical fitness data including aerobic capacity, speed, and
agility were assessed during scheduled physical education
classes as described below. Once anthropometry and physical
fitness testing were completed, participants were equipped with
research-grade activity sensors (GENEActiv) for 5 consecutive
school days before the iEngage program to measure baseline
PA behavior. They then started the iEngage program, which
lasted for 4 weeks, with 2 1-hour modules per week. Throughout
the program, they continuously wore a commercial activity
tracker (Misfit Shine 2, United States), which served as the
educational support tool. The 2 activity trackers served very
different purposes and collected PA data in different formats.
To measure baseline PA, we needed a device meeting the
research-grade criterion, and to support learning during the
program, we needed a device that was commercially and easily
available for future wide-scale deployment.
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Figure 1. Study design. Pretests and communication with families began 3 weeks before the start of the educational program; coordination with the
teaching team was finalized 1 week prior, along with baseline measures. The digital program lasted for 4 weeks, with biweekly health education modules
held in class (in pink). Feedback to families about the program occurred in the week following the end of the program.

iEngage: A Technology-Enabled Educational Program
The iEngage program targets health literacy, PA-related skills,
and sugar-focused nutrition guidelines. Health literacy topics
include the definition of PA, classifications of PA intensities
(light, moderate, and vigorous), physical fitness parameters and
their interpretation, rating one’s own effort during exercise,
sedentary behaviors and their effects on health, health definition,
well-being (physical, mental, and social), sugar as a source of
energy, and guidelines related to sugar consumption. iEngage
v1.0 was delivered via an app (powered by BePatient)
comprising 8 1-hour modules; it was self-paced and had learning
activities as well as goal setting and self-assessment tasks. Each
module proposed learning activities, quizzes, and brief 2- to
5-min PA sessions that generally focused on a particular series
of movements: sprints, jumping, walking, running, squats,
sit-and-reach, or push-ups. The total PA per adolescent over the
8 modules was 21 min; thus, these prescribed PA sessions had
no significant direct impact on the MVPA levels and could not
have contributed to an artificial increase in MVPA. PA was
captured by the Misfit Shine 2 activity tracker and conveyed to
the child via the Misfit app exclusively during the iEngage

modules to support learning and provide help in self-assessing
achievement against personal goals. Figure 2 presents
screenshots of the app and pictures of children in activity during
the program.

At the end of each module, the adolescents were guided to set
their own goals for the next module. These were 2-fold: first,
they chose an individual “objective” in terms of number of steps
and intended intensity (eg, “I plan to do 10,000 steps and 45
min of MVPA every day”), and then, they selected a “mission,”
which was a specific task usually involving family, friends, or
health professionals (eg, “I will discuss what I’ve learned today
with my family” or “I will play soccer with friends”). At the
start of the following module, they indicated whether they had
achieved their goals. In the last module, they were encouraged
to set long-term goals.

A game challenge was designed to foster engagement in learning
activities and goal achievement. The adolescents were assigned
to 5 groups of 3 or 4, represented by an animal mascot. Groups
won points when members achieved individual goals (objectives
and missions) and for collective learning achievements during
the modules; the results were tallied at the end of each week.
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Figure 2. App screenshot and pictures of children in activity during modules.

Procedures

Preprogram Measurements

Anthropometry

Height was measured to the nearest 0.5 cm using a portable
stadiometer (Leicester Tanita HR 001, Tanita Corporation,
Tokyo, Japan). Body weight was determined using a scale
(Tanita HA 503, Tanita Corporation, Tokyo, Japan) to the
nearest 0.1 kg, with the adolescents in light clothing. Body mass
index (BMI) was calculated by dividing mass in kilograms by
height squared in meters. The BMI z score was then calculated.
The percentage of fat body mass (FBM) was estimated from
the skinfold thickness of the sum of 4 skin areas (biceps, triceps,
subscapular, and supra-iliac) measured on the right side of the
body with Harpenden skinfold calipers, expressed in millimeters.
This enabled us to determine the FBM and lean body mass) in
kg. The detailed anthropometric methods are described in the
study by Galy et al [17].

Physical Fitness Tests

Physical fitness tests included a time trial of 30-m sprints, with
5 m, 10 m, and 15 m lap times recorded using photocell gates
(Brower Timing Systems, Salt Lake City, UT, United States;
accuracy of 0.01 sec) placed 1 m above the ground. The t test
was used to determine the adolescents’ agility. Trials were
recorded using photocell gates in the same conditions as for the
sprints. The maximal aerobic speed (MAS) test individually
assessed running speed over gradually accelerating 1-min
increments. When a child stopped the test at maximal effort,
the last stage reached was recorded and converted to MAS as
described in the study by Galy et al [17].

Baseline Physical Activity (GENEActiv)

Baseline PA was obtained via GENEActiv activity trackers
(validated in children [18]; Kimbolton, Cambs, PE28 0LF)
positioned on the nondominant wrist for 5 days before the
program. The datasets from these trackers contained 60-Hz

3-dimensional accelerometer data. Raw data were processed
into 1-sec epoch signal vector magnitude datapoints of daytime
activity (8 am to 8 pm daily) and were then categorized into PA
levels: sedentary, light PA, and MVPA, for each second using
Phillips’s cut points for children [19]. We focused on bouts of
sedentary activity or MVPA occurring with a minimum duration
[18], as these behaviors were targeted by the program. A bout
was defined as a continuous episode of PA at a specific range
of intensity, and the length of a bout was the number of seconds
spent at that intensity during that episode. Thresholds for
sedentary bouts (60 sec minimum) and MVPA (3 sec minimum)
were based on the literature [18] and the analysis of Diaz and
Yacef [20].

Physical Activity During the Program (Misfit)

The Misfit activity trackers were worn continuously over the
4-week program, and data were available to the researchers in
a daily aggregated form for each child: this included the total
daily steps and the PA sessions that were detected with duration,
steps, and calories spent during each session. We
reverse-engineered the PA intensities from calories spent using
the following criteria, which were found empirically to match
Misfit’s categories: PA sessions that consumed less than 2
calories per minute were considered light, between 2 and 3.5
calories were considered moderate, and over 3.5 calories were
considered vigorous. These empirically defined cut points are
aligned with those of Colley et al [21] for light and moderate
PA and were slightly lower for vigorous activity, suggesting
that our calculation was on the conservative side. This had no
bearing on our study as we were interested in MVPA.

As noted earlier, these trackers were not used here for scientific
validation but for learning purposes. Nevertheless, to assess
data accuracy, we compared their data with those of the
GENEActiv trackers, by asking children to wear them
concurrently on the same wrist during the first week: the daily
totals were consistent, although the GENEActiv trackers
sometimes captured more finely detailed data. This indicates
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that the Misfit trackers may sometimes underestimate very small
activity bouts, yet still provided a close lower bound of the
children’s activity. Their continuous data across the 28-day
program data were, therefore, useful to explore.

Feedback From Adolescents
At the end of each module, the adolescents had the opportunity
to provide quick feedback on their experience via a survey
question: “How much fun was this module?”

At the end of the program, through a multiple-choice quiz, they
were also asked to indicate their intention to engage in healthier
PA behaviors in the coming months.

Statistical Analysis

Anthropometry and Physical Fitness Analysis
Anthropometry and physical fitness data are presented as mean
(SD). Means and SDs for the physical fitness tests were
calculated for the whole group; these tests were MAS; speed at
5, 10, 15 m; and an agility test.

Analysis of Baseline Physical Activity (GENEActiv)
The mean and SD of daily times spent being sedentary and
engaged in light, moderate, and vigorous PA were calculated
on the minimum bout-filtered daily accumulated data. Analyses
were conducted using R Core Team 3.1.0. [22].

Data Mining Methods

Analysis of Program Physical Activity (Misfit)
We analyzed the PA data in several ways to gain insight into
the PA behavior changes during the program. We first identified
the types of daily behavior observed through daily behavioral
clustering. We then devised a consistency rate function to track
the regularity of the participants’ healthy PA behaviors over a
sliding window of 7 days. We assumed that although the
adolescents might not meet the PA recommendations every day,
a noteworthy sign of progress is the fact that they meet them
more regularly at the end of the program than at the beginning.
These methods are summarized below.

Daily Behavior Clustering
In addition to the binary achievement of minimum daily steps,
we explored different shapes of the PA behaviors regarding the

number of steps, the time spent at various intensities, and how
these behaviors changed daily. The behavior clustering method
thus revealed the types of PA behaviors over a day. The activity
tracker data, for each child and each day, were mapped into
vectors with 5 features: 1, 2, and 3—the total daily time spent
in light, moderate, and vigorous PA, respectively; 4—the total
number of steps; and 5—a binary feature that was true if at least
11,000 steps were accumulated on that day. Each of these
vectors was, therefore, a representation of the PA behavior of
1 child on a given day. Numerical features were normalized.

These vectors of daily PA behaviors were then clustered
(Kmeans, k=3 determined using the elbow method to find the
best balance between the number of clusters and the sum of
square errors within clusters).

Consistency Rate
The consistency rate captures the frequency and regularity of
desirable behaviors in relation to a specific target. It represents
the average value of achievement of that target over a certain
number of days, here 7, and is computed as shown in Figure 3,
where n is the number of days (ie, 7), R(i) is the degree of target
achievement on day i, and P(i) is a binary function showing
whether behavioral data were available on day i.

The purpose of P(i) was to ensure that the data were only
averaged for the number of days on which data were captured
and to exclude those days when the adolescents did not wear
their device (loss, malfunction, etc). For instance, an adolescent
who had not once met the recommendations over the prior 7
continuous days would have a rate of 0%, whereas one who did
so consistently would have a rate of 100%. If no data were
recorded in the 7-day period, the value was excluded. As this
7-day window moved each day, we were able to follow trends
with the consistency rate.

To follow progress, we applied this method to 2 targets: (1)
daily number of steps over 11,000 and (2) daily PA behavior
within the desirable clusters. For the first target, R(i)=1 if the
daily number of steps were achieved on day i, 0 otherwise. For
the second one, each cluster was assigned a value within the
range (0;1) corresponding to the activity level of that cluster
(where 1: most active and meeting all international
recommendations), and R(i) was the value of the corresponding
behavior cluster on day i.

Figure 3. Consistency equation.

Results

Anthropometry, Physical Fitness, and Physical Activity
Before the iEngage Program
Descriptive data collected before the iEngage program are
presented in Table 1. Accelerometry results from GENEActiv

show that participants spent an average of 112 min per day in
sedentary behaviors lasting at least 60 sec. Daily (8 am-8 pm)
baseline PA intensities expressed in minutes (sedentary, light,
and MVPA) showed that they spent 122 min in light PA and
36 min in MVPA in bouts lasting at least 3 sec.
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Table 1. Descriptive anthropometric, physical fitness, and physical activity data before the iEngage program (N=24).

Value, mean (SD)Individual characteristics

Anthropometric variables

1.58 (0.06)Height, m

56.45 (13.09)Weight, kg

11.88 (0.57)Age, years

27.99 (7.52)FBMa, %

39.99 (6.76)FBM, kg

22.33 (4.60)BMIb, %

1.20 (1.02)BMI z score

81.58 (10.84)Waist, cm

0.51 (0.06)Waist to height ratio

Physical fitness variables

10.90 (1.10)Maximal aerobic speed, km.h-1

1.36 (0.10)5 m sprint, sec

2.96 (0.33)10 m sprint, sec

5.38 (0.44)30 m sprint, sec

13.02 (3.09)Agility test, sec

Mean time spent per day at the corresponding intensity in minutes

112.20 (19.30)Sedentary activity (60-sec bouts)

121.90 (5.80)Light physical activity (3-sec bouts)

35.30 (3.80)Moderate-to-vigorous physical activity (3-sec bouts)

aFBM: fat body mass.
bBMI: body mass index.

Daily Behavior Clustering
Behavior clustering identified 3 types of daily PA behaviors,
shown in Table 2: the less active cluster (cluster 0), well under
the daily recommended number of steps and minimal MVPA;

the active cluster (cluster 1), where daily step count was reached
but well under 60 min of MVPA; and the very active cluster
(cluster 2), with active days and well over the recommended
step number and time in MVPA.

Table 2. Centroids of daily behavior clusters (k=3) during the 4-week iEngage program.

Mean overall (n=446)Mean cluster 2: very active
cluster (n=37)

Mean cluster 1: active
cluster (n=229)

Mean cluster 0: less active
cluster (n=180)

Feature

64859239Light-intensity activity, min

1457165.30Moderate-intensity activity, min

75242.30Vigorous-intensity activity, min

11,14018,26013,8607850Number of steps

NoYesYesNoOver 11,000 steps

Consistency Rate
Progress was assessed according to 2 daily targets: (1) reaching
11,000 steps and (2) being in the most active daily PA behavior
cluster.

Target 1: Achievement of Daily Steps
Overall analysis showed that, on average, adolescents achieved
11,197 (SD 1376) steps per day during the 4-week program.
The consistency rate of achieving 11,000 steps per day improved

throughout the program (Figure 4). Consistency rate analysis
showed that 11,000 steps were achieved for 48% of the days in
week 1 (approximately 3.4 days/week). This increased to 54%
(approximately 3.8 days/week) in week 4, with a peak of 59%
(approximately 4.1 days/week) shortly before. More
interestingly, the adolescents who were the least active in week
1 (ie, achieving less than 50% of daily recommendations in the
first week) increased their consistency rate from 35%
(approximately 2.4 days/week) at program start to 51%

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 12 | e14854 | p.116http://mhealth.jmir.org/2019/12/e14854/
(page number not for citation purposes)

Galy et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


(approximately 3.5 days per week) at program end, with a peak of 53.6% (approximately 3.7 days/week).

Figure 4. Average consistency rate (in %) of daily steps during the iEngage program. Consistency rate is calculated at the end of a 7-day window

sliding over time; hence, the data presented in the graph start on day 7. Rainy days (N=10, between 0.3 and 14.3 mm.3h-1) are represented by a cloud
symbol.

Target 2: Improvement in Daily Physical Activity
Behavior
The daily behavior clusters provided a more refined analysis of
progress, taking into account the time spent at each PA intensity
(light, moderate, and vigorous), the number of steps, and the
achievement of daily recommended steps. With 3 clusters, R(n)
was a 3-value function: 0 for cluster 0 (less active), 0.5 for
cluster 1, and 1 for cluster 2 (very active, meeting all
recommendations). A consistency value of 0 meant that every
day of the past week was spent in the less active cluster, and a
value of 1 meant that every day was spent in the very active

cluster. A value of 0.5 could mean that the adolescents split
their time between cluster 0 and cluster 2 (alternating less active
and very active days) or every day in cluster 1 (active but under
the recommendations). The analysis of weekly consistency rate
using these clusters is presented in Figure 5. On average, the
adolescents started at 0.60 and finished at 0.63 (with a peak at
0.71) at the end of the iEngage program. More interestingly,
the least active adolescents in week 1 (defined as being in the
less active cluster more than 50% of the time) started with a
consistency rate of 0.18 and ended with 0.45 (peak at 0.51),
indicating a 27% increase over the program for these
adolescents.
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Figure 5. Average consistency rate (from 0 to 2) of daily behavior clusters during the iEngage program. Rainy days (N=10, between 0.3 and 14.3

mm.3h-1) are represented by a cloud symbol.

Feedback From Adolescents
The percentage of satisfaction with the modules (ie, module
rated as “fun”) was 95% across the program (for all modules).
At the end of the program, adolescents were invited to set some
goals for the future. Overall 85% (18/21) of adolescents declared
intentions to achieve daily MVPA: 52% (11/21): “I intend to
achieve 60 min of MVPA per day” and 33% (7/21) “I intend to
achieve 30 min of MVPA per day”. Furthermore, 62% (13/21)
declared “I will discuss with my family and friends about what
I learned,” 62% (13/21) “I will seek assistance from close friends
to reach my objectives,” and 0% “I don’t know/I am not
motived.” To the question “Do you think you will achieve it?,”
the answer was “Yes” for 38% (8/21) of the adolescents, “I’m
not sure” for 57% (12/21), and “I don’t think so” for 4% (1/21).

Discussion

This study showed that deploying a technology-supported
educational program in a school context targeting PA behaviors
in a remote area of the PICTs is feasible. In addition, we provide
new data mining techniques for tracking adolescents’adherence
to international PA recommendations through daily behavior
clustering and consistency rate.

The 95% Melanesian population was from a remote and rural
area of New Caledonia. The overweight prevalence and the
physical fitness level before the program (Table 1) were
consistent with previous observations in the region [7,11,23-25].
PA data recorded before the program, although in a small group,
showed for the first time that these adolescents performed only
approximately 30 min of MVPA daily, which is half the
recommended volume (Table 1). This is similar to other
Asia-Pacific countries such as Australia [10] and highlights the
need for intervention for New Caledonian adolescents [8].
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PA was analyzed using novel integrative approaches. First, it
was analyzed per day and per adolescent rather than averaged
over the observed period. This aligns with how
recommendations are expressed and allowed the detection of
changes on a daily basis. Second, a behavior clustering technique
was used to combine the PA components to characterize the
daily PA of an adolescent: volume (daily steps), time spent at
each PA intensity, and achievement of internationally
recommended daily steps. These objectively measured data
enabled us to identify 3 daily PA behavior clusters (Table 2):
days spent in clusters 0 and 1 were below the international
recommendations of 60 min of MVPA per day, whereas days
in cluster 2 (only 37/446 days) were very active and well over
the international recommendations. Third, changes in PA were
measured by calculating the consistency of PA over a 7-day
sliding window. PA was measured via 2 indicators: a simple
one based on the achievement of the recommended daily steps
(Figure 4) and a more comprehensive one using the daily
behavior clusters (Figure 5). Figure 4 shows that the least active
adolescents in the first week (eg, achieving the daily
recommended steps less than half the time) progressively
increased their steps by 15.6% over the 4-week program.
Furthermore, the consistency rate and daily behavior clustering
methods that take into account durations, intensities, and
recommendations were useful for interpreting the PA patterns.
This integrative approach showed that the adolescents improved
PA behaviors over the program (+27%; Figure 5), especially
those who were the least active in the first week. Indeed, these
adolescents more often met the international recommendations
for daily steps and PA intensity by week 4. This approach
provided better daily global analyses of PA patterns in
adolescents based on the recommendations [26].

Overall, PA steadily increased, showing levels approaching the
international recommendations, especially for those who were
less active at the beginning of the study. We highlight that PA
was realized outside the iEngage modules, ie during the
adolescents’ daily life, as the program only prescribed at most
4 min per module (the remaining time in each session was spent
learning via the app or discussing concepts with peers).

The school educational team, including the principal, the
teachers, and the school nurse, as well as the families and
community (Melanesian custom) were very involved in the
program, as we intended it. Indeed, a New Zealander study
showed that contextualized learning facilitated knowledge
translation in programs promoting scientific and health literacy
[27]. The adolescents were more able to decide whether and
how to incorporate scientific evidence to enhance their current
and future well-being. The program encouraged them to share

knowledge and skills with peers, family, and the broader
community (including teachers and school nurse) and to involve
them in achieving health goals. For example, as the efficacy of
adolescent health interventions depends in part on family
involvement [14], these adolescents were encouraged to identify
a “mission” at the end of each module to engage parents, carers,
siblings, or friends in the activity and/or discuss health
information and recommendations. We put in place an
information strategy and meetings with parents along with
important people in the community, eg, religious leaders and
elders. Some of them accepted to convey messages of support
for the program based on their teaching discipline or role in the
community. They did so in French and the local language
(Drehu) via videos that were incorporated into the digital
program. This was particularly important because of the key
role of spiritual leaders in Pacific communities [28]. In
particular, we invited “custom keepers” and religious leaders
to talk in Drehu about the importance of PA and nutrition as
ways to build healthy lifestyles and be part of healthy
communities. We believe that this community involvement
contributed to the adolescents’ strong appreciation for the
program and their intentions to continue their engagement after
the program end, and these too were positive outcomes of this
exploratory study.

Some study limitations need to be underlined. This exploratory
study was conducted in 1 class with 24 children for a period of
4 weeks and no control group was included, which limits any
generalization. Although Misfit data were recorded continuously
during the program, enabling us to obtain unique information
on the children’s behavior, we did not measure the pre-post
effects of the intervention via accelerometry, and this may have
limited the interpretation. However, at the start of the program
and for 5 consecutive days, the Misfit data were compared for
data accuracy with the GENEActiv data. The daily totals were
consistent, indicating that although the Misfit trackers sometimes
underestimated small activity bouts, they still provided a close
lower bound of the children’s activity.

In conclusion, an integrative approach in the sports sciences,
combining user-centered and community-based education and
digital technologies (wearable trackers) to build health-related
skills and change PA behaviors, seems promising in the PICTs.
Our novel data mining technique provides an innovative way
to assess adherence to international PA recommendations.
Although several improvements are needed, this exploratory
study showed that an electronic health program can be deployed
in a remote Pacific area with a strong traditional culture and
suggests the potential for implementing it at a larger scale for
different ages, populations, and cultures.
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Abstract

Background: Most newly employed nurses have limited practical experience, lack problem-solving abilities, and have low
resistance to stress, and therefore often opt to resign from the nursing profession.

Objective: This study aimed to assess the effectiveness of a stress relief app (SR_APP) to monitor the stress levels of newly
employed nurses.

Methods: We conducted a quasi-experiment to assess changes in stress levels of newly employed nurses at a case hospital, in
which the experimental group used the SR_APP and the control group did not. In-depth interviews were conducted to reveal
insights regarding their stress. The app usage experiences of experimental group members were assessed via a questionnaire.

Results: All the participants appreciated the experiment and were interested to know more about managing their stress. The
experimental group members showed significant differences in heart rate variability scores before and after using the SR_APP,
and they reported high levels of intention to use and satisfaction with regard to the SR_APP.

Conclusions: The SR_APP can be effective in helping newly employed nurses to manage their stress.

(JMIR Mhealth Uhealth 2019;7(12):e15785)   doi:10.2196/15785

KEYWORDS

nursing staff; occupational stress; mobile app

Introduction

Occupational Stress
Work-related stress is a prevalent condition in the nursing
profession. A recent literature review showed that studies of
nursing stress covered areas from developed to developing
countries, departments from general wards to emergency
departments, subjects from newly graduated nurses to nurse
managers, and topics from the antecedents to the impact of
work-related stress [1-11]. Furthermore, significant positive
correlation was found between work stress and the demission
rate among nursing staff [12]. However, the methods of stress
assessment used by those studies are mainly through stress

questionnaires and lack objective and quantitative data as
references.

Physiological monitoring markers for objective measurements
of stress include heart rate, blood pressure, and heart rate
variability (HRV). The quantitative analysis of HRV can portray
stress indices and circumvent such shortcomings as the
intentional concealment of problems during completion of the
questionnaire [13]. HRV analysis is widely used as part of the
self-adjustment practice for workers in high-stress conditions,
students facing examination anxiety, and those in occupations
that focus on professional peak performance, such as athletes
and artists [14]. This study included HRV as a more objective
measurement of stress in nurses. However, various factors can
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interfere with HRV, including heart rate, age, gender, day and
night rhythm, and acute and chronic disease [15]. Therefore,
in-depth interviews were conducted to reveal insights regarding
their stress.

Managing Occupational Stress
Stress can be viewed as a personal weakness, and employees
are simply obliged to endure workplace stress. A study by Ke
et al concludes that high work stress may contribute to nurses
overdosing on sedatives, hypnotics, and antipsychotics, and
younger nurses becoming more susceptible to drug abuse [16].
Another viewpoint is that stress is both an organizational and
personal issue. Therefore, organizations should adopt active
and preventive strategies to manage workplace stress. A study
by Dewe [17] proposed a 3-level prevention strategy to manage
workplace stress. The goal of primary prevention is to eliminate,
decrease, or control the number or intensity of stress sources;
to modify systems; and to redesign workflow so that the
organization’s staff can improve their productivity and increase
their motivation. The goal of secondary prevention is to educate
and train individuals to identify stress sources and respond to
stress effectively. The goal of tertiary prevention is to treat
individuals who have already been exposed to stress sources
and have experienced physical and mental damage because of
it. This study adopted Dewe’s strategy to manage workplace
stress of newly employed nurses.

Information technology usage can have a positive effect on
performance of organizations, from commercial, manufacturing,
to financial ones [18-20]. Similarly, hospitals and clinics have
introduced information technology (eg, electronic medical
records) with rapid dissemination, processing, and storage
capabilities to improve upon the conventional manual workflow
and reduce the number of flaws and errors [21-23]. This helps
improve the service quality of the entire health care system and
increase administrative efficiency. This study considers
workplace stress to be a common problem that is both
organizational and personal and proposes a stress relief app
(SR_APP) in conjunction with the traditional consulting
mechanisms for stress management.

Methods

Introduction to SR_APP
This study selected a regional teaching hospital in northern
Taiwan as its case hospital. This hospital is a religious hospital

and places more emphasis on the physical, mental, and spiritual
care of their employees. Meanwhile, this hospital is committed
to technological advancement with cloud-based medical and
nursing information management, which makes this case
hospital the leading regional hospital in Taiwan. The SR_APP
was created by a project team consisting of 2 representatives
from nursing management and administration, 2 representatives
from among newly employed nursing staff, 1 clinical
psychologist, and 1 external information systems expert. The
representatives from nursing management and administration
had the job titles of supervisor and head nurse, and each had
more than 10 years of experience in counseling and training
courses for newly employed staff. The 2 newly employed nurses
had been working at the hospital for 1 and 3 months when this
study was conducted. The clinical psychologist possesses a
professional psychology license and had 9 years of clinical
counseling experience at the time of study. The medical
information system expert was a professor in information
systems from a national university with research interests in the
development of nursing systems in hospitals.

The design of the SR_APP started with generating users’
requirements from the project team. The information technology
staff translated those requirements into system functions and
implemented, tested, and revised the app. In total, it took 1.5
months to launch a stable version of the SR_APP. The
requirements generated by the project team for the SR_APP
were that the system should inform supervisors, staff, and
psychologists via email when the staff member’s stress
monitoring data exceed the threshold value and when relaxation
techniques are used, allow reviewing of historical data, be
password protected, have different levels of authorization to
access data, and be easy to operate. The information technology
staff created the SR_APP according to the aforementioned
requirements. The app screenshots are shown in Figure 1.

As the case hospital was granted an International Organization
for Standardization specification for an information security
management system (ISO 27001) certificate, the research data
were stored in the hospital database and accessed under authority
control. The nursing manager who was in charge of the newly
employed nurses’ learning program had access to the database.
Each participant could only access their own data. If they
accidently deleted the app, they could reload the app using the
Quick Response code on the hospital’s Web page and review
the data they had. The data would be kept for 3 years according
to the institutional review board (IRB) regulations.
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Figure 1. SR-App screenshots.

Research Design
As newly employed nursing staff reported for work at the case
hospital, those who met the inclusion criteria (no endocrine or
cardiovascular disease, no history of smoking, and not currently
on any medication) were invited to participate in the
quasi-experiment. Those who agreed to participate were told
the aim and methods of the study and were asked to fill out the
consent forms and personal background information forms.
They were then assigned to the experimental or control group.
Ethical approval for the study was obtained from the IRB of
MacKay Memorial Hospital—IRB serial number:
14MMHIS045.

Two times a week, the participants arrived at the experiment
room after work, rested for 10 min, and conducted stress
assessment using ANSWatch Model TS-0411 as the HRV
analyzer. When the stress level of a given participant in the
experimental group exceeded the threshold value, an email was
sent to that participant’s mobile phone to introduce relaxation
techniques. No such intervention was conducted in the control
group. If a participant’s stress level was consistently higher than
the threshold value, emails were sent to the appropriate
supervisor and counselor to arrange a counseling meeting.
Participants’ stress levels were continuously measured during
the entire time the experiment was conducted. The experiment
room setting is shown in Figure 2.
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Figure 2. The experiment room setting.

The HRV values of both groups were compared to test the
following hypothesis:

H1: Newly employed nursing staff members who use
the SR_APP exhibit higher HRV levels than staff
members who do not.

After the experiment, in-depth interviews were conducted to
allow participants to describe their true feelings about the
experiment and the effectiveness of the interventions used in
this study. Semistructured, open-ended questions were used to
collect the feedback. All the participants agreed to be
interviewed after work on the scheduled date. Each interview

lasted for approximately 20 to 60 min. A second interview was
conducted if there were further questions or additional intact
and accurate information had to be obtained. Interview outlines
for both groups included questions about their motivation to
participate in this study, feedback regarding the experimental
process and impacts, and suggestions for improving the study
(eg, the experimental process and questionnaire or interview).
In addition, the experimental group’s experience of using the
SR_APP and their suggestions to improve the SR_APP were
assessed using the widely accepted measurement shown in Table
1.

Table 1. The items for evaluating the SR_APP.

ItemsVariable

System quality

SR_APP is user-friendly; SR_APP is easy to useUser-friendly

The SR_APP provides quick feedback; The SR_APP gives me a variety of choices for relaxingInteractivity

Information quality

The SR_APP provides accurate information; I am satisfied with the accuracy of the SR_APPAccuracy

Information provided by the SR_APP is timely; The SR_APP provides up-to-date informationImmediacy

Information from the SR_APP is valuable; Information from the SR_APP is complete; The SR_APP covers my
decompression needs

Integrity

Perceived playfulness

When interacting the SR_APP, I am not aware of any noise; Using the SR_APP gives me enjoyment; Using the
SR_APP keeps me happy

Pleasure

I am satisfied with the “stress alleviation techniques” function in the SR_APP; I am satisfied with the “stress alle-
viation methods” function in the SR_APP; I am satisfied with the “emotion diary” function in the SR_APP; I am
satisfied with all of the functions in this app

User satisfaction

The statistics software of Statistical Package for Social Sciences
version 19 was used to analyze the collected data. The basic
information of the participants was summarized using

descriptive statistics. An independent t test and 1-way analysis
of variance were used to test for significant differences on work
stress among different categories. Finally, the Wilcoxon test
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was used to compare differences between the experimental and
control groups before and after intervention measures.

Results

Participants Demographic Information
A total of 28 participants were enrolled in this study, of which
21 completed 3 months of stress monitoring (8 in the
experimental group and 13 in the control group). The completion
rate was 75% (21/28), and 7 participants did not complete the
stress monitoring because of the sudden illness of a family

member, personal emotional reasons, poor adjustment, and/or
resignation from work. The basic information of the participants
is shown in Table 2.

Most participants were young females (95%, 20/21) aged
between 21 and 25 years (76%, 16/21), who had university or
equivalent education, with no work experience (66%, 14/21)
and no relevant experience (76%, 16/21). All participants were
unmarried, not on medication, nonsmokers, and had no children
and no history of acute and chronic disease (eg, hypertension,
diabetes, cardiovascular, and endocrine disease).

Table 2. Basic information of the participants.

Total (N=21), n (%)Control group (n=13), n (%)Experimental group (n=8), n (%)Measure categories

Age (years)

5 (23)3 (23)2 (25)<20 

16 (76)10 (76)6 (75)21-25 

Gender

20 (95)13 (100)7 (87)Female 

1 (4.8)0 (0)1 (12)Male 

Education

9 (42)5 (38)4 (50)College 

12 (51)8 (61)4 (50)Bachelor’s 

Ward

5 (23)2 (15)3 (37)Medical Ward 

7 (33)4 (30)3 (37)Surgery Ward 

8 (38)6 (46)2 (25)Emergency 

1 (4)1 (7)0 (0)Outpatient 

Relevant experiencea

16 (76)11 (84)5 (62)No 

5 (23)2 (15)3 (37)Yes 

Working experience

14 (66)6 (46)8 (100)No 

7 (33)7 (53)0 (0)Yes 

Marriage

21 (100)13 (100)8 (100)Unmarried 

Child

21 (100)13 (100)8 (100)None 

Disease historyb

21 (100)13 (100)8 (100)None 

Medication

21 (100)13 (100)8 (100)None 

Smoking

21 (100)13 (100)8 (100)None 

aThe prior experience related to the job in current division.
bAcute and chronic disease.
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Results of Wilcoxon Test
As the sample size was small, the nonparametric Wilcoxon test
was used to compare differences in HRV between the
experimental and control groups before and after the intervention
measures. The HRV values were ranked, and those ranks were
summed for each group. The detailed results shown in Table 3
indicate that before the intervention, members of experimental
group had higher stress levels than those of the control group
(P=.02), and after the intervention, both groups had indifferent
HRV scores (P=.93).

In other words, the experimental group improved more than the
control group. To further explore the differences within the
group, the pre- and postaverage scores of HRV for both groups
were tested using a paired t test. The results are shown in Table
4.

Both groups had significantly higher HRV scores after the
intervention, and the experimental group improved about 3
times more than the control group did.

Table 3. Wilcoxon test for experimental and control group comparison.

HRVa differenceGroup

P valueM-H testSum of rankAverage rank

.02127.50Pre

298.5016.58Experimental

647.5025.90Control

.93221.500Post

399.5022.19Experimental

546.5021.86Control

aHRV: heart rate variability.

Table 4. Paired t test for experimental and control group heart rate variability score comparison.

HRVa differenceGroup

P valuet test (df)Mean (SD)

<.001–3.661 (7)Experimental

27.78 (6.495)Pre

73.72 (13.775)Post

.002–3.158 (12)Control

32.20 (5.164)Pre

47.16 (19.893)Post

aHRV: heart rate variability.

Follow-Up Interviews
As aforementioned, certain factors can interfere with the HRV
assessment, including heart rate, age, gender, day and night
rhythm, and endocrine disease. This study found other factors
such as ad hoc assignments, conditions of patients, and critics
from clinical preceptors to interfere in the participants’ HRV.
Therefore, in-depth interviews were conducted to help
understand the insights from the interventions used in this study.
The interview data were written into transcripts, and open coding
of interview records was conducted based on the subject’s
original intention. Meaningful information from the raw data
was grouped under similar codes. The in-depth interviews results
showed that most newly employed nursing staff valued this
experiment as a unique experience and were interested in
understanding the changes in their stress levels during the
employment process. Therefore, they looked forward to
receiving their 3-month test results, regardless of whether they

were in the experimental or control groups. Some of the
feedback is transcribed below:

I want to know my stress level results.

Although I knew that I would definitely experience
stress, I still eagerly want to know test results of my
stress level.

Now that I have seen my stress level results, I feel
that this is quite interesting.

Initially, I was curious about the final result and felt
that it was fun, which was why I agreed to participate
in the study!

This is my first job, so I want to know how great is
the stress that I will experience.

During each stress assessment, the facilitator observed that the
newly employed staff showed fatigue, which was evident in
their faces. The facilitator was worried that retaining the subjects
for tests would bother them. It turned out that some nurses took

JMIR Mhealth Uhealth 2019 | vol. 7 | iss. 12 | e15785 | p.127https://mhealth.jmir.org/2019/12/e15785
(page number not for citation purposes)

Chang et alJMIR MHEALTH AND UHEALTH

XSL•FO
RenderX

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


advantage of that period of time to emotionally recover from a
busy day, though the stress test lasted about 10 min only. Some
nurses tried to recall handing over tasks that they had forgotten
to perform. Others were so relaxed that they fell asleep. Some
nurses persistently complained or even broke down and cried.
It seems that this period of time provided an opportunity for
newly employed staff to change their mood before returning
home.

Staying here for a stress level test enabled me to think
about whether I had missed anything.

Apologies, I was too tired and fell asleep during
testing!

During this period, I can try to think through what
my senior stuff taught me today.

I appreciate this time period to be alone.

I feel like I cannot take this anymore...

I really feel that I am not suitable for this job as I
cannot do anything well.

I feel that I will be a burden to my senior staff if I
stay.

Newly employed staff experienced work stress everywhere in
the workplace, and some stressors were found in the prior
studies. Stressors included too many staff names in the
department to remember, insufficient staff reporting to work,
no common topics for chatting with coworkers, and unfamiliarity
with techniques and workflow, as well as receiving new patients,
transferring patients, emergency situations, and patients with
serious conditions. Additional stress came from mutual
disturbances with roommates whose schedules clashed,
inconvenient meal times, and lack of parental support.

The department is large with too many senior staff
names to remember. I am afraid of identifying the
wrong person and feeling embarrassed.

The night shift is fine but there are only two staff
members, and I do not know what to chat about and
feel awkward throughout the long night.

I am most afraid of receiving new patients as we have
to be busy for a while even for one patient.

Every time a new patient arrives, we become very
busy.

Patients have stayed for a long period of time, and
therefore, we fear having to transfer them.

I am frightened when the patients’ conditions
suddenly change.

Although my seniors have taught me some techniques,
I am still not familiar with them.

When CPR is performed on the patients, I can only
stand aside in a daze and not help as I do not recall
what to do.

I am easily awakened by slight noises or light. My
roommate also works in shifts, so we often disturb
each other.

I cannot eat well because my meal time always
changes. I am afraid of disturbing others when I get
up and can only lie in a daze.

My mother has been pressuring me to quit, and I do
not know what to do.

Most newly employed nursing staff adopted similar methods
to relieve stress, such as having a large meal and sleeping off
tiredness. Those with stamina left would chat with classmates,
friends, and family members regarding work problems and find
more courage to continue the nursing profession when they
realized that others also encounter similar problems. Only a few
nurses would exercise, go shopping, or watch movies to adjust
their moods.

While I experienced a lot of stress from working,
going home to sleep is my most commonly used
method to relieve the stress.

I feel that sleeping leads to a new starting point.

I will have a big meal to get rid of the bad mood from
being scolded at work, and feel better.

I feel better after having good food.

Having a big meal after receiving my salary makes
me feel better!

When my work is not going well, I will chat with my
colleagues who have the same problem and quit
thinking that I am not suitable.

We newly employed staff usually get together and
complain about the seniors. After we find out that
each department has similar problems, we then feel
that we are not particularly pitiful.

When I complain to my family members, they will say
that it’s the same everywhere.

I will go jogging after work. This enables me to slim
down and release some stress.

I will go shopping and watch movies with my friends.

The experimental group had more alternatives by which to
relieve their stress, as follows:

In the beginning, I did not use the app. After I
experienced more stress, I used it quite often.

For a long while, I would burst out crying in my dorm
after work, and using the app helped me fall asleep.

If I could have had this app during my internship, I
would enjoy my current job more.

I would follow the steps in the app to relax and felt
quite comfortable, so I used it very often.

Feedback of SR_APP Usage
More information regarding app usage was gathered via the
questionnaire. The reliability and validity of the items are as
follows. The Cronbach alpha values obtained were .851 for
system quality, .833 for information quality, .898 for perceived
entertainment, and .844 for usage satisfaction. The overall
Cronbach alpha value was .896, which is above .8, indicating
that the questionnaire has good reliability. The questionnaire
was structured based on a literature review, the study objectives,
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and the investigators’practical experience. An expert panel was
convened to assess the content validity. The average scores for
system quality, information quality, perceived entertainment,
and user satisfaction with the SR_APP were 4.22, 3.95, 4.13,
and 4.25, respectively, as measured on a 5-point Likert scale
where 5 represents highly satisfied and 1 represents highly
dissatisfied. In conclusion, the users evaluated the SR_APP
system as satisfactory.

Discussion

Principal Findings
HRV analysis is widely used in self-adjustment methods for
nonmedical workers in high-stress conditions [14]. Endukuru
and Tripathi [24] indicated that the components of HRV were
sensitive to stress in all healthy individuals. Eller et al [25] found
a significant correlation between work stress syndrome and a
reduction in the HRV. Some outpatient clinics that specialize
in psychiatry and the treatment of emotional stress also use
HRV analysis to detect patients’ emotional stress [26,27].
However, applying HRV analysis to the counseling of newly
employed nursing staff is rare.

We found that when stress levels exceeded the threshold value,
the HRV value decreased, which confirmed the findings of prior
studies. The work stress of both groups was reduced
significantly. Furthermore, the experimental group’s usage of
the app resulted in larger differences in HRV before and after
intervention, which indicates that the SR_APP can be used as
an additional tool in conjunction with the traditional consulting
mechanisms for stress management. An information system is
useless if no one uses it. Therefore, the high satisfaction levels
and strong usage intention reported by the experimental group
after using the SR_APP confirms the value of adding this tool
to the conventional stress relaxing methods for newly employed
nurses.

A high demission rate not only increases the costs for training
new staff but also increases the work burden of existing staff,
thereby decreasing the quality of care and possibly affecting
patient safety in severe cases [28,29]. The demission rate of
newly employed nursing staff of the case hospital during the
period of time this study was conducted was 18.84%, as
compared with 23.7% in the same period the previous year. By
the time this study was conducted, the national average
demission rate for hospitals of the same rank was 19.6%. In
other words, this shows that the intervention in this study may
have also reduced the demission rate of newly employed nursing
staff while alleviating employee stress.

Conclusions
Appropriate technology can help newly employed nursing staff
alleviate their work stress when their own stress management
skills are poor. The results of this study were inspiring. Not
only the case hospital but other chain hospitals would like to
adopt the SR_APP. However, the currently used device for
measuring the HRV was costly and inefficient. Therefore, the
project would continue once the medical engineering department
invented an inexpensive and efficient solution for measuring
the HRV. By then, the RS-App would be revised accordingly.

Although the researchers strove to make the study as rigorous
as possible, some limitations could not be overcome because
of time and resource constraints. Therefore, several limitations
must be considered when making inferences based on the results
of this study. First, as the recruitment of the case hospital during
the time this study was conducted was not successful, this
resulted in a limited number of subjects being invited to
participate in the experiment. Second, some subjects were unable
to continue participating in the study for personal and family
reasons, which led to an uneven number of participants between
the experimental and control groups. Third, the subjects were
in constant contact with the facilitators during the study period,
meeting twice a week for stress measurements, which might
have interfered with the test results, especially when some
subjects were emotionally unstable because of the excessive
stress. To provide timely consolation and care in such cases,
the facilitator might find it difficult to maintain a neutral
position. Fourth, subjects calling in sick, changing shifts, going
on urgent leave, and forgetting to stay after work also made it
difficult to monitor their stress with consistent regularity, leading
to missing values in the collected data. Finally, this study
examined the changes in stress levels of newly employed nursing
staff at a case hospital in northern Taiwan. As each hospital has
a different culture and management style, caution must be
exercised when generalizing the results of this study to other
hospitals.

Future studies can perform comparisons and improve the
generalizability of our results by extending the sample to
different levels or types of hospitals in different areas. There
are other factors that may affect the changes in stress levels in
newly employed nursing staff and the leadership of clinical
preceptors is one of them. It was observed that the clinical
preceptors experience great stress when guiding new nurses.
Therefore, examining the correlation between stress in
preceptors and in newly employed nursing staff may provide a
deeper understanding of the work stress for both sides.
Meanwhile, some feedback related to the functions of the
SR_APP were collected to facilitate future improvements to the
system. For example, the interaction function of the current
SR_APP will actively show the stress relief techniques only
when the user’s stress level exceeds the threshold value. As the
reasons why the stress level exceeded the threshold value might
be recorded in the participant’s emotion diary, with proper
linkage to the diary, the SR_APP can provide appropriate
suggestions based on the actual cause. Also suggested for
inclusion are additional functions such as the ability to inform
the team when 1 member has poor interpersonal relationships
in the department and a means by which to manage stress caused
by emergency situations encountered by the patient. Finally,
more personalized stress relief methods should be added to the
app, which will increase the effectiveness with which SR_APP
can provide stress relief for newly employed nursing staff.

Nursing staff shortage is a global problem that needs government
support. Several successful adoptions of hospital-related
information systems have been initiated and supported by the
Taiwanese government [30,31]. Thus, on the basis of the
findings of this study, the government can encourage hospitals
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to adopt advanced information technology to provide a friendly work environment for retaining newly employed nursing staff.
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Abstract

Background: DREAM-GLOBAL (Diagnosing hypertension—Engaging Action and Management in Getting Lower Blood
Pressure in Indigenous and low- and middle-income countries) studied a SMS text messaging–based system for blood pressure
measurement and hypertension management in Canadian Aboriginal and Tanzanian communities. The use of SMS text messages
is an emerging point of interest in global health care initiatives because of their scalability, customizability, transferability, and
cost-effectiveness.

Objective: The study aim was to assess the effect on the difference in blood pressure reduction of active hypertension management
messages or passive health behavior messages. The system was designed to be implemented in remote areas with wireless
availability. This study described the implementation and evaluation of technical components, including quantitative data from
the transmission of blood pressure measurements and qualitative data collected on the operational aspects of the system from
participants, health care providers, and community leadership.

Methods: The study was implemented in six remote Indigenous Canadian and two rural Tanzanian communities. Blood pressure
readings were taken by a community health worker and transmitted to a mobile phone via Bluetooth, then by wireless to a
programmed central server. From the server, the readings were sent to the participant’s own phone as well. Participants also
received biweekly tailored SMS text messages on their phones. Quantitative data on blood pressure reading transmissions were
collected from the study central server. Qualitative data were collected by surveys, focus groups, and key informant interviews
of participants, health care providers, and health leadership.

Results: In Canada, between February 2014 and February 2017, 2818 blood pressure readings from 243 patients were transmitted
to the central server. In Tanzania, between October 2014 and August 2015, 1165 readings from 130 patients were transmitted to
the central server. The use of Bluetooth technology enabled the secure, reliable transmission of information from participants to
their health care provider. The timing and frequency were satisfactory to 137 of 187 (73.2%) of participants, supporting the
process of sending weekly messages twice on Mondays and Thursdays at 11 am. A total of 97.0% (164/169) of the participants
surveyed said they would recommend participation in the DREAM-GLOBAL program to a friend or relative with hypertension.
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Conclusions: In remote communities, the DREAM-GLOBAL study helped local health care providers deliver a blood pressure
management program that enabled patients and community workers to feel connected. The technical components of the study
were implemented as planned, and patients felt supported in their management through the SMS text messaging and mobile health
program. Technological issues were solved with troubleshooting. Overall, the technical aspects of this research program enhanced
clinical care and study evaluation and were well received by participants, health care workers, and community leadership.

Trial Registration: Clinicaltrials.gov NCT02111226; https://clinicaltrials.gov/ct2/show/NCT02111226.

(JMIR Mhealth Uhealth 2019;7(12):e12639)   doi:10.2196/12639
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Introduction

Background
There are over 1 billion individuals living with hypertension
around the world, of which two-third are in developing countries
[1]. Achieving the rates of hypertension control in low- and
middle-income countries (LMICs), and in remote areas and
vulnerable populations equal to those provided in high-income
countries, remains a treatment gap that has not yet been bridged.
The Global Alliance for Chronic Diseases funded and facilitated
global collaborations in hypertension implementation research,
and it sponsored this research, which was focused on improving
the management of hypertension in LMICs and Canada’s
Indigenous communities [2].

The prevalence of cardiovascular disease, obesity, diabetes, and
other related conditions is significantly higher in Indigenous
populations in Canada than the rest of the population. Although
the prevalence of hypertension is slightly lower, rates of
hypertension awareness, treatment, and control are also lower
[3]. This is because of the social determinants of health,
including physical inactivity, smoking, and diets that are high
in sodium and low in fresh fruits/vegetables, and those specific
to Indigenous peoples; this also includes poverty and the impact
of colonization and the Residential School system, creating
barriers to accessing health care, and an increase in behavioral
risk factors for cardiovascular disease [4,5]. The ubiquity of
mobile phones and mobile health presents an opportunity to
overcome some of these barriers.

The use of SMS text messaging in health care interventions is
becoming a point of interest because of its scalability and
capacity for adaptation to various populations at a low cost [6].
Studies are finding that they are acceptable to recipients and
beneficial in the management of chronic disease, but outcomes
remain mixed [5,7].

Objectives
The DREAM-GLOBAL, Diagnosing hypertension—Engaging
Action and Management in Getting Lower Blood Pressure in
Indigenous and low- and middle-income countries, research
study was a randomized controlled trial comparing only the
blood pressure lowering effect of passive health behavior
messages with both active blood pressure management messages
and passive health behavior messages [8]. The active messages
were specific to the control or lack of control of the participant’s
blood pressure. To keep the patient’s primary health care

provider in the loop, the central server also sent faxes with the
blood pressure readings to their office. This paper provides a
technical review of the DREAM-GLOBAL intervention,
discussing the development, implementation, and feedback of
the system on the basis of responses from study participants,
health care providers, and community health workers.

Methods

Design and SMS Text Message Development
The DREAM-GLOBAL study randomized participants to either
active or passive SMS text messages, and the protocol has been
previously published [8]. The study took place in 6 Canadian
First Nations communities and 2 rural communities in Tanzania.
The SMS text messages used in the study were developed from
Canadian hypertension clinical practice guidelines and modified
to be culturally safe and appropriate for the target population.
This was carried out both in Canadian First Nations communities
and in rural communities in Tanzania. All communities engaging
in the study were invited to provide input on the messages to
ensure that the language used was culturally appropriate, and
cultural factors were taken into consideration when designing
the intervention [9,10]; these factors included social, political,
and historical aspects to better understand cultural differences
and how these factors can affect health inequities in these rural
areas of interest. An empirical decision on the frequency of the
messages was made to send them twice weekly on Mondays
and Thursdays at 11 am, which also helped to avoid holidays.
A central server was programmed to send the messages to
participants after registering with the program. The messages
were not altered once the study began. The registration process
was conducted by local community health workers in each
community and participants recruited through hypertension
screening days. The individual blood pressure measurements
were taken using an automated blood pressure device with
Bluetooth transmission capability. Mobile apps were developed
for BlackBerry and Android wireless phones to receive the
blood pressure measurements and transmit them to the central
server. Upon registration into the system, the central server
randomized patients to receive either passive or active SMS
text messages. For a diagram of the circle of care model and
the technological components, see Multimedia Appendix 1.

Participants
The details of how the communities were identified and assessed
for research readiness have been previously described [9]. The
population size of the individual First Nations communities
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ranged from 500 to 4000. The communities were self-governed;
they oversaw their own health care, provided partly by
provincial and federal health ministries. Some of the remote
First Nations communities had only obtained cell towers as
recently as 2 years before the study; therefore, the prevalence
of mobile phone use at the time was low in these communities.
Participants were community members aged 18 years or older,
with uncontrolled hypertension and on or off medications. They
had to either have a mobile phone capable of receiving SMS
text messages or be willing to carry and learn to use a basic flip
phone for the study duration. Participants had to have a current
primary health care provider. Blood pressure was measured
with the A&D UA-767PBT-C monitor (A&D Medical), paired
with a BlackBerry or an Android mobile phone app, to identify
listed participants and facilitate the wireless transfer of the blood
pressure to the central server.

Ethics and Safety
Cellular safety information was outlined to the participants
before the study, including adherence to a ban on handheld
devices while driving. Participants were advised not to share
their phone with others if they did not want anyone to know
about their participation in the study, and they were also advised
not to send important personal information (ie, bank account
or credit card number).

Ethics approval was obtained from the Sunnybrook Health
Sciences Centre Research Ethics Board (Approval Number:
953-2013) and from participating University and community
ethics boards. The study was carried out according to the
principles of Good Clinical Practice, the Declaration of Helsinki,
and the TriCouncil Policy Statement on ethical conduct for
research involving humans [11-13]. The study adhered to the
principles of Ownership, Control, Access, and Possession [14].
The technology and movement of data adhered to the principles
of the Personal Information Protection and Electronic
Documents Act.

Training on Use of Technology
Before the training and study launch, usability testing was
conducted within the study investigator’s clinics to confirm
reliability of the technology to record and transmit the blood
pressure readings to the central server (see Multimedia Appendix
2 for training slides). A goal of the DREAM-GLOBAL
technology was to develop a mobile phone app for a trained
community health worker or community health nurse to link
the mobile phone to the blood pressure measurement device
and allow transmission of the reading to the central server. One
blood pressure measurement device could therefore be used for
multiple participants. Participants only needed an SMS text
messaging–capable mobile phone. One community health
worker could therefore manage many participants who did not
require training on blood pressure measurement. The community
health worker and home and community care nurses, after a
2-day training session, were able to recruit, consent, register
participants, and take the blood pressure readings, according to
guidelines, with the automated oscillometric blood pressure
device [15]. The components of this training program are found
in Multimedia Appendix 2. The primary outcome of the study
was the difference in systolic and diastolic blood pressure from

the baseline period to the last 2 months of measurement between
randomized groups.

Training to carry out the study was conducted in each
community by study team members at planned education
sessions. Training community health workers in the study
procedures included information on using the Bluetooth-enabled
blood pressure machines, enrolling patients into the program,
teaching patients how to use their cellular device, and
communicating with their patients. They were also provided
with an instructional video on how to use the mobile app and
blood pressure device to take the blood pressure readings and
transmit them to the central server. Ongoing support for the
community health workers was offered in the form of regular
follow-up visits by the research team and troubleshooting
support. In-service trainings and workshops were also provided
to the local primary health care providers about the study.

Technology
The DREAM-GLOBAL system in Canada comprised a
Bluetooth-enabled blood pressure monitor (A&D UA-767PBT)
and a BlackBerry Bold (BlackBerry Inc) mobile phone, with
the DREAM-GLOBAL mobile app installed. In Tanzania, an
Android mobile phone was used. Blood pressure readings from
the UA-767PBT blood pressure monitor were transmitted via
Bluetooth to the community health worker’s mobile phone and
from the mobile phone to a secure central server in Canada. The
central server was programmed to assess the blood pressure
readings as normal or high. The server was programmed to wait
for up to 3 blood pressure readings, for an individual patient,
over 5 min. The average of the 3 readings was then calculated
by the central server and then transmitted to the patient’s
primary health care provider by fax and to the patient’s own
phone by SMS. If the blood pressure was high, an SMS text
message was sent to the participant, with advice to contact their
health care provider over the coming week (see Multimedia
Appendix 3 for the list of SMS text messages). The messages
were based on the Hypertension Canadian Clinical Practice
Guidelines, and they were developed by clinicians with
extensive knowledge of hypertension management [10].

Evaluation
To evaluate components of the technology and processes of this
study, both qualitative and quantitative data were collected.
Qualitative data were collected from research notes and from
key informant interviews and focus groups, including reflective
discussion sessions with research and community teams. This
focused on the design, the mechanisms, and context of the
intervention, attempting to document local knowledge and
expertise within the community stakeholders.
Information-gathering tools included developing a community
profile, an interview guide to facilitate discussion of topics, and
a focus group guide to lead the dialogue on community-specific
issues related to the intervention [10]. Quantitative evaluation
included what information was delivered, as well as the quality
and quantity. During the study, there was an evaluation of the
acceptability and accessibility to the SMS text messages, the
blood pressure measurement process, including data
transmission, the impact of the messages on participants, and
the impact of the study process on health care providers. After
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completion of the study, the main outcome was an assessment
of impact on blood pressure control and change of knowledge
from the SMS text messages [16]. We have published on the
formative data, with early community engagement and readiness
[9], and the SMS development process [17]. The change of
knowledge is being assessed, and it will be in a separate
publication. This paper focuses on the participant, community,
and health care provider response to the study processes and
technology and the fidelity and quantity of the transmission of
study data.

To evaluate the effectiveness of the system and solicit feedback
on the technology and study implementation,
survey/questionnaires, including simple short answer questions
regarding their experiences with the technology, were provided
to participants, including community health workers. The
questionnaires were designed separately for participants, health
care providers, and community leadership. The Participant
Evaluation Form for SMS text messages and consent for this
evaluation were administered by either the community health
worker or the home and community care nurse for that
community or the DREAM-GLOBAL clinical coordinator on
visits to the communities. Participants were invited to do this
feedback, and they provided additional consent to share their
responses. Participants were contacted by SMS text messages,
by direct phone, or contact through family members to come
to the health center for this poststudy evaluation. In total, 184
of 243 participants returned for this final close-out visit. To
reinforce the importance of maintaining health information
privacy, information was provided at the start of the study, when
the general confidentiality form was signed, reviewing that none
of their personal information would be disclosed without written
consent to anybody other than an investigator, a potential
investigator, the client, and an applicable independent ethics
committee review board.

Results

Participant Feedback
In Canada, the blood pressure lowering study was carried out
with 6 First Nations communities in 3 geographic regions,
including Manitoulin Island (Ontario), James Bay coast
(Quebec), and the north shore of New Brunswick. In Tanzania,
a preliminary portion of the study was carried out in 2 rural
villages in Hai District, Kilimanjaro Region, to demonstrate
that blood pressure can be measured and transmitted through
the system. In Canada, a total of 2818 patient blood pressure
readings from 243 patients were transmitted to the central server
between February 2014 and February 2017. In Tanzania, with
the pilot blood pressure measurement study, 1165 readings from
130 patients were transmitted to the central server between
October 2014 and August 2015. The study server was
programmed to wait for up to 3 readings and then send the mean
to the participant’s own phone. This also provided a record
about the participant’s blood pressure and allowed the
participant to confirm that it was the measurement just taken.
There were no incidents of participants finding incorrect
readings transmitted from, for example, the participants who
had their blood pressure measured immediately before the study.

Participants overwhelmingly agreed that the program should
be recommended to a friend or relative. Following the study,
after presentation of the study progress, all 6 communities
supported continuing the program. Only 20 of these participants
did not have any blood pressure readings beyond 2 months of
enrolling into the study.

An evaluation form was provided with open-ended questions.
The results of the Participant Evaluation Form for SMS text
messages are found in Table 1.

On the questionnaire, 168 of 187 (89.8%) participants responded
that the messages were clear and felt that they made sense. For
137 of 187 (73.2%) participants, the timing and frequency were
satisfactory, supporting the process of sending messages on
Mondays and Thursdays at 11 am. In response to a probe about
privacy concerns about having their blood pressure readings
and other health messages sent to their phones, 92 of 121
respondents (76.0%) felt that this was not a problem. Behavior
changes noted by participants attributed to the SMS text
messages included increased exercise, diet changes to give up
sweetened beverages, more awareness of sodium and reading
product labels, smoking cessation, and appreciation of the stress
reduction messages. In 1 community, the mental health worker
shared that their clients were more accessible and receptive if
they were participating in the study. Participants also expressed
that they felt supported, particularly if they were taking
medications and had a greater understanding. Those not on
medication noted that they would be more comfortable starting
therapy if necessary. Almost one-third of participants shared
the messages with family and friends and looked at the texts at
their convenience.

An early complaint from the mobile phone app users was the
potential to keep the last participant’s name open on the app,
when the next participant was ready to have their blood pressure
assessed. This would lead to the next participant’s blood
pressure being assigned to the previous participant, and it
became apparent when the next participant did not receive a
confirmatory SMS text message with the blood pressure reading.
To address this, the instructions on how to use the app when
measuring patients one after another were revised, and the users
were updated on the new process. The most frequent
complication was a failure to transmit readings by Bluetooth
transmission from the monitors to the BlackBerry phones. This
was found to be because of the BlackBerry operating system
software in older devices, which did not update automatically.
This required resetting the device. Some noted that the
BlackBerry mobile phone’s version of the DREAM-GLOBAL
app was not user friendly—the BlackBerry screens were small,
and some parts of the app were difficult to access. In addition,
occasional failure of BlackBerry function because of extreme
cold or trouble with battery charge was observed. In the early
months of study implementation, it was discovered that some
BlackBerry devices had not been configured with the correct
access point name (APN) setting for the service provider; APN
settings were then reconfigured correctly through a
troubleshooting process. For Tanzania, none of these problems
occurred with the Android software and devices. Updates to the
Android software and larger mobile phone screens made it easier
to see the roster of participants. More space was allocated for
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participant’s names to make it easier to distinguish among
participants with similar names. When a participant’s phone
was replaced, the new number had to be input into the

registration software on the Web to ensure the participant
continued to receive SMS text messages.

Table 1. Evaluation questions: technology and processes.

TechnologyInterventionTarget

Fidelity, dose, reach; Recruitment and reten-
tion of patients

Can the patient use the technology, affordability, accessibility?; Is the
server/software successfully sending the correct messages?; Training and
support required

Patients

What training and support were required?;
Was study information making it to the pa-
tient chart?

Communication and collaboration between health staff and research team;
Patient enrollment; Management of hypertension according to clinical
practice guidelines?

Providers: community
health workers, doctors

Do the communities have sufficient technol-
ogy and bandwidth?

Are the communities engaged in the research?; Awareness of stakeholders
with the study and willingness to promote

Community

Community Health Workers
The community health workers were asked to provide feedback
on their overall experience with the program, from site training
to the use of technology. Data are summarized in Table 2.

The community health workers and nurses noted that they were
seeing their clients participating in the study more frequently
and that they became more comfortable with blood pressure
measurement. In addition, participants knew their blood pressure
numbers and were better able to address other health care issues,
particularly related to mental health issues. They felt that the
program led them to have better communication with their
physicians and that they had greater confidence about the
appropriate therapy for hypertension and knowing when action
was needed. They also expressed appreciation for the site visits
and ongoing telephone conference communication follow-up.
The technological training was well received by the community
health workers; in follow-up interviews after the training, almost
all either agreed or strongly agreed that the training was helpful
and gave them confidence in their ability to perform their role.
The community health worker feedback from the site initiation

and training is summarized in Table 3 (from 11 community
health workers trained across the 6 communities).

After completion of the study, site visits with band leadership
and community health leadership and elders were conducted to
assess interest and for approvals to continue the program. A
total of 5 of the communities remained engaged in the research.
A total of 1 community did not allow follow-up with the
community leadership during the study, but it did welcome a
poststudy review and supported continuing the program after
the study completion.

Health care providers shared that they noted that their patients
participating in the study appreciated being contacted on their
cell phones by the SMS text messages. They felt that their
patients were more informed and engaged in their disease
management and more likely to follow-up with their physicians.
Many were surprised to see that their patients were calling them
and making appointments, as per the instructions from their cell
phone. It was noted that the white coat effect for blood pressure
was identified through the community measurement of blood
pressure, and more people, who would otherwise not visit,
visited the health center.
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Table 2. Results of participant evaluation for SMS text messages.

Values, n (%)Questions and answers

Were the messages you received clear enough? Did they make sense to you? (N=187)

168 (89.8)Yes

19 (10.1)No

Were the timing and frequency of messages okay for you? (N=187)

137 (73.2)Yes

42 (22.4)No

8 (4.2)—a

Was your experience with the phone positive? (N=179)

102 (56.9)Yes

36 (20.1)No

41 (22.9)—

Did you have any concerns about receiving health messages on your phone (ie, privacy/confidentiality)? (N=121)

7 (5.7)Yes

92 (76.0)No

22 (18.1)—

What did you like best about receiving SMS text messages? (N=144)

68 (47.2)Information/content

43 (29.8)Motivation/reminders

19 (13.1)Easy to read and understand

10 (6.9)Useful/came in handy

4 (2.7)Felt cared for

What did you like least about receiving text messages? (N=52)

20 (38.4)Messages too repetitive

11 (21.1)Disliked content

8 (15.4)Could not use phone

6 (11.5)Messages too long

3 (5.7)Messages too frequent

2 (3.8)Generic messages

2 (3.8)Text was too small

Would you recommend participating in this program to a friend or relative with hypertension? (N=169)

165 (97.6)Yes

3 (1.7)No

aNot applicable or participants did not receive messages.
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Table 3. Community health workers’ feedback from site training and initiation of study (N=11).

Strongly agree,
n (%)

Agree, n (%)Neutral, n (%)Disagree, n (%)Strongly dis-
agree, n (%)

Community health workers’ excerpts

Uptake of knowledge

7 (64)4 (36)0 (0)0 (0)0 (0)I now have a good understanding of my role in the

DREAM-GLOBALa study

Uptake of skills

5 (46)4 (36)1 (9)0 (0)1 (9)I feel confident that I will be able to explain DREAM-
GLOBAL to community members

4 (36)7 (64)0 (0)0 (0)0 (0)I feel confident in how to use the Manual of Operations
for screening and enrolling patients

4 (36)5 (46)1 (9)0 (0)1 (9)I feel confident in how to identify, enroll, and register
participants into the study

5 (46)6 (54)0 (0)0 (0)0 (0)I feel confident in using Canadian Hypertension Educa-
tion Program (Hypertension Canada) guidelines to take
and assess blood pressure readings

4 (36)6 (55)1 (9)0 (0)0 (0)I feel confident that I will be able to take and submit
blood pressure readings using the BlackBerry device

3 (27)8 (73)0 (0)0 (0)0 (0)I feel that I know how to use the safety protocols and
process for submitting case report forms

8 (73)2 (18)0 (0)0 (0)1 (9)This training was a good way to exchange information
and learn about the DREAM-GLOBAL study

aDREAM-GLOBAL: Diagnosing hypertension—Engaging Action and Management in Getting Lower Blood Pressure in Indigenous and low- and
middle-income countries.

Community
Overall, despite some initial issues, the technology performed
as hoped in delivering the SMS text messages to patients, which
garnered a positive reception from the communities involved.
It also demonstrated that communities had enough technological
resources to manage the study. The fact that the community
health worker time to manage the study in each community was
granted by the health leadership indicates the commitment and
engagement of each community. All communities involved
requested to have the program continue after the study’s
completion.

Discussion

Principal Findings
DREAM-GLOBAL was designed to increase the capacity for
affordable, evidence-based, guidelines-driven hypertension
management interventions at the patient, provider, and
community level. This study demonstrated that information
could be obtained and transmitted with fidelity from participants
in remote settings. It also confirmed that patients were willing
and able to participate in the program [18]. It was also possible
for community health care providers, including nonmedical
health workers, to train study participants to successfully use
the technology. The pairing of Bluetooth and wireless
technology enabled the secure, reliable, and widespread
transmission of information from participants to their health
care provider, including the transmission of guideline-based
SMS text messages to study participants.

Insights
Community health workers and professional health care
providers found that the technology was able to enhance their
communication with participants and between each other. The
process assisted with participant engagement in their own health
care, which has also been demonstrated [19]. Training and
support requirements were pragmatic. With achievement of
improved blood pressure control, there is at least indirect
evidence that study information was positively impacting on
participant health care [16]. A theme emerging from community
health workers was that the DREAM-GLOBAL technology
could be more user friendly. For example, the Blackberry
operating system was outdated and often had to be reset. The
Android mobile phones and Android app used in Tanzania had
much fewer problems. The BlackBerry mobile phone even failed
to work in extreme cold weather.

The DREAM-GLOBAL system used minimal resources,
requiring only the server, devices, and bulk SMS transmission.
Transmission of blood pressure data has also recently been
validated [20]. This system can easily be scaled to additional
participants, with minimal additional costs. Assignment of blood
pressure measurement to the community health worker addresses
the realities of health care worker shortages in rural and remote
communities. Shifting measurement from a health care provider
to community health workers is a way to strengthen and expand
community resources. The technology therefore linked the
community health center, community health worker, home and
community care nurses, and local physicians, thus supporting
members within the circle of care.
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Conclusions
The DREAM-GLOBAL study has resulted in an innovative
system that has the ability to provide blood pressure screening
and connect patients to health care providers in the community
who can diagnose and treat hypertension. The technical platform
provided a solution for hypertension management in

low-resource settings, with the use of task shifting in blood
pressure measurement and meaningful SMS text messages that
promote health behavior change. The system has the potential
to further improve patient care, as it can be easily adapted to
regional needs and scaled up to include other aspects of chronic
disease management.
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Abstract

Background: Rural China has experienced an increasing health burden because of stroke. Stroke patients in rural communities
have relatively poor awareness of and adherence to evidence-based secondary prevention and self-management of stroke. Mobile
technology represents an innovative way to influence patient behaviors and improve their self-management.

Objective: This study is part of the System-Integrated Technology-Enabled Model of Care (the SINEMA trial) to improve the
health of stroke patients in resource-poor settings in China. This study aimed to develop and pilot-test a mobile phone message–based
package, as a component of the SINEMA intervention.

Methods: The SINEMA trial was conducted in Nanhe County, Hebei Province, China. A total of 4 villages were selected for
pretrial contextual research and pilot study. The 5 stages for developing the mobile phone messages were as follows: (1) conducting
literature review on existing message banks and analyzing the characteristics of these banks; (2) interviewing stroke patients and
caregivers to identify their needs; (3) drafting message contents and designing dispatching algorithms for a 3-month pilot testing;
(4) collecting feedback from pilot participants through questionnaire survey and in-depth interviews on facilitators and barriers
related to their acceptance and understanding of messages; and (5) finalizing the message-based intervention based on participants’
feedback for the SINEMA trial.

Results: On the basis of 5 existing message banks screened out of 120 papers and patients’ needs identified from 32 in-depth
interviews among stroke patients and caregivers, we developed a message bank containing 224 messages for a pilot study among
54 community-dwelling stroke patients from 4 villages. Of 54 participants, 51 (response rate: 94.4%) completed the feedback
survey after receiving daily messages for 3 months. Participants’ mean age was 68 years (SD 9.2), and about half had never been
to school. We observed a higher proportion of participants who were in favor of voice messages (23/42, 54%) than text messages
(14/40, 35%). Among participants who received voice messages (n=43) and text messages (n=40), 41 and 30, respectively,
self-reported a full or partial understanding of the contents, and 39 (39/43, 91%) and 32 (32/40, 80%), respectively, rated the
messages as helpful. Analyses of the 32 interviews further revealed that voice messages containing simple and single-theme
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content, in plain language, with a repeated structure, a slow playback speed, and recorded in local dialect, were preferred by rural
stroke patients. In addition, the dispatching algorithm and tools may also influence the acceptance of message-based interventions.

Conclusions: By applying multiple methodologies and conducting a pilot study, we designed and fine-tuned a voice message–based
intervention package for promoting secondary prevention among community-dwelling stroke patients in rural China. Design of
the content and dispatching algorithm should engage both experts and end users and adequately consider the needs and preferences
of recipients.

(JMIR Mhealth Uhealth 2019;7(12):e15758)   doi:10.2196/15758

KEYWORDS

phone messages; stroke; secondary prevention; rural population; China

Introduction

Stroke Secondary Prevention in Rural China
Stroke is the leading cause of death and disability in China.
According to recent estimates, stroke-related deaths reached
around 1.1 million in China, accounting for 23% of total deaths
in rural areas and 21% in urban areas [1]. In addition, it is
estimated that there are 12.4 million stroke patients aged older
than 40 years living in China, which causes an enormous burden
to the health care system and society [2]. Compared with urban
areas, rural China has experienced a more rapidly increasing
burden, with the age-standardized prevalence of stroke
increasing 2.5-fold over the past three decades [3].

Stroke patients in rural areas have relatively low awareness of
and poor adherence to the secondary prevention and
self-management of stroke. Effective secondary prevention of
stroke, including lifestyle modification and a combination of
medical therapy (eg, antiplatelet, antilipid, and antihypertensive
therapy), has been well studied as the best buy for stroke patients
[4]. However, adherence to these effective preventive strategies
is poor among stroke patients, with more than half of patients
reported discontinuing their secondary prevention medications
within 3 months of hospital discharge [5,6]. In addition, the
fragmented primary health care system and limited capacities
of health care providers in rural China further restrain the
availability and quality of the health care services that stroke
patients can gain access to [7]. Therefore, there is an urgent
need to develop a low-cost and effective strategy to increase
the awareness of and adherence to secondary prevention
measures of stroke in rural China.

Message-Based Intervention
With the development of mobile communication technology
and widespread adoption of mobile phones, mobile health
(mHealth) has the potential to empower patients to improve
their self-management of chronic conditions and related risk
factors [8,9]. A previous literature review illustrated that
compared with high-income countries where more advanced
mobile technologies are used, low- and middle-income countries
have relied more on phone messages for intervention delivery
because of its accessibility, lower cost, and better acceptance
[10]. Review studies and meta-analysis have illustrated the
modest effect of message-based interventions in promoting
medication adherence and lifestyle modifications and improving
health outcomes among patients with chronic conditions,
although further studies with longer follow-up period and larger

scale were suggested [8,9]. The evidence on message-based
studies targeted at stroke patients was very limited, with a few
studies focused on recently discharged stroke patients [11], but
almost none on community-dwelling patients. In addition, there
were only a few studies that tried to understand the feasibility
and impact of message-based interventions among patients with
cardiovascular diseases in China, and most of these studies
focused on urban patients [12]. The acceptability and feasibility
of applying message-based interventions among rural patients
still need to be further investigated.

In addition, some of the previous reviews attempted to examine
why some of the message-based interventions work or do not
work. Factors related to message contents and dispatching
algorithms, such as message frequency, content personalization,
and dispatching approach in 2 ways, were examined, but the
results were mixed [13,14]. Studies also pointed out that lacking
theoretical constructs may lead to the difficulty in understanding
the mechanisms behind the message-based interventions in
chronic disease management. Watkins et al conducted a realist
review by mapping the intervention components with
psychological theories and frameworks [15]. The authors found
that information provided via messages to increase patients’
knowledge could motivate patients to believe the relevance of
the issue to their health and the potential risk, which may reduce
the threat as suggested by the health belief model [16]. Some
other psychological behavior change theories, such as the
transtheoretical model or a taxonomy model of behavior change
techniques, including goal settings and self-regulation, were
also applied in the design of messages [15,17].

Objectives
This study is part of the System-Integrated Technology-Enabled
Model of Care (the SINEMA trial) to improve the health of
stroke patients in resource-poor settings in China. The protocol
of the SINEMA trial has already been published [18]. This study
aimed to describe the development and contextualization process
of this message-based intervention package from field-based
research and pilot studies. The results of the effectiveness of
the message-based intervention in the SINEMA main trial is
beyond the scope of this paper.

Methods

Study Setting
The SINEMA trial and this pilot study were conducted in Nanhe
County, Hebei Province, China, with an intention to be adapted
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to other resource-limited settings. Nanhe County is an
economically poor provincial county with an annual disposable
income per capita of 11,030 RMB (less than half of the national
average) [19]. Although no specific estimation on stroke burden
is available in this county, previous studies have shown a high
burden of stroke in this province and rural settings compared
with other parts of China [20].

To ensure the study design and blind generalization of the
intervention model, we aimed to identify 4 villages out of 218
villages within the geographical area to implement the
field-based contextual research and pilot study, and these 4
villages were not eligible to be included in the trial. We received
assistance from the local Center for Disease Control and
Prevention to identify 4 villages where village doctors were
willing to participate. These 4 villages comprised 2 villages
from a township that had an insufficient number of villages to
be eligible for the main trial and 2 villages from eligible
township but with insufficient residents to meet the inclusion
criteria of the main trial. Therefore, we were able to identify

typical villages but also leave the potential eligible large villages
for the main trial.

Message Design Process
We used multiple methodologies, including literature review,
expert consultation, qualitative in-depth interviews, and
field-based pilot study followed by surveys and interviews, in
developing the messages to ensure that the message contents
were built based on research evidence and in line with the
clinical guidelines and were suitable for the local context. The
development process for the mobile phone message banks
consisted of the following 5 stages: (1) conducting a literature
review on existing message banks targeting people with stroke,
(2) interviewing stakeholders to identify the needs of stroke
patients, (3) creating and designing the message contents and
message sending algorithm, (4) conducting pilot testing of the
messages among patients in 4 villages, and (5) refining and
finalizing the message bank and sending algorithm based on
the lessons learned from the pilot study. Figure 1 outlines the
design process.

Figure 1. Overview of key stages of message development.

Stage 1. Literature Review on Existing Message Banks
To assist the design of the message bank, we conducted a
literature review based on the PubMed database to search for
existing text message banks published between October 1, 2011,
and October 1, 2016. Our own design of the messages began
in November 2016. Key search terms included stroke and text
messages (for search terms and review criteria, see Multimedia
Appendix 1). A total of 2 reviewers screened the searched
papers, and a snowball review by reviewing titles and abstracts
of references of searched papers was also conducted to increase

the scope of the review. Existing message banks were extracted
and translated into Chinese as a reference for the design.

Stage 2. Contextual Research
To identify the needs of stroke patients, we visited the field 3
times over the period of 5 months from May to September 2016
and conducted in-depth interviews among stakeholders,
including stroke patients and family caregivers. Semistructured
interview guides were developed, and questions in the interview
included patients’ health status and needs for managing their
conditions. Stroke patients were identified with the assistance
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of village doctors with the criteria that the participants were
aged 18 years or older, had a history of stroke diagnosed at the
county- or higher-level hospitals, were in clinically stable
condition, had basic communication abilities, and were willing
to participate in the study. Stroke patients’ family members who
were at home while the research team visited and were willing
to participate were also interviewed separately. The number of
participants interviewed was determined based on the saturation
theory, whereby participants were recruited until no further new
information was acquired through the interview process. We
expect to interview about 4 patients from each village.

Stage 3. Design of Message Content and Message
Sending Algorithm
We designed the contents of messages on the basis of the
existing message banks from the literature review, the identified
needs of stroke patients from contextual research, and the
behavior change theories such as the health belief model and
the transtheoretical model [16,21]. First, the structure and focus
of the message bank were identified so that messages could tap
into key dimensions based on patients’ needs. We then grouped
the existing messages into 6 categories based on their contents,
including management of metabolic risk factors, medication
adherence, tobacco and alcohol control, dietary change, exercise
and rehabilitation, and psychological support. The content of
the messages was modified to be suitable for stroke patients in
rural China. The messages were then verified by stroke
specialists working in tertiary hospitals and recorded in the local
dialect.

We also designed the message dispatching algorithm by setting
the sending time and frequency based on the daily habits of
stroke patients. This algorithm was linked with a digital health
management system that was designed to support the delivery
of the digital health components of SINEMA intervention.

Stage 4. Pilot Study
A pilot study was conducted in 4 villages to test the SINEMA
intervention model, including the acceptance of the
message-based intervention among stroke patients. Participants
who were aged older than 18 years, had a history of stroke but
in a clinically stable condition, and able to communicate via
mobile phone were eligible to participate in the study. In each
village, village doctors screened stroke patients in their villages
and provided the list to the study team. Participants were invited
by village doctors and recruited by the research team. Before
the commencement of the pilot study, a structured questionnaire,
including questions on participants’demographic characteristics
and disease history, designed based on previous studies [22,23],
was administered by the research team through face-to-face
interviews.

During the 3-month pilot study, participants and their caregivers
received text messages at 3 pm every 2 days, and the participants
also received voice messages with the same content at 7 pm on
alternating days when they did not receive the text messages.
At the end of the pilot study, participants completed a short
questionnaire administered by their village doctors. Questions
in the survey included whether they had read or listened to the
messages, their understanding of the contents of the messages,

and their perspectives on the helpfulness of these messages.
In-depth interviews were also conducted by the research team
among selected participants to seek detailed feedback.

Stage 5. Refinement of the Messages
After the pilot study, the research team summarized the feedback
from participants and refined the message contents and message
dispatching algorithm. To optimize the acceptance and
understanding of the messages, the research team revised the
language in each message based on participants’ feedback and
preference. Village doctors and physicians from county hospitals
were invited to verify the messages to ensure that local contexts
were taken into full consideration, and the terms used in the
messages were understandable by the target population.

Data Analysis
To apply the interview results to message development, we
analyzed the interview transcripts using thematic analysis
approach, which is a method for identifying, analyzing, and
reporting patterns within data and is able to both reflect the
reality and explain the undersurface meaning [24]. Following
the thematic analysis approach, we conducted the following
steps: the research team first read the transcripts of the
interviews to be familiar with the data, then generated the key
concepts for coding based on the interview guide. Data were
coded line by line and grouped into categories using NVivo 11
software (QSR International). Each category of coding was then
further reviewed and examined. The groups of key themes were
refined before finalizing the major themes. Discussions within
the research team were organized after each key step to ensure
the trustworthiness and define the final themes. Quotations used
in this paper were translated from Chinese to English and then
back translated into Chinese to increase the accuracy of the
interpretation.

A descriptive analysis was conducted for survey data.
Continuous variables were reported as mean and SD if normally
distributed or as median with 25th and 75th percentiles if not.
Counts and proportions were reported for categorical variables.
Survey data were analyzed using STATA software (version 15;
StataCorp LLC).

Ethical Considerations
All research activities, including both contextual research and
pilot study, were approved by the institutional review board of
Duke Kunshan University. All participants in the study provided
informed consent before taking part in the study.

Results

Summary
In this section, we first describe the main findings from stages
1, 2, and 4 explained above: the literature review, contextual
research, and the pilot study. We then describe how we
developed and refined the message bank based on these findings
(stages 3 and 5). Finally, we briefly introduce the actual
-message-based intervention adopted in the trial.
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Message Bank Review and Extraction
After the systematic search and snowball review of cited papers,
we found 5 existing SMS banks. Using these 5 completed SMS
banks, we translated messages into Chinese, resulting in a total
of 224 messages as the basis for further design. Multimedia
Appendix 1 shows the Preferred Reporting Items for Systematic
Reviews and Meta-Analyses diagram of the literature review
and the contents and features of these 5 identified message
banks.

Results From Contextual Research on Stroke Patients’
Needs
During the 3 contextual research visits, we interviewed 22 stroke
patients and 10 caregivers. Through analyses of these interviews,
we identified the major needs of patients and the required
contents of messages.

Content 1: General Knowledge About Stroke Secondary
Prevention
Although almost all patients involved in the interview expressed
a strong desire to recover from stroke, most of them had limited
awareness and knowledge of secondary prevention of stroke,
which was insufficient and not comprehensive enough to help
them overcome all challenges that they faced in managing their
conditions. There were very few sources available to patients
regarding evidence-based information related to stroke
secondary prevention:

No physicians told us what we should pay attention
to when I was in the hospital. They [physicians] did
not care about it. Only the village doctor told us some
[information]. [Patient #8]

Village doctors, considered as the key source of information
and the first contact of care, also had the minimal capacity to
provide intensive health education to patients because of their
existing high workload of serving more than 1000 residents in
the village. Therefore, general knowledge related to stroke
secondary prevention was required in the message bank.

Content 2: Promoting Adherence to
Guideline-Recommended Activities
In the interview, many patients admitted that they were not able
to adhere to all secondary prevention medications. The main
reasons for nonadherence to medication use included their
forgetfulness because of declining memory, impaired mental
function, or busy working lives. We found that most of the
patients we interviewed lived alone or with their spouse alone,
without any other caregivers to remind them to take their
medications:

I often forgot to take medicine. He [the patient’s
husband] usually put all the medicines on my table
and reminded me to take them...If he also forgot, we
would forget about it totally. [Patient #11]

Considering the lack of reminders and the suboptimal adherence
among most stroke patients, we decided that the message should
act as a reminder for patients to promote their adherence to
treatment.

Content 3: Providing Specific Guidance on
Recommendations for Physical Activity
Through the interview, we also found that, even for people who
were aware of the importance of stroke secondary prevention,
they had little knowledge of how to perform physical activities
or rehabilitation. For example, almost no patients knew the
proper frequency and intensity of physical activities that they
should achieve, nor the strategies to protect themselves from
injury during exercise. In addition, walking was the most
common way of exercise for most patients involved in the
interview, and few patients knew how to train their upper limbs
in their physical activities to promote their recovery of daily
functions:

He [the physician] just told me to walk more. [Patient
#2]

I do not have other forms of exercise. I just walk for
a while every morning in the village...I usually sit or
sleep at home for most of the remaining day. [Patient
#4]

Therefore, we believe that providing more tips and guidance
on how to undertake the guideline-recommended physical
activity and rehabilitation will match the needs of stroke
patients.

Results From the Pilot Study
A total of 54 stroke patients from 4 villages in 2 townships in
Nanhe County participated in the pilot study from February to
May 2017. Among them, 51 participants (response rate: 94.4%)
completed the feedback survey after the pilot study. Table 1
shows the characteristics of the participants. The average age
of participants was 68.0 years (SD 9.2). Most of them were
males (33/51, 65%), aged older than 65 years (33/51, 53%),
married (40/51, 78%), with no education or having never
graduated from primary school (27/51, 53%), had suffered
ischemic stroke (45/51, 88%), and experienced more than 1
stroke event (31/51, 61%).

Among participants who responded to the feedback survey, 40
(40/51, 78%) and 43 (43/51, 84%) stated that they had
successfully received text messages or voice messages during
the pilot study, respectively. Table 2 shows the self-reported
acceptance and understanding of messages for these participants.
We observed a higher proportion of participants who were in
favor of voice messages: 54% (23/43) of participants listened
to the voice messages all the time, whereas only 35% (14/40)
of participants self-reported their frequent text-message reading.
Of 43 participants, 41 (95%) who listened to the voice messages
self-reported that they could understand the content entirely or
partially, whereas 30 of 41 (75%) participants reported that they
were able to fully or partially understand the contents in the text
messages. In addition, 39 of 43 (91%) participants who had
ever received voice messages and 32 of 40 (80%) participants
who had ever received text messages rated that the messages
were helpful. In addition, 27 participants reported that their
family caregivers had received text messages, and 11 of them
reported that their family members had read the messages to
them.
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Table 1. Demographic characteristics and disease history of participants who responded to the feedback survey (N=51).

n (%)Characteristics

Demographic characteristics

Gender

33 (65)Male

18 (35)Female

Age group (years)

33 (65)≥65

18 (35)<65

Marital status

40 (78)Married

11 (22)Divorced, widowed, or unmarried

Education

22 (43)Never been to school

5 (10)Less than primary school

10 (20)Primary school

10 (20)Primary high school

4 (8)High school and above

Occupation

7 (14)Unemployed

39 (77)Self-employed including doing farm work

4 (8)Employed

1 (2)Others

Main caregiver

35 (69)Spouse

7 (14)Children

9 (18)Others

Disease history

Stroke type

45 (88)Ischemic stroke

5 (10)Hemorrhage stroke

1 (2)Cannot remember

Suffered more than 1 stroke event

31 (61)Yes

20 (39)No
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Table 2. Participants’ acceptance and perceptions of voice messages and text messages (of 54 participants, 51 completed the feedback survey, 40
responded that they had received text messages, and 43 responded that they had received voice messages).

Text messages (N=40), n (%)Voice messages (N=43), n (%)Acceptance and perception

The frequency of reading/listening to the entire message

14 (35)23 (54)All the time

14 (35)20 (47)Sometime

12 (30)0 (0)Never

Level of understanding toward message contents

12 (30)18 (42)Entire message

18 (45)23 (54)A part of the message

10 (25)2 (5)Cannot understand at all

Whether think the messages were helpful

32 (80)39 (91)Yes

4 (10)3 (7)No

1 (3)1 (2)Do not know

3 (8)—aMissing

a3 participants who received text messages did not respond to this question. No missing values among participants who received voice messages on
this question.

Qualitative Results From the Pilot Study
After the pilot study, we interviewed 8 participants. Their
feedback covered a variety of perspectives, including the content
of the message, the form, and algorithms of message
dispatching, and other barriers related to receiving and
understanding the messages. This feedback guided our decision
making in optimizing the message contents and sending the
algorithm to fit the local context.

Message Contents
In line with the quantitative results, we also found that not all
participants were able to understand the messages fully. Barriers
to acceptance included the broad scope and complex content of
the information covered in the messages, the relevance of
messages toward their health conditions, the complexity of the
terms and languages, and their own capacity to read and
memorize information.

Many patients told us that they usually had poor memory and
would easily forget things. They could usually understand the
messages, but they would forget most of the contents after a
short while if too much information was covered in a single
message:

I could understand the message when I listened to it,
but I would forget most of them quickly after I put
down my phone. [Patient #6]

In addition to the preference for simple information within a
message, participants also reported that some terms in the
messages were not in plain language, which made the messages
more difficult to understand.

In terms of the impact of messages on helping them in managing
the risk factors, some of the participants reported that not all
the information was relevant to them. For example, messages

related to smoking or drinking were only applicable to a small
proportion of participants we interviewed:

He [the patient] drank every day before the stroke
occurrence, but he quit after it. He doesn’t dare to
drink anymore. [Spouse of Patient #2]

Message Dispatch Form and Algorithms
Almost all patients who participated in the interview showed
greater interest in and spoke highly of the voice messages,
whereas very few participants reported that they had read text
messages. This was mainly because of participants’ illiteracy
in reading text or their technical capability in checking text
messages on the phone:

My child bought a feature phone for me, and I know
how to dial or pick up a call...I never read text
messages. I am illiterate. [Patient #2]

Participants also identified the potential factors that may
facilitate their acceptance and understanding toward voice
messages. Almost all participants involved in the interviews
agreed that they preferred messages using the local dialect rather
than standard Mandarin. Some of the participants also mentioned
that a slower playback speed of the voice messages might
improve their understanding of the message contents. In
addition, participants recommended repeating the messages or
extending the duration of messages so that they could better
absorb the information when listening:

Sometimes I was doing my housework when I picked
up the phone. She [the voice message] spoke too fast,
and the message ended before I could concentrate
my mind to listen to it. [Patient #4]

In terms of the frequency and timing of message dispatch, most
participants said that they were willing to receive the messages
daily. In addition, participants suggested that receiving the
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message in the morning would be more helpful, especially for
reminding them of taking medicines:

I often forget the medicines I should take in the
morning because I usually have housework to do. But
I usually can remember to take the medication at night
before going to bed. [Patient #1]

I would like to take the medicines, but I inevitably
forget to do it sometimes... It would be, of course,
good if someone can remind me every day. [Patient
#2]

Phone Scams
From our interview, we also found some other factors that may
influence the implementation of the message-based intervention.
Patients reported that they would reject phone calls from
unknown numbers because they were afraid that it could be a
phone scam. The numbers used to send the voice messages were
different every day at the beginning of the pilot study, so some
of the participants were cautious about the messages received
and refused to listen to the voice messages. Participants
mentioned that it would be easier for them to get the voice
messages if the same number was used.

Major Refinement of Messages
On the basis of the results from the pilot study, we made a series
of decisions regarding the contents and dispatching algorithms
of the messages to fit the local context and our target population
better. Considering the prevalence of illiteracy and poor
technical capacity in reading text messages, we decided to only
use voice message delivery for the main study. Table 3
summarizes critical points where we optimized the message
contents and algorithm.

To increase stroke patients’ understanding of the messages, we
simplified the themes, structure, and language of each message.
We highlighted the focus on medication adherence and physical
activities that were appropriate for most stroke patients. Only
a small proportion of the total messages were supplemented by
general information related to stroke and management of other
risk factors. In addition, we further refined each message by
retaining only one key piece of information and used the same
structure for each message (the program name, followed by a
reminder sentence alternating between taking medicine and
exercise regularly, and then specific health education
information). The application of the health belief model [16]
and the transtheoretical model on the stage of change [21] was
carefully considered in refining each health education
information and the order of messages. Furthermore, we invited
physicians in the township hospitals to review all messages and
amend any clinical or academic terms into plain language that
would be commonly used and understood by the target
population. Multimedia Appendix 2 shows some examples of
the revised messages.

We also improved the message recording and dispatch algorithm
to better suit the preferences of the target population. We
continued to record voice messages using the local dialect and
selected a slower playback speed, with the message being
repeated twice per message delivery. In addition, we decided
not to dispatch any text messages but rather send out voice
messages daily. We changed the message dispatch time from
7 pm to 7 am so that the messages can better remind patients
of medication taking. Furthermore, we optimized our message
dispatch system so that a single consistent sender phone number
would be displayed on participants’ phones.
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Table 3. Comparison of key aspects of message optimization.

Main studyPilot studyAspects of message optimization

Message content

Focused on medication adherence and physical activity
and supplemented with other information on metabolic
risk factor management and stroke in general

A broad scope of information, including management
of metabolic risk factors, medication adherence, tobacco
and alcohol control, dietary change, physical activity,
and psychological recovery

Themes

Same structure for all messages: program name + re-
minder sentence + health education information

Random structure for each messageStructure

Single key information for 1 messageMultiple key information within 1 messageKey information

Simple plain languageWith some professional termsLanguages

By village doctors and township physiciansBy stroke specialists in first-tier hospitalsVerification

Health belief model and the transtheoretical model (stage
of change)

Health belief model and the transtheoretical model (stage
of change)

Health behavior change the-
ory

Message recording

Slower than the normal speaking speedNormal speaking speedSpeed

Repeated onceNo repetitionRepeating

Local dialectLocal dialectDialect

Message dispatch algorithms

No text message3 pm every 2 daysText message

7 am every day7 pm every 2 daysVoice message

Patients onlyPatients and caregiversReceiver

Single consistent phone numberRandom phone numberSenders

Messages Delivered Through System-Integrated
Technology-Enabled Model of Care Trial
A message bank containing 92 voice messages was developed
to support the SINEMA main trial. These messages were
repeated for 4 times to support the year-long intervention. The
voice messages had been delivered to more than 600 stroke
patients who participated in the SINEMA trial in rural China
since July 2017. During the year-long intervention, a total of
more than 100,000 messages were sent to participants and some
caregivers in the intervention arm if they had a phone and were
willing to receive the messages.

Discussion

Principal Findings
In this study, we applied a multiple methodological study
approach to develop mHealth messages to promote secondary
prevention of stroke among community-dwelling stroke patients
in rural China. We created the initial messages based on existing
message banks from previous studies; involved patients in the
initial study design in capturing their needs; evaluated patients’
acceptance through a 3-month pilot study, including quantitative
surveys and in-depth interviews; and finally, refined and
optimized the message contents and dispatching algorithm based
on the feedback provided by participants.

This study is one of the few studies that have developed
message-based intervention among people with cardiovascular
diseases [25] and the first ever for stroke patients in rural China.

Our study provides important information to researchers and
policy makers about the feasibility of delivering voice message
intervention for community-dwelling stroke patients in
resource-limited settings. Our study further revealed that voice
messages were favored over text messages among stroke patients
in rural China, as voice messages do not require reading skills
but only basic ability to receive phone calls. This finding is
consistent with previous studies that demonstrated the preference
for voice messages among the rural population in Bangladesh
and Cambodia, who also had low rates of reading literacy
[26,27]. Thus, we believe that voice messages have great
potential to deliver interventions, especially among populations
with low socioeconomic status.

Message-based interventions have been increasingly applied to
promote chronic disease management. However, less attention
had been paid to content design than its effectiveness. A number
of studies have tested the effectiveness of phone-based
interventions implemented among various populations
worldwide [25,28,29], but only a few studies have described in
detail the development process of message-based interventions
and their lessons learned. Studies have found insufficient use
of behavior change theories in mHealth messages and lack of
involvement of the target population in the design process [30].
The modest effect and inconsistent results of message-based
interventions suggest that we cannot overlook the design
process. In our study, the health belief model [16] and the
transtheoretical model (stage of change) [21] were embedded
in the message contents by emphasizing the perceived threat of
poor adherence to medication use, improving their perceived
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benefits in behavior change in line with the secondary prevention
recommendation, providing them cues to action and encouraging
their maintenance throughout different stages. In addition,
considering the education level and health literacy of stroke
patients in rural China, we did not involve our target population
in the initial drafting of messages as some other studies did [31],
but instead, we conducted interviews to understand their needs,
tested their acceptance through a pilot study, and refined the
messages based on their feedback.

Our study also revealed that the design of messages should
adequately consider the local context and characteristics of the
target audience. We found that message structure, language,
complexity and relevance, and repetition are factors that
influence patients’ acceptance and understanding. This finding
is in line with some of the previous studies. For example,
Muench and Baumel [32] analyzed the components of digital
triggers in messages and differentiated triggers into 5 elements,
including the sender, delivery approach, time of delivery,
frequency, and trigger contents. Our study results also showed
that a reliable sender, an accepted form of the message dispatch,
optimal timing based on patients’ daily routine, and simple but
relevant key messages were essential for the acceptance of
message-based interventions. In addition, we also discovered
certain factors that are specific to voice messages. For example,
the speed of audio playback, the pattern of repetition, and the
use of dialect may also improve audiences’ understanding of
message contents [26].

Limitations and Strengths
Our study has some limitations. First, in this pilot study, the
acceptance of messages was measured using a self-designed
short survey, rather than actual statistics from the message
dispatch system in the number of messages received and
reviewed. Thus, self-report bias could be introduced, as
participants may have overrated their acceptance and
understanding of messages when interviewed by village doctors
because of recall or social desirability bias. In addition, although
the questionnaire was designed based on previous studies in
China, we did not conduct reliability and validity testing for the
questionnaire; thus, we were not able to rule out all potential
measurement errors from the study. Second, the participants
involved in our contextual research and pilot study were
conveniently sampled with a relatively small sample size based
on set inclusion criteria. For example, more than 60% of our
participants were male, and such proportion is higher than the
proportion in general stroke patients, although the nationwide
epidemiological study found a higher age-specific prevalence
of stroke among men than that among women for the age groups
of above 40 years [1]. Although participants may not be fully

representative of all stroke patients in rural areas of China, we
believe that the views they shared were common among stroke
patients in rural China.

Our study also has several strengths. First, we have applied
multiple methodologies, including literature review, expert
consultation, qualitative in-depth interviews, and a pilot study,
including a quantitative survey and personal interviews. By
doing so, we were able to ensure a deeper involvement of the
target population in the study design and gain a more
comprehensive understanding of their needs, acceptance, and
preferences. Second, the messages were developed by
researchers and verified by health care professionals and village
doctors. Such collaboration ensured that the messages were
designed based on the clinical evidence and behavior change
theories with conscientious consideration of local context. By
applying these strategies, the contents of messages could be
made reliable, feasible, and understandable. Third, the results
of the initial design and pilot study were incorporated into the
refinement of both the final content and delivery algorithm,
potentially ensuring better acceptance and effectiveness of the
message-based intervention.

Conclusions
In summary, our study demonstrates the potential of using voice
message interventions to improve chronic disease prevention
and management among people with low education level in
resource-limited settings. The development process indicates
the importance of contextualization, which includes involving
the target audience early and considering their preference and
characteristics in the design process. The findings on the
preference of participants for voice messages and the potential
factors related to the acceptance add new evidence to the
literature. These findings have general implications beyond
stroke care in rural China and will be informative to other
researchers who plan to develop message-based interventions
for other disease conditions or in other research settings.

We recommend future studies to describe the message
development procedures so that researchers could have better
insight on the underlining mechanisms of the message design
and the contextual environment that enabled the intervention
implementation, which will facilitate the construction of the
evidence based on the impact of the message-based
interventions. In addition, more studies are needed to understand
further the generalizability of the key aspects of message
optimization that we found through our study among other
populations. With such knowledge, we could better design the
content and dispatching algorithms of the message-based
interventions with higher adoption and maintenance.
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Abstract

Background: As smartphone ownership continues to rise, health care systems and technology companies are driven to develop
mobile health (mHealth) interventions as both diagnostic and therapeutic tools. An important consideration during mHealth
intervention development is how to achieve health equity despite demographic differences in smartphone ownership. One solution
is through the recirculation of loaner smartphones; however, best practices for implementing such programs to optimize security,
privacy, scalability, and convenience for participants are not well defined.

Objective: In this tutorial, we describe how we implemented our novel Corrie iShare program, a 30-day loaner iPhone and
smartwatch recirculation program, as part of a multi-center mHealth intervention to improve recovery and access to
guideline-directed therapy following acute myocardial infarction.

Methods: We conducted a prospective study utilizing a smartphone app and leveraged iOS enterprise features as well as cellular
data service to automate recirculation.

Results: Our configuration protocol was shortened from 1 hour to 10 minutes. Of 200 participants, 92 (46.0%) did not own an
iPhone and would have been excluded from the study without iShare. Among iShare participants, 72% (66/92) returned their
loaned smartphones.

Conclusions: The Corrie iShare program demonstrates the potential for a sustainable and scalable mHealth loaner program,
enabling broader population reach while optimizing user experience. Implementation may face institutional constraints and
software limitations. Consideration should be given to optimizing loaner returns.

(JMIR Mhealth Uhealth 2019;7(12):e16391)   doi:10.2196/16391

KEYWORDS

mHealth; digital health; innovation; myocardial infarction; health care disparities; smartphone; mobile phone; smart technology;
loaner device; telemedicine
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Introduction

Mobile health (mHealth) interventions are promising therapeutic
tools [1]. The high rate of smartphone ownership among
Americans, up to 77% in 2018 [2], and the popularity of
wearable technologies have driven health care systems and
technology companies to develop mHealth interventions and
create innovative health care delivery methods.

The delivery platform critically influences mHealth
functionality. Google’s Android and Apple’s iOS dominate
market share, accounting for 99.8% of smartphones [3]. mHealth
app developers need to choose between developing a
cross-platform app or native apps. Web-based (ie,
cross-platform) apps require little additional work to reach both
major smartphone platforms. Although cross-platform apps
have fast time to market and require less maintenance, they are
unable to take advantage of all the features that a native
platform-specific app could. On the other hand, developing
multiple native apps, in addition to requiring more time and
resources, also becomes hindered by the lack of interoperability
between platforms (eg, the Apple Watch cannot be paired with
an Android phone).

Platform selection also has implications for health equity due
to demographic differences in smartphone ownership. In 2013,
those who identified as black, non-Hispanic, had less than a
college education, or whose annual household income was
below US $75,000 were more likely to own an Android phone
than an iPhone [4]. As socioeconomic status contributes to
health disparities, being inclusive of socioeconomically
disadvantaged groups when choosing an mHealth intervention
platform offers an opportunity to reduce health disparities.

Our team was cognizant of these factors as we developed the
Corrie app for the Myocardial infarction COmbined-device
Recovery Enhancement (MiCORE) prospective study (Johns
Hopkins University: IRB00099938, NCT03760796). We
considered multiple approaches to balance inclusiveness and
optimal user experience. Although we initially focused on

cross-platform development, Corrie was ultimately developed
as a native iOS app following the release of the Apple CareKit
health app framework in 2016 [5]. iOS secures and encrypts
protected health information (PHI), while native app
development enables smartwatch integration, interactive
notifications, calendar and contacts integration, and Bluetooth.

Prior mHealth studies utilizing loaner smartphones have not
described how to implement a loaner model [6-8], details of
which are key to ensuring security, privacy, scalability, and
sustainability. To address these details and maintain broad
population reach, we created the iShare loaner program.
Through iShare, we enrolled patients who did not own an iPhone
into MiCORE by providing each with a reusable loaner iPhone
and Apple Watch preloaded with Corrie. In this paper, we
describe the development of our novel loaner program, initial
findings, and considerations for its generalized application.

Methods

Toward a Sustainable and Scalable Protocol

Overview
Without experience or guidance regarding the best approach to
operationalize a smartphone loaner program for a clinical
research study, we developed the program iteratively. With each
iteration came an increased financial investment, often resulting
in a greater-than-anticipated improvement in our processes.
Table 1 provides a summary of our protocol’s evolution. While
our final protocol (see Multimedia Appendix 1) was optimized
for the MiCORE study, earlier iterations may be more
appropriate for other mHealth studies. Determining optimal
configuration settings also would have been challenging without
the experience gained during earlier iterations.

At the advent of iShare, rather than purchasing new iPhones,
we chose the economical approach of purchasing refurbished
iPhones in small batches from third-party resellers. Apple
donated Apple Watches for the MiCORE study.
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Table 1. Use cases and characteristics of each protocol version.

Version 3.0Version 2.0Version 1.0Characteristic

Study requiring scalabilitySmall-scale studyExploratory testing of platform capabili-
ties

Use case

5-10 minutes

Highest level of automation

20-30 minutes30-60 minutes

Lowest level of automation

Interactive time

Apple Mac computer running Apple
Configurator software

Apple Business Manager (free)

Mobile Device Management (subscrip-
tion fee)

Cellular plan for each loaner phone

In addition to previous requirements:

Apple Mac computer running Apple
Configurator software

Low-cost SIMs without cellular service

Minimum financial investment

Study team Apple ID for each phone

Participants must have home Wi-Fi

USB connection required to reset PIN-
locked phone

Requirements

Apple Device Enrollment Program to
prevent circumventing security measures
by factory reset

Lost Mode GPS tracking to reduce the
risk of theft

Mobile Device Management policies to
disable iCloud and prevent inadvertent
sharing of PHI

Increased consistency in configuration
due to automation

Unrestricted Apple App Store

Activation Lock to prevent circumvent-
ing security measures by factory reset

Find My iPhone GPS tracking to reduce
the risk of theft

iOS restrictions to disable iCloud and

prevent inadvertent sharing of PHIa

Features

Apple Configurator required for first-
time configuration of each loaner phone

Manual configuration of Apple ID and
app installation

Find My iPhone not helpful outside of
Wi-Fi range

Apple Configurator unable to share con-
figuration profiles with other comput-
ers—single team member performs all
setup

Manual (error-prone) configuration of
all features and app installation

Insertion and removal of SIM card re-
quired to activate phones after each reset

Find My iPhone not helpful outside of
Wi-Fi range

Limitations

aPHI: protected health information.

Enterprise Tools for Automated Configuration
Apple’s Device Enrollment Program (DEP) and Volume
Purchasing Program (VPP)—unified under Apple Business
Manager [9]—together with Mobile Device Management
(MDM) software, allow organizations to manage Apple devices
that may be redistributed to multiple people over time. Table 2
summarizes the features provided by each enterprise tool.

During initial phone setup, Apple Configurator was used to
enroll iPhones into DEP. DEP then contacted the MDM server,
and MDM configured the phone remotely, allowing easy
automated return processing by any team member, facilitating
scalability. The enterprise tools also eliminated the need for
Apple IDs on each device, translating into significant time
savings. As a result, new iPhones required only 10 minutes and
returned iPhones required only 5 minutes to set up. Although
we paid a subscription fee for MDM, the efficiency gained
greatly outweighed the cost.

Table 2. Summary of enterprise tools adopted in iShare 3.0 and key benefits provided by each tool.

Key featuresEnterprise tool

Protect ownership of study team phones and deter theft without using Apple IDs

Automatic and mandatory configuration of phones with Mobile Device Management server

No cost to use

Apple Device Enrollment Program

Enable bulk automated app download and purchase

Download apps without Apple IDs

No cost to use

Apple Volume Purchase Program

Automate phone configuration (ie, security policies and app installation)

Update configuration on previously deployed phones over the Internet

Use of Lost Mode—enterprise equivalent to Find My iPhone—to disable and GPS-track missing phones

Monitor availability of iShare inventory

Easily reset returned phones with a few clicks

Variable subscription fee based on vendor and features desired

Mobile Device Management
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Cellular Service
We purchased prepaid plans for each phone, which enabled
patients without home Wi-Fi to participate in the study;
facilitated MDM-initiated resetting of locked returned phones;
and allowed activation of Lost Mode on phones not connected
to Wi-Fi.

Study Outcomes
We describe in detail the iShare 3.0 protocol. In addition to the
feasibility of the loaner smartphone process, we evaluated
process outcomes including the following: number of additional
participants enrolled, device return rate, and the estimated
per-participant investment cost of a loaner phone. In the final
MiCORE analyses, which will be presented in future
publications, we will compare iShare participants’ and iPhone
owners’ demographics, readmission rates, survey data, and app
usage data.

Results

Corrie iShare 3.0 Protocol

Device Procurement and Preparation
Equipment was inventoried and labeled. A SIM card with an
active prepaid cellular plan was installed in each phone, and
each phone was placed in a protective case. Using Apple
Configurator on a Mac computer, each iPhone was updated with
the latest version of iOS and provisionally enrolled in Apple
DEP and our team’s cloud-based MDM server. DEP and MDM
automated the installation and updating of security policies and
the Corrie app on each iPhone, while also enabling our team to
remotely disable and track lost or stolen phones. Figure 1 depicts
a schematic of this process.

Configuration profiles disabled Apple iCloud, disabled Apple
ID configuration to prevent participants from enabling

Activation Lock on loaner Apple Watches, and blocked
bandwidth-heavy streaming apps to limit cellular charges. We
did not use MDM to enforce PIN security because the Corrie
app already requires it. Apple Watches were paired with each
iPhone prior to participant enrollment to ensure they were
updated, an unattended process that can take up to several hours.

Study Enrollment
Patients were enrolled early in the MiCORE study during their
hospitalization for myocardial infarction in accordance with the
protocol described previously [10]. Participants with a
study-compatible iPhone were assisted with downloading Corrie
from the App Store. iPhone owners who did not own an Apple
Watch were loaned one, which was paired with their personal
device. Participants who did not own a study-compatible iPhone
were loaned a team-owned iPhone and prepaired Apple Watch
via the Corrie iShare program. Participants began using Corrie
while hospitalized and continued to use it at home after hospital
discharge. All participants borrowing either an iPhone or Apple
Watch were provided with return instructions and a prepaid
return package with which to mail equipment back to our team
30 days after hospital discharge. Non-smartphone owners were
excluded to remove confounding from the steep learning curve
of smartphone adoption.

Study Completion and Device Recycling
A total of 30 days after hospital discharge, participants returned
borrowed equipment, which was inventoried and disinfected
following a hospital-grade protocol. Using MDM, iPhones were
factory reset to ensure no PHI remained. DEP and MDM
automated the phone configuration (see Figure 1). We then used
MDM to update iOS. The Apple Watch was then paired and
updated. Equipment was turned off and placed into storage until
needed.

Figure 1. Apple Device Enrollment Program (DEP), Volume Purchasing Program (VPP), and Mobile Device Management (MDM) facilitate automated
setup of iShare phones through a series of handoffs. Steps A-D are completed manually the first time an iPhone is adopted into the Corrie iShare program.
Steps 1-6 are automatic and require only minimal interaction with the phone. Returned phones are reset with one click through the MDM server (step
R), which triggers a factory reset and wipes all data. Phones then automatically proceed through steps 1-6. Physical cleaning and handling steps are not
shown in this figure.
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Evaluation of Process Outcomes
We initially purchased 24 iPhone 5S phones on a rolling basis.
After protocol refinement and site expansion across three states,
we upgraded to 28 iPhone 6S Plus phones. The MiCORE study
completed enrollment with a target sample size of 200 patients
in April 2019. A total of 92 participants out of 200 (46.0%)
were enrolled in the iShare program and 108 (54.0%)
participants were enrolled with their personal iPhones. The
participants who did not own iPhones would have been excluded
from the study without the iShare program. Compared to iPhone
owners, iShare participants were slightly younger (age range
30-81 years, mean 57.4 [SD 11] vs age range 32-89 years, mean
60.8 [SD 11]). They were also more likely to be women (72/200,
36.0% vs 45/200, 23.0%), of black race (50/200, 25.0% vs
28/200, 14.0%), and insured by Medicaid (40/200, 20.0% vs
8/200, 4.0%).

As expected, some participants were lost to follow-up, and some
devices were lost or damaged. Of participants enrolled with a
loaner phone, 72% (66/92) returned the phone and 70% (64/92)
returned the watch; however, 2 participants (2%) returned
damaged equipment (one phone and one watch), while one
package (phone and watch) was damaged by the postal service.
Estimating the cost of a refurbished phone at US $250, the loss
due to phone nonreturn (n=26) or damage (n=2) was US $7000
or US $76 per iShare participant. The incremental cost of our
MDM subscription was US $1950 total for 2 years or US $21
per iShare participant. Thus, we spent US $97 for each iShare
participant, resulting in a cost savings of 61% compared to
purchasing an iPhone for each participant who did not already
own one. This estimated cost savings does not take into account
the cost of the smartwatch, which Apple donated to our study
team.

Final outcomes of MiCORE and iShare will be presented in a
future publication.

Discussion

In this tutorial, we shared how our team implemented the Corrie
iShare program to maximize patient enrollment in the MiCORE
study through the use of loaner smartphones and smartwatches.

Security and Privacy Implications
Data security is paramount for protecting participant privacy.
Apple iOS ensures security by encrypting data with the PIN
unlock code. We chose to enforce PIN security at the app level
rather than by MDM policy; participants could not use Corrie
until a PIN had been set on the phone. The advantage of
app-based enforcement is that it ensures data security on both
iShare phones and personally owned iPhones used in the
MiCORE study. While some would advocate for double
enforcement, we decided to forego an MDM-enforced PIN code,
which would have required that our team either not complete
the iPhone setup wizard in advance, or set a temporary PIN that
would need to be changed at enrollment time. Both situations
would prolong study enrollment time without benefit.

To protect participant privacy and ensure that all data were
deleted, phones were factory reset after each return. An
alternative would have been to clear only user data, which would

have reduced turnover time. However, this would have been
less complete than a factory reset. While factory reset was
initially a laborious and time-consuming process, the automation
provided by DEP and MDM mitigated its inconveniences. We
also used MDM and VPP to remove the need to preconfigure
Apple IDs, eliminating the risk of one participant’s data
inadvertently being exposed to a future participant through
iCloud data synchronization.

Institutional Information Technology Challenges

Overview
As with many novel protocols in large institutions, our initial
iShare protocol encountered a number of challenges. While our
health system had a process for mobile devices that would be
used by patients sequentially while remaining hospitalized, it
did not offer guidance for implementing our desired process
where a patient uses a loaner phone while hospitalized and
continues to use it at home for a time before returning it. We
share the lessons we learned to help other mHealth researchers
implement a loaner device program.

Apple Enterprise Tools
Apple DEP and VPP are offered to institutions and corporations
rather than independent teams within those entities. As a result,
it was necessary to identify and collaborate with the information
technology (IT) staff member responsible for overseeing DEP
and VPP. However, these Apple services are also available to
any business at no cost and are not limited to large institutions,
making this a valuable resource to independent teams, which
could register as small businesses.

Mobile Device Management and Wi-Fi
We launched iShare using a cloud-based MDM solution
provided by Jamf Software, LLC. Subsequently, our IT
department offered us free access to use the institutional
enterprise MDM—VMware AirWatch—which would have
saved us the cost of subscribing to Jamf and enabled access to
the hospital-authenticated Wi-Fi network. However, unlike
Jamf, our institutional MDM required access to our institution’s
network to manage the phones and thus would not scale to a
multi-site study. The interface was also more difficult for
nontechnical users to learn. Therefore, we continued to use our
team’s independent MDM without authenticated Wi-Fi. Since
iOS in standby does not stay connected to guest Wi-Fi networks,
participants initially struggled to use Corrie with hospital Wi-Fi.
This issue was mitigated after we added cellular data service to
iShare, but increased cellular data expenses in an environment
that otherwise had Wi-Fi.

Loaner Retrieval
We initially asked that participants return loaner equipment 30
days after discharge. Initially, only basic instructions were given
to patients on how to return equipment. Our loaner return system
evolved to include written instructions, prepaid mailers, and
follow-up reminder calls.

We discovered that reminder phone calls made from personal
phones were less likely to be answered or returned. Therefore,
we switched to using hospital-based phones, which patients
were more receptive to answering. Although we did not have a
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dedicated phone number or voicemail, either could be useful in
the future to facilitate receiving callbacks from patients.

The final step in retrieving unreturned devices was using Lost
Mode GPS tracking. The vast majority of unreturned phones
could not be GPS-tracked because the phone batteries had died.
MDM data confirmed these phones had not connected to the
Internet for a period of time and were presumed lost. DEP
mitigated the risk of theft as participants could not bypass our
security restrictions even if phones were reset. Our return rate
was higher than one might anticipate in the absence of a return
incentive.

Potential methods of increasing the return rate include actively
monitoring MDM data and contacting patients if phones are
unused for 7 days, rather than waiting until the end of the 30-day
period to contact participants who had not returned their phones.
Automated email and text reminders to patients or a monetary
return incentive would also likely increase returns.

Apple Watch Limitations
Apple Watch setup, although simple, can take several hours to
install updates and cannot be automated using Apple
Configurator or MDM because of current software limitations,
which limits scalability. In addition, a participant could
accidentally take ownership of an Apple Watch by configuring

their Apple ID on the phone, which enables Activation Lock
on the watch. While DEP can bypass Activation Lock on
iPhones, no bypass is available for Apple Watches; thus, we
used MDM to disable Apple ID configuration. However, this
reduced the functionality of loaner phones by making some
apps and features unavailable.

Conclusions
The Corrie iShare program demonstrates the potential for
sustainable and scalable smart technology reuse. A loaner
smartphone program enables teams to focus on app development
while maximizing study enrollment. Smartphone enterprise
features readily adapt to a loaner program that ensures security
and privacy. Although the loaner process described here is
limited to iOS devices, the overall framework may be
generalizable to other platforms. Implementation on other
platforms would be an area for future research. In addition,
while our work is promising for expanding demographic reach,
we excluded patients who did not own a smartphone; thus,
further research is necessary to study the feasibility of using a
loaner program to reach the 39% of the global population who
do not own smartphones [11] and are not typically represented
in mHealth research, yet may stand to benefit from these
technologies.
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Abstract

Background: Sickle cell disease (SCD) is an inherited red blood cell disorder affecting millions worldwide, and it results in
many potential medical complications throughout the life course. The hallmark of SCD is pain. Many patients experience daily
chronic pain as well as intermittent, unpredictable acute vaso-occlusive painful episodes called pain crises. These pain crises
often require acute medical care through the day hospital or emergency department. Following presentation, a number of these
patients are subsequently admitted with continued efforts of treatment focused on palliative pain control and hydration for
management. Mitigating pain crises is challenging for both the patients and their providers, given the perceived unpredictability
and subjective nature of pain.

Objective: The objective of this study was to show the feasibility of using objective, physiologic measurements obtained from
a wearable device during an acute pain crisis to predict patient-reported pain scores (in an app and to nursing staff) using machine
learning techniques.

Methods: For this feasibility study, we enrolled 27 adult patients presenting to the day hospital with acute pain. At the beginning
of pain treatment, each participant was given a wearable device (Microsoft Band 2) that collected physiologic measurements.
Pain scores from our mobile app, Technology Resources to Understand Pain Assessment in Patients with Pain, and those obtained
by nursing staff were both used with wearable signals to complete time stamp matching and feature extraction and selection.
Following this, we constructed regression and classification machine learning algorithms to build between-subject pain prediction
models.

Results: Patients were monitored for an average of 3.79 (SD 2.23) hours, with an average of 5826 (SD 2667) objective data
values per patient. As expected, we found that pain scores and heart rate decreased for most patients during the course of their
stay. Using the wearable sensor data and pain scores, we were able to create a regression model to predict subjective pain scores
with a root mean square error of 1.430 and correlation between observations and predictions of 0.706. Furthermore, we verified
the hypothesis that the regression model outperformed the classification model by comparing the performances of the support
vector machines (SVM) and the SVM for regression.
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Conclusions: The Microsoft Band 2 allowed easy collection of objective, physiologic markers during an acute pain crisis in
adults with SCD. Features can be extracted from these data signals and matched with pain scores. Machine learning models can
then use these features to feasibly predict patient pain scores.

(JMIR Mhealth Uhealth 2019;7(12):e13671)   doi:10.2196/13671

KEYWORDS

pain; sickle cell disease; SCD; machine learning

Introduction

Background
Sickle cell disease (SCD) is a hematologic disorder that can
cause a multitude of complications throughout a patient’s life,
with pain being the most common and a significant cause of
morbidity. The pain experienced by SCD patients is often
chronic with acute vaso-occlusive crises that are unpredictable
and lead to frequent visits to the emergency department (ED)
and day hospital for management [1]. Of these patients, 1 in 4
will be admitted and can result in unplanned hospitalizations
with missed days from work and school, significantly impairing
a patient’s quality of life [2]. Acute pain management is
palliative, with hydration and pain control via narcotic and
nonsteroidal anti-inflammatory drugs (NSAIDs). With pain
being inherently subjective, both medical providers and patients
express difficulty in determining ideal treatment and
management strategies for pain.

In the last several years, there has been an increasing focus on
developing and implementing individualized pain plans [3].
However, in addition to the slow adoption of these
individualized plans, difficulty also lies in understanding the
patient’s degree of pain and response to pain management. With
at least 1 in 4 patients with SCD seen in the ED being admitted
to the hospital, it is critical to determine accurately which
patients require additional pain management and which patients
can be discharged.

More recently, technology has been leveraged to use mobile
apps for recording symptoms in real time and wearable devices
to provide more frequent physiologic measurements. The field
of mobile health (mHealth) has continued to grow and has been
used in a variety of different clinical settings. Many studies
have attempted to help patients and providers connect using
mobile technology to better understand and treat a multitude of
symptoms, including pain [4-6]. Many of the initial mHealth
systems and apps are smartphone-based and allow patients to
self-report symptoms and activity in addition to recording
objective data [7-9].

We previously reported the usefulness and validity of our
mHealth app for patients with SCD [7-9]. The app has
undergone multiple upgrades in the user interface based on
feedback, as we continue to foster patient engagement. We have
included additional health and mood questions, and the app was
recently expanded to specific patient populations including bone
marrow transplant patients [10]. In this study, we used
Technology Resources to Understand Pain (TRU-Pain) app,
which allows patients to record pain and other symptoms
throughout their treatment, as described above [7]. In addition,

TRU-Pain now allows the integration of wearable devices such
as the Microsoft Band 2 to passively obtain physiologic data
such as heart rate (HR), accelerometer activity, and galvanic
skin response (GSR) using the AppleCare Kit platform.

In the face of the continued opioid crisis, the search for more
objective measures of pain continues to rapidly evolve in
medicine, and studies looking at a variety of objective measures
to predict pain have been published in recent years. Among
these studies, the types of objective data utilized to predict pain
vary in invasiveness (vital signs vs neuroimaging) but show
promise for utilizing such data to predict pain. Bendall et al [11]
examined prehospital vital signs to predict pain severity using
ordinal logistic regression and found that elevated respiratory
rate, HR, and systolic blood pressure (specifically in older
adults) were associated with more severe pain. A more invasive
study by Lee et al used multimodal neuroimaging and HR
variability with machine learning techniques to predict clinical
pain in patients with chronic low back pain [12].

Owing to the growing volume of clinical data and the
requirement of high accuracy predictive models, machine
learning techniques have been increasingly utilized in medicine.
They have been applied to multiple health care domains, from
analgesic response prediction to postoperative pain estimation
[13-15]. Machine learning techniques have also previously been
utilized effectively in SCD studies [16,17]. Our previous study
has also shown promising results in pain assessment [18]. Using
nurse-obtained vital signs for patients with SCD admitted for
pain crisis, our best model predicted pain with an accuracy of
0.429 on an 11-point rating scale (0 to 10) and 0.681 on a 4-point
rating scale (none, mild, moderate, and severe) [18]. In these
studies, machine learning can be described as a computational
method to build efficient and accurate prediction models using
known past information [19].

Objectives
We now aim to use physiologic data obtained from a wearable
device matched with mobile app and nurse-obtained pain scores
to predict pain scores at between-subject level using machine
learning techniques. The combination of mobile apps and
wearable sensors has been used in several studies to provide
novel solutions to different health problems [20-22]. To date,
there has been a paucity of research in SCD focused on pain
prediction, despite the critical need. The ability to objectively
and accurately predict pain severity and onset could result in
more prompt and effective treatment of pain crises, leading to
improved outcomes, as well as encouraging more diligent use
of medications [23,24]. Using our past experience, our
hypothesis for this study was as follows: For SCD patients
presenting in acute pain, can we feasibly obtain objective data
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from a wearable device and then utilize machine learning
techniques to accurately predict pain scores?

Methods

Recruitment and Data Collection
Following Duke Institutional Review Board approval, patients
presenting for acute pain crisis to the day hospital were
approached and asked to participate in the study. A convenience
sample of eligible patients who were willing to participate was
consented. A small number of patients approached declined to
participate, but this specific number was not recorded, and no
patients withdrew from the study after consent. Of the 27
patients consented, 20 were included in this study because of
insufficient data from the wearable device in 7 patients. Patients
were consented Monday through Friday based on the availability
of study team members. Study duration was variable based on
patient’s length of stay in the day hospital. The study included
a one-time visit only. Patients might have had other chronic
medical conditions but were not excluded based on these
conditions, and subgroup analysis was not undertaken.

Following consent, a Microsoft Band 2 wearable was placed
on the patient’s wrist. The Microsoft Band 2 is a commercially
available smart band that is compatible with many smartphones;
it has multiple objective sensors including HR monitor, a 3-axis
accelerometer and gyrometer, a GSR sensor, and a skin
temperature sensor. The physiologic and activity measures
utilized in the study are shown in Textbox 1. Overall, we
adopted 8 wearable sensor signals to estimate pain scores (HR,
R-R interval [RR; time between peak of QRS complex of
electrocardiogram to subsequent QRS electrocardiogram peak],
GSR, skin temperature, accelerometer [Z axis], angular velocity
[Y axis], angular velocity [Z axis], and steps). These 8 signals
were chosen partially based on signals readily available on the

Microsoft Band 2 as well as previously postulated physiologic
correlations with pain. Patients in more pain typically experience
higher HR and will move less frequently in the setting of pain
[25,26]. Furthermore, greater RR variability has been correlated
with better pain treatment outcomes [27]. However, these
objective measures have not been well established on their own
to correlate with pain. Previous study by our group has supported
the use of temperature, systolic blood pressure, diastolic blood
pressure, oxygen saturation, and respiratory rate as statistically
significant predictors in pain for SCD patients [18].

Patients were also provided with an iPad with the TRU-Pain
app to record pain scores and other symptoms in conjunction
with nurse-reported pain scores using a visual analog scale from
0 (none) to 10 (worst). Each patient was instructed on the use
of the TRU-Pain app. The TRU-Pain app allowed patients to
use a slider bar to rate their pain on the visual analog scale from
0 to 10. The app also allowed patients to note other symptoms
and rate general health and mood (scale of 0 to 10). The
TRU-Pain app implemented these general health and mood
measures and a platform upgrade to AppleCare Kit, replacing
our previous app, Sickle Cell Disease Mobile Applications to
Record Symptoms via Technology. Nursing pain scores were
assumed to be entered at the time they were obtained.

Both objective data from the Microsoft Band 2 and the
TRU-Pain app were uploaded to a Health Insurance Portability
and Accountability Act–compliant Citrix ShareFile cloud-based
server. Patients were continuously monitored while in the day
hospital, and at the time of discharge, the devices were returned.
If patients were admitted, data before transfer were included
even if the devices traveled with the patient during admission.
Patients were not provided specific questions regarding
acceptability and feasibility of participation, but the feasibility
of the study was determined by the accuracy of machine learning
algorithms in predicting pain scores.

Textbox 1. Physiologic and activity measures from Microsoft Band 2 (values for acceleration in X and Y directions equal that of Z direction—only
acceleration in Z direction is included in this study; angular velocity in X direction was not correctly captured and was excluded from the dataset).

• Heart rate

• R-R interval

• Galvanic skin response

• Skin temperature

• Acceleration in X direction

• Acceleration in Y direction

• Acceleration in Z direction

• Angular velocity in X direction

• Angular velocity in Y direction

• Angular velocity in Z direction

• Steps

Data Preprocessing
To apply machine learning analysis on the collected wearable
sensor data (physiologic and activity signals from the Microsoft
Band 2 in Textbox 1), 3 data preprocessing steps need to be

performed: time stamp matching, feature extraction, and feature
selection. In time stamp matching, pain scores had to be matched
with the wearable sensor data using the time stamp as close to
the exact time of data collection as possible. However, the
wearable sensor data samples were collected typically per
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second, and the pain scores were collected at varying times
throughout the stay, with time stamp formatted in hours and
minutes only. To complete this best possible match, each pain
score was matched with the 1-min long wearable sensor data
segment that was tracked at the same hour and minute. By
assuming that pain scores usually do not change rapidly within
a short period, we also matched the app pain scores without
exact time matching to the wearable sensor data when the time
stamp difference was less than 10 min.

We obtained 40 matched records containing a 1-min long
wearable sensor data segment and a pain score from the mobile
app that logged at the same (or approximately the same) period.
However, a sample size of 40 was not sufficient for the intended
data analysis. To further increase the sample size, we included
nurse-documented pain scores in our dataset. Our group made
the assumption that nurse-documented scores were similar to
patient-reported scores in the app. Nurse-documented pain
scores were matched with wearable sensor data using the within
10-min time stamps methodology as described above. By
including nurse-documented pain scores, our final dataset
contained 107 data samples (40 mobile app and 67 nursing
notes).

After time stamp matching, each pain score was mapped to a
1-min long wearable sensor data segment that included 8 signals
as mentioned in Textbox 1 above. As the sensor signal was
recorded typically every second, a 1-min long segment having
8 signals contained 480 (8×60) data points. It is difficult to
process raw sensor signals directly in any analytical task.
Therefore, we transformed raw sensor signals to a more suitable
data representation format by feature extraction. First, a moving

average filter was applied to raw sensor signals to remove noise.
The moving average filter is the most common filter in digital
signal processing to reduce random noise [28]. Then, 8 statistical
features (as described in Table 1) were extracted for each of the
8 signals. These extracted features represented the properties
of the original raw signals while reducing the volume of data.

The feature extraction yielded up to total 64 (8×8) features.
Given the relatively small sample size (107), a feature selection
method was applied (wrapper method) to remove irrelevant or
redundant features and to further reduce the number of features
[29]. The wrapper method has been reported to be able to
improve the predictor performance when compared with variable
ranking methods [29]. The basic idea of the wrapper method is
selecting the subset of features that yields the best possible
performance of a given learning algorithm. A total of 2 types
of search strategies are widely adopted in the wrapper method:
forward selection and backward elimination. In forward
selection, one starts with an empty set and features are
progressively added into the subset, whereas in backward
elimination, one starts with the full feature set and progressively
eliminates the feature with worst performance [30].

Table 2 shows the reduced feature set using the wrapper method
with forward selection. A total of 10 features were selected from
5 signals. The table also illustrates the reduced feature set with
backward elimination, which contains total 14 features from 7
signals. In both feature selection approaches, no features of
acceleration in Z direction (AccZ) were selected, which might
be because the information contained in AccZ was already
covered by Steps.

Table 1. List of features extracted from wearable signals.

DescriptionFeature

Average value of the signalMean

Amount of variation of the signalStandard deviation

Average rate of change of the signalMean of derivative

Square root of the mean of the squares of a set of valuesRMSa

Difference between the maximum and minimum peakPeak to peak

The ratio of the largest absolute value to the RMS valuePeak to RMS

Number of local maximums (peaks)Number of peaks

Sum of the absolute squares of time-domain samples divided by the lengthPower

aRMS: root mean square.
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Table 2. Signals and reduced feature sets.

FeatureSignal

Backward eliminationForward selection

Heart rate •• PowerMean of derivative
• Number of peaks

R-R interval •• Standard deviationNumber of peaks
• Peak to RMSa

Galvanic skin response •• MeanMean
• •Peak to RMS Peak to peak

Steps •• Number of peaksMean
• •RMS Power
• Peak to peak

Skin temperature •• PowerPeak to RMS
• Mean of derivative
• Number of peaks

—bAngular velocity in Y direction • RMS
• Number of peaks

—Angular velocity in Z direction • Peak to RMS
• Number of peaks

aRMS: root mean square.
bNot applicable

Machine Learning Techniques
The prediction of numeric pain score, the main study outcome,
can be treated as either a regression problem or a classification
problem. As the pain scores from app data are float numbers,
it is more reasonable to build a regression model to provide
continuous estimation of the target variable. More importantly,
there is only 1 target variable (pain score) in the regression
model. In contrast, there will be 11 classes if pain is treated as
a classification problem, as there are 11 distinct possible pain
scores (0 to 10). The number of classes can be reduced by
employing a sparse rating scale. Using a widely adopted more
sparse 4-point rating scale, the 11-point pain scores can be
categorized as none (0), mild (1-3), moderate (4-6), and severe
(7-10) [31]. However, because of our small sample size, we
hold the hypothesis that the regression model is more appropriate
than the classification model in this study. We adopted 4 widely
used regression algorithms in our analyses: Ridge regression
(Ridge), Lasso regression (Lasso), Gaussian process for
regression (GPR), and support vector machines for regression
(SVR). In addition, we applied support vector machines (SVM)
to predict the pain scores using the 4-point rating scale and
compared the results with SVR.

For linear models, we utilized Ridge and Lasso [32,33]. Linear
models are easy to fit and interpret, but they cannot model the
nonlinear relationships between explanatory variables and the
outcome variable. The other 2 algorithms are nonlinear models.
A Gaussian process (GP) is a collection of random variables
such that any finite subset of them has a joint multivariate
Gaussian distribution. A GP can be fully specified by a mean
function and a positive definite covariance function (or kernel).

GPR is one of the Bayesian learning methods in which a
previous distribution over the mapping function between inputs
and outputs is conditioned on observations (training process).
Then, the posterior distribution can be used to make predictions
[34]. GPR provides a powerful way to quantify the uncertainty
in model estimations to make more robust predictions on new
test data. Finally, SVM are usually applied to classification
problems. In classification, the SVM model maps the input
samples into the feature space, then creates a decision surface
among classes with the largest distance to any data point.
However, it can also be applied to regression problems where
we seek to find a continuous function that maps input variables
to output variables, called SVR. For SVR, the goal is to find a
function that deviates from the training output by a value no
greater than a certain distance for each training point, and at the
same time, is as flat as possible [35]. The nonlinearity of the
algorithm can be obtained by utilizing kernel modulations.

Results

Overview
A total of 20 adult patients (of 27 consented) had complete data.
Median age was 28 years, with a range of 20 years to 66 years
(Table 3). A total of 11 (11/20, 55%) patients were female,
whereas 9 (9/20, 45%) were male. Moreover, 10 patients (10/20,
50%) had type SS SCD, 8 (8/20, 40%) had type SC, and 2 (2/20,
10%) had S beta thalassemia. The average length of stay in the
day hospital was 3.79 (SD 2.23) hours. In addition, 2 patients
were subsequently admitted to the hospital. Nursing pain scores
decreased in 16 out of 20 patients (80%). Patients had an average
decrease in visual analog pain score of 2.75 (SD 2.34). A total
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of 11 patients had multiple pain scores through the TRU-Pain
app, and 91% (10/11) of the patients had a decrease in pain
score, with an average decrease in pain score of 2.69 (SD 2.53).

Patients presenting to the day hospital often receive intravenous
fluids, antiemetics, NSAIDs, and opioids. The opioid doses

received during their day hospital stay are shown in Table 3.
The last 3 columns are the number of visits each patient had to
the ED and day hospital as well as admissions over the past
calendar year.

Table 3. Patient demographics.

Inpatient
stays in prior
year

Day hospital
visits in prior
year

Emergency de-
partment visits in
prior year

MedicationsInsuranceSickle cell
disease type

SexAge (years)Patient

1111Dilaudid 6 mg; Oxycodone
5 mg

PubliccSCbFa211

383Dilaudid 8 mgPublicSSdF252

341Dilaudid 8 mgPrivateSCF243

040Dilaudid 16 mg; Oxycodone
5 mg

PublicSSMe404

223Dilaudid 9 mgPublicSB+fM485

031Dilaudid 12 mgPublicSS alphagM396

131Dilaudid 9 mgPublicSCF377

2101Dilaudid 8 mgPublicSCF388

141914Dilaudid 4 mg; Dilaudid

PCAh
PublicSSM219g

1685Dilaudid 16 mg; Oxycodone
20 mg

PublicSSF2810

17123Dilaudid 6 mgPublicSSM3611

000Dilaudid 8 mg; Morphine 4
mg

PublicSSM6612

61210Dilaudid 11 mgPublicSCM4413

12719Dilaudid 8 mgPublicSB0iF2814

10618Dilaudid 9 mgPublicSCF2015

43012Dilaudid 13 mgPublicSSF2616

2220Dilaudid 16 mgPublicSSF3817

3851Dilaudid 8 mgPrivateSCM2218

847Dilaudid 8 mg; Oxycodone
10 mg

PublicSCM2819

7100Dilaudid 5 mg; Oxycodone
10 mg

PublicSSF2120

aF: female.
bSC: type SC (hemoglobin S and hemoglobin C).
cPublic: at least some portion of insurance is Medicare or Medicaid.
dSS: type SS (hemoglobin S and hemoglobin S).
eM: male.
fSB+: type S beta thalassemia plus (hemoglobin S and beta thalassemia plus).
gSS alpha: type SS with alpha thalassemia (hemoglobin S and hemoglobin S with alpha thalassemia).
hPCA: patient-controlled analgesia.
iSB0: type S beta thalassemia zero (hemoglobin S and beta thalassemia zero).

Regression Results
A total of 4 regression algorithms were implemented on 2
reduced feature sets. Results were validated using 10-fold

cross-validation. Moreover, 2 evaluation metrics were applied
to evaluate the performance of algorithms—the root mean square
error (RMSE) and Pearson correlation [34]. RMSE is the square
root of the average of squared differences between predictions
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and actual observations. It is measured on the same scale and
has the same units as the pain score. Another metric is the
Pearson correlation between predicted values and the actual
values, which has a value between +1 and −1, where 0 means
no linear correlation and +1 or −1 means total linear correlation.
The higher the correlation value, the better the performance of
the regression model. Table 4 summarizes the performance of
the 4 algorithms on the 2 reduced feature sets.

For the dataset in our study, the standard deviation of 107 pain
scores is 2.013, which can be interpreted as the RMSE of using
the mean value as the predicted pain values. All the regression
models obtained RMSE lower than the mean-only model. With
10 features in the forward selection feature set, the SVR had
the best performance as the RMSE of 1.721 and the correlation
of 0.522, followed by the GPR obtaining the RMSE of 1.764
and the correlation of 0.475. These results demonstrate the
feasibility of using objective wearable sensor measurements to
estimate subjective pain scores. With 14 features in the
backward elimination feature set, the performance of GPR and
SVR is further improved. The SVR model is slightly superior

to the GPR model, with an RMSE of 1.430 and correlation of
0.706, respectively, which are also the best performance results
obtained using regression methods. These data show that there
was a strong association between the subjective pain scores (via
app or nurse-obtained) and the predicted pain scores derived
from wearable sensor signals.

The result of the SVR model with the best performance can be
visualized in Figure 1. It is a scatter plot of the actual pain scores
and predicted pain scores using the SVR model with the least
squares regression line. The slope value of the least squares
regression line is the same as the correlation of 0.706 in Table
4 and demonstrates a strong correlation of values between the
actual pain scores and the predicted pain scores.

To better analyze the results of these regression methods, the
residual plots of 4 regression models using the backward
elimination feature set are illustrated in Figures 2-5. The dashed
lines show the positive and negative standard deviation (2.013)
of pain scores. The performances of Ridge and Lasso are nearly
the same, which can be seen from Figures 2 and 3.

Table 4. Algorithm performances on 2 reduced feature sets using 4 regression methods.

Backward elimination feature setForward selection feature setRegression algorithm

CorrelationRMSECorrelationRMSEa

0.3701.8440.3811.853Ridge

0.3701.8910.3581.871Lasso

0.6831.4730.4751.764Gaussian process for regression

0.706b1.430b0.5221.721Support vector machines for regression

aRMSE: root mean square error.
bBest performed model as described in the text.

Figure 1. Scatter plot of the predicted and actual pain scores using the support vector machines for regression model.

In either Figure 2 or 3, there is a roughly inverted U pattern,
suggesting a nonlinear relationship between predictor variables

and pain scores. Thus, performances of linear models were
notably lower than the other 2 nonlinear models. The
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distributions of residuals in Figures 4 and 5 are similar, which
explains the comparable performance of the GPR model and
the SVR model. The SVR model slightly surpassed the GPR
model by having lower extreme residuals. Specifically, there
are 2 outliers in both Figures 4 and 5, marked as points 1 and
2 (with actual pain scores of 0.41 and 2, respectively). The
reason for the poor performance of these 2 points is the lack of
training samples with lower pain values. It suggests that we can

further improve our model performances by training the model
with more samples having mild and moderate pain scores or
having a larger dataset. Although a larger dataset is possible to
obtain in future studies, an uneven distribution of pain scores
will likely persist when acute pain crises are analyzed, as SCD
patients will typically not present to medical care with lower
pain scores and will manage minor crises at home [36].

Figure 2. Plot of the residuals versus predicted pain scores using the backward elimination feature set.

Figure 3. Plot of the residuals versus predicted pain scores using the backward elimination feature set (lasso).
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Figure 4. Plot of the residuals versus predicted pain scores using the backward elimination feature set (gaussian process for regression).

Figure 5. Plot of the residuals versus predicted pain scores using the backward elimination feature set (support vector machines for regression).

Classification Results
To apply classification to the original dataset, pain scores
ranging from 0 to 10 were categorized into 4 classes as
mentioned above: none (0), mild (1-3), moderate (4-6), and
severe (7-10). The number of samples for the 4 pain levels are
2, 4, 34, and 67, respectively and indicates a high-class
imbalance among the 4 classes. As patients visit the hospital
because of pain management issues, the skewing to higher level
pain scores makes clinical sense.

The SVM classifiers were applied on the categorized input
dataset and evaluated for accuracy. F1 scores as well as a
weighted F1 score were also evaluated. Accuracy is the ratio

of correctly predicted pain scores over total number of pain
scores. F1 score is the harmonic mean of precision and recall
for each pain score, where precision is the ratio of the number
of correctly identified entities with this pain score over the total
number of this particular pain score predicted by the model.
Recall is the ratio of the number of correctly identified entities
with this pain score over the total number entities with this pain
score in the dataset [35]. The weighted average F1 scores is the
average of F1 score among all pain scores weighted by the
number of instances of each pain score, and it is a better choice
for evaluating datasets with multiple classes [37].

The classification result of the SVM model was compared with
that of the best performance model, which was the SVR model
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applied on the backward elimination feature set as described
above. In the experiment, both SVM and SVR were
implemented on the backward elimination feature set. For a fair
comparison, the same kernel was used in SVM and SVR. In
addition, the continuous predicted pain scores of the SVR model
were categorized into 4 classes. In this way, the accuracy, F1
scores, and weighted F1 score were calculated for the SVR
model. Table 5 shows the performance comparison between the
SVR model and the SVM model. Overall, the SVR model
outperformed the SVM model in each evaluation metric.

From Table 5, we can see that the performance of both the SVM
and SVR models were affected by the class-imbalance problem,
as the F1 scores for no pain and mild pain were much lower
than that for the higher pain scores. However, the SVR model
can better overcome this issue by treating the outcome as a

single continuous variable, as opposed to treating the prediction
as a multiclass classifier. The SVR model obtained an F1 score
of 0.286 for mild pain even when there were only 4 training
samples with mild pain scores in the dataset. In addition, by
assuming pain as a continuous variable, there are ordinal
relationships between pain levels in SVR. For example, a pain
score 5 is greater than pain score 4 in this model. On the
contrary, the ordinal relationship is not considered in the SVM
model. Treating pain as an ordinal variable is a more reasonable
assumption, and it may be another reason why the regression
models outperform the classification model. In summary, our
results verified the hypothesis that the regression model (SVR)
would obtain a higher performance than the classification model
(SVM) with a small sample size and when there was a
class-imbalance problem in the dataset.

Table 5. Prediction performances on the 4-level pain scale using support vector machines for regression and support vector machines.

Weighted F1
score

F1 score of
severe pain

F1 score of moderate
pain

F1 score of
mild pain

F1 score of no
pain

AccuracyAlgorithm

0.6630.7860.537000.682Support vector machines

0.728a0.8030.6750.28600.729aSupport vector machines for regression

aBest performed model as described in the text.

Discussion

Principal Findings
This study demonstrates the feasibility of using physiologic
data collected on a wearable device and applying these data
using machine learning techniques to accurately predict
subjective pain scores. The best accuracy was found using the
machine learning technique SVR, with an accuracy of 0.729
prediction of pain on a 4-point scale. In addition, for patients
treated in the day hospital for pain, we found expected
improvement in pain and physiologic measures such as HR
from the beginning to the end of their stay.

Our predictive results are encouraging and provide insight into
potential techniques to predict pain and the understanding of
individual physiologic response to pain and treatment. A few
investigators have recently begun to evaluate the potential use
of physiologic data to develop digital phenotypes for pain and,
subsequently, an individualized pain prediction model. As
discussed previously, objective and physiologic data of varying
invasiveness have been utilized in medicine to better understand
disease processes and symptoms, including SCD. Coates et al
have extensively published on objective data in SCD, including
spin-tagged magnetic resonance imaging to assess cerebral
oxygen extraction and metabolic rate, biventricular dimensions
and function to assess cardiac iron load, and the use of a
graphical Lasso model to evaluate functional brain connectivity
in SCD [38-40]. This group has also published analysis of
laboratory measurements of carbon monoxide and heme
oxygenase for acute pain crisis prediction [41]. Other groups
have studied red blood cell mechanical sensitivity and biomarker
signatures of SCD severity [42,43]. The use of machine learning
in a variety of areas of medicine including outcome prediction
for chemoradiotherapy, breast cancer survival prediction, and
early prediction of asthma exacerbations have recently been

published [44-46]. However, to date, the combined use of
objective and physiologic data with machine learning techniques
for pain in SCD is lacking.

Strengths and Limitations
A more objective pain prediction model could significantly help
medical providers manage pain crises. As described, data
collected from wearable devices can be utilized to improve pain
management via advanced machine learning methods. In this
analysis, we aimed to build predictive models for pain based
on objective, physiologic wearable sensor data. This study is
of great value given that the data utilized were obtained from a
wearable device and provided minimal to no risk to patients.
Furthermore, wearable sensor data were acquired frequently
and obtained passively from patients as compared with
nurse-documented vitals, which were obtained approximately
every 2 hours.

Importantly, wearables and mobile apps (to track symptoms
and pain scores over time) paired together to form an mHealth
pain prediction system, as in this study, could fairly easily be
applied to the inpatient and outpatient settings. mHealth systems
are attractive for providers as pain can be tracked on a more
frequent basis and can provide more personalized care for
patients and potentially prevent ED visits, day hospital visits,
and hospital admissions. Further work is needed in this field to
continue to develop models with increasing accuracy in
predicting pain to help guide management and patient care [47].

There are limitations to our study, including obtaining a
convenience sample from our day hospital only and the small
number of patients. Patients with SS and SC can be treated the
same clinically, but the study included patients with thalassemia
who may have a more or less severe phenotype depending on
the type of thalassemia. Specific analysis on these patients was
not performed for this feasibility study. The study is also limited
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given that patients might have had underlying medical
conditions that could affect HR, and this was not controlled for
in our study. In addition, each patient had pain control achieved
through individualized pain protocols, which varied among
patients and were administered at various intervals. Therefore,
it was impossible to control for these pain medications during
this initial study. Medications administered, both opioid and
nonopioid, may affect vital sign parameters independently
(namely, opioids decreasing HR). The administration of pain
medication, however, provides an important future opportunity
to also evaluate pre- and postadministration objective datasets
for pain prediction. Although all patients were in the day hospital
either in a chair or bed, their environment was not completely
controlled, and HR changes might have occurred with movement
in and out of the bed or chair as well as to use the restroom, and
these movements were not accounted for. HR can also vary
outside of pain when a patient is at rest based on a multitude of
different factors including stress, excitement, and breathing.

In addition, our group had to make the assumption that
nurse-documented pain scores and patient-reported pain scores
in the app were not dissimilar, but this is also an area for further
study. One hypothesis would be that the patients could report
a lower pain score to the nurse to look tough, but an alternative
hypothesis may be a patient elevating their pain score to be
given additional medication. There is also the assumption that
the physiologic measures from the wearable device are accurate.
We attempted to take data averaged over 1 min (with recordings
typically every second) to minimize variability. We chose the
Microsoft Band 2 because of the ability to acquire the raw data
directly from the wearable and because of previous studies
showing its relative accuracy. Stahl et al [48] and Shcherbina
et al [49] have reported that wrist-based monitors, including the
Microsoft Band, provided an accurate measurement of HR in
most activity settings. Xie et al [50] further demonstrated that

wearable devices had a high accuracy with respect to HR,
number of steps, distance, and sleep duration.

Utilizing mobile devices and technology have great promise as
we have discussed, but HR data and other physiologic
parameters should be interpreted in the clinical context of the
patient’s history and exam. For example, a tachycardic patient
should be thoroughly evaluated to rule out life-threatening
conditions before attributing tachycardia to pain. Although our
group has shown that wearable sensor data are feasible to obtain
and can be used to create models for predicting pain scores,
models and objective vital signs need to be paired with clinical
experience and judgment for ideal patient management.

Conclusions
Future directions include refining the predictive model with a
larger dataset. We are continuing to troubleshoot our data
extraction procedure to minimize lost data. Furthermore, we
could attempt to expand our models by examining patient’s
disease severity (related to number of ED visits, day hospital
visits, and hospitalizations per year), length of stay in the day
hospital, etc, to obtain a more ideal model for pain score
prediction. Given that we combined app pain scores with nursing
pain scores, further study is needed to determine if these can be
treated as similar scores. Related to medication administration,
we could examine HR changes before and after medication,
time since last dose, total net dose of medications, etc, and
attempt to project pain score and the need for medication before
the patient requests medication. This would be an essential part
of a real-time pain forecasting system and allow a trial that
evaluates the timing of administration of additional doses of
opioids based on physiologic and objective data alone. Our
initial results indicate promise in pursuing each of these efforts,
and our study is a valuable addition to ongoing studies
investigating how physiologic and objective data can be used
to help providers better understand and treat pain.
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GSR: galvanic skin response
HR: heart rate
mHealth: mobile health
NSAID: nonsteroidal anti-inflammatory drug
RMSE: root mean square error
RR: R-R interval
SCD: sickle cell disease
SVM: support vector machines
SVR: support vector machines for regression
TRU-Pain: Technology Resources to Understand Pain
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